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Abstract 

 

This study employs the synthetic control method to examine the long-term costs of sovereign 

defaults in a sample of 131 cases since 1900. The results indicate that, on average, economic 

growth in the first two years following default falls 3.6 and 2.4 percentage points short of the 

counterfactual. The impact of sovereign default is severe and long-lasting: GDP per capita is 

found to be nearly 17% lower than the counterfactual a decade after default. Additionally, 

poverty headcounts exceed pre-crisis levels by approximately 30% shortly after default and 

remain elevated a decade later. Standards of living also decline sharply as proxied by variables 

such as access to nutrition, energy, and health outcomes. On average, by year ten after default, 

defaulters have 13% more infant deaths per year than the synthetic control and surviving infants 

have a life expectancy 1.5 percent below the counterfactual.  
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I. Introduction 

Why do sovereigns default? After all, sovereigns face few strictly binding financing 

constraints given their capacity to tax and expropriate.1 One might yet ask: why tax or 

expropriate to pay debts creditors often cannot enforce on? Answers to these questions are 

manifold. Panizza et al. (2009) suggest the literature can be broadly classified into four 

categories:2 Those which point at reputational costs in repeated games (e.g. Eaton and Gersovitz 

1981, Dooley 2000, Amador and Phelan 2021, 2021a, Aguiar and Amador 2021)3; (in-)direct 

costs from default through trade embargoes and other direct sanctions (Bulow and Rogoff 1989, 

Mitchener and Weidenmaier 2010); loss of access to capital markets and corporate credit, or 

declines in foreign investment (Rose, 2005; Arteta and Hale, 2008; Trebesch, 2009; Mendoza 

and Yue, 2012; Sandleris and Wright, 2014, Arellano et al. 2018, Arellano et al 2022); and lastly 

domestic financial and political costs.4 With less of an eye to the origin of the toll, this empirical 

literature has sought to quantify apparent disincentives; typically looking at changes in economic 

output following default (Borenzstein and Panizza 2009 and works cited therein). And despite 

providing a good account of what the costs are, a question remains: Who bears the brunt of the 

cost when a sovereign defaults?  

 To our knowledge, no study so far has quantified the social costs of sovereign defaults. 

Our study seeks to fill this gap to the greatest extent feasible despite glaring data constraints. 

First, we contribute to the literature by studying how costly sovereign defaults are in terms of 

output using the synthetic controls method. Second, we dive into the facets of these costs through 

a set of indicators ranging from poverty headcounts to social indicators such as life expectancy 

and infant mortality.  

 There are various reasons to turn the literature’s focus in this direction. The distribution of 

losses has obvious effects on political incentives (especially for democratically elected decision-

 

1 This view is for example reflected in a famous quote by Walter Wriston, at the time chairman of Citibank, who 

is often cited for saying “Countries don’t go bankrupt”. 
2 Panizza, U., F. Sturzenegger & J. Zettelmeyer (2009). The Economics and Law of Sovereign Debt and 

Default. Journal of Economic Literature 47(3), 651-698. 
3 See also M.L.J. Wright (2011) for a survey of the literature studying the incentive structure of the default 

decision. 
4 See ibid. Note also that these findings are not without controversy, Tomz (2007) finds that direct military 

intervention – arguably the strongest form of “sanction” imaginable – was not as prevalent or effective as other 

authors suggest. 



makers). Yet, the literature to date seems to ignore this source of incentives. And when it 

considers the relationship between inequality and sovereign default, it hypothesizes the inverse: 

higher inequality increasing the probability of default since both austerity and tax increases are 

politically costly (Andreasen et al., 2019; Jeon and Kabukcuoglu, 2018). Meanwhile the 

empirical literature has remained silent on this issue.5  

To shed light on how defaults effect the social indicators described, we apply the synthetic 

controls method (Abadie et al. 2003; Abadie et al. 2010) modified to study multiple staggered 

events (Acemoglu et al., 2016) on a broad dataset, which includes many previously unexamined 

low-income countries. 6 To the best of our knowledge, this is the only the second paper that 

applies this quasi-experimental design in the sovereign default literature, since most of that 

literature precedes the widespread use of synthetic controls in the social sciences.7 Moreover, our 

paper is the first one to apply the methodology on a broad dataset spanning the years 1900 to the 

present for all sovereign defaults to private creditors to examine growth and to a moderately 

smaller sample for social indicators. This methodology comes with significant advantages over 

the panel data fixed effects approaches typically used in the literature: 

(1) As is shown by Abadie, Diamond & Heinmueller (2010), conditional on a good, time-

consistent fit pre-treatment, the difference between treatment unit and synthetic control 

post-treatment represents an unbiased estimation of the treatment effect, unaffected by 

 

5 Both models are motivated and parametrized by the case of Argentina, 2001. This in itself is somewhat 

problematic, since Argentina had been in default for more than half of the twenty years prior to the 2001 default. We 

provide stylized facts using a wider, though still not representative sample. Note also that some related literature 

exists considering the political economy of inflation inducing decisions and the policies’ differential impact: 

Albanesi (2007) argues that low-income households are more negatively affected by inflation. As inequality 

increases the bargaining power of low-income households diminishes, and the government follows policy decisions 

that are less likely to favor the group with diminished bargaining power, thus raising equilibrium inflation. 
6 When aggregating across multiple treated units, Abadie et al (2010) suggest turning the treated units into a 

single unit (e.g. move from municipal level to regional averages). Because treatment moments differ in our case this 

is hardly applicable. Facing a similar setup, Cavallo et al (2013) develop an unweighted aggregation methodology, 

suitable in their specific case, where all individual synthetic control trials find suitable synthetic controls. In our 

case, the former is not applicable, so we apply weights as in Acemoglu et al. (2016) to further consider the quality-

of-fit pretreatment when aggregating unique synthetic control trials. Alternative existing approaches to assign 

weights to treatment units, such as that weighing units by their interior sample sizes (Zeng et al. ,2021) are not 

applicable in our case.  
7 The Synthetic Control Method’s algorithm provides a proxy for the missing counterfactual, by constructing a 

combination of weighted controls from the donor pool so that the pretreatment outcomes and control variables are 

on average equal or at least very similar to those of the treated unit. Importantly, the selection of the control is done 

algorithmically and transparently, overcoming possible selection bias in the construction of the control. Marchesi 

and Masi (2021) apply the methodology to a rather restricted sample of 23 official and private restructurings, which 

differentiates our paper. 



omitted variable bias. Meanwhile, panel regression fixed effect models’ estimates are 

unbiased only when there are no unmeasured (or unmeasurable) time-variant variables 

that could affect the outcome variable. An assumption that in contrast to those of the 

SCM is impossible to verify (Abadie, 2021; Billmeier and Nannicini, 2013). 

(2) To reduce the risk of omitted variable bias, panel fixed effect models require a large 

number of covariates, for which long time series do not exist. The synthetic control is not 

reliant on long time series for many covariates, which allows us to assess a broader and 

longer period of sovereign defaults going back to 1900.  

(3) The synthetic control method is especially apt to study time-varying effects and their 

statistical significance over time, which, to the best of our knowledge, makes us the first 

to systematically assess the time-varying costs of default (Costalli et al., 2016).8 

Applying the SCM, we find that, on average, within three years of a sovereign default, the 

affected economies have fallen behind by a cumulative 8 percent of GDP p.c. relative to the 

synthetic counterfactual. Whereas growth slows down the year prior to default, a large part of the 

effect is driven by GDP p.c. growth of the defaulting country falling 3.6 (2.4) percentage-points 

behind the counterfactual in the year of default (one year after default). On average, sovereigns 

recover to the pre-default GDP p.c. peak four years after default. Recovery defined in this 

manner, however, does not preclude serious scarring: Over the decade post default, the structural 

effect on growth leads to a deficit of around 1.5% per year. After one decade, defaulters’ 

economic output per capita is nearly 17% below that of non-defaulting counterfactual. We also 

show that the costs are larger for longer default episodes. 

Still, output ignores the distribution of income, among other things, which makes it an 

incomplete measure of welfare (See e.g. Fleurbaey 2009; Stiglitz, Durand & Fitoussi 2018; 

Aitken 2020). This paper continues the evaluation of the costs of default beyond GDP per capita 

by examining additional variables related to poverty and welfare. 9  

 

8 In the existing literature, the cost of default the former is typically estimated by regressing GDP growth on 

default dummies (and lags thereof) as well as a set of covariates. This binary approach renders the unbiased 

estimation of time-specific effects with statistical significance levels impossible, as multicollinearity lags of default 

and other RHS variables in the panel is unavoidable.  
9 Unfortunately, the best dataset available on poverty, PIP data from the World Bank, has a short history and 

most individual observations are based on imputed values. While these data contain survey observations, these are 

sporadic and cover a short period. Therefore, for this part of the analysis we are limited to the use of PIP data since 

1988 and to rely on many observations which are imputed from growth in that dataset. 

https://www.oecd-ilibrary.org/economics/beyond-gdp_9789264307292-en
https://www.cambridge.org/core/journals/national-institute-economic-review/article/measuring-welfare-beyond-gdp/8DD5126C15628C7C72456EA2C4DD733F#bibr60-002795011924900110


We find that at the peak poverty headcount ratios exceed their pre-crisis levels by 30 percent, 

and the counterfactual’s level by a staggering 70 percent seven years after the default. But just 

like GDP measures, poverty headcounts are not without caveats. The literature on 

multidimensional poverty (e.g. Alkire 2015, Ravallion 2011), which can be traced to A.K. Sen’s 

1976 seminal paper, highlights their shortcomings, such as their inability to measure the intensity 

of poverty for households and their lack of granularity in assessing the ways in which households 

are poor.10 Unfortunately, we are again limited by the availability and informational content of 

the existing data with respect to the outcomes we would like to measure, as the best known 

multi-dimensional poverty indicators are available only since 2010.11 We thus perform this part 

of the analysis using indicators that proxy some of the components in multi-dimensional poverty 

indicators, for which longer time series exist.  

