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Abstract
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1 Introduction

The crypto and decentralised finance (DeFi) ecosystem has expanded rapidly, with mar-

ket capitalisations now rivaling those of major national stock markets. Cryptoassets are

becoming increasingly integrated into exchange-traded funds, futures and other tradi-

tional financial instruments. Novel legislation–such as the United States’ GENIUS Act

and the European Union’s Markets in Crypto-Assets (MiCA) regulation–suggest that

cryptoasset markets linked to fiat currencies, particularly so-called “stablecoins”, may be

poised for substantial growth.

Despite these developments, there is a notable absence of empirical evidence on the

drivers of crypto flows, the underlying economic use cases, and how they differ from

traditional financial flows. A key challenge is that cryptoassets operate on decentralised

infrastructure transcending national boundaries, unlike conventional financial networks

governed by intermediary institutions and established regulations. In this context, new

types of intermediaries have emerged in crypto markets.

This paper fills this gap by assembling and analysing a unique bilateral dataset of

cross-border flows in both the two largest unbacked cryptoassets, Bitcoin (BTC) and

Ether (ETH), and the two largest stablecoins, Tether (USDT) and USD Coin (USDC),

covering 184 countries from 2017 to 2024. By leveraging this novel data, we characterise

global crypto flows and provide new insights into the underlying economic and policy

drivers across these heterogeneous cryptoassets.1

We begin by documenting the magnitude, time variation and shifting geography of

global crypto flows. Across the four cryptoassets, international flows peaked at US$ 2.6

trillion in 2021, roughly equivalent to 12% of global trade in goods at the time. Of this,

US$ 1.2 trillion was accounted for by stablecoins. The United States, United Kingdom

and major emerging markets represent key nodes in the different crypto networks. How-

ever, there have been significant geographical shifts in cross-border activity, particularly

from China to other major emerging markets like India, Indonesia and Türkiye.
1For this analysis, we rely on two datasets that have been compiled by commercial data providers

and specify flows between crypto exchanges. These entity-level flows are then allocated to individual
countries based on statistics on the location of app usage or web traffic.
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Building on a gravity framework as our analytical lens, we next document that the

flows of unbacked cryptoassets are linked to speculative motives. For example, global

funding conditions, known to curtail risk-taking in traditional asset classes, are associated

with reduced flows. Furthermore, we show that risk factors specific to crypto markets

and heightened public awareness of cryptoassets are strong drivers of crypto flows.

A novelty of our analysis is to pinpoint how cryptoassets in general, and stablecoins

in particular, are being used as a cross-border transactional medium. First, we find that

cross-border flows in cryptoassets, most notably stablecoins, are much less affected by

geographical distance than traditional flows; i.e. they appear to largely “defy” these

traditional frictions. Second, stablecoin flows co-move with the global financial cycle,

as reflected in covered interest parity (CIP) deviations, in ways that broadly parallel

traditional interbank lending. Third, we find that high costs of remittance payments

through traditional financial intermediaries are associated with significantly larger cross-

border flows in stablecoins and low-value BTC transfers to emerging and developing

markets. Fourth, unlike traditional financial flows, crypto flows are unaffected by capital

flow management measures (CFMs). Specifically, we find that neither outflow restrictions

from the sender country nor inflow restrictions imposed by the recipient country curb

crypto flows. In some cases, the introduction of CFMs is actually associated with an

increase in cross-border flows, suggesting circumvention. In the same vein, we provide

empirical evidence that capital flow restrictions imposed against Russia in early 2022

led to a significant increase in the share of cross-border crypto flows from Russia routed

through exchanges with less stringent enforcement of know-your-customer (KYC) rules.

Our contribution to the literature is twofold. First, we present a comprehensive

dataset of the four most important cryptoassets, covering both the leading unbacked

cryptoassets and stablecoins. This allows us to investigate differences and commonalities

across drivers of cross-border crypto flows, highlighting the varied use cases of different

cryptoassets.

In doing so, our analysis of the global network of cross-border flows in cryptoassets

broadens the scope of prior research, which has largely focused on individual market seg-
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ments. Measurement of cross-border crypto flows can be based on off-chain transactions

(e.g. via external channels such as exchanges) or on-chain transactions (i.e. directly

on the blockchain). Our work complements analysis in von Luckner et al. (2023), who

explore off-chain BTC activity using data from two peer-to-peer crypto exchanges. By

assembling on-chain flow data across a global cross-section of countries and combining

it with quantitative measures of remittance costs and capital controls, we are able to

empirically test the suggestive evidence in von Luckner et al. (2023) on BTC usage for

remittances and evasion of capital controls. The inclusion of stablecoins in our analysis

is particularly relevant since these serve different use cases than unbacked cryptoassets.2

Our work also complements related studies of on-chain BTC activity.3 We show that

on-chain cross-border flows are negatively related to broad dollar appreciation but react

positively to changes in global risk aversion. One of our datasets includes BTC flows

categorised by transaction sizes, which allow us to examine the role of cryptoassets as a

potential alternative to low-value remittances processed by traditional financial interme-

diaries. Leveraging the richness of the two datasets, we assess drivers and policy measures

affecting the network of directional bilateral flows between countries.

Our second contribution leverages the unique bilateral nature of the data, which allows

for a novel empirical approach to uncover drivers of bilateral relations.4

We unpack the key drivers of bilateral cross-border crypto transactions, drawing a
2von Luckner et al. (2023) identify cross-border flows based on the fiat currency used, linking it to

transaction origination and destination. While this works well for emerging market currencies, it is less
suitable for global currencies like the US dollar. Our approach weights business entity flows, capturing
global user engagement, including in the United States, one of the largest crypto markets.

3See, for example, Makarov and Schoar (2021) for an analysis of the BTC network at the entity level,
and Feyen et al. (2022), who document the evolution of cryptoasset adoption and observe that aggregate
activity is higher in countries with high inflation, currency depreciation and weak institutional quality.
Cerutti et al. (2024) explore cross-border BTC inflows and outflows at the country level to examine
differences in on-chain and off-chain flow patterns. Cardozo et al. (2024) and Reuter (2025) explore
global crypto flows and associated measurement challenges.

4From a broader perspective, our paper also relates to the growing body of literature on the economics
of cryptoassets. Böhme et al. (2015) provide a comprehensive overview of BTC’s economic significance.
Athey et al. (2016) investigate early adoption and usage patterns, predicting that an increase in users
correlates with a rise in BTC’s price. Halaburda et al. (2022) provide an overview of the literature, focus-
ing on the microeconomics of cryptoassets including drivers of trading and pricing. Using a theoretical
model, Hinzen et al. (2022) demonstrate that BTC’s limited adoption is an equilibrium outcome result-
ing from its design. Another strand of literature focuses on the returns and pricing of BTC. Schilling
and Uhlig (2019b), for example, analyse BTC pricing and its implications for monetary policy within a
currency competition model. Biais et al. (2023) develop a framework to model BTC prices in relation to
transactional benefits and extrinsic volatility.
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comparison with the established determinants of traditional flows, namely, trade in goods,

interbank lending and remittances. In this regard, our paper combines insights from

the literature on international capital flows (e.g. Beck et al., 2024, Coppola et al., 2021,

Miranda-Agrippino and Rey, 2020, Hoffmann et al., 2019 and Forbes and Warnock, 2012)

and on global factors (e.g. Obstfeld and Zhou, 2023 and Bruno and Shin, 2015) and in

applications of gravity models to finance (e.g. Badarinza et al., 2022, Brei and von Peter,

2018, and Portes et al., 2001). We relate stablecoin flows and interbank claims to CIP

deviations discussed by Avdjiev et al. (2019) and Du et al. (2018b) who show that CIP

deviations reflect dollar funding frictions and financial constraints, linking them to bank

leverage and arbitrage opportunities. Du et al. (2018a) emphasise the persistence of CIP

deviations due to market frictions and segmentation in international capital markets.

By examining crypto-specific drivers, we link our paper to the research in Pagnotta

(2022), Liu and Tsyvinski (2021) and, in particular, Liu et al. (2022), who identify a set

of factors specific to crypto markets that help predict returns. Importantly, our analysis

demonstrates that the crypto risk factors developed in Liu et al. (2022) also significantly

affect crypto transaction volumes. This is consistent with—though does not prove—

the factors primarily operating through economic use of crypto assets, with valuations

responding to that use.

Moreover, we provide two specific applications that build on bilateral flow data: a

comparison to traditional remittances and an assessment of the impact of CFMs. In

this regard, our findings contribute to the literature on remittance flows, as discussed

among others by Yang (2011) and in the context of financial development by Aggarwal

et al. (2011). In a similar empirical vein to work on remittances by Lueth and Ruiz-

Arranz (2008), we employ a gravity framework leveraging bilateral flows. We estimate

determinants of crypto flows likely to reflect remittances. In particular, we find signs that

crypto transactions emerge as a substitute for remittance payments. Country corridors

characterised by high remittance costs charged by traditional financial intermediaries

exhibit larger cryptoasset flows. This relationship is more pronounced for stablecoins

than for unbacked cryptoassets. It is also more pronounced for low-value BTC transfers
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than for large value ones.5

Our findings on the ineffectiveness of CFMs resonate with prior research on traditional

capital flows (e.g. Forbes et al., 2015) and associated risks of policy circumvention (e.g.

Cerutti et al., 2017). They also relate to the nascent literature on the impact of policy

measures on crypto activity. Hu et al. (2023) estimate that capital flight accounts for over

one-quarter of Chinese BTC exchange volume, with transactions motivated by circum-

vention of restrictions on capital outflows rather than trade in illegal goods or services

as documented in Foley et al. (2019). Other studies infer the impact of capital controls

from the persistence of arbitrage opportunities across BTC markets (e.g. Makarov and

Schoar, 2021, Choi et al., 2022). We contribute to this line of research by providing novel

evidence on the use of stablecoins to circumvent CFMs and the shift towards crypto

exchanges with weaker KYC enforcement in response to financial sanctions.

