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Abstract

This doctoral dissertation is structured into three chapters, each ad-
dressing aspects related to policy evaluation, with a focus on events car-
rying substantial implications for the economy and international trade.
These events include the Brexit referendum, trade disruptions, and the
development of export recommendations.

The Economic Cost of a Referendum. The Case of Brexit. This paper esti-
mates how GDP would have behaved in the United Kingdom after the
Brexit referendum in the absence of the mentioned poll using the Syn-
thetic Control Method. We contribute to the research on the effects of
Brexit by quantifying the macroeconomic cost of this referendum before
the actual Brexit has taken place. We find a large and significant negative
effect of the Brexit referendum on the GDP of UK. This loss is increasing
in time representing, in 2017 Q4, 1.71% of the observed GDP of UK.

Assessing the Heterogeneous Impact of Economy-Wide Shocks: A Machine
Learning Approach Applied to Colombian Firms. This paper investigates the
impact of COVID-19 on Colombian exports, revealing a substantial de-
cline in survival probabilities during 2020. On average, we find that the
COVID-19 shock decreased a firm’s probability of surviving in the export
market by about 20 percentage points in April 2020. Importantly, ex-
porters more integrated into Global Value Chains (GVCs) and importing
higher value emerged as pivotal in bolstering exporter resilience during
the crisis, emphasizing the need for policies supporting varied import
networks, as well as international trade facilitation. Methodologically,
this research innovates by utilizing causal Machine Learning (ML) tools
in scenarios where the pervasive nature of the shock hinders the identi-
fication of a control group unaffected by the shock, as well as the ex-ante
definition of the intensity of the shock’s exposure of each unit, making a
traditional control group identification unfeasible. This approach effec-
tively predicts firms’ trade and uses these predictions to reconstruct the
counterfactual distribution of firms’ trade under different scenarios and
to study treatment effect heterogeneity.

Exports” Survival in New Markets: A firm-level export recommendation
model. This paper investigates the factors that better predict a firm’s
trade status of exporters after expanding to a new destination, specif-
ically whether they continue exporting after two years. Using Colom-



bian customs data, I show that market-level information is crucial for
understanding export survival rates, beyond traditional firm-level char-
acteristics like export experience. The paper introduces a novel Machine
Learning-based export market entry recommendation tool, designed at
the firm-product market level. While firms in the sample did not have
access to this tool, the analysis observes which firms chose new destina-
tions that align with the recommendations generated by the tool. Sim-
ulated back-testing indicates that firms selecting destinations consistent
with the tool’s guidance would have experienced a 5 percentage point
higher survival rate compared to those choosing other destinations. Ad-
ditionally, product growth would have been 34 percentage points higher
for products where at least one firm followed the tool’s suggested market
entry, compared to those that did not. The findings suggest that incom-
plete market insights may lead to sub-optimal export decisions and that
exporters incur temporary trade as a way of experimentation and to re-
solve incomplete market information.



Introduction

The aim of this thesis is to evaluate the impact of different events or poli-
cies almost in real time, that work as a quasi-natural experiment, and that
have important implications for both the economy and society. The cov-
ered events in these essays include the implications of the announcement
to withdraw from a political and monetary union (Brexit referendum) on
the British economy, the heterogeneous impact of economy-wide shocks
(COVID-19) on export dynamics, and the identification of important fac-
tors predicting exporter survival. Moreover, this thesis designs a market
export recommendation system at firm-product level and evaluates its
consequences on export survival and national product growth.

Following the financial crisis of 2008, political parties advocating for
departure from the European Union and/or the Euro garnered increas-
ing attention from voters across numerous countries. Party for Freedom
in the Netherlands, National Front in France, Five Star Movement and
Lega Nord in Italy, and UK Independence Party in the United Kingdom
are some examples of populist groups that have based their campaigns
on messages against the European club, blamed of being the main obsta-
cle to welfare enhancing policies by limiting national sovereignty. The
European Union membership referendum, celebrated in UK on June 23
2016 and known as “Brexit referendum”, has been the first success of one
of these parties. Both the decision to celebrate the referendum and its re-
sult were largely unexpected. While numerous studies in the literature
provide forecasts of the cost of leaving the EU for the UK (Dhingra et al.,
2017, Ciuriak et al., 2015, Latorre et al., 2019, Ortiz and Latorre, 2018,
Kierzenkowski et al., 2016, and citevandenbussche2022global), the eco-
nomic literature has largely overlooked the anticipatory effects of such a
shock on the British economy, including its economic impact prior to the
actual departure.



Another unforeseen major event with economy-wide consequences
is the COVID-19 pandemic. The outbreak has had a profound impact
on the global economy, generating unprecedented health, human, and
economic crises. To face the health crisis, governments implemented so-
cial distancing and lockdown policies, exacerbating supply and demand
shocks (World Bank, 2020). In a highly interconnected world, the impact
of the pandemic on international trade has gained great attention (Fel-
bermayr and Gorg, 2020; Antras, Redding, and Rossi-Hansberg, 2023;
Bonadio et al., 2020; Evenett, 2020). Global trade, which is typically more
volatile than output and tends to fall sharply during a crisis, has shown
the biggest fall since the 2009 Global Financial Crisis. From the begin-
ning of the COVID-19 epidemic, scholars underlined that, though its
impact on international trade could have been comparable to the Great
Trade Collapse of 2008-2009, this time, the demand side shock is accom-
panied by a supply-side shock (Baldwin and Tomiura, 2020). Moreover,
this supply-side effect could be reinforced by a supply-side contagion via
importing /supply chains, which have grown in relevance during the last
decade (Antras and Chor, 2022). In other words, supply disruptions in
the countries providing intermediate inputs to a given country are likely
to hurt also its export performance (Halpern, Koren, and Szeidl, 2015;
Navas, Serti, and Tomasi, 2020). All these papers base their identifica-
tion strategy of the average COVID-19 effect on the cross-country differ-
ences in the implementation of lockdown measures over time and study
treatment effect heterogeneity by focusing on subsamples or interacting
the treatment variable with other possible determinants of heterogene-
ity. However, the literature disregards the estimate of the causal effect at
exporter level (Individual Treatment Effect), so they are not able to clas-
sify exporters into most and least affected to estimate the heterogeneity
of the analysis, obtaining a narrower image of differential effects from an
economy-wide shock in the economy.

Lastly, but closely connected to trade disruptions, Export Promotion
Activities (EPA) play a crucial role in facilitating international trade. EPA
could be a source to ameliorate the negative effects from the mentioned
shocks to the economy, and can enhance poverty reduction and sustain-
able growth (see Van Biesebroeck, Konings, and Volpe Martincus, 2016).
Along these lines, the literature estimates positive and significant effects
from EPA to enter new markets (Volpe Martincus and Carballo, 2008;
Volpe Martincus and Carballo, 2010; Broocks and Van Biesebroeck, 2017),
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to increase the GDP per capita (Olarreaga, Sperlich, and Trachsel, 2020),
and to boost total exports (Munch and Schaur, 2018). While some EPA
initiatives focus on providing financial aid, such as subsidies and credit
lines, to promote exports, others prioritize the dissemination of informa-
tion. For instance, one standard method of information dissemination is
through the organization of trade fairs, which enable the establishment
of relationships with importers or buyers, sharing information to over-
come trade frictions such as product standards, or to learn about foreign
demand. The primary objectives of these policies are to reduce the fixed
costs associated with acquiring information, facilitate the entry of do-
mestic firms into export markets, and assist exporters in exploring new
markets or products. However, budget allocations for export promotion
can be insufficient (Olarreaga, Sperlich, and Trachsel, 2020). An easy
manner to assist exporters in choosing new markets is to aggregate pre-
vious export successful experiences to issue an export recommendations
(Hidalgo et al., 2007, Che, 2020, and the International Trade Center (De-
creux and Spies, 2016)). However, the literature has largely overlooked
the design and impact evaluation of export recommendation policies de-
signed at exporter-product level.

To address these research questions, this thesis adopts a data-driven
approach to gain a deeper understanding into the implications of the im-
portant policies mentioned earlier. In pursuit of this objective, this work
employs both existing and novel methodologies and introduces an ex-
port recommendation system at firm-product-market level. The research
presented herein endeavors to enrich public discourse with empirical ev-
idence and thoughtful analysis, thereby fostering a more informed and
balanced understanding of the impact of various policies and exporter
dynamics in developing countries across diverse contexts.

The main challenge in these analyses lies in addressing the Fundamen-
tal Problem of Causal Inference, as described by (Holland, 1986), for every
unit, we fail to observe the value that the outcome would have taken
if the chosen level of the treatment had been different or nonexistent.
Often, the standard economic literature compares the outcome of treat-
ment units with those from similar control units using techniques such
as Differences-in-Differences (Card and Krueger, 1993), with respect to
a weighted average of not so similar countries using a synthetic con-
trol unit (Abadie, Diamond, and Hainmueller, 2010), or with respect to
non-treated units with a similar propensity to be treated (Rosenbaum
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and Rubin, 1983). However, in the context of such events, selecting the
appropriate methodology is not always straightforward or sufficient to
accurately estimate the causal impact of the shock. Therefore, it is crucial
to identify an appropriate counterfactual to estimate the causal impact of
a policy.

The first paper of this thesis delves into the impact of Brexit referen-
dum consequences on the British economy during the period 2016-2017,
preceding the formal implementation Brexit. This paper was written to-
gether with Francesco Serti under the title “The economic cost of a refer-
endum. The case of Brexit”.

Addressing the challenge of not having an economy similar to the
British one to estimate the causal effect of this policy, this paper used
Synthetic Control Methods (SCM) in a novel manner in this type of liter-
ature. By using SCM, the paper estimates a substantial and statistically
significant negative effect of the Brexit referendum on the UK’s GDP. The
study underscores how a policy can exert an impact even years before its
implementation. In particular, the paper finds a progressive loss over
time, amounting to 1.71% of the observed GDP of the UK in 2017, Q4.

The second paper of this thesis introduces a novel methodology to
estimate the individual treatment effect and heterogeneity, when no con-
trol units are available, resulting from an economy-wide shock on export
dynamics in Colombia during the first COVID year, 2020. This paper is
co-authored with Marco Duefias, Massimo Riccaboni and Francesco Serti
under the title “Assessing the Impact of COVID-19 on Trade: a Machine
Learning Counterfactual Analysis”.

This paper shares with the literature the ambition to estimate the
causal impact of COVID-19 on trade and its possible heterogeneity. How-
ever, this paper uses a different approach based on constructing a coun-
terfactual using the predictive power of Machine Learning to estimate
the treatment effect at exporter level (individual treatment effect), that
recognises that all firms are directly or indirectly affected by this economy-
wide shock. In particular, this study investigates the effectiveness of var-
ious Machine Learning (ML) techniques in predicting firms’ trade and
uses these predictions to reconstruct the counterfactual distribution of
firms’ trade under different COVID-19 scenarios and to study treatment
effect heterogeneity. This work focuses on the probability of Colombian
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firms surviving in the export market under two different scenarios: a
COVID-19 setting and a non-COVID-19 counterfactual situation.

Methodologically, this research innovates by utilizing causal Machine
Learning (ML) tools in scenarios where the pervasive nature of the shock
hinders the identification of a control group unaffected by the shock, as
well as the ex-ante definition of the intensity of the shock’s exposure of
each unit, making a traditional control group identification unfeasible.
This approach effectively predicts firms’ trade and uses these predictions
to reconstruct the counterfactual distribution of firms’ trade under differ-
ent scenarios and to study treatment effect heterogeneity.

The main finding of this paper reveals that the COVID-19 shock de-
creased a firm’s probability of surviving in the export market by about
20 percentage points in April 2020. Moreover, this study estimates the
treatment effect heterogeneity by employing a classification analysis that
compares the characteristics of the firms on the tails of the estimated dis-
tribution of the individual treatment effects. In particular, exporters more
integrated into Global Value Chains (GVCs) and importing higher value
emerged as pivotal in bolstering exporter resilience during the crisis, em-
phasizing the need for policies supporting varied import networks, as
well as international trade facilitation.

The third paper makes a significant contribution to the literature by
introducing a precise export recommendation model tailored to the firm-
product-market level and assessing its impact on export survival rates
and national product growth. Furthermore, it identifies important fac-
tors for predicting export survival that extend beyond conventional firm
performance metrics. Titled “Exports” Survival in New Markets: A firm-
level export recommendation model,” this work stands as a solo-authored

paper.

Moreover, this essay investigates the factors that better predict a firm’s
trade status of exporters after expanding to a new destination, specifi-
cally whether they continue exporting after two years. Using Colombian
customs data, the paper finds that market-level information, such as the
number of competitors in a given product or market, is critical to under-
stand export survival rates, beyond traditional firm-level factors, such as
exporter experience. This information is particularly relevant when pre-
dicting firm survival probability in a given market or in a given product-

5



market pair.

In particular, this paper introduces an accurate export market entry
recommendation tool powered by Machine Learning and designed at the
firm-product market level. Back-testing exercises reveal substantial gains
from adhering to the recommendation, showcasing 5 percentage points
higher survival probabilities for those exporters trying a new destination
suggested by the recommendation rather than just trying a new desti-
nation. Furthermore, adopting the recommendation is associated with
a notable increase in product growth, with a significant 34 percentage
point increase for products where at least one firm followed the guid-
ance compared to those neglecting it or not having any recommendation
associated to them. Therefore, this paper underscores the possibility to
use a firm level export recommendation to promote poverty reduction
and sustainable growth.

Furthermore, this paper posits that exporters could encounter decision-
making hurdles stemming from incomplete market insights, highlight-
ing the potential limitations of their understanding of new markets. Ad-
ditionally, the study suggests that exporters incur temporary trade spells
as a form of experimentation and to resolve knowledge uncertainty or
incomplete market information, consistent with findings in the literature
(Békés and Murakozy, 2012, and Esteve-Pérez, 2021).

Policies aimed at enhancing exporters’ capacity to discern optimal
destination markets by leveraging the collective exporting experiences of
diverse firms could prove beneficial. Strategies such as the introduction
of an export recommendation tool coupled with support for off-shore
activities like trade fairs and information gatherings may yield positive
outcomes not only for exporters” survival rates but also for bolstering
product growth at the national level. While the export recommendation
tool could be made available by both private and public entities due to
its minimal cost, the facilitation and coordination of off-shore activities
could be effectively led by Export Promotion Agencies. Such initiatives
have the potential to empower exporters with better decision-making
tools and resources, ultimately contributing to both individual and col-
lective growth in the country’s export landscape.

Together, these papers present a holistic approach that employs var-
ious methodologies to evaluate diverse policies and introduces novel
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tools for comprehending the heterogeneity resulting from shocks when
traditional counterfactuals are unavailable. Moreover, they contribute
to a deeper understanding of exporter dynamics. Ultimately, this the-
sis introduces an export recommendation methodology that not only en-
hances export survival rates but also contributes to national-level prod-
uct growth.



Chapter 1

The Economic Cost of a
Referendum. The Case of
Brexit

1.1 Introduction

After the financial crisis of 2008, political parties in favor of leaving the
European Union and/or the Euro have increasingly taken the attention
of many voters in almost every country. Party for Freedom in the Nether-
lands, National Front in France, Lega Nord and Five Star Movement in
Italy and UK Independence Party in the United Kingdom are some ex-
amples of populist groups that have based their campaigns on messages
against the European club, blamed of being the main obstacle to wel-
fare enhancing policies by limiting national sovereignty. The European
Union membership referendum, celebrated in UK on June 23 2016 and
known as “Brexit referendum”, has been the first success of one of these
parties. Both the decision to celebrate the referendum and its result were
largely unexpected.

This comparative case study quantifies the consequences that this de-
cisive referendum has produced on the UK economy so far by using Syn-
thetic Controls Method (SCM) (Abadie and Gardeazabal, 2003; Abadie,

OThis chapter is based on the work "The Economic Cost of a Referendum. The Case of
Brexit’ in collaboration with Francesco Serti (see Ortiz-Giménez and Serti (2020)).
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Diamond, and Hainmueller, 2010). By using a data-driven process to
build the counterfactual, the SCM reduces ambiguities in the choice of
the comparison units and makes transparent the comparability of the
characteristics of the treated unit with the control units. In particular,
the SCM makes explicit the contribution of each non-treated unit to the
construction of the counterfactual and does not allow extrapolating out-
side the support of the control units, as traditional regression methods
do. In our study, we exclude from the baseline “donor pool” of countries
(i.e., those which could potentially be used to build the baseline counter-
factual for UK in case of no Brexit Referendum) all European countries
and United States because, given their high level of economic integra-
tion with UK, they could be indirectly affected by the Referendum. The
contemporaneously written contribution of Born et al., 2019 estimates
the short-run effect of the Brexit referendum by using the SCM and finds
similar results. However, in the baseline donor pool, the authors include
European countries and do not address the issues raised by Doudchenko
and Imbens, 2016 and Ferman and Pinto, 2021. Our study advances the
analysis by refining the donor pool selection to exclude European coun-
tries, thereby avoiding potential bias from common economic shocks and
closer integration with the UK. Moreover, following the recommenda-
tions of Doudchenko and Imbens, 2016 and Ferman and Pinto, 2021, we
control for unobserved heterogeneity fixed in time and we present the
pre-treatment fit obtained after de-trending the series.

In the economic literature, many studies provide forecasts of the cost
of leaving the EU for the UK. The most common approaches are econo-
metric models (VAR, NiGEM), New Quantitative Trade Models (NQTM)
and Computable General Equilibrium (CGE) models. Using a NQTM
Dhingra et al., 2017 quantify the ‘static” effects of Brexit on average house-
hold income, In an ‘optimistic’ scenario, the authors estimate that UK
will experiment a 1.3% fall in average income (or £893 per household).
In a ‘pessimistic’ scenario, characterized by higher increases in trade
costs, they estimate that Brexit will lower its average income by 2.6%
(£1,773 per household). Some authors use instead CGE models. In par-
ticular, Ciuriak et al., 2015, Latorre et al., 2019 and Ortiz and Latorre,
2018 found that the estimated changes in GDP after Brexit with respect
to the no Brexit scenario are [—2.54%, —0.97%)], [—2.53%, —1.23%] and
[—1.15%, —0.5%], respectively. Moreover, institutions like OECD and Her
Majesty’s Treasury also carried out their own analysis demonstrating
even more dramatic results than the ones presented before. On the one
hand, Kierzenkowski et al., 2016 suggest that Brexit will produce losses
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for British economy equivalent to a non-growth of —3.3% of its GDP.
They derived this result by using CGE and NiGEM models. On the other
hand, the British government department (Treasury, 2016) estimate that
the cost of Brexit will range between [—7.5%, —3.8%]. To make this pre-
diction, they implemented VAR and NiGEM models. Furthermore, the
literature includes pioneering studies investigating the short-term impli-
cations of Brexit employing a network approach (Vandenbussche, Con-
nell, and Simons, 2022). In this paper, the authors identify sizable losses
in value added in the UK economy resulting in a diminished demand
and sector-specific reductions in production and employment. The mod-
els used in the literature usually require strong structural assumptions
(e.g., trade elasticities, ordering the exogeneity between variables, etc)
difficult to validate or understand. However, one of the main strengths
of SCM is that it does not require such structural assumptions. More-
over, another strength from SCM is its transparency, as researchers can
see which countries contribute to the synthetic UK. Therefore, the results
from SCM are robust, intuitive and easy to communicate.

Some papers have concentrated on estimating the benefits from be-
ing a member of the European Union, therefore implicitly providing ev-
idence on the cost of leaving the union. According to Haskel, Pereira,
and Slaughter, 2007, increases in Foreign Direct Investment (FDI) lead to
growth in national productivity. Following Dhingra et al., 2016 (page 11),
“multinational firms bring in better technological and managerial know-
how, which directly raises output in their operations. FDI also stimu-
lates domestic firms to improve — for example, through stronger supply
chains and tougher competition”. In the same report, the authors claim
that higher trade costs with the EU (after Brexit) are likely to reduce FDI
inflows. The researchers also found that, for new entrants, the EU mem-
bership exerted a positive effect on FDI: they estimate an increase in FDI
of about 28% on average. In this line, Campos, Coricelli, and Moretti,
2018 found that, in the context of EU membership, there are significant
and substantial net benefits from deep integration in terms of higher per
capita GDP and labor productivity. The study concludes that per capita
GDP and labor productivity increased in the United Kingdom due to the
EU membership.

Though the bulk of the literature predicts sizable losses for UK af-
ter Brexit, some researchers, mass media and politicians still defend that
Brexit will not have relevant economic costs for the British economy. We
find that these costs emerge even before the UK abandons the UE. The
cost of this referendum is estimated in $2,376.76 per citizen in the UK
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during the year 2017. We also find that this effect is increasing in the time
and, therefore, it might be a lower bound for the future consequences of
Brexit. In section 1.2 and section 1.3 we describe the empirical method-
ology and the data. In section 1.4 and section 1.5 we present the main
results. section 1.6 is devoted to robustness checks and section 1.7 con-
cludes.

1.2 Model

We estimate the impact of the Brexit referendum on the UK GDP using a
comparative case study analysis. Following the seminal work of Abadie,
Diamond, and Hainmueller, 2010, we construct a counterfactual for the
UK GDP, a so-called synthetic UK, as a weighted average of the GDP of
other developed and developing economies. The aim is to choose the
weights that are able to replicate the actual dynamics of the UK GDP
before referendum and to use them to build the counterfactual GDP of
the UK in the post-referendum period.

The effect of the treatment (referendum) on the treated (UK) in this
model is represented by:

T c
Tit =Yy — Yy

where:
Y,;I' = represents the outcome of unit
Y,$ = represents the outcome of unit

iy
1

in case of treatment.
in case of no treatment.

“uzr
1

In the post-treatment period, for a treated individual, we can observe
only YT, our aim is to estimate Y,{ for the post-treatment periods ¢ > Tj
(where Tj is the period when the treatment takes place).

Abadie, Diamond, and Hainmueller, 2010 express the potential out-
comes through the following model:

Yl =6, + iuDig + Vit
Y =6 + Vit

Vit = 0125 + Mwi + €44
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where,

Z, = vector of independent variables

A¢ = common factor (unknown)

0; = vector of parameters

w; = unobservable term (specific for each country)

¢4+ = transitory shock (zero-mean)

D;, = takes value 1 when the country (i) is treated (UK in this case), and
0 otherwise.

a;itDiy = 34

In this setting, Y;: and Z;; are observables for N + 1 countries (i = 1
represents the country that is treated, and ¢ = 2, ..., N + 1 represent the
non-treated countries). Treatment occurs at time ¢t = Ty and ¢ € [1, T1.