Indicators proxying access to nutrition and health outcomes also suggest that defaults lead to 

marked declines in standards of living. Calorie availability consistently lags in defaulting 

countries with the cumulative gap relative to synthetic controls growing to 4 percentage points 

ten years after default. Infant mortality and life expectancy also show significant cumulative gaps 

for defaulters relative to their controls. On average, by year ten, defaulters have 13% more infant 

deaths than the counterfactual. And those infants that survive are expected to have shorter lives: 

with the life expectancy dropping to 1.5 percent– the equivalent of 1.2 years, below that in the 

synthetic control.12  

The last set of findings presented here take a more detailed view at how poverty and the 

incomes of the poor are affected by defaults – albeit with a reduced sample that should be 

interpreted as a broad case study. Based on the 11 cases for which we have sufficient survey 

data, we find that there is considerable heterogeneity in “excess poverty” outcomes.  

Literature 

Our results echo with parts of different strands of the literature studying the relationship 

between output declines and sovereign default. Some works have found defaults and debt crises 

 

10 It is worth noting that this literature is extensive and though there is agreement that poverty headcounts may 

be insufficient, there is ample debate about the right methodology to construct a multi-dimensional poverty index 

(Alkire 2015) or multiple indices (Ravallion 2011)  
11 See OPHI GMPI 
12 This result is consistent with Baird et al. (2011) who find that infant mortality is sensitive to aggregate income 

shocks. 

https://link.springer.com/chapter/10.1057/9780230592407_6
https://link.springer.com/article/10.1007/s10888-011-9173-4
https://ophi.org.uk/multidimensional-poverty-index/


to be succeeded by significant and lasting economic contractions (Reinhart and Rogoff 2009, 

Furceri and Zdzienicka 2012, Medas et al. 2018, Rewilak, 2018, Kuvshinov and Zimmermann 

2019, Esteves et al. 2021, Arellano et al. 2018), others find the impact of sovereign default on 

output to be less so (Borenzstein and Panizza 2009; Sturzenegger and Zettelmeyer 2005; Tomz 

and Wright, 2007) or find sovereign defaults to occur following a decline in economic output or 

at the trough of a recession (Levy-Yeyati and Panizza 2011). Trebesch and Zabel (2017) build on 

an earlier literature differentiating between types of default (Eichengreen, 1991; Obstfeld and 

Taylor, 2003) and show that part of this divergence is likely driven by fundamental differences 

between defaults. We find that the output collapse in level terms is relatively short-lived with 

growth returning in short order, yet, and importantly, our study also finds declines relative to the 

counterfactual to be of a staggering magnitude on average. 

Our findings thus have important consequences for the theoretical literature of default. The 

vast majority of the dynamic equilibrium models on sovereign default assume the cost of default 

to be lump-sum, typically calibrating models assuming an output loss of 2 percent for each year 

of default (Arellano and Ramanarayanan, 2012; Aguiar and Gopinath, 2006; Yue, 2010; 

Hatchondo and Martinez, 2012; Chatterjee and Eyigungor, 2012; Aguiar et al., 2013; Cole et al., 

2016, among others). Showing that the cost of default is time-variant and significantly greater in 

the first years of default, implies the need to consider discount factors and default duration 

expectations inside a policy maker’s decision function.  

With respect to the impacts along the distribution, we were unable to identify studies directly 

linking sovereign defaults and poverty – perhaps the lowest hanging fruit we pick with this study 

– but some research focuses on the association between other types of distress and poverty. And 

it is worth noting that crises often travel together thus making this literature relevant to our 

present endeavor (Reinhart and Rogoff 2009, World Bank 2022). Our results are broadly 

compatible with the findings of the literature addressing the relationship between the different 

guises of macroeconomic distress and poverty. Dollar and Kraay (2000) find that rising inflation 

and a fall in government spending, both outcomes intuitively associated with defaults, adversely 

impact the incomes of the bottom 20 percent. Financial crises, for their part, can lead to increases 

in poverty through slowdowns in economic activity, increasing unemployment, falling real 

wages, or changes in relative prices. Baldacci et al. (2002) finds, in a cross-country setting, that 

falling GDP per capita in the wake of financial crises is associated with increasing poverty and 



increasing income inequality. Chen and Ravallion (2009) estimate the financial crisis of 2009 to 

have plunged 53 million people into below the $1.9/day poverty line, largely on account of 

falling growth rates of consumption per capita.13  

Lastly, Kraay (2006) finds that growth is the main driver of poverty reduction and that gains 

from growth are captured equiproportionally across the income distribution. We test this finding 

in the inverse direction; asking whether poverty increases by more than expected if the loss from 

an output collapse associated with a default was distributed equiproportionally along the 

country’s income distribution. Though our sample is greatly reduced for this exercise, the cases 

we examine suggest that there is heterogeneity in the impact of default-associated output 

collapses on both poverty and cumulative income changes along the distribution. Still, the 

average outcome is regressive relative to expectations based on an assumption of proportional 

distribution of losses. 

 The remainder of the paper proceeds as follows. Section 2 presents a short overview of 

the data used. Section 3 presents the methodology and discusses potential issues, as well as how 

we address them. Section 4 presents our findings. Section 5 concludes. 

II. Data 

To better understand the social costs of default we use three main types of variables: those 

measuring the social costs, those measuring the default crisis events, and those used to construct 

the synthetic controls in our estimations.  

We use different variables to assess the social costs associated with the sovereign default. 

Some of these variables measure demographic aspects such as infant mortality, life expectancy 

and population. Infant mortality is defined as the number of children who die before reaching 

their first birthday per 1000 live births. Life expectancy is measured at birth in years for the total 

population as published by World Development Indicators.  

 

13 Country specific studies such as Habib et al. (2010) similarly estimate adverse effects of financial crises on 

poverty in Bangladesh, Mexico and the Philippines. These cross-country results are corroborated by micro-evidence 

from the Mexican financial crisis of 1994-1995, with a rise in both the poverty rate and the poverty gap, increasing 

unemployment and falling per capita income and consumption, with the poverty effects being stronger in urban 

areas. Similarly, fiscal retrenchment post-crisis is associated with a deterioration of the income distribution. 



Other variables measure access to resources or income, such as poverty headcount, calorie 

supply, and energy supply. The poverty headcount measures the percentage of people living 

below the $1.90 per day poverty line as published by the World Bank (Poverty and Inequality 

Platform - PIP). Calorie supply measures the average availability of food in the country (not the 

actual consumption or its distribution) as computed by the Food and Agriculture Organization. 

Energy supply assesses the amount of energy usage in a country from any source as published by 

the OECD World Energy Balances.   

Our data on sovereign defaults to private external creditors comes from Farah Yacoub, Graf 

von Luckner and Reinhart (2023) and takes the form of an annually assessed categorical variable 

– that is, in default or not (1 or 0). It covers 193 sovereigns and 3 non-sovereigns since 1800, but 

we use it only from 1900. Default spells are generally considered over once the default signal has 

been cured for two years. Substantively, it captures defaults as perceived by financial market 

participants and rating agencies and consequently the revealed inability of the sovereign to meet 

its commitments as contracted. Thus, the definition hews closely to how rating agencies qualify a 

default, which includes: (1) missed payments beyond the grace period; (2) material changes to 

the contract affecting creditors, including distressed debt exchanges that reduce the debtor’s 

obligations; or (3) unilateral changes imposed by the debtor resulting in diminished financial 

obligation.14 

Farah Yacoub et al. (2023) strive to categorize defaults based broadly on this definition even 

for countries and time periods when rating agencies did not cover the debtor in question.15  

Compared to available historical sovereign ratings, the default dataset is broader both in the time 

and cross-country dimensions. All core results presented here remain significant and of similar 

magnitude when instead using a smaller dataset that only considers defaults signaled by the three 

leading credit rating agencies merged with a study by Standard and Poor’s applying its 

methodology in retrospect (Standard and Poor’s, 2006). 

 

14 See Ams et al. (2018) citing Moody’s (2018). 
15 However, in some cases our default designation differs from that of credit agencies because we may have 

uncovered information unavailable to these agencies at the time – for example considering a debt or dispute not 

captured by the agencies – or because in our judgment there are important reasons to signal or not a default. Such as 

creditors’ unwillingness to “accelerate” the contract because they are engaged in conversations, the presence of a 

legal dispute, or the technical nature of a default not capturing a sovereign’s inability to honor its commitments. See 

Appendix A.1.3 for an example of how the default data was compiled Farah Yacoub et al. (2021) 



Because we strive to assess the impacts of sovereign default on social outcomes, we aim at 

limiting possible confounding drivers of poverty, such as wars (Bianchi and Sosa-Padilla 2022). 

We thus drop all those defaults, which coincide with inter-country wars, using data from Sarkees 

and Wayman (2010). 16 

Data used to restrict pool for synthetic controls 

In order to limit the risk of interpolation and overfitting, we restrict the pool from which the 

synthetic control is constructed to countries that are structurally similar to the treated unit 

(Abadie, 2021). To capture structural similarities, we rely on two variables: GDP per capita and 

Polity V. GPD per capita is measured in real terms and published by the Maddison Project, and 

serves as an alternative to splitting the sample by income group, as is often done in the literature. 

The Polity Project rates countries based on how democratic they are and chosen here as a proxy 

for institutional strength. The main index produced by the Polity Project score countries from -10 

to +10, where the lowest score is attributed to countries that are strongly autocratic and the 

highest score to countries that are strongly democratic. Compared with other indicators that 

could be used for the same purpose, the two chosen variables stand out in their length and 

breadth of coverage, allowing us to minimize the loss of datapoints.    