2 Global crypto maps and underlying drivers

2.1 Cross-border crypto flows

Mapping cryptoasset flows to countries presents a unique challenge for two reasons. First,

addresses in borderless blockchain networks are public but the ultimate owners are un-

known, making them “pseudonymous”. Second, entities such as crypto exchanges operate

globally. However, they are often elusive in terms of both their geographic domicile and

the location of their customers.6

To bridge these two gaps, we combine two types of data to derive cross-border flows

between countries. First, we use flows in cryptoassets between crypto exchanges from

external data providers.7 These data providers link pseudonymous blockchain addresses

and their transactions to entities such as crypto exchanges using proprietary attribution
5BTC is the only cryptoasset for which we have data by transaction bands.
6For a more detailed discussion of measurement challenges in this context see, for instance, Reuter

(2025) and Feyen et al. (2022). Notably, the presence of global firms and offshore centres in the traditional
financial system brings about similar attribution challenges as studied in Coppola et al. (2021) and Beck
et al. (2024).

7The datasets are provided by Chainalysis and Iknaio and have been prepared for this study. These do
not include transaction-level data but instead offer aggregated flows at the quarterly and entity-to-entity
level, along with a breakdown by value bands for BTC in the case of Iknaio.
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data.8 In a second step, we allocate entity flows to locations based on statistics on their

user base.9 To calculate the geographic profile of crypto flows, the entity-to-entity data

are complemented by the geographic distribution of app usage of the respective exchange

or the web traffic of a crypto exchange’s website. For example, if 56% of usage of the

app of a specific exchange originates from the US, 56% of all crypto in- and outflows to

this exchange are allocated to the US. By aggregating over all crypto exchanges, bilateral

cross-country data are obtained.

The first dataset we create in this manner—covering aggregate bilateral BTC flows

and low-value BTC flows—combines exchange-to-exchange flows from Iknaio with Sensor-

Tower app usage statistics.10 SensorTower provides aggregate app download and usage

statistics by country for crypto exchanges. This dataset captures flows within and be-

tween exchanges and includes a breakdown of transfers below US$ 500 and US$ 200 per

transaction. The data vendor (Iknaio) employs restrictive assumptions for on-chain ex-

change flows to reduce false identification, which limits the covered volume and number

of countries. We allocate crypto exchange flows to countries using app usage statistics

and the weighting methodology detailed in Annex A.2.

The second dataset draws on entity flow data from Chainalysis, which allocates coun-

try weights based on web traffic. The resulting dataset encompasses all four major cryp-

toassets: BTC and ETH, the two largest unbacked cryptoassets with freely floating values,

and USDT and USDC, the two largest stablecoins with a peg to the US dollar.11 While

BTC and ETH are native tokens on their respective blockchains, USDC and USDT are

issued as tokens via smart contracts across multiple blockchains. Chainalysis data cover

USDC flows on the Ethereum blockchain and USDT flows on both the Ethereum and
8In addition, they rely on clustering heuristics to support attribution by grouping addresses that

belong to the same entity (see Möser and Narayanan, 2022). Cerutti et al. (2024) provide a non-technical
overview of how on-chain or off-chain flows can be allocated to exchanges and similar entities.

9This approach differs from assigning locations based on entities’ headquarters, as is done in the
preparation of international banking statistics. Headquarters are often strategically chosen according to
the regulatory environment and other factors. Our approach better reflects the global reach of crypto
exchanges and other services and where flows originate.

10SensorTower gathers app usage and download statistics. However, not all crypto exchanges offer an
app, and data may not always be available for all apps via SensorTower.

11As of January 2025, USDT and USDC accounted for almost 90% of the global market capitalisation
of issued stablecoins, according to data from DeFiLlama.
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Tron blockchains, covering about 67% of USDC issuance and 98% of USDT issuance.12

The entity data construction applies less restrictive assumptions on clustering addresses

and includes a wider range of business entities, such as miners and other services.13

Figure A.2 in the Annex provides graphical evidence to affirm the accuracy of the

approximated flows. Clearly, the pseudo-anonymity of the ledgers implies that a compre-

hensive attribution of transactions to users is impossible, such that a mapping of flows

to countries will always remain an approximation. Even so, our measure of cross-border

flows is tightly linked to the number of crypto exchange users at the country-level, with

variation in the latter accounting for about 64% of the variation in country-level flows.

Moreover, flows show a highly significant and positive correlation with the level of cryp-

toasset adoption across countries obtained from survey data.14

The resulting country-level data highlight the significant growth of cross-border flows

for the major cryptoassets, particularly at the start of 2021 (Figure 1, which is based

on the Chainalysis data). These flows started from less than US$7 billion in Q1 2017

and surged to over US$800 billion by Q4 2021. After declining back to approximately

US$400 billion in 2022 amidst crypto market turmoil, flows picked up again, amounting

to about US$600 billion at the end of our observation period in Q2 2024. Initially, BTC

dominated transaction volumes, accounting for roughly 80% up to Q2 2019. By Q2 2024,

however, its share fell to less than 25% as transactions in stablecoins expanded strongly.

We map out a global network of cross-border BTC and USDT flows to visualise the

key nodes and edges, i.e. directional links between two countries, in the first half of 2024,

the two most recent quarters of our period of observation (Figure 2 and Figure 3). Corre-

sponding maps for the other two cryptoassets are provided in Figure A.3 and Figure A.4

in Annex A.1. This BTC network spans 180 countries spread across all continents, nearly

all the 184 countries with non-zero flows in at least one of the cryptoassets in our dataset.

We highlight flows of at least one billion US dollars with black arrows to indicate impor-
12According to data from Circle and Tether as of January 2025.
13Crypto exchanges account, on average, for about 80% of entity flows in BTC. See also Figure A.1

for a graphical comparison of the aggregate BTC flows obtained from the two data sources.
14Given that survey data on cryptoasset adoption captures ownership and general usage of these assets

rather than the intensity of activity, it is intuitive that the correlation with flows is weaker compared to
measures of crypto exchange usage.

8



800

600

400

200

0

20242023202220212020201920182017

US$ billions

BTC ETH USDC USDT

Figure 1: Cross-border crypto flows
This graph displays quarterly aggregates of cross-border flows for four cryptoassets—BTC, ETH, USDC,
and USDT—from Q1 2017 to Q2 2024.
ALT TEXT: Stacked bar chart showing quarterly cross-border flows of BTC, ETH, USDC and USDT
in US$ billions from Q1 2017 to Q2 2024.

tant edges. These flows accounted for nearly 25% of the total cross-border transaction

volume, even though they represented only 0.15% of the total number of flows. In com-

parison to BTC, the global USDT map is less centered on the United States, with flows

more evenly spread across a few large countries as discussed below.

The United States, the United Kingdom and major emerging markets represent key

nodes of the networks in leading cryptoassets. BTC flows between the United States

and the United Kingdom grew about tenfold from 2019 (bottom panel of Table 1) to

2023–24 (top panel), outpacing the overall increase in BTC cross-border volumes. These

bilateral links were also the two largest edges in the ETH and USDC network in 2023–24,

respectively. Overall, the United States and the United Kingdom accounted for about

20% of cross-border activity in BTC and ETH, and close to 30% for USDC (Table 2).

Common across all three networks was the geographical shift in flows during this time.

Cross-border activity has moved from China to other major emerging markets, notably

India and Indonesia, against the backdrop of tighter crypto regulation and bans imposed

by Chinese authorities (Auer and Claessens, 2018 and Auer et al., 2022).

Geographical patterns differ for USDT, with a stronger presence of Türkiye and Russia

(Figure 3). As cross-border volumes jumped from US$ 13 billion in 2019 to more than
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Figure 2: Global Bitcoin map
This map depicts bilateral cross-border Bitcoin (BTC) flows. Country colours represent the total US$
equivalent of BTC sent abroad in the first half of 2024, with countries grouped into eight categories. The
arrows represent bilateral flows equivalent to at least $US 1 billion.
ALT TEXT: World map showing bilateral cross-border Bitcoin (BTC) flows in the first half of 2024.
Countries are shaded by the total US dollar value of BTC sent abroad, grouped into eight categories.
Black arrows indicate bilateral flows of at least US$ 1 billion, highlighting major transaction corridors.
The map illustrates the global distribution and main routes of BTC cross-border activity, with key nodes
in the United States, United Kingdom, and major emerging markets.

Table 1: Largest bilateral flows point to changing geographical patterns
Q3 2023 to Q2 2024
BTC ETH USDC USDT
Pair Flows Share Pair Flows Share Pair Flows Share Pair Flows Share
GB→US 9.89 1.7 US→GB 2.23 1.0 US→GB 6.33 1.9 US→TR 5.89 0.5
US→GB 9.28 1.6 GB→US 2.09 0.9 GB→US 6.23 1.8 US→RU 5.47 0.5
CA→US 4.94 0.8 US→ID 1.30 0.6 IN→US 4.21 1.2 TR→US 5.24 0.5
DE→US 4.89 0.8 US→TR 1.27 0.6 US→IN 4.18 1.2 RU→US 5.00 0.4
US→CA 4.87 0.8 RU→US 1.26 0.6 ID→US 3.85 1.1 GB→US 4.79 0.4
All 592.99 100.0 All 225.54 100.0 All 338.14 100.0 All 1,158.56 100.0

Q1 2019 to Q4 2019
BTC ETH USDC USDT
Pair Flows Share Pair Flows Share Pair Flows Share Pair Flows Share
US→GB 1.02 1.0 US→KR 0.15 0.9 CN→US 0.19 3.2 US→CN 0.08 0.6
CN→US 1.01 1.0 KR→CN 0.14 0.8 US→CN 0.13 2.3 CN→US 0.08 0.6
US→CN 0.91 0.9 KR→US 0.14 0.8 GB→US 0.10 1.8 US→RU 0.07 0.6
GB→US 0.91 0.9 CN→KR 0.13 0.8 US→GB 0.10 1.8 CN→RU 0.07 0.5
RU→US 0.77 0.7 RU→US 0.11 0.7 US→RU 0.06 1.1 US→IN 0.06 0.5
All 105.38 100.0 All 17.00 100.0 All 5.72 100.0 All 12.71 100.0

Note: The top and bottom panels present, for each cryptoasset, the five largest bilateral flows and the sum of all flows in
US$ billions as well as the corresponding percentage share of total flows for the period from Q3 2023 to Q2 2024 and for
the four quarters of 2019, respectively. For USDT, flows are available from Q2 2019. Country abbreviations are based on
the official (ISO 3166-1) alpha-2 codes.

