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Abstract

We study the macroeconomic drivers of cryptocurrency adoption using mobile app
data for the G20 countries. Among several factors, sovereign default risk is identified as
a key driver of crypto adoption. A 10% increase in sovereign CDS spreads is associated
with a 2.9-4% increase in crypto app downloads and usage, and crypto adoption jumps
in the months following news related to sovereign risk. These effects are larger in
emerging markets and when ex ante sovereign default costs are high. Finally, we find
that the effect of inflation on crypto adoption depends on the level of ex ante default
costs.
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1 Introduction

The rapid growth and globalization of cryptocurrencies raises new questions about the un-
derlying factors driving crypto adoption around the world.! For example, using bitcoin or
stablecoins to hedge macroeconomic risks such as government or monetary instability is a fre-
quently argued narrative in public discourse. Until recently, these debates were reserved for
developing countries. In 2024, however, the US Congress proposed legislation to introduce
a ‘Strategic Bitcoin Reserve’ for reasons including “to provide a hedge against economic
uncertainty and monetary instability”. Despite growing interest in these narratives, em-
pirical support for such claims is limited.? Some studies have explored the factors behind
cryptocurrency adoption using single-country survey or micro-data [Auer and Tercero-Lucas,
2022; Aiello et al., 2023; Weber et al., 2023; Cong et al., 2024]. However, it is difficult to
identify the role of macroeconomic factors in cryptocurrency adoption without cross-country
variation.

In this paper, we present new evidence of the macroeconomic drivers of crypto adoption
by combining the cross-country crypto mobile app data of Auer et al. [2023] with a compre-
hensive set of macro-financial variables. We account for cross-country spillovers and employ
modern penalized variable selection techniques, which identify prominent roles for several
factors, notably sovereign default risk, that have not been emphasized in prior work. As
such, our work builds on a growing literature that exploits cross-country variation to under-
stand the macroeconomic drivers of crypto adoption [Alnasaa et al., 2022; Yu and Zhang,
2022; Auer et al., 2023].

Our findings suggest that sovereign default risk plays an important role in explaining
cryptocurrency adoption patterns. Specifically, a 10% increase in sovereign CDS spreads is

associated with a 2.9-4% increase in the usage and downloads of crypto apps. Additionally,

!Cryptocurrencies represent digital tokens that can be self-custodied and whose transactions are recorded
and verified on a decentralized ledger secured by cryptography rather than a central authority.

2For additional anecdotes, see the “IMF-FSB synthesis paper: Policies for crypto-assets” from September
2023, or “Bitcoin is a hit in countries facing local currency troubles”, published by the Wall Street Journal.



in an event study setting, we find that crypto adoption jumps in the months following
news associated with sovereign credit risk. Crypto adoption is more responsive to sovereign
credit risk in emerging economies and when ex ante sovereign default costs are high. These
findings are consistent with the pronounced precautionary motives of EM households, and
with increasing household attentiveness to sovereign default risk when the economic cost
of sovereign default is high. Furthermore, we find that the association between inflation
and crypto adoption becomes notably stronger when ex ante sovereign default costs are
high. Beyond sovereign risk, we identify other macroeconomic factors associated with crypto
adoption, including speculation, sovereign credit ratings, real exchange rates, public debt,
bank sector development, political stability, capital mobility, remittances, sovereign CDS
spread spillovers from other countries, and inflation spillovers from other countries.

Our results confirm several findings from prior studies. For example, Auer and Tercero-
Lucas [2022] identifies a strong speculative motive for crypto adoption, while Auer et al.
[2023] highlights global factors such as bitcoin prices and global economic policy uncertainty.
Additionally, Alnasaa et al. [2022], Yu and Zhang [2022], and Auer et al. [2023] show that
remittances, bank sector development, economic policy uncertainty, and corruption at the
country level are associated with measures of crypto adoption. Several studies, including
[Alnasaa et al., 2022; Aiello et al., 2023; Auer et al., 2023; Weber et al., 2023; Cong et al.,
2024], emphasize the importance of inflation as a factor. Our analysis builds on these insights
by highlighting the critical role of sovereign default risk. We also confirm that inflation, while
not consistently a dominant factor, gains significance in macroeconomic environments that
are particularly vulnerable to sovereign default.

We construct a cross-country dataset by combining crypto adoption metrics with a com-
prehensive set of macroeconomic and financial variables from public and non-public sources.
The sample period spans August 2015 to June 2022, covering 19 of the G20 countries. Our
primary measure of crypto adoption is monthly crypto app downloads, while our secondary

metric is the monthly average of daily active crypto app users (MAU). The crypto adoption



data is collected by Sensor Tower and made publicly available by the BIS [Auer et al., 2023].
We consider 5-year sovereign CDS spreads as our primary measure of sovereign default risk.
We also use Moody’s sovereign credit ratings data as a complementary sovereign risk indi-
cator throughout the analysis. In addition, we collect data on a wide range of variables to
gauge the importance of different macro factors for crypto adoption. For example, inflation
and adoption momentum have been suggested to influence crypto adoption in the academic
literature and in public discourse. We also collect data on: exchange rates, interest rates,
stock market volatility, capital mobility, public debt, bank sector development, stock market
development, political stability, remittances, informal economy sector, cellular subscriptions,
and population. We also construct several distance-weighted variables that allow us to quan-
tify cross-country spillovers (e.g., whether macro-financial conditions of neighboring countries
are consequential for crypto adoption).

Our baseline analysis estimates univariate and multivariate regressions of crypto adoption
metrics on macro factors. Across specifications, we find that a 10% increase in sovereign
CDS spreads is associated with an additional 2.9-4% growth in crypto adoption metrics. We
estimate panel regressions with country and time fixed effects in order to reduce non-random
variation arising from unobserved heterogeneity. We motivate our specification by showing
that the majority of variation in crypto adoption metrics can be explained by country and
time fixed effects. In other words, crypto adoption patterns across countries and over time are
far from random, and this could significantly bias regression estimates if left unaddressed.
For instance, we show that the negative association between sovereign CDS spreads and
crypto adoption metrics turns significant and positive after controlling for fixed effects.

The univariate regression specification models the logged crypto adoption metrics as a
function of each macroeconomic variable, with each covariate considered individually. CDS
spreads, CPI inflation, real exchange rates, crypto adoption momentum, and sovereign credit
ratings are identified as significant correlates of both crypto downloads and MAU. We then

extend the univariate fixed effect regressions to a multivariate regression that includes all of



the covariates. The covariate space is quite large, with over 50 covariates when accounting
for all of the macroeconomic factors plus each sovereign credit rating category. To refine
our multivariate analysis, we apply a cross-validated LASSO variable selection procedure
with post-double selection [Belloni et al., 2014]. We find that sovereign CDS spreads survive
the selection procedure and remain an economically and statistically significant predictor
of crypto adoption. In contrast, the coefficient on CPI inflation diminishes and becomes
statistically insignificant. CDS spreads and CPI inflation of other countries, however, are
significantly associated with a given country’s rate of crypto adoption. Crypto adoption
momentum, remittances, real interest rates, and political stability are significantly and posi-
tively associated with crypto adoption. Exchange rate strength and bank sector development
are significantly negatively associated with crypto adoption.