We are going to create a counterfactual for the United Kingdom by
constructing a weighted average of a donor pool of countries” outcomes.
These weights, W = (wy, ..., wn41), are allocated to each country such
that this counterfactual is as similar as possible to the UK GDP before
the treatment. They have the restrictions of being non-negative, w; > 0
(¢t = 2,...,N 4+ 1), and to sum up to one, Zf\:gl w; = 1. Under these
restrictions, SCM safeguards against extrapolation outside the support
of the control individuals, following the “philosophy” of matching esti-
mators. Abadie, Diamond, and Hainmueller, 2010 show that as long as
we choose W* such that the outcome and the covariates of the synthetic
counterfactual coincide with those of the treated individual (i = 1) in the
pre-treatment period

N+1

*
g w; Yie = Yis
i=2

N+1
E wiZ; = 71,
i—2

then

N+1
Tit = Y1¢ — Z wiYy forall t>1Ty
i=2
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is an unbiased estimator of 7;;.

In practice, W* is chosen solving the following minimization prob-
lem:

min(X1 — X(/‘W)/V(Xl — XCW)

w;>0(i=2,...,N+1)
s.t. = { Zf\;_gl w; = 1 (11)
where:

X1 = (kz1)is a vector of pre-EU referendum (pre-treatment period) eco-
nomic characteristics of the treated country. This vector X; contains all
the pre-treatment values of UK GDP and the pre-treatment elements of
vector Z for the UK.

Xc¢ = (k z N) is the matrix containing the same above characteristics for
the NV possible control countries (donor pool). In other words, each col-
umn of matrix X contains the variables of X but for each non-treated
country.

V = (k z k) is the diagonal matrix (symmetric and positive semi defi-
nite) reflecting the relative importance of the different characteristics or
economic predictors included in X.

Therefore, the optimal W* minimizes the pre-treatment distance be-
tween the vector of characteristics of the treated country and the vector
of the synthetic control characteristics according to the metric V. Matrix
V' is chosen among all positive definite and diagonal matrices such that
the mean squared prediction error of the outcome variable during the
pre-treatment period is minimized (see Abadie and Gardeazabal 2003).!

The SCM rests on two basic identification assumptions. The set of
pre-treatment variables chosen should not anticipate the effects of the
treatment and donor pool countries (countries that can potentially be se-
lected to create the synthetic control) should not be affected, directly or
indirectly, by the intervention. The former requirement means that the
effect of the treatment has to start at the date (7j) chosen without antic-
ipation effects. That is, in the case of Brexit, the effect of the EU leav-
ing referendum should be only observable after UK ’s referendum took
place. For the latter requirement to hold, we do not include countries
that are members of the EU in the donor pool, because they are likely to
be affected by the intervention. However, there are also countries outside

In the empirical part, we use the Stata module synth specifying the nested option.
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the EU that could be indirectly affected by the intervention and therefore
should not be included in the donor pool. We will further discuss, in the
next section, why and which are the countries that are not selected as
potential units to create a synthetic counterfactual.

Comparative studies are characterized, as all evaluation studies, by
the uncertainty related to the ignorance about the ability of the control
group to reproduce the counterfactual of the treated unit in the absence
of treatment. Moreover, large sample inferential techniques usually does
not apply in this type of studies (because of the small number of units
in the control group). We follow Abadie, Diamond, and Hainmueller,
2010 by using exact inferential techniques, that do not require a large
number of control units. As in permutation tests, we implement the SCM
for each country in the donor pool and we study whether the estimated
effect of the treatment on the UK is large enough relative to the (exact)
distribution of these estimated placebo effects.

This in space placebo test is presented in section 1.5 together with an
in time placebo test. The latter consists in applying the SCM to the UK
randomizing the treatment date (7).

In section 1.6 we present several robustness checks. First, inspired by
the methodologies introduced by Abadie, Diamond, and Hainmueller,
2015 and Campos, Coricelli, and Moretti, 2018, we address the concern
that our results could be driven by the selection of countries present in
the donor pool due to spill-over effects or to idiosyncratic shocks which
could hit them in the post-treatment period.

Ferman and Pinto, 2021 shows that, in a realistic setting of imperfect
pre-treatment fit, the SCM estimator might be inconsistent even in sit-
uations in which a fixed effects/DID estimator would not, because the
former is not able to wash out time constant unobserved heterogene-
ity. Therefore, also following Doudchenko and Imbens, 2016,% in the sec-
ond robustness check we employ a model using demeaned data. For
this purpose we rewrite the notation of the economic characteristics to
(X, = X, — X)) and (X¢ = X¢ — X¢), where X; contains the pre-
treatment average characteristics for each unit. So that, the new min-
imization problem that solves for the vector of optimal weights W* is
given by:

2Doudchenko and Imbens, 2016 point out that an implicit assumption of SCM is ruling
out the possibility that the outcome of the treated unit is systematically larger (or lower)
than those of other units. They propose to include an intercept parameter in the objective
function of the SCM minimization problem.
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mm(Xl — XC'W)/V(Xl — XcW)

- >  =2,... N+1
s.t.z{““—o(’ e N A1) 1.2)

If time constant unobserved heterogeneity is additively separable, by
using the above demeaned variables, we will take it into account.

According to Ferman and Pinto, 2021, in the presence of non-stationary
trends, a close to perfect pre-treatment match would not guarantee the
asymptotic unbiasedness of the SCM if there is correlation between treat-
ment assignment and common factors beyond the non-stationary trends.
In other words, when pre-treatment fit is imperfect, in models that present
a combination of I(1) and I(0) common factors, the SCM estimator does
not reconstruct well the factors related to I(0) common factors. Under
this framework, 7(0) common factors should be uncorrelated with the
treatment assignment, so that the SCM estimator is asymptotically un-
biased. In a final robustness check, as they suggest, we present the pre-
treatment fit after eliminating non-stationary trends and we use it as a
diagnosis test for the SCM.

1.3 Data

We use quarterly country-level panel data for the period 2013 Q1 —
2017 Q4. The announcement of the Brexit poll took place on 20 February
2016, whereas the referendum pooling day occurred on 23 June 2016 (our
treatment date). Therefore, we consider 13 periods before the treatment
(Brexit) and 6 periods after the treatment.

As we mentioned before, the synthetic UK is constructed as a weighted
average of potential countries. The control units that belong to the donor
pool are 12 non-European countries: Australia, Canada, Chile, Japan,
South Korea, Mexico, New Zealand and Turkey (member-countries of
the OECD), Brazil, India and South Africa (partner-countries of the OECD)
and Russia.?

3We studied whether the potential donor countries suffer from a structural change
(break) in their economic growth during the studied years. We found that, according to
Perron Test (Perron, 1997), Indonesia presents a structural break in the 2016Q3. This in-
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The outcome variable Y}, is the real Gross Domestic Product (GDP)
in 2010 U.S. million dollars. The pre-treatment characteristics used as
predictors in X; and X, are all pre-treatment outcome lags and the pre-
treatment average of some selected predictors based on the literature on
economic growth (see Abadie and Gardeazabal 2003): secondary school
enrollment (percentage gross), foreign direct investment outflows and
inflows (as a percentage of GDP), Business Confidence Index (BCI) and
population density.*

1.4 Results

By applying the synthetic control method technique we find that the best
replication of UK characteristics before the Brexit referendum (2016 Q2)
is a weighted average of the following four countries: Mexico, Brazil,
Korea and India (ordered from the highest weight to the lowest one). Ta-
ble 1 shows the set of optimal weights that we use to reproduce UK after
the referendum in the absence of Brexit poll. This set of weights is going
to be used to obtain the synthetic United Kingdom after the treatment
date (2016 Q2).

In the first two columns of Table 2 we compare the pre-treatment val-
ues of the explanatory variables of the United Kingdom with those of its
synthetic counterpart.” The values of the diagonal elements of V' linked
to each predictor, which are reported in column 3, indicate that, once the
pre-treatment values of the GDP are controlled for, the other predictors
have very low predicting power (this is common in many applications

tuition was confirmed by Chow Test (Chow, 1960), and this break is due to a sharp fall of
Indonesia’s GDP. Thus, Indonesia is discarded, despite the fact that, when it was included
in the donor pool it got an optimal weight of 0 (W* = 0). That means that Indonesia was
not relevant when forming the synthetic counterfactual of UK. We also started our study
with China and Israel in the donor pool, but we decided to let them outside the sample
because they presented problems of missing values in their datasets. We initially excluded
all European member states and Switzerland because they maintain a high level of eco-
nomic relationships with UK and therefore they could be affected by the treatment. For the
same reason, we have not included the United States (US). For the rest of non-European
countries, we have not found data for this purpose.

“In the appendix A.1, we list more precisely all the variables that are included in the
study and their sources. We also tried to use a set of additional predictors: the share of GDP
accounted for by agriculture, the share of GDP accounted for by manufacturing, investment
and final consumption. Nevertheless, the results remained robust and the fit in the pre-
treament period did not improve.

5The predictors that are not GDP are averaged over the entire pre-referendum period.
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Table 1: Synthetic weights for the United Kingdom

Country Weight (w*)

Australia 0
Canada 0
Chile 0
Japan 0
Korea 0.179
Mexico 0.554
New Zealand 0
Turkey 0
Brazil 0.201
India 0.066
Russia 0
South Africa 0

of SCM). This explains why the weights that we have obtained produce
a close to perfect fit for the lagged values of GDP while for the other
variables, whose V' — weights are close to zero, some differences persist
(Abadie, Diamond, and Hainmueller, 2010).

With the information provided by Table 1 we can estimate the evolu-
tion of GDP in the United Kingdom in the absence of Brexit referendum
(synthetic UK), after the second quarter of 2016 and compare this series
with the actual evolution of GDP for UK. The resulting graph is shown
in Figure 1.° This figure, jointly with Table 2, suggests that there is a com-
bination of countries that reproduce the economic characteristics of UK
before the EU referendum. During the first thirteen quarters (2013Q1-
2016Q1), UK and synthetic UK grew almost together. It is only after the
referendum, when these two series start diverging. SCM interprets the
difference between the GDP of UK and its synthetic counterpart, after
the polling date, as the effect of the EU referendum.

Therefore, it makes sense to plot the difference between the two se-
ries, so that we can more easily evaluate how the GDP of the synthetic
unit evolves compared to the one of UK. Figure 2 shows the evolution of
the GDP gap between these two units over the time. This gap is the esti-

6The “x” axis of Figure 1 and of the other figures represents the time periods in quarters.
Being the quarter 1 = 2013Q1, the quarter 14 = 2016Q2 (treatment period) and the quarter
20 = 2017Q4.
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Table 2: Balancing of predictors and V-weights

UK Synthetic UK Predictor V-weight
GDP (2013 Q1) 2343303 2343567 0.08
GDP (2013 Q2) 2355970 2353594 0.00
GDP (2013 Q3) 2376004 2377849 0.00
GDP (2013 Q4) 2388334 2394805 0.18
GDP (2014 Q1) 2408849 2412180 0.14
GDP (2014 Q2) 2429396 2431156 0.00
GDP (2014 Q3) 2447887 2445851 0.16
GDP (2014 Q4) 2466521 2468233 0.00
GDP (2015 Q1) 2474971 2477142 0.00
GDP (2015 Q2) 2489198 2488505 0.20
GDP (2015 Q3) 2499567 2505913 0.00
GDP (2015 Q4) 2517709 2510589 0.11
GDP (2016 Q1) 2523036 2531478 0.13
DNPOP 267.4253 162.3938 3.948e-07
SCSEC 125.7761 94.14681 1.330e-07
FDIL 52.3811 30.2239 6.918e-07
FDIO 58.22206 12.1585 5.269e-07
BCI 100.9391 99.79369 1.158e-07

Note: Columns 1-2 of this table present the characteristics of UK and its synthetic
control before the Brexit referendum. The last five predictors (population density,
secondary school enrollment, foreign direct investment inflows/outflows, business
confidence index) are averaged across the entire pre-treatment period. Column 3
presents the optimal V-weight that each predictor receives.

mated difference in GDP as a consequence of the EU referendum for the
UK (73¢). Despite the fact that the United Kingdom has experienced an
increase in real GDP after the EU referendum, Figure 2 suggests that this
increase would have been much higher if EU referendum would not have
taken place (Governor of the Bank of England, Mark Carney, declared on
November 2017 that “British economy should really be booming, and it
is just growing”).” It is worth mentioning that GDP gap is increasing in
time, which means that the effect of Brexit referendum might be only a
lower bound of the future Brexit effect.

We evaluate the size of Brexit referendum effect compared to the size
of British GDP in Table 3. In the third column we report the estimated
GDP gap as a percentage of the actual GDP. This ratio is increasing for
almost every period. In the last quarter of 2017, GDP in synthetic UK is
estimated to be $44.5 billion higher than in the actual United Kingdom.

Carney declared the above statement on 5 November 2017 to Robert Peston, a British
journalist, on his TV program “Peston on Sunday”.
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Figure 1: GDP of UK and its synthetic counterpart.
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Note: This figure presents the GDP of the UK and the estimated GDP for the synthetic
UK before and after the Brexit referendum.

Hence, Brexit represents a fall (economic cost) of 1.71% over the actual
GDP for period 2017 Q4. During the whole period (2016Q3-2017Q4)
that we analyze, the United Kingdom should have grown $156.03 bil-
lion more than it actually grew. This cumulative non-growth represents
1.01% over the total cumulative GDP for the same period of time (six
quarters for which we have available data), a cost of $2,376.76 per UK
citizen.®

1.5 In space and in time Placebo effects

In this section we apply exact inference techniques to “in-space” placebo
experiments and we perform an “in-time” placebo study.

The first placebo study is conducted “in space”, by assigning the orig-
inal treatment to each country included in the donor pool.’ Therefore,

8The cost of the Brexit referendum can also be expressed in British pounds by apply-
ing the exchange rate as of December 29, 2017, which was 0.7441 GBP/USD. Accordingly,
the estimated cost for the British economy is £116.10 billion, with a corresponding cost of
£1,768.42 per UK citizen.

Figure 3 does not present the estimated treatment effect for India and New Zealand
because the model is not able to reproduce the GDP pre-treatment path of these two coun-
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Figure 2: Estimated difference between the actual and the synthetic GDP of

UK.
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Note: This figure presents the gap between the UK series and its synthetic counter-
part. It shows that before Brexit referendum the gap is constant and it is around zero.
However, after the poll the gap drops sharply.

Table 3: Size of GDP gap

Observed GDP GDP ga .. o
(2010 US$ millions)  (US$ millione. 2010) Gap over original GDP (%)
2016-Q3 254875.75 ~9281.91 20.36%
2016-Q4 2567829.25 -6873.86 0.27%
2017-Q1 2575888 5 2459416 -0.95%
2017-Q2 2582240.75 -34593.79 -1.34%
2017-Q3 2594141.75 -36196.55 -1.40%
2017-Q4 26042305 4448934 1.71%

Note: Columns 1 and 2 present the data of the actual value GDP and the estimated GDP
gap of the UK, respectively. Column 3 reports the gap as a percentage of the actual GDP.

we assign the treatment to countries that did not experienced it. We
observe the effect of the treatment for these countries in Figure 3. The
effect obtained in Figure 2 is considerably larger when compared with
the placebo effects estimated for the donor countries in Figure 3 (only for

tries. i.e. the optimization routine is not able to find the minimum of equation 1.1. One of
the virtues of SCM is exactly that it does not allow extrapolating outside the support of the
control units, as traditional regression methods do.
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Russia we estimate a negative, though imprecise, effect). Therefore, we
consider that the effect of Brexit referendum for the United Kingdom is
big enough to be considered significant.

A more refined way of testing the significance of the estimated ef-
fect of Brexit is considering the ratio of the of post-2016Q2 MSPE (Mean
Squared Predictor Error) over the pre-2016()2 MSPE for the United King-
dom and the other control countries. The mean squared predictor error
measures the average gap for each country with respect to its synthetic
counterpart. A large post-treatment MSPE does not indicate a large ef-
fect of the treatment if the synthetic control does not match the real data
accurately before the treatment (i.e. if pre-treatment MSPE is also large).
For this reason, Abadie, Diamond, and Hainmueller, 2010 suggested to
compare the ratio between post-intervention MSPE and pre-intervention
MSPE of the treated unit to those of the units contained in the donor pool.
Figure 4 shows that for the United Kingdom the post-treatment MSPE is
about 50 times larger than the pre-intervention MSPE. The MSPE ratio
for UK is well above the MSPE ratios for the control countries. As shown
by Abadie, Diamond, and Hainmueller, 2010, we can use these MSPE
ratios to test the null hypothesis that the treatment has no effect and it
is assigned randomly. The chance to select a country at random, with
a MSPE ratio as high as the one for the UK, is 1/11 ~ 0.09, that is be-
low the conventional 10% level of significance used in statistics. Then,
we reject the null hypothesis and conclude that Brexit referendum had a
significant effect on UK GDP.

The second placebo study is conducted “in time”, by reallocating the
date of the Brexit referendum to a period before the current referendum
in order to assess anticipation effects. In particular, we set a new artifi-
cial date for Brexit referendum, 2015Q2 (just in the middle of the time
period horizon).!® Figure 5 reports the results obtained when applying
the SCM using the same donor pool but setting 7 = 2015Q2. The syn-
thetic United Kingdom almost perfectly replicates the trend of GDP in
the UK along the period 2013Q1 — 2015Q1 (before treatment). But most
importantly, GDP trends, for both the UK and the synthetic UK, do not
diverge until the period 2016Q4, as in the baseline estimates. Until this
moment, both units grew together. There is no jump around the new
artificial treatment date.

10Note that period 10 corresponds to the date 2015Q2.
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1.6 Robustness

The first two robustness checks investigate the sensitivity of our results
to the chosen weights, i.e. how dependent are our results on the specific
control countries. Indeed, our results could be biased by unobserved
shocks and treatment spillovers affecting some donor countries in the
post-treatment period. The last two robustness checks deal with the con-
cerns raised by Ferman and Pinto, 2021."! They suggest removing time-
constant unobserved heterogeneity from the series and studying the per-
formance of the SCM after detrending the series.

The first robustness check can be presented as a combination of four
different tests inspired by the work of Abadie, Diamond, and Hainmueller,
2015. In all of them we exclude some countries from the donor pool and
we study how the estimated effect of Brexit changes when we try to re-
produce the synthetic UK using these restricted samples. Figure 6 sum-
marize the results of these analyses. The black dashed line identifies the
actual GDP of UK, the gray thick dashed line corresponds the baseline
synthetic UK estimated in section 1.3 and the thin gray dashed lines in-
dicate the synthetic UKs obtained by restricting the baseline donor pool.
In graph (a), we exclude a pair of countries from the donor pool at ran-
dom and we repeat this step 10 times. In graph (b), we present the results
obtained by discarding a pair of countries among those that received pos-
itive weights in the baseline estimates. In this way we obtain other six
alternative donor pools.!? In graph (c), we apply the SCM by using the
four possible donor pools obtained by removing one of the countries that
received a positive weight in the baseline estimates. Finally, in graph (d)
we report the estimates stemming from the four possible donor pools
which can be obtained by excluding at the same time a different triplet
of countries among those that received a positive weight in the base-
line estimates. In all the four graphs, we observe that the synthetic units
generated fit accurately the series of GDP for the United Kingdom be-
fore 2016Q2. Moreover, after this period, these synthetic units diverge,
similarly to what happens to the baseline synthetic UK estimated in sec-
tion 1.3. Consequently, this figure suggests that the baseline results pre-
sented in the previous section are not driven by the inclusion in the donor
pool of some specific country, in this way alleviating possible concerns
about unobserved post-Brexit shocks such as having Common Wealth

1See section 1.2 and the additional explanations given below in this section.
12Remember that in the baseline estimates only four countries obtained positive weights.

22



members among the countries with a positive weight creating the syn-
thetic UK, as it is the case of India.

For the second robustness check we augment the number of poten-
tial control countries by allowing other European countries to enter in
the donor pool.> We take this decision after verifying that we do not
have enough evidence showing that the GDP of these European coun-
tries is affected by this referendum (i.e. that that there are spillover ef-
fects of the referendum).'* Among the countries belonging to this aug-
mented set, made up by 34 countries (the baseline 12 countries and 22
European countries), we first select randomly 1000 donor pools made
up by 12 countries, which is the size of the baseline donor pool. Then
we estimate with the SCM the cost of the Brexit referendum for UK us-
ing these different and randomly chosen donor pools and we compare
these estimates with our baseline estimate. Figure 7 shows the results of
this robustness check. The black straight line represents the actual GDP
of the United Kingdom, the dashed black line represents the baseline
synthetic UK (built using the baseline donor pool made up by 12 non-
European countries) and the gray dashed lines represent the different
synthetic UKs estimated using these randomly chosen donor pools. Fol-
lowing the logic of Abadie, Diamond, and Hainmueller, 2010, in Figure 7
we present only the synthetic UKs which attain a pre-treatment fit sim-
ilar to the one obtained by the baseline synthetic UK and are, therefore,
comparable with our baseline estimates. As a measure of pre-treatment
fit we adopt the pre-treatment normalized mean squared error index in-
troduced by Ferman, Pinto, and Possebom, 2020:1°

1 To—1 .
= PN
RP=1- o - (1.3)
Tol_l (5/115 - 5/1)2

o~
Il

1

13The countries included are Austria, Belgium, Czech Republic, Denmark, Estonia, Fin-
land, France, Germany, Greece, Hungary, Italy, Latvia, Luxembourg, Netherlands, Norway,
Poland, Portugal, Slovak Republic, Slovenia, Spain, Sweden, Switzerland. We do not con-
sider Iceland and Ireland because they do not have data for the Business Confidence Index
(BCI) variable.

14We have estimated the synthetic unit for each of these EU countries by using the base-
line donor pool of countries (non-European states). We do not find any significant effect of
the Brexit referendum on the GDP of each of these economies (see Appendix A.2).

