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Abstract

This study examines how ethnic conflict affects economic complexity, the latter a measure
which captures an economy’s capacity to produce and export sophisticated goods. While
prior research has focused on macroeconomic indicators like GDP, little attention has been
paid to how conflict shapes the underlying industrial structure of economies. Using the
synthetic difference-in-differences (SDiD) method on panel data from 85 countries (1995-2021),
we analyse episodes of conflicts with more than 100 annual fatalities. The results show that
ethnic conflict reduces economic complexity by 0.206 standard deviations, with effects persisting
beyond the actual conflict period. Further analysis reveals that exports of the most complex
products are disproportionately affected, indicating that conflict undermines the diversification
and sophistication of export structures. Hypothesized mechanisms linking ethnic conflict to
economic complexity include the destruction of productive capital, fragmentation of inter-ethnic

business networks, and declining quality of foreign investment.
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1 Introduction

"Suddenly, it was Kenya that was on fire.
The ethnic cleansing was so utterly ruthless
that a shocked world drew its breath. Women
and children from one ethnic group were

burnt to death in a church.”

Leif Norman, Axess magasin, 2008

After the incumbent President Mwai Kibaki was declared the victor of Kenya’s controversial
elections in December 2007, violent demonstrations erupted in the streets of Nairobi. Members
of the Kikuyu ethnic group, which supported the incumbent President, were targeted by
incensed members of the Luo ethnic group that backed the opposition leader Raila Odinga,
fomenting widespread ethnic conflict. As tensions escalated, the political crisis spiraled into
economic chaos. Key economic sectors were ground to a halt: factories shuttered, tourism
collapsed, and public finances strained under the growing weight of economic uncertainty. By
April 2008, when the signing of the National Accord and Reconciliation Act restored order to
the country, the damage was already done - 1,500 lives vanished, 350,000 individuals displaced
[Elekwa and Eme, 2011] and Kenya’s economy GDP growth slid from 6.9 % in 2007 to 0.2
% in 2008, falling short of the 8 % growth forecast [Porhel, 2008, World Bank, 2025b]. The
macroeconomic collapse was most acutely felt in key export sectors. Floriculture, a key export
industry, had exports plunge by 38 % [Ksoll et al., 2021, Muhammad et al., 2013] as production
and logistics networks were disrupted. In Naivasha, a flower-farming hub town 93 kilometres
north-west of Nairobi, the crisis displaced 10,000 workers or approximately one-fifth of the
total workforce [Bobb, 2009]. Those who remained were unable to report to work due to road
closures and genuine concerns for their own safety. Even after the signing of the accords,
heightened inter-ethnic rivalry between the Kikuyus and Luos reduced productivity as workers
discriminated against one another [Hjort, 2014]. The erosion of trust extended beyond labour
markets - it affected relationships with crucial export partners. Floriculture firms that sought to
rebuild from the chaos feared the permanent loss of customers to foreign competitors Mexico
and India, as customers questioned the Kenya’s reliability. Kenya’s experience underscores a
broader pattern. Electoral violence, terrorist attacks and armed conflict, often stemming from
underlying inter-ethnic animosities, can alter a country’s intrinsic economic structure through

undermining its pursuit of export-oriented growth and long-term export diversification.



Although many researchers have examined the impact of ethnic conflict on common mac-
roeconomic indicators, including the declines in gross domestic product (GDP) [Alesina and
La Ferrara, 2005, Azariadis and Drazen, 1990, Bove et al., 2017, Cerra and Saxena, 2008] and
foreign direct investment (FDI) outflows [Doctor and Bagwell, 2020], few have examined the
impact on the industrial structure of economies, especially economic complexity. Economic
complexity captures an economy’s ability to produce and export sophisticated goods, and has
been linked to sustainable economic growth and strengthening the resilience of economies to

macroeconomic fluctuations [Hidalgo et al., 2009].

This paper seeks to examine how episodes of ethnic conflict harms economic complexity
using a synthetic difference-in-differences (SDiD) approach [Arkhangelsky et al., 2021]. The
analysis draws on data from the Ethnic One-Sided Violence (EOSV) dataset by the Uppsala
Conlflict Data Program (UCDP) to identify episodes of ethnic conflict [Fjelde et al., 2019] as well
as the Economic Complexity Index (ECI) from The Growth Lab at Harvard University [2025].
It finds that severe ethnic conflict is followed by a 0.206 standard deviation decline in the ECI
of countries, equivalent to a drop of approximately 8 to 10 positions in global ECI rankings
for an average country. These findings are robust across various placebo tests and sensitivity
checks. The effect is particularly pronounced in cases of ethnic conflict characterized by electoral
violence. Using disaggregated product-level trade data from the United Nations Comtrade
Database [Gaulier and Zignago, 2010] and the Product Complexity Index [The Observatory of
Economic Complexity, 2023], we find that ethnic conflict disproportionately affects the most
complex exports, suggesting that conflict undermines the sectors most crucial for long-term

economic development and structural transformation.

We hypothesize that ethnic conflict, characterized by outbursts of violence along ethnic lines,
damage economic complexity through the following channels: it destroys physical capital and
human capital, deters quality FDI directed at developing capabilities in new industries, frag-
ments economic networks and erodes state institutions. These channels hinder the production
of complex products that depend on dense networks of economic cooperation and knowledge
diffusion, which in turn require a stable political and social environment. Ethnic conflict risks
locking these countries into the continued extraction of commodities and simple manufacturing,

creating path dependencies that raise concerns of the resource curse taking hold.

The paper begins by introducing the concept of economic complexity and proposes the
channels connecting ethnic conflict to economic complexity in Section 2. We then present

the literature review in Section 3, our approach to the data in section 4 and outline the SDiD



methodology in section 5. We proceed with the results and robustness checks in the following

section, before concluding with the discussion and our assessment of the different mechanisms.

2 Background

2.1 On Economic Complexity

Long-term economic growth models gained prominence with the Cobb-Douglas production
function, which attributes output growth to a combination of labour, capital and land [Solow,
1957]. The Solow residual or Total Factor Productivity (TFP) as it is more commonly understood,
refers to the unexplained portion of economic growth unexplained by the factors considered in
the production function [Baumol, 1968]. Subsequent efforts to improve the explanatory power
of the Solow model have included additional variables, including human capital [Mankiw
et al., 1992], institutions [Acemoglu et al., 2005], social capital [Knack and Keefer, 1997] and
technological growth [Romer, 1990]. While these additions further narrowed the Solow residual,

but the true determinants of long-term economic growth remain elusive.

Economic complexity probes the determinants of long-term growth through an alternative
angle by utilizing insights from the structure of international trade networks. At its core,
it is a multi-disciplinary approach using network science and machine learning techniques
to scrutinize underlying economic structures [Hidalgo et al., 2009]. Instead of relying on
sophisticated models or assumptions about production factors, inherent to the Cobb-Douglas
framework, economic complexity interprets the spatial and product-based distribution of trade
as a reflection of a society’s latent capabilities and economic development [Hidalgo et al., 2007].
This approach emphasizes that modern societies thrive by constructing networks that aggregate
and mobilize the knowledge of individuals [Freeman, 1995, Sepehrdoust et al., 2019], thereby
enabling the creation of increasingly sophisticated goods and services. Central to this process
are entrepreneurs, who engage in a cost discovery process by applying localized knowledge to
determine if their country possesses a comparative advantage in specific exports [Hausmann

et al., 2007, Hausmann and Rodrik, 2003].

Critically, economic complexity diverges from endogenous growth theories. While the
latter emphasizes the non-rivalrous nature of knowledge [Jones, 2019], the former emphasizes
the non-fungibility of knowledge [Hidalgo, 2023]. Non-fungibility refers to knowledge being
domain-specific - tied to particular industries, technologies and institutional contexts - rather

than universally applicable. This means an economy’s innovative potential rests upon its ability



to both generate new knowledge and combine existing knowledge across disparate domains.
For example, the race to design and manufacture advanced semiconductors require technical
breakthroughs in lithography, transistor design and manufacturing precision. These technical
domains demand highly specialised expertise such that no country dominates all areas: ASML
(Netherlands) leads in extreme ultraviolet lithography equipment, SK Hynix (South Korea) leads
in memory chips, while others excel in their respective niches. Such fragmented specialization
underscores how non-fungible, context-bound knowledge shapes global innovation hierarchies.
It further reveals how the ability to generate and combine knowledge becomes a source of
comparative advantage [Bahar and Rapoport, 2018], increasingly so as products get more

complex over time.

These dynamics are captured by an economy’s extensive and intensive production margins.
The extensive margin (what an economy produces) reflects diversification into complex products
such as semiconductors, while the intensive margin (how much it produces) reflects the ability
to scale production efficiently [Mini et al., 2025]. Sustainable economic development often
requires progress on both fronts: diversification insulates countries from sector-specific shocks,
while scaling ensures success in export-oriented growth. The Prebisch-Singer hypothesis warns
undiversified developing economies [Harvey et al., 2010] the future possibility of a decline in
the terms-of-trade and the unsustainability of relying solely on commodity exports. Economic
complexity quantifies these margins by measuring how effectively societies mobilize their
collective knowledge pool through entrepreneurs and institutions to innovate and compete in

export markets.

We proceed by introducing the most popular measures of economic complexity: the Eco-
nomic Complexity Index (ECI) and the Product Complexity Index (PCI) [Hidalgo et al., 2009].
The ECI ranks countries based on the diversity and exclusivity of their export baskets, while the
PCI ranks products by the breadth of capabilities required to produce them. Japan, a country
with a high ECI value, manufactures complex products such as cars and semiconductors while
Nigeria, a country with a low ECI value mainly exports crude petroleum. Semiconductors are a
lot more complicated to produce than coffee beans and hence would have a higher PCI value.
The overall thrust behind the computation for ECI and PCl is to jointly solve for the complexity
of the locations and the activities: each location reveals information on the complexity of the
activity and each activity reveals information on the complexity of the location. We provide a

brief explanation on the derivation of ECI and PCI. !

For the astute reader, a thorough explanation on the derivation of ECI and PCI is provided in Appendix A.1.



The ECI and PCI begins by looking at disaggregated export data that is based on the Harmon-
ized System (HS) or Standard International Trade Classification (SITC) product classification
systems. We begin by compiling the Revealed Comparative Advantages (RCA) of countries in
each product. A country is determined to have a revealed comparative advantage in a product
if it exports more of the product than the global average. Altogether, a binary matrix is obtained
that reveals two things: how many exports a country has (diversity) and how many countries
currently export the product (ubiquity). Hidalgo et al. [2009] uses an iterative process of Method
of Reflections on this binary matrix to converge on a transformed matrix, one for ECI and
another for PCI. The ECI and PCI are the standardized form of the second eigenvectors of their

respective transformed matrices.

