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1 Introduction

Many governments operate debt relief programs that give consumers bankruptcy protec-

tion or write off consumer debt in times of crisis. The economic trade-offs associated

with such programs are well-understood: debt relief helps individuals in financial trou-

ble and improves the overall financial health of the economy, but at the cost of creating

moral hazard and diverting public funds from other purposes or adding to public debt

(e.g., Dobbie et al. 2017; Karlan et al. 2019; Exler and Tertilt 2020). The political

consequences, in contrast, are not well-understood. Yet, debt relief is highly political

and shares many features with the traditional tools of distributive politics routinely used

by political parties to sway or mobilize voters to support them: debt relief bestows a

(private) benefit to those who get it and the introduction of new or reformed debt relief

programs can be timed to match the election cycle (e.g., Faraz and Rockmore 2020;

Delatte et al. 2023). This paper studies the political consequences of debt relief. We

ask whether debt relief can influence the outcome of high-stake elections, and, if so, what

does it cost to win?

To answer these general questions, we consider two particular cases. The primary

case is a large-scale debt relief policy enacted recently in the former Soviet Republic of

Georgia, where we can use unique data on the beneficiaries of debt relief to estimate

the causal effect on election outcomes. The second case provides motivating evidence

that debt relief can have political effects from the well-known problem of student debt

overhang in the USA.

The cumulative value of US student debt is about $1.6 trillion or about 7% of US GDP

and the question of relieving (some) federal student debt became salient during the 2020

presidential campaign. Several democratic candidates endorsed generous relief programs

during the primaries, in the end leading Joe Biden to also propose forgiving $10,000 of

debt per student. The policy was announced officially by Biden in August 2022, a few

months before the mid-term elections. It was estimated that it, if implemented, would
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Figure 1: US student debt relief policy and Biden’s approval ratings
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Notes: The figure shows the estimated differences in President Biden’s approval ratings between states that have
above-median number of student debt holders and states that have below-median student debt holders (y-axis) in
the months before and after announcing the student debt relief policy in August, 2022 (x-axis). The difference-
in-differences estimation equation is shown in Appendix A as equation (3). We control for state-level GDP, the
unemployment rate, average household income, and the education rate. The reported point estimates are relative to
July. The bars represent 95% confidence intervals. The details are discussed in Appendix A.

have benefited 43 million Americans or about every sixth voter.1 While existing research

have studied the economic effects of student debt and debt relief, such as the effects

on occupational choice, labor market outcomes, or financial decisions (Daniels Jr and

Smythe 2019; Luo and Mongey 2019; Rothstein and Rouse 2011; Field 2009; Folch

and Mazzone 2022), the electoral consequences have not been studied yet. To see if

the proposed debt relief policy improved Biden’s popularity, we compare his approval

rating (as measured monthly in online polls) before and after the announcement in states

that had above-median number of student debt holders (“treated states”) and states

that had below-median student debt holders (“control states”). Figure 1 reports the

difference-in-difference estimates for the six months after the announcement (along with

pre-trends). The policy announcement appears to have benefited Biden politically. After

the announcement of the debt relief plan, his approval ratings increase by about 1.5

1 See White House briefing (accessed September 2022).
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percentage points in states that had many debt holders relative to states with few.2 This

political effect is all the more remarkable when it is taken into account that the plan was

only a prospective promise of relief, and a non-credible one, as it turned out later, when

the US Supreme Court in June 2023 ruled that the plan was unconstitutional. Yet, it

is also clear that we cannot claim that this is a causal effect and even if the estimates

in Figure 1 were causal, showing that the policy effects the presidential approval rating

is not the same as showing that it has a material effect in a high-stakes election. To do

that we need to turn to our primary case: the 2018 presidential election in the Republic

of Georgia.

Between the two rounds of the 2018 presidential election in Georgia, a major debt relief

program was announced, which got implemented the following year. Neither of the two

top candidates, supported by the incumbent Georgian Dream party and the opposition

United National Movement, obtained an absolute majority in the first round, leading to

a second round race between them to be held after a month. In between the two rounds,

the incumbent party announced that a deal had been negotiated with Georgian banks

and non-bank lenders. The deal, as announced, would write off bad loans, including

non-performing ones, smaller than $770 for about 600,000 voters which, similar to the

case of US student debt relief, would benefit about one-sixth of the electorate. The gross

book value of the program was announced to be $578 million, which is about 3.6% of

Georgia’s GDP. The debt relief program was funded by a private foundation linked to

the incumbent (Georgian Dream) party. Subsequently, the names and the amount of

debt that was written off for each of the beneficiaries were published on the internet.

We collected and geo-located a sample of about 20,000 beneficiaries. This enables us to

quantify the scale of the debt relief program across election districts.

We use a difference-in-differences strategy to estimate the impact of the program on

the outcome of the 2018 presidential election. We find that a 10% increase in debt relief

leads to a 7% increase in the vote for the Georgian Dream supported candidate in the

2 We discuss the US case in more detail in Appendix A.
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second round relative to the first round. The program did not increase aggregate turnout.

The effects were stronger in poorer districts, and they persisted into the parliamentary

election that took place two years later. We use individual level survey data to show

that voters who likely benefited from the program report a positive attitude to it and are

more likely to support the Georgian Dream party and to consider that the election was

conducted fairly. Based on our estimates, a counter-factual exercise suggests that $13.6

million would have been sufficient to swing the election. The cost of a single vote was

$81.6.

Our paper is related to four strands of literature. First, we contribute to the literature

on consumer debt relief. In addition to the literature related to US student debt relief

discussed above, this literature shows how bankruptcy protection regulations in mature

economies have positive effects on financial and labour market outcomes and reduce

foreclosure (Dobbie and Song 2015; Dobbie et al. 2017; Agarwal et al. 2017). The

evidence from emerging economies, such as the field experiments conducted in India and

the Philippines waiving small amounts of debt, highlights that debt relief programs create

moral hazard (Kanz 2016; Mukherjee et al. 2018; Karlan et al. 2019), and Giné and

Kanz (2018) finds no offsetting positive effects on productivity, wages, or consumption.

The focus in this literature is on the economic effects of debt relief, and our contribution

is to show that the debt relief programs can have electoral effects and that these effects

can be pivotal in determining high-stakes election outcomes. Debt relief constitutes a

direct benefit bestowed by politicians to those who have their debt forgiven, and, thus,

discretionary debt relief programs have the potential to become a tool of distributive

politics.

Second, our paper is related to a growing literature on political credit cycles. The

literature has demonstrated robust evidence of election cycles in the supply of credit on

both national and local levels (e.g., Kern and Amri 2021). These cycles can be achieved

through the relaxation of macroprudential regulations in the run-up to elections (Müller

2023) or through the influence of politicians on state-owned or politically-connected banks
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to expand credit supply during elections and re-allocate it to electorally important dis-

tricts (for evidence from several countries, see Cole 2009; Carvalho 2014; Englmaier and

Stowasser 2017; Faraz and Rockmore 2020; Delatte et al. 2023). The literature has

often found that the share of non-performing loans increases in the aftermath of election-

induced credit expansion (Cole 2009; Kern and Amri 2021). Our contribution to the

literature is to show that debt relief timed around elections can help incumbents win

elections. In this way, we add to the evidence showing that credit market conditions have

political effects (Doerr et al. 2022; Gyöngyösi and Verner 2022; Funke et al. 2016).

Third, the paper is related to the literature on distributive politics. This literature

argues that politicians promise distributive policies to sway voters to deviate from their

ideological preference or to induce them to turn out to vote. Theoretically, this can

be aimed at swing voters without strong ideological attachments (Lindbeck and Weibull

1987) or at core supporters (Cox and McCubbins 1986; Dixit and Londregan 1996).