Next, we focus on the relationship between sovereign CDS spreads and crypto adoption.
We find that crypto app downloads and MAU jump significantly following news associated
with sovereign risk. Specifically, we estimate event study regressions to trace the dynamics
of crypto adoption around idiosyncratic ‘credit risk events’: news that leads to a notable
increase in sovereign CDS spreads. We identified a total of 53 credit risk events across
our sample. However, several events exhibited common timing across countries associated
with the COVID-19 pandemic or US monetary policy cycles. After excluding these common
events, we identified 26 idiosyncratic credit risk events distributed evenly across the countries
and sample period. The events are mostly mapped to news related to sovereign default,
political uncertainty, high inflation, economic deterioration, natural disasters, or war risk.
On average, crypto app downloads are 0.4-0.8% higher in months following a credit risk
event, with MAU increasing by 0.2-0.4%.

After splitting the sample into Advanced Economies (AEs) and Emerging Market Economies
(EMs), we find significant heterogeneity in the relationship between sovereign CDS spreads
and crypto adoption. A 10% increase in sovereign CDS spreads associated with an additional

6.6% growth of crypto downloads in EMs and 2.5% additional growth in AEs. We also find



that the event study results are stronger in EMs. Crypto downloads increase by nearly twice
as much around credit risk events in EMs than in AEs. We discuss how the precautionary
motives of EM households may offer an explanation for their high propensity to adopt cryp-
tocurrencies when sovereign default risk is elevated [Heltberg et al., 2015; Badarinza et al.,
2019], and when there is need to circumvent capital controls [von Luckner et al., 2023, 2024].

We show that the association between sovereign CDS spreads and crypto adoption is
strongest when ez ante sovereign default costs are highest. We construct a simple measure
of sovereign default costs as the sum of public debt and bank credit to the non-financial
private sector, divided by GDP. This measure is inspired by the many studies showing that
the macroeconomic costs of sovereign default increase in the size of the public sector and can
be amplified by the bank sector [Farah-Yacoub et al., 2024; Gennaioli et al., 2014; Hébert
and Schreger, 2017; Farah-Yacoub et al., 2024].> In EMs, we find that the association
of sovereign CDS with crypto downloads is monotonically increasing in ex ante sovereign
default cost quintiles. Within the lowest default cost quintile, a 10% increase in CDS spreads
is associated with 2.2% growth in crypto downloads. Within the highest default cost quintile,
a 10% increase in CDS spreads is associated with 5.4% growth in crypto downloads. We find
a similarly increasing, although non-monotonic, pattern among AEs. Lastly, we find that
the sensitivity of crypto downloads to inflation is heterogeneous and increasing in sovereign
default cost quintiles for both EMs and AEs. In EMs, a 10 percentage point increase in
inflation is associated with 1.2% growth of crypto downloads in the lowest default cost
quintile, but 11.5% growth of crypto downloads in the highest default cost quintile. These
results suggest that the often-noted relationship between inflation and crypto adoption may
be rooted in the inflationary consequences of sovereign default.

Several macroeconomic factors can explain crypto adoption patterns across countries,

and we identify sovereign default risk as a particularly notable factor. Our analysis pro-

3For evidence of sovereign defaults hampering financial intermediation and credit provision, also see
Adelino and Ferreira [2016], Bocola [2016], Andrade and Chhaochharia [2018], Gennaioli et al. [2018], Sosa-
Padilla [2018], and Baskaya et al. [2024].



vides empirical support for the notion that households use cryptocurrencies to hedge against
governmental and monetary collapse. Previous research highlights inflation as a significant
driver of crypto adoption, and we confirm that inflation is an important factor. However,
our findings suggest that its role in crypto adoption is crucially dependent on perceptions of
sovereign default risk. This indicates that households are responding not only to inflation
per se but also to broader concerns about the stability of their nation’s government and
monetary system.

The remainder of the paper is structured as follows. Section 2 provides details on data
sources, collection, construction, and preliminary analysis. Section 3 presents the results of
univariate and multivariate regressions of crypto adoption metrics on sovereign CDS spreads
and other macro factors. Section 4 presents evidence of increased crypto adoption rates
around notable credit risk events. Section 5 examines heterogeneity in the relationship
between sovereign CDS spreads, inflation and crypto adoption, across AEs and EMs and

across different levels of ex ante default cost. Section 6 concludes.

2 Data

Our dataset is compiled from a diverse array of public and nonpublic sources, aiming to cap-
ture the key variables most frequently associated with crypto adoption in both the academic
literature and public discourse. Table 1 provides summary statistics, while Table 2 offers
detailed descriptions of each variable. The data set consists of a balanced cross-country
panel with monthly observations spanning from August 2015 to June 2022. It includes 19
countries representing a mix of emerging and advanced economies: Argentina, Australia,
Brazil, Canada, China, France, Germany, India, Indonesia, Italy, Japan, Mexico, Russia,
Saudi Arabia, South Africa, South Korea, Turkey, the United Kingdom and the United

States.



2.1 Crypto adoption metrics and sovereign CDS spreads

The dependent variables of interest are monthly crypto adoption metrics at the country level.
Our primary measure is monthly crypto app downloads, and the secondary measure is the
monthly average of daily active crypto app users (MAU). The data come from Sensor Tower,
a proprietary app intelligence provider, and have been made publicly available by Sensor
Tower and the BIS. The coverage of these crypto adoption metrics dictates the time period
and countries included in our analysis.

The key independent variable of interest is the 5-year sovereign CDS spread. CDS spreads
are the primary measures we use to test whether crypto adoption is associated with sovereign
default risk. While many studies examine the relationship between inflation and crypto
adoption, empirical evidence of a link between sovereign risk and crypto adoption remains
limited. Nevertheless, the inflationary scenarios typically tied to crypto adoption often occur
in contexts of failing or unstable governments.*

We source daily sovereign CDS spreads from IHS Markit and aggregate daily spreads
to monthly averages. We selected the 5-year tenor due to its relative liquidity and because
it often serves as the benchmark for CDS indices [Hébert and Schreger, 2017]. Sovereign
CDS spreads are particularly useful indicators of sovereign risk because they are forward-
looking and react to information faster than sovereign credit ratings [Rodriguez et al., 2019].
That said, we also incorporate sovereign credit ratings into our analysis. We show that
numerically-coded credit ratings are highly correlated with CDS spreads in Figure 1.

Figure 2 presents the cross-country median values of the sovereign CDS data and crypto
adoption metrics over time. The shaded regions represent the interquartile range across
countries within each month. The substantial time-series and cross-country variation in
these variables is evident. Moreover, a naive examination of these trends suggests a negative

relationship between sovereign risk and crypto adoption, as CDS spreads have declined over

4For example, see “Cryptocurrencies: developing countries provide fertile ground”, published in the Finan-
cial Times; “Crypto adoption in the Middle East will come from unstable nations”, published by CoinDesk;
and “Cryptocurrencies rise in popularity in the world’s conflict zones”, published by The Guardian.



the sample period while crypto adoption metrics have risen.

However, these observed trends may be driven by unobserved heterogeneity in the data.’®
Table 3 confirms this, reporting R? values from regressions of (logged) CDS spreads and
crypto adoption metrics on country and time fixed effects (FEs). Together, country and
time FEs account for roughly 90% of the variation in these variables. Country FEs explain
86% of the variation in CDS spread levels, while approximately 40% and 50% of the variation
in crypto adoption metrics are explained by country and time FEs, respectively. Figure 3
shows that once these FEs are accounted for, a strong positive relationship emerges between
sovereign CDS spreads and crypto adoption metrics. These results underscore the importance

of including both time and country FEs in cross-country panel analyses of crypto adoption.

2.2 Additional variables

We include a range of additional variables in our analysis. While CDS spreads are forward-
looking, we also collect Moody’s sovereign credit ratings as a lagged measure of sovereign
default risk. These ratings are categorical and combine both the credit rating and the
outlook, e.g., “AAA-negative.” Crypto momentum and network effects (e.g., ‘speculation’)
are likely drivers of crypto adoption [Auer and Tercero-Lucas, 2022; Auer et al., 2023]. For
instance, speculative motives are often considered key factors behind crypto adoption in
many advanced economies and parts of Asia.® To capture these momentum and network
effects, we include lagged cumulative downloads as a variable.”