US$ 1,100 billion in 2023–24, Türkiye became the second largest sender and receiver of

USDT according to the Chainalysis data. Together with Russia, it represented about

12% of USDT cross-border volume (Table 1 and Table 2). Overall, these observations
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Figure 3: Global Tether (USDT) map
This map depicts bilateral cross-border USDT flows. Country colours represent the total US$ equivalent
of USDT sent abroad in the first half of 2024, with countries grouped into eight categories. The arrows
represent bilateral flows equivalent to at least $US 1 billion.
ALT TEXT: World map showing bilateral cross-border USDT flows in the first half of 2024. Countries
are shaded by the total US dollar value of USDT sent abroad, grouped into eight categories. Black
arrows indicate bilateral flows of at least US$ 1 billion, highlighting major transaction corridors. The
map illustrates the global distribution and main routes of USDT cross-border activity, with key nodes
in the United States and major emerging markets.

highlight the dynamic nature of the global crypto market, with significant changes in the

geographical distribution and volume of cross-border flows over the observed period.

Table 2: Major participants (flows in US$ billions, shares in %)
BTC Flows sent Share Flows received Share ETH Flows sent Share Flows received Share
US 102.3 17.3 110.9 18.7 US 30.4 13.5 27.4 12.2
GB 29.6 5.0 30.2 5.1 GB 10.8 4.8 10.5 4.6
RU 23.1 3.9 20.8 3.5 TR 9.9 4.4 10.2 4.5
TR 21.3 3.6 20.1 3.4 RU 9.7 4.3 9.9 4.4
KR 19.2 3.2 21.7 3.7 ID 8.1 3.6 8.9 3.9

USDC USDT
US 82.3 24.3 81.8 24.2 US 98.1 8.5 92.5 8.0
GB 18.5 5.5 18.3 5.4 TR 67.9 5.9 69.5 6.0
IN 13.2 3.9 12.9 3.8 RU 66.1 5.7 66.8 5.8
ID 11.8 3.5 11.6 3.4 VN 44.1 3.8 45.1 3.9
CA 9.9 2.9 9.6 2.8 GB 42.9 3.7 41.2 3.6

Note: The panel depicts the top-5 countries in terms of cross-border flows sent in BTC, ETH, USDC and USDT, respectively,
from Q3 2023 to Q2 2024. It reports the amount of flows sent and received for these countries in US$ billions and as a
percentage share of the total amount of flows, respectively. Country abbreviations are based on the official (ISO 3166-1)
alpha-2 codes.

Following years of expansion, network density has recently declined in all four crypto

networks. We record non-zero flows for around 55% of all possible directional links in 2024,

down from more than 60% in 2023 (see Table 3). This follows years of rising density, with
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stablecoins experiencing a particularly rapid increase immediately after their inception.

As such, crypto network density is comparable to the density of the global trade network

and significantly more dense than the cross-border banking network (Table 3).15

Network concentration varies across cryptoassets but is notably lower than for cross-

border banking. The top-5 bilateral flows accounted for around 2% and 7% of cross-border

transaction volume in USDT and USDC, respectively (Table 3), compared to around 9%

and 15% for exports and cross-border interbank claims at the end of our sample period.

Moreover, all top-10 interbank claims were among large advanced economies, in contrast

to the comparatively strong footprint of major emerging market economies in each of the

four cryptoasset networks. These differences motivate our analysis of the various drivers

of cross-border crypto flows in comparison to those underpinning traditional finance.

Table 3: Network density and concentration (in %)
BTC ETH USDC USDT Exports IB claims

Network density
Q1 2018 52.3 51.6 NA 38.3 53.5 12.8
Q1 2019 53.0 52.4 49.0 43.6 53.8 12.7
Q1 2020 53.0 52.6 51.0 50.8 53.6 12.7
Q1 2021 60.9 60.0 58.5 59.3 54.4 12.4
Q1 2022 59.0 57.6 57.5 57.7 55.0 12.2
Q1 2023 63.4 62.4 61.3 61.1 54.9 12.0
Q1 2024 56.6 55.1 53.7 54.5 53.8 11.8
Concentration (2023–24)
Top-5 5.7 3.6 7.3 2.3 9.4 15.1
Top-10 9.2 6.2 12.1 4.1 14.6 23.0
Top-50 24.4 18.2 33.1 13.5 32.4 50.8

Note: The top panel depicts the network density for each cryptoasset, defined as the number of non-zero flows as a percentage
share of the maximum number of possible directional flows between the 225 reporting countries in the network. The bottom
panel presents the flows accounted for by the top-5, top-10 and top-50 directional country-pair links, respectively, as a
percentage share of all flows from Q3 2023 to Q2 2024. For interbank (IB) claims, we report the shares based on the
average stock of claim from Q3 2023 to Q1 2024 (the latest available data point).

2.2 Potential drivers of cross-border crypto flows

Cryptoassets can serve multiple purposes, which in turn affect drivers of cross-border

flows. Unbacked cryptoassets can be viewed as financial assets, sought after for investment

or speculation, but also as a digital medium of exchange offering transactional benefits
15For consistency, we calculate network density based on 225 countries, which yields 225×224 = 50, 400

theoretically possible directional flows. For inclusion in the sample, we require that a country reports
at least one non-zero cross-border crypto flow, export flow, or cross-border interbank claim. Non-zero
crypto flows were reported by 184 countries during the period of observation.
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(Biais et al., 2023, Schilling and Uhlig, 2019b). Stablecoins like USDC and USDT derive

stability by being pegged to the US dollar via off-chain reserves. They often serve as

substitutes for fiat currencies in DeFi protocols, such as token swaps, liquidity pools and

lending platforms. This gives rise to their different geographic profiles in cross-border

flows compared to unbacked cryptoassets.

The sensitivity of cross-border flows to different drivers is expected to vary with their

usage patterns. Speculative activity and arbitrage transactions, for instance, would likely

depend on global conditions for funding in major crypto markets. Conversely, use of

cryptoassets as a medium of exchange could depend more strongly on conditions in the

sending and receiving country, such as the stability of the local fiat currencies. Policy

interventions, such as capital controls, could also influence cryptoasset usage, either by

constraining cross-border activity as generally intended by the measures or by incentivis-

ing circumvention of the controls on traditional financial flows through cryptoassets. To

determine drivers of cross-border crypto flows, we therefore consider a broad range of

metrics at global, country, and country-pair levels. Table 4 provides summary statis-

tics of the crypto flow variables and controls used in our regression analysis in the next

sections.

First, we supplement our dataset with measures of financial activity through tradi-

tional intermediaries to benchmark against crypto flows. Specifically, we gather data on

bilateral interbank cross-border claims from the BIS international banking statistics. We

also estimate annual bilateral remittances following the World Bank’s methodology.16 For

a subset of countries, bilateral data on remittance cost is available from the World Bank’s

remittance prices database. High costs of processing transactions through traditional in-

termediaries have been argued to provide additional incentives to rely on cryptoassets

or stablecoins for cross-border payments, in particular related to remittances (Schilling

and Uhlig, 2019a). We also use quarterly bilateral merchandise exports from the IMF’s

Direction of Trade dataset to compare crypto flows with cross-border flows in goods.

We consider traditional measures of frictions, such as physical distance or information
16The methodology in Ratha and Shaw (2007) converts country-level data on remittances received into

bilateral remittance flows using migrant stocks and income levels in the origin and destination country.
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asymmetry. The impact of these measures is a priori unclear. On the one hand, they could

be expected to have little impact on cross-border crypto activity, given the design and

ambition of the decentralised ledger technology that underpins these networks. On the

other hand, if seen from the perspective of crypto networks as facilitators of transactions

tied to real economic activity, offering substitutes for traditional payment methods in the

financial system (Athey et al., 2016; von Luckner et al., 2023), factors that hinder cross-

border economic activity, such as physical distance or language barriers, would similarly

influence cross-border crypto flows that mimic the payment leg of economic transactions.

To examine these dynamics, we include proxies for frictions in bilateral flows widely used

in international trade and capital flow studies, so-called “gravity” measures (Badarinza

et al., 2022, Brei and von Peter, 2018, Portes et al., 2001). Specifically, we use the

log distance between the most populated cities of each country pair, a binary variable

indicating shared borders, and a binary variable for common official or primary languages.

These data are sourced from the CEPII gravity database (Conte et al., 2022).

Global factors influence investors’ risk-taking capacity and sentiment in other asset

classes. Tightening global financial conditions, such as US dollar appreciation (Obstfeld

and Zhou, 2023, Bruno and Shin, 2015) or rising corporate credit spreads (Gelos et al.,

2022), could reduce cross-border crypto flows. Rising market volatility may attract spec-

ulative traders and boost transaction volumes. Accordingly, we examine several global

factors (Miranda-Agrippino and Rey, 2020) to assess their impact on crypto flows. We

use the log of the CBOE Volatility Index (VIX), which reflects expected volatility in US

equity markets, as a proxy for global financial market volatility. Additionally, we control

for changes in credit risk pricing using option-adjusted spreads tracked by the ICE BofA

BBB US corporate index (Gelos et al., 2022). We also test the effect of a rise in the broad

nominal dollar index. Global monetary conditions are gauged via the Federal funds rate,

and quarterly real US GDP growth approximates the global economic backdrop.