III. Methodology 

To unambiguously identify the effect of a sovereign default on socioeconomic outcomes, one 

would have to know what would have happened without the default. Absent the axiomatically 

unobservable counterfactual, we apply a Synthetic Control Method (Abadie and Gardeazabal, 

2003, Abadie et al., 2010). By combining the underlying strategies of difference-in-difference 

and matching methods, the Synthetic Control Method (SCM) systematically constructs a 

weighted combination of observations that minimizes the difference of the chosen control with 

respect to the pre-treatment trend in the variable of interest, as well as a set of relevant predictors, 

prior to treatment. Importantly, unlike linear regression models often used in the existing 

literature on the cost of defaults, the SCM does not rely on extrapolation, as unlike standard 

regression weights, the synthetic control weights never exceed unity (Abadie et al. 2015). 

 

16 In sum, 28 sovereign defaults are dropped from the sample, as they coincide with armed conflicts.  



Further, because the SCM does not restrict the time variation in the effect of an intervention, we 

can estimate how the effect of default changes over the years after default. Which contrasts with 

the prior literature using panel data models, where in most cases the effect of defaults was 

restricted to be constant over time post default.     

Formally, the methodology assumes that in a panel of 𝐼 + 1 units over T periods only one 

unit i receives the treatment and that treatment occurred within the time observed, so at time T0 < 

T. In the case at hand, we observe units at the country level. The effect of treatment for country i 

at time T0 is thus 

δ𝑖𝑡 = 𝑌𝑖𝑡(1) − 𝑌𝑖𝑡(0) = 𝑌𝑖𝑡 − 𝑌𝑖𝑡(0), 

Where Yit(1) and Yit(0) represent the (potential) outcome of Y with and without treatment. 

What the SCM thus aims to estimate is the vector (δ𝑖,𝑇0
, … , δ𝑖,𝑇), overcoming the absence of the 

counterfactual Yit(0). The strategy first developed by Abadie et al. (2003, 2010) thus relies on a 

way to estimate the treatment effect described under a general model for potential outcomes of 

all units, 

𝑌𝑗𝑡(0) = η𝑡 + ν𝑗𝑡 

𝑌𝑗𝑡(1) = δ𝑗𝑡 + η𝑡 + ν𝑗𝑡 , 

 

Where 𝐽 = 1,… , 𝐼𝐶𝑜𝑛𝑡𝑟𝑜𝑙 + 1. Other than the dynamic treatment effects δjt, potential 

outcomes also depend on a common factor ηt and the error term νjt. The error, νjt is assumed to be 

subject to the factor model 

ν𝑗𝑡 = 𝑍𝑗θ𝑡 + λ𝑡μ𝑗 + ϵ𝑗𝑡 , 

with Zj being a vector of relevant observed covariates that are unaffected by the policy 

change. θt  represents a vector made up of time specific parameters, µj is a country-specific 

unobservable, ϵjt are transitory shocks with a zero-mean and λt is an unknown common factor. 

Importantly, whilst standard Difference-in-Difference models impose λ to be constant over time, 



the SCM allows for time-variant heterogeneity. Zj is unrestricted in terms of number of covariates 

that can be applied. However, for δ𝑖𝑡̂ to be unbiased the covariates (or predictors) need to be 

independent from the treatment. In our case, as we are exclusively applying predictors from well 

before the treatment, this independence likely holds.17 Defining 𝑊 = (𝑤1, … , 𝑤𝐼𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠
)´ as a 

generic (𝐼𝐶𝑜𝑛𝑡𝑜𝑙𝑠 × 1) vector of weights such that 𝑤𝑗 ≥ 0 and ∑𝑤𝑗 = 1, any possible W 

represents a potential synthetic control for the treated country i. The SCM defines 𝑌𝑗
𝑘 =

∑ 𝑘𝑠𝑌𝑗𝑠
𝑇0
𝑠=1  as a generic linear combination of pretreatment outcomes. As is shown by Abadie et 

al. (2010), when one chooses w* such that 

𝑌𝑖

𝑘
= ∑ 𝑤𝑗

∗𝑌𝑗

𝑘
 𝐼𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠

𝑗=1

 , 

as well as 

𝑍𝑖 = ∑ 𝑤𝑗
∗𝑍𝑗  ,

 𝐼𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠

𝑗=1

 

then 

δ𝑖𝑡̂ = 𝑌𝑖𝑡 − ∑ 𝑤𝑗
∗𝑌𝑗𝑡

 𝐼𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠

𝑗=1

 

 

is an unbiased estimator of δit. For further details on the SCM, we refer the reader to Abadie 

et al. (2010), as well as Abadie and Gardeazabal (2003). 

Note that in order to limit the risk of interpolation and overfitting, as well as to build controls 

using structurally similar countries, we restrict the pool from which the synthetic control is 

constructed on the basis of two variables: GDP per capita and institutional strength, proxied by 

the Polity V index. To be included in the donor pool for a given synthetic control study, the 

 

17 The possible bias from anticipation is discussed further below.  



potential donor country has to fall within one quartile of the distribution of each of these two 

variables.18 

To move from one individual event study to the average effect of sovereign defaults on the 

outcome variables across the vast sample of sovereign defaults in our data, we rely on the 

aggregation method introduced by Cavallo et al. (2013), while weighting the individual results 

by their pre-treatment fit, as was first proposed by Acemoglu et al. (2016).  Because a defaulting 

sovereign can lie outside the convex hull, there must not necessarily exist a suitable synthetic 

control constructable from the donor pool (Abadie et al. 2010; Abadie et al. 2015).  

To illustrate imagine an island-state without any close by neighbors, that is structurally 

different to any other economy in the world. Especially since we restrict the pool of possible 

samples to reduce the risk of overfitting, one would not be able to construct a suitable synthetic 

control for such a country.19 Hence, as is implied by the very nature of event studies, the results 

from that individual synthetic control study would have little to no informational value. Since, 

formally, when the vector of covariates and pre-intervention outcomes of the treated unit does 

not fall sufficiently close to the convex hull of the set of points that entail the covariates and pre-

treatment outcome variable of the donor pool, we cannot approximate the counterfactual using a 

synthetic control. Such cases are identifiable by their poor pre-treatment fit. Yet, they can have 

large post-treatment effects, even when the distance between the defaulter and its synthetic 

control simply remains constant over time. To take the heterogeneity in informational value into 

account when aggregating the event studies, we follow Acemoglu et al. (2016) and assign 

weights, 𝜔𝑚, equal to the inverse of the normalized pre-treatment root-mean-squared prediction 

error to each synthetic control, m:20  

𝜔𝑚 = 
1

𝑁𝑅𝑀𝑆𝐸
   , 

 

18 Given that we also use GDP per capita to match the pre-treatment trend, this pool-restriction is seldomly 

binding. We thus add the measure of institutional strength, to capture the underlying structural differences of 

countries from the same income group. 
19 We restrict the donor pool to countries that are structurally similar to the treated unit, by only considering 

countries within one quartile of the distribution of GDP and institutional strength, proxied by the Polity IV. 
20 This would of course lead to bias, if there existed a significant correlation between pre-treatment RMSE and 

the treatment affect. However, we do not find any evidence for this affecting our results.  



where the normalized root mean squared error (NRMSE) is 

𝑁𝑅𝑀𝑆𝐸 =  

√
∑ (𝑌𝑖,𝑡 − 𝑌𝑘,𝑡)2𝑇0−1

𝑡

𝑇0−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   

∑ 𝑌𝑖,𝑡
𝑇0−1
𝑡

𝑇0−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   

 

Where i and k represent the treated unit and its synthetic control and 𝑇0−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   is the number of 

time periods in the pretreatment period so that {T ∈ {T,…, 𝑇0−1} : T< 𝑇0}. Instances where the 

synthetic control offers a poor fit are hence assigned little weight in the aggregation.21 To guard 

against overinflating the impact of individual event studies with miniscule NRMSE and large 

treatment effect, we implement two mechanisms for mitigation. First, we set a lower bound to 

the NRMSE at 0.01. Second, in the Appendix, we implement a robustness check in which we 

compare the results to those using an adjusted methodology, where we apply a NRMSE cut-off at 

5% and assign equal weights to all observations with NRMSE < 5%.  

Following Abadie et al. (2010),Cavallo et al. (2013) and Acemoglu et al. (2016), to arrive at 

the significance of the estimated average effect of sovereign default, we apply permutation tests, 

to compare the observed and aggregated normalized treatment effect with the aggregated, 

normalized effect observed when randomly selecting placebo treatment units and years. The 

proportion of these placebo-standardized-effects that are at least as large as the observed 

standardized effect for each post-treatment period can be read as the probability of the observed 

effects occurring by chance and can hence be understood as time-period-specific quasi p-values, 

𝑝𝑡: 

  

𝑝𝑡  =   
∑ 𝜃𝑖𝑡

𝑁
𝑖=1

𝑁
    𝑤𝑖𝑡ℎ  𝜃 =  {

1    𝑖𝑓 𝑌𝑖𝑡 𝐷  ≤  𝑌𝑖𝑡 𝑁𝐷

0    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒          
    

 

 

To further account for the smoothing effect from aggregation across many individual case 

studies, we run N = 100 rounds of k pseudo-default event studies, leveraging randomly selected 

country-year doublets. For each aggregated normalized study, we match the number of pseudo 

 

21 Alternative, similar bias-corrections are those proposed by Arkhangelsky et al. (2019) or Abadie and L’Hour 

(2021) 



defaults per permutation, k, to the number of defaults considered in the analysis of the actual 

defaults.  