We consider year-over-year CPI inflation, as inflation risk has been cited as a driver of

5Country-specific characteristics, which are difficult to measure, may explain persistent cross-country
differences in both CDS spreads and crypto adoption metrics. Simultaneously, global common shocks can
induce significant co-variation across countries in a given month. Sovereign credit risk has been linked to both
global common factors and country-specific factors [Longstaff et al., 2011; Augustin et al., 2022]. Similarly,
crypto adoption metrics across countries appear strongly associated with common factors, such as the global
price of bitcoin [Auer et al., 2023].

6See “Cryptocurrency regulation diverges across Asia”, published by the Economist Intelligence Unit.

TAuer et al. [2023] considers using the global price of bitcoin as a proxy for momentum effects. However,
this approach has two limitations. First, the global bitcoin price has no cross-country variation and is collinear
with time fixed effects in panel regressions, meaning both cannot be included in regressions simultaneously.
As a result, it is difficult to precisely identify the momentum effect from other global factors. Second,
momentum effects may vary across countries, which country-invariant variables cannot capture.



crypto adoption in both academic debates and public discourse.® Additionally, we include
several financial variables that may influence the rate of crypto adoption in an economy:
the real exchange rate and its volatility, the real interest rate’, and stock market volatility.
The exchange rate may have a similar effect on crypto adoption as inflation, as a weak
exchange rate can similarly raise concerns about the preservation of local purchasing power.
Meanwhile, real interest rates and stock market volatility offer measures of prevailing risk
appetite and expected returns on traditional financial assets.

We also include several macro-financial factors: international capital mobility, bank sector
credit to the non-financial sector, bank sector concentration, public debt, and stock market
capitalization. Capital mobility is measured using the Chinn and Ito [2006] financial openness
index. Crypto has been shown to act as a vehicle for capital flight [von Luckner et al.,
2023, 2024]. Public debt to GDP is a commonly referenced and publicly discussed measure
of sovereign risk and debt sustainability. Bank sector credit and concentration serve as
indicators of banking sector development [Alnasaa et al., 2022; Auer et al., 2023]. These
banking variables are relevant for crypto adoption insofar as (i) crypto offers an alternative
financial service to the underbanked'®, and (ii) bank sector vulnerabilities interact with
sovereign risk.!! Stock market capitalization is included as an additional indicator of overall
financial development, complementing the bank sector indicators.

Additionally, we consider several macroeconomic factors: population, political stability,
cellular subscriptions, informal economy size, and remittances. Population is included to
control for mechanical “denominator” effects in our crypto adoption metrics, which are
normalized by population. Political (in)stability, like sovereign and inflation risk, has been

proposed as an explanation for crypto adoption [Alnasaa et al., 2022]. We use cellular

8See Alnasaa et al. [2022], Auer et al. [2023], and Liu and Valcarcel [2024] for aggregate evidence, and
Aiello et al. [2023], Weber et al. [2023], and Cong et al. [2024] for survey-based evidence.

9The real interest rate is calculated as the central bank policy rate minus the inflation rate.

10Als0 see Federal Reserve Board of Governors, “Economic well-being of U.S. households in 2023” (May
2023) and “Debunking the narratives about cryptocurrency and financial inclusion”, published by the Brook-
ings Institution.

HSee Adelino and Ferreira [2016], Bocola [2016], Andrade and Chhaochharia [2018], Gennaioli et al. [2018],
Sosa-Padilla [2018].



subscriptions and the estimated size of the informal economy from Kose et al. [2021] as
proxies for access to technology and information necessary for downloading and using crypto
apps. We also include remittance inflows as a percentage of GDP, since crypto is often
debated as an innovation that simplifies remittances and reduces their costs [Rithmann et al.,

2020; Auer et al., 2023].12

2.3 Variables that allow for cross-country spillovers

We also consider the possibility of cross-country or global spillovers, where variables in one
country may affect crypto adoption in another country. To account for this, we construct
distance-weighted averages for a select set of variables discussed above.

The distance-weighted variables are constructed using an inverse-distance bilateral weight-
ing scheme. For example, for country i, we consider the distance-weighted average CDS
spread of the other countries in the sample (j # 4), with weights w;; corresponding to the

inverse of the bilateral distance between countries ¢ and j:

X_ it = Z winjt>
J#i

D—1ij
>; D™ ligo

between countries 7 and j. The variable X_;; represents the distance-weighted average of Xy,

where w;; = D;; = 0, and Digl is the inverse of the geographical distance
excluding country 7, with greater weight given to countries closer to country i. Incorporating
variables like X _;; allows for the possibility of factors outside country ¢ to influence crypto
adoption in country 7. In the example using CDS spreads, this approach allows both the
CDS spread of country ¢ to impact crypto adoption in country ¢, and the CDS spreads of
other countries (—i) to also influence crypto adoption in country i. We construct distance-
weighted averages for six variables: CDS spreads, CPI inflation, real interest rates, capital

mobility, stock market volatility, and public debt.

121 Salvador serves as a case study. The country, which frequently receives remittance inflows exceeding
20% of GDP, adopted bitcoin as legal tender in 2021.
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3 Regression Analysis

In this section we present estimates from univariate and multivariate regressions of crypto
adoption metrics on sovereign CDS spreads and a broad set of other macroeconomic covari-

ates.

3.1 Univariate regression

We begin by estimating univariate regressions of the crypto adoption metrics on each of
the covariates in our data set, one at a time. Throughout the analysis, we consider log-
transformed dependent variables, i.e. In(Downloads) and In(MAU). We also log-transform
several of the covariates. The set of logged covriates are: In(CDS), In(Exchange Rate),
In(Exchange Rate Volatility), In(Stock Market Volatility), In(Population), In(CDS, —i),
In(Stock Market Volatility, —i), and In(Cum. Downloads, ¢ — 1), where the latter covariate
is the log of cumulative downloads, one-month lagged. Covariates indexed by —i correspond
to the distance-weighted averages of countries excluding country i. The rest of the variables
enter the regressions without any transformation: CPI year-over-year inflation, Real Inter-
est Rate, Public Debt/GDP, Bank Credit/GDP, Bank Sector Concentration, Stock Market
Cap/GDP, Political Stability, Capital Mobility, Cellular Subscriptions, Informal Economy
Size, Remittances/GDP, CPI (—i), Real Interest Rate (—i), Capital Mobility (—i), and
Public Debt/GDP (—i). Moody’s credit ratings enter as fixed effects.

Univariate regressions are specified as:

Yie = a; + 0y + BXu + e, (1)

where y;; is the dependent variable, either In(Downloads) or In(MAU), «; and d; are
country and time (year-month) fixed effects, and X;; is one of the covariates. We apply

Driscoll-Kraay standard errors which account for general forms of heteroskedasticity, auto-
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correlation, and cross-sectional dependence in the error term [Driscoll and Kraay, 1998]."
We report estimates for § across the univariate regressions of In(Downloads) in Tables 4
and 5. Several variables exhibit significant correlations with In(Downloads). Notably, lagged
In(Cum. Downloads) explains roughly 34.6% of the variation in In(Downloads), given by the
within R?, suggesting strong momentum and network effects in crypto downloads. Mean-
while, Moody’s credit rating FEs explain about 30.5% of the variation in In(Downloads).
Note that lagged downloads capture much of the serial correlation in crypto adoption data,
while credit rating fixed effects span several categories. Consequently, the high R? values for
these variables are not unexpected.