Crypto’s usage as a speculative asset implies that risk factors driving cryptoasset re-

turns (Liu et al., 2023, Liu and Tsyvinski, 2021) likely affect transaction volumes. These

factors are distinct from other macroeconomic factors (Liu et al., 2023), providing com-
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plementary explanatory power. We thus expand global factors to include “crypto risk

factors”. We calculate the relative volatility of the BTC price in US dollars over the

past quarter. Additionally, we utilise the three global crypto risk factors developed by

Liu et al. (2023)—market, size, and momentum—which explain significant cross-sectional

variation in cryptoasset returns.

Economic factors specific to the sending or receiving country could also incentivise

cryptoassets usage, particularly for payments. High exchange rate volatility, for instance,

could drive such usage (e.g. Feyen et al., 2022). To assess the relevance of these country-

specific factors, we consider CPI inflation and real GDP growth rates compiled by the

World Bank and the BIS based on national statistics. We also obtain from the BIS bilat-

eral exchange rate volatility for each country-pair over the past quarter. Additionally, we

measure cryptoasset awareness through country-level Google search indices for “Bitcoin”,

“Ethereum,” and “Stablecoin” (see e.g. Liu et al., 2022). These factors are expected to

influence crypto flows when exceptionally high, such as during local currency pressures

or surges in public interest. To capture this, we define a binary variable set to one (zero

otherwise) for quarters where the factor exceeds the 75th percentile of its pooled distribu-

tion. For Google searches, standardised nationally, we set the binary variable to one for

observations surpassing the 75th percentile of the country’s own time series.

The pseudo-anonymity of the crypto network could be exploited to circumvent policy

measures restricting cross-border capital flows, such as CFMs. Transactions motivated by

evading these measures are driven by alternative incentives, with senders and recipients

willing to incur additional costs to move funds across borders (Hu et al., 2023). That

said, even if policy measures predominantly target traditional financial flows, limits to

cross-border arbitrage in crypto markets (e.g. Makarov and Schoar, 2020) suggest that

national restrictions on capital flows could nevertheless hamper crypto activity.

We investigate the impact of policy measures on crypto flows by considering CFMs,

using the dataset by Binici et al. (2023). We calculate quarterly changes in sending

(receiving) countries’ measures to control capital outflows (inflows). Based on this, we

construct a categorical variable measuring directional changes in CFM tightness for each

15



country-pair. Values for CFMt of +1 indicate a net tightening of outflow restrictions

by the sending country or inflow restrictions by the receiving country (or both) in quar-

ter t. Conversely, values of −1 indicate loosening of restrictions by either the sending or

receiving country (or both). All other observations are assigned a zero value.17

17Unlike indices that track the cumulative number of measures implemented or lifted, changes in CFMs
capture shifts in the policy stance without assuming the relative tightness or importance of individual
measures.
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3 Empirical approach

Our empirical approach leverages the directed bilateral flow data to investigate the drivers

of cross-border crypto flows. This allows us to take advantage of the richness of the

network data and to examine factors at the global, country and country-pair level.

We assess these drivers building on the extant literature on gravity equations (e.g.

Anderson and Yotov, 2016 and Anderson and van Wincoop, 2003) and assume that

cross-border crypto flows, fijt, from sending country i (henceforth “senders”) to receiving

country j (henceforth “receivers”) in quarter t can be represented as follows:

fijt = fit

Π−θ
it

fjt

P −θ
jt

τ−θ
ijt , (1)

where fit := ∑
j fijt and fjt := ∑

i fijt represent the total cross-border transaction volume

of the two countries, respectively. The term τijt accounts for bilateral frictions that

could hinder cross-border crypto transactions, whereas θ is the associated transaction

elasticity. Πit and Pjt represent the Anderson and van Wincoop (2003) outward and

inward multilateral resistance terms, which follow from the workhorse general equilibrium

gravity model as (e.g Weidner and Zylkin, 2021):

Π−θ
it =

N∑
j=1

fjt

P −θ
jt

τ−θ
ijt , P −θ

jt =
N∑

i=1

fit

Π−θ
it

τ−θ
ijt . (2)

Applied to the case of crypto flows, Πit summarises the sender’s ability to transact in

cryptoassets with more crypto-affine receivers, whereas Pjt captures the receiver’s ability

to transact with more crypto-affine senders. Seen through the lens of cryptoassets being

used as a medium of exchange, the corresponding flows represent the payment leg of

real and financial transactions, providing a direct analogue to the application of gravity

equations in trade (e.g. Anderson and Yotov, 2016 or Anderson and van Wincoop, 2003)

and finance (e.g. Badarinza et al., 2022, Brei and von Peter, 2018 or Portes et al., 2001).

Following the literature, we parameterise the bilateral frictions τijt as an exponential
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function of observable explanatory variables, xijt, and the unobservable ωijt:

τ−θ
ijt = exp (xijt β) ωijt. (3)

Substituting the above into (1) and defining sender-time and receiver-time fixed effects

as αit = ln
(
fit/Π−θ

it

)
and γjt = ln

(
fjt/P −θ

jt

)
, respectively, yields the two-way gravity

equation:

fijt = exp (αit + γjt + xijt β) ωijt. (4)

We estimate equation (4) based on the Poisson pseudo maximum likelihood (PPML)

estimator, which accommodates the presence of zero flows and accounts for heteroskedas-

ticity (Santos Silva and Tenreyro, 2006), and has therefore become the preferred choice

for gravity analysis (Anderson and Yotov, 2016).

We employ several specifications of equation (4) to assess drivers of crypto flows at

the global, country, and country-pair level, respectively.

We begin by gauging the impact of global factors, including global risk factors that

pertain to crypto markets (e.g. Liu et al., 2023). By determining global funding condi-

tions (e.g. Miranda-Agrippino and Rey, 2020) and investor sentiment, these factors could

have a first-order impact on cross-border crypto flows. Since factors that are common

across all countries, xt, are absorbed by the fixed effects in equation (4), we consider a

less restrictive specification with fixed effects only at the sender and receiver level, αi and

γj, while controlling for time-invariant bilateral frictions, xij, based on a standard set of

gravity controls (as discussed below):

fijt = exp [αi + γj + (xij + xt−1) β] ωijt. (5)

To err on the side of caution, we lag xt by one quarter to address potential endogeneity

concerns that could relate to cross-border crypto flows affecting global factors, notwith-

standing the still modest scale of transaction volume if compared with global traditional

finance activity. In this specification, the impact on crypto flows of variation in country-
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specific factors over time will be subsumed by the effect attributed to the global factors.

As a natural extension of (5), we add to the global factors (lagged) time-varying

controls at the sender level, xit−1, and receiver level, xjt−1, respectively:

fijt = exp [αi + γj + (xij + xt−1 + xit−1 + xjt−1) β] ωijt. (6)

We estimate the effect of time-varying bilateral frictions based on exploiting the rich-

ness of remittances data. Specifically, we employ directional country-pair information,

xijt, available for the cost of sending remittances. This allows us to saturate the model

with sender-time, αit, and receiver-time, γjt, fixed effects. We then estimate the model:

fijt = exp [αit + γjt + (xij + xijt−1) β ] ωijt. (7)

Finally, we move to the fully saturated specification in order to assess the impact of

policy interventions. Specifically, we assess the impact of CFMs on crypto flows. Recent

empirical research on network analysis has underscored the importance of accounting for

time-invariant sender-receiver (“pair”) fixed effects, ηij, in order to address any potential

bias that may arise from the endogeneity of policy choices (e.g. in the case of trade

policy Head and Mayer, 2014, Baier and Bergstrand, 2007). CFMs, for instance, are

often imposed to address financial imbalances, such as excessive capital flows, violating

the assumption of exogeneity in a regression on these flows.

Formally, we expand the parameterisation of the friction term, τ , in (3) as:

τ−θ
ijt = exp (ηij + xijt β) ωijt. (8)

For expositional clarity, we replace the controls, xijt, with a measure of the direction of

(lagged) bilateral policy interventions, cfmijt−1. This measure can take on values of 1 or

−1 to indicate a tightening and loosening of policy measures, respectively, and is zero
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otherwise. Building on (4), this yields the three-way gravity equation:

fijt = exp (αit + γjt + ηij + cfmijt−1β) ωijt. (9)

Here, all global and national drivers as well as any time-invariant determinants of bilateral

crypto flows are absorbed by the comprehensive set of fixed effects. Any impact of policy

interventions will therefore be identified from time-variation in flows within a sender-

receiver pair.

4 Results

4.1 Gravity and global factors as drivers of international crypto

flows

We start our analysis by examining how, based on gravity equations following the specifi-

cation in equation (5), measures of geographical and linguistic distance affect cross-border

BTC flows, as the predominant cryptoasset (Table 5).18

Cross-border interbank claims (column 1) and exports (column 2) serve as our initial

benchmark. Consistent with prior research emphasising the importance of informational

frictions in international finance (e.g. Brei and von Peter, 2018, Portes et al., 2001), banks

from more distant countries maintain lower claims on each other, whereas banks from

neighbouring countries or countries that share a common language exhibit higher claims.