A note on anticipation 

As is the case in any event study leveraging time variation in a variable of interest to measure 

treatment effects, anticipation can lead to bias or even reverse causality. If sovereign default was 

caused by the perfect anticipation of future economic downturns, there could be reverse causality 

at play. It is important to note however that neither the theoretical (see the introduction for an 

excerpt), nor the empirical literature support that being the typical path of events. Instead, there 

is both ample amount of evidence of the “This-time-is-different”-syndrome (Reinhart and 

Rogoff, 2009) leading to governments and agents in an economy turning a blind eye to even the 

most obvious warning signs; and economic downturns beginning just before the default (Levy-

Yeyati and Panizza, 2011). The latter finding, in fact, hints at a different type of anticipation – 

the anticipation of sovereign financial distress and eventually default by investors and 

businesses, that could slow down GDP because of disinvestment: As far as this type of 

anticipation exists, it should be included in the cost of sovereign default (Costalli et al., 2016).   

To account for the possibility of anticipation of default, an important adjustment of the SCM 

is to backdate the matching algorithm pre-intervention to a moment before the default could have 

been confidently anticipated (Abadie, 2021). Because when applying the SCM there is no 

restriction on time variation in the effect of the treatment, de facto treating pre-treatment similar 

to post-treatment periods does not bias the estimators but allows one to see the difference of the 

effect of anticipation (if and when it sets in) and the effects of the actual treatment. We apply the 

backdated matching approach and confirm at least some anticipation seems to be at play in some 

instances, though even in these cases it is the actual occurrence of default that drives the lion 

share of the effects measured.22 

 

22 Note that because limiting the matching to periods well before the default requires longer time-series, in the 

case of poverty head count data, where the length of the time series is limited, we match on the seven periods 

immediately prior to the default instead.  



IV. Findings 

Output 

Based on a sample of 131 defaults since 1900, we find that, on average, sovereign default 

causes an economy to fall behind by a cumulative 8.4 percent gap relative to the synthetic control 

within the first three years of the default. This is mainly driven by growth-rates in the first two 

years of defaults being 3.6 and 2.4 percentage points below the counterfactual. And while GDP 

growth slows down relative to the control prior to the default – which likely includes effects 

from default-anticipation on investor- and business confidence, inter alia – the marked decline in 

output only begins with the default year. On average, GDP per capita growth returns in the third 

year – though it remains below the trend observed prior to default, on which the synthetic control 

continues forward. After four years, sovereigns reach their pre-default output level. However, 

over the decade following default the average annual growth rate is 1.7% below that of the 

control. So, there appears to remain significant scarring that precludes reconvergence to the prior 

trend.23 24  

Our results hence differ from previous findings (e.g. Esteves et al., 2021) in that they do not 

rely on extrapolations from fixed-effects models, as well as not facing the former’s potential 

multicollinearity problems. This positions us to better identify what appears to be a break in the 

growth trend, following sovereign default. The widening gap evident in Figure 1 shows this 

change in trend, suggesting a structural shift in growth dynamics in association with sovereign 

default. Empirical evidence of brain-drain following default (Garcia Zea, 2020; Theodoropoulos 

et al., 2014) the lack of investment in infrastructure due to fiscal austerity and the effect of 

sudden stops as international investment recedes (Sandleris, 2016; Calvo, 1998) suggest a wide 

range of contributing channels to explain this change. The investigation into when and which of 

these or other factors plays the prevalent role is left to future research. 

 

23 Despite the information-based weight, these results are not driven primarily by the weighting. As is shown in 

the appendix, filtering results by a NRMSE threshold and not weighting individual findings results in similar 

findings. Additionally, our results are robust to using the event study methodology pioneered by Gourinchas and 

Obstfeld (2012), which results in similar findings for growth dynamics. See the appendix for a brief discussion and 

presentation of those results. 
24 As for all other aggregated results in this paper country-specific synthetic control studies (including weights 

used to construct the individual controls, and those used to weigh individual studies in the aggregation) are available 

upon request. 



 

 

Figure 1: Effect of default on real GDP per capita. Based on 131 defaults since 1900, where data exists and that 

are not filtered because of coinciding armed conflict. Source: Maddison GDP Data, Authors’ Calculations.  

 

The lower two graphs of Figure 1 show the statistical significance of our findings. The panel 

of the lower left presents that the effect we identify (black) is significantly worse than when 

applying the same methodology estimating the average effects of pseudo-defaults (gray). Here, 

we ran 100 simulations, each one aggregates the weighted effects of 169 randomly assigned 

pseudo-defaults.25 The number of pseudo-treated paths whose effects exceed the magnitude of 

the measured effect of default thus represent bootstrapped p-values, and are shown for all ten 

post-default years in the lower right panel of Figure 1.  

 

25 The number of pseudo defaults per simulation is set equal to the number of defaults in the sample, prior to 

filtering because of data availability and the coincidence of default and armed conflict, as this filtering is also 

applied to the pseudo-defaults. 



When seeking to compare our findings to those found in prior studies, the average decline in 

GDP depends on the sample period. When rather than the full sample of 131 defaults (for which 

we have sufficient data) we apply a restricted sample equal to that used in prior works on this 

question (i.e. the 64 defaults between 1972 and 2000 analyzed by Borenzstein and Panizza 

2009), we arrive at point estimates that indicate more profound impacts of sovereign default on 

economic output. Using a cross-country panel regression of GDP growth on default and relevant 

covariates, Borenzstein and Panizza (2009) find that default reduces annual GDP growth by 1.2 

percentage points on average. By contrast, applying our methodology to the same sample we find 

an average annual differential in GDP growth of 2 percentage points over the first six years of 

default. The difference in the effect on long-term growth is likely explainable by fixed effect 

models not capturing time-variant country characteristics and structural changes due to default, 

which are captured by the SCM’s counter factual.26 Indeed, defaults over this period appear to 

have been particularly painful: whilst the average growth rate in the year of default of economies 

over our whole sample since 1900 is 1 percent, the same was -3.2 percent for the 1972 to 2000 

subsample.27  

So far, we have treated all defaults as if they were equal. However, sovereign defaults differ 

significantly from one another (Asonuma and Trebesch, 2016; Trebesch and Zabel, 2017). Some, 

such as Cote d’Ivoire’s default spell starting in 1993 remained unresolved and excluded the 

sovereign from capital markets for decades. Others, like that of Uruguay in 2003, are triggered 

by a preemptive restructuring in anticipation of debt distress, and are often short-lived, without 

significant exclusion from capital markets and international trade. And, though less common, 

there exist hard default episodes that end swiftly. In the more typical case, default episodes are 

spells of recurring defaults, with multiple failed attempts at restructuring the debt burden (Graf 

von Luckner et al., 2021). Regardless of the reason for the duration of the period, these episodes 

could have very different impacts on economic output (Benjamin and Wright 2018). And 

especially the average effects in the later part of the sample are thus lowered in magnitude by 

 

26 Importantly, the finding is not primarily driven by the SCM algorithm, or our information-weighting: Using 

no weights and instead dropping cases with a fit worse than a given threshold (conservatively, we applied 5%;10% 

and 20% NRMSE thresholds), as well as using a fixed-effect event study methodology (Gourinchas and Obstfeld, 

2012) yields similar results. 
27 See also World Bank World Development Report 2022, Chapter 5, p. 210 showing the great extent to which 

the lost decade damaged growth in countries entering default between 1980-85. 



some countries exiting default and benefitting from the positive impact of debt relief on growth, 

as is documented by Reinhart and Trebesch (2016). When only considering defaults with 

durations above the median (6 years), we find defaults to be much more costly in terms of 

economic output. Over the decade post default, longer defaults have annualized growth rates 

2.4% lower than the counterfactual. Even after ten years, these cases on average do not reach 

their pre-crisis GDP per capita levels, with a national per capita output level more than 24 

percent below that of their synthetic control.28  

 

Social costs: Poverty and its facets 

Our results make the case that default leads to severe growth declines. We now take on the 

task of measuring the direct impact on poverty headcount and the ways in which living standards 

may decline in the face of a default.29 

We start by estimating the effects of default on poverty headcounts, which our results suggest 

are large. Poverty ratios peak in the fourth year after default at 30 percent more individuals living 

on less than USD 1.9 a day than pre-crisis levels, which amounts to 70 percent more than in the 

synthetic counterfactual scenario. The gap in poverty headcounts between the defaulting country 

and synthetic controls remains large with poverty headcounts still 70 percent above the 

counterfactual seven years after default. Unfortunately, much of the data on poverty headcount 

ratios is only available starting in 1981 and many of the observations come from imputations 

performed by the World Bank’s Poverty and Inequality Platform (PIP) as opposed to survey 

observations.30 Yet, the findings are significant, and their magnitude suggests that they are 

relevant to both the question we set out to explore and policymaking.  

 

28 Of course, this selection suffers from endogeneity. In what has been referred to as gambling for resurrection 

creditors that observe sovereigns with steep declines in economic activity, seem to portray a tendency to hold up 

with restructuring talks (Uribe, 2006; Benjamin and Wright, 2009; Kaminsky and Vega-Garcia, 2016). Possibly 

knowing that a restructuring at the depth of a recession will likely mean greater creditor losses. Not solving the debt 

crisis in turn prolongs the economic downturn.   
29 The results of this section appear robust when using a fixed-effects event study methodology (Gourinchas and 

Obstfeld 2012). The results of that exercise broadly confirm our findings on poverty headcounts, infant mortality, 

calorie and energy supply, which can be found with a more detailed discussion in the appendix. Overall, the 

direction and timing of the effects confirm the findings presented here using SCM. 
30 Data starting in 1981 implies we can only consider defaults after1988, given the pre-treatment matching 

requirement, which we reduce to seven years for the poverty headcount analysis, given the data constraints. 



 

Figure 2: Effect of default on poverty head count (i.e. individuals per 1000 inhabitants that earn less than USD 

1.9 PPP) Based on 20 default episodes since 1988, where data exists and that are not filtered because of coinciding 

armed conflict. Source: PIP; Authors’ Calculations.  