Covariates such as Political Stability, In(Exchange Rate), In(CDS), and CPI also exhibit
substantially large within R? statistics. We compare the within R? across covariates in
Figure 4. If we exclude lagged downloads and credit ratings FEs from the rankings, In(CDS)
ranks fourth in the In(Downloads) regressions and sixth in the In(MAU) regressions. The
coefficients on In(CDS) and CPI of 0.367 and 0.036, respectively, are notable.'* They both
suggest that crypto downloads increase by roughly 3.6% when CDS spreads increase by 10%
or when CPI inflation increases by 10 percentage points. Crypto downloads also tend to
grow by about 5.12% per every 10% depreciation in the real exchange rate. Tables 6 and 7
report univariate estimates for In(MAU) regressions, showing results that are mostly aligned
with those from the In(Downloads) regressions.

The next section moves to a multivariate regression analysis. While the univariate analy-
sis provides a useful baseline, several of these variables are likely correlated with one another,
and with sovereign credit risk. For example, credit ratings, CDS spreads, inflation, exchange
rates, interest rates, and public debt all likely inform the propensity of sovereign default
(and possibly crypto adoption). Our multivariate extensions will allow us to better identify

the most robust predictors of crypto adoption.

13Driscoll-Kraay standard errors are also particularly suited for macro panels with relatively long time
dimensions such as ours because consistency relies only on large T asymptotics.

14The univariate coefficient estimate of 0.036 on inflation is similar to the 0.037 reported coefficient from
the specification of Auer et al. [2023].
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3.2 Multivariate regression and variable selection

In this section we estimate a fully specified regression model of logged crypto adoption
metrics on the covariate set described in Section 3.1. The regressions take the following

form:

P
Yit = O + (St + /80 IH(CDSﬂ) + Z 5sz'tp + €it, (2)

p=1

where (2) closely resembles (1) except that the right-hand side of the regression now
includes country and time FEs, logged sovereign CDS spreads In(C'DSj;), and all remaining
covariates in the vectors Xj,.

The covariate space is rather large and correlated, with over 50 variables when considering
all covariates plus each Moody’s credit rating category individually. Therefore, along with
presenting estimates for the fully specified regression, we apply penalized variable selection
to identify the most robust drivers of crypto adoption. We apply a LASSO variable selection
procedure with cross-validation and post-double selection modified for panel data with fixed
effects [Tibshirani, 1996; Belloni et al., 2014].' Cross-validated LASSO selects variables
by shrinking coefficients toward zero through the L1 penalty function, while post-double
selection allows for appropriate inference on OLS regressions estimated using the selected
set of covariates with non-zero LASSO coefficients.

First, we regress all variables, dependent and independent, on country and time FEs
and store the residuals. In the second step, we apply 10-fold cross-validated LASSO on the
regression specification shown in (2) using the residuals of the variables purged of country
and time FEs from the first stage. We also impose in the LASSO that the Moody’s credit
rating FEs are not penalized. As a result, country, time, and credit rating FEs are implicitly
estimated and remain present throughout the variable selection procedure. In the third

stage, we apply double selection by estimating another cross-validated LASSO, this time

15Qut-of-sample prediction under cross-validation with FEs is problematic because some countries and
time periods in the training set may be absent from the validation sets, and vice versa.
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regressing the residuals of In(C'DS;;) on the residuals of the other covariates. Under post-
double selection, the union of variables with non-zero coefficients from the two LASSO
regressions is identified as the selected set of variables. Finally, we take only the union of
variables with non-zero coefficients and estimate another version of (2) via OLS.

Table 8 reports the results. For the In(Downloads) regression, the variable selection pro-
cedure drops four variables.' For the In(MAU) regression, the variable selection procedure

drops six variables.!”

While Table 8 offers several results, a few notable patterns emerge
related to the role of sovereign risk. First, sovereign CDS spreads survive the selection pro-
cedure and remain economically and statistically significant predictors of crypto adoption
metrics even after controlling for other covariates and credit ratings FEs. Second, CPI in-
flation is statistically insignificant in all regressions. Third, CDS spreads and CPI inflation
of other countries are significantly associated with the crypto adoption metrics of country
1. These patterns suggests that the sensitivity of crypto adoption to sovereign CDS spreads
reflects precautionary motives under the risk or expectation of sovereign credit events, as
opposed the realization of them. Effects from the realization of credit risk are largely ac-
counted for by credit ratings FEs and domestic inflation. Meanwhile, CDS spreads are more
forward-looking than these variables [Rodriguez et al., 2019]. Moreover, rising sovereign risk
and inflation in nearby countries may influence precautionary demand for crypto through
the expectations of such risks eventually spilling over to country i.

Other factors also appear robustly associated with crypto adoption. Most importantly,
lagged cumulative downloads continues to be a powerful predictor of both crypto adoption
metrics, suggesting a strong role for momentum and speculation consistent with Auer and
Tercero-Lucas [2022] and Auer et al. [2023]. Countries receiving more remittances also down-

load and use crypto apps at higher rates. Higher bank sector concentration and larger bank

sector size are both associated with fewer crypto app downloads, suggesting that financial

16The four dropped variables are: In(Exchange Rate Volatility), Stock Market Cap/GDP, In(Stock Market
Volatility, —i), and Public Debt/GDP (—i).

17The six dropped variables are: In(Exchange Rate Volatility), Public Debt/GDP, Stock Market Cap/GDP,
Remittances/GDP, Real Interest Rate (—i), Public Debt/GDP (—1).
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access plays an important role. High real interest rates and weak exchange rates are associ-
ated with more crypto app downloads. Somewhat surprisingly, greater political stability is

positively associated with crypto app downloads and usage.

4 Crypto Adoption around Credit Risk Events

In this section, we explore the relationship between sovereign risk and retail crypto adoption
in greater depth. Specifically, we analyze crypto adoption dynamics around idiosyncratic,
country-specific events that resulted in a notable increase of the sovereign CDS spread. These
events are widely publicized and their timing is precise. We use the timing of these events
to establish whether the effect of sovereign risk on crypto adoption is plausibly causal.
At the same time, the publicity of these events can help rationalize why sovereign CDS
spreads might predict crypto adoption metrics, even when it is unlikely that CDS spreads
are regularly monitored by households.

We start by identifying notable ‘risk’ events across the country sample. We identified
53 events in total. However, many of the identified events exhibited common timing across
several countries associated with the COVID-19 pandemic or US monetary policy. We ex-
clude these ‘common’ events and focus on 26 idiosyncratic, country-level events reported in
Table 9.'® These events are linked to a variety of news and are distributed evenly across
our 2015-2022 sample period. The events are often mapped to news about sovereign default,
political uncertainty, high inflation, economic deterioration, natural disasters, or risk of mil-
itary conflict. We test the effect of these credit risk events on crypto adoption by specifying

event study regressions of the following form:

i =i+ 0+ > onl{y7) + BIn(Cum. Downloads;;_1) + e, (3)
he[—8,8]

18Common shocks in CDS spreads across countries may reflect non-sovereign default risks such as changes
in global financial conditions or risk premia [Longstaff et al., 2011].
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where the indicator, 17}, equals 1 in country-year-months when a credit risk event

occurs and 0 otherwise. Eight months of leads and lags of the indicator variable enter the
regression, and estimates of ¢, summarize the impact of the event on crypto adoption metrics
h months before or after the event, where h € [—8,8]. Cumulative crypto app downloads is
included in the regressions to control for persistent network and momentum effects. We also
include fixed effects.