The informational value of the economic complexity framework, using measures such as
ECI, on long-term economic growth and other economic outcomes should not be understated.
Economic complexity predicts the economic efficiency of economies [Du and O’Connor, 2021],
future economic growth, income inequality [Stojkoski and Kocarev, 2017] and other devel-
opmental indicators. A drop in ECI can be indicative of damage to a country’s underlying
economic potential, signaling changes to the underlying economic potential that may not be
immediately obvious from GDP figures alone. With economic complexity as the outcome of
interest, we turn our attention towards examining ethnic conflicts as the variable shock that can

afflict a country’s economic complexity.

2.2 On Ethnic Conflict and Potential Links to Economic Complexity

Before analyzing how ethnic conflict undermines economic complexity, we must first under-
stand its origins. At the heart of ethnic conflict lies the fundamental economic problem -
competition for scarce resources. As economic resources are unequally distributed across so-
ciety [Cederman et al., 2011], tensions flare up - particularly when ethnicity is a convenient
means of defining coalitions and mobilizing collective action [Caselli, 2013, Esteban et al., 2015].
Inter-ethnic competition is intensified if there are several ethnic groups sufficiently large enough
to rival each other and compete for political influence, often turning competition into outright
conflict [Esteban et al., 2012]. Three interconnected factors drive this escalation. First, security
dilemmas emerge: fearing marginalization or violence, groups may strike preemptively due
to mistrust in rivals’ true intentions [Posen, 1993]. Second, informational asymmetries distort
perceptions which amplify negative stereotypes and hate [Acemoglu and Wolitzky, 2014]. Third,
elite manipulation leverages on these fears as self-interested politicians weaponize narratives to

consolidate power [Glaeser, 2005]. A controversial policy or inflammatory rhetoric often serves



as the spark, igniting widespread conflict.

Once ignited, ethnic conflict erodes economic complexity through multiple channels. Phys-
ical infrastructure and human capital are destroyed. Foreign investors flee and knowledge
diffusion stalls. Inter-ethnic economic networks fracture. Institutions decay as politics itself

becomes ethnicized, prioritizing ethnic affiliations over competence.

2.2.1 Destruction of physical and human capital

Ethnic conflict undermines economic complexity by damaging physical and human capital,
disrupting production networks, and reducing export capacity. The most direct channel is
the destruction of infrastructure, loss of life, and displacement of workers, which collectively
degrade a country’s productive base. For example, the 1994 Rwandan genocide—instigated
by Hutu extremists—resulted in 800,000 deaths, displaced 2 million refugees, and caused a
58% GDP decline. These losses not only crippled short-term economic performance but also
hindered Rwanda’s ability to diversify exports, thereby reducing its economic complexity

[Hodler, 2019].

However, the significance of this channel depends on conflict intensity and context. Lower-
intensity ethnic conflicts or those concentrated in rural areas may spare physical infrastructure
but still disrupt economic activity. During Kenya’s 2008 post-election violence, for instance,
ethnic clashes reduced floriculture exports not through targeted attacks on firms but by deterring
employees from working and destabilizing transport systems [Ksoll et al., 2021]. Even in such
cases, the cumulative effect—reduced capital efficiency and labour participation—lowers output
and export volumes. Since economic complexity is tied to the diversity and sophistication
of exports, diminished export capacity directly weakens it. Thus, both high-intensity and

low-intensity ethnic conflicts limit productive efficiency , hindering economic complexity.

2.2.2 Deters foreign investment and reduces foreign technology transfer

Uncertainty induced by the escalation of ethnic violence would not only harm capital and
disrupt value chains, but also deter future foreign investment. Foreign investment is integral in
helping connect local business networks to global networks that possess the expertise to develop
new industries of higher knowledge intensities. Moreover, international business travel has
been found to be most significant bilateral relationship in influencing the industrial structure of
national economies [Coscia et al., 2020]. Ethnic conflict would dissuade both foreign investment

and international business travel into destabilized areas, curbing foreign technology transfer.
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Complex knowledge required to create more sophisticated products are more difficult to diffuse,
thereby requiring more robust knowledge networks and improved inter-firm interactions
[Sorenson et al., 2006]. The difficulty of diffusing knowledge for more sophisticated products
and the sensitivity of production networks to disruption leaves economically complex products
the most vulnerable to ethnic conflict. Korn and Stemmler [2025] found that trade relocation
away from conflict zones is more persistent in the manufacturing sector than the fuels and
minerals sector. The fuels and minerals sectors are partly insulated from ethnic conflict due to
their particular relevance in financing the government and ethnic insurgents, which incentives
the side exercising control over these resources to ensure continuity in these commodity exports.
Lee and Chung [2022] find that multi-national enterprises are less likely to exit areas with
violent conflict if the foreign subsidiary is engaged in the extraction of natural resources. For
most other products, the converse happens. New value chains that emerged from the trade
relocation post-conflict may endure even after the conflict ends, since countries that initially
imported from the conflict zone are incentivized to form Preferential Trade Agreements with
other potential trade partners. The minimal trade relocation in non-agricultural commodities
contrasted by the trade relocation in manufacturing and agricultural goods could explain the
enduring inability of conflict-prone countries to diversify their industrial base. Crucially, we
expect ECI levels for countries whereby ethnic conflict has occurred to remain low due to

indelible damage to export relationships. 2

2.2.3 Fragmentation of economic networks

Another first order channel is the damage to social capital through the fragmentation of society.
Ethnicity becomes more salient [Sestito, 2025] from ethnic conflict, leading individuals within
economic networks to conclude that individuals from opposing ethnic groups are less likely to
cooperate. Compared to economic networks in highly complex economies that are organised
through formal and professional ties, much of the economic networks in less complex economies
are arranged along ethnic lines based on kinship [Bahrami-Rad and Schulz, 2022], especially seen

in certain African economies [Fisman, 2003]. The bifurcation of society is often the consequence

2Geopolitical considerations may be relevant. Since ethnicities often extend beyond sovereign borders, the
sympathies and antipathies of the country’s trading partners may affect external trade. The breakdown of inter-
ethnic trust following the Russian-Ukrainian conflict of 2014 resulted in trade diversion and lowered the economic
performance of affected Ukrainian firms [Korovkin and Makarin, 2023]. Developmental aid flows [Bluhm et al.,
2021] and sanctions may further influence ethnic conflict outcomes and the impact on the economic structure. The
impact of geopolitics on trade relationships, conditional on the occurrence and intensity of ethnic conflict are beyond

the scope of this paper.
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of unresolved hostilities from ethnic violence, owing to the overlapping nature of economic and
social networks. Since informational exchange between individuals are facilitated by shrinking
the physical and social proximity between them [Agrawal et al., 2008], ethnic conflict which
increases the social distance between individuals of different ethnicities would in turn limit
knowledge diffusion. Thus, innovation [Nathan, 2015] and trade across the relevant ethnic
fault lines are impeded, at least in the short run. Inter-ethnic economic cooperation is stifled
within these countries [Hjort, 2014, Rohner et al., 2013]. An important caveat is that the extent
of damage from ethnic conflict on economic complexity increases in magnitude if the current
production of existing products and the future development of more complex products depends
on strengthening inter-ethnic ties. Fundamentally, ethnic conflict impacts the growth of new
industries if economic cooperation between the affected ethnicities is essential, either in the
form of inter-firm or intra-firm relations. The most vulnerable economies tend to be ethnically

diverse and highly fractionalized [Costalli et al., 2017].

As ethnic conflict persists, smaller firms especially struggle to survive and exit the market.
Surviving firms have to contend with impaired technological capabilities and reduced pro-
ductivity as supply chains adapt to post-conflict conditions [Briick et al., 2013]. In the worst
case scenario, as the conditions for nurturing new industries disappear following the ethnic
conflict, entrepreneurs are now incentivized to resort to rent-seeking behaviour [Baumol, 1990]
that sustains ethnic coalitions and the conflict in general [Mehlum et al., 2003]. This scenario
is more likely to occur in state-based conflict [Naudé et al., 2023], which leads us to consider

another channel of institutional decay that occurs alongside the ethnicization of politics.

2.2.4 Ethnicization of politics and corruption driving underinvestment

Concurrently, ethnic conflict cements the ethnicization of politics which drives an underinvest-
ment in public goods [Alesina et al., 2016] vital for the growth and success of new industries.
The fracturing of local networks along ethnic fault lines will extend to the ethnicization of
politics and alter the policies pursued by local and, potentially, national governments. Com-
peting preferences over the form and beneficiaries of public goods provided by governments
[Habyarimana et al., 2007] are hardened through ethnic conflict [Easterly et al., 1999]. As ethnic
conflict and an overall history of hostile inter-ethnic relations drives up the saliency of ethnicity,
non-pecuniary incentives will dominate the ethnic-based political movement [Laurent-Lucchetti
et al., 2024]. The dominance of one’s ethnic identity over one’s national identity [Akerlof and
Kranton, 2000] would result in an individual deriving less utility from welfare of members of

other ethnic groups relative to the welfare of members from their own ethnic group [Easterly
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and Levine, 1997]. Moreover, ethnic conflict often concludes with the dominant ethnic coalition
gaining further dominance over the economy and strengthening their political representation.
The result is the consolidation of patronage networks within the dominant ethnic coalition
[Kemp, 2004], whereby through the relevant political apparatus, the dominant ethnic coalition
either prioritizes ethnic public goods favouring their own ethnicities [Ghosh and Mitra, 2022]
or discriminate against rival ethnic coalitions through denying them access to club goods and

private goods essential for economic empowerment.

Furthermore, the strategic complementarity between political uncertainty created by ethnic
conflict and corruption [Berdiev et al., 2020] means that if ethnic conflict raises the risk of local
government officials losing power, they are more likely to engage in rent-seeking behaviour
instead of focusing on future-oriented policies conducive for economic development [Mauro,
1995]. Underinvestment in economic infrastructure, education and healthcare are likely to
persist which limit substantial improvements to human and physical capital [Seidel, 2023].
Therefore, through these institutional channels, ethnic conflict dampens a country’s prospects

of diversifying its export capabilities.

The aforementioned channels do not establish clear unidirectional causality; institutional
development, inter-ethnic relations and economic development co-evolve through path depend-
encies that may be decided by ethnic conflicts and subsequent responses to it. The progression
towards robust institutions designed to realize inclusive economic growth and defuse ethnic
tensions limits the incidence of ethnic conflict [Easterly, 2001] and strengthens a country’s ability
to recover from bouts of ethnic violence. Economic development, beyond looking at the growth
and export figures, is about rebuilding trust in institutions and a shared future. The endogeneity
of institutional development and inter-ethnic relations necessitates care in our econometric
approach, to be addressed later in our methodology. As ethnic conflict and economic malaise
are often attributed to ethnic identities dominating an individual’s national identity, the blame is
squarely pinned on both the lack or failed implementation of nation-building policies. The lack
of trust between different ethnicities at the early stages of development or following collapses
in ethnic relations in heterogeneous societies remains a challenge for realizing more robust

economic networks.
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3 Literature Review

Following the surge of ethnic conflict in the 1990s in Rwanda and former Yugoslavian states,
much attention has been paid to the causes of ethnic conflict [Horowitz, 2001]. These include
the economic roots in underdevelopment [Easterly et al., 2006, Ray and Esteban, 2017], exo-
genous economic shocks [Miguel et al., 2004], failed institutions [Bardhan, 1997], as well as the
opportunity cost of initiating ethnic violence [Esteban et al., 2015]. Caselli [2013] explained the
ethnic character of conflict often observed relative to class conflicts. A portion of the literature
on economic development have examined the connection between ethnic diversity [Easterly
and Levine, 1997] and ethnic polarization to economic performance [Karnane and Quinn, 2019,
Novta, 2016]. More specifically, the empirical literature on the long-term adverse economic
consequences of civil war [Chen et al., 2007, Kang and Meernik, 2005] emerged from the cross-
country studies of Collier [1999], identifying the negative impact on the GDP growth path
[Azariadis and Drazen, 1990] in the immediate aftermath and over longer term horizons [Cerra
and Saxena, 2008, Mueller, 2012]. While some papers found that, in some cases, civil conflict
has no impact or a positive impact on GDP [Bove et al., 2017], we confirm the findings that

ethnic conflict results in a negative impact on GDP.