 

Poverty headcounts are informative about welfare, but there are caveats. For instance, an 

income reduction for a person already below the poverty line has no effect on the indicator. The 

most important caveat, however, is that much of the dynamics of poverty at this aggregate 

measurement level are driven by changes in output due to the scarcity of survey-based poverty 

data. So, beyond documenting this increase and providing a rough estimate of the magnitude of 

the change, these findings say little about the differential impact of defaults across the income 

distribution. Our findings suggest defaults and the concomitant output collapses push people 

below the poverty line and that possibly many stay there, but we cannot ascertain what the 

impact was on those already under the poverty line.  

We thus attempt to shed some more light around the effect of default on welfare. Indeed, 

there is a rich literature on multi-dimensional poverty indicators. Some of the better known 

multi-dimensional poverty indices aggregate variables related to access to health (nutrition and 

child mortality), education (years of schooling and school attendance), and basic goods that 

proxy standards of living (cooking fuel, drinking water, and electricity among others). While 

these indices are a step-up from poverty headcounts in that they measure the “intensity” of the 

poverty and allow for granularity in exploring “how the poor are poor,” these data systematically 

aggregating them are also ill-suited for our task. The most widely used index, Oxford’s MPI, 

only starts in 2010 and observations are not available every year.  

We therefore turn to alternative indicators that proxy some of the components of these 

indicators, but for which more complete time series exist to try to complement the current 

picture. Taken in concert, these indicators suggest that defaults have persistent negative effects 



on benchmark indicators and therefore the general welfare of the population. Food availability is 

curtailed, and child mortality and life expectancy seem to have worse-than-control outcomes 

more than a decade after default. The picture of welfare that emerges from an exploration of 

these variables is one of stagnation with respect to the counterfactuals, and thus with respect to 

the world.  

The recent case of Venezuela after its 2017 default, puts in stark relief the insidious 

association between a major macroeconomic crisis and the welfare of the population. One study 

by the country’s leading universities and NGOs found that 64 percent of Venezuelans had lost an 

average of 11 kilograms in 2017 (Encovi 2017).31 Nearly 90 percent of respondents also reported 

that their households’ income was not sufficient to cover the purchase of food and infant 

mortality had grown to about 70 percent, among other deprivations.  

We begin by proxying access to nutrition with the calories available for consumption by the 

population – aggregate calorie supply per capita indexed to 100 in year four prior to default. 

Over the 1961-2015 period, global average daily calorie availability has increased steadily from 

roughly 2,200 per day to about 2,850. Yet, when we compare defaulting countries to their 

controls, calorie supply stagnates relative to the synthetic control. The gap grows steadily to 

about 4 percentage points 10 years after default. Note also that the relationship between nutrition 

and other health outcomes is well-established (Strauss and Duncan 1998). 

 

Figure 3: Effect of default on calorie supply. Based on 73 defaults since 1961, where data exists and that are not 

filtered because of coinciding armed conflict. Source: FAO. Authors’ Calculations. 

 

31 Deriving the overall weight loss for the entire sample from the responses, one still finds that the population 

lost an average of 6.8 kilograms. 

https://www.proyectoencovi.com/encovi-2017


 

 

Infant mortality also presents intuitive results. Though defaulters keep with the broader 

downward trend of the 1960-2015 period, the decline is somewhat less marked than for controls. 

The differences become starker and statistically significant over time, with 13% more infant 

deaths in the defaulting country, relative to the counterfactual, by year ten after default. Infant 

mortality is linked to various privations, some of which are proxied here (nutrition) and others 

for which we do not have sufficient data (pre-natal care). Take the example of Venezuela during 

the year of its default, 2017. According to the 2017 Encovi study, the number of women at risk 

(risky pregnancies) for lack of timely medical pregnancy control doubled between 2012 and 

2017. Risky pregnancies make for higher mortality of both mother and infant. However, our 

infant mortality results are fairly heterogeneous, with some countries even accelerating the 

reduction of infant mortality relative to their peers, soon after they defaulted: Myanmar (default 

in 1997) and Kenya (default in 1992) are such examples.  

 

 
Figure 5: Effect of default on infant mortality. Based on 81 default episodes since 1960, where data exists and that 

are not filtered because of coinciding armed conflict. Source: United Nations, Authors’ Calculations.  

 

Lastly, life expectancy,32 an indicator that could be regarded as the long-run total of human 

welfare for a society, shows a worrying divergence between defaulters and controls. The study 

window for this indicator is extended to 15 years, as it is the cumulative effect of deprivations 

over the years since a default that are most likely to affect outcomes. While no statistically 

significant gap is discernible during the first five years, the divergence is evident and statistically 

 

32 Measured as the life expectation at birth of a newly born that year. 



significant after a decade. The cumulative gap between defaulting countries and their controls 

grows to a striking 1.5 percent – or 1.2 years.33 To be sure, life expectancy presents an upward 

trend on average for defaulters, but improvements lose pace considerably in the decade after a 

default. 

 

Figure 6: Effect of default on life expectancy. Based on 77 default episodes since 1960, where data exists and 

that are not filtered because of coinciding armed conflict. Source: FAO. Authors’ Calculations.  

Excess Poverty: Is the effect on poverty driven by more than “the size of the pie?”  

As has been shown in the literature (e.g. Borenzstein and Panizza, 2009) and confirmed in 

this paper, sovereign defaults coincide with significant output collapses. The question is then: 

Does a sovereign default worsen the impact of an output decline on a society’s poorest? 

The change of poverty headcounts around default appears as a key-metric to turn to when 

trying to answer this question. However, much of the dynamics of poverty headcounts that we 

presented in the previous section are driven by changes in aggregate income because of two 

factors. First, mechanically, for a given shift of the income distribution, an output collapse will 

increase the poverty headcount. Second, while the World Bank’s Poverty and Inequality 

Platform, where we take our data from, often presents time series data of poverty, most of the 

observations available are imputations derived from income growth dynamics and an assumed 

log normal income distribution. In other words, it assumes the impact of an output collapse to be 

distribution-neutral, which ties both poverty and growth outcomes together for most cross-

 

33 Based on average global life expectancy in 2020 of 73 years (United Nations). 



country analyses. As is well established in the literature (Clementi and Gallegati, 2005, Souma 

2001, McDonald 2008), income size distributions are typically lognormal, with the density 

𝑓𝑥(𝑥)  =  
1

𝑥𝜎√2𝜋
  𝑒

− 
(𝑙𝑛(𝑥) − µ)2 

2𝜎2   , 

mean 𝑒
(µ + 

𝜎2

2
)
   and median 𝑒µ. With knowledge of the parameters µ and 𝜎, one can arrive at 

the poverty headcount, x, using the cumulative distribution function: 

𝐹𝑋(𝑥)  = Φ (
𝑙𝑛(𝑥)  −  µ 

𝜎
)     , 

where Φ is the cumulative distribution function of the standard normal distribution. Using two 

moments of the distribution prior to default, e.g. the median and the mean, we derive the 

parameters µ and 𝜎 before the default. Because distribution neutral growth implies that each 

member of the society is affected the same, relative to their prior income, we can estimate the 

impact on the share of the population falling below the poverty line, x, by shifting the 

distribution, holding µ and 𝜎 constant. Hence, the share of the population that falls below the 

poverty line, x, for each year, t, starting in the default year, d, is 

𝐹𝑋(𝑥𝑑+𝑡)  = Φ (
𝑙𝑛(𝑥𝑑−1 ∗ 

1

(1+δ𝑑+𝑡)
) − µ 

𝜎
)     for t = 0, …, 4 

 Where δ𝑑+𝑡 is the cumulative change in GDP relative to the year prior to default.  

Having found the expected poverty headcount if growth impacted all individuals across the 

income distribution equally, we compare this figure with observed poverty headcounts sourced 

directly from surveys to arrive at our measure of interest: Excess poverty.  

Only in eleven instances is poverty headcount surveyed every year of the t-5 to t+5 period of 

a default, for us to analyse the dynamics in excess poverty over time. For example, after its 1998 

default, Moldova’s poverty headcount peaked with an additional 20 percentage points over what 



would be implied if the growth collapse had been absorbed proportionally by individuals across 

the entire income distribution.  

 

Figure 7: Average excess poverty around default, t, by country. Includes the 11 default episodes since 1980, where 

annual survey-based income distributions are available. Source: PIP, Authors’ Calculations. 

The results show considerable heterogeneity. Four countries, Moldova, Argentina (2001), 

Brazil and Russia, present sizeable increases in poverty over what would be implied by the 

growth shock. Greece, Cyprus, Argentina (2014), El Salvador and Uruguay remain close to zero 

excess poverty, which means changes in poverty headcount are driven mainly by average income 

reduction. Lastly, Ecuador and the Dominican Republic present negative excess poverty figures. 

These two cases also continued to grow consistently during the default period. While this is 

somewhat puzzling, some potential explanations exist. For example, both of these cases were of 

pre-emptive restructuring rather than a “hard” default (Asonuma and Trebesch, 2016), which can 

free up resources for alternative budgetary measures (e.g. social spending). In the Dominican 

Republic’s case (as well as the other cases marked in gray), the default was not accompanied by 

recession and inflation seems to have been dangerously high in the year prior to default but 

controlled during the default. Ecuador’s default was accompanied by a relatively benign one-



year decline in GDP of around 2 percent. Uruguay for its part suffered contagion from Argentina 

and responded swiftly with macroeconomic measures and swift restructuring.  

Yet, despite their heterogeneity, the data from around sovereign defaults stick out, as is 

shown in Figure 8, where we consider a broader sample, with all instances with PIP data lying at 

most 6 years apart (649 observations in total; 30 of which from within three years of a default). 34 

Confirming earlier findings by Kraay (2002), the panel on the right confirms that in general, 

poverty on average changes proportional to changes in per capita income. Yet the same is not 

true around default (see Figure 7 and Figure 8 (left panel)). Indeed, Figure 8 below confirms that 

unlike during the broader sample (right panel) poverty headcounts are somewhat elastic to 

income during the first few years of a default (left panel). The slight downward slope of the 

observations within the default window implies that in these cases growth translated to larger 

than expected changes in excess poverty between surveys. Although not a large effect, it 

markedly differs from the non-defaulting sample where excess poverty is inelastic to growth.