Figure 5 reports the results. The figures report coefficient estimates of ¢, for each month,
up to 8 months before and after the month of the credit risk event, along with 90% Driscoll-
Kraay confidence bands. The left-panel traces the average effect of credit risk events on
logged Downloads. Crypto app downloads increase by roughly 0.5% in the month of the
credit risk event, and the effect is persistent with subsequent months exhibiting higher rates
of crypto app downloads than the months prior to the event. The right-panel traces the
average effect of credit risk events on logged MAU. Crypto app usage increases significantly
in the month of the credit risk event, and peaks in the following month, with usage about
0.3% higher than prior to the event. The effect on MAU remains somewhat elevated in
the months following the credit risk event, but to a lesser degree than app downloads. The
timing of crypto adoption dynamics around these credit risk events may provide plausibly

causal evidence supplementing the regression results from the previous sections.

5 Inspecting the Mechanism

In this section, we examine the heterogeneity in the relationship between sovereign default
risk and crypto adoption. We demonstrate that crypto adoption is more responsive to
sovereign default risk in (i) emerging markets and (ii) when the ez ante cost of sovereign
default is high. We also find that crypto adoption is more sensitive to inflation under high
default costs. Taken together, these results suggest that precautionary motives may influence

household portfolio choices to invest in cryptocurrencies as sovereign default risk increases.
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5.1 Heterogeneity across advanced and emerging economies

This section tests for heterogeneity in the relationship between sovereign CDS spreads and
crypto adoption. We begin by splitting the sample into emerging market economies (EMs)
and advanced economies (AEs) based on IMF classifications. This stratification is natural
given the distinct economic characteristics of these two groups. EMs and AEs may also ex-
hibit differences in their motives for adopting crypto. For instance, it would not be surprising
to find that sovereign default risk is a stronger predictor of crypto downloads in EMs, where
sovereign default and government instability risks are more prevalent.

Table 10 reports estimates from the multivariate regression specification shown in (2),
with the sample split into EMs and AEs. For conciseness, we report results on crypto
downloads throughout this section. The sensitivity of crypto downloads to CDS spreads is
evident in both EMs and AEs, but the effect is two to three times larger in EMs. A 10%
increase in the sovereign CDS spread is associated with 6.6% additional growth in crypto
downloads in EMs and roughly 2.5% additional growth in AEs. Table 10 also shows that
high CPI inflation, high public debt levels, and exchange rate weakness predict more crypto
downloads in EMs, with varying degrees of significance, but not in AEs. Meanwhile, lagged
cumulative downloads, remittances, political stability, CDS spreads of other countries, and
CPI inflation of other countries are significant predictors of crypto downloads in both EMs
and AEs. Interestingly, high local stock market volatility is associated with fewer crypto
downloads in EMs but more crypto downloads in AEs. One possibility is that in EMs,
high local stock volatility might coincide with severe economic stress that limits overall risk-
taking. Alternatively, in AEs, increased crypto adoption amid high stock volatility might
represent some degree of substitution between high-volatility assets.

We also estimate the event study regression specification in (3), now for EMs and AEs
separately. Consistent with the regression results, Figure 6 shows a significant and pro-
nounced increase in crypto downloads around and after credit risk events in EMs, with

relatively less uptake in AEs. Crypto downloads increase by nearly twice as much around
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credit risk events in EMs than in AEs (by 1% versus 0.5% per month, respectively).

The precautionary motives of EM households might explain their propensity to turn to
crypto when sovereign default risk is elevated. EM households face particularly high risks
from economic volatility, government instability, and asset loss [Heltberg et al., 2015]. This
increases the importance of social insurance as a risk mitigation tool. However, the support
infrastructure provided by EM governments is often inadequate, especially under sovereign
default [Kahn, 2005]. As a result, household portfolio decisions may be influenced by the
precautionary need to self-insure against macroeconomic risks (e.g., a sovereign default that
induces significant asset losses and hyperinflation). Consistent with this, unlike their peers
in advanced economies, EM households tend to hold much of their wealth in tangible assets
such as real estate and gold, and relatively low levels of financial assets [Badarinza et al.,
2019].1% Cryptocurrencies may be viewed similarly to these tangible assets, as they can be
default-immune and self-custodied. However, unlike tangible assets, cryptocurrencies also
provide a vehicle for capital flight [von Luckner et al., 2023, 2024]. And importantly, they
may hedge household portfolios against country-specific macroeconomic or political risks

[Murakami and Viswanath-Natraj, 2022; Cong et al., 2024].

5.2 Effect heterogeneity and the ex ante cost of sovereign default

Motivated by the literature on the costs of sovereign default, we hypothesize that the associa-
tion between sovereign CDS spreads and crypto adoption might be non-linear, strengthening
as the economic cost of sovereign default increases. The sovereign default literature identifies
the size of the domestic banking system, in addition to the public sector, as indicators of
the potential cost of or exposure to sovereign default.?’ The economic costs of sovereign
default are numerous, including large output losses, rising poverty rates, and the collapse

of public goods and associated social safety nets [Farah-Yacoub et al., 2024]. Sovereign de-

19This holds even at the very top of the wealth distribution in EMs. Note that we considered controlling
for gold demand, however, cross-country data coverage for gold demand does not sufficiently overlap with
our panel of countries [Starr and Tran, 2008].

208ee, for example, Hilscher and Nosbusch [2010] and Gerlach et al. [2010].
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fault also has large financial effects by impairing the valuation of public debt and adversely
impacting bondholders through wealth effects. The economic cost of sovereign default is
further amplified through banks, which are often the largest domestic holders of sovereign
bonds. Lower debt valuations negatively affect bank balance sheets and increase solvency
risk [Acharya et al., 2014; Gennaioli et al., 2014; Hébert and Schreger, 2017]. A large body
of evidence links these solvency risks associated with sovereign default to hampered financial
intermediation and credit provision [Adelino and Ferreira, 2016; Bocola, 2016; Andrade and
Chhaochharia, 2018; Gennaioli et al., 2018; Sosa-Padilla, 2018; Bagkaya et al., 2024].

Our test constructs a simple measure of ex ante sovereign default costs or exposures
by computing the sum of public debt and bank credit to the non-financial sector, divided

by GDP. The variable is then sorted into quintiles. We estimate the following regression

specification:
5
Yie =0+ 0+ Y BpIn(CDSy) x 157710 e, (4)
k=1
where lg,ff aultCost s an indicator equal to 1 when the default exposure of country i at

time ¢ falls into quintile k, and 0 otherwise. The dependent variable y;; is In(Downloads), and
we estimate these regressions for EMs and AEs separately. This allows us to test whether
the effect of sovereign CDS on crypto adoption strengthens as sovereign default exposure
increases.

Results are reported in Figure 7. In EMs, the sensitivity of crypto downloads to CDS
spreads, given by the estimates of [, increases monotonically across default cost quintiles.
Within the lowest default cost quintile, a 10% increase in CDS spreads is associated with
2.2% growth in crypto downloads. However, within the highest default cost quintile, the
same 10% increase in CDS spreads is associated with 5.4% growth in crypto downloads. The
sensitivity of crypto downloads to CDS spreads also increases with default costs among AEs,

but the coefficients are much smaller and even negative within most quintiles.
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5.3 Inflation, sovereign default risk, and crypto adoption

Cryptocurrency adoption has been linked to inflation risks in both AEs and EMs [Alnasaa
et al., 2022; Auer et al., 2023; Aiello et al., 2023; Weber et al., 2023; Cong et al., 2024]. In
univariate regressions, we also find a large and significant response of crypto downloads to
CPI inflation rates (Table 4). However, after including controls and splitting between EMs
and AEs, we observe a substantially weaker relationship, with inflation remaining marginally
significant only for EMs (Tables 8 and 10). These results suggest that inflation’s influence
on crypto adoption may be heterogeneous, reflecting deeper underlying macro factors. For
instance, the underlying shocks driving inflation dynamics may not all incentivize crypto
adoption in the same way (e.g., inflation caused by fiscal risks versus supply constraints). To
test whether default risk helps explain inflation’s heterogeneous effect on crypto adoption, we
re-estimate (4), replacing In(CDS) with CPI inflation. We then examine how the sensitivity
of crypto downloads to inflation varies with our measure of ex ante default costs.