Prior country-level studies detected the heterogeneous effects of civil conflict on individual
economies [Hodler, 2019], their labour markets [Kondylis, 2010], the rate of firm exit [Camacho
and Rodriguez, 2013] and the impact across various economic sectors [Vothkneckt and Sumarto,
2011]. Transmission channels linking civil conflict to delayed economic development involve
the destruction of capital, the portfolio substitution from private investors [Imai and Weinstein,
2000] and the breakdown of eroding inter-ethnic business networks [Costalli et al., 2017, Paz,
2023]. We attempt to relate to these transmission channels within the economic complexity
framework. Within the economic complexity literature specifically, drivers of economic complex-
ity recently explored include FDI [Antonietti and Franco, 2021], natural resource endowments
[Ben Saad et al., 2023], investment in research and development [Zhu and Fu, 2013], institutional

quality and human capital [Vu, 2022] among others.

Closest to our research is Emeka et al. [2024] who explore the link between the terrorism
and economic complexity in African economies, testing for military expenditure as a possible
transmission mechanism. To the best of our knowledge, we are the first to examine the impact
of ethnic conflict on economic complexity and find that ethnic conflict results in a significant
decline in economic complexity. Instead of the commonly used generalized method of moments

(GMM) approach (ibid.), impulse response function [Cerra and Saxena, 2008] or synthetic control

14



methods [Costalli et al., 2017], we differ by applying the synthetic difference-in-differences
approach [Arkhangelsky et al., 2021].

4 Data

Data on the two key variables, economic complexity and ethnic conflict, are processed along-
side additional data on real income per capita, population, Human Capital Index (HCI) and
foreign direct investment (FDI) to construct a balanced panel dataset encompassing 85 countries.
Firstly, the Economic Complexity Index (ECI), initially covering 133 countries during the years
1995-2021, is accessed from The Growth Lab at Harvard University [2025]. ECI is measured as a
z-score which represents the number of standard deviations an observation is away from the
mean. The ECI is constructed using different product classifications, the Harmonized System
(HS) and the Standard International Trade Classification (SITC). HS provides more granular data
compared to SITC, since the former system was created for the purposes of tariff collection and
not economic analysis [Cadot et al., 2011]. As our goal is to evaluate the impact on the overall
economy and not highly specific sectors, we maintain the view that SITC is more appropriate

for our purposes.

For ethnic conflict, the Ethnic One-Sided Violence (EOSV) dataset from the Uppsala Conflict
Data Program (UCDP) is utilized [Fjelde et al., 2019]. The EOSV dataset tracks the number
of fatalities and the ethnic identity of the victims from one-sided violence during the period
1989-2014 by country. One-sided violence is defined by UDCP as "the use of armed force by
the government of a state or by a formally organised group against civilians which results in at
least 25 deaths during a calendar year". Instances of cross-border ethnic violence are included
in the dataset as single observations spanning multiple countries. However, the data does not
clearly denote the distribution of fatalities across the countries involved. We manually allocated
the fatalities on a case-by-case basis when the relevant information is available. Otherwise, we
uniformly split the fatalities between each country. Furthermore, when multiple instances of
violence are reported within the same country in a given year, the fatalities from each conflict

are aggregated to produce a single observation per country-year.

We utilize two different quasi-experimental approaches, a two-way fixed effects difference-
in-differences model and synthetic difference-in-differences. Constructing a pre-treatment
period with no conflict for both the treated countries and the donor pool used to form the

synthetic control, countries with fatalities above a particular threshold during the pre-treatment
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period are excluded.? With the ECI data being available from 1995-2021 and the ethnic conflict
data being available from 1989-2014, each country with ethnic violence occurring between
1989-2000 is dropped from the sample. This ensures that the control pool should not contain any
countries suffering a treatment effect, and that there are at least 5 pre-treatment periods of ECI
data among the treated countries. Furthermore, to extend the post-treatment period beyond
2014 the EOSV contflict data is complemented with the One-Sided Violence (OSV) dataset by
the UCDP [Davies et al., 2024, Eck and Hultman, 2007]. The OSV reports one-sided violence
against civilians during 1989-2023 using a similar overall structure as the ESOV, but without
reporting the ethnic identity of victims. To the best of our knowledge, the EOSV is a subset of
the OSV. Since we cannot be sure that a conflict reported in the OSV is an ethnic conflict, no
countries are assigned treatment post 2014. Instead, the OSV is used to verify that no one-sided
violence is occurring in any control countries after 2014, i.e. any countries that become treated
after 2014 are dropped from the sample. This enables us to extend our period of interest to 2021,

and leaves us with a sample of 9 treated countries, and 76 control countries.

However, the construction of this sample is not without shortcomings, as many instances of
ethnic violence that are relevant to our narrative have been excluded. The 1990s saw several
regions experience intense ethnic conflict, such as the Rwandan Genocide, the Bosnian War, the
Kurdish conflicts, and the Chechen Wars. Furthermore, countries like the Democratic Republic
of Congo, Sudan, and India, which experience regular cycles of ethnic violence, had to be
excluded since conflict occurred in those countries before 1995. As such, the most characteristic
ethnic conflicts portrayed by our narrative connecting ethnic violence on economic complexity

may be excluded.*

The final sample consists of countries experiencing ethnic violence of varying intensity,
typically arising from either electoral violence or terrorism. Figure 1 illustrates the normalized
ECI trends for the final sample of treated countries which have varying directions and volat-
ilities. More developed countries with higher ECI scores like Mexico and Spain are observed
to have very stable trends with lower volatility than their less developed counterparts such
as Cameroon and Libya. Most countries appear to have relatively flat trends over time with
normalized ECI scores ranging between 80 and 120. However, this is in fact quite a large span
and the relative visual flatness is partially a result of the y-axis scaling caused by the periodic

sharp declines of Libya and Guinea. Furthermore, Zimbabwe is observed to have a relatively

3For a more detailed explanation of which conflicts are excluded, see the methodology section.
4See Appendix A.3 for an illustration of the final sample of treated countries.
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large decline, as is Cameroon from 2010.

Normalized Economic Complexity Index Over Time (Base Year = 100)
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Figure 1: ECI Trends of Treated Countries Over Time

Note: For visualization purposes, the ECI has been normalized such that the first observed year for each
country is scaled to 100. A constant of 3 is added to each value to avoid negatives, and then each value is
divided by the value of the first observed year for each country, and multiplied by 100.

Moreover, data on additional country indicators have been collected to be used as control
variables and investigate potential mechanisms. The real GDP per capita (constant 2015 US$)
has been retrieved from the World Development Indicators [World Bank, 2025b] and is used as
a control variable to proxy for trends in the general level of development in a country. GDP
per capita is particularly useful as a covariate in our SDiD model to be used in an effort to
avoid overfitting the synthetic controls purely on the ECI. While ECI and GDP per capita are
correlated, it has previously argued that they do not measure the same underlying economic
phenomenon [Balland et al., 2022, Destek et al., 2023]. GDP per capita does not account for
the structure or complexity of an economy in terms of how diversified and sophisticated a
country’s production base is, and thus fails to fully account for a country’s capacity to produce
and export a range of complex products requiring diverse capabilities. However, controlling
for GDP per capita allows us to disentangle the effect of conflict on economic complexity from
broader income or developmental trends, ensuring that the estimates of the impact on ECI
are not merely capturing changes in general economic performance. Another control used

is population, retrieved from the World Development Indicators [World Bank, 2025c]. Pop-
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ulation is included as a control variable to account for broader demographic transitions that
may reflect different stages of economic development, such as urbanization or shifts in labour
force composition, both of which could serve as sources of internal tensions and independently
affect economic complexity. More intuitively, there may be fundamental differences between
the economies of countries with small and large populations. Since economic complexity has
been characterized to be the product of aggregating the knowledge and expertise among its
people, a country with a larger population would be expected to have an advantage, ceteris
paribus. While conflict could itself influence population dynamics through mass killings or
emigration, the conflicts included in the sample involve relatively few fatalities, and such effects

are therefore expected to be highly limited.

In addition to estimating the effect of ethnic conflict on economic complexity, SDiD models
are also estimated using foreign direct investment (FDI) net inflows and the Human Capital
Index (HCI) as outcome variables. FDI net inflows have been retrieved from the World Devel-
opment Indicators World Bank [2025a] and the HCI was retrieved from the Penn World Table
10.01 [Feenstra et al., 2025].5 We divide FDI by population, obtaining FDI per capita, in an effort
to normalize the values such that it does not simply measure the size of the country. The HCI
is constructed using data on educational attainment [Barro and Lee, 2013] as well as Mincer
equation estimates on the rate of returns of schooling [Psacharopoulos and Patrinos, 2018]. FDI
inflows capture investors’ perceptions of political and economic stability, which are likely to
be influenced by the occurrence of ethnic conflict. Since FDI can provide not only capital but
also access to international markets, knowledge, and technology, it constitutes an important
mechanism through which conflict could affect a country’s economic complexity. Similarly, the
HCI reflects the education and health status of a population, both of which are fundamental
inputs into the development of complex economic activities. Ethnic conflict could undermine
human capital accumulation either directly, by disrupting education and health services, or

indirectly, by reallocating resources away from public goods provision.

5Note that data for the HCI is only available until 2019.
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5 Methodology

This section outlines the empirical strategy to estimate the effect of ethnic conflict on economic
complexity. We first employ a conventional two-way fixed effects difference-in-differences
(TWEFE-DiD) model to establish a baseline estimate. Building on this, we use the synthetic
difference-in-differences (SDiD) model that relaxes the parallel trends assumption inherent to

the TWFE-DiD framework.