The evidence of this is overwhelming (Golden and Min 2013).3 Unlike this literature on

distributive politics that studies retrospective rewards (e.g., disaster aid or cash transfers

received prior to an election), the benefits are prospective in our case. Consequently, the

debt relief is a promise of a transfer as in theoretical models of distributive politics, such

as Lindbeck and Weibull (1987), which may be realized after elections (as in the case of

Georgian debt relief) or not even if the incumbent is re-elected (as in the case of the US

student debt relief). Our focus on prospective rewards allows us to investigate if such

promises are sufficient to generate consequential voter reactions and if so, if they persist

into subsequent elections. Another important difference compared to the literature on

distributive politics is that the program we study in Georgia is financed and implemented

by a private foundation, while the past literature, similar to the US student debt relief, is

3 A number of recent papers, including Bechtel and Hainmueller (2011) on Germany, Manacorda et al.
(2011) on Uruguay, Pop-Eleches and Pop-Eleches (2012) on Romania, De La O (2013) on Mexico,
Zucco Jr (2013) on Brazil, Vannutelli (2023) on Italy, report causal evidence that incumbents that
implemented targeted welfare transfer programs of various sorts benefit from them electorally.
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always about tax-funded government programs. This helps us understand how economic

power can translate into political power through a privately funded transfer scheme.

Fourth, our study is also related to a small literature on vote buying. Debt relief shares

many of the characteristics of what Stokes (2005) refers to as patronage goods. The lit-

erature on vote buying views such goods as contingent deals where a private benefit is

exchanged for a vote. Vote buying is, typically, a hidden activity and not legal. A new

literature on forensic economics (Zitzewitz 2012) has made progress in casually identi-

fying instances of electoral fraud from the observable consequences of vote buying, such

as anomalies in monetary cycles and household consumption patterns around elections

(Mitra et al. 2021; Aidt et al. 2020). We relate to this literature by quantifying the

geographical intensity of a particular type of vote buying using unique data on individual

beneficiaries of the program.

Although our main results about the electoral consequences of debt relief apply to the

particular cases of consumer debt relief in Georgia, we can find indications of similar

effects in relation to student debt relief in USA and we note that the problem of bad debt

and, consequently, the demand for debt relief is very common. According to data from

the World Bank’s World Development Indicators, in 2019 (before the pandemic) 6.6% of

all loans were non-performing in an average country, with the percentage reaching 37%

in Greece and 51% in Ukraine for example. Countries use various policies to write off

consumer debt. A notable example is the consumer bankruptcy protection legislation of

the USA. It is essentially a large social insurance program, larger than, for example, all

state unemployment insurance programs combined (see, e.g., Dobbie and Song 2015).

New debt relief programs are often enacted as a result of economic crises. For example,

during the COVID-19 crisis all but 13 of the 185 countries followed by the Oxford Covid-

19 Government Response Tracker introduced some form of debt relief by the end of 2021.4

Other recent examples include debt relief of $14.4 billion in India following the 2008-09

4 See Oxford Covid-19 tracker (accessed December 2021).

6

https://ourworldindata.org/grapher/debt-relief-covid


crisis, or of $10 billion in Brazil and $2.9 billion in Thailand (Kanz 2016; Giné and Kanz

2018). The design of these programs is often highly political.

2 Background

Georgia gained independence from the Soviet Union in 1991. It has a population of

about 3.7 million and is classified by the World Bank as a middle income country with

a GDP per capita of $4,289 and with a poverty head count of 20% of the population in

2019 (World Bank 2022). De jure, Georgia is a democratic republic. De facto, Freedom

House classifies Georgia as a “partial free” country with scores similar to, for example,

Indonesia or Mexico.

Georgia’s transition to democracy took off in 2003 following the so-called Rose Revolu-

tion. It led to the resignation of Eduard Shevardnadze – a former secretary of state of the

Soviet Union and president since 1995 – and the election of Mikheil Saakashvili as pres-

ident representing the United National Movement on a liberal, pro-European platform.

The United National Movement’s hold on power was challenged in 2012 by the new party,

Georgian Dream. The party was launched by the Russia-based billionaire businessman

Bidzina Ivanishvili and it won the parliamentary election in 2012, with Ivanishvili as the

prime minister, and has held power since.

Today, the prime minister is the head of the government and the president is the

head of the state. This arrangement is a result of the transition from a presidential to

a parliamentary system following a series of constitutional amendments passed between

2013 and 2018. These changes have curtailed the president’s executive powers in favor

of the prime minister. Yet, the president still holds significant de facto power by, for

example, being the commander-in-chief of the army, and because of the traditionally

powerful role of the president in Georgia. The 2018 presidential elections was the last

to elect a president by direct vote for a fixed six-year term. Our focus is on this crucial

election. The two main candidates running for president were Grigol Vashadze backed
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by the United National Movement and Salome Zurabishvili supported by the Georgian

Dream party. Table D1 of the supplementary Appendix shows the results of the election.

None of them obtained a majority in the first round – each getting 37-38% of the total

vote – which meant that they had to compete in a run-off election. Despite entering the

second round neck-to-neck, Zurabishvili almost doubled her votes and became the first

female president of Georgia with a majority of 59.5%.5

In between the two rounds (held at the end of October and November, respectively),

on November 19, prime minister Mamuka Bakhtadze from the Georgian Dream party

announced that a deal had been negotiated with banks and non-banking lenders to buy

a very large portfolio of bad loans.6 He announced that this would lead to a debt write

off of loans below a threshold of GEL 2,000 ($770) for more than 600,000 individuals.

This corresponds to about one-sixth of the electorate.7 The reported book value of the

deal was GEL 1.5 billion ($578 million).8 In the announcement, Bakhtadze thanked the

Cartu International Charity Foundation for funding the program. The Cartu Foundation

was established in 1995 by Bidzina Ivanishvilli and his family is its only donor. In

December 2018, the webpage “vali.ge” (“vali” translates as debt from Georgian) opened

and published information about who had their debt cancelled, the book value of that

debt, the name of the lending institution, etc. We refer to this as the debt relief program.

5 Turnout in the second round increased by about 300,000. The other candidates running in the first
round got about 432,000 votes in total and the three with the highest totals (accounting for 271,000
votes) announced that they would support Grigol Vashadze in the second round.
6 As reported by civil.ge available here.
7 The exact definition of what qualifies as a “bad” loan was not specified. We suspect that the program
wrote off a range of such loans, ranging from fully non-performing loans to loans which were not in
default but where payments were missed. According the World Bank’s World Development Indicators,
bank non-performing loans accounted for 2.27% of the value of total gross loans in Georgia at the time.
8 We do not observe the program’s actual cost to the Cartu Foundation, and the foundation refused to
disclose it, arguing that it was a commercial secret. Since the portfolio that the foundation bought
comprised of bad loans, it is likely that it paid only a fraction of the book value. Some estimates from
the Euro area (link (accessed March 2024)), suggest that portfolios of non-performing loans often trade
in secondary markets at 20 to 40% of the book value.
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3 Data and empirical strategy

We collected individual level data on who got debt relief and how much. The source is the

program’s official website vali.ge, which was operational from early December 2018 to the

end of December 2019. On this website, individuals could look up whether they would

receive debt relief from the program using their unique eleven-digit social security IDs.

We stratified on the eleven-digit IDs, to obtain a sample of the population of the listed

individuals (IDs) that is representative at the level of election districts.9 The details of

our sampling strategy are discussed in supplementary Appendix B.

Our sample comprises of 36,564 individual loans granted to 19,937 unique individuals.

The loans in our sample total GEL 235 million, which corresponds to about 15.6% of the

debt that was announced to be written off. Although the debt relief was supposed to be

capped at GEL 2,000, in our data about a third of loans are larger than that threshold.10

The average (median) loan equals GEL 3380 (1090). The portfolio of loans was bought by

the Cartu Foundation from 78 different Georgian banks and other financial institutions.