The effects are economically significant: a 1% increase in distance is associated with a

0.6% decline in claims, whereas countries with a common border and common language

exhibit higher claims than otherwise of around 60% (calculated as exp[0.47]−1) and 40%,

respectively. The impact of distance is even more pronounced for exports, consistent with

it implying greater frictions for physical trade than for financial transactions. Here, we

estimate an elasticity of −0.75% and nearly a doubling of trade volumes for countries

that share a common border.
18To ensure consistency, the regressions are conducted using data from Q1 2017 to Q2 2023, the period

for which all control variables were available at the time of writing
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Table 5: Gravity, global and crypto risk factors as drivers of traditional and
crypto flows

Dependent variable: IB claims Exports BTC BTC BTC BTC ETH USDC USDT
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Gravity
Distance −0.61∗∗∗ −0.75∗∗∗ −0.08∗∗∗ −0.08∗∗∗ −0.08∗∗∗ −0.08∗∗∗ −0.05∗∗∗ −0.001 −0.02∗∗∗

(0.04) (0.03) (0.01) (0.01) (0.01) (0.01) (0.01) (0.00) (0.00)
Common border 0.47∗∗∗ 0.68∗∗∗ 0.01 0.01 0.01 0.01 −0.02 0.01 0.01

(0.15) (0.07) (0.03) (0.03) (0.03) (0.03) (0.02) (0.01) (0.01)
Common language 0.33∗∗∗ 0.03 0.12∗∗∗ 0.13∗∗∗ 0.13∗∗∗ 0.13∗∗∗ 0.11∗∗∗ 0.03∗∗∗ 0.004

(0.11) (0.07) (0.03) (0.03) (0.03) (0.03) (0.02) (0.01) (0.01)
Global factors
VIXt−1 2.23∗∗∗ 1.68∗∗∗ 2.22∗∗∗ 3.23∗∗∗ 6.55∗∗∗ 6.95∗∗∗

(0.03) (0.02) (0.02) (0.03) (0.06) (0.04)
High-yield spreadt−1 −3.37∗∗∗ −3.32∗∗∗ −4.74∗∗∗ −7.47∗∗∗ −8.62∗∗∗

(0.03) (0.03) (0.04) (0.11) (0.05)
Dollar indext−1 −10.34∗∗∗

(0.13)
Federal funds ratet−1 −0.02∗∗∗ 0.04∗∗∗ 0.51∗∗∗ 0.57∗∗∗

(0.00) (0.00) (0.01) (0.00)
US growth 0.01∗∗∗ 0.06∗∗∗ 0.04∗∗∗ 0.06∗∗∗

(0.00) (0.00) (0.00) (0.00)
Crypto risk factors
BTC-USD volatilityt−1 1.48∗∗∗ 0.90∗∗∗

(0.03) (0.03)
Crypto markett−1 7.43∗∗∗ 7.40∗∗∗ −5.89∗∗∗ 0.56∗∗∗

(0.06) (0.07) (0.32) (0.09)
Crypto sizet−1 −2.31∗∗∗ −2.70∗∗∗ −6.54∗∗∗ −6.77∗∗∗

(0.08) (0.06) (0.12) (0.09)
Crypto momentumt−1 −4.90∗∗∗ −2.69∗∗∗ 12.47∗∗∗ 2.16∗∗∗

(0.17) (0.18) (0.40) (0.20)
N 148,969 586,777 700,635 697,241 697,241 697,241 686,419 505,374 571,733
Pseudo R2 0.887 0.928 0.992 0.935 0.887 0.946 0.942 0.922 0.912
FE: sender×t & receiver×t Yes Yes Yes
FE: sender & receiver Yes Yes Yes Yes Yes Yes

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. The dependent variable is the quarterly US dollar amount of bilateral cross-
border interbank (IB) claims (1); merchandise exports (2); bilateral cross-border flows in BTC (Bitcoin) (3–6) ; ETH
(Ether) (7); USDC (USD Coin) (8); and USDT (Tether) (9). To ensure comparability across the different specifications,
the regressions are estimated based on using observations from Q1 2017 up to Q2 2023, consistent with the last available
quarter of observation for the crypto risk factors at the time of writing. Robust standard errors, clustered by country pairs,
in parentheses.

Since overcoming information asymmetry is at the core of the decentralised ledger

technology, we expect a diminished role of geographical and linguistic factors on cross-

border BTC flows. In line with this, the estimated elasticity of distance declines to less

than −0.1% and the common border effect becomes both quantitatively and statistically

insignificant (columns 3 to 6 of Table 5). At around 13%, the impact of an increase in

BTC flows associated with sharing a common language is only about one third of the

effect observed in cross-border banking.19

The influence of global factors on cross-border BTC flows tallies with an increasing
19For our alternative measure of BTC flows based on the more narrow sample of exchange-to-exchange

flows and alternative locational weighting (see Annex A.2), we estimate a stronger impact of sharing a
common border or common language, comparable to the estimates for interbank claims. This is consistent
with crypto exchanges with strong interconnections catering to users from similar regions or with similar
native languages, e.g. by advertising their services in the same language.
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integration of the BTC ecosystem into traditional finance (columns 4 to 6). High expected

financial market volatility, as gauged by the VIX, consistently exhibits a strong positive

relationship with BTC flows with an elasticity of around 2%. This finding aligns with

speculative trading motives and also accords with off-chain BTC activity (e.g. Di Casola

et al., 2025) as well as markets dominated by institutional investors, such as FX markets

(e.g. Cespa et al., 2021).

Tighter global funding conditions, in turn, hamper cross-border BTC activity. For

one, a 1% increase in the credit spread on high-yield debt is associated with a decline

in cross-border BTC transaction volume of more than 3%. Likewise, a 1% appreciation

of the US dollar index is associated with a more than 10% decline in BTC cross-border

flows BTC (column 5). This supports the notion of increased funding of BTC activity

through investors susceptible to financial losses from dollar appreciation, such as those

from major emerging markets with a strong footprint in the BTC network.20

A tightening of global monetary conditions is associated with a modest reduction in

cross-border BTC transaction volumes. After controlling for variation in the VIX and

credit spreads, we estimate that an increase in the Federal funds rate by the typical incre-

ment of 25 basis points is associated with a statistically significant, though quantitatively

modest, decline of about 1% in cross-border BTC flows (column 6).21 Stronger economic

activity, by comparison, is associated with somewhat higher cross-border BTC transac-

tion volumes: a one percentage point rise in the US GDP growth rate corresponds to a

1% increase in such flows (column 6).

Risk factors that have been shown to explain the cross-sectional variation of crypto

returns also exhibit a significant association with BTC flows. For one, we find a positive

contribution to cross-border transaction volumes from higher volatility of BTC prices in

US$ terms, indicative of speculation being a driving force of international BTC flows

(columns 4 and 5).

Building on this, we assess the role of crypto-specific risk factors—market, size, and
20See e.g. Bruno and Shin (2015) for a discussion of how US dollar appreciation constrains local

currency borrowers’ leverage capacity.
21Based on column 6 of Table 5, the impact of a 25 basis point change is given by exp(−0.02×0.25)−1.
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momentum—in driving cross-border BTC flows (column 6). All three factors are highly

statistically significant. Specifically, BTC flows increase with the market factor, indicat-

ing that international BTC activity rises pro-cyclically following quarters of strong crypto

market performance. By contrast, the coefficient on the size factor is negative: flows de-

crease following quarters in which small cryptoassets outperform large and more liquid

ones such as BTC. Interpreting the size factor as a liquidity premia gauge per Liu et al.

(2022), this implies that BTC volumes reverse after episodes of high liquidity demand in

crypto markets.22 Similarly, the negative momentum factor impact, indicates a reversal

in cross-border BTC transaction volumes after quarters of elevated crypto returns, con-

sistent with this factor reflecting investor overreaction and subsequent correction over a

one-quarter horizon (Liu et al., 2022).

We compare these findings to estimates based on flows of the other cryptoassets to

gain insights on potential similarities and differences in their underlying use cases.

Cross-border ETH flows exhibit a similar relationship with the above factors for BTC

(Table 5, column (7)). This accords with the similarity of their network characteristics

(recall Table 1 and Table 2) and the pairwise correlation of bilateral flows of nearly 0.9.

Specifically, we find that the impact of gravity factors declines modestly for ETH flows

compared to BTC flows. At about 3% and −5%, the estimated elasticities with respect

to the VIX and to high-yield spreads are also broadly equivalent to those for BTC flows.

Differences arise in terms of the impact of increases in US policy rates, for which we

observe a modest increase in ETH flows, whereas our estimates for the impact of US

growth on ETH flows suggest a more pronounced positive relationship. Our results for

the crypto risk factors broadly mirror those for BTC. The market factor remains positive

and significant, indicating that cross-border ETH flows also rise in buoyant markets. The

negative size factor coefficient is again present, suggesting a similar liquidity dynamic as

with BTC. Finally, the momentum factor for ETH, while slightly lower in absolute value,

is also negative.
22Consistent with this, the corresponding coefficient on the contemporaneous, but potentially endoge-

nous, size factor is positive and significant, aligning with high size factor values during periods of elevated
BTC transaction volumes. Results are available upon request.
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While flows in stablecoins across borders share a number of characteristics with un-

backed cryptoassets, several notable differences emerge (columns 8 and 9 of Table 5).

Common among all four cryptoassets, and particularly pronounced for stablecoins, is the

positive association of flows with an increase in the VIX and a negative one with a tight-

ening of global credit conditions as approximated by high-yield spreads. Gravity factors,

by contrast, play a subdued role for stablecoin flows. For one, USDT flows exhibit no

apparent link to linguistic proximity, consistent with none of the top country-pairs of the

USDT network sharing a common language (Table 1).

The sensitivity of stablecoin flows to global monetary conditions is markedly higher

than for BTC and ETH. A 25 basis point increase in the Federal funds rate is associated

with a rise in cross-border USDC and USDT flows of about 15%. This suggests that

rising opportunity cost of holding unremunerated stablecoins, broadly considered as a

dampening factor for stablecoin demand (e.g. Ahmed and Aldasoro, 2025), do not appear

to constrain cross-border usage. This could be due to increased lending opportunities

through DeFi protocols for stablecoin holders, providing an alternative source of revenue.