5.1 TWFE Difference-in-Differences

To estimate the average treatment effect of ethnic conflict using a TWFE-DiD approach, we

estimate the following panel regression model:

ECIy = Bo + B1Conflicty + B2GDPpcjt—1 + BsPopulations + y; + 6 + €i @)

ECI;; represents the economic complexity index of country i at time t. GDPpcj;_1 is the
GDP per capita of country i in the year t — 1. The lag is introduced to mitigate issues of
endogeneity, enabling the use of GDP per capita as a control to proxy for different developmental
trajectories between countries.® ; and é; denote the country fixed effects and yearly fixed effects
respectively, and €;; is the error term. We use clustered standard errors at the country level.
The main variable of interest, Conflict;, is a binary indicator taking the value 1 for all treated
countries during all years post treatment, which is defined as suffering at least 100 fatalities of
ethnic conflict during a calendar year. Although the EOSV data used has a fatality threshold of
25 for a conflict to be included, we refer to the approach taken by others [Fearon and Laitin,
2003, Neudorfer et al., 2025, Ray and Esteban, 2017] which establish the threshold of an ethnic
civil war at a yearly average of 100 deaths and a cumulative total of 1,000 deaths across the

entirety of the conflict.

To mitigate the risk that countries in the control group are themselves affected by ethnic
conflict, we exclude any country experiencing fatalities exceeding 50% of the treatment threshold
(i.e., more than 50 deaths) in a given calendar year. Relying solely on a sharp cutoff risks
including countries with fatality counts just below the threshold, which may still exhibit
treatment effects, thereby biasing the estimates. Conversely, excluding all countries with any
fatalities would overly restrict the control pool, which could be particularly problematic for

the synthetic difference-in-differences (SDiD) specification that relies on a sufficient number of

®Note that while lagging GDP per capita helps address reverse causality, it may still constitute a "bad control" if

GDP is itself affected by the treatment (conflict), violating the assumption of exogeneity.
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untreated units. We examine the robustness of our results to alternative fatality thresholds in

Section 7.2.

The validity of the TWFE-DiD estimator hinges on the parallel trends assumption, which
requires that, in the absence of treatment, treated and control countries would have followed
similar trajectories in economic complexity. In a staggered treatment setting, this assumption
must hold for each treated country relative to the control group. However, this is unlikely in our
context. Differences in economic structure, institutional structures, business cultures make it
difficult to argue that any country is similar to another, let alone identical in their developmental
paths. Furthermore, DiD applies equal unit weights across all control units and thus compares
the ECI trajectories of treated countries to the average ECI trajectory of all control countries.
Since the ECI is standardized as a z score, averaging across a broad set of control countries is
likely to produce an artificially flat counterfactual trend, further weakening the credibility of
parallel trends assumption in this context. Additionally, due to the multidimensional nature of
ethnic conflict, we expect treatment effects to be heterogeneous. In such cases, staggered DiD is
likely to yield biased estimates [Baker et al., 2022]. Therefore, alternative methods to TWFE-DiD

are required.

5.2 Synthetic Difference-in-Differences (SDiD)

Hence, we consider the use of synthetic difference-in-differences (SDiD) [Arkhangelsky et al.,
2021] to address the above issues. SDiD is conceptualized as a means to combine the attractive
features of DiD and synthetic control methods (SCM). SCM uses a weighted average of untreated
units from a donor pool to construct a synthetic control. A common criticism of SCM approaches
is that the synthetic control is unable to achieve the parallel trends assumption in some applied
contexts, such as when traditional SCM methods require that unit weights are non-negative
and sum to 1 [Doudchenko and Imbens, 2016]. Moreover, SCM is often carried out on a single
treated unit, as when Abadie and Gardeazabal [2003] studied the economic impact of terrorism
on the Basque Country. Meanwhile, DiD applies to a different empirical setting by allowing
for inference with many treated units in large panel settings. DiD operates on the identifying
assumption that once unit and time fixed effects are allowed for, the parallel trends assumption
holds. SDiD overcomes the aforementioned problem by using a mixture of both unit weights
and time weights, while allowing for a level difference between the treated units and their
respective synthetic controls. Consequently, the additional flexibility from having more weights
would ostensibly reduce the bias from violations of the parallel trends assumption through

achieving a better fit on the pre-treatment trends.
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For a balanced panel with N units and T time periods, Y;; denotes the observed outcome for
unit i at time ¢ upon exposure to binary treatment W;; [Arkhangelsky et al., 2021]. A notable
limitation in the SDiD approach that would be later discussed is the inability for the method to
consider the intensity of treatment, especially if the number of units treated at similar intensities
are insufficiently large for meaningful comparisons. We proceed by forming the donor pool with
never-treated units ControlPool = { Ny : k € {1,2,...donorsize} } and have the remaining treated
units form the treatment pool TreatedPool = {N; : j € {donorsize +1,..., N} }. Compared to the

p4id and the time

DiD equation, the SDiD equation includes the aforementioned unit weights @3
weights A%, The unit weights match the pre-treatment trends of the synthetic control with the
treated pool, subject to y_901°7s2¢ gpedid — 1 and 39 € R, similar to the SCM approach. A new
addition in the SDiD approach, the time weights ensures that for each control unit, the average
post-treatment outcome has a level difference with the weighted average of the pre-treatment
outcome. This ensures that after accounting for the time weights, the control units move in
parallel with a constant difference to obey a relaxed form of the parallel trends assumption. As

in any other two-way fixed effects equation, &; denotes the unit fixed effect for unit i and B;

represents the time fixed effect for period t.

Arkhangelsky et al. [2021] explained that SDiD’s advantage over the traditional DiD estim-
ator relies upon the existence of "systematic heterogeneity in outcomes by either units or time
periods". In this context, the extra sampling variability is an appropriate sacrifice since there is
substantial heterogeneity between countries. The time weights are relevant when we consider
how the ECI may vary due to exogenous sectoral shocks and fluctuations in the business cycle.
Referring to the results from the TWFE-DiD approach (Figure 2), the relatively flat ECI curve
in the control group means the parallel trends assumption definitely would not hold. Strong
heterogeneity between countries and across time makes SDiD the prime candidate for analyzing
the impact of ethnic conflict on economic complexity. Although post-treatment shocks should

still be accounted for, SDiD mitigates the bias it causes through the optimization of time weights.

In this context, staggered SDiD is implemented since ethnic conflicts occur at different times.
Staggered SDiD repeatedly applies the SDiD estimator at each time period that any units are
treated and constructs a weighted average that accounts for the number of units treated in each
time period (ibid.). The results from a staggered SDiD include the tau estimators representing

the treatment effect estimated for each treatment year. Similar to how Pickett et al. [2022] argued

21



that covariates are relevant in empirical settings for SCM with finite pre-treatment periods, we
adopt a similar stance in using covariates to construct a valid counterfactual for SDiD. The
pre-treatment matching of the dependent variable will then be carried out on the residuals, after
accounting for the covariates. Our model includes real GDP per capita as a covariate using the
"projected" option in the sdid package on STATA [Kranz, 2022]. Standard errors are measured
using the clustered bootstrap variance estimation algorithm with 50 repetitions,” following the

recommendations of Clarke et al. [2023].

"We experimented with a higher number of repetitions for the main SDiD specification and obtained nearly

identical results, albeit with significantly increased computation time.
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6 Results

Dependent variable:

Economic Complexity Index (ECI)

Conflict —0.180*
(0.093)
Population 0.000
(0.000)
GDP_pc_lagl —0.00000
(0.00000)
Observations 2,295
R? 0.953
Note: “p<0.1; *p<0.05; ***p<0.01

Clustered standard errors at the country level
Table 1: Estimated Effect of Ethnic Conflict on ECI (TWFE-DiD)

The results of the TWFE-DiD model are illustrated in Table 1 and suggest that ethnic conflict
has a negative effect on economic complexity, statistically significant at the 10% level. While this
result aligns with our hypothesis, the estimated effect is likely biased due to the aforementioned
limitations of the TWFE-DiD model. This concern is further illustrated in Figure 2. As predicted,
the ECI trajectory for the control countries is flat by the construction of the ECI as a standardized
z-score. In contrast, this is not necessarily the case for individual countries. Figure 2 shows
that the first treated country, Spain, has a negative trend over time, which is not matched by
the relatively flat DiD counterfactual in the pre-treatment period, casting further doubt on the

validity of the parallel trends assumption in this setting.®

8The trend-lines for all remaining treated countries is available in Appendix A.2, but compared to their respective

SDiD counterfactual rather than the TWFE-DiD counterfactual.
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Figure 2: Trends in the ECI of Spain and the control group average

Moving on to the SDiD estimation found in Table 2, the results suggest a statistically signi-
ficant negative effect at the 1% level, indicating that the incidence of ethnic conflict is associated
with approximately a 0.206 standard deviation drop in the ECI (SITC) on average in the affected
countries. In terms of country rankings, moving from an ECI score of 0 to —0.206 is equivalent
to dropping by roughly 8-10 spots, depending on the year. This result holds when using the
ECI calculated with the HS product classification as seen in Appendix A.3. To validate the
credibility of this result, the tau estimators (i.e. the individual treatment effects by treatment
year), graphical results, and unit and time weights are examined to establish whether or not the
model appears to be able to create reasonable synthetic controls. The tau estimators for the nine
treatment years are shown in Table 3 where each year except for 2007 has a negative estimate,
six of which are significant. This is an important result as it indicates that the SDiD average treat-
ment on the treated (ATT) estimate is not driven by a few outliers, but rather seems to be a fairly

consistent phenomenon, albeit with a varying effect size even among significant treatment years.
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ATT Std. Err.  t-stat p-value 95% CI

Ethnic Conflict —0.206**  0.060 —-3.42 0.001 [-0.324, —0.088]

Note: *p<0.1; **p<0.05; ***p<0.01

Table 2: Estimated Effect of Ethnic Conflict on ECI (SDiD)

T Std. Err. Time

rl  —0.143*** 0.0345 2004
r2  —0.180*** 0.0551 2005
r3 0.030  0.0279 2007
r4 —0.308*** 0.0902 2008
r5 —0.271*** 0.0624 2009
r6  —0.135"** 0.0401 2010
r7  —0.517*** 0.1027 2011
r8 —0.068 0.0554 2014

Note: *p<0.1; **p<0.05; ***p<0.01

Table 3: Tau estimators: The treatment effect on the ECI by treatment year

The tau estimators indicate the adoption-period specific SDiD "treatment effect on the treated" estimates for
each individual treatment year. The weighted average of these estimates are then used to construct the SDiD

average treatment effect on the treated (ATT) estimate as seen in Table 2.

As for the graphical results, an example is provided in Figure 3 indicating the ECI trends for
Spain and its synthetic control. The graphical output for all other treatment years can be found
in Appendix A.2.° While an apparent level difference is still present in Figure 3, the trend of the
control unit is no longer completely flat as was the case with TWFE-DiD, and instead appears
to mimic the observed pre-treatment trajectory of Spain quite well. Considering the graphical
output for all treatment years found in Appendix A.2, the pre-treatment trends look parallel
for most treatment years, with the main exceptions being 2014, 2009 and 2005 which all show

signs of rather volatile ECI trends among the treated countries where the SDiD algorithm seems

9Reviewing the full set of graphical outputs is important to assess whether the SDiD method has generated
credible synthetic controls. Due to space constraints, only one example is shown in the main text, but readers are

encouraged to consult the appendix for the complete set of graphs.
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to struggle to replicate. Indeed, a general pattern when observing the graphical results is that
any larger short-term shocks or spikes in the trend-lines of treated countries appear difficult for
the algorithm to mimic, indicating that there may be no perfect matches in the pool of control
countries. While this may hurt the feasibility that the synthetic controls sufficiently match the
trends of treated countries which would cause bias, another key issue of fitting the synthetic
controls is to avoid overfitting, in which case it is likely undesirable for the counterfactual to
mimic each short term shock. Overall, the algorithm seems to mimic the overall pre-treatment

trends of treated countries reasonably well after accounting for level differences.
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Figure 3: Trends in the ECI for Spain and synthetic Spain, and time weights.