While we observe the book value of the loans written off for each individual in the

sample, we do not observe how people voted in the two rounds. Thus, we cannot use

individuals as the unit of analysis. Our analysis is, therefore, based on data aggregated

to the 73 election districts which are the principal geographical units at which the Geor-

gian Election Commission reports vote total for candidates and turnout. We count the

individuals (based on the first two digits of their ID) who benefited from the program and

9 Scraping the full data was impossible given that the website was operational for less than a year.
10 We do not know for sure why this is the case. A plausible reason is that the published values on the
program’s website included interests, penalties and other fees which were added to the principal of each
loan. It is also possible that the program did not, in practice, strictly comply with the GEL 2,000
threshold. The speedy negotiations between the Cartu Foundation and the many lenders did not leave
time to bargain over individual loans; instead the bargaining was over large tranches of loans which
may have included loans above the threshold. Figures D1(a)-(b) in the supplementary Appendix show
the size distribution of the loans and the mean values by cohort and gender.
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calculate the total value of the debt that was written off in each district.11 In addition

to the districts, the Georgian Election Commission also reports election results on the

level of 3,600 precincts (or polling stations) which on average have about 1,000 voters. To

increase the sample size, we also aggregate individual level data to these units. The larger

sample comes at a cost, however: we can match only 85% of individuals to precincts12

and our sampling strategy was not designed to make the sample representative for these

units.

One limitation of working with aggregated data is that they cannot, in general, tell

us how an individual’s personal voting behavior changed in response to receiving debt

relief (see e.g., Selvin 1958). To gain insights into the mechanisms underlying the aggre-

gate reaction to the program, we make use of the Caucasus Research Resource Center’s

(CRRC) Caucasus Barometer survey. The survey has rich data on political attitudes and

its fall 2019 wave asks several questions specifically about the debt relief program. We

link these individual survey data to our measures of district level debt relief intensity by

utilizing CRRC’s confidential data on the place of residence of the surveyed individuals.

We adopt a difference-in-differences strategy with a continuous treatment intensity

variable to estimate the effect of the debt relief program on the support for the two

presidential candidates and on turnout in the two rounds of the 2018 election. The first

round is the pre-treatment period, the second round is the post-treatment period, and

the treatment is the announcement of the program in between the two rounds. All areas

(either the 73 districts or the 3,600 precincts) were treated by the program. We, therefore,

exploit variation in the program’s intensity following, e.g., Duflo (2001). We define, for

each area, three continuous treatment variables: log debt is coded as the log monetary

11 Figure D2 in the supplementary Appendix presents two heat maps showing Zurabishvili’s electoral
performance and the intensity of the debt relief program across election districts.

12 This is because the required information on their addresses was sometimes missing on the vali.ge
website and, when recorded, the text data would not always match the public record, likely due to
coding errors. Since we know the age and gender of the individuals in our sample, we can compare that
to demographic data recorded at the precinct level. It is reassuring that we, on average, find no
significant differences.
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value of the total debt written off, debt as the monetary value of the total debt written

off in billion GEL, and log individuals as the log number of individuals benefiting from

the program.13 The headcount contrasts areas where many voters benefited with areas

where few benefited. The monetary value of the debt write off takes into account how

much debt was cancelled in each area and compares areas with high to areas with low

values. The outcome variables are the percentage change in the votes for candidate i (i.e.,

either Zurabishvili or Vashadze) or the total votes cast for all candidates (i.e., turnout)

between the two rounds in area r (denoted V i
r and Tr, respectively). We formulate the

difference-in-differences model as follows:

∆V otesi
r = αi

1 + βi
1ProgramIntensityr + Crγ

i
1 + ϵ1r, (1)

where the variable ProgramIntensity is one of the three treatment intensity measures

and the vector Cr contains pre-treatment area-specific observables. In all specifications,

we include the log number of registered voters and turnout in the first round. The

identifying assumption is that there are no omitted time-varying and area-specific effects

correlated with the ‘treatment’ of each area. This is very likely to hold given the very short

time between the first and second round of elections, but, in Section 4.2, we explicitly

evaluate this common trend assumption using data from several past elections and show

that it holds.

4 Results

4.1 Baseline results

Tables 1 and 2 present the baseline results at the level of election districts and precincts,

respectively. Each table reports results for three outcome variables: the growth in votes

13 In the sample, there are many precincts without any affected individuals. These observations drop
out in the logarithmic specifications, but are included in the specifications with debt.
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Table 1: District Level Results

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Growth in votes between first and second round

Incumbent Opposition Turnout

log debt 0.069** -0.067** 0.004
(0.029) (0.026) (0.007)

log individuals 0.038 -0.074** 0.004
(0.035) (0.031) (0.008)

debt (in billions) 9.807* -0.412 0.486
(5.469) (5.026) (1.301)

Observations 73 73 73 73 73 73 73 73 73
R-squared 0.557 0.528 0.541 0.122 0.111 0.036 0.581 0.580 0.579
F 28.86 25.73 27.16 3.201 2.858 0.860 31.86 31.76 31.69
Mean dep. var. 0.76 0.33 0.18

Notes: The table presents estimates of equation (1) at the district level. The three dependent variables
are the growth in votes between the first and second round of the election for the incumbent candidate,
Zurabishvili (columns 1-3), the opposition candidate, Vashadze (columns 4-6), and for total turnout
(columns 7-9). The treatment variablelog debt is coded as the log monetary value of the total debt
written off, debt as the monetary value of the total debt written off in billion GEL, and log individuals as
the log number of individuals benefiting from the program. All regressions control for the log number of
registered voters, log turnout in the first round of the election and include a constant term (not reported).
Robust standard errors are reported in brackets. ***, ** and * indicate statistical significance at the
1%, 5% and 10% level, respectively.

between the first and second round of the election for the incumbent candidate, Zura-

bishvili (columns 1-3) and the opposition candidate, Vashadze (columns 4-6), and the

growth rate of aggregate turnout between the two rounds (columns 7-9). The three

treatment variables – log debt, log individuals and debt – measure the relative intensity

of the debt relief program across districts or precincts.

The results reported in the two tables show that, both at the district and at the

precinct level, the growth in the votes of the Georgian Dream supported candidate,

Zurabishvili, between the two election rounds is positively related to the measures of debt

relief intensity. The opposite is true for the opposition candidate, Vashadze. Overall, this

demonstrates that the debt relief program helped the Georgian Dream get its candidate

elected. Since the debt write off did not take place till after the election when the deal

with the banks was finalized and implemented, the effect is driven by expectations of

future benefits. Individuals could, given their knowledge of their own debt situation,

12



Table 2: Precinct Level Results

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Growth in votes between the first and second round

Incumbent Opposition Turnout

log debt 0.037*** -0.052*** 0.003
(0.006) (0.010) (0.002)

log individuals 0.029*** -0.051*** 0.002
(0.010) (0.016) (0.003)

debt (in billions) 151.223*** -55.303 3.289
(55.984) (82.140) (13.727)

Observations 2,209 2,209 3,685 2,209 2,209 3,683 2,209 2,209 3,685
R-squared 0.350 0.343 0.267 0.020 0.013 0.027 0.427 0.427 0.425
F 395.6 383.7 447.8 14.71 9.877 33.71 548.3 547.4 907.5

Notes: See the notes to Table 1. The only difference is that the units are precincts rather than districts
and that, consequently, the standard errors are clustered at the district level.

estimate how likely they were to benefit from the program if it were to be implemented

in full. On average, our estimates show that voters reacted to this by rewarding the

Georgian Dream party prospectively. Moreover, the debt relief program did not increase

aggregate turnout. This suggests that the swing induced by the program to Zurabishvili

was driven by party switching rather than by voter mobilization. We cannot, however,

rule out mobilization effects entirely because there could have been differential turnout

effects that net out in the aggregate.