Differences to unbacked cryptoassets also arise with regard to the impact of crypto

risk factors. First, the market factor coefficient for USDC is negative, and for USDT only

slightly positive, in contrast to the strongly positive coefficients for BTC and ETH. This

suggests that stablecoins may serve as a safe haven during periods of market stress, while

facing limited transactional demand during times of high returns in crypto markets. The

size factor remains negative and significant, indicating that stablecoin flows are concen-

trated in larger, more liquid tokens, consistent with their use as payment instruments

and stores of value. The momentum factor coefficient, finally, is positive for both USDC

and USDT. This tallies with stablecoins underpinning elevated transaction volumes in

coins experiencing periods of high momentum.23

23To affirm the robustness of our findings, we assess flows aggregated at the country level in Annex A.3.
Overall, the findings of this analysis are consistent with the findings presented in our main analysis based
on the much more detailed bilateral country flows.
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4.2 Impact of CIP deviations on interbank claims and stable-

coins

To shed more light on the sensitivity of stablecoin flows to the global financial conditions,

we next examine the relationship of interbank claims and USD stablecoin flows with

the global financial cycle by employing deviations from the covered interest parity (CIP)

condition. Under CIP, the dollar interest rate available in cash markets should equal the

synthetic dollar rate implied by borrowing in a foreign currency and swapping into USD

in the FX swap or forward market. CIP deviations are the difference between these two

rates.

We measure CIP deviations following Du et al. (2018b), Du et al. (2018a) and use the

data described in Du et al. (2025). Specifically, a CIP deviation is defined as the spread

that remains after subtracting both the US Treasury yield and the forward premium

— implied by FX swap rates to fully hedge currency risk — from the local currency

government bond yield of the same maturity.24 In frictionless markets this residual would

be zero, as arbitrage would eliminate any wedge between the hedged foreign yield and

the dollar yield; its persistence therefore reflects a range of factors including differences

in default risk, convenience yields between US and foreign government bonds, market

segmentation, and financial frictions such as balance sheet constraints and collateral

scarcity. CIP deviations thus capture both funding and asset‑specific premia with their

relative importance varying across countries. A positive CIP deviation indicates that the

synthetic dollar borrowing cost exceeds the prevailing US Treasury yield, implying the

presence of arbitrage opportunities in frictionless markets.

We estimate the impact of CIP deviations on interbank claims and USD stablecoin

flows in Table 6. We aggregate stablecoin flows in USDC and USDT, as their shared

peg to the USD likely subjects them to similar dynamics influenced by USD funding

conditions. The estimates include standard gravity variables, distance, common borders

and shared language, which behave as expected and align with prior results. We also
24We map EUR (Germany) data to all euro area countries in our sample as a proxy for the euro area

CIP deviation. Our results are materially the same when applying a stricter country-level mapping.
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include sender and receiver fixed effects to control for country-specific characteristics and

examine both short- and longer-term maturities (3-month and 2-year CIP deviations).

The results are similar for other maturities.

A priori, one might expect stablecoin flows to be less sensitive to arbitrage condi-

tions, as financial frictions in traditional intermediation should play a smaller role in

DeFi markets. However, in the reduced-form specifications (columns 1–4), higher CIP

deviations are associated with contractions in both interbank claims and stablecoin flows.

For interbank claims, the effect is not statistically significant on the sender side. By

contrast, the effect is larger and statistically significant for stablecoin flows. Since higher

CIP deviations partly reflect tighter dollar funding conditions, these estimates suggest

that bilateral flows contract when dollar intermediation tightens in either the sending

or receiving country. On its own, the stronger effect for stablecoins appears somewhat

counter-intuitive.

However, this reduced-form specification does not account for global factors or general

time-dependent dynamics that influence interbank claims and stablecoin flows. When

we include time fixed effects in specifications (columns 5–8), the relationship reverses

for both interbank claims and stablecoin flows. This likely reflects the fact that both

CIP deviations and stablecoin flows co-move with the global financial cycle, such that

omitting time fixed effects may induce a spurious negative association between the two

in the pooled specification.

Conditional on time effects, the impact of CIP deviations on interbank claims becomes

positive and statistically significant, particularly on the receiver side. A one-percentage-

point increase in CIP deviations is associated with a 2% and 3% increase in interbank

claims for 3-month and 2-year maturities, respectively. This finding is consistent with the

notion that arbitrage conditions in the destination market attract more interbank claims.

For stablecoin flows, the effects are smaller but positive and statistically significant at

the 2-year maturity for both sender and receiver sides. A one-percentage-point increase in

CIP deviations is associated with stablecoin flows increasing by roughly 1%, roughly half

that of interbank claims at 2-year maturity . The dynamics of stablecoin flows depend

27



on the functioning of on-ramps, dealer intermediation, exchange liquidity, and off-ramp

capacity at both ends of the transaction. Tighter dollar conditions in the sending coun-

try may reduce the local ability to acquire and transmit dollar-linked stablecoins, while

tighter conditions in the receiving country may limit the capacity to absorb, recycle, or

redeem them. Although stablecoins are embedded in the same macro-financial environ-

ment that shapes conventional cross-border intermediation, their sensitivity to arbitrage

conditions appears slightly lower. This may reflect the distinct dynamics of crypto mar-

kets, which rely on different actors and mechanisms compared to traditional financial

rails.

Overall, our findings highlight the similar behaviour of traditional interbank claims

and stablecoin flows in response to CIP deviations, while hinting stablecoins are less

sensitive to arbitrage conditions when broader temporal factors are accounted for.

Table 6: Covered interest parity deviations as drivers of interbank claims and
USD stablecoin flows

Dependent variable IB claims IB claims Stablecoins Stablecoins IB claims IB claims Stablecoins Stablecoins
(1) (2) (3) (4) (5) (6) (7) (8)

Gravity
Distance -0.52∗∗∗ -0.51∗∗∗ -0.04∗∗∗ -0.04∗∗∗ -0.52∗∗∗ -0.51∗∗∗ -0.03∗∗∗ -0.03∗∗∗

(0.08) (0.08) (0.01) (0.01) (0.08) (0.08) (0.00) (0.00)
Common border 0.43∗∗ 0.43∗∗ -0.03∗∗ -0.03∗∗ 0.43∗∗ 0.43∗∗ -0.03∗∗ -0.02∗∗

(0.21) (0.21) (0.01) (0.01) (0.21) (0.21) (0.01) (0.01)
Common language 0.32 0.32 0.03∗∗∗ 0.04∗∗∗ 0.32 0.32 0.03∗∗∗ 0.03∗∗∗

(0.21) (0.21) (0.01) (0.01) (0.21) (0.21) (0.01) (0.01)
CIP deviations (t-1)
Sender (3m) -0.02∗∗ -0.03∗∗∗ 0.01 0.00

(0.01) (0.00) (0.01) (0.00)
Receiver (3m) 0.00 -0.03∗∗∗ 0.02∗∗∗ 0.00

(0.00) (0.00) (0.00) (0.00)
Sender (2y) -0.04∗∗ -0.04∗∗∗ 0.02∗∗ 0.01∗∗∗

(0.02) (0.00) (0.01) (0.00)
Receiver (2y) -0.01 -0.04∗∗∗ 0.03∗∗∗ 0.01∗∗∗

(0.01) (0.00) (0.01) (0.00)
N 47,728 47,360 84,098 83,478 47,728 47,360 75,997 75,377
Pseudo R2 0.862 0.862 0.591 0.592 0.865 0.865 0.957 0.957
FE: sender & receiver Yes Yes Yes Yes Yes Yes Yes Yes
FE: time No No No No Yes Yes Yes Yes

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. The dependent variables are the quarterly US dollar amount of bilateral cross
border interbank (IB) claims and stablecoin flows, consisting of the total of USDC and USDT flows. All specifications
are estimated on bilateral quarterly observations with sender and receiver fixed effects in all columns; time fixed effects
are additionally included in columns (5)-(8). CIP deviations are measured as the synthetic dollar borrowing cost (local
government bond yield minus the forward premium) minus the US Treasury yield of the same maturity, in percentage
points, separately for the sender and receiver at 3-month and 2-year maturities. A positive CIP deviation indicates that
the synthetic dollar borrowing cost exceeds the prevailing US Treasury yield/ Robust standard errors, clustered by country
pairs, in parentheses.
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4.3 Country-specific drivers

We next assess the importance of country-specific drivers of crypto flows at the sending

and receiving country. Our focus is on conjunctural macroeconomic factors since slower-

moving structural factors, such as demographics and the level of financial development

will be largely absorbed by the comprehensive set of fixed effects we employ to control for

potential confounding factors. In all our specifications, we account for the global factors

and the bilateral gravity controls discussed above (reported in column 6 of Table 5).25

High inflation in both the sending and, in most specifications, the receiving country

is associated with more use of cryptoassets in cross-border transactions (Table 7). In

line with our conjecture on the use of cryptoassets as a medium of exchange, we find

that high inflation in the sending or receiving country is associated with an increase

in transaction volumes to the tune of about 50% for USDC and nearly 20% for USDT

and ETH. Our findings for USDC resonate with the attractiveness of stablecoins for

international transactions among countries facing inflationary pressure.26 In line with this,

we also observe increased stablecoin flows following periods of elevated volatility in the

bilateral exchange rate of the sending and receiving country in some of our specifications

(columns 3 and 6). This accords with the major emerging market economies representing

key nodes in the USDT network (see Table 2) having experienced bouts of volatility in

their home currencies’ exchange rate during the period of observation.

High economic growth, by comparison, only modestly adds to cross-border crypto

activity. The associated increase is largest for BTC, with an estimated impact of around

10% for high-growth sending and receiving countries, respectively.27 For ETH and USDT,

our estimates indicate increased transaction volumes of about 6% if the sending or the

receiving country exhibited high GDP growth in the previous quarter, whereas we find

no significant effect for USDC.
25We do not account for crypto risk factors in order to make use of the full sample length since these

factors were only available up to Q1 2023 at the time of writing.
26High inflation implies an increase in the CPI of at least 6.7% on an annual basis, the threshold

for the top quartile in our sample (see Table 4). Intuitively, raising the threshold to, for instance, the
90th percentile (equivalent to inflation exceeding 13.4%) yields higher coefficient estimates, indicating a
stronger impact for countries with particularly high inflation. The results are available upon request.