Note: The solid line shows Spain’s actual ECI trend, while the dashed line represents the counterfactual trend
estimated by SDiD. The green shaded area represents the time weights used by the SDiD algorithm to emphasize
periods with the highest predictability of future outcomes.

To further assess the risk of overfitting, the estimated unit and time weights, shown in
Appendix A.2, are briefly examined. A common pattern among units with fewer pre-treatment
periods is that they tend to assign positive weights to a larger number of control countries, often

with very small weights on each. While relying heavily on a few specific matches may increase
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the risk of fitting to idiosyncratic shocks rather than capturing broader trends, spreading
weights too thinly across many dissimilar countries can result in a synthetic control that fails to
adequately track the treated unit’s trajectory. This risk is exacerbated when the pre-treatment
period is short, as the limited data makes it more difficult to identify a robust counterfactual.
With regard to the time weights, it is crucial to examine whether too large emphasis is being
placed on a particular year, especially the year before treatment. This can be an indication
that the algorithm is overfitting the synthetic controls to statistical noise or that the fit of the
counterfactual is poor, both of which would introduce bias to our estimate. The graphical
output in the appendix suggest that this is not a strong concern as most treatment years do not
show signs of this with weights either being balanced out across at least a few pre-treatment
periods without having the bulk of the time weights being placed on the year before treatment.
The treatment year 2007 is the main exception to this with a very large time weight on the year
before treatment, and the treatment year 2005 further shows a similar pattern, but not equally
extreme. While it is difficult to state the direction of bias, Table 3 suggests that the estimated

average treatment effect is not driven by these two treatment years.

Furthermore in this context, a SDiD approach is supported by the fact that the EOSV
dataset has a lot more control countries (76) that can form the donor pool relative to the
number of treated countries (9). Moreover, the unit weight graphs show no single control
country in the donor pool possessing a dominant unit weighting which implies that it is not a
corner solution. The L, regularization regression embedded within the computation of unit
weights for SDiD helps address overfitting concerns relative to traditional SCM approaches.
Thus, relatively balanced unit weighting and satisfactory matching of pre-treatment outcomes
mitigates concerns that SDiD within this context results in the extrapolation of data through

constructing an unrealistic counterfactual.
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7 Robustness Checks

In this section, we conduct a series of placebo tests and sensitivity analyses to assess the robust-
ness of our main findings and the credibility of our causal interpretation. To the best of our
knowledge, the SDiD literature does not yet offer well-established guidelines for robustness
checks. An example is provided in the working paper by Sileci [2023] who used SDiD to estim-
ate the effects of British Columbia’s carbon tax on air quality and environmental equity. For
robustness checks, this paper used a different data source for the air quality data, restricted the
geographical scope of treated areas within British Columbia and restricted the temporal scope of
the analysis through using a narrower timeline. In contrast, the SCM literature routinely applies
"in-time" and "in-space" placebo tests to strengthen their causal claims [Abadie, 2021]. The
in-time placebo test is ran by shifting the treatment year forward, and the in-space placebo test
is performed by letting each control unit act as a fake treated unit and estimating a distribution

of placebo effects where no true treatment actually occurs.

Building on these approaches, we implement two similar tests: a time placebo test and a
unit placebo test. For the time placebo test, the treatment years of each treated unit will be
shifted forward and backwards one year at a time up to four years in each direction (44 years),
re-estimating the SDiD model at each shift. This allows us to assess whether similarly strong
effects are observed during years surrounding the actual treatment—when no real intervention
has occurred. The unit placebo test is conducted by randomly assigning treatment to countries
from the pool of control units in order to assess whether the SDiD estimator detects spurious
effects in the absence of actual treatment. Specifically, we exclude all originally treated units
and randomly assign placebo treatment to ten of the remaining control countries. These placebo
treatments are randomly drawn from the set of possible treatment years in the original design
(2000-2014). For each random allocation, we estimate an SDiD model and record the resulting
treatment effect estimates. This process is repeated 50 times, constructing a distribution of
placebo effects that serves as a benchmark for evaluating the credibility of our main results.
Following the placebo tests, sensitivity analyses are conducted to examine the robustness of our
findings to alternative empirical design choices. First, we vary the fatality threshold used to
define treatment and the minimum fatality "gap" required for a country to be included in the
control pool and analyzing how it impacts the findings. Second, SDiD models are estimated
on subsets of treated units, focusing on specific types of ethnic conflicts, which we define as

terrorism or electoral violence, to explore potential heterogeneous effects.
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7.1 Placebo Testing

The findings of the time placebo tests are illustrated in Table 4. The results suggest that when
treatment is moved backward in time, the magnitude of the effect drops, but remains statistically
significant at a 5% level for the first three years and then loses significance in the fourth year
due to a less precise estimate. While the drop in magnitude is reassuring as it indicates that
the escalation of violence coincides with the largest reduction of economic complexity, the high
significance level indicates that the SDiD model is picking up a treatment effect before the
treatment actually occurs by our definition. A precise interpretation of the results would recall
that treatment occurs when fatalities from an ethnic conflict crosses a particular threshold, which
indicates an escalation of conflict but not necessarily its inception. The worsening of inter-ethnic
relations, the destruction of capital and the ethnicization of politics may precede the fatalities,
returning to the notion that ethnic conflict is an ongoing process. This is likely particularly
true in the case of electoral violence, but less so in conflicts characterized by terrorist attacks.
Furthermore, a caveat with shifting treatment timing backwards is that the pre-treatment period
may be too short for countries treated early which may result in variability in the results.
Additionally, post-treatment effects are tested through shifting the treatment timing forwards.
The results for shifting the treated placebo one year forward are similar, indicating that ethnic
conflict could either occur near the end of the year or that there is a delay from the escalation
of violence towards noticeable impact on the country’s export structure. However, moving
the treatment timing beyond that yields results of smaller magnitude with the 2 and 3 year
shifts being significant at 10% and the 4 year shift being significant at 5%. This suggests that the

impact of ethnic conflict on ECI is persistent and last for multiple years.
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Model ATT Std. Err. t P>t [95% Conf. Interval]
Placebo +4 -0.08520** 0.04196  -2.03  0.042 (-0.16744, -0.00296)
Placebo +3 -0.07606* 0.04610 -1.65  0.099 (-0.16641, 0.01429)
Placebo +2 -0.12471* 0.07137  -1.75  0.081 (-0.26460, 0.01517)
Placebo +1 -0.18663** 0.07252 -2.57 0.010 (-0.32877, -0.04449)
Original (0)  -0.20629***  0.06030 -3.42  0.001 (-0.32448, -0.08810)
Placebo -1 -0.13785** 0.06545 -2.11  0.035 (-0.26613, -0.00956)
Placebo -2 -0.13970** 0.06298  -2.22  0.027 (-0.26313, -0.01627)
Placebo -3 -0.14299** 0.07074  -2.02  0.043 (-0.28164, -0.00434)
Placebo -4 -0.15719 0.11696 -1.34  0.179 (-0.38642, 0.07205)

Note: *p<0.1; *p<0.05; ***p<0.01

Table 4: Time Placebo Tests for SDID Estimation
Each row reports the result of an SDiD estimation where the treatment year is shifted relative to the original
specification. A value of +1 indicates the treatment year is moved one year later, while -1 indicates it is moved

one year earlier.
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Figure 4: Distribution of ATT estimates from the unit placebo test. The dashed red line shows
the actual ATT from the main SDID regression.
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Figure 5: Distribution of t-values from the unit placebo test. The dashed blue line shows the

actual t-value from the main SDID regression.

Proceeding to the unit placebo test, we plot the distributions of the ATT estimates and t-
values in Figures 4 and 5 respectively. The histograms compare the results of the 50 unit placebo
SDiD models to the actual estimate, both in terms of magnitude and statistical significance.
Among the 50 unit placebo iterations, four yield statistically significant at 5%, two negative

and two positive, and there one is significantly positive at a 1% level. While the number of
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significant results is slightly above what is expected by chance, it is not overly concerning.
Importantly, none of the 50 unit placebo iterations reproduce the magnitude of our actual results.
The most negative placebo ATT is approximately -0.162 compared to the actual ATT of -0.206.
This suggests that the observed effect is unlikely to be replicated by placebo, reinforcing the

credibility of our findings.

7.2 Sensitivity Analysis

Threshold ATT Std. Err. t P>|t|  [95% Conf. Interval]
25 -0.02788 0.06392 -044 0.663 (-0.15316, 0.09740)
50 -0.16519 0.10746  -1.54 0.124 (-0.37581, 0.04544)
100 (Baseline)  -0.20629*** 0.06030 -342 0.001 (-0.32448, -0.08810)
150 -0.23024*** 0.06032 -3.82  0.000 (-0.34845, -0.11202)
200 -0.20753*** 0.06271  -3.31  0.001 (-0.33044, -0.08462)

Note: *p<0.1; **p<0.05; ***p<0.01

Table 5: Sensitivity Check: Results for Different Fatality Thresholds

Each row reports the result of an SDiD estimation where the fatality threshold for being considered treated has

been adjusted from the baseline value of 100.

Sensitivity analysis is carried out firstly through varying the fatality threshold required to
be assigned treatment, and secondly through changing the minimum fatality gap a country
must have from the threshold to be included in the control group. Varying the fatality threshold
can impact the sample in two ways. The less obvious way is that a decreased threshold can
cause both treated and control countries to be dropped from the sample if they have conflict in
the pre-treatment period which cross the new threshold. The more obvious difference is the
inclusion of new treated countries including, but not limited to, Bahrain (25 fatalities), Saudi
Arabia (26), and Madagascar (31). The results are reported in Tables 5 and 6 respectively. In the
former table, result for any used threshold above 100 is statistically significant at a 1% level,
whereas the two lower threshold are not statistically significant, with the ATT dropping to
nearly zero when the threshold is 25. While fatalities are an imperfect proxy for conflict intensity,
the result suggest that a certain level of conflict intensity is required to be able to identify a
visible effect on economic complexity. Thus, more intense conflicts appear to result in greater

declines in economic complexity. However, moving beyond 100 fatalities as a threshold does
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not appear to have any significant impacts on the results in our setting. Additionally, the main
drivers of any differences in the results will be stemming from either including new treated
countries, or excluding previous treated countries following a threshold change. Thus it follows
that deeper case studies on the pool of treated countries would be required to fully understand

potential differing results for different threshold, which is beyond the scope of this paper.