15This measure will be equal to 1 when the pre-treatment fit is perfect. However, differ-
ently from the standard R2?, it can be negative.
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where Y is the observed GDP of the real UK, Y is the estimated GDP
7 Ty—1
of the synthetic UKand Y7 = ( > Y1,)/(To — 1).
t=1

Given that the R? of the baseline synthetic UK is about 0.99, we retain
in Figure 7 those synthetic UKs with a R2 > 0.9 (i.e. about 70% of them;
the results are not sensitive to changing this threshold). We find that
the bulk of these synthetic UKs, built by randomly choosing different
donor pools made up by 12 countries, imply similar or greater estimated
losses due to the Brexit referendum. Therefore, also according to this
robustness check, our results are not sensitive to changes in the countries
included in the donor pool.1®

The third robustness check is presented in Figure 8. Following equa-
tion 1.2, before applying the standard SCM we purge its average pre-
Brexit GDP from every country’s GDP."” As explained in section 1.2, in
the realistic setting of imperfect pre-treatment fit, and differently from
the standard SCM, this demeaned SCM is robust to time constant unob-
served heterogeneity correlated with selection into treatment. As shown
in in Figure 8, the pre-treatment fit obtained using this demeaned SCM
is close to perfect and the estimated treatment effect is very similar to the
baseline result.

Finally, following the suggestions of Ferman and Pinto, 2021, we check
whether the close-to-perfect pre-treatment fit obtained for the GDP non-
stationary series hides discrepancies in common factors beyond these
non-stationary trends. Indeed, when such residual (and stationary) com-
mon trends are correlated to treatment assignment they may lead to asymp-
totic bias. By following the approach of Ferman and Pinto, 2021, firstly
we try to wash out the non-stationary common factor by subtracting, to
controls and treated countries, the average of the controls” GDP in each
period of time. If a common factor that has the same effect for every unit
is the reason behind the non-stationarity, the resulting series should not
feature non-stationary trends. Secondly, as an alternative procedure to

16This robustness check is probably less accurate than the previous one, because we can-
not be completely sure that there are no spillover effects on the aggregate of the rest of
European countries. Indeed, it might be the case that the poll affects these countries as a
group, even though this effect is not significant for each European country.

7For this and the last robustness check, we use the baseline set of donor countries (i.e.
we do not consider European countries). Moreover, following Ferman and Pinto, 2021,
we exclude from the explanatory variables all the variables different from GDP. Results
including the same set of explanatory variables of the baseline specification are basically
identical.
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de-trend the data, we subtract the trend obtained by fitting a fourth or-
der polynomial to the GDP series. As shown in Figure 9 and Figure 10,
both ways to de-trend the data seem successful: the series for the UK and
the synthetic UK do not present a clear non-stationary trend. The pre-
treatment fit obtained after eliminating the non-stationarity (R? = 0.65
and R? = 0.55 for the first and second de-trending procedures, respec-
tively) is worst than the one obtained using the baseline not de-trended
estimates (i.e. R? = 0.99). This reduction in pre-treatment fit obtained
after eliminating non-stationary trends is in line with the examples re-
ported in Ferman and Pinto, 2021, which apply this diagnosis tool to the
influential studies of Abadie and Gardeazabal, 2003 and Abadie, Dia-
mond, and Hainmueller, 2015. Moreover, it is also reassuring to notice
that the pre-treatment gap between the real and the synthetic UK is far
less relevant than the one observed during the post-treatment period.
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1.7 Concluding discussion

This paper estimates the effect that the European Union membership ref-
erendum has had on the British economy so far, focusing on its conse-
quences on GDP. Using the SCM (Abadie, Diamond, and Hainmueller,
2010), we construct the counterfactual GDP of the United Kingdom, after
June 2016, as if the British referendum had not taken place. This paper
quantifies the cost of the European Union membership referendum for
the British economy in $156.03 billion,'® since the period when the ref-
erendum took place until December 2017. This figure is the equivalent
to an accumulated non-increase in GDP of 1.01 percent. Our study finds
that the referendum caused a lower GDP growth than the one that the
UK would have experienced in the absence of referendum during almost
all the periods analyzed after the Brexit poll. Furthermore, we found that
this non-growth effect is increasing in time.

The evidence found in this paper complements the analyses predict-
ing the future consequences of Brexit for UK by demonstrating that the
outcome of the referendum itself has already produced a slowdown of
the UK economy, before the actual Brexit has taken place. This finding is
an early warning for populist European parties against irresponsible and
unrealistic plans of abandoning smoothly the EU common market.

18The cost of the Brexit referendum can also be expressed in British pounds by applying
the exchange rate as of December 29, 2017, which was 0.7441 GBP/USD. Accordingly, the
estimated cost for the British economy is £116.10 billion.
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Note: We assign the treatment to countries (used in the donor pool) that have not experienced it and
we estimate its (placebo) effect by SCM. The effect for UK reported in Figure 2 is considerably larger
when compared with the effects for the donor countries presented in this figure.
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Figure 4: Ratio of post Brexit referendum MSPE over pre Brexit referendum
MSPE for the UK and the donor countries.

United Kingdom

I
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Note: This figure presents the ratios of post/pre MSPE (Mean Squared Predictor Er-
ror) for the UK and the countries in the donor pool.

Figure 5: In-time Placebo Test: GDP of the United kingdom and GDP of the
Synthetic United Kingdom.
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Note: This graph shows the GDP of the UK and its synthetic counterpart obtained by
imposing a different period of treatment (Ty = 2015Q2).
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Note: In this robustness check, we restrict the original donor pool of countries in 4 different ways,
in order to study how robust are the results to changes in the composition of the pool. In Figure a)
we extract, by pairs, countries from the baseline donor pool (at random). In Figure b) we extract, by
pairs, countries from the baseline donor pool that have received w* > 0 in the baseline estimation. In
Figure c) we extract, individually, countries from the baseline donor pool that have received w* > 0
in the baseline estimation. In Figure d) we extract from the donor pool groups of three countries that
have received w* > 0 in the baseline estimation.
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Figure 7: Random donor pools.
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Note: The black line of this figure represents the GDP of the UK and the back dashed

line its baseline synthetic GDP. Each gray dashed line represents the synthetic GDP

of UK estimated with randomly chosen donor pools potentially containing both Eu-

ropean and Non-European countries. Each random donor pool contains 12 countries

as the baseline donor pool and attains an R2 >0.9.

Figure 8: Demeaned SCM.
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Note: This figure present the results obtained by using the demeaned GDP following
equation 1.2.
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Figure 9: De-trended output by extracting the pre-Brexit average GDP of
the controls to the treated and control units.
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Note: This figure presents the de-trended series of GDP for both the UK and the
synthetic UK. We have de-trended the series by extracting, to treated and control
countries, the average of the controls’ output in every period of time.

Figure 10: De-trended output by fitting a fourth order polynomial.
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Note: This figure presents the de-trended series of GDP for both the UK and the
synthetic UK. We have de-trended the series by fitting a fourth order polynomial.
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Chapter 2

Assessing the
Heterogeneous Impact of
Economy-Wide Shocks: A
Machine Learning
Approach Applied to
Colombian Firms.

2.1 Introduction

The COVID-19 outbreak has affected the world economy, generating un-
precedented health, human, and economic crises. To face the health cri-
sis, governments implemented social distancing and lockdown policies,
exacerbating supply and demand shocks (World Bank, 2020). In a highly
interconnected world, the impact of the pandemic on international trade
has gained great attention (Felbermayr and Gorg, 2020; Antras, Redding,
and Rossi-Hansberg, 2023; Bonadio et al., 2020; Evenett, 2020).

OThis chapter is based on the work "Assessing the Impact of COVID-19 on Trade: a
Machine Learning Counterfactual Analysis” in collaboration with Marco Duefias, Massimo
Riccaboni and Francesco Serti (see Duerias et al. (2021)).
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Global trade, which is typically more volatile than output and tends
to fall sharply during a crisis, has shown the biggest fall since the 2009
global financial crisis. From the beginning of the COVID-19 epidemic,
scholars underlined that, though its impact on international trade could
have been comparable to the Great Trade Collapse of 2008-2009, this
time, the demand side shock is accompanied by a supply-side shock
(Baldwin and Tomiura, 2020). Moreover, this supply-side effect could
be reinforced by a supply-side contagion via importing/supply chains,
which have grown in relevance during the last decade (Antras and Chor,
2022). In other words, supply disruptions in the countries providing in-
termediate inputs to a given country are likely to hurt also its export per-
formance (Halpern, Koren, and Szeidl, 2015; Navas, Serti, and Tomasi,
2020).

This paper examines the heterogeneous effects of an economy-wide
shock, specifically COVID-19, on export dynamics, with a focus on firm-
level survival in Colombia during 2020. We aim to identify the causal
impact of the pandemic on firms’ likelihood of maintaining their pres-
ence in export markets. Our methodological contribution lies in advanc-
ing causal Machine Learning (ML) techniques to address the challenges
posed by the pervasive nature of an economy-wide shock, which com-
plicates the identification of a traditional control group and the ex-ante
determination of exposure intensity. By employing these ML tools, we
generate accurate predictions of firms’ trade outcomes, enabling the re-
construction of counterfactual trade distributions under various scenar-
ios and facilitating the analysis of treatment effect heterogeneity. We find
that that the COVID-19 shock reduced a firm’s probability of survival in
the export market by approximately 20 percentage points in April 2020.
However, this average effect masks substantial heterogeneity across and
within sectors. Specifically, we observe that smaller firms and those
with greater exposure to severely affected export destinations and im-
port sources are disproportionately impacted by the pandemic’s contain-
ment measures.

Our analysis reveals a critical insight, the degree of geographical di-
versification and involvement in the import market play a pivotal role
in determining the resilience to the COVID-19 shock. This highlights
the strategic advantage held by firms that possess diversified sourcing
locations and engage in import activities. Integration into Global Value
Chains (GVCs) not only safeguards against the disruptive effects of crises,
it also shows how a globally connected and diversified approach sup-
ports export resilience. This evidence points to the importance of sup-
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portive policies like promoting trade agreements, improving infrastruc-
ture, and making regulatory reforms to facilitate trade. These actions
could significantly strengthen sectors that depend on exports, making
them more stable and adaptable during uncertain times, ultimately boost-
ing economic progress and sustainable growth. Understanding the het-
erogeneous effects of economy-wide shocks is a crucial undertaking as
it represents the foundational stage in devising policy interventions in-
tended to mitigate their negative outcomes and reactivate economic ac-
tivities.

Our paper contributes to a growing body of literature that applies
Machine Learning (ML) techniques in the field of international trade.
(Breinlich et al., 2022) employ ML algorithms to analyze the impact of
a large number of trade agreement provisions on trade flows; Che, 2020
uses ML to provide product recommendations to optimize a country’s
export structure. Distinctively, our study is the first to employ ML tech-
niques to analyze firm-level survival in international trade, providing
novel insights into the determinants of firm performance, allowing to as-
sess the heterogeneous impact of economy-wide shocks in the absence of
a control group unaffected by the shock.

Moreover, this paper contributes to the literature using ML to es-
timate counterfactuals (Cerqua and Letta, 2020; Fabra, Lacuesta, and
Souza, 2022). In this literature it is common to estimate causal effects
by comparing the counterfactual predictions with the observed outcome
in case of treatment, following the so-called “consistency assumption”:
if the outcome in case of treatment is observed then it also represents the
potential outcome under treatment. Instead, we follow Chernozhukov
et al., 2020 by using ML techniques to reconstruct firm potential out-
comes in case of no treatment and to predict the outcomes in the treat-
ment scenario. Our findings emphasize the importance of comparing es-
timated counterfactual outcomes with predictions for the treatment sce-
nario (rather than directly with observed outcomes during treatment).
This comparison helps rectify estimation errors resulting from imper-
fectly reconstructing unseen counterfactuals, particularly when the ob-
jective is to determine the factors contributing to treatment effect hetero-
geneity, and not just to estimate the Average Treatment Effect.

Methodologically, this study represents a pioneering adaptation and
application of the generic machine learning framework proposed by Cher-
nozhukov et al., 2020 to contexts where a contemporaneous control group
is unavailable. While traditional settings, such as randomized controlled
trials (e.g., Atkin, Khandelwal, and Osman, 2017), rely on the clear iden-
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tification of unaffected groups, our approach modifies these tools to esti-
mate treatment effects in environments where identifying ex-ante unaf-
fected firms is challenging. This innovation not only extends the appli-
cability of these machine learning techniques but also addresses a crucial
gap in empirical methods for analyzing widespread, systemic shocks.

This paper is connected to the literature on the heterogeneous im-
pact of the COVID-19 shock on trade, De Lucio et al., 2022, Berthou and
Stumpner, 2022, Espitia et al., 2021, and Liu, Ornelas, and Shi, 2021. All
these papers base their identification strategy of the average COVID-19
effect on the cross-country differences in the implementation of lock-
down measures over time and study treatment effect heterogeneity by
focusing on subsamples or interacting the treatment variable with other
possible determinants of heterogeneity. However, we use a different ap-
proach that assumes that all firms are directly or indirectly affected by
this economy-wide shock and that it is very challenging to define ex-ante
a variable summarising the (differential) exposure of firms to COVID-19.
Additionally, our method for estimating the heterogeneity analysis safe-
guards against the risks of overfitting and multiple testing. Among the
possible determinants of heterogeneity, we also consider a firm’s diver-
sification on the export and import side. Therefore, our study is also re-
lated to the international trade literature on the role of diversification in
mediating the impact of adverse shocks (Kramarz, Martin, and Mejean,
2020; Grossman, Helpman, and Lhuillier, 2023; Lafrogne-Joussier, Mar-
tin, and Mejean, 2022).

The remainder of the paper is structured as follows. Section 2.2 de-
tails our empirical strategy. Section 2.3 presents the firm-level data, vari-
ables employed in the analysis, and descriptive statistics. Section 2.4 re-
ports the estimation results, and Section 2.5 summarizes our findings and
discusses the relevance and limitations of our analysis.

2.2 Methodological framework

This section lays out our empirical approach to estimating the effect of an
economy-wide shock on firms’ survival probabilities in export markets
and exploring its heterogeneity based on firms’ observable attributes.
Moreover, in this section, we introduce a methodological advancement
that extends the framework developed by Chernozhukov et al., 2020 to
address situations where a contemporaneous control group cannot be
readily identified. Our approach adapts the generic machine learning
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technique to estimate individual treatment effects in contexts where the
shock or intervention affects a broad set of firms, making it difficult to
distinguish unaffected firms ex-ante. This modification enhances the ro-
bustness of causal inference in settings characterized by widespread or
systemic shocks, offering a valuable tool for empirical research in envi-
ronments with such constraints.

As with any evaluation study, the primary identification task is to
find a counterfactual outcome for the affected units, which is unobserved.
In the presence of an economy-wide shock such as COVID-19, no subset
of unaffected firms can likely be selected as a control group because the
shock impacts, at least indirectly, all firms. Furthermore, even an iden-
tification strategy based on comparing individual firms subject to differ-
ent treatment intensities appears infeasible due to the complex and ex-
ante unknown paths through which firms are potentially exposed to the
treatment. Though we study whether treatment effect heterogeneity de-
pends, inter alia, on measures of the exposure to the COVID-19 shock,!
the intensity of treatment might also depend on other firms’ character-
istics, such as the identity of suppliers and clients, the characteristics of
the traded final product, among many others, that we cannot know in
advance and whose interactions are a priori unknown.?

Therefore, as it is often practised when studying large-scale shocks’
effects, we must employ the information on the pre-shock behavior to
estimate the counterfactual behavior (in the hypothetical situation of the
absence of the shock) during the actual shock. This process involves fore-
casting the future conduct of entities based on their historical behavior,
an application perfectly suited to ML techniques, which are designed for
such out-of-sample prediction tasks.

In line with the reasoning of Varian, 2016, and drawing parallels with
the applications employed by Cerqua and Letta, 2020, and Fabra, Lacuesta,
and Souza, 2022, we harness the predictive strength of ML techniques.
This allows us to construct a hypothetical scenario for firm-level out-
comes during the shock period, using pre-shock data concerning firms’
export behaviors and attributes. We aim to study whether a firm that was
exporting in a given month during the pre-shock year ¢,_; (thatis 2019 in
our specific application) will export again during the same month of the

IThese indexes are described in detail in section 2.3. They are based on firms’ past
export and import activities in different countries and on the time-varying strength of the
virus and the stringency of the policies aimed at mitigating its spread.

2A possible strategy to identify a control group would rely on firm’s statements about
the consequences of the COVID-19 crisis on their activities.
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year of the shock ¢, (that is 2020 in our specific application). The empir-
ical analysis we shall describe is carried out for each month separately
to allow the effects of the explanatory variables (e.g., the hypothesized
determinants of firm export status) to vary throughout the year.3

Let us define the potential outcome under the scenario d € {0,1} for
a firm i at the time ¢ as Y. In this case, d represents an indicator vari-
able signifying the presence of the shock. More precisely, the outcome
of our interest is the firm’s export status, which is equal to one if a firm
exporting at year ¢ — 1 in a given month is also exporting at year ¢ during
the same month (otherwise it will be zero). Note that the regressors, X,
may also be influenced by the presence or absence of the shock.

The initial step in our analysis involves estimating the counterfactual
outcome at t: Y%, . The model we utilize to derive this counterfactual
(and the counterfactual itself) is referred to as the “Shock Unaware Ma-
chine” (SUM), a term acknowledging the ML techniques employed in
constructing the counterfactual and the fact that no information about
the shock is used in the analyses. In particular, we use the outcomes and
covariates observed at t, — 1 and ¢, — 2 to reconstruct Y;° based on the
following assumptions (for ease of notation, we shall omit the subscript
i from this point forward):

1. Neither covariates nor outcomes of t; — 2 and ¢, — 1 are affected by
the shock:

V,=Y"=Y!) X,=X?=X} for t=(t,—1,t,—2) (2.1)

2. Define Y)? = f2(X} ;) +u?, where f(-) is a generic model or func-
tion representing the relationship between explanatory variables
and the outcome in the absence of the shock such that E[Y,?| X} ] =
f2(X{_1). Under (i), fort = t,—1 wehavethatY, _y = f{ _ (X;,—2)+
w9 _; such that E[Y;, _1|X;. 2] = f2_1(Xi,—2). The second as-
sumption states that the function f{ does not depend on ¢, i.e., it
is stable over the two considered years:

foi=1f =1 22)

Therefore, under the above assumptions, we can write V;? = f°(X;, _1)+
uf ,such that B[Y,|X;, 1] = f°(X;,_1), and we can use data on t;—2 and

3A yearly model with month fixed effects would just allow for different levels of the
probability of exporting for each month, e.g. a different constant for each month.
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ts—1toestimate Y ; = fO(X;, o) +u) _, and retrieve f°. By applying
this invariant estimated function to the covariates of ¢, — 1, we can obtain
the predictions for the counterfactual (without the shock) outcome in ¢:

Prediction error ~ Orthogonal error

. N —_—— =
VP =X o) =Y - (Xe,-1)— . (2.3)

In general, the estimated counterfactual outcome at time ¢, denoted
by Ytg, is not a perfect estimate of Y,°. This imprecision arises due to two
aspects: firstly, /0 is not an exact estimate of f° thereby generating a pre-
diction error, which we represent as £ (X;,_1) = f*(X¢,—1) — f2(Xs.—1)
in the above equation. Secondly, there exist other determinants of the
outcome that are orthogonal to the covariates, represented as u{_ in the
formula. The imprecision emanating from the estimation of 9, which
could differ depending on a firm's characteristics X;, 1, can be mitigated
by exploring various ML techniques and employing the one that delivers
the best out-of-sample performance.*

In the application we present in this paper, we rely on the “K-fold”
cross-validation method (with K = 5) to discriminate between the con-
sidered ML techniques. We randomly divide the set of exporters ob-
served in t; — 2 = 2018 (considering the exporting success during the
same month in ¢; — 1 = 2019 as the outcome) into 5 equally sized groups
and obtain the predictions for the firms belonging to a group by estimat-
ing Yao19 = f%(Xa018) + udy9 with different ML models on the firms
belonging to the other groups. Then we compute the accuracy of the
different models for each month and choose the model with the best av-
erage performance across months. Notice that this comparison is entirely
based on the pre-pandemic accuracy of the ML models by comparing the
predictions }72019 with the observed Y5919, not on its merits in predicting
the firms’ outcomes in 2020. Finally, we obtain the Y5, by estimating
Yao19 = f%(Xa01s) + u3y19 On the entire set of 2018 units (also in this case
month by month) and, as shown in (2.3), applying the estimated function
f0 to the set of 2019 units. Given that during the first three months of
2020 Colombia was in practice not exposed to COVID-19 (and therefore
Yao20 = Yao), if assumption (2.2) holds, we expect that in those months
the accuracy of the predictions Ya019 obtained in the cross-validation step
for 2019 will be very similar to the accuracy of Y5, for 2020.

4In order to simplify the notation, from now on, we will denote 5;15 (X¢,—1)as Etds.

38



Following Cerqua and Letta, 2020 and Fabra, Lacuesta, and Souza,
2022, we define as an estimator of the individual-specific shock effect o
the simple comparison of the observed outcome under the shock in ¢
with the estimated counterfactual outcome. This comparison is repre-
sented as:

=Y, -V 2.4)

This provides the full distribution of treatment effects.