27High economic growth implies an increase in real GDP of at least 5.1% on an annual basis, which is
the threshold for the top quartile in our sample (see Table 4).
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Table 7: How are crypto flows related to country-specific factors?

Dependent variable: BTC ETH USDC USDT USDC USDT
(1) (2) (3) (4) (5) (6)

Sender (t–1)
High inflation 0.036∗∗∗ 0.162∗∗∗ 0.426∗∗∗ 0.151∗∗∗ 0.528∗∗∗ 0.181∗∗∗

(0.014) (0.013) (0.035) (0.015) (0.050) (0.017)
High GDP growth 0.106∗∗∗ 0.073∗∗∗ 0.015 0.056∗∗∗ 0.015 0.046∗∗∗

(0.012) (0.012) (0.017) (0.013) (0.020) (0.017)
High Bitcoin awareness 0.084∗∗∗

(0.016)
High Ethereum awareness 0.261∗∗∗ 0.371∗∗∗ 0.308∗∗∗

(0.019) (0.036) (0.023)
High stablecoin awareness 0.141∗∗∗ 0.137∗∗∗

(0.023) (0.017)
Receiver (t–1)
High inflation 0.012 0.159∗∗∗ 0.430∗∗∗ 0.158∗∗∗ 0.538∗∗∗ 0.180∗∗∗

(0.014) (0.012) (0.035) (0.015) (0.051) (0.017)
High GDP growth 0.107∗∗∗ 0.104∗∗∗ −0.005 0.065∗∗∗ 0.003 0.046∗∗∗

(0.012) (0.012) (0.018) (0.013) (0.020) (0.017)
High Bitcoin awareness 0.096∗∗∗

(0.017)
High Ethereum awareness 0.273∗∗∗ 0.345∗∗∗ 0.317∗∗∗

(0.019) (0.036) (0.023)
High stablecoin awareness 0.100∗∗∗ 0.146∗∗∗

(0.024) (0.017)
High bilateral FX volatility −0.003 −0.022∗ 0.068∗ 0.013 0.057 0.071∗∗∗

(0.012) (0.012) (0.036) (0.015) (0.044) (0.019)
N 238,358 234,092 176,770 206,547 31,988 37,612
Pseudo R2 0.902 0.907 0.914 0.865 0.878 0.791

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. The dependent variable is the quarterly US dollar equivalent of bilateral cross-
border flows in the cryptoasset reported in the top row. Robust standard errors, clustered by country pairs, in parentheses.
All regressions include controls for gravity (distance, common language and common border) and lagged global factors (VIX,
high-yield spreads, US policy rate change and US growth) as defined in Table 4 as well as fixed effects at the sender-level
and the receiver-level. High inflation and high GDP growth are binary variables equal to one (zero otherwise) for values in
the top quartile of the sample distribution. High awareness is a binary variable equal to one (zero otherwise) if the number
of Google searches for “Bitcoin” (column 1), for “Ethereum” (columns 2 to 4), and for “Stablecoin” (columns 5 and 6),
respectively, are in the top quartile of the country’s own time series of searches.

Notwithstanding indications of crypto usage for transactional purposes, we find that

cross-border activity also hinges on public awareness of cryptoassets, indicative of swings

in investor interest driving transaction volumes. Following quarters of particularly large

search interest in “Ethereum”, volumes increase by around 30% for ETH as well as for

USDC and USDT, which operate on the Ethereum blockchain (columns 2 to 4 of Table 7).

For BTC, with its longer history of existence and more widespread coverage in media,

periods of higher awareness are associated with an increase in cross-border transactions

of close to 10% (column 1). High search interest in stablecoins, for which data coverage

is more limited, is associated with increased cross-border activity in these coins of around

10% to 15% (columns 5 and 6).
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4.4 Relation between cross-border crypto flows and remittances

The use case for cryptoassets as a cross-border medium of exchange is particularly evi-

dent for financial transactions burdened by high costs in the traditional financial system.

Remittance fees are a case in point. While international efforts have contributed to re-

ducing fees over the past decade, the cost of sending remittances remains high on average

due to, among other factors, incumbent intermediaries’ market power (Beck et al., 2022).

We test whether high costs of remittances are associated with increased reliance on

cryptoassets for cross-border transactions. In addition to studying the impact on the

total volume of flows, we zoom in on BTC flows related to low-value transactions, i.e.

transfers below the equivalent of US$ 500 and US$ 200, respectively. Despite limitations,

these flows can serve as a proxy of remittances channelled through the BTC network. Our

regressions, presented in the top panel of Table 8, are based on annual remittances and

crypto flows based on quarterly observations. Time-varying information on the bilateral

cost of remittances (as a percentage share of the transaction value) allows us to control

for confounding factors based on sender-year and receiver-year fixed effects in addition to

pairwise gravity factors as per equation (7). To sharpen our analysis, we focus on flows

to emerging market and developing economies in all our regressions, in line with the main

direction of traditional remittance payments.

Table 8: Crypto as an emerging substitute for remittances?

Dependent variable: Remittances BTC ETH USDC USDT BTC<$500 BTC<$200
(1) (2) (3) (4) (5) (6) (7)

Remittance costt−1 −0.111∗∗∗ −0.001 0.006 0.013∗∗∗ 0.016∗∗∗ 0.088∗∗ 0.101∗∗∗

(0.041) (0.004) (0.004) (0.004) (0.006) (0.034) (0.033)

Distance −0.690∗∗∗ −0.067∗∗∗ −0.027∗∗∗ 0.006 −0.015 −0.310∗∗∗ −0.346∗∗∗

(0.114) (0.019) (0.007) (0.009) (0.015) (0.109) (0.107)
Common border 0.782∗∗ −0.069∗∗ −0.011 −0.110∗∗∗ −0.006 −1.623∗∗∗ −1.496∗∗∗

(0.343) (0.033) (0.026) (0.038) (0.021) (0.135) (0.143)
Common language 0.674∗∗∗ 0.122∗∗∗ 0.038∗∗∗ 0.032∗∗∗ −0.001 0.461∗∗∗ 0.537∗∗∗

(0.133) (0.022) (0.012) (0.011) (0.009) (0.133) (0.133)
N 2,029 8,766 8,766 6,705 7,755 5,232 5,232
Pseudo R2 0.869 0.996 0.998 0.999 0.999 0.985 0.985
FE: sender×t, receiver×t Yes Yes Yes Yes Yes Yes Yes

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. The dependent variable is the annual US dollar amount of bilateral remittances in
column (1) and the quarterly cross-border crypto flows in columns (2) to (7), respectively. Robust standard errors, clustered
by country pairs, in parentheses. Remittance costs are measured based on the (lagged) mean of the total percentage of the
transaction value charged for payments.
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We find signs that cross-border cryptocurrency transactions are emerging as a sub-

stitute for remittance payments traditionally channelled through established financial

intermediaries. Remittance volumes display a pronounced negative cost semi-elasticity:

a one percentage point increase in remittance costs (as a share of transaction value)

is associated with a decline in remittance volumes exceeding 10% (Table 8, column 1).

This finding is consistent with limited competition within the traditional financial sector,

which enables intermediaries to sustain elevated fees in less active remittance corridors.28

In contrast, higher costs of sending remittances via traditional channels are associated

with increased cross-border stablecoin flows—approximately 1.5% for each percentage

point rise in remittance costs (columns 4 and 5)—and with a substantial increase in

low-value BTC transactions, approaching 10% (columns 6 and 7). By comparison, BTC

flows comprising all transactions as well as flows in ETH, likely reflecting a variety of

user motives, do not exhibit any significant relation to the cost of sending remittances

(columns 2 and 3).

4.5 Impact of policy interventions on crypto flows

As cryptoassets become more integrated with the broader financial system, there is a

growing concern about the emergence of financial stability risks. Policymakers have

noted that risks could be particularly relevant in emerging markets, where cryptoassets

could provide avenues to bypass capital flow management measures (CFMs) and other

exchange restrictions (Financial Stability Board, 2022). Hu et al. (2023), for instance,

estimate that capital flight could account for over one-quarter of Chinese BTC exchange

volume, with transactions motivated by circumvention of restrictions on capital outflows.

We explore how CFMs affect cross-border crypto flows by investigating the combined

effects of outflow restrictions in the sending country and of inflow restrictions in the

receiving country. We construct a time-varying country-pair measure of CFM stringency

by combining these restrictions. The measure equals +1 and −1 to indicate a tightening
28These corridors may also incur higher operational costs for banks, for example due to challenges in

maintaining correspondent banking relationships, which could further explain the elevated transaction
fees.
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and loosening, respectively, and zero otherwise. To address endogeneity concerns related

to policy interventions responding to flows, we saturate our specification with the most

comprehensive set of fixed effects, as detailed in equation (8). This accounts for time-

invariant country-pair level effects in addition to fixed effects at the sender-quarter and

receiver-quarter level.

Prior research has pointed to the risk of leakage effects, suggesting that CFMs can

often be circumvented in highly developed markets, whereas they are more effective in

less financially developed countries (e.g. Başkaya et al., 2024). To account for this, we

run our regressions not only on the full sample but also on subsamples that consist only

of flows between emerging market economies (EMEs). Indeed, for cross-border interbank

claims, our estimates suggest that CFMs constrain activity between EMEs, whereas we

find no statistically significant effect in our specification that also includes claims related

to advanced economies (column 2 versus 1 of Table 9).