In contrast, the result shown of the second sensitivity check in Table 6 is purely driven by
changes in the pool of control countries, all of which are statistically significant at the 5% level
at the lowest. Removing all countries which suffer any ethnic conflict from the control pool
yields the largest ATT estimate, whereas our baseline estimate, which only removes countries
suffering between 50 and 100 fatalities, is the only specification that is significant at a 1% level.
These findings suggest that varying the fatality gap between treated and control units does
not appear to have a large impact on the results. If anything, removing countries that risk

suffering a treatment effect on ECI through a sub-threshold fatality count appears to yield larger

estimates.
Threshold ATT Std. Err. t P> |t|  [95% Conf. Interval]
0% —0.23832** 0.11785 —2.02 0.043 (—0.46930, —0.00735)
50% (Baseline)  —0.20629*** 0.06030 —3.42 0.001 (—0.32448, —0.08810)
100% —0.16521** 0.06697  —247 0.014 (—0.29647, —0.03396)

Note: *p<0.1; **p<0.05; ***p<0.01

Table 6: Sensitivity Check: Varying Control Pool Based on Fatality Thresholds

Each row reports an SDiD estimation that excludes control countries that exceed varying shares of the 100
fatality threshold. Thus, the first model excludes control countries with any fatalities in any year, the second
one excludes control countries with over 50 fatalities in a year, and the third one simply has a sharp treatment

threshold of 100 fatalities.

7.3 Subset of conflicts

In broad terms, the ethnic conflicts included in the treated sample can be categorized as either
terrorist attacks or electoral violence. In order to categorize the events, each conflict was re-
searched on a case by case basis since the EOSV data does not provide explicit classifications.

Countries classified as experiencing electoral violence have typically sustained civil unrest over
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an extended period of time which further escalates around the time of elections, with state
actors, often government forces, being identified as the perpetrators of the fatalities which
are directed towards specific ethnic groups. Meanwhile, countries classified as experiencing
terrorist attacks typically faced mass killings carried out by internationally recognized terrorist
organisations.!? These events are generally isolated incidents rather than prolonged conflicts
which is the key difference between the two subsets of ethnic conflict. Another potential dis-
tinction is that electoral violence would cause greater damage to economic complexity than
terrorist attacks. First, terrorist attacks are likely to result in less damage in physical capital
and human capital. Secondly, terrorist attacks are unlikely to damage inter-ethnic relations
if society deems these fringe elements as a collective threat instead of being a divisive en-
tity. Electoral violence raises the potential of severely damaging inter-ethnic relations and
drives the ethnicization of politics. Moreover, the persistence of electoral violence after its out-

break relative to the sporadic nature of terrorist attacks may contribute to their different impacts.

Conflict Type ATT Std. Err. t P>|t|  [95% Conf. Interval]

Terrorist Attacks -0.14329***  0.04021  -3.56  0.000 (-0.22211, -0.06448)
Electoral Violence  -0.25580** 0.11153  -2.29  0.022 (-0.47439, -0.03721)

Note: *p<0.1; **p<0.05; ***p<0.01

Table 7: Effect of Different Types of Conflict on Economic Complexity

Each row reports an SDiD estimation for the respective subset of conflict type. The terrorist attacks include
Spain, Pakistan, Mexico and Cameroon, and the electoral violence include Togo, Kenya, Zimbabwe, Guinea,

and Libya.

After dividing the treated countries into terrorist attacks and electoral violence, the largest
estimated negative impacts emerged from bouts of post-election violence as observed in Table 7.
While the p-value is, to our surprise, smaller for terrorist attacks, both results are statistically
significant at 5% and the ATT estimate is considerably larger for electoral violence. Comparing
the tau estimators in Table 8 and Table 9, it is evident that the negative effect for terrorist attacks
is typically of a lower magnitude than electoral violence, confirming our hypothesis. With

the exception of Cameroon, which experienced the highest number of fatalities in our treated

0The exception is Mexico, where the perpetrator was a drug cartel. We still recognize this as an instance of

narcoterrorism. [Cordero, 2013]
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T Std. Err. Time

rl  —0.143*** 0.0411 2004
r2  —0.193*** 0.0283 2008
r3 —0.135*** 0.0376 2010
r4 —0.068 0.0687 2014

Note: *p<0.1; **p<0.05; ***p<0.01

Table 8: Tau estimators: The treatment effect on the ECI by treatment year — Terrorist Attacks

The tau estimators indicate the treatment effect estimates by treatment year.

T Std. Err. Time

rl  —0.180*** 0.0495 2005
r2 0.030  0.0284 2007
r3  —0.436"** 0.0288 2008
r4 —0.271*** 0.0566 2009
r5 —0.517*** 0.1407 2011

Note: *p<0.1; **p<0.05; ***p<0.01

Table 9: Tau estimators: The treatment effect on the ECI by treatment year — Electoral Violence

The tau estimators indicate the treatment effect estimates by treatment year.
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sample and falls into the terrorist attack group, there is no clear difference in fatality levels
between the two groups. This suggests that the larger estimated effect observed among cases of
electoral violence is not driven by higher fatality counts, but rather by the distinct nature of
the conflicts themselves. In summary, these findings suggest that while the magnitude of the
main results is primarily driven by conflicts categorized as electoral violence, the high level of

statistical significance is not solely attributable to one category.
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8 Mechanisms

This section seeks to understand the results deeper by exploring the channels through which
ethnic conflict may influence economic complexity. A series of SDiD models are estimated
with the same treatment assignment, but different outcome variables. Specifically, models are
estimated using GDP per capita (level and growth rate), FDI per capita, and HCI as outcome
variables, the results of which are summarized in Table 10. The findings are that ethnic conflict
has a positive effect on per capita GDP growth while the effect on per capita GDP is negative,

albeit only weakly significant at a 10% level. The estimates on FDI and HCI are insignificant.

Outcome Variable ATT Std. Err. t P>|t|  [95% Conf. Interval]
GDP per capita —1,230* 637.26 —-193  0.054 (—2,480, 21.94)
GDPpc growth (%) 2.001** 0942 212 0034  ( 0155, 3.848)
FDI per Capita —148 295.41 —050 0.615 (=727, 430.63)
HCI —0.038 0.039 —0.99 0.324 (—0.114, 0.038)

Note: *p<0.1; **p<0.05; **p<0.01

Table 10: Effect of Ethnic Conflict on Mechanisms: GDP, FDI, and Human Capital

Each row reports an SDiD estimation on the respective outcome variables.

A caveat, however, is that by examining the Tau estimates for GDP in Table 11, the economic
significance is driven predominantly by Spain (2004) and Libya (2011). The outbreak of the
Libyan civil war in 2011 did not just include protests against then-Prime Minister Muammar
Gaddafi that emerged against the backdrop of the Arab Spring, but eventually involved military
intervention in the country by members of the North Atlantic Treaty Organization (NATO)
[Daalder and Stavridis, 2012]. Hence, the course of the conflict after the initial outbreak of
violence seen in the example of Libya is not necessarily representative of the other treated
countries. Meanwhile, the conflict in Spain mainly refers to the Madrid bombings in 2004
with responsibility attributed to the Moroccan Islamic Combatant Group (GICM) that opposed
Spanish involvement in Iraq. However, the decline in GDP per capita may be attributed to the
confluence of a factors: collapse of the Spanish housing market following the 2008 financial
crisis and the subsequent Euro-zone crisis. These concerns cast doubt on the identification
assumptions of SDiD, based upon a modified version of the parallel trends assumption from

the DiD paradigm, which we address later on. Furthermore, there may be criticism that ethnic
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T Std. Err.  Time
rl  —3395""* 413.8420 2004
2  —784"* 1874929 2005
r3 —180 202.7186 2007
r4 24 274.7559 2008
5 —47 184.9802 2009
6 —400 264.1533 2010
r7 —6118"* 326.8702 2011
r8 —68 73.4658 2014

Note: *p<0.1; *p<0.05; “***p<0.01

Table 11: Tau estimators: The treatment effect on GDP per capita by treatment year

The tau estimators indicate the treatment effect estimates by treatment year.

T Std. Err.  Time
rl  -1.657%* 0.2310 2004
r2  2.849* 1.4330 2005
r3  2.231%* 0.4217 2007
rd  4.321% 2.8771 2008
5 2.720% 0.4481 2009
r6 2.378"** 0.7951 2010
r7  0.300 1.2444 2011
r8 0483 0.4467 2014

Note: *p<0.1; **p<0.05; ***p<0.01

Table 12: Tau estimators: The treatment effect on GDP per capita growth by treatment year

The tau estimators indicate the treatment effect estimates by treatment year.
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terrorism does not fit into the concept of conventional ethnic conflict. Yet, there are no universally
accepted definition on terrorism due to its politicized nature. We maintain the view that
terrorism, perpetrated either by the state or by non-state actors, does not change the underlying

ethnic character of the conflict.

Meanwhile, the observed increase in GDP growth appears to be driven by a broader set of
countries according to the Tau estimates of Table 12. All except Spain (2004), Libya (2011) and
Cameroon (2014) boast a positive coefficient, all statistically significant at various levels. While
the combination of negative effects on both ECI and GDP alongside a positive effect on GDP
growth is somewhat counterintuitive, it may reflect a phase of post-conflict economic recovery.!!
Furthermore, this pattern suggests that the recovery is likely driven by forms economic activity
that do not necessarily enhance economic complexity. Overall, ethnic conflict is likely to disrupt
production chains and harm the development of underlying capabilities in the economy as seen

in the decline in GDP and ECI.

Regarding the insignificant results on FDI, a plausible explanation is that the recipients
of FDI are unaffected by the ethnic conflict. If ethnic conflict occurs in urban centres and
FDI is directed towards oil fields or mines that are geographically distant, the impact may be
mitigated. We further suggest that while the quantity of FDI may not decrease, the quality of FDI
would decrease instead. This is based on the understanding that not all FDI is equal, a belief
that policymakers subscribe to when constructing their sophisticated FDI regimes [Alfaro and
Charlton, 2007]. Using evidence from Colombia [Maher, 2015], civil war violence may create the
conditions favourable for FDI inflows. This occurs when the violence is propagated by parties
forwarding the interests of foreign investors, referring especially to the oil industry. This would
be relevant to Libya in a post-Gaddafi era, as oil firms including British Petroleum and Royal
Dutch Shell moved in to secure drilling rights and contribute to the country’s reconstruction
efforts [Ali and Harvie, 2013]. When put into context with the eclectic paradigm [Dunning, 1988]
used to rationalize the international production of multi-national enterprises, this emphasizes
the distinction between resource-seeking FDI and other forms of FDI. Their distinction, in this
context, refers to their contribution to a country’s economic complexity and holistic economic

development.