The program’s treatment effect is substantial. The district level results reported in

Table 1 show that a 10% increase in the amount of debt written off leads to a 7% increase

in the votes won by the Georgian Dream candidate and a corresponding reduction in the

votes for the opposition. A 10% increase in the size of the affected population leads to

a 4% increase and to a 7% decrease in the votes of the incumbent and the opposition,

respectively. The precinct level analysis reported in Table 2 yields more precise estimates

that go in the same direction.

We discuss several robustness checks in supplementary Appendix C. These relate to

whether our debt relief data are representative at the precinct level, to whether our results

are sensitive to migration patterns, to controlling for all other candidates’ votes obtained
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in the first round, and to the possibility that the debt relief program affects the Georgian

Dream party’s vote count indirectly by having effects on economic activity. The main

results remain robust in all these tests.

4.2 Pre-trends and persistence

We need to address two important issues: pre-treatment trends in support for the Geor-

gian Dream party and persistence of the effect of the debt relief program identified above.

To do this, we collected data on the results of presidential and parliamentary elections

in Georgia from 2013 to 2020. This corresponds to the period when the Georgian Dream

was the incumbent party and the main opposition party was the United National Move-

ment. To simplify the presentation of the results, we create a binary treatment variable.

It is coded one if the total debt written off by the program in a district or a precinct is

above the median, and zero otherwise.14 We interact the treatment dummy variable with

indicators for the election years and estimate an event study model with these leads and

lags of the treatment variable. As in the model in equation (1), the outcome variable

for the event study specification is the growth of votes received by the Georgian Dream

candidate. The specification is as follows:

∆V oter,e = α2 + β2e1ProgramIntensityr ·
5∑

e=1
Election + Crγ

i
2 + ϵ2r. (2)

The difference-in-differences estimates in Tables 1 and 2 can be given a causal interpreta-

tion if the common trend assumption is valid. This assumption would be violated if the

Cartu Foundation and the leaders of the Georgian Dream party, despite the unconditional

nature of the program and the very short time they between the first and second rounds of

the election, were able to target relief to areas with either increasing or decreasing support

for the Georgian Dream party. To investigate this possibility, we consider the Georgian

14 We have experimented with other cut-offs and found qualitatively similar results. See, for example,
Figure C2 in the Appendix for results comparing first and fifth quintiles. Results that replicate the
baseline specifications of Tables 1 and 2 but by using a binary treatment variable as here are in Table
C4.
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Figure 2: The Treatment Effect Over Time

(a) District level analysis
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(b) Precinct level analysis
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Notes : The dependent variable is the growth of votes won by the Georgian Dream party in the election
indicated on the x-axis compared to the previous election. We consider the presidential elections in 2013
and 2018 (in two rounds), and the parliamentary elections in 2016 and 2020. The treatment variable is
a dummy coded one if the total debt written off by the program is above the median and zero otherwise
interacted with an indicator for election years. The dots are the point estimates relative to the first
round of the 2018 election and the bars are 95% confidence intervals. Otherwise, the specifications are
similar to those of Table 1 and Table 2 for districts and precincts, respectively.

Dream party’s performance in elections prior to 2018 and ask if there were systematic

differences in the evolution of the votes it got in treated versus control areas. Figures

2(a)-(b) show the results across districts and precincts, respectively. They suggest that

in 2016 the Georgian Dream party’s election success was similar in treated and control

districts and precincts. This is consistent with the common trend assumption. However,

between the first and second round of the 2018 election, we observe a marked increase in

the growth of votes for the Georgian Dream in treated relative to control areas. These

results are very similar in the district and precinct specifications. The only difference is

that, as expected, confidence intervals are larger in the district specification where we

have fewer observations.

The baseline results in Tables 1 and 2 compare the first to the second round of the 2018

presidential election. Thus, they represent the short-run effect of the program and isolate

the effect of prospective rewards. To investigate if the program’s effect persisted into
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the next election cycle, we estimate the differential effect on the growth in the Georgian

Dream party’s votes in the treated districts and precincts but for the 2020 parliamentary

election. Figures 2(a)-(b) show that two years after the debt relief program was enacted

(and the debt had, in fact, been forgiven) support for the Georgian Dream had not

returned to the pre-treatment trend. Instead, the treated areas continued to reward

the Georgian Dream party. This result is consistent with retrospective voting and with

existing clientelistic links between the Georgian Dream party and the recipients of the

debt relief being perpetuated by the program.

4.3 Mechanisms

We consider the debt relief program to be a tool of distributive politics. Our interpretation

is that the (prospective) beneficiaries of the program associated it with the Georgian

Dream party and rewarded its candidate for it. The aggregate data do not allow us

to infer this directly, so to substantiate this claim, we present additional evidence that

speaks to the mechanism underlying the program’s average treatment effect. To do this,

we leverage survey data and explore auxiliary predictions derived from the distributive

politics literature.

We begin by showing that the treatment intensity variables used in the main analysis

correlate with the individuals’ knowledge of the program and their attitude to and eval-

uation of it. To this end, we draw on individual level survey data from the 2019 wave of

the Caucasus Barometer which asks questions about the debt relief program. With these

data, we can regress the main district level measures of treatment intensity (log debt and

log individuals) on binary indicators of individual attitudes towards the debt relief pro-

gram as captured in the survey. Table 3 reports the results. The intercepts reported at

the bottom of the table show that the vast majority of respondents are both aware of the

program and view it in a positive light. More importantly, we see that individuals from

districts that benefited more from the program are more likely to be aware of it (columns

1-2), and that they are more likely to report that they feel positively or very positively
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Table 3: Validation of Program Intensity Measures with Individual Sur-
vey Data

(1) (2) (3) (4) (5) (6)
VARIABLES I have not heard about I feel (very) positively Either I and/or my family

the debt relief program about the program benefited from the program

log debt -0.0153*** 0.0163*** 0.0102**
(0.0031) (0.0059) (0.0051)

log individuals -0.0216*** 0.0275*** 0.0082
(0.0047) (0.0085) (0.0076)

Constant 0.2352*** 0.1324*** 0.8199*** 0.9222*** 0.2704*** 0.3517***
(0.0411) (0.0300) (0.0765) (0.0544) (0.0674) (0.0491)

Observations 1,479 1,479 1,335 1,335 1,434 1,434
R-squared 0.0380 0.0363 0.0124 0.0143 0.0341 0.0322
F 11.65 11.11 3.332 3.869 10.08 9.493

Notes: The table presents linear probability regressions using individual level data from the fall 2019
wave of the Caucasus Barometer. The dependent variables ask various questions about the debt relief
program and the answers are coded as dummy variables. The two treatment intensity variables are coded
at the district level, and the surveyed individuals are matched to these districts using the geographical
information in the survey. The regressions control for four respondent level characteristics: gender, age,
years of education, and employment status. ***, ** and * indicate statistical significance at the 1%, 5%
and 10% level, respectively.

about it (columns 3-4). Columns 5-6 relate the two treatment intensity measures to a

self-reported measure of whether a respondent or their family benefited from the debt

relief program. We see that the correlation is positive, but statistically significant only for

log debt. The self-reported share of families benefiting from the program is, on average,

several times smaller than the share that benefited according to our objective data. It

is, therefore, likely that the survey respondents were reluctant to report that they had

benefited from the program and that this creates measurement error that inflates the

standard errors. Overall, the results reported in Table 3 validates that the treatment

intensity variables capture the impact of the program.