Starting from Eq. (2.4), by taking the expected value of the individual
treatment effect & for those units with Xt.—1 = x¢,—1, we can define the
following estimator of the conditional average treatment effect (CATE;
the average effect for those units with X019 = x2019) as

E[4|X,, 1 = a0, 1] = B[V, = Y2) — & —uf | Xy, 1 =20, 1] =
= A(Xt,-1=1,-1) —B[E] | X1, -1 = 3, 1] — Blug, [ Xe, 1 = 34, 1],
N—— ————

CATE =0 by assumption
where,

A(Xi,—1 = m,-1) = B[Yy, = V)| X¢,1 = @, 1]
2.5)

Therefore E[4] identifies the unconditional average treatment effect, E[A(X;, )] =
A, if on average the prediction error is zero: E[£} ] = 0. The conditional
average treatment effect, A(X,,_1 = z;,_1), is identified by E[c:y|Xt5,1 =
xy,—1] if on average the prediction error is zero in the relevant sub-sample:
E[Eg |th_1 = -Tts—l] = 0.
Now let us decompose the outcome observed in ¢; in the presence
of the shock, Y}, in a generic model or function f'(X} _;), which rep-
resents the relationship between explanatory variables and the outcome
during the shock, and other determinants of the outcome, “21?5' that are
orthogonal to the covariates

V=X )+, st EYHX )= fUX ). (26)
GiventhatY,! =Y; and X/ | = X; i, then

Yy, = f{(Xe—1) +up, st EYL X )= (X ). (27)

At this point, we can define an alternative estimator of the individual-
specific shock effect « as the comparison of the predicted outcome under
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the shock in ¢, with the estimated counterfactual outcome for a given
firm:

a=Y, -V, (2.8)
whereV;, = f1(X,,_1) = Y;, — &L —u}_ . We call “Shock Aware Machine”
(SAM) the model that we use to predict Y;, (and the predictions Y;, them-
selves). The term “Shock Aware” is employed because this model lever-
ages information from the observed shock scenario. Importantly, the pre-
dictions from SAM are generated in a metric that allows them to be di-
rectly compared with the estimated outcomes (that do not account for
the shock), which are produced by the SUM.S

In our application, the SAM expresses the outcome in 2020 of ex-
porters operating the foreign market in 2019 as a function of their char-
acteristics in 2019 and the information about governments’ shock-related
stringency measures all over the world coming from Hale et al., 2021.°
Similarly to the procedure followed to select the best-performing SUM,
we rely on a 5-fold cross-validation strategy to obtain a 2020 prediction
for each firm that exported in 2019. We randomly group the 2019 ex-
porters into five equally sized subsets and we predict the 2020 outcomes
of the firms contained in one subset by using the information of firms
contained in the remaining four subsets. In other words, we train the
models on a random 80% of the data and test them on the remaining
20% and we repeat the process five times for each different 20% subset,
thus obtaining a 2020 prediction for each 2019 exporter.

Starting from Eq. (2.8), by taking the expected value of the individual
treatment effect & for those units with X; 1 = z;,_1, we can define
the following alternative estimator of the conditional average treatment
effect (for those units with X; 1 = z;,_1)

E[6| X1, 1 = x¢, 1] =E[(Ye, - Y2) — (&, — &) — (us, — ug,)| Xe, -1 = x4, 1]
=A(Xi,o1 =x,-1) —E[(EL, — &) [ Xtoo1 = e,1]—
—_— ——
CATE AE

Efu;, — ug, | X1, 1 = ¢, -1].

(2.9)

5Notice that with &, we are comparing a probability (counterfactual) with a binary value
(observed outcome), while with &, we are comparing two estimated probabilities.

%We use the firm-level variables “Containment Stringency Index Export” and “Contain-
ment Stringency Index Import” which combine the country level information on stringency
measures with the exposure of a given firm to the different markets at the export and at the
import side in ts — 1, as explained in more detail in subsection 2.3.1. We do not introduce
these variables explicitly as an argument of f1() to simplify notation.
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Therefore, E[¢] identifies the unconditional average treatment effect, E[A(X;,_1)] =
A, if, on average, the difference in prediction errors is zero: E[AE] = 0.
The conditional average treatment effect, A(X;,_1 = x;,1), is identified
by E[&|X;,_1 = x¢,—1] if on average the difference in prediction errors is
zero in the relevant sub-sample: E[AE|X;,_1 = z4,-1] = 0.
Given the definitions of SUM and SAM, to simplify the reasoning in
the following, we refer to Egs. (2.4) and (2.8), respectively as

A=Y — Ysym =Y — SUM. (2.10)
& =Ysan — Ysum = SAM — SUM. (2.11)

The assumptions behind these identification results are not directly testable
as they are expressed in terms of the expected values of the prediction er-
ror & that is a function of the unobservable counterfactual Y,°. Table 4
distinguishes the five different scenarios concerning the values of £ and
&} that are relevant in determining whether applying the statistic T to
Y — SUM and SAM — SUM is able to recover the corresponding treat-
ment effect estimand (e.g., whether averaging the estimated individual
treatment effects would recover the average treatment effect).

Table 4: Identification of generic functions of the individual treatment ef-
fects, T, according to the corresponding value taken by the prediction er-
rors.

T(SAM — SUM) T(Y — SUM)

T[E!]#0and T[E)] =0 X v
T, =T[E)] = v v
T[E!]=0and T[E)] # 0 X x
T[E; ] :T[Efs] #0 v X
T[EL] #TEL]#0 X X

The estimators based on Y —SUM identify the population parameters
when T[£Sy,,] = 0. The estimators based on SAM — SUM are unbiased
whenever T[E}yo0] = T[EY20). Under the assumption that the strength
of the COVID-19 effect on export propensity was at most very limited
during the first quarter of 2020, we will use the out-of-sample predic-
tion errors for the first quarter of 2020 as a proxy for the unobservable
behavior of £9y,, in the following months. Moreover, as explained in
detail in section 2.4.2, the distribution of the estimated treatment effects
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during the first quarter will be used to check the credibility of the above
assumptions for the set of all 2019 exporters and for different subsets of
2019 exporters defined according to their characteristics X019 or to their
position in the distribution of such effects.

As a final step, we perform the heterogeneity analysis by adapting the
Sorted Partial Effect (SPE) method introduced in Chernozhukov, Ferndndez-
Val, and Luo, 2018. Formally, the SPEs are defined as percentiles of the
Treatment Effects (TE) and can supply a more detailed summary of the
distribution of TE than the Average Treatment Effects (ATE), commonly
employed in econometric analysis. The SPEs are defined as

th _ percentile of a. (2.12)

a*(u) =u
In our setting, o*(u) is a function of X, _; defined over its distribution
in the population of t; — 1 exporters.

The SPEs are used to do a classification analysis (CA) that allocates
the ts — 1 exporters into two groups, the most and the least affected by
the shock, according to whether their « are lower than o*(25) or greater
than o*(75), respectively. Notice that, since the shock effect is negative,
we have defined as the most (negative) affected units those whose « lie
in the left tail of the sorted distribution of treatment effects. Finally, to
study the determinants of treatment effect heterogeneity, we focus on
the difference in means (CADif f) of the X;_ _; across the most and least
affected groups. In the estimation, we use sample analogues of a*(u)
and CADiff. We calculate standard errors of o*(u) and CADif f by
bootstrapping the entire estimation process, starting from the initial «
estimation step.

The application of the SPE technique presents several advantages in
our setting. First, the estimated o*(u)s provide a summary of the dis-
tribution of the estimated treatment effects and, therefore, of treatment
effect heterogeneity. Second, it can be used to identify a subgroup of
the population that is more affected by the treatment and to study how
the heterogeneity of the treatment effect depends on observables without
imposing (additional) functional form assumptions. Third, it provides
p-value adjustments to account for joint testing of all the covariates con-
sidered in the CADif f final step, which is aimed at detecting if observ-
ables are associated with treatment effect heterogeneity. In other words,
the main idea is to test the null hypothesis of no difference between the
value of the covariates in the most and the least affected groups because
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we conduct simultaneous inference on multiple variables.”

Our methodology for estimating individual treatment effects and con-
ducting heterogeneity analysis closely aligns with the general machine
learning framework proposed by Chernozhukov et al., 2020. However,
our approach has been specifically adapted to address scenarios where
a contemporaneous control group is absent—i.e., where identifying ex-
ante firms unaffected by the shock is challenging. This adaptation, as
further detailed in Section 2.2.1, allows for robust inference despite the
lack of a clear control group, making it particularly suited for the unique
characteristics of our empirical setting.

2.21 Methodological comparison with Chernozhukov et
al., 2020

We demonstrate that our empirical strategy is grounded in the same
foundational principles as those outlined by Chernozhukov et al., 2020,
yet it is applied to a distinct empirical context. To aid in clarifying our
approach, we refer to Figure 11, which offers a simplified illustration of
our specific empirical setting.

Chernozhukov et al., 2020 deal with an experimental empirical set-
ting in which one can easily separate a treated group from a control
group. In order to study the heterogeneity of the average treatment ef-
fect, the first step of Chernozhukov et al., 2020 is to split randomly the
sample under analysis in an auxiliary (4) and a main sample (1) of ap-
proximately the same size. Then, they employ ML techniques to learn
in A the function approximating the potential outcomes in the treatment
and non-treatment scenarios, while M is used to make inferences on the
key features of treatment effect heterogeneity. In other words, they esti-
mate the function describing the outcome in case of treatment (no treat-
ment) on the subset of treated (non-treated) firms contained in A. These

"Starting from B bootstrap replications of all the estimation steps (including the pre-
diction stage), we calculate the CADiff B times. To determine the significance of the
CAD:if f we perform a two-tailed test. The p-values are constructed as follows:

2 - mun{Pr(S > t|Hp), Pr(S < t|Ho)}

being t the observed t test statistic, ¢ = M , drawn from the unknown distri-
bution S. & represents the standard deviation of the bootstrapped CADif f. To adjust the
p-values and obtain the joint p-values taking into account that we are testing hypotheses
jointly on many covariates, we reproduce the “single-step” method employed by Cher-
nozhukov, Ferndndez-Val, and Luo, 2018 to control for the family-wise error rate.
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two estimated functions are used to impute the two potential outcomes
for each firm contained in the M sample (the difference represents the
estimated individual treatment effects) and study the treatment effect
heterogeneity estimated for these firms by using, inter alia, the Sorted Ef-
fects method (Chernozhukov, Ferndndez-Val, and Luo, 2018). This pro-
cedure is designed in this way to avoid overfitting (i.e., doing learning
and prediction using the same sample), and, starting from the random
splitting, it is repeated many times in order to obtain many distributions
of estimated treatment effects to which the Sorted Effects method is ap-
plied.

Figure 11: Empirical Setting - SUM vs. SAM vs. Chernozhukov et al., 2020
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Note: A simplified representation of our empirical setting in which we compare the
methods used in the present paper to those described in Chernozhukov et al., 2020.

As an example, in Figure 11, we represent 20 exporting firms ob-
served in 2018 or in 2019. In the context of our setting, the strategy of
(Chernozhukov, Ferndndez-Val, and Luo, 2018) would imply that the
2019 sample, for which we are interested in estimating the average treat-
ment effect, should be divided in two, as shown in the last column of
Figure 11. However, in the COVID-19 scenario, one cannot easily sep-
arate treated and control units because COVID-19 imposes a, at least
indirectly, treatment over all units, hence preventing the possibility of
discerning between treated and controls.®

8Furthermore, even if we assume that during the first three months of the year there was
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Moreover, with respect to Chernozhukov et al., 2020, in our empirical
setting, we do not have the necessity to predict the outcome of controls
in the case of “no treatment” because we are not interested in estimating
the COVID-19 effect on 2018 exporters. Therefore, we do not have to split
the controls observed in 2018 in two halves to avoid overfitting and this
enables us to reconstruct a counterfactual outcome of no treatment for
each 2019 exporter without incurring in overfitting problems. Therefore,
in this paper for the SUM we use as an auxiliary sample all the Colom-
bian exporters observed in 2018 (A) and as the main sample (A1) all the
Colombian exporters observed in 2019. For the SAM, we perform in-
stead a K-Fold splitting in which, iteratively we select 80% of the firms in
2019-2020 as being part of A and the remaining 20% as being part of M.
This is shown in the column “Our Setting (SAM)” of Figure 11, where
different A (and, accordingly different M) groups are selected accord-
ing to the different colors of the dashed circles. In this way we avoid
overfitting problems and, at the same time, we exploit all the available
data by being able to compare the predicted probabilities to export in the
COVID-19 with those in the non-COVID-19 scenario for all the observed
2019 exporters.

2.3 Data

This study focuses on the social and economic disruption caused by the
COVID-19 pandemic and its effect on Colombian exporters. This global
health crisis served as a notable example of a large-scale economic shock
that profoundly impacted global trade, with the dynamics of exporters
in Colombia being significantly affected. Applying our machine learn-
ing strategy to data collected from Colombian exporting firms during
this period can yield substantial insights into how such entities adapt
and persist in the face of such extensive disruption. This provides an un-
derstanding of market resilience and firm survival dynamics in the con-
text of global trade shocks. By grounding our research in a tangible case

no COVID-19 effect going on, and therefore we categorize as non-treated (treated) firms op-
erating in those months (in the other remaining months), and we use the non treated firms
in the auxiliary sample to learn, it would be problematic to use the learning outcome in case
of no treatment during the first three months to predict the outcome in case of no treatment
for the treated firms that are those in the last 8 months because of the strong seasonality
effects we have. So the outcome during the first three months in case of no treatment would
be very different from the outcome of the last months in case of no treatment just because
of seasonality effects.
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study, we maintain its relevance to the specific scenario while preserving
its potential for broader applications.

We use monthly export transaction data reported at the Colombian
Customs Office (Direccién de Impuestos y Aduanas Nacionales, DIAN)
for 2018, 2019, and 2020. For each transaction, we consider the exporter
ID as the firm identifier; the date; a 10-digit Harmonized System code
(HS) characterizing the product; the product origin within Colombia (de-
partment level); the means of transportation of the shipment; the coun-
try of destination; and, the free on board value of the export transaction
in US dollars. This data set also contains information about the value
and origin country from which a given exporter imports. We remove all
transactions related to re-exports of products elaborated in other coun-
tries. As aresult, we ended up with 386,132 customs reports in 2018 (7741
firms), 402,140 in 2019 (7831 firms), and 365,626 in 2020 (7518 firms).

The left panel in Figure 12 shows the evolution of total monthly ex-
ports during 2019 and 2020. The total monthly value of exports in 2020 is
significantly lower than the one observed for the corresponding month
in 2019, except for January and February. The lockdown measures im-
plemented to contain the COVID-19 outbreak in Colombia and abroad
had a severe impact between April and June-the value in April 2020 is
half of the one observed in April 2019 (47%).

Figure 12: Evolution of total exports and proportion of surviving exporters.
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Note: The evolution of total exports (left) and the proportion of surviving exporting
firms in year ¢t among those exporting in year ¢ — 1 within size classes defined at
t — 1 (right). Firm size classes are based on the quartiles of the firms’ exports (in In)
distribution in a given month.

In a typical month, large firms get a lion’s share of the total exports.
A regular pattern in looking at customs data is that more prominent ex-
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porters trade for many months and ship more frequently than smaller
firms, which make only a few shipments. The right panel in Figure 12
shows the proportion of surviving exporting firms in year ¢t among those
exporting in year ¢ — 1, by size classes defined at t — 1. Comparing the
figures for 2020 with those for 2019, it seems that the COVID-19 outbreak
affected all firms regardless of their size. However, the effect looks pro-
portionally stronger for small firms (Q1 and Q2 of the distribution). In
contrast, larger firms are less affected and recover faster than the survival
rates observed in 2019.

Appendix B.3 shows the growth patterns of the number of exporters
and export volumes between 2019 and 2020 (and, as a comparison, be-
tween 2018 and 2019) segmented by country of destination and prod-
uct sector, offering further insights into the heterogeneous impacts of the
COVID-19 pandemic on Colombian exports.

2.3.1 Control Variables

We classify products at the six-digit level of the HS code. We consider dif-
ferent features of exporters according to their monthly exports: the total
export (and import) value, the number of products (/N P), the number of
export destinations (N.D), the number of import origin countries (NO),
the Herfindahl-Hirschman indexes at the product level (H H,) and the
destination level (H H;), and a set of dummies for the destinations and
origin countries and continents. We create a set of dummies according
to the Colombian department from which the product comes, a set of
dummies for the means of transportation used, and a set of dummies
classifying the product HS-chapter and HS-section. Moreover, we build
two sets of dummy variables indicating whether a firm has experience
exporting in specific destinations and product sectors. We also account
for the accumulated exporting (importing) experience by summing up
the total value exported (imported) during the last twelve months. Fur-
thermore, we create four size dummies classifying firms according to the
quartiles of the firm-level distribution of the total monthly log-value of
exports.

To measure the COVID-19 demand and supply shock, we use the in-
formation on government contention measures coming from Hale et al.,
2021, which consists of four indexes (ranging from 0 to 100) representing
the strength of the measures taken by countries to contain the COVID-
19 outbreak. The authors provide an economic index summarizing eco-
nomic policies (£), a health index summarizing health policies (H), a
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government index describing the strictness of ‘lockdown style” policies
(G), and an overall government response index called stringency index
(S). The value of these indexes ranges from 0 to 100.° We build two
variables at the firm level for each of the four indexes, one at the export
and one at the import side, by taking a weighted average of the country-
level scores according to the proportion of the total monthly value of
exports (imports) that a firm ships (source) in each country in 2019. We
call these firm-level indexes for a firm ¢ “Containment Index; ; .”, with
j={FE,H,G,S}and z = {Imp, Exp}.1°

Our final data set is composed of 1,975 covariates. They are presented
in detail in Table 17 of Appendix C.1.

24 Results

2.4.1 Selection of the machine learning algorithm

We evaluate and contrast the outcomes of several ML techniques against
a benchmark logistic regression, aiming to identify the model with su-
perior prediction performance. The out-of-sample predictive efficacy of
our empirical models is crucial, given our goal to reconstruct an unob-
served counterfactual. The complexity of this task arises from its high
dimensionality and complex interdependencies between firms and prod-
ucts from various sectors and export destinations. While an approach
focusing on in-sample prediction accuracy might overfit, ML techniques
optimally balance the bias-variance trade-off for out-of-sample predic-
tions.!!

We examine four distinct models: Logit, Logit-LASSO, Logit-Ridge,
and Random Forest (RF). The traditional choice for binary dependent
variables, Logit, serves as our baseline. Even though literature often
shows ML techniques outperforming traditional models with numerous
predictors, we have included Logit results for comparison. The main
idea of Logit-LASSO is to mitigate overfitting by introducing a penalty
term in the Logit log-likelihood function that forces the parameters asso-
ciated with the less relevant predictors to be exactly zero. On the other

These indexes are released daily. We average this information at the monthly level.
19The value of the Containment Stringency Index Import for firms that are not importing
corresponds to the value of the Containment Stringency Index for Colombia (as firms are
sourcing all their inputs domestically).
HHyperparameter tuning through cross-validation or other theory-driven methods is
often critical in order to avoid overfitting.
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hand, Logit-Ridge reduces the coefficients of less significant predictors
without eliminating any of them, proving especially useful when many
variables play an important role. The main idea behind Random Forest is
the wisdom of crowds because it combines the predictions of many un-
correlated models (the trees) obtained by randomly re-sampling obser-
vations and explanatory variables.!> For Logit, Logit-Ridge, and Logit-
LASSO models we include interactions between the size of the company
and some of the main product characteristics, industry, sector, means of
transportation as well as with destination country dummies. Notice that
Random Forest uses the variables sequentially and, therefore, with a
large enough number of trees, it is not necessary to explicitly introduce
interactions as explanatory variables, i.e., the model automatically takes
into account the interactions that are useful to accurately predict the
outcome.!® The prediction analysis is repeated for all months between
January-December 2020.

Table 5 shows the accuracy of the model’s predictions through two
widely-used classification performance metrics: Area Under the Receiver
Operating Curve (AUC) and Root-Mean-Square Error (RMSE). The AUC
achieves a value of 0.5 for random predictions and 1 when outcomes are
classified without error. Meanwhile, RMSE’s best score is 0, indicating
optimal accuracy with no fixed upper bound.

The table’s upper part displays the accuracy of predictions for the
probability of exporting in 2019 based on 2018 exporter data, serving as
an out-of-sample performance benchmark in a pre-COVID-19 context us-
ing cross-validation. Here, the Logit-LASSO and RF models arise as top
performers. The table’s middle section also shows the accuracy of mod-
els estimated using the exporters’ characteristics in 2018 to explain their
observed outcomes in 2019; however, these models are now tested using
the set of exporters of 2019 and their observed outcomes in 2020. If the

12Note that it is important to optimize (tune) the hyper-parameters of Logit-Ridge and
Random Forest for an accurate predicting exercise. The hyperparameter to optimize in
Logit-Ridge and Logit-LASSO is )\, which controls the impact of the penalty or shrinkage
on parameters (when A = 0 we are in a Logit scenario when lambda increases the penalty
impact grows). We find the optimal hyper-parameter for Logit-Ridge and Logit-LASSO
by choosing the A that minimizes the mean cross-validated error. One of the main RF
parameters is the number of random trees used. Because of the RF design, it is very difficult
to have over-fitted predictions when using this model. Therefore, we set the number of
trees to a large enough number (500). We find this number is large enough after repeating
the same Random Forest model with a different number of random trees. Even with less
than 500 random trees, the error rate of the model remains unchanged.

13For more information about all the features included to build the SUM and SAM see
Table 17 in Appendix C.1.
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functions f} representing the relationship between explanatory variables
and the outcome in the absence of the pandemic are sufficiently similar
for the pre-pandemic year and 2020 (3,4 and f550, respectively), we ex-
pect that the accuracy of f3,,, in the first three months of 2020 (when ar-
guably no relevant COVID-19 effect is in place in Colombia) to be similar
to that one which is observed during the same months of 2019. Indeed,
during January, February, and March, the accuracy of Logit-LASSO and
RF remains unchanged, as expected, compared to the accuracy obtained
in the upper part of the table. However, a decline in accuracy appears
post-April in the middle part of the tables, demonstrating the challenges
of a model not trained on COVID-19 data, predicting in a COVID-19-
impacted environment.

Models in the bottom part of Table 5 are trained and tested with the
universe of exporters in 2019 and their observed outcomes in 2020. Us-
ing these models, we construct the SAM predictions. The accuracy of
the predictions is very similar to the one obtained with the SUM for 2019
and for the first three months of 2020. Our analysis is crucial to reach
accurate predictions because the unbiasedness of our treatment effects
estimators depends on the quality of the (counterfactual) prediction ac-
curacy. Both the SUM and the SAM show acceptable levels of accuracy
when predictions are made with Logit-LASSO and Random Forest.

2.4.2 Evaluation of the COVID-19 effect

Both Logit-LASSO and Random Forest reach high accuracy levels in the
export status prediction. As explained in section 2.2, the predicted prob-
abilities are used to estimate the average monthly effect of the COVID-19
shock as the monthly average of & (the difference between the firm-level
probabilities of success predicted by the SUM and the SAM.). They are
presented in Figure 13.