 

Figure 7: Average change in excess poverty around default, t to t+3 and outside of this window. Based on 649 

observations, of which 30 occur within default windows since 1980. Source: PIP, Authors’ Calculations.  

 

 



An elasticity of poverty to growth larger than one could be due to various channels or initial 

conditions. At the lower end of the income distribution, job security may be lower, households 

may have little ability to save, and be generally more exposed to erosion from concomitant 

macroeconomic crises such as inflation. Dollar and Kraay (2002) find that control of inflation is 

one of the few policies that improve income capture by the bottom quintile beyond the 

equiproportional growth that makes for the main finding in their paper. It is not a stretch then to 

hypothesize that one of the main channels in which defaults can lead to excessive poverty 

increases is through the runaway inflation that accompanies them in many cases.  

Finally, taking a more strictly distributional view and asking how the income of households 

at different levels of the income curve is affected during output collapses associated to a default, 

our cases point to a regressive relationship. The cumulative drop in the level of national income 

going to the bottom ten percent 35 of the distribution is a whopping 9 percent when measured 

from peak to trough during a t-1 to t+2 window around default.36 For the bottom half of the 

distribution (including bottom ten percent), it drops roughly 6.4 percent. But, on the flip side, 

households in the top ten percent gained roughly 8.7 percent – all despite an average cumulative 

GDP p.c. collapse of roughly 8.5 percent.37  

V. Conclusion  

This paper uses an augmented synthetic control method to show that sovereign defaults are 

very costly. The associated drop in GDP per capita is large and long lived. The results are larger 

than what was previously found in the literature, but still of comparable magnitude with a more 

 

35 Measured as share of income captured by the bottom ten percent of the income distribution times real GDP in 

constant 2011 USD. 
36 Peak is defined as the highest GDP p.c. figure present at either t-1 or t, while trough is defined as the bottom 

GDP p.c. figure present between t, if the peak is at t-1 and the default happens in the early months of year t, and t+2. 

Consequently, peak-to-trough windows can be as short as 1 year and as long as 3 years. 
37 These summary statistics are based on eight cases for which we have data and which present GDP downturns 

along with the default, since we are trying to better ascertain how regressive an output collapse happening 

concurrently with a default is.  Some heterogeneity remains. In two cases, Russia 1998 and Argentina 2014, the 

share of income going to the bottom ten percent increased. For all others, it decreased. In cases like Greece 2011 and 

Argentina 2001, the share of income received by the least fortunate plunged by far more than overall GDP. In 

Greece’s case, the bottom ten percent’s share of income fell by 44% while the output collapse amounted to nearly 

18%; for Argentina the bottom ten percent lost roughly 86% of their share of income while the output collapse 

amounted to 16.7%. 



robust econometric method. Furthermore, the synthetic control method allows for time-variant 

effects which previously used methods in the literature were unable to estimate. We show that 

the cost of default is heavily frontloaded.  

More importantly, to our knowledge, this is the first paper to systematically assess some of 

the key social costs of sovereign default in a large panel. We find significant effects of sovereign 

default on poverty, nutrition, electricity and health outcomes, indicating that the most vulnerable 

segments of the population are heavily impacted by sovereign defaults and the decade that 

succeeds them. Whether the effects on poverty are predictably only caused by plummeting 

growth is a question that will need better data and further inquiry, but our study showed that 

there may be considerable heterogeneity in results. Additionally, the main association stands: 

Sovereign Defaults impose a great burden on a society, pushing about 30% more people into 

poverty and depriving the population of access to basic needs like nutrition and energy. 

The social cost results are informative despite data limitations of some of the outcome 

variables. In particular, using data for the eight countries where we observe output collapses after 

default and where annual data on the income distribution is available, we find that on average, 

lower income segments of the population bear the brunt of the default cost. This result is 

consistent with the results from the less granular poverty data. In other words, just like all roads 

lead to Rome, all variables here point to a decline in standards of living of those whose lives 

were already sub-standard.  

The link between social outcomes and sovereign default has been under researched. A 

notable exception is Andreasen et al. (2019), as well as Jeon and Kabukcuoglu (2018). Both 

works develop a theoretical model to predict sovereign default based on the level of inequality. 

In their models, as inequality raises sovereign default becomes more likely. We contribute to this 

strand of the literature by studying the flip side of that relationship. Our study shows that social 

outcomes (such as poverty or infant mortality) are importantly suffering after the default event.  

Yet, our paper is only a starting point to answer important questions. Many research 

questions are left unanswered mainly due to data availability. For instance, the interaction with 

other types of crises and how that affects social costs. As discussed above inflation is a driver for 

poverty increase and it often occurs during default crises. It would be useful to understand how 

these two types of crises interact and their effect on poverty – Potentially whether there is 

sequencing or if inflation, for example, is the channel through which much of the social costs are 



borne. Furthermore, while we look at differential impact depending on the length of default there 

are other characteristics of a default episode that can also affect the results such as, the size of the 

haircut, and the number of restructurings. It is our suspicion as well that with a more granular 

study controlling for war, as opposed to excluding incidents of war, the results would show 

interesting heterogeneity – though it is hard to imagine household survey data being available for 

war years. Lastly, the decision to default is always a political decision. It would be useful to 

understand how different political regimes fare in case of default and how the social costs of 

default differ depending on the political regime. 

 
 

 

 
 

 

 
 

 
 

 

 
 

 

 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

  



References 

Abadie, A., L’Hour, J., 2021. A Penalized Synthetic Control Estimator for Disaggregated 

Data. Journal of the American Statistical Association 116 (536): 1817–34, 

https://doi.org/10.1080/01621459.2021.1971535. 

Abadie, A., Diamond, A., Hainmueller, J., 2010. Synthetic Control Methods for Comparative 

Case Studies: Estimating the Effect of California’s Tobacco Control Program. Journal of the 

American Statistical Association, American Statistical Association, vol. 105(490), pages 493-

505. https://doi.org/10.1198/jasa.2009.ap08746. 

Abadie, A., Diamond, A., Hainmueller, J., 2015. Comparative Politics and the Synthetic 

Control Method. American Journal of Political Science. 52 (2): 495-510 

https://doi.org/10.1111/ajps.12116 

Abadie, A., Gardeazabal, J., 2003. The Economic Costs of Conflict: A Case Study of the 

Basque Country. American Economic Review, 93 (1): 113-132. DOI: 

10.1257/000282803321455188 

Abadie, A. (2021). Using synthetic controls: Feasibility, data requirements, and 

methodological aspects. Journal of Economic Literature, 59(2), 391-425. 

Acemoglu, D., Johnson, S., Kermani, A., Kwak, J., & Mitton, T. (2016). The value of 

connections in turbulent times: Evidence from the United States. Journal of Financial 

Economics, 121(2), 368-391. 

Aguiar, M., Amador, M., 2021. The Economics of Sovereign Debt and Default. Princeton 

University Press. 

Aguiar, M., Amador, M., 2014. Sovereign debt, in Handbook of International Economics. ed. 

by Elhanan Helpman, K.R., Gopinath, G. Elsevier, vol. 5, chap. 11, pp.647–687. 

Aguiar, M., Amador, M., Farhi, E., Gopinath, G., 2013, Crisis and Commitment: Inflation 

Credibility and the Vulnerability to Sovereign Debt Crises. NBER Working Paper 

Aitken, A., 2020. Measuring Welfare Beyond GDP. National Institute Economic Review , 

Volume 249 , August 2019 , pp. R3 - R16. DOI: https://doi.org/10.1177/002795011924900110 

Albanesi, S., 2007. Inflation and inequality Journal of Monetary Economics, 54(4): 1088-

1114 https://EconPapers.repec.org/RePEc:eee:moneco:v:54:y:2007:i:4:p:1088-1114 

https://doi.org/10.1080/01621459.2021.1971535
https://doi.org/10.1177/002795011924900110


Alkire, S., 2015. Choosing Dimensions: The Capability Approach and Multidimensional 

Poverty. Palgrave Macmillan. DOI: 10.1057/9780230592407_6 

Amador, M., Phelan, C., 2021. Reputation and Sovereign Default. Econometrica, 89 (4): 

1979-2010. https://doi.org/10.3982/ECTA16685 

Amador, M., Phelan, C., 2021a. Reputation and Partial Default. accepted for publication at 

AER: Insights. 

Andreasen, E., Sandleris, G., Van der Ghote, A., 2019. The political economy of sovereign 

defaults. Journal of Monetary Economics. Volume 104, Pages 23-36. 

https://doi.org/10.1016/j.jmoneco.2018.09.003 

Arellano, C., Mateos-Planas, X., Ríos-Rull, J.V., 2022. Partial Default.  

Arellano, C., Bai, Y. Mihalache, G., 2018. Default Risk, Sectoral Reallocation, and Persistent 

Recessions. Journal of International Economics. https://doi.org/10.1016/j.jinteco.2018.01.004 

Arellano, C., Ramanarayanan, A., 2012. Default and the maturity structure in sovereign 

bonds. J. Pol. Econ. 120, 187 

Arkhangelsky, D., Athey, S., Hirshberg, D., Imbens, G., Wager, S., 2019. Synthetic 

Difference in Differences. American Economic Review, 111 (12): 4088-4118. DOI: 

10.1257/aer.20190159 

Arteta, C., Hale, G., 2008. Sovereign debt crises and credit to the private sector. J. Int. Econ. 

74, 53–69. 

Asonuma, T., Trebesch, C., 2016. Sovereign Debt Restructurings: Preemptive or Post-

Default. Journal of the European Economic Association, Volume 14, Issue 1, 1 February 2016, 

Pages 175–214, https://doi.org/10.1111/jeea.12156 

Benjamin, D., Wright, M., 2018. Deconstructing delays in sovereign debt restructuring. 