Next, we use the individual level survey data to investigate if the self-reported awareness

of and attitude to the program are related to self-reported party identification, and to

trust in the president and in fair elections. Table 4 reports the results. The results in

columns 1-4 show that respondents who are more aware of the program and who view it
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Table 4: Political Attitudes and the Debt Relief Program

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES The party closest to me is I rather or fully Elections were

GD UNM trust the president conducted fairly

I have not heard
about the debt -0.1771*** 0.0814** -0.1239*** -0.1163**
relief program (0.0488) (0.0336) (0.0413) (0.0504)

I feel positively
or very positively 0.1757*** -0.0851*** 0.1031*** 0.1726***
about the program (0.0283) (0.0189) (0.0243) (0.0264)

Constant 0.1761*** 0.0016 0.2186*** 0.2956*** 0.1779*** 0.0623 0.1030** -0.0788
(0.0517) (0.0614) (0.0356) (0.0409) (0.0437) (0.0526) (0.0498) (0.0581)

Observations 1,950 1,781 1,950 1,781 2,164 1,955 1,873 1,724
R-squared 0.0140 0.0279 0.0124 0.0182 0.0093 0.0155 0.0135 0.0367
F 5.508 10.19 4.895 6.577 4.071 6.152 5.092 13.11

Notes: The table presents linear probability regressions using individual level data from the fall 2019
wave of the Caucasus Barometer. The dependent variables ask various questions related to the political
attitudes of the respondents and are coded as dummy variables. The main independent variables code
questions about the debt relief program as dummy variables. The regressions control for the same re-
spondent level characteristics as in Table 3. GD = Georgian Dream; UNM = United National Movement.
***, ** and * indicate statistical significance at the 1%, 5% and 10% level, respectively.

in a more positive light are more likely to self-identify with the Georgian Dream party and

less likely to self-identity with the United National Movement. Moreover, knowledge of

the program and a positive attitude towards it are positively correlated with trust in the

elected president (columns 5-6), and, somewhat ironically, with the view that the 2018

election was conducted fairly (columns 7-8). These correlations are consistent with our

interpretation of the difference-in-differences estimates as evidence that voters rewarded

prospectively the Georgian Dream party for the debt relief program.

Finally, the literature on distributive politics and vote buying show that it is easier

to “buy” votes from poor than from rich voters (Stokes et al. 2013; Aidt and Jensen

2017). If the debt relief program caused the observed swing towards the Georgian Dream,

then we would expect to observe a stronger effect in poor districts than in rich ones. To

test this, we rely on night light emission data aggregated to the district levels as a proxy

for average income of a district. We augment the baseline difference-in-differences model
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in equation (1) with an interaction between this proxy for income and the treatment

intensity variable log debt. Figure C3 in the supplementary Appendix shows that the

debt relief program was successful in swinging votes towards Zurabishvili and away from

Vashadze in poorer districts, while it was ineffective in richer districts. This is consistent

with the distributive politics interpretation of the program.

4.4 What does it cost to win?

As a counter-factual exercise, we use our estimate of the treatment effect to calculate how

much it would have cost the Cartu Foundation to swing the presidential election in favor

of the Georgian Dream party and to calculate the cost of a single vote (see Condra et al.

(2018) for a similar approach). Supplementary Appendix E presents the details behind

these calculations.

We report in Table 1, column 3 the program’s treatment effect on the growth rate

of votes for Zurabishvili and the Georgian Dream per billion GEL. We use this point

estimate to calculate the sum that would be required for Zurabishvili to reach the votes

that the opposition candidate actually received in the second round of the election. This

calculation suggests that the foundation needed to buy up debt with a book value of

$67.8 million to swing the election by one vote in favor of Zurabishvili. The actual cost

of buying the loans was almost surely less than the book value. If we assume that the

foundation paid about 20% of the book value (as discussed in footnote 8), we get that the

cost of buying victory with a minimal margin was $13.6 million. Zurabishvili in fact won

with a clear margin, and our calculation suggests that buying debt with a book value of

$217.1 million or a likely market value of $43.4 million was sufficient to guarantee this

victory. The actual size of the program was much larger than what, as we estimate, was

needed to reach these victories, and stood at $578 million in book value, or $144.4 in

market value. Thus, we conclude that the election results could have easily been the

reverse absent the debt relief program.
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The Georgian debt relief program was large-scale and benefited one-sixth of the elec-

torate. In contrast to small, targeted programs, these features make it plausible to

extrapolate the cost of one vote from the cost of winning the overall election. Our cal-

culation suggests that the cost of a single vote was $81.6 of debt relief (GDP per capita

is about $4200). This is ‘cheap’ relative to other estimates of the ‘price of a vote’ in the

literature. Bechtel and Hainmueller (2011), for example, report in the context of disaster

relief in Germany in 2002 that the price per vote was about EURO 63,000 (GDP per

capita around EURO 25,000), while Healy and Malhorta (2009) estimate one additional

vote cost $27,000 (GDP per capita around $45,000) in relief spending in the USA.

5 Conclusion

We argue that debt relief programs can serve as a tool of distributive politics and help

politicians win elections. This is a new perspective on the role of such programs which

are widely used both in established and in new democracies. Our study of the 2018

presidential election in Georgia shows that a large-scale privately funded debt relief pro-

gram announced between the two rounds of the election had a substantive impact on the

aggregate votes cast in favor of the main two candidates. The effect persisted into the

next election, hinting at perpetuated clientelistic links between the winner of the elec-

tion and those who benefited from the program and in that way undermining electoral

accountability (see Leight et al. 2020).
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Supplementary (Online) Appendix

Political Consequences of (Consumer) Debt Relief

by Toke Aidt, Zareh Asatryan and Lusine Badalyan

Appendix A: US student debt relief

The relief plan: On 24th of August 2022, US president Joe Biden announced a student

loan debt relief plan that would write off $10,000 of student debt for American citizens

with income lower than $125,000 ($250,000 for married couples).15 The plan builds

on promise that Biden made during the 2018 presidential election campaign, but was

announced formally in August 2022, two months prior to the mid-term elections that

year. The plan was supposed to provide assistance to up to 43 million people, and,

according to the Congressional Budget Office16, it would cost about $400 billion over a

period of thirty years. According to the US Department of Education, about 65% of the

relief would benefit individuals below the age of 40, and around 90% of the funds would

go to individuals with annual incomes under $75,000.

The formal procedure for claiming relief was released by the Biden administration on

17th of October 2022, only three weeks before the mid-term elections. However, six

Republican states17 immediately contested the president’s authority to cancel student

debt and initiated a legal challenge. Eventually, in June 2023, the plan was ruled out as

15 With respect to debts held by the Department of Education, the American Department of Education
would write off up to $20,000 in debt for Pell Grant recipients.

16 Source: https://www.cbo.gov/system/files/2022-09/58494-Student-Loans.pdf.
17 Arkansas, Iowa, Kansas, Missouri, Nebraska and South Carolina.
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being unconstitutional by the US Supreme Court.18 Figure A1 shows google trends data

for searchers for the term “student debt relief” in the US. As expected, search results take

off around the week of the announcement in August 2022 and reach their peak around the

week when the formal application process opens. Searches die out after the US Supreme

Court decision in June 2023.

Figure A1: Google Trends search results for “student debt relief” in USA

Notes: The figure shows the popularity index by week in 2022 and 2023 related to the search term “student debt
relief” in the US based on Google Trends. The popularity index ranges from 0 (lowest) to 100 (highest).

Data: We collect data on the number of student debt holders in each US state.19 From

this we construct our treatment variable which is a dummy variable equal to one if the

state has more student debt holders than the median state and zero otherwise. The

outcome variable is the monthly approval rate for President Biden from April 2022 to

January 2023 as captured by online opinion polls.20 We complement these variables with

a number of economic and demographic control variables measured at the level of US

states. Table A1 reports summary statistics and lists the sources of the variables.

Empirical strategy: We want to know if voters in states with above medium student

debt holders (i.e., many potential relief beneficiaries) are more likely to support the Biden

administration after the announcement of the relief policy in August 2022 compared to the

periods before the announcement using states with below medium student debt holders

18 See US Supreme Court ruling (accessed February 2024).
19 The data are collected by the US Census Bureau statistics and is available at
https://www.studentaid.gov/ (accessed March 2024).