Figure 8 reports the results. The effect of inflation on crypto downloads is indeed hetero-
geneous in both EMs and AEs. In EMs, the effect of inflation on crypto adoption increases
monotonically across default cost quintiles. In the lowest default cost quintile, crypto down-
loads in EMs increase by 1.2% for every 10 percentage points of inflation. However, within the
highest default cost quintile, the effect estimate increases nearly 10-fold: crypto downloads
in EMs increase by 11.5% for every 10 percentage points of inflation. Inflation is also associ-
ated with higher rates of crypto downloads in AEs when default costs are greater, although
the relationship is not monotonic. For instance, AEs in the lowest default cost quintile see a
0.6% increase in crypto downloads for every 10 percentage points of inflation, while crypto
downloads increase by 8.4%, 9.1%, and 3.4% for every 10 percentage points of inflation in the
third, fourth, and fifth default cost quintiles, respectively. These results suggest that default
risk may be an important underlying factor explaining the often-noted inflation motive for
crypto adoption. Taken together, these results indicate that inflation alone does not fully

explain crypto adoption; instead, inflation matters in tandem with heightened default risk.
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6 Concluding Remarks

In this paper, we investigate the macroeconomic factors driving cryptocurrency adoption
across countries, with a particular focus on sovereign default risk. Using a novel cross-country
dataset that combines crypto adoption metrics with a comprehensive set of macroeconomic
and financial variables, our evidence indicates that sovereign default risk strongly shapes
cross-country variation in crypto adoption. Specifically, a 10% increase in sovereign CDS
spreads is associated with a 2.9-4% rise in crypto app downloads and usage. This relation-
ship is particularly pronounced in emerging market economies (EMs) compared to advanced
economies (AEs), and when sovereign risk concerns are more acute.

Our analysis shows that crypto adoption rates increase following credit risk events —
idiosyncratic shocks that heighten perceptions of sovereign default risk. In EMs, crypto
downloads increase by nearly twice as much around such events compared to AEs, suggesting
that precautionary motives and the need to circumvent capital controls drive adoption in
more vulnerable economies. We also highlight the interaction between sovereign default risk
and inflation, showing that crypto adoption is more sensitive to inflation when sovereign
default costs are high, particularly in EMs. This finding suggests that the relationship
between inflation and crypto adoption is rooted in broader concerns about governmental
and monetary stability, rather than inflation alone.

Our results contribute to the growing literature on the macroeconomic drivers of cryp-
tocurrency adoption. While prior studies have emphasized factors such as inflation, remit-
tances, and bank sector development, we provide new evidence on the importance of sovereign
default risk. The findings suggest that households increasingly turn to cryptocurrencies as a
hedge against sovereign risk, particularly in contexts where the costs of default are high and
government stability is in question. These insights have important implications for policy-
makers and regulators. As cryptocurrencies continue to gain traction, understanding their
adoption patterns in response to sovereign risk can help authorities design more effective

financial stability policies. For example, the adoption of cryptocurrencies might amplify the
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effects of sovereign risk on financial intermediation. Sovereign risk lowers the valuations of
sovereign assets held by banks, whereas an ensuing flight to crypto could simultaneously
raise the volatility of bank liabilities over the short run. Further research could explore the
long-term implications of this phenomenon, including the role of cryptocurrencies in financial

(dis)intermediation, and how they mitigate or exacerbate financial crises.
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Figure 1:

Scatterplots of Numeric Moody’s Sovereign Credit Ratings and CDS Spreads
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Each point in the right-panel corresponds to the binned mean, where each bin contains 50 observations. The
dashed line is the OLS slope estimate. Categorical sovereign credit ratings are coded numerically based on
rating-outlook pairs, starting with a value of 1 for “AAA-stable” and then increasing by 1 sequentially with

lower rating-outlook pairs.
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Figure 2: Sovereign CDS spreads and Crypto Adoption Metrics
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Figure 3: Binned Scatterplots of CDS Spreads and Crypto Adoption Metrics after Removing
Fixed Effects
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Each point corresponds to the binned mean, where each bin contains 50 observations. The dashed line is
the OLS slope estimate. Fixed effects are removed from the variables by estimating regressions of In(CDS),
In(Downloads), In(MAU) on country and time fixed effects, respectively. The residuals from these regressions
are plotted.
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Figure 4: Within R-Squared Statistics from Univariate Regressions
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Regression specifications correspond to Equation 1. Two covariates are excluded from the tables: lagged
cumulative downloads, and credit ratings FEs. These two covariates exhibit the highest within R-Squared
statistics (reported in Tables 4 through 7). To keep the comparisons consistent, we exclude them from
these figures, because (i) lagged downloads captures the high serial correlation in the crypto adoption data,
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Figure 5: Crypto Adoption
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Points correspond to estimates of the coefficients ¢, from the event study regressions specified in Equation
3. Vertical bars correspond to 90% Driscoll-Kraay confidence bands. Event list is reported in Table 9.
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Figure 6: Crypto Downloads around Credit Risk Events for Advanced and Emerging Market
Economies
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Points correspond to estimates of the coefficients ¢, from the event study regressions specified in Equation
3. Vertical bars correspond to 90% Driscoll-Kraay confidence bands. Event list is reported in Table 9.
Emerging market economies are: Argentina, Brazil, China, India, Indonesia, Mexico, Russia, Saudi Arabia,

South Africa, Turkey. Advanced economies are: Australia, Canada, France, Germany, Italy, Japan, South
Korea, United Kingdom, United States.
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Figure 7: Crypto Downloads Sensitivity to CDS Spreads and the ex ante Cost of Default
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Points correspond to estimates of the coefficients 85 from the heterogeneous treatment regressions specified
in Equation 4. Cost of Default is defined as the sum of public debt and bank credit to the non-financial
sector, divided by GDP. Emerging market economies are: Argentina, Brazil, China, India, Indonesia, Mexico,
Russia, Saudi Arabia, South Africa, Turkey. Advanced economies are: Australia, Canada, France, Germany,
Italy, Japan, South Korea, United Kingdom, United States.