Oxford Economic Papers, Volume 71, Issue 2, Pages 382–404, 

https://doi.org/10.1016/j.jinteco.2018.01.004 

Benjamin, D., Wright, M., 2009. Recovery Before Redemption: A Theory of Delays in 

Sovereign Debt Renegotiations. SSRN Electronic Journal. DOI:10.2139/ssrn.1392539 

Baird, S., Friedman, J., Schady, N., 2011. Aggregate Income Shocks and Infant Mortality in 

the Developing World. The Review of Economics and Statistics, 93(3), 847-

856.https://doi.org/10.1162/rest_a_00084 



Baldacci, E., Mello, L., Inchauste, G., 2002. Financial Crises, Poverty, and Income 

Distribution. IMF Working Paper No. 02/4,, pp.1–46. 

https://www.elibrary.imf.org/view/IMF001/02324-9781451842050/02324-

9781451842050/02324-9781451842050_A001.xml?language=en&redirect=true  

Bianchi, J., Sosa-Padilla, C., 2022. On Wars, Sanctions and Sovereign Default. NBER 

Working Paper 29989. DOI 10.3386/w29989 

Billmeier, A., & Nannicini, T. (2013). Assessing economic liberalization episodes: A 

synthetic control approach. Review of Economics and Statistics, 95(3), 983-1001. 

Borensztein, E., Panizza, U., 2009. The Costs of Sovereign Default. IMF Staff Papers, 

56:683-741. https://link.springer.com/article/10.1057/imfsp.2009.21 

Bulow, J., Rogoff, K., 1989. Sovereign Debt: Is to Forgive to Forget?. American Economic 

Review 79: 43–50. https://EconPapers.repec.org/RePEc:aea:aecrev:v:79:y:1989:i:1:p:43-50 

Cavallo, E., Galiani, S., Noy, I., Pantano, J., 2013. Catastrophic natural disasters and 

economic growth. Review of Economics and Statistics, 95(5), 1549-1561. 

https://www.jstor.org/stable/43554847 

Calvo, G.A., 1998. Capital flows and capital-market crises: the simple economics of sudden 

stops. Journal of applied Economics, 1(1), pp.35-54. 

Cattaneo, M.D., Y. Feng, R. Titiunik, 2021, Prediction Intervals for Synthetic Control 

Methods. Journal of the American Statistical Association, 116 (536): 1865-1880. 

Cattaneo, M.D., Y. Feng, F. Palomba, R. Titiunik, 2022, scpi: Uncertainty Quantification for 

Synthetic Control Estimator. Working Paper, February. 

Chatterjee, S., Eyigungor, B., 2012. Maturity, indebtedness, and default risk. Am. Econ. Rev. 

102, 2674–2699 

Chen, S., Ravallion, M., 2009. The Impact of the Global Financial Crisis on the World's 

Poorest. VoxEU. https://voxeu.org/article/impact-global-financial-crisis-world-s-poorest 

Clementi, F., Gallegati, M., 2005. Pareto’s Law of Income Distribution: Evidence for 

Germany, the United Kingdom, and the United States. In: Chatterjee, A., Yarlagadda, S., 

Chakrabarti, B.K. (eds) Econophysics of Wealth Distributions. New Economic Windows. 

Springer, Milano. https://doi.org/10.1007/88-470-0389-X_ 

Cole, H., Neuhann, D., Ordonez, G., 2016. Debt Crises: For Whom the Bell Tolls. NBER 

Working Papers 22330, National Bureau of Economic Research, Inc. 

https://econpapers.repec.org/RePEc:aea:aecrev:v:79:y:1989:i:1:p:43-50
https://www.jstor.org/stable/43554847


Costalli, S., Moretti, L., & Pischedda, C. (2017). The economic costs of civil war: Synthetic 

counterfactual evidence and the effects of ethnic fractionalization. Journal of Peace Research, 

54(1), 80-98. 

Dollar, D., & Kraay, A., 2002. Growth is Good for the Poor. Journal of economic growth, 

7(3), 195-225. https://www.jstor.org/stable/40216063 

Dooley, M. P., 2000. A Model of Crises in Emerging Markets. The Economic Journal 

110(460): 256-272. https://doi.org/10.1111/1468-0297.00500 

Eaton, J., Gersovitz, M., 1981. Debt with Potential Repudiation: Theoretical and Empirical 

Analysis. The Review of Economic Studies 48 (2): 289-309. https://doi.org/10.2307/2296886  

Encovi, 2017. Espejo De La Crisis Humanitaria Venezolana. Encovi 

https://www.proyectoencovi.com/libros 

Esteves, R., Kenny, S., Lennard, J., 2021. The Aftermath of Sovereign Debt Crises: A 

Narrative Approach. CEPR Discussion Paper 16166. 

https://cepr.org/active/publications/discussion_papers/dp.php?dpno=16166 

Farah Yacoub, J., Graf von Luckner, C., Reinhart, C., 2022. Eternal external debt crises: A 

long view. Forthcoming. 

Fleurbaey, M., 2009. Beyond GDP: The Quest for a Measure of Social Welfare. Journal Of 

Economic Literature, 47 (4): 1029-75 DOI: 10.1257/jel.47.4.1029 

Frankel, J. A., Rose, A. K., 1996. Currency crashes in emerging markets: An empirical 

treatment. Journal of International Economics. 41 (3–4): 351-366. https://doi.org/10.1016/S0022-

1996(96)01441-9 

Funke, M., Schularick, M., & Trebesch, C., 2023. Populist leaders and the economy. 

American Economic Review.  

Furceri, D., Zdzienicka, A., 2012. How Costly Are Debt Crises?. Journal of International 

Money and Finance 31(4): 726-42. DOI: 10.1016/j.jimonfin.2012.01.012 

Garcia Zea, D., 2020. Brain drain in Venezuela: the scope of the human capital crisis. Human 

Resource Development International, 23(2), pp.188-195. 

https://doi.org/10.1080/13678868.2019.1708156 

Gourinchas, P.O., Obstfeld, M., 2012. Stories of the Twentieth Century for the Twenty-First. 

American Economic Journal: Macroeconomics, 4(1), pp.226-265. DOI: 10.1257/mac.4.1.226 

https://doi.org/10.1111/1468-0297.00500
https://doi.org/10.1016/S0022-1996(96)01441-9
https://doi.org/10.1016/S0022-1996(96)01441-9


Graf von Luckner, C., Meyer, J., Reinhart, C., & Trebesch, C. (2021). External sovereign 

debt restructurings: Delay and replay. VoxEU https://voxeu.org/article/external-sovereign-debt-

restructurings-delay-and-replay  

Habib, B., Narayan, A., Olivieri, S., Sanchez, C., 2010. The Impact of the Financial Crisis on 

Poverty and Income Distribution: Insights from Simulations in Selected Countries. World Bank 

https://openknowledge.worldbank.org/handle/10986/10206  

Hatchondo, J.C., Martinez, L., 2012. Debt Dilution and Sovereign Default Risk. Working 

Paper 10-08, Federal Reserve Bank of Richmond. 

Hatchondo, J.C., Martinez, L., Sosa Padilla, C., 2014. Voluntary sovereign debt exchanges. 

J.f Monet. Econ. 61, 32–50. 

Kiyoung Jeony and  Zeynep Kabukcuogluz (2014). “Income Inequality and Sovereign 

Default” mimeo University of Pittsburg 

Kaminsky, G. L., Vega-García, P. 2016. Systemic and idiosyncratic sovereign debt crises. 

Journal of the European Economic Association 14(1): 80-114. https://doi.org/10.1111/jeea.12165 

Kraay, A., 2006. When is growth pro-poor? Evidence from a panel of countries. Journal of 

Development Economics 80(1):198-227. DOI:10.1016/j.jdeveco.2005.02.004 

Kuvshinov, D., Zimmermann, K., 2019. Sovereigns Going Bust: Estimating the Cost of 

Default. European Economic Review 119: 1-21. DOI: 10.1016/j.euroecorev.2019.04.009 

Levy-Yeyati, E., Panizza, U., 2011. The Elusive Costs of Sovereign Defaults. Journal of 

Development Economics 94(1): 95-105. 

https://EconPapers.repec.org/RePEc:eee:deveco:v:94:y:2011:i:1:p:95-105 

McDonald, J., 2008. Some Generalized Functions for the Size Distribution of Income. In: 

Chotikapanich, D. (eds) Modeling Income Distributions and Lorenz Curves. Economic Studies 

in Equality, Social Exclusion and Well-Being, vol 5. Springer, New York, NY. 

https://doi.org/10.1007/978-0-387-72796-7_3 

Medas, P., Poghosyan, T., Xu, Y., Farah-Yacoub, J., Gerling, K., 2018. Fiscal crises. Journal 

of International Money and Finance, Volume 88, November 2018, Pages 191-207. 

https://doi.org/10.1016/j.jimonfin.2018.08.001  

Mendoza, E.G., Yue, V.Z., 2012. A general equilibrium model of sovereign default and 

business cycles. Q. J. Econ. 127, 889–946. 



Mitchener, K. J., Weidenmier, M. D., 2010. Supersanctions and sovereign debt repayment. 

Journal of International Money and Finance, vol 29(1), pages 19-36. 

https://EconPapers.repec.org/RePEc:eee:jimfin:v:29:y:2010:i:1:p:19-36 

Morales-Arilla, J., 2021. Autocrats in crisis mode: Strategic favoritism during economic 

shocks. Mimeo.  https://scholar.harvard.edu/josemorales-arilla/publications/%E2%80%9Ckeep-

your-friends-close-and-even-closer-crisis%E2%80%9D-strategic 

Obstfeld, M., Taylor, A.M., 2003. Sovereign risk, credibility and the gold standard: 1870–

1913 versus 1925–31. Econ. J. 113, 241–275. 