Given the presumption that firms suffered a negligible COVID-19
shock impact during the initial three months of 2020, the treatment ef-
fect estimates for this period can be viewed as a placebo test, reminis-
cent of the in-time placebo test routinely employed in Synthetic Control
Methods (Abadie, Diamond, and Hainmueller, 2015). Detecting a signifi-
cant COVID-19 effect in the months preceding the actual economic shock
would suggest that our model mechanically estimates a COVID-19 effect
even in the absence of the stated shock. We conduct these placebo studies
also conditioning on exogenous firms’ characteristics observed in 2019 by
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Table 5: Goodness of Fit for SUM and SAM in 2018/19 and 2019/20

AUC RMSE
Logit-LASSO  Logit-Ridge Random Forest Logit Logit-LASSO  Logit-Ridge Random Forest Logit
Goodness of Fit for SUM in 2018/19

Jan 0.73 053 0.73 0.59 0.40 045 0.41 0.64
Feb 0.70 0.50 0.71 0.58 041 045 041 0.64
Mar 0.70 0.56 0.71 0.57 0.41 0.44 0.41 0.65
Apr 0.73 0.59 0.73 0.60 0.40 0.43 0.40 0.63
May 0.72 0.52 0.71 0.59 0.40 0.44 0.41 0.64
Jun 0.71 0.50 0.72 0.59 0.40 0.45 0.41 0.64
Jul 0.73 0.50 0.73 0.55 0.40 045 0.40 0.66
Aug 0.70 051 0.72 0.58 041 045 0.40 0.64
Sep 0.72 0.50 0.71 0.58 041 045 0.40 0.64
Oct 0.73 0.58 0.74 0.58 0.40 0.44 0.41 0.64
Nov 0.71 0.51 0.72 0.57 0.41 0.45 0.41 0.64
Dec 0.70 0.50 0.71 0.58 0.41 0.45 0.41 0.64
Goodness of Fit for SUM in 2019/20
Jan 0.72 0.53 0.72 0.49 0.41 0.45 0.41 0.75
Feb 0.69 0.50 0.69 0.56 041 045 0.42 0.64
Mar 0.72 0.54 0.73 0.59 0.40 0.44 0.41 0.63
Apr 0.67 0.56 0.66 0.51 0.48 0.50 0.49 0.70
May 0.69 0.51 0.69 0.60 0.46 0.48 0.46 0.63
Jun 0.68 0.50 0.68 0.59 043 047 0.44 0.63
Jul 0.70 0.50 0.69 0.59 042 0.46 0.43 0.63
Aug 0.68 051 0.69 0.58 042 045 0.43 0.63
Sep 0.69 0.50 0.70 0.59 042 045 0.42 0.63
Oct 071 0.59 0.70 0.60 042 045 0.43 0.63
Nov 0.71 0.51 0.71 0.59 0.41 0.45 0.41 0.63
Dec 0.69 0.50 0.69 0.58 042 0.46 0.42 0.63
Goodness of Fit for SAM in 2019/20
Jan 0.73 0.58 0.74 0.50 0.41 0.45 0.41 0.71
Feb 0.70 0.50 0.70 0.49 0.41 0.46 0.42 0.70
Mar 0.73 0.50 0.73 0.50 0.40 0.46 0.40 0.71
Apr 0.74 0.66 0.73 0.52 0.42 0.47 0.42 0.69
May 0.76 0.74 0.77 0.50 0.41 0.46 0.41 0.71
Jun 0.73 0.69 0.73 048 042 0.46 0.42 0.72
Jul 0.73 0.63 0.72 0.51 041 045 0.42 0.69
Aug 0.72 0.50 0.72 0.53 041 0.46 0.42 0.69
Sep 0.71 0.50 0.70 0.55 042 047 0.42 0.67
Oct 0.72 0.50 0.71 0.52 0.42 0.46 0.42 0.70
Nov 0.72 0.52 0.72 0.49 0.41 0.45 0.41 0.71
Dec 0.71 0.51 0.70 0.51 0.41 0.45 0.42 0.70

estimating COVID-19 effects for selected subsamples of firms according
to such characteristics. We interpret these additional placebo studies as
a robustness check on our results on treatment effect heterogeneity.

As shown in Figure 13, the probabilities obtained from the SUM and
the SAM are almost identical on average for January, February, and March.
This result is reassuring since only from March 25, 2020, the Colombian
government implemented a complete and mandatory lockdown. More
in general, we can conclude that our identification strategy is not me-
chanically recovering COVID-19 effects for a period with low incidence
in Colombia and in the rest of the world. We find that the peak of the
COVID-19 effect is in April 2020, when we estimate an average difference
between the predicted probabilities of exporting of nearly 20 percentage
points. In the following months, the estimated average effect declines
with time.

The results indicate that both Logit-LASSO and RF models yield com-
parable performances. Given their good performance and considering
that Logit models are frequently used in similar contexts, we opt for
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Figure 13: Average Treatment Effect (ATE)
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Note: Average Individual Treatment Effect, by months, comparing Logit-LASSO and
RF. Standard errors were obtained with 100 bootstrap replications. Confidence inter-
vals for a 5% significance level.

Logit-LASSO. It aligns with the conventional approaches and offers greater
interpretability as an extension of the traditional model.'

Figure 14 shows evidence of substantial variations in the quarterly
estimated average individual treatment effect by industry. On the one
hand, during the first, third, and fourth quarters of 2020, there is no ev-
idence supporting the existence of sectoral heterogeneity in the COVID-
19 effect, and the COVID-19 shock is economically and statistically in-
significant. Therefore, concentrating on the results for the first quar-
ter, we are able to reject the existence of an effect even within sectors.!

4Non-reported results using RF are equivalent and available upon request.
15We have conducted other similar placebo studies conditioning on other variables (e.g.,
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On the other hand, during the second quarter of 2020, Colombian ex-
porters belonging to almost every industry are found to significantly re-
duce their probability of surviving in the international markets. This de-
cline is particularly pronounced in industries such as Textiles, Footwear,
and Jewelry. However, industries like Food Preparations and Vegetables
saw minimal changes in their survival probabilities due to the COVID-19
shock.

Figure 14: ATE by industry
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Note: The quarterly mean difference in the predicted probability of success (SAM vs.
SUM) by industry, using the Logit-LASSO predictions. Standard errors were obtained
with 100 bootstrap replications. Confidence intervals for a 5% significance level.

2.4.3 Heterogeneity of the COVID-19 effect on Colombian
exporters
In this section, we investigate the determinant of possible treatment ef-

fect heterogeneity. Figures 15 and 16 show the estimated Sorted Partial
Effects (SPE) and Average Partial Effects (APE), which are obtained as

the main destination of exports, the main origin of imports,...) and in all the considered
subsamples we do not estimate any significant effect of COVID-19.
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explained in section 2.2 by month and aggregating all the months, re-
spectively. The two figures also report the 95% confidence intervals with
blue bands for SPE and black dashed lines for APE.

Figure 15: Annual Sorted Partial Effects (SPE) by percentiles (SAM-SUM)
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Note: Annual Sorted Partial Effects (SPE) and Average Partial Effects (APE) of
COVID-19 on Colombian firm export’s status. The treatment effect is calculated as
a difference between SAM and SUM predictions. Standard errors were obtained with
100 bootstrap replications. Confidence intervals for a 5% significance level.

Significant treatment effect heterogeneity is observed for April and
May, with June showing a milder effect. The statistically significant (neg-
ative) estimated values of a*(u) are primarily confined to the distribu-
tion’s left tail. However, from July onwards, the confidence intervals of
the SPEs overlap with those of the APEs, indicating an absence of treat-
ment effect heterogeneity. Interestingly, in the pre-pandemic months, the
SPEs closely aligned with the APEs (estimated to be zero). This demon-
strates that individual placebo treatment effects are not statistically sig-
nificant throughout the distribution, not just on average, reinforcing the
robustness of our methodology across the entire distribution of treatment
effects.

To identify the determinants of treatment effect heterogeneity, we
examine the difference in means (CADif f) of firm characteristics be-
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tween the most and least affected groups in Table 6. These groups are
defined by whether their estimated « is lower than a*(25th) or greater
than a*(75th), respectively. Therefore, we compute the raw difference
in the means of the covariates between the most and the least affected
firms by regressing the variables of interest on a constant and a dummy
q = l{a<a=(25th)} for the observations for which a < o*(25th) or @ >
a*(75th). Then, we also provide the difference in adjusted means once
we have controlled for the firm sector and month of the year. Controlling
for sector and month allows us to perform a ceteris paribus analysis, i.e.,
to dig into the effects of COVID-19 within specific sectors and specific
months.

Table 6 is divided into 3 columns according to the control variables
included in the regressions: in the first column, we show the uncondi-
tional average difference in the firms’ characteristics between the most
and least affected firms; in the second column, we control for the firm
sector; and, in the third column, we control for firm sector and month
of observation. The firm characteristics that we consider to explore the
sources of COVID-19 treatment effect heterogeneity among Colombian
exporters are observed in 2019 (the year before receiving the treatment).
First, we check whether the estimated individual treatment effect (TE)
differs between the firms contained in the two groups by using the TE
as the dependent variable. We then move to firm-sector specific char-
acteristics. In particular, the first set of firm characteristics that we use
as dependent variables are dummies indicating the industry where the
exporters operate.!® We also investigate the CADIff for the means of
transportation and the months when firms operate. Moreover, to ac-
count for the role of diversification patterns, we also consider as depen-
dent variables the number of export destinations (/VD), import origins
(NO), and products (IVP) exported. The weighted Containment Strin-
gency Index that exporters face when exporting (importing) allows us
to study to what extent treatment effect heterogeneity depends on these
measures of direct exposure (to COVID-19 through their activities on in-
ternational markets). A traditional continuous-DID strategy would have

16We aggregate the 22 industries defined in the main analysis as follows. “Agricul-
ture” contains Animals (01), Vegetables (02), Fats/oils (03), and Prepared Foodstuffs (04).
“Chemicals” includes Chemical (06), and Plastics (07). “Manufacturing” contains Machin-
ery (16), Vehicles (17), and Manufactured (20). “Metals” aggregates Mineral (05), Cement
(13), Jewelries (14), and Metals (15). “Special” includes Precision Instruments (18), Arms
(19), Art (21), and Special (22). “Textile” contains Leather (08), Textile (11), and Footwear
(12). Finally, “Wood” aggregates Wood (09), and Paper (10). See Table 16 for the complete
industry names.
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used these exposure variables as treatment variables, assuming that any
COVID effect would emanate through them. Finally, including the total
value exported (imported) by firms —expressed in logarithm- among the
variables for which the CADiff is computed highlights the difference in
the quantities sold (purchased) by most and least affected companies. A
discussion of the main findings follows.

Considering the estimated individual treatment effects (TE) as a de-
pendent variable, we find a negative and significant difference between
most and least affected firms independently of the set of controls em-
ployed. These results show that the most affected exporters-i.e., those
located in the first SPE quartile distribution—experienced a decrease in
the probabilities of exporting between 27.9 and 31.3 percentage points
lower than the one experienced by the least affected firms—i.e., those lo-
cated in the last SPE quartile.

We found significant differences among firms when examining how
different aggregate sectors are affected. For instance, we detect that the
share of textile firms among the most affected 2019 exporters is 16 per-
centage points higher with respect to the one estimated for the group
of the least affected firms. Likewise, there is a difference of 2.9 percent-
age points in the presence of wood exporters between the most and least
affected groups.

We also detect the existence of treatment effect heterogeneity associ-
ated with the means of transportation used by exporters in 2019. On the
one hand, there are 16.8 to 20.4 percentage points more exporters using
air transportation among the most affected than among the least affected
firms. However, there are 19.2 to 23.6 percentage points fewer Colom-
bian exporters using the sea for shipping among the most impacted firms
compared to the least affected ones (Nitsch, 2022).

Looking at the treatment effect heterogeneity associated with months,
the first pattern we notice is that only the months from April to August
have a positive estimated parameter. However, only April and May esti-
mated differences are statistically significant. There are 18.6 to 19.5 per-
centage points (17.7 to 18.2) more firms in April (May) among the most
affected than among the least affected firms. From September to Novem-
ber, the coefficients become negative and significant, indicating the be-
ginning stages of recovery.

To evaluate how ex-ante exporter diversification affects the COVID-
19 effect, we explore the estimated parameters associated with ND, NO,
and NP. We want to investigate whether Colombian exporters” supply
chain diversification and export destination diversification help mitigate
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the COVID-shock. We do not find compelling evidence that ex-ante di-
versification helps to face a shock of this kind, as we can evince from
the estimated parameters associated with ND, N P, and, in the first col-
umn, to NO. Following the reasoning of Lafrogne-Joussier, Martin, and
Mejean, 2022, which exploits the COVID-19 crisis to study the export
consequences of a country-specific supply-side shock by concentrating
on the differential import exposure of French firms to the Chinese early
lockdown, one possible explanation is that firms cannot substitute away
the partner (or the product) under COVID-19. Another possible explana-
tion, which they offer, is that exporters that do not diversify ex-ante can
benefit from some form of ex-post diversification. However, when they
restrict the analysis to homogeneous inputs, Lafrogne-Joussier, Martin,
and Mejean, 2022 find weak evidence of a larger COVID-19 effect for
firms with non-diversified inputs. They restrict the sample to homoge-
neous inputs because they want to analyze the COVID-19 effect among
inputs expected to be substituted. Similarly, once we control for the sec-
tor and, therefore, inter alia, for the fact that some sector has relatively
more diversification potential, the negative estimated difference turns
statistically significant. Indeed, within sectors, the most affected Colom-
bian exporters tend to import from 1.98 fewer countries in 2019 than the
least affected firms. The economic size of this estimate is large as approx-
imately 60 per cent of Colombian exporters are not integrated into global
value chains (they do not import), and the mean of NO is approximately
4.16 origins.

The CADif f estimated when using the Export (Import) Containment
Stringency Index as dependent variables provides insightful hints on the
difficulties of Colombian firms in exporting (importing) to (from) coun-
tries adopting severe stringency measures. In particular, the most af-
fected Colombian exporters face, on average, a higher Export (Import)
Containment Stringency Index than those faced by least affected firms
by 7.18 to 19.51 (7.25 to 20.80) points, depending on the column in the
table.!”

Finally, the least affected firms exported (imported) 156.7% to 176.83%
(614.7% to 1467.3%) more value in 2019 than the most affected firms. As
expected, Colombian exporters trading in larger volumes (in value) are
more resilient under a COVID-19 scenario. As with diversification, the
comparison of the export and import side reinforces the idea that having
more experience in sourcing inputs from abroad decreases the strength

17Remember that the Index ranges from 0 to 100.
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of the shock.

2.4.4 Estimations basedonY — SUM

In this paragraph, following Fabra, Lacuesta, and Souza, 2022 and Cerqua
and Letta, 2020, we use the estimators based on Eq. (2.10). These estima-
tors capture the differences between the observed outcome, Y (binary
variable accounting for the success of a Colombian exporter in 2020),
and its counterfactual predictions (SUM). Figure 17 shows that the av-
erage individual treatment effect for COVID-19 is very similar when the
individual treatment effect is estimated as the average of & (black line,
SAM — SUM) or as the average of & (yellow line, Y — SUM). As shown
in Figure 17, when the interest lies in estimating the average treatment
effects (by months in this case), the results based on Y — SUM do not dif-
fer from those obtained by using SUM — .S AM. We obtain similar results
for the two methodologies also in terms of conditional treatment effects
based on subgroups defined on firm characteristics (e.g., by industry or
main export destination country).

The fact that the two estimators consistently find zero estimated ef-
fects for all 2019 exporters (and for subgroups based on the values of
individual observables) during the first quarter suggests that the esti-
mation error of both SUM and SAM, & and &; respectively, goes to zero
when we average the individual treatment effects across the whole distri-
bution of 2019 exporters (or in subgroups defined by one of the possible
dimension of treatment effect heterogeneity defined by observables; e.g.,
by industry or main export destination country).

However, since our goal is to identify the main dimensions of treat-
ment effect heterogeneity by classifying units with the highest and low-
est estimated treatment effects, we need also to evaluate how well these
alternative estimation strategies perform in identifying treatment effects
at the extremes of the distribution of treatment effects. Figure 18 shows
the average of the estimated treatment effects obtained with the two esti-
mators for the observations whose estimated treatment effects (by using
Y — SUM) are contained in intervals defined by two consecutive values
of the estimated percentiles of Y — SUM.

On the one hand, the estimator based on Y — SUM is also identifying
significant treatment effect heterogeneity in the first quarter, suggesting
that the distribution’s estimation error, &, is not zero on average in the
tails. Moreover, the shape of the Y — SUM curve is similar across quar-
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ters, suggesting that this estimation method will be prone to misclassify
units when using the Sorted Effects strategy suggested above. On the
other hand, in the first quarter, the shape of the SAM — SUM curve is
flat, showing a constant average estimated effect that is zero along the
whole distribution of the Y — SUM estimated effects, suggesting that by
using the SAM we are able to wash out the estimation error of the SUM
because &; = &.

This behavior of the estimators based on SAM — SUM is consistent
with the results shown in Figure 16 for the Sorted Effects analysis. Figure
19 shows that the intuition on the inadequacy of the Y — SUM-based
estimators to identify treatment effects on the tail of the distribution is
also confirmed by the Sorted Effects analysis based on this estimation
strategy. When using the Y — SUM individual level estimates to feed
the SPE methodology, we find economically and statistically significant
effects of the COVID-19 shock all along the percentile distribution in the
first quarter. While it is true that, on average, & tends to be zero across all
observations, these findings suggest that this is not true when we focus
on specific segments of the treatment effect distribution, particularly in
the tails.

Table 7 presents the classification analysis results on the sources of
treatment effect heterogeneity when the CADif f is estimated using the
(Y — SUM) approach. For all the firm characteristics we examined, we
found no statistically significant difference between the most and least
affected groups. This is consistent with the inability of the Y — SUM ap-
proach to consistently estimate treatment effects in the tails of the a’s dis-
tribution and, consequently, to identify the groups of the most affected
and the least affected firms. In other words, such groups will be contam-
inated by the inclusion of firms wrongly classified due to the estimation
error &.
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Figure 16: Sorted Partial Effects (SPE) and Average Partial Effects (APE) on
exporter status

Jan Feb Mar Apr

0.50-
0.25-

0.00- 2

-0.25-

I
o
133
=}

|
<
3
a

o
o
=}

o
N
o

o
=}
S

-0.25-

-0.50-

-0.75-

Sep Oct Nov Dec
0.50-

Change probability to export due to COVID-19

o
N
a1

-0.25-
-0.50-

-0.75-

0 25 50 75 100 0 25 50 75 100 0 25 5 75 100 0 25 50 75 100
Percentile index LASSO

Note: Monthly Sorted Partial Effects (SPE) and Average Partial Effects (APE) of

COVID-19 on Colombian firm export status. The treatment effect is calculated as

a difference between SAM and SUM predictions. Standard errors were obtained with

100 bootstrap replications. Confidence intervals for a 5% significance level.
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Table 6: Estimated differences in means of the estimated treatment effect
and other covariates between the group of more affected and the group
of less affected firms (C'ADif f) applying the classification analysis to the
SAM — SUM estimates

Outcome variable 1) 2) 3)

TE —0.3130***  —0.3060*** —-0.2790**
Agriculture -0.1940

Chemicals -0.0057

Manufacturing -0.0092

Metals 0.0134

Special 0.0056***

Textile 0.1600***

Wood 0.0292***

Air 0.2030* 0.1680*** 0.2040***
Land 0.0340 0.0249 0.0170
Sea —0.2360***  —0.1920*** —0.2200***
Jan -0.0738 —0.0766***

Feb -0.0710 —0.0768"**

Mar -0.0751 —0.0773***

Apr 0.1860*** 0.1950***

May 0.1770*** 0.1820***

Jun 0.0754 0.0784***

Jul 0.0132 0.0159

Aug 0.0021 0.0008

Sep —0.0412***  —0.0406**

Oct —0.0604***  —0.0609**

Nov —0.0723***  —0.0763**

Dec -0.0557 —0.0621**

Number of export destinations (ND) -0.1990 -0.1640 -0.2480
Number of import origins (NO) -1.7470 —1.9820"** —2.4440**
Number of exported products (NP) 0.2400 -0.2570 -0.3440
Containment Index Stringency Export ~ 19.3600***  19.5100*** 7.1800*
Containment Index Stringency Import ~ 19.1100***  20.8000*** 7.24907**
Value Exported (log) —0.5110*** -0.4490 —0.5700*
Value Imported (log) —1.8160"**  —2.2020"** —2.6860""*
Deviation from sectoral mean v v
Deviation from monthly mean v

Notes: column (1) does not include sector or month variables in the regression; column (2)
includes sectors in the regression; and, column (3) includes both the sector and month vari-
ables. *** means significant at 1%, ** at 5%, and * at 10%. Standard errors are obtained by
bootstrapping the whole estimation process, and joint p-values are adjusted to consider the
simultaneous testing of all variables. We group the 22 industries as follows. “Agriculture”:
Animals (01), Vegetables (02), Fats/oils (03), and Prepared Foodstuffs (04). “Chemicals”:
Chemical (06), and Plastics (07). “Manufacturing”: Machinery (16), Vehicles (17), and Man-
ufactured (20). “Metals”: Mineral (05), Cement (13), Jewelries (14), and Metals (15). “Spe-
cial”: Precision Instruments (18), Arms (19), Art (21), and Special (22). “Textile”: Leather
(08), Textile (11), and Footwear (12). Finally, “Wood”: Wood (09), and Paper (10). See Table
16 for the complete industry names.
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Figure 17: ATE Comparison (SAM-SUM) vs. (Y-SUM)
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- SUM) by month, using Logit-LASSO predictions and (SAM vs. SUM). Standard
errors were obtained with 100 bootstrap replications. Confidence intervals for a 5%
significance level.
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Avg. Estimated treatment effect in Jan-Mar 2020

Avg. Estimated treatment effect in Jul-Sep 2020

Figure 18: ATE Comparison by percentiles (SAM-SUM) vs. (Y-SUM)
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Note: Estimated average treatment effects (SAM — SUM, red line, and Y — SUM,
blue line) by quarter for observations contained in intervals defined by the estimated
percentiles of Y — SUM.
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Figure 19: Monthly Sorted Partial Effects (SPE) by percentiles (Y-SUM)
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Note: Monthly Sorted Partial Effects (SPE) and Average Partial Effects (APE) of
COVID-19 on Colombian firm export’s status. TE is calculated as a difference be-
tween the observed outcome (Y') and SUM predictions. Standard errors were ob-

tained with 100 bootstrap replications. Confidence intervals for a 5% significance
level.
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Table 7: Estimated differences in means of the estimated treatment effect
and other covariates between the group of more affected and the group of
less affected firms (CADif f) applying the classification analysis to the Y —
SUM estimates

Outcome variable [ﬁlf) /3?} ﬂisf)
TE -1.0910  -1.0930*** -1.0710
Agriculture -0.0616

Chemicals -0.0192

Manufacturing 0.0112

Metals 0.0109

Special 0.0059

Textile 0.0486

Wood 0.0041

Air 0.0411 0.0271 0.0289
Land 0.0086 0.0062 0.0068
Sea -0.0482  -0.0321 -0.0343
Jan -0.0190  -0.0189

Feb -0.0242  -0.0237

Mar -0.0181  -0.0181

Apr 0.0631 0.0630

May 0.0620 0.0612

Jun 0.0166 0.0167

Jul 0.0033 0.0028

Aug -0.0050  -0.0053

Sep -0.0169  -0.0167

Oct -0.0216  -0.0208

Nov -0.0218  -0.0222

Dec -0.0183  -0.0181

Number of export destinations (ND) 0.3310 0.3470 0.3306
Number of import origins (NO) 0.0350  -0.0595 -0.1077
Number of exported products (NP) 0.6050 0.4670 0.4275
Containment Index Stringency Export  -0.2280  -0.0264 0.9690
Containment Index Stringency Import -4.2180  -4.4910 -0.0520
Value Exported (log) -0.2700  -0.2760 -0.1800
Value Imported (log) -0.0910 0.0296 0.0040
Deviation from sectoral mean v v
Deviation from monthly mean v

Notes: column 1 does not include sector or month variables in the regression; col-
umn 2 includes sector in the regression, and, column 3 includes both the sector and
month variables. *** means significant at 1%, ** at 5%, * at 10%. Standard errors
are obtained by bootstrapping the whole estimation process and joint p-values are
adjusted to take into account the simultaneous testing of all the variables.
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2.5 Concluding discussion

In this paper, we evaluate the effects of an economy-wide shock such
as COVID-19 on a firm’s export behaviour, identifying the most affected
subpopulations and the sources of treatment effect heterogeneity in sce-
narios where a credible control group is unavailable, and it is difficult to
define ex-ante the varying degrees of exposure to a shock for each eco-
nomic agent.