Figure 8: Crypto Downloads Sensitivity to CPI Inflation and the ex ante Cost of Default
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Points correspond to estimates of the coefficients 85 from the heterogeneous treatment regressions specified
in Equation 4 but with In(CDS) replaced with CPI inflation. Cost of Default is defined as the sum of
public debt and bank credit to the non-financial sector, divided by GDP. Emerging market economies are:
Argentina, Brazil, China, India, Indonesia, Mexico, Russia, Saudi Arabia, South Africa, Turkey. Advanced
economies are: Australia, Canada, France, Germany, Italy, Japan, South Korea, United Kingdom, United
States.
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Table 1: Data Summary Statistics

N Mean St. Dev. Min Max
Downloads 1,577 213.965 474.138 0.045 7,723.294
MAU 1,577 248.251 505.913 0.006 5,053.288
CDS 1,577 308.072 1,787.808 5.136 29,919.030
Central Bank Policy Rate 1,577 5.374 9.756 —0.100 83.264
CPI 1,577 5.418 9.827 —3.236 78.618
Exchange Rate 1,577 103.733 10.895 70.870 164.780
Exchange Rate Volatility 1,577 7.044 4.474 1.657 28.228
Stock Market Volatility 1,577 19.721 37.422 6.294 741.477
Public Debt/GDP 1,577 66.977 48.911 5.670 220.360
Bank Credit/GDP 1,577 77.365 40.301 9.600 184.000
Bank Sector Concentration 1,577 70.925 15.808 36.898 99.959
Stock Market Cap/GDP 1,577 92.697 73.932 8.400 345.350
Political Stability 1,577 —0.038 0.698 —2.007 1.262
Capital Mobility 1,577 0.662 0.360 0.000 1.000
Population 1,577 241,557,006.000  401,585,896.000 23,815,995  1,417,173,173
Cellular Subscriptions 1,577 120.209 23.254 75.670 168.980
Informal Economy Size 1,577 18.973 8.404 7.950 39.750
Remittances/GDP 1,577 0.601 0.914 0.026 4.200
CDS (—1i) 1,577 236.836 386.010 53.988 5,428.171
Central Bank Policy Rate (—i) 1,577 4.376 1.912 1.878 18.102
CPI (—1) 1,577 4.640 2.641 1.815 20.935
Capital Mobility (—1) 1,577 0.704 0.069 0.575 0.840
Stock Market Volatility (—i) 1,577 19.144 10.035 12.912 99.957
Public Debt/GDP (—i) 1,577 70.392 12.253 41.520 106.555
Cumulative Downloads 1,577 4,021.380 6,978.135 0.305 52,198.780

Summary statistics of (non-transformed) data. Variables indexed by (—i) are constructed as the distance-
weighted average of the corresponding variable from the sample of countries excluding country 4 as discussed

in Section 2.
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Table 3: Contributions of Country and Time Fixed Effects to the Variation of Key Variables

In(CDS)  In(Downloads)  In(MAU)

Country FEs 0.860 0.403 0.421
Time FEs 0.032 0.503 0.504
Country+Time FEs 0.893 0.906 0.924

Values report the R? statistic from regressions of the dependent variable stated in the column header on country fixed effects,
time fixed effects, and both, respectively. R? ranges from 0 to 1.
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Table 4: Univariate Regressions of In(Downloads), Part 1 of 2

Dependent variable: In(Downloads)
® 2) (©)] ) ®) (6) (M ®) 9) (10) (11) (12)

In(CDS) 0.367
(0.070)

cpl 0.036*+*
(0.007)

In(Exchange Rate) —2.579"*
(0.329)

In(Exchange Rate Volatility) 0.512*
(0.111)

Real Interest Rate —0.023**
(0.006)

In(Stock Market Volatility) 0.229**
(0.088)

Public Debt/GDP 0.015
(0.007)

Bank Credit/GDP —0.035***
(0.008)

—0.009*
(0.004)

Bank Sector Concentration

Stock Market Cap/GDP —0.001
(0.001)

Political Stability 1.252%
(0.162)
—0.444

Capital Mobility
(0.639)

Time+Country FEs? Y Y Y Y Y Y Y Y Y Y Y Y
Credit Rating FEs? N N N N N N N N N N N N
Observations 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577
Within R? 0.063 0.060 0.090 0.022 0.020 0.006 0.012 0.069 0.007 0.002 0.082 0.003

Estimates correspond to Equation 1. ¥’ <% <¥¥% correspond to 10%, 5%, 1% significance, respectively using Driscoll-Kraay

standard errors.
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Table 5: Univariate Regressions of In(Downloads), Part 2 of 2

Dependent variable: In(Downloads)
(1) (2) ®3) 4) (5) (6) (M) 8) 9) (10) (11) (12)

In(Population) 6.383"**
(2.444)

Cellular Subscriptions —0.014***
(0.005)

Informal Economy Size —0.594"*

(0.113)

Remittances/GDP 0.276*
(0.147)

In(CDS, —i) —0.069
(0.110)

CPI (—i) 0.024
(0.047)

Real Interest Rate (—7) —0.010
(0.028)

Capital Mobility (—i) 1.592
(2.548)

In(Stock Market Volatility, —i) —0.850"**
(0.148)

Public Debt/GDP (—i) 0.045*
(0.026)

In(Cum. Downloads, t — 1) 0.929**
(0.073)

Credit Rating FEs

Time+Country FEs? Y Y Y Y
Credit Rating FEs? N N N N

Observations 1,577 1,577 1,577 1,577 1,
Within R? 0.013 0.025 0.033 0.005 0.

Z =<

Y Y Y Y Y Y Y
N N N N N N Y
7 1,577 1,577 1,577 1,577 1,558 1,577 1,577
01 0.001 0.0001 0.001 0.010 0.001 0.346 0.305

o O

Estimates correspond to Equation 1. ¥’ <% <% cqrrespond to 10%, 5%, 1% significance, respectively using Driscoll-Kraay
standard errors. Variables indexed by (—%) are constructed as the distance-weighted average of the corresponding variable from
the sample of countries excluding country 7 as discussed in Section 2.
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Table 6: Univariate Regressions of In(MAU), Part 1 of 2

Dependent variable: In(MAU)
® ()] ®3) ) ®) (6) (M) (8) 9 (10) (1) (12)

In(CDS) 0.200"
(0.063)

cpl 0.045*
(0.007)

In(Exchange Rate) —2.981*
(0.409)

In(Exchange Rate Volatility) 0.220
(0.142)

Real Interest Rate —0.038"*
(0.006)

In(Stock Market Volatility) 0.273*
(0.080)

Public Debt/GDP —0.011
(0.007)

Bank Credit/GDP —0.004
(0.011)

Bank Sector Concentration —0.009***
(0.003)

Stock Market Cap/GDP —0.004"*
(0.001)

Political Stability 1.963***
(0.168)

Capital Mobility —1.080
(0.672)

Time+Country FEs? Y Y Y Y Y Y Y Y Y Y Y Y
Credit Rating FEs? N N N N N N N N N N N N
Observations 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577 1,577
Within R? 0.036 0.087 0.111 0.004 0.051 0.008 0.006 0.001 0.007 0.030 0.186 0.016

Estimates correspond to Equation 1. ¥’ “¥*% &% correspond to 10%, 5%, 1% significance, respectively using Driscoll-Kraay
standard errors.
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Table 7: Univariate Regressions of In(MAU), Part 2 of 2

Dependent variable: In(MAU)

1) 2) ®3) 4) ©)

(6) (7) ®)

W

In(Population)

Cellular Subscriptions

Informal Economy Size

Remittances/GDP

In(CDS, —1i)

CPI (—i)

Real Interest Rate (—i)

Capital Mobility (—%)

In(Stock Market Volatility, —i)

Public Debt/GDP (—i)

In(Cum. Downloads, ¢ — 1)

Credit Rating FEs

—3.376
(3.914)

0.007
(0.006)

—1.190*
(0.152)

0.209
(0.136)

—0.156
(0.106)

—0.124
(0.062)

0.019
(0.049)

4.902*
(2.460)

—0.803"
(0.174)

0.015
(0.029)

1.3717
(0.049)

Time+Country FEs?
Credit Rating FEs?
Observations

Within R?