There are different definitions on what constitutes quality FDI [Alfaro and Charlton, 2007],

Note further that the countries driving the effect of the GDP results differ from the ones driving the effect of the
GDP growth result, with Libya being insignificant in the latter and Spain having a significant result in the opposite

direction.
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but all share the characteristics of helping a country achieve sustainable growth. In our context,
quality FDI refers to FDI that is concentrated on introducing new industries that produce
more sophisticated products and move countries up the value chain, compared to FDI that is
focused on expanding low value-added activities. However, the quality of FDI with respect to
increasing economic complexity depends on the interaction of the characteristics of the specific
investment inflow and the country involved; FDI that brings about knowledge transfer in
industries that require professional expertise depend on the existence of an educated workforce.
With ethnic conflict FDI quality would decline in most cases. A decrease in quality FDI inflows
would be substituted by an inflows of lower quality FDI, obscuring the overall impact on FDI
flows. A reason is that production of more complex products are more sensitive to changes in
socio-economic conditions relative to commodities.. Path dependencies that constrain countries
to focus on development based on low-value extractive processes [Ben Saad et al., 2023] may
result from ethnic conflict, conditioning both the domestic political institutions and foreign

investors to seek lower quality FDI.

No significant impact of ethnic conflict on human capital was found, as measured by the
Human Capital Index (HCI) of the Penn World Table 10.01 [Feenstra et al., 2025]. This measure
is calculated using data on educational attainment and returns to schooling. However, the HCI
index is likely to be lagged in its response, should ethnic conflict adversely affect the quality
of education systems through driving underinvestment in public goods. Unless severe ethnic
civil wars are considered, we expect the impact on HCI to be minimal, as confirmed by the
Table 10 results. The HCI index is likely to be too insensitive to detect the impacts of disruptions
from ethnic conflicts that lack the intensity of full-blown civil wars or conflicts that threaten
state failure. Our findings are in agreement with Ben Saad et al. [2023]. Hence, we require

investigations on more dimensions of human capital, and especially entrepreneurial capital.

While the findings so far in this section suggest that ethnic conflict conflict has an effect on
per capita GDP and GDP growth, the mechanisms behind its impact on the ECI remain unclear.
Since the ECI is constructed using export data, a natural follow-up involves returning to the
disaggregated trade data to make sense of what contributes to the decline in ECI. We combine
disaggregated trade data on product level from the United Nations Comtrade Database [Gaulier
and Zignago, 2010] with data on the product complexity index (PCI) from The Observatory of
Economic Complexity [2023] using the HS92 product classification for both data sources.!? Like

12Since the Comtrade Data contained more product classifications than the PCI data, many products were left
without a PCI score after the initial matching. In these cases, the hierarchical structure of the 6-digit HS92 codes was

used to assign an average PCI score based on the most similar available products.
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the ECI, the PCI is measured as a z-score and the trade data is measured in terms of value in
US$. Using the average PCI score of each product, products are ranked by complexity within
each country’s export basket. This ranking is then used to compute the weighted average PCI
among the top and bottom 20% of the export value within each country and year, allowing us
to analyse if ethnic conflict has an impact on the overall composition of trade with SDiD. The
process is repeated for the top and bottom 5%, 10% and 15% and the findings are summarized

in Table 13.

Export Share (X%) ATT Std. Err. t P>|t|  [95% Conf. Interval]
Top 5% —0.21316"*  0.10454 -2.04 0.041 (—0.41806, —0.00826)
Top 10% —0.23674* 0.12558  -1.89  0.059 (—0.48287, 0.00939)
Top 15% —0.24921* 0.14289 -1.74  0.081 (—0.52928, 0.03085)
Top 20% —-0.20191**  0.10322 -1.96 0.050 (—0.40421, —0.00039)
Bottom 5% —0.00565 0.06747  -0.08 0.933 (—0.13789, 0.12660)
Bottom 10% —0.02782 0.08824 -0.32 0.752 (—0.20076, 0.14511)
Bottom 15% —0.07091 0.08196  -0.87  0.387 (—0.23155, 0.08974)
Bottom 20% —0.06501 0.08502 -0.76  0.444 (—0.23164, 0.10161)

Note: *p<0.1; **p<0.05; ***p<0.01

Table 13: Effect of Treatment on Product Complexity of Export Share Tails

Each row reports the ATT from an SDiD estimation of the treatment effect on the weighted average PCI of the

top or bottom X% most export-dominant goods in each country-year.

The results suggest that the weighted average PCI of the most complex exports within
countries significantly decreases following an ethnic conflict, whereas the no significant results
are found for the least complex goods. In terms of magnitude, there is little variation among the
estimates of the most complex goods, but the precision is slightly lower for the estimates on
the top 10% and 15% causing the significance level to drop from 5% to 10%. Overall, the fact
that the average PCI of the top export segment declines significantly, while the bottom segment
remains unaffected, suggests that ethnic conflict disproportionately disrupts a country’s ability
to sustain its most sophisticated exports. Whether this effect stems from disruptions in domestic
production or from the loss of trade partners due to increased political risk, the inability to sus-
tain exports of more sophisticated products may undermine a country’s long-term development

and growth prospects. In contrast, the exports of less complex goods appear more resilient,
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likely because these products depend less on the capability-intensive systems most vulnerable

to conflict-related disruptions.

9 Discussion

The key finding of this study is that ethnic conflict leads to a significant and persistent decline
in economic complexity, affirming our narrative on the destructive impacts of ethnic violence.
While GDP growth increases following the conflict, the simultaneous decline in GDP level and
economic complexity indicates that this growth may reflect a shift toward less sophisticated
economic activity rather than a full recovery—highlighting the lasting negative impact of ethnic
conflict. The further inspection of the exports and PCI data found that, following an ethnic
conflict, the most complex goods within an economy tend to be the most negatively affected.
This indicates that complex goods are more vulnerable to negative shocks, raising concerns
about an increased reliance on commodities as conflict-affected countries struggle to diversify
their exports. Such a shift could undermine long-term economic competitiveness, as rival
countries take advantage of the gaps created in the market, illustrating the true long-term costs

of the instability created by ethnic conflict [Arunatilake et al., 2001].

We proceed by revisiting the first proposed mechanism: the loss of human and physical
capital. This effect is not clearly supported by the data. The Human Capital Index (HCI) shows
no discernible change, possibly due to its insensitivity to conflicts that do not escalate into
full-scale civil wars. Moreover, we lacked access to sufficiently disaggregated data on physical
capital to draw additional conclusions. Country-level capital-stock data is too aggregated to
capture the localized economic disruptions caused by ethnic conflict, which frequently harms
specific regions or communities more severely than others. The second mechanism on limited
foreign technology transfer and a decline in foreign direct investment is not clearly observed in
the data either. FDI flows had no significant change, which requires us to reconsider the link of
FDI to developing new export capabilities needed to increase economic complexity. This differs
from Frantz [2018] who found that capital flight is more likely to occur during election years,
which is relevant to our examination of electoral violence. Unfortunately, we lack concrete data
to draw appropriate conclusions on the last two mechanisms on the fragmentation of economic
networks and the erosion of local institutions by the ethnicization of politics. Yet, the fragility of
the most complex products seen in our findings provides circumstantial evidence for the above.
This findng is new; the only similar paper to our knowledge [Bricongne et al., 2022] examined

the response of export performance to shocks across firms of different sizes.
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9.1 Limitations and Future Research

Next, we examine the limitations of the paper and how they affect the overall study. We begin
by considering potential violations of the identification assumption for the SDiD approach,
which refers to the modified version of the parallel trends assumption inherited from the DiD
framework. A key challenge of using country-level data arises from post-treatment shocks
with heterogeneous effects on each country. Notable examples include the global financial
crises of 2008 and the Eurozone debt crisis, which in turn affect countries depending on their
trade relationships and financial institutions. The issues of post-treatment shocks are mitigated
by SDiD’s approach in the construction of time weights. Future research could formally
evaluate how robust the SDiD approach is to different kinds of post-treatment shocks, further

strengthening the internal validity of studies using this empirical method.

Another potential threat to internal validity comes from concerns about general equilibrium
effects. As ethnic conflict alters export patterns, new winners and losers will inevitably be
created, a reality of the highly inter-connected global economy. A collapse in output of a
particular product in a country may result in foreign investors directing their attention to other
candidate areas for production. We believe that SDiD sufficiently addresses these concerns by
using many countries to comprise the donor pool, such that if any particular country were to
benefit from ethnic conflict, their limited unit weight used to construct the synthetic control
would sufficiently dilute any benefit. Moreover, the treatment pool contains no large countries
that are sufficiently centralized nodes of global trade and knowledge networks for general

equilibrium effects to be a major issue.

An additional limitation of the current SDiD approach is the restrictiveness of the binary
treatment variable based on a fatality threshold. Although binary treatment is appropriate for
examining straightforward one-off policy changes, it means that we are unable to account for the
intensity of ethnic conflict and its recurrence to reflect its possibly heterogeneous and episodic
nature. Recalling that the results were insignificant when the fatality threshold was lowered
from 100 to a baseline of 50, we return to the problem of approximating the true intensity of
ethnic conflict [Ray and Esteban, 2017]. Further work can involve distinguishing between the
bulk of the countries whose ECI suffer following the conflict outbreak from countries whose
ECI remained resilient through the process. This may require further case studies examining
the character of individual ethnic conflicts and the economic institutions of the relevant country.
We expect that the true effect after accounting for intensity and recurrence to be more negative,

and that our current figures are conservative. Another important consideration is the nature
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of the conflicts classified as ethnic in this study. Specifically, ethnic mass killings commonly
occur as parts of larger events such as during the 2011 conflict in Libya which also involved
foreign military intervention. While our approach identifies the conflict’s effect as a whole, it
cannot differentiate the effect purely caused by the ethnic dimension of the conflict [Gilley, 2004].
This limitation highlights the need for more granular conflict data and contextual analysis.
Furthermore, an avenue for future research would be to explore whether the observed effects
hold more generally across different types of conflict, or whether they are unique to those with

a primarily ethnic character.

Data limitations are further abound. As natural in a conflict zone, our attempts to understand
the impact on entrepreneurial and social capital are frustrated by the lack of firm-level data on
economic activities and local data on inter-ethnic business ties. Since firms are less likely than
households to provide potentially sensitive information [Briick et al., 2013], we are left with
more consumption data than micro-level production data. Additional bottom-up initiatives to
investigate multiplexed relationships, such as the study on an Indian village by [Chandrasekhar
et al., 2024], would complement our understanding of the mechanisms linking ethnic conflict to

economic complexity.

Future research on the robustness checks within the SDiD framework can help make it a
more popular tool to examine more intricate phenomenons such as ethnic conflict. Examining
economic complexity on a sub-national level is another emerging sub-literature within the
broader economic complexity literature [Gomez-Lievano and Patterson-Lomba, 2021, Magal-
haes et al., 2023], which would help one understand the impact of ethnic conflict on a more
granular level. Additionally, we believe the potentially heterogeneous impact of FDI on eco-

nomic complexity can be a promising area for future research.