20 Source: https://civiqs.com/ (accessed March 2024).
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Table A1: Summary statistics for variables used in the US student debt relief exercise

Mean SD Min Max Source
Log number of student debt holders 13.11 1.06 10.92 15.20 StudentAid.gov
Approval rates, difference November to July 2022 0.08 0.02 0.03 0.12 Civiqs
Log GDP per capita Q3 2022 11.20 0.25 10.77 12.40 U.S. Bureau of Economic Analysis
Unemployment rate, % 3.52 0.72 2.20 5.20 U.S. Bureau of Labor Statistics
% population with at least high school diploma 0.91 0.03 0.80 0.95 U.S. Census Bureau
Log households income 11.07 0.17 10.75 11.42 World Population Review
Log population 15.23 1.02 13.27 17.50 U.S. Census Bureau

(few potential relief beneficiaries) as the control group. To this end, we estimate the

following equation:

∆Pollss,m = α + βm1Borrowerss ·
8∑

m=1
Month + γiXs + ϵs,m (3)

where ∆Pollss,m is the monthly change in Biden’s approval rating in each state, 1Borrowerss

is a dummy variable that equals one for states that have more debt holders than the me-

dian state and zero otherwise, ∑8
m=1 Month are a set of dummies for each month taking

the pre-reform month of July as the base month, Xs are the set of control variables as

defined above, and ϵs,m is the error term. Standard errors are clustered by state.

Results: Table A2 shows the estimates of equation (3), and the estimates of βm are

plotted graphically in Figure 1 in the main text. The treatment variables, indicating

differences in Biden approval ratings across states that have many debt holders as opposed

to states that have fewer debt holders, become positive and statistically different from

zero from September on wards, that is, right after the announcement of the student debt

relief policy in August, 2022. The treatment effect peaks in November, during the month

of mid-term elections, and gradually declines but still indicating a significant difference

in January 2023, the last month of our sample. Approval ratings for the treatment and

control states are not statistically different in the months before the announcement of

the debt relief program. Column 1 to 3 of Table A2 include different sets of state-level

control variables. We see that the results are always similar.
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Table A2: US student debt relief and opinion polls

VARIABLES Monthly change in Biden’s approval ratings

High borrower states 0.030 0.018 0.025
(0.021) (0.014) (0.028)

High borrower states x April 2022 0.008 0.008 0.008
(0.005) (0.005) (0.005)

High borrower states x May 2022 0.005 0.005 0.005
(0.004) (0.004) (0.004)

High borrower states x June 2022 0.001 0.001 0.001
(0.002) (0.002) (0.002)

High borrower states x July 2022 0.000 0.000 0.000
(0.000) (0.000) (0.000)

High borrower states x August 2022 0.003 0.003 0.003
(0.002) (0.002) (0.002)

High borrower states x September 2022 0.009* 0.009* 0.009*
(0.005) (0.005) (0.005)

High borrower states x October 2022 0.011** 0.011** 0.011**
(0.005) (0.005) (0.005)

High borrower states x November 2022 0.015*** 0.015*** 0.015***
(0.005) (0.005) (0.005)

High borrower states x December 2022 0.015** 0.015** 0.015**
(0.006) (0.006) (0.006)

High borrower states x January 2023 0.012** 0.012** 0.012**
(0.005) (0.005) (0.005)

April 2022 0.054*** 0.054*** 0.054***
(0.004) (0.004) (0.004)

May 2022 0.039*** 0.039*** 0.039***
(0.003) (0.003) (0.003)

June 2022 0.028*** 0.028*** 0.028***
(0.001) (0.001) (0.001)

August 2022 0.022*** 0.022*** 0.022***
(0.002) (0.002) (0.002)

September 2022 0.076*** 0.076*** 0.076***
(0.004) (0.004) (0.004)

October 2022 0.077*** 0.077*** 0.077***
(0.004) (0.004) (0.004)

November 2022 0.071*** 0.071*** 0.071***
(0.004) (0.004) (0.004)

December 2022 0.084*** 0.084*** 0.084***
(0.005) (0.005) (0.005)

January 2023 0.085*** 0.085*** 0.085***
(0.004) (0.004) (0.004)

Log population -0.004
(0.020)

Log GDP Q3 2022 pro capita -0.151* -0.150*
(0.078) (0.080)

Unemployment rate 0.032** 0.032**
(0.012) (0.013)

% of population with at least high school diploma 0.189 0.126
(0.383) (0.328)

Log households income 0.455*** 0.457***
(0.080) (0.079)

Constant 0.276*** -3.344*** -3.255***
(0.017) (0.530) (0.606)

Observations 500 500 500
R-squared 0.165 0.599 0.600
F 126.3 111.3 108.2

Notes: The table shows estimates of equation (3). The coefficients on the treatment dummies (βm) are also plotted
in Figure 1 in the main text. The outcomes variable measures the change in monthly approval ratings for President
Biden from April 2022 to January 2023. The treatment variables are interaction terms between the dummy taking
the value of one if the log number of student debt holders is above that in the median state and zero otherwise, and
an indicator variable for the month of the year. The three columns of the table use different sets of control variables.
Statistical significance denoted as: *** p<0.01, ** p<0.05, * p<0.1. Errors are clustered by state.



Appendix B: Sampling strategy

The website vali.ge, operational between early December 2018 and end of December 2019,

allowed Georgian voters to look up if they had received debt relief using their eleven-digit

social security ID. This ID system was introduced in the late 2000s. We collected the

data on who benefited from the debt relief program by randomly sampling these IDs.

The structure of the ID numbers are

Y Y ZZZXXXXXX

where the two first digits (Y Y ) represent the 73 districts used by the Georgian Elec-

tion Commission to record election results,21 the next three digits (ZZZ) represent sub-

districts within some of the larger districts, including the capital Tbilisi, and the last six

digits, (XXXXXX), is a unique number assigned to an individual residing inside the

geography defined by the first five digits. In practice, almost all IDs have the six last

digits between 000000 and 170000, i.e., IDs outside this range are not being used.

Our sampling strategy was as follows:

1. We stratified on districts and sampled S IDs within each of the 73 districts based

on a randomization of the six last digits (within the range from 000000 to 170000).

2. Within the (larger) districts which have sub-districts, we sampled S
Dr

ID numbers

from each of the Dr sub-districts within district r. We then apply weights pro-

portional to the number of sub-districts when aggregating the data to the level of

districts.

This sampling strategy delivers an estimate of the number of beneficiaries within a

district which is proportional to the true number of beneficiaries as well as an estimate

of the total debt that was relieved in the district.

21 We exclude voters residing outside Georgia and four tiny districts with a total of 138 residents.
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To see this, let C denote the 170, 000 potential IDs that could be in use within each

district r ∈ {1, ..., 73}, let nr be the population in district r, and let br be the number of

beneficiaries in the district.

We sample ID numbers, not individuals. If all ID numbers had been in use in each

district (C = nr for ∀r), then it is clear that a random sample of IDs (or individuals)

would, as the sample size converges to the population, give us an unbiased estimate of

the proportion of the population who benefited from the program:

b̂r(S)
S

→ br

nr

where b̂r(S) is the number of IDs in a sample of size S that were associated with an

individual who benefited.

However, not all ID numbers were in use in each district, i.e., C > nr for ∀r. Accord-

ingly, when we draw a number which does not match a beneficiary, we do not know if this

is because no person with that number exists or if the person with the number did not

benefit from the program. In this case, b̂r(S)
S

converges to br

C
as the sample size converges

to the total number of possible IDs, C. From this, we get

br ≈ b̂r(C)
S

C

Our main regression uses the cross sectional variation in the expected number of ben-

eficiaries in each district. Using the notation from above, we can write this as

∆Vr = α′ + ... = β1ln(br) + α′ + β1ln( b̂r

C
S) + ... = α + β1ln(b̂r) + ...

where α = α′ + β1(ln(S) − ln(C)). From this, we observe that the regression exploits

that our sampling strategy provides appropriate cross sectional variation in how many

individuals benefited, i.e., of the program intensity.
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A similar argument can be made with respect to the total debt relieved in a given

district. If we let Br be the average debt relieved in district r, then we can write the

total debt relieved as brBr and for a large sample S, we got brBr ≈ b̂rB̂r

C
S.
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Appendix C: Additional tests

We implement several robustness tests related to the sampling strategy and to other

potential concerns.