Ravallion, M., 2011. On multidimensional indices of poverty. The Journal of Economic 

Inequality volume 9, pages 235–248. https://doi.org/10.1007/s10888-011-9173-4 

Reinhart, C. M., Rogoff, K. S., 2009. This time is different: Eight centuries of financial folly. 

Princeton University Press. https://press.princeton.edu/books/paperback/9780691152646/this-

time-is-different 

Reinhart, C.M., Trebesch, C., 2016a. Sovereign debt relief and its aftermath. J. Eur. Econ. 

Assoc. 14, 215–251. 

Rewilak, J., 2018. The Impact of Financial Crises on the Poor. Journal of International 

Development, 30(1), pp.3–19. https://doi.org/10.1002/jid.3334. 

Rose, A.K., 2005. One reason countries pay their debts: renegotiation and international trade. 

J. Dev. Econ. 77, 189–206 

Sandleris, G., 2008. Sovereign defaults: information, investment and credit. J. Int. Econ. 76, 

267–275. 

Sandleris, G., Wright, M.L.J., 2014. The costs of financial crises: resource misallocation, 

productivity, and welfare in the 2001 Argentine crisis. Scand. J. Econ. 116, 

Sandleris, G., 2016. The costs of sovereign default: Theory and empirical evidence. 

Economia, 16(2), pp.1-27. https://ideas.repec.org/a/col/000425/014408.html 

Sarkees, M. R., Wayman, F., 2010. Resort to War: 1816 - 2007. Washington DC: CQ Press. 

Souma, W., 2001. Universal structure of the personal income distribution. Fractals, 9(04), 

463-470. https://doi.org/10.1142/S0218348X01000816 

Standard and Poor’s, 2006. Sovereign Defaults and Rating Transition Data: 2006 Update. 

Standard and Poor’s.  

https://press.princeton.edu/books/paperback/9780691152646/this-time-is-different
https://press.princeton.edu/books/paperback/9780691152646/this-time-is-different
https://doi.org/10.1002/jid.3334


Stiglitz, J. E., Fitoussi, J. P., Durand, M., 2018. Measuring What Counts for Economic and 

Social Performance. OECD.  https://doi.org/10.1787/9789264307292-en 

Strauss, J. and Duncan, T., 1998. Health, nutrition, and economic development. Journal of 

economic literature, 36(2), pp.766-817. 

https://EconPapers.repec.org/RePEc:aea:jeclit:v:36:y:1998:i:2:p:766-817 

Sturzenegger, F., Zettelmeyer, J., 2005. Haircuts: Estimating Investor Losses in Sovereign 

Debt Restructurings, 1998-2005. IMF Working Paper 05-137, July 2005. 

https://www.imf.org/external/pubs/ft/wp/2005/wp05137.pdf 

Theodoropoulos, D., Kyridis, A., Zagkos, C. and Konstantinidou, Z., 2014. Brain Drain 

Phenomenon in Greece: Young Greek scientists on their Way to Immigration, in an era of 

“crisis”. Attitudes, Opinions and Beliefs towards the Prospect of Migration. Journal of Education 

and Human Development, 3(4), pp.229-248. 

Tomz, M., Wright, M.L., 2013. Empirical research on sovereign debt and default. Ann. Rev. 

Econ. 5, 247–272. 

Tomz, M., Wright, M.L.J., 2007. Do countries default in bad times? J. Eur. Econ. Assoc. 5, 

352–360. 

Trebesch, C., 2009. The Cost of Aggressive Sovereign Debt Policies: How Much is the 

Private Sector Affected? IMF Working Paper 09/29. International Monetary 

Trebesch, C., Zabel M. 2017.  The output costs of hard and soft sovereign default. European 

Economic Review 92 (2017) 416–432Uribe, M., 2006. A Fiscal Theory Of Sovereign Risk. 

Journal of Monetary Economics 53 (2006) 1857–1875. doi:10.1016/j.jmoneco.2005.09.003 

World Bank, 2022. World Development Report 2022: Finance For An Equitable Recovery. 

World Bank. https://www.worldbank.org/en/publication/wdr2022  

Zeng, J., Zhao, R., Dai, W., 2021. Extending synthetic control method for multiple treated 

units: an application to environmental intervention. Economic Research-Ekonomska 

Istraživanja, 34:1, 311-330. DOI: 10.1080/1331677X.2020.1782764 

 

  

https://doi.org/10.1787/9789264307292-en
https://doi.org/10.1080/1331677X.2020.1782764


A1. Appendix 1 - Variable descriptions 

Variable Name Description Number of observations Source 

GDP pc Real GDP per capita 

constant prices (2011 US 

dollars) 

Unbalanced panel from 

1800 to 2018 (219 years) with 

a minimum of 20 countries to 

a maximum of 169  

Maddison Project 

Database, version 2020 

 

Sovereign default  Binary variable taking 

the value 1 if the country is in 

sovereign default and 0 

otherwise 

Panel from 1800 to 2020 

(221 years) of 195 countries 

Farah Yacoub et al. 

(2021) 

Infant mortality Number of children who 

die before reaching their first 

birthday per 1000 live births. 

Some of the data points are 

extrapolated using uses the 

past trend in a country and the 

global trend. 

Unbalanced panel from 

1960 to 2020 (61 years) with 

a minimum of 79 countries to 

a maximum of 199 

United Nations Inter-

Agency Group for Child 

Mortality Estimation 

Population Number of inhabitants 

measured mid-year in 

thousands  

Unbalanced panel from 

1900 to 2018 (119 years) with 

a minimum of 53 countries to 

a maximum of 169 

Maddison Project 

Database, version 2020 

Life expectancy Life expectancy at birth 

in years for the total 

population 

Panel from 1960 to 2020 

(61 years) of 208 countries 

World Development 

Indicators 

Energy supply Basic supply and demand 

data for all fuels are required 

to compare the contribution 

that each fuel makes to the 

economy and their 

interrelationships through the 

conversion of one fuel into 

another. 

Panel from 1971 to 2019 

of 146 countries 

OECD Economic, 

Environmental and Social 

Statistics, IEA World Energy 

Statistics and Balances  

https://www.rug.nl/ggdc/historicaldevelopment/maddison/releases/maddison-project-database-2020
https://www.rug.nl/ggdc/historicaldevelopment/maddison/releases/maddison-project-database-2020
https://childmortality.org/data
https://childmortality.org/data
https://childmortality.org/data
https://www.rug.nl/ggdc/historicaldevelopment/maddison/releases/maddison-project-database-2020
https://www.rug.nl/ggdc/historicaldevelopment/maddison/releases/maddison-project-database-2020
https://data.worldbank.org/
https://data.worldbank.org/


Calorie supply Per capita kilocalorie 

supply from all foods per day 

Unbalanced panel from 

1961 to 2018 (58 years) with 

a minimum of 143 countries 

to a maximum of 172  

Food and Agriculture 

Organization of the United 

Nations (FAO) 

Poverty headcount Percentage of people 

living below the $1.90 per 

day poverty line 

Unbalanced panel from 

1981 to 2019 (40 years) with 

a minimum of 160 countries 

to a maximum of 165 

Poverty and Inequality 

Platform (PIP) 

Polity V Score ranging from +10 

(strongly democratic) to -10 

(strongly autocratic) 

Unbalanced panel from 

1800 to 2018 (219 years) with 

a minimum of 22 countries to 

a maximum of 168 

Polity Project 

 

A2. Appendix 2 – Energy Supply Results 

While not statistically significant, our exercise suggests that energy supply per capita levels 

severely lag in defaulting countries relative to their synthetic control. Therefore, this exercise 

should be read as a stylized fact.38 The cumulative estimated gap grows to leave the defaulter 

roughly 10 percent below the synthetic counterfactual by year three of the default. To be sure, 

energy consumption can be driven by economic activity via industrial outputs since those tend to 

consume a considerable amount of energy. So, it is conceivable that consumers can maintain 

their access level, but in extreme cases it is hard to imagine a scenario in which only industry is 

affected. And, even in that case, such a marked gap would have effects on development and 

eventually on welfare. In recent years, both Venezuela and Lebanon have suffered significant 

deprivations in access to energy after their respective defaults. In Lebanon’s capital Beirut, 

government had to reduce the provision of electricity to around 30 minutes per day in the 

summer of 2021 (following the country’s default in early 2020), critically affecting those unable 

to afford privately run generators. 

 

38 Yet, it is worth mentioning that the event studies we performed as a robustness check present significant 

declines in the growth of energy availability with respect to countries’ long term average growth of energy supply. 

See appendix for details. 

https://www.fao.org/faostat/en/#data/FBS
https://www.fao.org/faostat/en/#data/FBS
https://www.fao.org/faostat/en/#data/FBS
https://pip.worldbank.org/home
https://pip.worldbank.org/home
https://pip.worldbank.org/home
https://www.systemicpeace.org/polityproject.html


 

Figure A2: Effect of default on energy supply. Based on 48 default episodes since 1971, where data exists and 

that are not filtered because of coinciding armed conflict, Energy supply per capita indexed to 100 at t-4. Source: 

OECD Economic, Environmental and Social Statistics, IEA World Energy Statistics and Balances, Authors’ 

Calculations.  

A3. Appendix 3 – Results with 5% threshold 

GDP p.c.   (Maddison since 1900)  
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A4. Appendix 4 – Event Studies T-5 to T+5 

The below are country-fixed-effects event studies following the methodology of Gourinchas and Obstfeld 

(2012). They should be read as deviations from country long term means of the enunciated variable. All 

but one of the variables are first differences (in percentage terms), so the appropriate interpretation for 

them is X percentage points below or above country long-term average percent change. For Poverty 

Headcounts, the variable is already in ratio form. Therefore, the appropriate interpretation should be X 

percentage points over country long-term average poverty headcount ratio. The results from this exercise 

are compatible with our findings above using SCMs. 

 

 



 

 

 