From a methodological point of view, we show practitioners how to
apply the generic ML tools proposed by Chernozhukov et al., 2020 to
a context in which there is no control group available; we suggest how
to use in-time placebo tests to check the credibility of counterfactual es-
timates. Furthermore, we provide evidence indicating that in a Sorted
Partial Effects analysis, in which the focus lies on the tails of the distri-
bution of the treatment effects, it is critical to correct the estimation error
arising from the necessarily imperfect reconstruction of the unobservable
counterfactual in order to estimate the causal effect heterogeneity. While
this method is specifically designed for analyzing the heterogeneous im-
pacts of economy-wide shocks, it is conceivable that the construction of a
counterfactual for all units could extend its applicability to less extreme
scenarios characterized by the presence of general equilibrium effects.
In such contexts, this empirical framework facilitates the examination of
potential indirect effects stemming from policies and shocks, without the
prerequisite assumption of an a priori defined control group of untreated
units.

Using data from the Colombian customs office, we estimate that, dur-
ing 2020, on average, the COVID-19 shock decreased a firm’s probability
of surviving in the export market by about 15 to 20 percentage points in
April and May and by approximately 5 to 8 percentage points in June and
July. By analysing the estimated treatment effect distribution, we reveal
that these average results hide considerable heterogeneity. For instance,
in April 2020, we find that for some exporters COVID-19 decreased their
survival probability by 55 percentage points. We identify the firms most
and least affected by COVID-19 and we compare their characteristics by
integrating the Sorted Partial Effects methodology with our causal ML
approach.

Moreover, our findings underscore the role of diverse import strate-
gies in fortifying exporters’ resilience during crises like COVID-19. In-
tegration within Global Value Chains (GVCs) —measured by both the
number of countries from which exporters source and the value of im-
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ports—emerges as a pivotal role in buffering exporters against the shocks
induced by unforeseen events like the global health crisis. Given these
compelling findings, we advocate for a strategic policy focus, where pol-
icymakers should recognize the critical role of fostering and supporting
diversified import strategies among exporters as a cornerstone of fortify-
ing exporters’ resilience. This recognition could fuel the development of
policies aimed at facilitating and incentivizing broader and more diverse
import networks. Measures such as trade agreement promotion, infras-
tructure development or regulatory reforms, have the potential to sig-
nificantly contribute to the stability and adaptability of export-oriented
sectors in the face of future uncertainties, thereby reinforcing economic
resilience and sustainable growth.

Finally, in this paper we also demonstrate that ML methods can be
applied successfully to predict firms’ trade potential. We consider ML
methods a promising tool to assist firms and public agencies in their ex-
port decision-making processes. The bulk of countries possesses export
promotion agencies whose objective is to sustain firms” internationaliza-
tion activities by lowering the costs of information acquisition (Broocks
and Van Biesebroeck, 2017; Munch and Schaur, 2018).

Given that exporters’ dynamics can be understood as a complex learn-
ing process dense of interdependencies (complementarity or substitutabil-
ity) between products and destination markets (from the perspective of
technology/knowledge, local tastes, legal requirements, and marketing
and distribution costs)'® and that ML techniques have been successfully
applied to predict firm performances in such settings, we believe that an
important avenue for future research is to test the effectiveness of using
these techniques and firm-level data to build recommendation systems.

18In the core competence model by Eckel and Neary, 2010 the focus is on process in-
novation and productivity: each firm has a core product in which its productivity is the
highest and bears adaptation costs to produce different products. In Montinari, Riccaboni,
and Schiavo, 2021 (page 4), instead, product innovation and cumulative growth are cen-
tral: to enlarge the portfolio of produced and exported goods, firms have to invest in R&D
and “ the more products a firm has, the more resources it can devote to develop addi-
tional goods.” Hidalgo et al., 2007 and Jun et al., 2020 study bilateral trade at the product-
country level and represent the portfolio of goods shipped by countries as a network, the
so-called product space. They define a measure of relatedness between products based on
co-exporting patterns to capture common capabilities and knowledge flow between prod-
ucts. Finally, Morales, Sheu, and Zahler (2019) find that the entry costs a firm has to bear
to start exporting to a new market depend on the similarity of the new destination with
respect to those of the portfolio of markets already reached by the firm (in terms of geo-
graphic location, language, and income per capita) and profit shocks in a market affects
firms’ exports in other markets.
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These systems could help firms identify their latent comparative advan-
tages and provide export diversification and differentiation recommen-
dations.
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Chapter 3

Exports” Survival in New
Markets: A firm-level
export recommendation
model.

3.1 Introduction

Export promotion activities (EPA) are essential in supporting firms’ ef-
forts to enter and succeed in international markets. These initiatives can
take various forms, ranging from financial support, such as subsidies
and credit lines, to information dissemination. Information-sharing ef-
forts often include organizing trade fairs, facilitating connections with
importers, and providing insights on foreign demand and product stan-
dards to reduce trade frictions. The primary aim of these policies is to
lower the fixed costs associated with acquiring market information, thus
enabling domestic firms to explore new markets or products more effec-
tively.

This paper introduces a novel approach within the realm of EPA by
proposing a firm-product market recommendation tool that leverages
past export market entries in Colombia, modeled using Random Forest

OThis chapter is based on my solo-authored work, ‘Exports’ Survival in New Markets:
A firm-level export recommendation model’
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techniques. Unlike traditional EPA efforts, which broadly disseminate
market information, this tool offers tailored recommendations by analyz-
ing the historical entry and survival experiences of exporters in specific
product-markets. This approach diverges from conventional EPA meth-
ods, which often overlook the importance of survival outcomes in mar-
ket entry strategies, as highlighted by Esteve-Perez, Requena-Silvente,
and Pallardo-Lopez, 2013 (page 22), who noted that “export promotion
policies prompting entry into export markets without taking into account
survival may be flawed.” It addresses how firms can benefit from these
data-driven insights when selecting new export destinations, ultimately
enhancing their understanding of demand and supply dynamics. The
broader implications for export product growth and economic develop-
ment in Colombia are also considered.

The development of this recommendation tool is particularly rele-
vant given the persistent challenges faced by exporters, especially in
developing countries. Alvarez, Faruq, and Lépez, 2013 indicate that
firms often under-invest in entering new markets due to their inability
to fully internalize the benefits of exporting, such as positive spillover
effects. This investment below the socially optimal levels highlights the
need for targeted government intervention to facilitate market access.
Moreover, exporters frequently encounter difficulties in accessing com-
prehensive market data (Volpe Martincus and Carballo, 2010), complicat-
ing decision-making processes when venturing into new markets. These
challenges are exacerbated in developing nations, where international
market structures may be underdeveloped, and export promotion bud-
gets are often limited (Olarreaga, Sperlich, and Trachsel, 2020). For in-
stance, in Colombia, large and volatile exit patterns among exporters
have been observed, particularly during global trade shocks (Duenas et
al., 2021).

Information uncertainty plays a crucial role in the premature termi-
nation of many export ventures, as highlighted by Besede$ and Prusa,
2011. This uncertainty underscores the importance of effective informa-
tion dissemination and tailored support. While existing literature has
focused on country-level export recommendations (e.g., Hidalgo et al,,
2007; Che, 2020; Decreux and Spies, 2016), there has been a notable gap
in the development of firm-level market recommendation tools.

This paper makes significant contributions to two key areas of the
literature. First, it introduces the first firm-product-market level rec-
ommendation system designed specifically for exporters, representing a
novel approach in the literature. Second, it provides empirical evidence
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on the positive effects of such tailored EPA on export outcomes. By simu-
lating what would have happened if Colombian exporters had followed
the model’s recommendations for new market entries in 2018, the paper
finds that these exporters would have experienced a 5 percentage point
higher survival rate compared to those choosing different markets. Fur-
thermore, products exported to destinations where at least one exporter
coincidentally aligned with the recommended strategy exhibited signifi-
cantly larger growth compared to those where no exporters followed any
similar recommendation.

These findings align with the broader literature on the positive im-
pacts of EPA on entering new markets (Volpe Martincus and Carballo,
2008; Volpe Martincus and Carballo, 2010; Broocks and Van Biesebroeck,
2017), increasing GDP per capita (Olarreaga, Sperlich, and Trachsel, 2020),
and boosting total exports (Munch and Schaur, 2018). Additionally, this
paper presents preliminary evidence that aligns with prior studies, such
as Békés and Murakozy, 2012 and Esteve-Pérez, 2021, regarding the preva-
lence of exporters participating in temporary trade spells. The findings
suggest that exporters incur temporary trade as a way of experimenta-
tion and to resolve knowledge uncertainty or incomplete information.
This perspective indicates that exporters may exhibit myopic decision-
making processes due to inadequate market information when making
strategic choices about new market entries, potentially leading to sub-
optimal market entry decisions.

Overall, this paper provides Colombian exporters with a strategic
tool to improve survival probabilities and accelerate product export growth,
which could have significant implications for Colombia’s economic de-
velopment and international trade competitiveness.

The paper is organized as follows: Section 3.2 presents the Colombian
firm-level data, the variables used in the analysis, and the export survival
dynamics in Colombia. Section 3.3 outlines the empirical strategy, Sec-
tion 3.4 reports the main estimation results, and Section 3.5 summarizes
the findings and discusses the implications and limitations of the analy-
sis.
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3.2 Data & Export Survival in Colombia

3.2.1 Data

To create the market-recommendation model and assess its impact on
export survival and product growth I will use Colombian export trans-
actions data reported by the Colombian Customs Office (DIAN) for the
years 2006-2020. This dataset tracks each export performed from Colom-
bia to the rest of the world. It includes variables such as the date, the
exporter identifier (NIT), a 6-digit Harmonized System code (HS)! that
describes the product, the Colombian department from which the prod-
uct originates, means of transportation for the export, country of desti-
nation (market), free on board value (FOB), as well as the insurance and
the freight cost in US dollars (CIF).

I remove all transactions related to re-exports of products elaborated
in other countries and all product-market combinations lower than $1000
at firm-level in a given year, following the approach in Fugazza and
Molina, 2016. As a result, I end up with 883, 568 firm-product-market
spell reports in the period 2006-2020 (45, 543 different exporters).

In line with Alvarez, Faruq, and Lopez, 2013, I extract various fea-
tures from the original data set, which I categorize into firm character-
istics (internal information) and market characteristics (external infor-
mation). The internal features include the number of products (N P),
the number of export destinations (/VD), and the number of varieties
(NV) a firm serves in year ¢t. Moreover, the existing literature has firmly
established the presence of interconnected (interdependent) markets, as
demonstrated and modeled by Chaney, 2014, Morales, Sheu, and Zahler,
2019, Alfaro-Urena et al., 2023, and Albornoz et al., 2023. Therefore, I in-
corporate a set of variables that capture the weighted accumulated expe-
rience by destination. In particular, I measure previous experience as the
firm-weigh of previous exported value by destination against the total
previous exported value across all destinations. This inclusion enables
the model to account for the impact of previous experiences and cross-
country complementarities in firm exports. Exporting to certain coun-
tries positively affects the probabilities of firms engaging in exporting to
additional countries as found in Alfaro-Urena et al., 2023. This approach

IThe HS is updated every five years affecting some codes in this analysis that suffered
changes in the years 2007, 2012, and 2017. To keep the products affected in the analysis I
concord the product codes affected by updates, following the methodology proposed by
Van Beveren, Bernard, and Vandenbussche, 2012.
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allows to not only capture whether an exporter had experience in cer-
tain destinations, but also the relative importance of those destinations
in their overall export portfolio. The inclusion of these variables holds
significant importance, given the robust empirical evidence demonstrat-
ing that prior export experience plays a pivotal role increasing both the
probability of engaging in export activities (Alvarez, Faruq, and Lopez,
2013) and the likelihood of export survival (Albornoz, Fanelli, and Hal-
lak, 2016, Esteve-Pérez, 2021). These findings highlight the essential
nature of considering previous export experience as a key determinant
in understanding and predicting export dynamics and export survival.
Furthermore, to account for other learning and maturation patterns, I
design additional firm-level variables. Specifically, I consider whether it
is the first time the firm is exporting a particular product as a dummy
variable to signal any product entry. I also create a variable accounting
for the, firm-level, previous value of exports for that product and for the
number of years that a firm was exporting a given product until period
t-1, as well as the number of years exporting in the past in the same prod-
uct but other markets, and a different product in different markets.

In relation to market information, I incorporate various variables to
capture the size of each market and product. Firstly, I include the num-
ber of firms selling a particular product, in a given market, as well as the
number of firms selling the same product in a specific product-market
combination. Additionally, I include the lagged versions of these vari-
ables to account for any time-dependent dynamics. Moreover, I consider
the number of products available in a specific market to proxy its size,
reflecting the range of product offerings within that market. Similarly, I
include the number of different destinations associated with each prod-
uct to provide insights into the product’s reach and diversification across
markets. Lastly, to assess the significance of a firm’s product within a
market, I incorporate a variable that measures the share of the firm’s
product-market spell over the total product sales in this market. This
variable explains the relative prominence and competitiveness of the firm'’s
product within the overall market. To account for any persistence in mar-
ket share dynamics, I also include the lagged version of the product share
variable.

To create the survival outcome variable it is important to note that
exporters can experience “export amnesia” if they remain inactive for a
period of time, during which they may be unaware of demand shocks in
the market. The evidence provided by Roberts and Tybout, 1997 suggests
that information depreciates rapidly for Colombian exporters who re-
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enter the market after a 2-year period of inactivity. Additionally, Besedes
and Prusa, 2011 find that new export relationships in developing coun-
tries rarely persist beyond two years. These empirical findings support
the adoption of a conservative definition of survival by employing a two
year timeframe for the outcome variable. Furthermore, to address the
potential influence of export inactivity on the exporter’s knowledge and
response to market conditions, a dummy variable is included to capture
whether the exporter has been active in the last two consecutive years,
regardless of the specific product or market.?

3.2.2 Export Survival

In order to establish a clear definition of export survival, it is important
to define the concept of export incursion. Building upon the framework
of Albornoz, Fanelli, and Hallak, 2016, I define market incursion as the
initial entry of an exporter into a specific market (M). Subsequent re-
entries into the same market are not considered incursions. Following
these lines, export survival within a specific product-market (PM) occurs
when the firm continues to export in that PM two years after the initial
incursion. The model in Section 3.3 aims to estimate the probability of
export survival two years after the market incursion.

Figure 20 presents empirical findings regarding the duration and num-
ber of attempts necessary for an exporter to achieve initial survival in a
market (left panel), in a product (center panel), and in a product-market
combination (right panel). Notably, the observed pattern exhibits some
similarities across all three types of survival?® It is observed that firms
that successfully survive typically undertake between 3 and 7 market
incursions and experiment with 4 to 9 different product varieties. How-
ever, a significant proportion of firms (represented by the light blue color)
do not survive during the analyzed time period, and the median exporter
not surviving ventures into only one market, and tries only a single prod-
uct. It is important to note that the empirical visualization only includes
new exporters from 2008 with an annual FOB value in the variety ex-
ceeding $1,000.# Therefore, the findings underscore the significant time

2For a summary of all features see Table 17 in Appendix C.1.

3Survival at the PM level is of particular interest as the initial incursion occurs at the
market level, while the exporter employs one or more products to enter a new market.
Thus, the focus lies on the duration of the variety spell survival.

4Fugazza and Molina, 2016 examined the determinants of export survival using a simi-
lar selection criterion.
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and experimentation required for export survival, involving years of trial
and the exploration of new products and markets.

Figure 20: N. of incursions at PM, M, and years for export survival
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Note: N. of incursions at PM, M, and years needed to survive exporting either at (M),
(P), or (PM) in t + 2, in Colombia (2008-2019) - Only new exporters in 2008, and more
than $1,000 FOB value (as in Fugazza and Molina, 2016).

Table 8 presents data on the annual number of market incursions that
occurred in Colombia between 2008 and 2019.° In 2019, there were ap-
proximately 2,500 fewer incursions and around 900 fewer exporters in-
volved in these incursions compared to 2008. The market-survival rate
of market incursions exhibits variation over the years, ranging from 18%
in 2008 to a peak of 24% achieved by firms entering new markets in
2010. On average, the product-market survival rate of market incursions
stands at 20%. Notably, the product-market survival rate of market in-
cursions surpasses the product-market survival rate of product incur-

5To prevent biased results stemming from observations considered as market incursions
due simply to the initial data years of 2006 and 2007, the analysis excludes these years,
although exporter behavior during these years is also observed.
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sions (as indicated in the last column of Table 8) for each year, with an
average survival rate of 16%.

Table 8: Market incursions, value, and survival rates

Export Value Export Value Mean — # Incursions # Firms alue per incursion atM gyrvival Rate of M Survival Rate of P
Year (millions US$) # Firms _(in thousands US$) atM (incursions at M) _(mean in thousands US$) at PM (1+2) at PM (t+2)
2008 24353 9813 395 12300 5760 158 0.18 0.12
2009 22767 9549 396 10614 5299 112 0.20 0.15
2010 28715 8444 529 9760 4689 572 0.24 0.20
2011 37434 8579 655 9590 4730 386 0.20 0.17
2012 37978 8768 651 9571 4765 302 0.22 0.17
2013 36481 8980 633 9468 4791 219 0.19 0.16
2014 33794 9005 585 9374 4788 202 0.18 0.15
2015 25747 9223 442 10709 5100 167 0.22 0.17
2016 23477 9326 404 9762 5031 117 0.19 0.15
2017 28656 9459 482 9869 5023 182 0.19 0.16
2018 30507 9688 505 10091 5142 138 0.19 0.15
2019 28246 9574 458 9764 4826 133 0.21 0.17

Note: Colombia Exports, 2008-2019. Only yearly exports of more than $1,000 FOB
value. Note: M, P, and PM stand for Market, Product, and Product-Market respec-
tively.

Table 9 presents empirical findings regarding the duration of export
spells for exporters that entered new markets in 2008, aggregating a to-
tal of 12,300 market incursions as demonstrated in Table 8. Interestingly,
more than 66% of new export ventures to different destinations conclude
within the first year of entry. This rate is slightly higher than the corre-
sponding figure for Spanish exporters, as reported in Esteve-Pérez, 2021,
where 60% of new product-country export ventures terminated during
their inaugural year. Besede$ and Prusa, 2011 also finds evidence that
export survival for developing economies is shorter than that for devel-
oped economies. This disparity could possibly be influenced by Colom-
bia’s comparatively lower level of development in international trade.
For instance, Colombian exports accounted for approximately 0.2% of
global trade in 2021, whereas Spanish exports constituted around 1.7%
of global trade in the same year (World Bank, 2021).6 Similarly, Colom-
bia’s trade-to-GDP ratio stood at 48% in 2022, whereas Spain’s ratio was
significantly higher at 81% (World Bank, 2022).” These indicators high-
light the disparities in trade development between Colombia and Spain,
potentially influencing the duration of export ventures in their respective
markets.

Despite the fact that the majority of market incursions in Colombia
terminate within the first year, they exhibit notably higher survival rates
than product entries, as shown in the last two columns of Table 8. This

The global trade data is collected from the WITS dataset from the World Bank.
"Trade to GDP indicators are collected from the World Bank dataset.
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Table 9: Number of incursions, at Market, by duration

Duration 1 2 3 4 5 6 7 8 9 10 11 12+
# Incursions (M) 8184 1902 663 394 251 203 143 90 78 57 43 292

Note: Number of incursions, at Market, by duration. Sample from Colombian export
spells that start exporting in a new market in 2008. Only yearly exports of more than
$1,000 FOB value.

finding highlights the potential for enhancing export survival through
a market recommendation system, given that firms entering new mar-
kets tend to have better chances of survival than those introducing new
products. This suggests that exporters face fewer barriers to sustaining
market entries compared to launching new products, underscoring the
value of focusing on market-level export promotion efforts.