Y Y Y Y Y
N N N N N
1,577 1,577 1,677 1,577
0.003 0.007 0.124 0.003

1,577
0.003

Y Y Y
N N N
1,577 1,677 1,677
0.018 0.0004 0.008

Y
N
1,577
0.008

Y Y Y
N N Y
1,558 1,577 1,577
0.009 0.699 0.343

Estimates correspond to Equation 1. ¥’ <% <% cqrrespond to 10%, 5%, 1% significance, respectively using Driscoll-Kraay
standard errors. Variables indexed by (—%) are constructed as the distance-weighted average of the corresponding variable from
the sample of countries excluding country 7 as discussed in Section 2.
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Table 8: Multivariate Regressions of In(Downloads) and In(MAU)

Dependent variable:

In(Downloads) In(MAU)

Full Set ~ LASSO-Selected Full Set LASSO-Selected
In(CDS) 0.387°* (0.088)  0.394"* (0.088)  0.298" (0.069)  0.295"* (0.067)
CPI 0.014 (0.008) 0.012 (0.008) —0.006 (0.007) —0.005 (0.007)
In(Exchange Rate) —0.754* (0.350)  —0.679* (0.357) 0.096 (0.254) 0.121 (0.232)
In(Exchange Rate Volatility) —0.153 (0.150) —0.079 (0.080)
Real Interest Rate 0.023** (0.008)  0.022"** (0.007) 0.003 (0.006) 0.003 (0.006)
In(Stock Market Volatility) 0.210 (0.145) 0.132 (0.148) —0.070 (0.108) —0.104 (0.108)
Public Debt/GDP 0.017* (0.005)  0.019* (0.004) 0.0004 (0.003)
Bank Credit/GDP —0.029"* (0.008)  —0.028"* (0.008) 0.004 (0.005) 0.005 (0.005)
Bank Sector Concentration —0.018"* (0.004)  —0.019"* (0.004)  —0.020"* (0.003)  —0.021** (0.003)
Stock Market Cap/GDP 0.00001 (0.001) 0.00002 (0.0004)
Political Stability 0.966™* (0.137)  0.976™* (0.140)  0.595** (0.096)  0.609** (0.095)
Capital Mobility 0.533% (0.260) 0510 (0.250)  —0.509** (0.241)  —0.580** (0.244)
In(Population) 4225 (1.336) 3515 (1478)  —3.079* (1.303)  —3.380* (1.327)
Cellular Subscriptions —0.004 (0.004) —0.004 (0.004) —0.003 (0.004) —0.003 (0.004)
Informal Economy Size —0.046 (0.099)  —0.042 (0.107) 0.083 (0.105) 0.111 (0.112)
Remittances/GDP 0.558" (0.147) 0534 (0.129)  0.269"* (0.120)
In(CDS, —i) 0.216* (0.116)  0.229** (0.103) 0.190* (0.110) 0.185* (0.098)
CPI (—i) 0.269°* (0.037)  0.256™* (0.034) 0.062** (0.030) 0.053" (0.021)
Real Interest Rate (—1) 0.169** (0.031) 0.163*** (0.030) 0.013 (0.022)
Capital Mobility (—) —0.608 (1.253) —0.931 (1.273) —1.782 (2.021) —1.806 (1.895)
In(Stock Market Volatility, —i) 0.174 (0.277) 0.741%* (0.219)  0.755*** (0.217)
Public Debt/GDP (—) —0.020 (0.024) —0.023 (0.018)
In(Cum. Downloads, ¢ — 1) 0.877°* (0.077)  0.881"** (0.078)  1.354"* (0.062)  1.361*** (0.060)
Time+Country FEs? Y Y Y Y
Credit Rating FEs? Y Y Y Y
Observations 1,558 1,558 1,558 1,558
Within R? 0.623 0.622 0.820 0.818

Estimates correspond to Equation 2. ‘¥’ “** ¢¥** correspond to 10%, 5%, 1% significance, respectively using Driscoll-Kraay

standard errors. Variables indexed by (—%) are constructed as the distance-weighted average of the corresponding variable from
the sample of countries excluding country ¢ as discussed in Section 2. LASSO-selected columns refer to OLS estimates on the
set of variables identified from post-double LASSO selection.
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Table 10: Multivariate Regressions of In(Downloads) for Advanced and Emerging Market
Economies

Dependent variable: In(Downloads)

Emerging Economies Advanced Economies

Full Set LASSO-Selected Full Set LASSO-Selected
In(CDS) 0.660*** (0.131) 0.635*** (0.136) 0.249** (0.107) 0.272** (0.109)
CPI 0.010 (0.008) 0.012* (0.006) 0.005 (0.054)
In(Exchange Rate) —1.200** (0.558)  —1.100* (0.515) —0.115 (0.667)
In(Exchange Rate Volatility) 0.296 (0.257) —0.483** (0.224)
Real Interest Rate 0.022*** (0.007) 0.024*** (0.007) 0.049 (0.056)
In(Stock Market Volatility) —0.532** (0.247) —0.418* (0.230) 0.809*** (0.173) 0.669*** (0.190)
Public Debt/GDP 0.031*** (0.008) 0.030*** (0.008) —0.006 (0.008) —0.010 (0.007)
Bank Credit/GDP —0.042*** (0.015)  —0.034** (0.013)  —0.021*** (0.005)
Bank Sector Concentration —0.021*** (0.005)  —0.020"** (0.004) —0.008 (0.007) —0.005 (0.006)
Stock Market Cap/GDP 0.0001 (0.001) —0.001 (0.002)
Political Stability 1.015*** (0.164) 0.981*** (0.178) 0.457** (0.216) 0.505** (0.216)
Capital Mobility 1.021*** (0.365) 0.814*** (0.286) —1.786* (0.991)
In(Population) —9.902** (4.961) —3.397 (2.195) —3.315 (2.057)
Cellular Subscriptions 0.0002 (0.004) —0.029** (0.006)  —0.033"** (0.006)
Informal Economy Size —0.169 (0.299) —0.108 (0.234) —0.242 (0.376)
Remittances/ GDP 0.569** (0.185) 0.643*** (0.169) 1.433** (0.614) 0.853* (0.516)
In(CDS, —i) 0.147 (0.178) 0.097 (0.130) 0.617** (0.142) 0.669** (0.124)
CPI (—i) 0.358"* (0.040)  0.332"* (0.036) 0.048 (0.124)
Real Interest Rate (—i) 0.211%* (0.035)  0.202"* (0.029) 0.088 (0.096)
Capital Mobility (—1) —1.915 (1.866) —1.468 (1.987) 2.166 (2.441) 3.336 (2.523)
In(Stock Market Volatility, —i) 0.115 (0.436) —0.186 (0.329)
Public Debt/GDP (—i) —0.093*** (0.032) —0.106*** (0.035)  —0.108"** (0.029)
In(Cum. Downloads, t — 1) 0.853*** (0.131) 0.900*** (0.128) 0.754** (0.107) 0.721*** (0.078)
Time+Country FEs? Y Y Y Y
Credit Rating FEs? Y Y Y Y
Observations 820 820 738 738
Within R?2 0.680 0.675 0.641 0.627

Estimates correspond to Equation 2. ‘¥’ “*’ <** cqrrespond to 10%, 5%, 1% significance, respectively using Driscoll-Kraay
standard errors. Variables indexed by (—%) are constructed as the distance-weighted average of the corresponding variable from
the sample of countries excluding country ¢ as discussed in Section 2. LASSO-selected columns refer to OLS estimates on the
set of variables identified from post-double LASSO selection. Emerging market economies are: Argentina, Brazil, China, India,
Indonesia, Mexico, Russia, Saudi Arabia, South Africa, Turkey. Advanced economies are: Australia, Canada, France, Germany,
Ttaly, Japan, South Korea, United Kingdom, United States.
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