Sample strategy

Since we stratified the sampling at the district level, the sample may not be representative

at the precinct level. Precincts in Georgia are constructed such that they include about

a 1,000 voters. However, the allocation of voters within districts to precincts is not

random. Our precinct level results could be biased if the allocation of individuals to

precincts is correlated with the measures of program intensity. To evaluate this, we

report in Table C1 results from a specification that includes district fixed effects in the

precinct level model. This controls for the potential correlation between the sample

measures of program intensity and the rules of allocating voters into precincts that are

specific to districts. It is reassuring to observe that these estimates are similar to the

baseline results.

Another potential issue with our sampling strategy relates to migration. The social

security ID encodes an individual’s place of residence when the ID is issued (in the late

2000s), not the residence at the time of voting (in 2018). Thus, if (many) people migrated

between the time when the IDs were issued and the 2018 election, we will incorrectly

inflate the program intensity measures in the out-migration areas where the IDs were

issued. Unfortunately, we do not observe migration patterns. However, several factors

mitigate this problem. First, the social security system was established in the late 2000s.

Thus, the IDs represent the place of residence about a decade before the election in 2018

and not at a place much earlier in a voter’s life which would be the case if, for example, IDs

were given at birth. Second, most migration is rural to urban, and in Georgia in particular

from rural areas to the capital Tbilisi where almost a third of Georgia’s population lives.

We can, therefore, evaluate the sensitivity of our results to migration by omitting all the

8



precincts of Tbilisi. Table C2 shows that the baseline estimates remain robust to this.

Third, we can use the CRRC survey data to estimate the likelihood that an individual

migrates as a function of individual observable characteristics. To do this, we use a

question that asks if respondents are registered (got their ID) in the place where they live

at the moment. Migration decisions are strongly negatively correlated with age. We can

use these estimated migration probabilities by age as inverse sample weights (i.e., giving

less weight to individuals with an age associated with a high migration probability) when

aggregating the individual level data to the measures of district level debt relief intensity.

Table C3 shows the results remain similar to our baseline estimates.

Indirect channels

The short time window between the first and the second round of the presidential election

mitigates concerns about other policy changes potentially driving the results. Neverthe-

less, we test here two possible alternative explanations.

First, as long as the debt relief program could have led to effects on economic activity,

these effects could have affected the Georgian Dream party’s vote indirectly (Bagues and

Esteve-Volart 2016). In the absence of geographically disaggregated economic data in

Georgia, we measure economic activity with night light emission.22 Using mean monthly

growth in night light as the outcome variable, we estimate the differential effect of the

program on economic activity using a specification similar to the one used to construct

Figure 2. That is, we compare economic activity in districts with high versus low pro-

gram intensity. The results are summarized in Figure C1. We do not find significant

differences between treated and control areas, neither before and nor after the treatment.

We conclude that it is unlikely that the debt relief program’s treatment effect was caused

by differential economic trends.

22 The source of the night light data is the Visible and Infrared Imaging Suite (VIIRS) of the Earth
Observation Group. The data is available here (accessed April 2021).
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Second, the pool of candidates changes between the two elections as only the runner-

up candidates make it to the second round. This can potentially pose a challenge if

the spatial distribution of votes that went to the losing candidates in the first round is

correlated with the program intensity. To rule out this possibility, in Table C5 we control

for the share of votes obtained in the first round by all candidates who did not make it

to the second round. The results remain similar to the baseline results.

Table C1: Results with District Fixed Effects

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Growth in votes compared to first round

Incumbent Opposition Turnout

log debt 0.024*** -0.025** 0.004**
(0.006) (0.010) (0.002)

log individuals 0.025*** -0.015 0.004*
(0.009) (0.016) (0.002)

debt (in billions) 33.959 -7.165 3.315
(49.505) (76.640) (12.488)

Observations 2,209 2,209 3,685 2,209 2,209 3,683 2,209 2,209 3,685
R-squared 0.532 0.531 0.455 0.182 0.180 0.194 0.573 0.572 0.547
F 31.93 31.70 39.60 6.245 6.168 11.39 37.62 37.53 57.38

Notes: The regressions are similar to those in Table 2 except that they include district fixed effects. See
the notes to Table 2 for further details.
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Table C2: Results Without Tbilisi

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Growth in votes compared to first round

Incumbent Opposition Turnout

log debt 0.0352*** -0.0596*** 0.0028
(0.0070) (0.0115) (0.0018)

log individuals 0.0166 -0.0653*** 0.0027
(0.0111) (0.0181) (0.0029)

debt (in billions) 17.6832*** -15.2834** 1.0366
(5.0113) (7.3969) (1.2340)

Observations 2,073 2,073 3,549 2,073 2,073 3,547 2,073 2,073 3,549
R-squared 0.3397 0.3324 0.2632 0.0216 0.0150 0.0278 0.4247 0.4243 0.4239
F 354.9 343.4 422.0 15.20 10.49 33.83 509.2 508.3 869.5

Notes: The regressions are similar to those in Table 2 except that they exclude precincts located in the
largest city and capital of Georgia, Tbilisi. See the notes to Table 2 for further details.

Table C3: Results for Data Aggregated with Sample Weights Based on
Migration Probabilities

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Growth in votes compared to first round

Incumbent Opposition Turnout

log debt 0.070** -0.081*** 0.007
(0.030) (0.027) (0.007)

log individuals 0.033 -0.086*** 0.007
(0.036) (0.031) (0.008)

debt (in billions) 20.332* -5.705 1.514
(11.751) (10.761) (2.788)

Observations 73 73 73 73 73 73 73 73 73
R-squared 0.555 0.526 0.540 0.149 0.133 0.040 0.584 0.583 0.580
F 28.65 25.51 27.01 4.040 3.514 0.955 32.28 32.16 31.81

Notes: The regressions are similar to those in Table 1 except that they use migration probabilities by
age as inverse sample weights when aggregating the individual level data to the measures of district level
debt relief intensity. See the notes to Table 1 for further details.



Figure C1: The Treatment Effects on Average Growth in Monthly Night-
Light Luminosity Over Time
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Notes: The dependent variable is the growth of average district level monthly night light luminosity
emission compared to the same month of the previous year. The treatment variable is defined as a
dummy coded one if the total debt written off by the program is above the median and zero otherwise
interacted with an indicator for time. Estimates are relative to September 2018.



Figure C2: The Treatment Effect Over Time

(a) District level analysis
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(b) Precinct level analysis

-.1
0

.1
.2

.3
.4

G
ro

w
th

 in
 G

D
 v

ot
es

 in
 h

ig
h 

vs
 lo

w
 in

te
sn

ity
 p

re
ci

nc
ts

2016 2018(i) 2018(ii) 2020

Notes : The regressions are similar to those in Figure 2 except that the treatment variable is a dummy
coded one if the total debt written off by the program is at the top quintile and zero in the bottom
quitile of the distribution of program intensity.