The emphasis of this paper, therefore, is on export promotion at the
market level rather than the product level. Recommending new markets,
rather than new products, not only aligns with the empirical evidence on
survival rates but also has a practical rationale. The dataset used in this
analysis classifies products at the 6-digit HS code level, which can ag-
gregate a wide range of heterogeneous items. For many firms, especially
those in developing economies, it may be more feasible to explore new
destinations than to switch to an entirely new product line without prior
expertise or experience.

This focus on market entry aligns with broader concerns in the litera-
ture. Studies by Besede$ and Prusa, 2006a, Besedes and Prusa, 2011, Hess
and Persson, n.d., and Nitsch, 2009 highlight that trade relationships at
the country level are often short-lived. Similarly, Békés and Murakézy,
2012, and Esteve-Perez, Requena-Silvente, and Pallardo-Lopez, 2013 find
that this short-term nature extends to trade relationships at the firm level.
The frequent interruption of these relationships has been shown to nega-
tively impact economic growth, as demonstrated by Fugazza and Molina,
2016. By addressing these challenges through targeted market recom-
mendations, export promotion strategies can help mitigate the risks asso-
ciated with premature market exits and support more sustainable growth
trajectories.
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3.3 Empirical Strategy

In this section I detail the benchmark model® that will estimate the ex-
porter status after trying a new market that will form the basis to later
construct the recommendation issuer model. Following Alvarez, Farug,
and Lépez, 2013 I define:

}/ipmt-&-Q = aZ{pmt + BWilpmt + 61‘, + 61) + 5m + Eipmt (31)

where,
Y takes value 1 if firm ¢ survived exporting a given product p in market
m in year t + 2 after a market entry in m at period ¢,° 0 otherwise.
Z' contains the variables that are internal to the firm — firm-specific.
W’ contains product and market information variables — firm-external.
37, Op, O, : time, product, and market FE.

In order to utilize this model for prediction purposes, 1 adopt the
standard procedure commonly employed in the field of Machine Learn-
ing (ML). This involves conducting out-of-sample predictions and val-
idating the model’s performance. Considering the temporal nature of
the data, I employ a training and testing approach. The model is fitted
using historical observations (training phase) and subsequently used to
make predictions on future observations (testing phase). It is important
to note that a restriction is imposed, whereby only products included in
the training set are allowed in the testing set. This restriction ensures
that the model does not make predictions for entirely new products, as
the focus lies in predicting survival in new markets. As an additional
assumption in the model, I treat each observation as if it were gener-
ated by a distinct exporter, even though this may not necessarily reflect
the reality. The rationale behind this assumption is that the model cal-
culates a survival probability by leveraging the accumulated knowledge
from comparable market trials in the past, regardless of the exporter’s
identity. Furthermore, the model accounts for the impossibility of a firm
attempting entry into the same market more than once.

To mitigate the absence of firm fixed effects in the model, it is possible
to introduce control variables based on firm productivity. Unfortunately,

8The model only includes exporters trying a new market with at least $1000 FOB value
in the variety tried this year.

9The outcome variable will be also evaluated as the survival at product level, at the
market level, and at exporter level respectively for some exercises.
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the available dataset does not provide any measure of productivity, capi-
tal intensity, or firm size. However, following Alvarez, Faruq, and Lépez,
2013, I use the lagged value of exports as a proxy for productivity.® This
approach is motivated by the observation that larger firms tend to ex-
hibit higher levels of productivity, and firm size is often associated with
the costs of export entry. By incorporating the lagged export value as a
proxy variable, I aim to capture the potential effects of productivity and
firm size on the model’s outcomes.!!

3.3.1 Model Selection

To give an accurate market recommendation the model has to perform
good at predicting correctly the exporter survival cases, called “sensitiv-
ity” indicator in the literature, in a new market, rather than being able to
correctly predict the cases when an exporter does not survive in a new
market, called “specificity” indicator in the literature. However, to avoid
that the model only predicts the survival category (1’s) one should also
look at the “accuracy” measure which gives an intuition on how well
the model does in predicting the two type of outcomes. Therefore, in
this context, it is recommended to focus on accuracy and sensitivity as
measures of goodness of fit (GoF).

In the present study, I employ a Logit model as the natural bench-
mark within the specified context. However, given the intricacies of this
highly-dimensional dataset and the complex, non-linear relationships in-
herent in the features influencing the variable of interest, I seek to enrich
the analysis by comparing the out-of-sample prediction performance of
the Logit model with that of a standard Random Forest, as introduced by
Breiman, 2001. To provide a clearer perspective, the main distinction be-
tween these models using the notation employed by James et al., 2013, is
that in the linear regression framework, the functional form is expressed
as follows:

f(X) = Bo+ ngﬂj (3.2)
=1

10Firm-specific variables such as productivity, as discussed in Roberts and Tybout, 1997
and Bernard and Jensen, 2004, are absent in the dataset utilized for this study. Hence, in
line with Alvarez, Faruq, and Lépez, 2013, productivity is approximated using the lagged
value of exports.

1See Appendix C.1 for a deeper explanation regarding the variables introduced in the
model.
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, where j represents a feature that predicts the export survival prob-
ability. Conversely, the Random Forest (RF) model, and regression tree
methods in general, embrace a different functional form:

M
FX) =" em-lxen, (3.3)
m=1

, where Ry, ..., Ry represents the partition of the feature space. The
RF model aggregates the predictions from multiple random decision trees,
each delineating distinct regions in the feature space, thereby captur-
ing non-linearities and interactions that may elude a conventional linear
framework.

Existing evidence indicates that machine learning (ML) models, such
as Random Forest (RF), offer superior out-of-sample prediction perfor-
mance compared to traditional methods in international trade analysis,
as demonstrated by Duefias et al., 2021. In contrast to the Logit model,
Random Forest exhibits a more opaque nature, often referred to as a
“black box.” Notably, it does not provide estimated signs for individ-
ual independent variables included in the model. However, Random
Forest offers valuable insights in the form of variable importance rank-
ings, which indicate the predictive power of each variable included in
the model. This ranking serves as a measure of variable importance.

Unlike conventional hazard models used for analyzing duration and
survival in trade, such as those by (Esteve-Perez, Requena-Silvente, and
Pallardo-Lopez, 2013, Besedes and Prusa, 2006a, Besede$ and Prusa, 2006b,
Fugazza and Molina, 2016), Random Forest can better accommodate non-
linearities and complex interactions among variables. While traditional
hazard models often rely on linear assumptions, limiting their ability to
capture intricate patterns, the Random Forest approach provides a more
flexible framework for modeling complex relationships and enhancing
predictive accuracy.

Table 10 presents the measures of goodness of fit (GoF) for various
prediction types in the context of export survival. The first column rep-
resents the GoF values for predicting the exporter status following the
exploration of a new market. The second column displays the GoF mea-
sures for predicting the firm-product status after venturing into a new
market. The third column showcases the GoF values for predicting the
firm-market status subsequent to entering a new market. Lastly, the
fourth column shows the GoF measures for predicting the firm-product-
market status following the firm’s expansion into a new market. Con-
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sidering the objective of achieving a model with superior accuracy and
sensitivity measures, the most suitable choice would be Random Forest
(RF) as the preferred model given that High-Dimensional-FE Logit al-
ways presents lower accuracy and sensitivity than RF.

Table 10: Variable Importance - Export Survival after a market entry

Continue exporting, after market entry, in period t+2 with the same...

L Var. id Product Market Product-Market
' mportance
1 NM NM NV Value in PM (t)
2 NV Acc. Value in P (t-1) % Firm’s PM portfolio (t) NM
3 % Firm’s PM portfolio (t) ~ N. years in SP-OM (t-1) NP NV
4 N. years in OP-OM (t-1) N. years in P (t-1) NM % Firm’s PM portfolio (t)
5 N. years in SP-OM (t-1) FP N. firms in P (t-1) N. firms in P (t-1)
6 NP NV N. firms in P (t) N. markets in P (t)
7 Small firm (Q1) % Firm’s PM portfolio (t) N. products in M (t) N. firms in PM (t)
8 Acc. Value in P (t-1) Large firm (Q4) N. firms in M (t) Market Share in PM (t)
9 N. years in P (t-1) N. firms in PM (t-1) Value in PM (t) N. firms in PM (t-1)
10 Experienced exporter Value in PM (t) N. firms in M (t-1) N. markets in P (t)
Random Forest - RF
Accuracy 78% 79% 70% 74%
Sensitivity (1's) 79% 82% 74% 78%
Specificity (0's) 78% 76% 61% 58%
Logit High-Dimensional-FE
Accuracy 75% 77% 64% 64%
Sensitivity (1's) 75% 77% 62% 63%
Specificity (0's) 76% 77% 68% 71%

Note: Variable Importance rank and - exporter status (at firm, firm-product, firm-
market, or firm-product-market level respectively) in period t+2 after trying a new
destination markets. Prediction (2017), train (2010-2016). Variables highlighted in
blue color contain market-related information while variables in black contain firm-
related information.

Interestingly, Table 10 also showcases the variable importance rank-
ing obtained from predicting each dimension of export survival. An
intriguing observation is that variables related to market information
(highlighted in blue) — which could be argued as external to the exporter
— demonstrate greater relevance in predicting firm-market survival and
firm-product-market survival, compared to predicting firm survival or
firm-product survival, where variables containing firm-specific informa-
tion take more relevance.?

12The GoF measures and the amount of market-related variables among the Top-10 most
relevant factors are robust to the iterative removal of 10% variables multiple times as Table
18 in Appendix C.3 shows.
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3.3.2 Recommendation

Table 10 presents empirical evidence highlighting the significance of em-
ploying Random Forest (RF) as a reliable method for accurately estimat-
ing the probabilities of survival in product-destination spells following
market incursions. As previously discussed, the model provides precise
survival probabilities for the specific product-market where the firm ini-
tiated the market incursion. However, it is unable to estimate the proba-
bilities of survival in other potential new destinations. To develop a rec-
ommendation system based on this model, a minor modification is nec-
essary. This modification involves restricting the model’s training phase
to focus on only one of the top 20 destinations. This restriction ensures
an adequate quantity of export trials before providing recommendations
for specific markets. Subsequently, a separate model is fitted for each of
these m destinations (where m= 1, ..., 20). Following the model fit for a
particular market (m), predictions are made in the testing phase, one year
after, for exporters that have never targeted destination m. The rationale
behind this modification is to achieve an exceptionally accurate model fit
that can be extrapolated to similar firms that have not yet explored this
specific market. This approach enables the estimation of accurate prob-
abilities of survival in different new markets, equivalent to estimating a
counterfactual scenario.

3.4 Results

Using the most accurate model presented in Section 3.3.2 I build the mar-
ket recommendation tool, that provides the estimated product-market
probability of survival in each destination, out of the top 20 main des-
tinations, that is new to the exporter. When the probability of survival
associated to product, in a new market, exceeds 50%, the destination is
classified as recommended, and it is attached to the previous combina-
tion of exporter product-market pair. Consequently, a firm’s product-
market spell can be associated with none, one, or multiple destinations
recommended by the model.

The recommendation system generates predictions based on data avail-
able up to 2017, enabling an analysis of whether any exporter decision in
2018 coincidentally aligned with the recommendations made in 2017, de-
spite not having access to these suggestions. This allows me to observe
how firms performed when entering new markets in 2018, and whether
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their choices unintentionally matched the model’s recommendations. Ta-
ble 11 shows that exporters who aligned with the model’s recommended
market in 2018 exhibited a 5 percentage point higher probability of sur-
vival compared to those who exported the same product in 2017 but
chose a different market in 2018. This difference becomes even more
pronounced, rising to 15 percentage points, when compared to exporters
who attempted any new market entry in 2018, not aligned with the rec-
ommendation. Although exporters were unaware of the model’s specific
recommendations for 2017, some exporters may have followed similar
strategies due to their own market analysis or unrelated factors, making
this analysis a valuable back-testing exercise to assess the model’s valid-
ity. Additionally, not every export spell is linked to the recommenda-
tion. Some spells did not receive any recommendation if their predicted
probability of survival was consistently below 50% in of the 20 potential
destination markets. These firms, with lower chances of success in new
markets, might have ventured into other destinations without the benefit
of a guided strategy.

The data clearly shows that exporters who entered markets aligned
with the recommendations achieved significantly higher survival rates
than those who ventured into new markets without aligning to the model’s
guidance. This suggests that adherence to the recommended strategy
could have substantial benefits in improving firms’ long-term export suc-
cess, particularly when firms lack complete market information or make
sub-optimal decisions when selecting new market entry points.

These findings align with prior studies (e.g., Békés and Murakozy,
2012; Esteve-Pérez, 2021)), which suggest that exporters engage in tem-
porary trade as a way to experiment and resolve knowledge uncertainty
or incomplete information. This paper further indicates that such uncer-
tainty may lead to sub-optimal market-entry decisions.

Table 11: Export Survival after adhering to a recommendation

Prob. Survival for each type of export in 2018.
1) E(Survivalig—ag = 1|F Mg = 1) 19%
2) E(Survivalis—g0 = 1|ExpProdiz =1, FMyg = 1) 29 %
3) E(Survivalis—s0 = 1|ExpProdi; = 1, FMis = 1, Recommendation;s = 1) 34 %

Note: Probabilities of survival at product-market (PM) in 2018 under three different
conditions: (1) conditioning on trying a new market (FM), (2) conditioning on export-
ing P in 2017 and trying a new market in 2018, and (3) conditioning on exporting P in
2017 and adopting any market recommendation in 2018.
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Having established that exporters who coincidentally aligned to the
recommendation achieved higher survival rates compared to those who
did not, it is crucial to consider the potential presence of compensation
effects among Colombian exporters, which may not necessarily yield
overall benefits for Colombia. For instance, in the context of Colombia’s
significant flower exports, exporters targeting markets where other ex-
porters have already established a presence can potentially increase their
market share, but this may come at the expense of reducing the market
share of incumbent exporters. Such a situation can result in a zero-sum
or even a negative-sum game. However, Figure 21 provides empirical
evidence indicating that product-market groups where at least one firm
unintentionally matched the model’s recommendations tend to exhibit
higher average growth rates in their respective destinations compared to
products-markets where no exporters matched the recommendation,'?
indicating that following the model recommendation to target new mar-
kets can be a successful form to increase survival rates, while expanding
product growth, for Colombia.

Equation 3.4 empirically tests the findings depicted in Figure 21 by
conducting a regression analysis:

18/17
d

Growth, ;" = ag + a1 - I(AlignRecomm 8d) +éepm (3.4)

1
P,

, where the dependent variable is the product export growth at ag-
gregated level from year 2017 to 2018, and the variable of interest is
the AlignRecomm dummy variable. AlignRecomm takes value 1 for des-
tinations where at least one exporter coincidentally matched the market
recommendation (i.e., exporters who were already exporting the same
product in 2017 but made an incursion in their associated recommended
market, in 2018).

Table 12 corroborates the findings from Figure 21, demonstrating that
products exported to destinations where at least one exporter aligned
with the market recommendation show, on average, a growth rate nearly
30 percentage points higher than the same products in destinations where
no exporter matched any recommendation. This estimation only includes
products that appear in both types of destinations: those where the rec-
ommendation was matched by at least one exporter and those where no
firm aligned to the recommendation during their market entry.

13The definition for product-destination bundles where no firm followed the recommen-
dation includes products that have not received any recommendation from the model.
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Figure 21: Product export growth from 2017 to 2018 after coincidentally
matching a market recommendation in 2018.

Yes -

No -

Products adopting a recommendation

-100 -50 0 50 100
Export Growth (2017-2018)

Table 12: Impact of market recommendation on product growth - OLS

Product Export Growth (2018 vs. 2017)

Constant 8.98
(9.78)
Dest. Aligned Recomm. (any) 29.57*
(13.84)
Observations 176
R? 0.026
Adjusted R? 0.019

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Note: This regression estimates the impact of coincidentally aligning with a market
recommendation, in 2018, on product growth for Colombian exporters.

A total of 88 distinct products at the 6-digit HS code level meet these
criteria. The sample for the regression analysis thus consists of these
88 products, each divided into two groups. The first group includes
all destinations where at least one exporter matched the recommenda-
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tion (AlignRecomm=1), while the second group encompasses destinations
where no exporters aligned with the recommendation (AlignRecomm=0).
This separation allows for a clear comparison of growth outcomes be-
tween destinations where the recommendation was matched and those
where it was not, providing robust evidence of the significant impact that
aligning with market recommendations can have on export performance.

The estimated effect of following the market recommendation may
represent a lower bound, given the limited number of product-market
spells within each of the 88 (AlignRecomm=1) groups. However, this re-
sult should be interpreted as a strong correlation rather than a definitive
causal relationship. This limitation arises from the fact that the regres-
sion analysis does not account for some relevant factors explaining prod-
uct growth, such as the productivity, or employment of firms operating
within a specific product-destination group, which are not provided in
the available dataset. It is worth noting that to check if this correlation
could be potentially be turned into a causal link, one can further explore
techniques such as a Differences in Differences Event-Study via two-way
fixed effect Ordinary Least Squares (TWFE OLS) following Miller, 2023:'4

2019

Growth, ; = Z B X AlignRecomrnp,k_2018 +op+v+epe (3.5)
k=2014

, where I interact the product-market where at least one firm adopted
anew market coinciding with the recommendation issued for firm-products
in 2018 (AlignRecomm), with a year dummy variable §. Growthy, rep-
resents the year-to-year (t) export product (p) growth from 2014 to 2019,
using 2017 as the base year as it coincides with the year before issuing
the market prediction by the algorithm. This equation also controls for
product and time fixed effects. The coefficients after the event has oc-
curred (B, for k > 2018) indicate the product growth effects of adopting
a new market that coincides with the recommendation issued in 2018.

The results coming from the event-study graph depicted in Figure 22
show that start exporting to the recommended destinations before the
recommendation was done is not statistically significant when explain-
ing product growth in the years before the recommendation is issued.
This result reinforces the parallel trend assumption as well as not having
anticipation effects, meaning that products where firms aligned with a

14The Event Study specification will reduce the number of observations as it requires to
compare the same product under treatment and no treatment scenario during more years.
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new recommended market in 2018 did not change their growth dynamic
in anticipation to this change. However, in the year following the recom-
mendation (2018), a compelling case emerges for a potential causal link,
as evidenced by a substantial short-run increase in product growth by
nearly 34 percentage points. This growth can be attributed to a strate-
gic shift in export destination taken from non-myopic exporters, that is
aligned with the export recommendations generated by the algorithm.

Figure 22: Impact of market recommendation on product growth - Event
Study

50

Estimate and 95% Conf. Int.

-50

T T T T T T
2014 2015 2016 2017 2018 2019

Year

Note: This regression estimates the impact of following market recommendations, in
2018, on product growth for Colombian exporters. The regression is equivalent to an
Event Study from 2014-2019.

Alternatively, one can also follow Rosenbaum and Rubin, 1983 us-
ing a Propensity Score Matching (PSM) model as a tool to address the
fundamental problem, not observing at the same time the treatment and
control outcomes, in causal analyses. The results coming from the Event
Study, in this case, could be interpreted as completely equivalent to the
ones obtained following a Propensity Score Matching strategy because
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PSM conducts a product-to-product (exact matching) comparison between
the treated, product-market (p — i) groups at coinciding with recom-
mended markets, and control units, product-market (p — j, where j # i)
groups where there are no exporters trying new markets coinciding with
the recommendation. Table 13 suggests the same estimated result be-
tween PSM and the Event Study in Figure 22. PSM proves to be more
suitable than the OLS regression analysis presented in Table 12, primarily
due to the inherent strength of PSM in rendering comparisons between
units that are comparable. PSM achieves this by exact matching units
at the product level, using the Harmonized System’s six-digit classifica-
tion (6-digit HS). This method juxtaposes the growth of identical product
in destinations where no firm matched any recommendation (control)
with those destinations (of the same product) where at least one exporter
matched some form of destination recommendation (treated). Table 13
presents the results from PSM and suggests that aligning with the rec-
ommendations is associated with an estimated increase of almost 34 per-
centage points in product growth.!®

Therefore, the benefits derived from matching the market recommen-
dation can boost export survival rates as well as product growth for
Colombia, which is in line with Besede$ and Prusa, 2011 that show that
developing countries would experience higher export growth if they were
able to improve their performance with respect to survival rates.

Notably, the 81 products outlined in Table 13 comprise 5.3% of the to-
tal number of products exported from Colombia to new markets in 2018.
However, these products hold significant importance for Colombia, as
they contribute to 80% of the total export value of products exploring
new markets in the same year.!® It is important to note that this study
is constrained by its inability to directly observe the effects of introduc-
ing the recommendation tool to the market and making it universally
accessible. Nevertheless, it can assess the survival rates of Colombian ex-

15This specification of PSM does not control by previous product characteristics as this
model performs exact matching at the product level, and therefore this dimension is com-
pletely absorbed with the PSM specification. However, there is certain degree of hetero-
geneity within each sector that is not assumed by PSM or any other technique, by construc-
tion, as the product is observed at 6-digits HS level. Therefore, PSM assumes certain degree
of homogeneity within each sector.

16Even after excluding fuel products, which are relevant in value, the products aligning
to at least one recommendation still account for 54% of the total export value of products
venturing into new markets in 2018, despite representing only 5.1% of the total number of
products exported from Colombia to new markets that year.
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Table 13: Impact of market recommendation on product growth - PSM

PSM - Product Export Growth (2018 vs. 2017)

Constant 8.53 **
(3.14)

Dest. Follow Recomm. (any) 34.73 *
(14.77)

Observations 162

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Note: This regression uses Propensity Score Matching (PSM) to estimate the impact
of coincidentally matching market recommendations, in 2018, on product growth for
Colombian exporters. The exact matching is performed at product level (6-digit HS).

porters who matched the recommendation compared to those who did
not, providing valuable insights into the efficacy of such a system.

This preliminary evidence may mask potential self-selection bias, as
exporters with better market information could potentially exhibit higher
levels of productivity, as demonstrated in Gorg and Greenaway, 2004,
particularly multinational corporations. If this phenomenon indeed ex-
plains the empirical findings presented in this paper, advocating for the
establishment of a recommendation system accessible to all Colombian
exporters would be warranted.