Moving forward, governments and the inter-governmental organisations should seek to
create trust and promote ethnic cooperation across ethnic boundaries as part of their strategy for
conflict prevention and post-conflict recovery. Inter-ethnic cooperation occurs when individuals
believe that others who flout the law are held accountable by state institutions and informal
social institutions [Fearon and Laitin, 1996]. Hence, local governments should be strongly
encouraged to hold all ethnic groups equal in the eyes of the law for there to be trust in these
institutions. Failing which, unresolved disputes would likely cause countries to spiral into
further ethnic conflict. Special attention should be accorded to ensuring the recovery of the most
complex products, given their vulnerability. These efforts overall contribute to improving the

economic complexity of countries over time and make developing economies especially more
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resilient to inter-ethnic tensions. Our paper contributes to two distinct strands of literature:
the growing literature on the drivers of economic complexity and literature on the economic
outcomes from ethnic conflict. First, it extends the literature on economic complexity since
[Hidalgo and Hausmann, 2009] through theorizing how the capabilities of economies are
affected by bouts of sociopolitical instability. Second, it furthers research on ethnic conflict by

shifting the focus from common economic indicators towards understanding the underlying

structural transformation of economies.
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10 Conclusion

This paper has scrutinized the impact of ethnic conflict on economic complexity, providing
new evidence on how the escalation of ethnic violence affects an economy’s export structure.
Economic complexity was selected as the main outcome variable due to its reflection of the
underlying resilience of the economy, and its role in predicting the success of sustainable devel-
opment. We posit the existence of several channels through which ethnic conflict undermines
economic complexity: disruption of export activities through the destruction of physical capital
and the displacement of human capital, the fragmentation of knowledge networks and the
ethnicization of politics that drives an underinvestment in public goods necessary for industrial

upgrading.

Through a synthetic difference-in-differences approach, we find evidence that the outburst
of violent ethnic conflict leads to a statistically significant decline in the economic complexity
index by 0.206 standard deviations—a decline equivalent to losing 8-10 ranking positions
globally. The effect persists beyond the immediate conflict period and is disproportionately
driven by collapses in the most complex export categories, revealing how ethnic violence erodes
the sophisticated production networks that underpin long-term development. Notably, while
GDP growth rebounds post-conflict, the simultaneous decline in GDP levels and ECI suggests
this recovery masks a shift toward less complex, commodity-like activities, heightening risks
of a resource curse trap. The study contributes to development literature by highlighting
the vulnerability of economic complexity to conflict-related disruptions and underlining the
broader importance of inter-ethnic cohesion and institutional stability for sustaining economic

sophistication.
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A Appendix

A.1 Mathematical Explanation of the Economic Complexity Index (ECI) and Product
Complexity Index (PCI)

In this appendix, we provide a brief explanation of the derivation of the complexity indexes,

ECI and PCI.

xcp/zxcp

_ p
RCAq = —gxcp /;?CCP (3)

The above equation provides the Balassa index, a measure classically used to denote Relative
Comparative Advantage (RCA). The index is the ratio of country c¢’s exports in product p to its
share in total product exports [Balassa and Noland, 1989]. A binary country-product matrix
M is then constructed with elements M., whereby ¢ denotes country and p denotes product,

satisfying the following condition:

1 if RCAg > 1
Mcp -

0 otherwise
When aggregated across products and countries, the matrix M reveal the underlying patterns
of comparative advantage and identifies countries that compete in similar product markets
[French, 2017]. The objective is to derive the complexity K of a particular country, denoted by
K., and a particular product, denoted by K,. Recalling that the complexity of locations (ECI) are
informed by the products present and that the complexity of products (PCI) are informed by

the locations whereby they are produced, the following relationship is represented by functions

fand g

K. = f(Mcp, Kp)
Ky = g(Mcp, Kc)

By substitution, we can see that K. = f(M.p, §(Mcp,K.)) and that K, = g(Mp, f(Mcp, Kp)).
For notational ease, the location diversity (i.e., the number of activities in a location whereby the
location has a revealed comparative advantage RCA., > 1) and the product ubiquity (i.e., the
number of locations whereby the activity is produced with a revealed comparative advantage)
is given by koo = Y., Mcp and kpo = ). Mcyp respectively. Using reciprocal averaging [Hill,
1973], higher order elements are iteratively obtained [Kemp-Benedict, 2014], such that ECI and

PCI are respectively defined by the following system of equations:
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1
ken = . Y Mepkyn—1 4)
c,0 P

1
kp,N = r ZMcpkc,Nfl (5)
PO ¢

The above approach of reciprocal averaging is used by Hidalgo and Hausmann [2009] in
their original approach. To see this in action in a linear algebra context [Kemp-Benedict, 2014],

we substitute in k, y_1 to only include even terms in the sequence: '?

kc,N = Z 0 ZMcpk )kc’ N-2 (6)
p

o

Intuitively, the Method of Reflections is an iterative approach that alternates between country
characteristic k. ; and product characteristic k, ; for j € {0, N}. Through iteration, it converges
to a stable equilibrium characterized by the matrix equations below. The matrix equation is
then derived, whereby the following matrix connecting related countries is obtained and by a

symmetrical argument, the matrix connecting related products is derived:

kn = Moo - kn'o (7)
~ . MCPMCIP
5 keokpo
cpMcp’

PP/_Z k

As limy_,. N, a linear algebra interpretation arises as K. = limy_,« kv and similarly,

cOkp,

Ky = limy .« kp,n. Since both matrices are row-stochastic, their first eigenvector is a row of
1s.1 The solution to this system are the eigenvectors of M, and Mpp/. Mealy et al. [2019]
demonstrate that the Method of Reflection converges to a singular value decomposition (SVD)
of the matrix M.y, which means that the aforementioned eigenvectors converge to the principal
components of M,,. Existing research rely upon the SVD approach for the improved stability
of results and ease of interpretation. Ignoring the largest eigenvector 1, K. and K, are then
the second-largest eigenvector of M, and Mpp/. The second-largest eigenvectors partition the
locations and products exactly where ECI and PCI equal to 0 respectively [Mealy et al., 2019].
ECI and PCI are then obtained through a Z-transform on K. and K, respectively, ensuring

that the indexes are normalized and thus comparable across time.

13Note the inclusion of ¢’ to denote different terms in the sequence.
14Utilizing the property of a ‘steady state’ in Markov chains.
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A.2 Pre-Treatment Trends, Time Weights and Unit Weights by Year

In this subsection, the graphical output from the main SDiD specification estimated in Table 2 is
presented. The graphical output includes two figures for each treatment year, one comparing the
ECI trends of the treated unit(s) to the counterfactual constructed by SDiD as well as displaying
the time weights, and one figure plotting the unit weights used to construct the counterfactual.
The axis of the time weights is shown in the right hand side of the plots, and they indicate
which pre-treatment periods are most predictive of the post-treatment outcomes. For the unit
weight graphs, the size of the dots determine the relative importance of the weighting on this
country, meaning that large dots have larger unit weights. The y-axis measures the difference in
the pre-treatment trend of the treated country relative to the country labeled on the x-axis. For
example, in the unit weight plot for Cameroon, Vietnam’s large dot situated below 0 indicates
that Vietnam holds a relatively large unit weight in the counterfactual of Cameroon, and that the
pre-treatment trend of Cameroon was negative relative to Vietnam. To examine the goodness of
fit of the unit weight plots, it is ideal with large dots clustered near zero. If there are few large
dots which are all far away from zero, this would indicate that the counterfactual is relying on

few countries with mismatching trends causing a poor fit.
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Statistic N Mean St. Dev. Min Max

Fatalities 2,052 0.197 2.630 0 47

ECI (SITC) 2,052 0.278 0.982 —2.120 2.860
GDPpc 2,052 17,664 19,151 370 94,184
GDPpc Growth (%) 2,052 2.200 4.170 —20.100 24.900
Population 2,052 18,455,688 29,645,022 514,325 209,550,294
FDlIpc 2,024 957. 3,968. —27,957 60,042
HCI 1,700 2.770 0.553 1.400 4.350

Table A.3.1: Summary Statistics for Control Countries

Statistic N Mean St. Dev. Min Max
Fatalities 243 324 140.0 0 1,680
ECI (SITC) 243 —0.467 0.926 —2.780 1.390
GDPpc 243 5,749 7,850 566 28,292
GDPpc Growth (%) 243 1.090 8.750 —49.100 91.800
Population 243 48,573,632 59,579,858 4,410,832 239,477,801
FDIpc 242 130 272 —69.200 1,612
HCI 175 2.140 0.412 1.450 2.980

Table A.3.2: Summary Statistics for Treated Countries
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Country Conflict Year  Fatalities

Spain 2004 191
Togo 2005 436
Kenya 2007 134
Pakistan 2008 297
Zimbabwe 2008 253
Guinea 2009 160
Mexico 2010 220
Libya 2011 152
Cameroon 2014 1680

Table A.3.3: Treated Countries, First Year of Treatment, and Fatalities

Index Type ATT Std. Err. t P> |t [95% Conf. Interval]
ECI (SITC) -0.20629*** 0.06030 -342 0.001 (-0.32448, -0.08810)
ECI (HS) -0.19654*** 0.07368  -2.67  0.008 (-0.34096, -0.05212)

Note: Standard errors are calculated using the bootstrap method with 50 repetitions.

*p<0.1; **p<0.05; **p<0.01

Table A.3.4: Estimated Treatment Effects on Economic Complexity Index (SITC and HS)
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T Std. Err. Time

rl  —0.175"* 0.0525 2004
r2 —0.045 0.0498 2005
r3 —0.044** 0.0208 2007
r4 —0.290"** 0.0785 2008
r5 0.043 0.0674 2009
r6 —0.100*** 0.0357 2010
r7  —0.808*** 0.0804 2011
r8 —0.220*** 0.0605 2014

Note: *p<0.1; **p<0.05; ***p<0.01

Table A.3.5: Tau estimators: The treatment effect on the Economic Complexity Index (HS) by

treatment year
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B Declaration on the use of Generative Al

We cautiously embraced the recent innovations in Generative Al, especially the leading large
language models (LLMs) ChatGPT [OpenAl, 2025] and DeepThink R1 [DeepSeek-Al, 2025].
ChatGPT was mainly used as an assistant to help write code in Python during the data cleaning
process, as well as to construct more presentable tables and graphs based on our STATA output.
DeepThink R1, with its strengths as a reasoning model, was mainly used to improve the logical
flow of the paper by identifying lapses in our prose. For example, we used it to evaluate our
proposed robustness checks on the SDiD framework. However, given the absence of clear
guidelines on robustness checks on SDiD specifically, there was a noticeably high tendency to
hallucinate. Yet, these hallucinations helped us to reevaluate the assumptions and feasibility of
our own approach. Cognizant of GenAl’s potential for confirmation bias, we used it to help
critique our paper and understand the flaws before proceeding to manually address relevant
concerns. In our case, GenAl is viewed as a sparring opponent used to challenge our line of
thinking and the presentability of our research. The main insight on the usage of GenAl is
that prompt engineering is important to provide the LLMs direction, which first requires us to
have a very sound grasp of the subject matter. Since LLMs are trained upon the existing corpus
spanning multiple disciplines, it can generate insights that elude researchers constrained within
their individual fields. Hence, we emphasize that GenAl when used effectively can hone our

ability for critical thought instead of blunting it.
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