Table C4: Treatment Effects by Low-vs-High Debt Intensity

(1) (2) (3) (4) (5) (6)
Districts Precincts
Growth in votes compared to first round

Incumbent Opposition Turnout Incumbent Opposition Turnout

Median of debt (in billions) 0.146** -0.103** 0.030** 0.120*** -0.168*** 0.013**
(0.066) (0.049) (0.014) (0.021) (0.026) (0.006)

Observations 73 73 73 3,685 3,683 3,685
R-squared 0.339 0.078 0.518 0.009 0.011 0.001
F 17.92 2.942 37.67 33.83 40.50 5.318

Notes: The regressions in columns (1-3) and (4-6) are similar to those in Tables 1 and 2, respectively,
except that the treatment variable follows the definition of Figure 2 and is defined to be a binary variable
coded one if the total debt written off by the program is above the median and zero otherwise.



Table C5: Treatment Effects Controlling for Other Candidates Votes

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Growth in votes compared to first round

Incumbent Opposition Turnout

Panel A: Districts
log debt 0.057** -0.075*** 0.004

(0.024) (0.023) (0.007)
log individuals 0.052* -0.065** 0.005

(0.028) (0.028) (0.008)
debt (in billions) 4.051 -4.317 0.222

(4.659) (4.716) (1.335)

Observations 73 73 73 73 73 73 73 73 73
R-squared 0.709 0.699 0.688 0.302 0.253 0.204 0.586 0.586 0.584
F 41.44 39.49 37.45 7.339 5.748 4.349 24.05 24.08 23.90

Panel B: Precincts
log debt 0.027*** -0.061*** 0.002

(0.006) (0.010) (0.002)
log individuals 0.023** -0.057*** 0.002

(0.009) (0.016) (0.003)
debt (in billions) 57.636 -120.343 -3.388

(51.107) (80.710) (13.664)

Observations 2,209 2,209 3,683 2,209 2,209 3,681 2,209 2,209 3,683
R-squared 0.427 0.424 0.392 0.058 0.048 0.065 0.428 0.428 0.433
F 411.0 405.2 593.2 33.78 28.01 63.97 412.5 411.9 702.8

Notes: The regressions of Panels A and B are similar to those in Tables 1 and 2, respectively, except
that they additionally control for the votes of all other candidates in the first round of the election (see
vote shares in Table D1).



Table C6: The Treatment Effect in Poor and Rich Districts

(1) (2) (3)
Growth in votes between the first and second round
Incumbent Opposition Turnout

log debt 0.1569*** -0.0883*** 0.0270***
(0.0322) (0.0253) (0.0098)

mean night light 0.0885** -0.0574* 0.0158
(0.0429) (0.0337) (0.0130)

log debt x mean night light -0.0049 0.0042* -0.0009
(0.0030) (0.0024) (0.0009)

Constant -1.5100*** 1.5676*** -0.2128
(0.4513) (0.3545) (0.1369)

Observations 73 73 73
R-squared 0.4477 0.1518 0.1771
F 18.64 4.118 4.949

Notes: This table adds an interaction term between one of the measures of treatment intensity (log debt)
and district level average night light emission to the baseline specification of equation (1). The average
marginal effects are plotted in Figure C3. See the notes to Table 1 for further details.

Figure C3: Treatment Effects in Poor and Rich Districts
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(b) Opposition
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Notes: This figure plots the average marginal effects of the regressions shown in Table C6. The y-axis
on the left shows the average marginal effects on the growth of votes for the respective candidate. The
y-axis on the right corresponds to the histogram of the night light data. District level average night light
emission are plotted on the x-axis.



Appendix D: Descriptive statistics

Table D1: Results of 2018 Presidential Election

First round: October 28th
Votes %

Salome Zurabishvili 615,572 38.64
Grigol Vashadze 601,224 37.74
Davit Bakradze 174,849 10.97
Shalva Natelashvili 59,651 3.74
David Usupashvili 36,037 2.26
Zurab Japaridze 36,034 2.26
Kakha Kukava 21,186 1.33
...
Turnout 1,647,878 46.83

Second round: November 28th
Votes %

Salome Zurabishvili 1,147,701 59.52
Grigol Vashadze 780,680 40.48
Turnout 1,988,787 56.36

Notes: The data come from the Election Administration of Georgia. The top panel reports the first
round results for candidates who received more than 1% of the votes. The bottom panel reports the
result for the two candidates in the run-off in the second round.
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Figure D1: Individual Loan Data

(a) Size Distribution of Loans
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(b) Mean Loans by Cohort and Gender
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Notes: The data refer to our sample of 36,564 individual loans belonging to 19,937 unique individuals.
Loans are measured in GEL, GEL 1,000 equals about $385. The Figure on the left shows the size
distribution of the loans, leaving out the top five percentile. The Figure on the right shows the average
value of the loans relieved by gender and birth cohort.

Figure D2: Map of the 73 Georgian Election Districts

(a) Growth of Zurabishvili Votes (b) Probability of Benefiting from the Program

Notes: The two maps show the election districts of Georgia. The heat map on the left shows the growth
in the votes cast for Zurabishvili between the first and the second round of the election. The head map
on the right shows the probability that a randomly selected voter benefited from the debt relief program.
The regions of Abkhazia and North Ossetia are not under Georgian de facto control, and are, thus,
missing from the map.



Appendix E: Estimating the costs of winning and of

buying a single vote

In this appendix, we explain how we calculate the monetary cost of winning the election

and the cost of buying one vote. The calculations are summarized in Table E1.

To calculate the cost of winning, we proceed in two steps. First, we use the total

vote counts in Table D1 to calculate the growth in votes from the first to the second

round needed for the Georgian Dream to just win the election (getting the same votes

(780,680) as the opposition in the second round) or win with the votes it actual got

(1,147,701). To just win the election, the total vote for the party needed to growth with

26.9% (=100(780,680-615,572)/615,572); to win with its actual votes, the growth in vote

needed is 86.5%(=100(1,147,701-615,572)/615,572). Second, we use the point estimate

of 9.8067 from Table 1, column 3 to calculate what it would cost in billion GEL to

induce such an increase. This estimate is based on our sample of debt, not the total debt

forgiven. The foundation claimed that the total debt forgiven was GEL 1,500 million

and the debt recorded in our sample is GEL 234.58 which is 15.64% of the announced

value. To account for this, we multiply the coefficient of 9.81 with 0.1564 to get the scale

coefficient equal to 1.5338. Based on this, it would cost 1000 times 0.2699/1.534 = GEL

176 million to tie the election. Using a GEL/$ exchange rate of 0.385, this is equal to

$67.75 million. All this is based on the book value of the loans. If we assume that the

actual cost of buying the loans is about 20% of that, then we get that the cost is $13.55

million. To win with with 1,147,701 votes, it would cost 0.865/1.5338 = GEL 564 million

or $217.14 million with a likely market value of $43.43 million.

We also calculate the cost of a vote in two steps. First, the growth in votes required

to gain one vote starting from the 615,572 votes that the Georgian Dream obtained in

the first is 1/615,572. Second, using the adjusted point estimate of 1.5338 from Table 1,
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column 3 estimates the cost of one vote to be GEL 1,060(=1/(615,572*1.5338)) or $408

based on book values. The likely market value is one fifth of this, i.e., $81.63 per vote.

Table E1: The Cost of Winning and of a Single Vote

Actual Hypothetical victory with
(i.e. from round i to ii) minimal margin (i.e. 50%+1)

Increase in votes, % 86.50% 26.99%

In the sample Announced value
Total debt, million GEL 234.58 1,500.00
Total debt, million USD 90.33 577.59

Baseline beta Adjusted beta
(i.e. Table 1, col 3) (by sample weight i.e. 15.64%)

Treatment effect, per billion GEL 9.8067 1.5338

Total costs
Actual Hypothetical victory with

(i.e. from round i to ii) minimal margin (i.e. 50%+1)
Book value, million GEL 564.00 175.98
Book value, million USD 217.14 67.75
Market value, million USD 43.43 13.55

Cost of one vote
Book value, GEL 1,060.15
Book value, USD 408.16
Market value, USD 81.63

Notes: 1 USD equals 2.597 GEL.
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