One of the main challenges in this study is that the dataset utilized
lacks key firm-level financial variables such as productivity and domestic
sales, limiting the ability to fully account for these factors in the analysis.
This omission may affect the precision of the results, as firm productiv-
ity is often a critical determinant of export entry and survival. Addi-
tionally, because the market recommendation system was not followed
by exporters, the number of products entering new markets that align
with the recommended destinations is relatively small. This scarcity of
matched observations presents challenges in generating statistical signif-
icance. Future research could address these limitations by incorporating
more comprehensive firm-level data, such as productivity measures, em-
ployment, and domestic performance. A more detailed dataset would
allow for better identification of the mechanisms through which recom-
mendations impact export outcomes. Moreover, expanding the analysis
to different contexts or periods where firms might actively adopt a rec-
ommendation system could offer richer insights into the tool’s effective-
ness. These avenues hold promise for deepening the understanding of
how tailored recommendations influence exporter dynamics and prod-
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uct expansion after market entry.
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3.5 Concluding discussion

This paper uses Colombian customs data to explain the significance of
market-level information in elucidating future export survival, comple-
menting the traditional importance given to prior export performance.
Therefore, a combination of firm-level information and market-level in-
formation is required to understand future successful export decisions.
Leveraging highly-accurate Machine Learning models, this paper creates
a recommendation tool to simulate an optimal market entry export de-
cision, using complete export market information, for firms trying new
destination markets.

The empirical results provide robust evidence of the potential gains
from following the model’s recommendations. Although firms did not
have access to the recommendations at the time, exporters who, by co-
incidence, entered markets aligned with the model’s suggestion saw a 5
percentage point higher probability of survival (34% survival probabil-
ity) compared to those who selected alternative destinations after previ-
ously exporting the same product (29% survival probability). This differ-
ence widens to 15 percentage points when comparing these exporters to
those entering any new market in the same period (19% survival proba-
bility). These findings suggest that adherence to the model’s guidance,
had it been available, could have substantially improved export survival
outcomes. This underscores the value of the recommendation system in
enhancing firms’ decision-making and increasing the likelihood of ex-
port success.

The positive effects stemming from embracing a potential export rec-
ommendation tool extend beyond individual exporters, positively im-
pacting overall product growth when at least one exporter in a product
category coincidentally follows the model’s recommended destination.
Employing Ordinary Least Squares (OLS) estimation reveals that prod-
ucts entering markets aligned with at least one model recommendation
exhibit a remarkable 102 percentage points increase in growth compared
to products that entered non-recommended markets or lacked an asso-
ciated recommendation. Similarly, a comprehensive Event Study cor-
roborates this result, showing a 35 percentage point increase in prod-
uct growth when at least one exporter followed the recommended des-
tination. Furthermore, a comparative analysis using Propensity Score
Matching (PSM) supports these findings, indicating that products ex-
ported to recommended markets consistently experienced significantly
higher growth than those entering non-recommended markets, and its
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size is in line with the result obtained in the Event Study. These ro-
bust evidence, obtained through multiple analytical approaches, high-
light that products adhering to destination recommendations experience
significantly higher growth compared to growth of same products at des-
tinations without such guidance or recommendations. This evidence un-
derscore the substantial and consistent positive impact of heeding mar-
ket recommendations on product growth within the Colombian export
landscape, had exporters followed the guidance provided by the model.

These results provide preliminary evidence that exporters engage in
temporary trade as a form of experimentation and to resolve knowledge
uncertainty and incomplete information when selecting destinations for
market incursions, aligning with findings from previous studies such as
Békés and Murakozy, 2012 and Esteve-Pérez, 2021. This perspective
aligns with the arguments put forth by Hausmann and Rodrik, 2003,
who contend that deficiencies in the discovery phase among developing
countries serve as a significant factor contributing to limited export suc-
cess. Furthermore, my findings build upon the insights of Besede$ and
Prusa, 2011, who propose that informational uncertainty may elucidate
why numerous export entries terminate prematurely.

Finally, policies aimed at enhancing exporters’ ability to optimally
identify destination markets by leveraging the collective experiences of
diverse firms could significantly benefit Colombian economy. In con-
texts where firms often lack access to high-quality market information,
strategies such as an export recommendation tool, combined with sup-
port for off-shore activities like trade fairs and information-sharing initia-
tives, could drive not only higher survival rates but also broader product
growth at the national level. Given its low implementation cost, the rec-
ommendation tool could be made available by both private and public
entities, helping firms overcome informational barriers that often impede
export diversification in developing countries, which can further reduce
fixed costs associated with market entry. These initiatives have the po-
tential to equip exporters with more effective decision-making tools, ad-
dressing persistent market frictions and contributing to both firm-level
success and collective growth, thereby advancing export-led develop-
ment strategies critical to long-term economic progress.
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Conclusion

This thesis presents a comprehensive analysis of the impact of significant
events and policies on economic and social outcomes, employing quasi-
natural experiments to derive insights in near real-time. The research
spans two key areas: international trade and policy evaluation, analyzed
through the lenses of the Brexit referendum, the COVID-19 pandemic,
and the development of an export recommendation system, each con-
tributing unique perspectives on how shocks and policies influence eco-
nomic dynamics.

One of the main contributions of this thesis is the demonstration of
anticipatory effects of political decisions, such as the Brexit referendum,
on a nation’s economy. The research highlights how significant economic
repercussions can occur even before the formal implementation of a pol-
icy, stressing the importance for policymakers to consider these early im-
pacts when planning and communicating major decisions.

Additionally, this thesis introduces an innovative methodology for
estimating individual treatment effects in the context of economy-wide
shocks, specifically focusing on export dynamics during crises like the
COVID-19 pandemic. By applying Machine Learning techniques to con-
struct counterfactual scenarios, the research provides a detailed under-
standing of how such shocks impact different exporters, offering crucial
insights for designing targeted policies that enhance resilience and sup-
port vulnerable sectors.

Another significant contribution is the identification of important fac-
tors predicting exporter survival, and the development and evaluation of
an export recommendation system tailored to the firm-product-market
level. This tool not only improves export survival rates but also con-
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tributes to national product growth, providing a practical solution for
overcoming market entry barriers. The system demonstrates the poten-
tial of data-driven approaches to support sustainable economic develop-
ment, aligning with broader policy goals such as poverty reduction and
growth promotion.

Overall, this thesis contributes to the field of international economics
by offering new insights into how major economic events and policies
affect trade and economic dynamics. It underscores the importance of
anticipatory effects, the heterogeneity of impacts across different sectors,
and the value of targeted, data-driven interventions. The findings have
important implications for policymakers, suggesting that timely and in-
formed decisions can mitigate adverse effects and promote resilience
in the face of economic shocks. Through these contributions, the re-
search offers valuable tools and frameworks for both academic inquiry
and practical policy application, with the potential to inform future ef-
forts to navigate economic challenges and foster sustainable develop-
ment.

While this thesis offers valuable insights into the impacts of signifi-
cant events and policies on economic dynamics, it is not without limita-
tions. One clear limitation is the reliance on quasi-natural experiments,
which, while powerful, may not fully capture the complexity and multi-
faceted nature of the events studied. For instance, the Synthetic Control
Method and Machine Learning techniques used to construct counterfac-
tuals are subject to assumptions and model selection biases that could
influence the robustness of the findings. Additionally, the generalizabil-
ity of the results may be constrained by the specific contexts of the UK,
Colombia, and the particular datasets used. The export recommenda-
tion system, while innovative, is tailored to firm-product-market levels
in a specific country, and its applicability to different markets or sectors
might require further refinement. Lastly, the dynamic nature of global
trade and political environments means that the long-term effects of the
policies analyzed may evolve, potentially necessitating ongoing analysis
to validate or update the conclusions drawn here.
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Appendix A

Appendix to Chapter 1

This chapter is based on the work 'The economic Cost of a Referen-
dum. The case of Brexit” in collaboration with Francesco Serti (see Ortiz-
Giménez and Serti (2020)).

A.1 Data and sources

Table 14 describes the data and the sources which we used to perform
the study. The database is composed by quarterly data and yearly data
predictors. To create a quarterly database we turned the yearly data into
quarterly ones. To do this, we copied the yearly data value and intro-
duced it for the four quarters that form a year. With this treatment of the
data we lose some variability in the trend of the predictors, but we do
not change the real value of the data. The predictors that were originally
obtained in yearly frequency are: DNPOP (Density of population), SC-
SEC (School enrollment, secondary) and the data measuring Foreign Di-
rect Investment (FDII and FDIO). However, our main predictor, real GDP
as well as BCI (Business Confidence Index) were originally obtained in
quarterly frequency.
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Table 14: Data and sources

| Variable | Description | Source |
GDP Real GDP (US$ millions 2010),by expenditure approach. OECD

DNPOP Population density (people per sq. km of land area). World Bank

SCSEC School enrollment, secondary (% gross). “World Development Indicators” from the World Bank
FDII Foreign Direct Investment inflows (% of GDP) OECD

FDIO Foreign Direct Investment outflows (% of GDP) OECD

BCI Business Confidence Index OECD

A.2 European Spillovers

We first try to estimate the synthetic counterfactual for each European
country using the baseline donor pool of countries (i.e. without Euro-
pean countries in the donor pool). The results of this exercise are shown
in Figure 23. For some of these countries the SCM is not able to recon-
struct the GDP pre-treatment path (i.e. the optimization routine is not
able to find the minimum of equation 1.1). Among the rest of European
countries to which we have successfully applied the SCM, the effect of
the treatment could be considered significant only for those countries
that present good pre-treatment match, and diverging series after the
treatment period. Therefore, there are only four countries that could po-
tentially suffer from spillover effects (indirect effects from Brexit). These
countries are Netherlands, Norway, Poland and Switzerland. To evalu-
ate the significance of these effects we do exact inference using the MSPE
ratio, as in the main text.

Figure 24 shows that for none of these countries the effect of Brexit
can be considered significant. The probability of choosing a country at
random with a MSPE ratio as high as the one of Netherlands (Norway,
Poland or Switzerland) is 2/11 ~ 0.18, that is above the conventional
10% level of significance used in statistics. Then, we cannot reject the
null hypothesis and cannot conclude that Brexit referendum have had a
significant effect on these European economies.
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Figure 23: European Spillover Effects.
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Note: In this figure we assign the treatment to the European countries (that are not the UK) and we
estimate its counterfactual using the baseline donor pool (with only non-European countries). This
exercise shows that there are no clear individual spillover effects on the European countries analyzed.
However there are four countries that present good pre-treatment matching and a jump on their
GDP series and therefore they could potentially suffer from indirect effects of Brexit referendum.
These countries are Netherlands, Norway, Poland and Switzerland and we will analyze them in
depth in Figure 24.
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Figure 24: MSPE in European countries.
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Note: This figure shows that the results of in space placebo studies in terms of MSPE ratios for
selected indirectly treated European countries.
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Appendix B

Appendix to Chapter 2

This chapter is based on the work ’Assessing the Impact of COVID-19
on Trade: a Machine Learning Counterfactual Analysis’ in collaboration

with Marco Duefias, Massimo Riccaboni and Francesco Serti (see Duefias
et al. (2021)).

B.1 The Colombian economy amidst the COVID-
19 crisis

Colombia exports little compared to other countries in Latin America
with similar development levels. In recent years, the share of total ex-
ports of Colombian GDP has oscillated around 15%, well below other
countries in the region such as Chile and Mexico (Cepeda-Lépez et al.,
2019). Colombia started to open its economy in the 1990s with several
market-oriented reforms to liberalize financial and capital markets. Al-
though the Colombian economy was still relatively closed during most
of the twentieth century (Ocampo and Tovar, 2000), it has been strongly
affected by the global financial crisis in 2008-2009 (Zuluaga et al., 2009).
Nowadays, despite the growing number of trade agreements, partners,
and volume of trade, the integration of Colombia into world trade mar-
kets is still modest.

The main reason behind Colombia’s poor performance is the low di-
versification of trade, with a prevalence of primary products, because of
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the relative abundance of natural resources and low-skilled labor. Be-
sides, the emergence of raw products derived from mining has gained a
larger share in total exports, reducing the importance of other products
such as coffee, bananas, flowers, some labor-intensive manufactures, and
petrochemicals (Garavito et al., 2020).

Since the outbreak of the COVID-19 pandemic, Colombia implemented
early measures to contain the spread of COVID-19 and prepare the health
system and mitigate the economic and social impact. The Colombian
government issued non-compulsory requests for remote working to pri-
vate companies on February 24, 2020; schools and universities were closed
on March 16. On March 25, when there were less than a dozen deaths,
the government implemented a complete and mandatory lockdown un-
til April 13. During this period, only a few essential activities — such as
health services, public services, communications, banking and financial
services, food production, pharmaceuticals, and cleaning and disinfec-
tion products — were excluded. The partial lockdown implementation—
between April 27 and May 11-allowed a gradual restoration of mobil-
ity, enabling a set of non-essential activities under security guidelines
and protocols to guarantee social distancing. Most manufacturing activi-
ties were gradually allowed at this stage, while non-authorized activities
were restricted to market their products through electronic commerce
platforms. Finally, from May 28, restrictions to the services sector have
been lifted, and on September 1, the government announced the confine-
ment end, and airports were opened.

To better cope with the emergency, Colombian authorities have in-
troduced transitory provisions to secure international trade of essential
products. Along with the lockdown measures, medicines, supplies, and
equipment in the health sector had zero-tariff for six months. Besides, the
export and re-export of these products were forbidden. There was a zero-
tariff from April 7 to June 30 for raw materials such as maize, sorghum,
soybeans, and soybean cake.
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B.2

Data

Table 15: Predictors for exporters success

Variable

Description

Source

Models: SUM and SAM

NP,ND,NO
HHp, HHy
Total value  (ex-
ports)

Total value (im-
ports)
Size.

Destination

Industry

d P

a given month, respectively:
Ind

d Inds productsat -digits HS, and the concentration at
destination by company.month, respectively.

Free on board value s p

s dummies clasifying firms according to the quartiles of the frmlevel (Q1, Q2, Q3 and Q4) distribution of the total monthly value of
expors i

ransaction (land, h

H-<hapter).

P

Destination Expe-
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Authors' own claboration _from

Colombin Customs Offce (DIAN)
Colombian Customss Office (DIAN)

own elaboration

Authors”

Colombian Custorss Office (DIAN)
Colombian Customss Office (DIAN)
Authors’own elaboration

Colombian Customss Office (DIAN)
Colombian Customs Office (DIAN)

Authors’ own elaboration
Authors’ own  elaboration
C(\Yombmn(’u(mms(‘"hn:(nlf\\l)
elaboration
Cotompian Comorn et OUAN)
Authors’ own claboration _from
Colombian Customss Office (DIAN).

, red Authors' own claboration _from
porter) Experience Colombian Customss Office (DIAN),
Models: SAM (COVID-19 uriabls)
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nomic Index anges from 010 100 At the frm el we define. Casoms Ofce (DIAN).
twovariables,

1

Continment Gov- - Wo considerth Goverment nde o a2 St st s of Tockows” g el St iy o hale2020variation and  Colombian
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country
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gency Index 100. Customs Offce (DIAN)
one at the import side, by taking a weighted average of these country level ding to the monthly
company ships(souice) i every country.

Models: SUM and SAM (variables only for Logit, Logit-LASSO, and Logit-Ridge)
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Colombian Customs Office (DIAN).
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Table 16: Sector-Industry mapping

Section (Industry)

Industry Name

HS-Chapter (Sector)

O O N O\ Ul WN -

10
11
12
13
14
15
16
17
18
19
20
21
22

Live Animals/ Animal Products
Vegetable Products

Animal or Vegetable Fats/Oils
Prepared Foodstuffs

Mineral Products

Products of Chemical Industries
Plastics, Rubber

Raw Hides, Skins and Leather
Wood

Paper

Textile

Footwear

Art. of Stone, Cement

Jewelries

Base Metals

Machinery Equipment

Vehicles

Precision Instruments

Arms

Miscellaneous Manufactured Articles

Works of Art
Special Classification Provisions

1-5
6-14
15
16-24
25-27
28-38
39-40
41-43
44-46
47-49
50-63
64-67
68-70
71
72-83
84-85
86-89
90-92
93
94-96
97
98-99

Source: Author’s elaboration using Pierce and Schott, 2012 tables.
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B.3 Additional Descriptive Statistics

Figure 25 shows, separately for the first and second quarter of a year, the
percentage of firms that survive, enter or exit the export market and their
corresponding shares of total exports. Thus, for a given quarter in 2019
and the corresponding quarter in 2020, we label each firm as exiting when
it is present in 2019 and absent in 2020, entrant when it is absent in 2019
and present in 2020, and surviving when it is present in both years. We
average the total value exported by each firm during the same quarter of
two different years. Then, we sum the individual average value exported
according to the firms’ status. It turns out that surviving firms play an
essential role in explaining total exports: they are around half of the total
number of firms in both quarters and account for about 90% of the total
export value. The volume lost, during the second quarter of 2020, due to
exiting firms is around 5% (assuming they would have exported in 2020
similar export volumes as observed in 2019). Entrant firms almost made
up this 5% loss. Despite this, the firms’ composition that participates
in exports is very different. The number of existing firms in the second
quarter of 2020 is much higher than the share of the first quarter of 2020
and the share of 2019 in the same period of the year.

Figure 25: Exporters dynamics in Colombia
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Note: Entry-exit dynamics of exporters and total export value by firms that drop,
enter or stay active, in 2019 (upper part of the figure) and in 2020 (bottom part of the
figure) by quarters. Firm status is defined by looking at the previous year.

Figures 26 and 27 show the growth of the total number of exporters
and the growth of the total volume of exports between 2019 and 2020, by
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country of destination and product sector. We consider the first and the
second quarter separately, and we select destinations and product sectors
that account for 80% of the total exporters in 2019. In both figures, the
product sectors and the destinations are arranged by importance from
top to bottom.

Figure 26: Total number of exporters and value growth by market in 2020
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Note: The growth of the total number of exporters and the total value of exports by
the destination country for the four quarters of 2020. Orange bars represent negative
growth and blue bars positive growth. Destination countries are sorted from top to
bottom accordingly to their importance in the share of the number of exporters in
2019.

Figure 26 shows that, compared to the first quarter of 2020, the second
quarter of the year is characterized by a severe and pervasive drop in
the number of exporting firms and the volume of exports in almost all
the destinations reported. Figure 28 shows that the same drop is not
observed during the second quarter of 2019. During the third and fourth
quarters of 2020, the value exported experienced more volatility than the
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Figure 27: Total number of exporters and value growth by sector in 2020
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Note: The growth of the total number of exporters and the total value of exports by
sector for the four quarters of 2020. Orange bars represent export reductions and blue
bars positive export growth. Product sectors are sorted from top to bottom according
to their importance in the share of the number of exporters in 2019. Product sectors
correspond to the chapters of the HS code in parenthesis and the full name of the
chapters is shortened to improve readability.

number of firms. Nevertheless, the latter did not recover to the growth
rates of the first quarter of the year.

Exports by product sectors in the second quarter of 2020 (see Fig-
ure 27) reveal a generalized decrease in the number of exporting firms
and trade values, while the first quarter exhibits very heterogeneous pat-
terns. The sectors that appear to be more severely affected in the second
quarter are Footwear (HS64), Leather Articles (H542), Furniture (HS94),
Books (HS49), Articles of Metal (HS83), Knitted and Not-Knitted Acces-
sories (HS61-62), Vehicles (HS87) and Articles of Iron or Steel (HS73).
Interestingly, these sectors are relatively more labor-intensive in Colom-
bia, and therefore they could be susceptible to disruptions connected to
social distancing. Finally, only for Coffee and Tea (HS08), Other textiles
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(HS63), and Jewelries (HS71) exports in value significantly grew in the
second quarter. Instead, in terms of the number of exporting firms, no
product sectors exhibit notable positive dynamics. During the third and
fourth quarters of 2020, there is a rapid back to normality in both the
growth of value exported and in the number of exporters’ growth rate
by sector. Figure 29 shows the same figures for 2019, suggesting that in
periods without relevant shocks — such as the ones of the first quarter of
2020 - the changes in exports are also very heterogeneous, but there are
not such extreme changes.

Figure 28: Total number of exporters and value growth by destination in
2019
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sorted from top to bottom accordingly with their importance in the share of number
of exporters in 2019.
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Top 80% exports by HS-Chapters

Figure 29: Total number of exporters and value growth by sector in 2019
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Appendix C

Appendix to Chapter 3

This chapter is based on the work "Exports” Survival in New Markets: A
firm-level export recommendation model’. In particular, this chapter is a
solo-author paper that provides value to Colombian exporters, present-
ing a market recommendation system, and helps the literature to better
understand the impact that export recommendation can generate on ex-
port survival and product growth.

C.1 Data
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Table 17: Predictors for exporters success
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C.2 Variable Importance

See Figure 30.
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C.3 Robustness: Information Removal

In this exercise, I conduct four Random Forest (RF) regressions as out-
lined in Table 10 following a random removal of 10% of the variables,
repeated 150 times. This iterative process serves to reinforce the inherent
robustness of the RF methodology, which guards against overfitting by
repeatedly generating diverse trees with distinct partitioning schemes.
The upper part of Table 18 illustrates the average proportion of market-
related variables among the Top-10 most influential factors. This pro-
portion reaches its peak when the model predicts survival within the
product-market dimension, with nearly 60%, on average, of the Top-
10 most influential variables embodying market-knowledge information.
Conversely, the bottom part shows the average Goodness of Fit metrics,
accuracy, sensitivity, and specificity for each model, respectively. These
metrics also survive the iterative removal of 10% variables by keeping
similar levels to the ones achieved in Table 10.

Table 18: Robustness Check - Iterative removal of variables

Continue exporting, after market entry, in period t+2 with the same...

id  Product Market PM
% Market-Knowledge vars.
among Top-10 (avg.) 0.4% 15.27%  49.4% 59.1%
Accuracy (avg.) 78% 79% 70% 74%
Sensitivity (avg.) 79% 82% 73% 77%
Specificity (avg.) 78% 75% 62% 59%

Note: Iterative removal of 10% variables 150 times: Average proportion of market-
related variables among the Top-10 most relevant factors and Goodness of Fit mea-
sures for export survival at Firm, Firm-Product, Firm-Market, or Firm-Product-
Market level, respectively, two periods after a market entry. Prediction (2017), train
(2010-2016).
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Figure 30: Variable Importance - Gini Index (Impurity)
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