Table 9: Effect of capital flow management measures

IB claims IB claims BTC BTC ETH ETH USDC USDC USDT USDT
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

CFMst−1 −0.071 −0.102∗∗ 0.249∗ 0.235∗∗ 0.049 0.055 0.048∗∗ 0.027 −0.042 −0.031
(0.048) (0.050) (0.138) (0.118) (0.061) (0.059) (0.024) (0.023) (0.029) (0.028)

H0 strict exogeneity:
p-value 0.661 0.261 0.403 0.256 0.634 0.686 0.701 0.075∗ 0.145 0.793
N 132,647 31,127 573,331 315,204 564,168 309,746 375,061 208,561 439,883 243,780
Pseudo R2 0.992 0.992 0.996 0.995 0.998 0.997 0.998 0.996 0.999 0.999
Fixed effects:
pair, sender×t, receiver×t Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Sample All EMEs All EMEs All EMEs All EMEs All EMEs

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. The dependent variable is the quarterly US dollar equivalent of bilateral
cross-border interbank (IB) claims (columns 1 and 2) and the quarterly US dollar equivalent of cross-border flows in the
cryptoasset reported in the top row (columns 3 to 10). Robust standard errors, clustered by country pairs, in parentheses.
The bottom row indicates the sample composition, distinguishing between regressions based on all flows and those based
on flows between EMEs, respectively. Capital flow measures (CFMs) are given by a categorical variable with values −1, 0,
and +1, to indicate a loosening, no change, and tightening of CFMs at the country-pair level, respectively. All coefficient
estimates are corrected for potential bias in three-way gravity equations based on the approach in Weidner and Zylkin
(2021). Strict exogeneity of CFMs is tested as in Baier and Bergstrand (2007), based on regressing crypto flows or IB
claims, respectively, on the next period’s capital flow measures (CFMt+1). The null of strict exogeneity can only be
rejected at the 10% level for USDC in specification (8) but not in any other specification.

We find some evidence of circumvention of CFMs through crypto networks (??).

Specifically, a tightening of CFMs is associated with an increase in cross-border transac-

tions in BTC of up to 25% (columns 3 and 4). For USDC, we detect a modest increase at

around 5%. For ETH and USDT the effects are statistically insignificant. This suggests

that these cryptoassets are not responsive to—but also little affected by—CFMs.
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To affirm the robustness of our findings, we test for strict exogeneity of CFMs by

using the methodology outlined in Baier and Bergstrand (2007). Our results support the

assumption of exogeneity, as we observe that future changes in CFMs are uncorrelated

with contemporaneous flows. This conclusion holds for all specifications for where a

significant impact of CFMs on flows is identified. These findings align with the notion that

capital controls primarily target cross-border services facilitated by traditional financial

intermediaries.

To further sharpen our analysis, we investigate the impact on crypto flows of geopo-

litical shocks and their resulting restrictions on capital flows. Specifically, we consider

the impact of the financial sanctions imposed by Western countries and others against

Russia as of late February 2022 (e.g. Mills, 2025).

We begin our investigation by analysing downloads of crypto exchange apps, as these

should respond promptly to policy shocks if users attempt to circumvent the restrictions.

Table 10 reports downloads in the 12 months before and after February 2022. Using

public sources and rankings, we classify crypto exchanges into two categories: regular

exchanges and low-KYC crypto exchanges, based on how strictly KYC rules are being

imposed (see also Annex A.4). In both periods, regular exchanges accounted for the

majority of downloads. However, a notable divergence emerges in the share of downloads

originating from Russia. While total global downloads declined by over 50% in the period

after February 2022, likely reflecting a broader cooling of investor sentiment in cryptoasset

markets, downloads from Russia decreased by only around 30%. Consequently, Russia’s

share of total downloads rose from roughly 2% to 3%.

The shift in download activity is particularly pronounced for crypto exchanges with

less stringent KYC enforcement. While global downloads of low-KYC exchanges expe-

rienced a decline, downloads originating from Russia tripled after February 2022. This

pattern suggests a growing preference for platforms with less stringent identity verifica-

tion, likely driven by the imposition of sanctions.

To investigate the impact of this shift on cross-border crypto flows more formally, we

create a proxy of monthly bilateral flows between low-KYC exchanges and allocate these
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Table 10: App downloads in millions by crypto exchange category

Mar 2021–Feb 2022 Mar 2022–Feb 2023
Regular KYC exchanges
Total downloads 447.3 217.8

of which from Russia 9.5 6.8
Share of total 2.1% 3.1%

Low-KYC exchanges
Total downloads 17.7 16.4

of which from Russia 0.4 1.3
Share of total 2.5% 8.0%

Note: Based on a total of 332 crypto exchanges, of which 25 were categorised as having a low level of know-your-customer
(KYC) rule enforcement (“low-KYC”). This categorisation is derived from multiple public sources and rankings, requiring
that a crypto exchange be consistently classified as low-KYC across several independent sources.

flows to countries as detailed in Annex A.4. Next, we assess the changes in the share of

low-KYC crypto flows originating from Russia before and after February 2022 based on

the following PPML regression:

low-kycijt = exp [αij + γjt + Postt × sRU β ] ωijt, (10)

where low-kycijt is the bilateral flow from country i to country j in month t routed through

low-KYC exchanges as a percentage share of the total amount of bilateral flows from i to

j in the same month. To capture potential substitution across cryptoassets, we measure

flows based on the sum of all four cryptoassets in the sample but also consider separate

regressions for BTC and stablecoins. We set our window of analysis to six months, such

that the binary variable Postt is equal to zero for the period from December 2021 to

February 2022 and equal to one for the period from March to May 2022. sRU indicates

flows originating from Russia. We saturate the model to sharpen the identification by

including fixed effects at the sender-receiver (pair) level, αij, and by controlling for time-

varying shifts in transaction volumes at the receiver-month level, γit.

Table 11 points to a statistically significant increase in the use of low-KYC exchanges

for transactions originating from Russia after the imposition of sanctions. Comparing

cross-border activity before and after the imposition of the sanctions, the share of low-

KYC flows increases by around 20% (column 1), consistent with a rerouting of cross-
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border transactions to evade heightened scrutiny and circumvent restrictions, as low-

KYC platforms impose fewer or no verification requirements. Intuitively, the increase is

particularly pronounced for BTC flows (column 2), which remain largely outside the reach

of law-enforcement authorities, but it is also significant for stablecoin flows (column 3). By

comparison, no effect is discernible for flows from senders in the United States (column 4)

or the euro area (column 5) over this period of observation.

Table 11: Low-KYC flows: pre vs post February 2022

All crypto BTC Stablecoins All crypto All crypto
(1) (2) (3) (4) (5)

Post × sender from Russia 0.195∗∗∗ 0.498∗∗∗ 0.142∗∗∗

(0.033) (0.114) (0.025)
Post × sender from U.S. 0.064

(0.083)
Post × sender from euro area −0.019

(0.021)
N 38,320 38,320 38,320 37,840 37,840
Pseudo R2 0.369 0.123 0.364 0.370 0.370

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. Robust standard errors, clustered by country pairs and months, in parentheses.
The dependent variable is the share of monthly bilateral cross-border low-KYC flows as a percentage share of total bilateral
cross-border flows in all four cryptoassets (columns 1, 4 and 5), in BTC column 2) and in stablecoins (column 3), respectively.
For consistency, flows received by Russia are excluded in regressions 4 and 5. The binary variable P ost is equal to zero for
the period from December 2021 to February 2022 and equal to one for the period from March to May 2022. All regressions
include fixed effects at the level of the receiver-sender (pair) level and the receiver-month.

5 Conclusion

This paper maps bilateral flows of major cryptoassets to uncover drivers of cross-border

activity in both unbacked cryptoassets and stablecoins from 2017 to 2024. We document

key nodes and edges of the country-to-country networks, highlighting the central role

of the United States and the pivotal role of major emerging markets. Additionally, we

observe substantial geographical shifts in activity amid significant growth in cross-border

transaction volumes.

We next use a gravity framework to assess whether cross-border transactions in cryp-

toassets can be linked to drivers commonly associated with traditional financial activity.

Our findings reveal that geographical distance curbs cross-border crypto flows far less

than it does traditional financial flows. Indeed, cryptoassets used in decentralised net-

works appear to largely defy traditional frictions in capital flows. Conversely, a tightening
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of global funding conditions correlates with a decline in cross-border crypto flows, indica-

tive of the use of cryptoassets as a risky investment. Furthermore, stablecoin flows are

shown to co-move with the global financial cycle as reflected in CIP deviations, broadly

paralleling the behaviour of traditional interbank claims. At the same time, we also

find evidence of stablecoins and low-value BTC transfers being used for transactions in

the context of remittances. This is indicative of the multifacetted use cases of different

cryptoassets.

Finally, our assessment highlights a continuing need for future research to understand

the dynamics of global crypto flows. Our analysis indicates that policy measures designed

to dampen traditional financial flows may have limited impact on constraining cross-

border crypto activity. Yet, as cryptoassets become more integrated with mainstream

finance, understanding the systemic risks and potential contagion effects between these

markets will be essential for policymakers and market participants alike. At the same time,

the socio-economic implications of increased crypto adoption, particularly in emerging

market and developing countries, warrant a deeper examination. This includes assessing

the impact on financial inclusion and economic stability, and the potential for cryptoassets

to serve as a hedge against local currency volatility and weakness.
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A Online appendix

A.1 Figures
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Figure A.1: Comparison of cross-border Bitcoin (BTC) flows
This graph presents quarterly cross-border BTC flows in US dollar equivalents from Q1 2017 to Q2 2024.
The black dashed line shows total flows from Chainalysis, while the black solid line shows exchange-to-
exchange flows from Iknaio, derived using the matching and weighting procedure in Annex A.2. The red
solid and dashed lines represent flows for transactions below US$ 500 and US$ 200, respectively.
ALT TEXT: Line chart comparing quarterly cross-border Bitcoin (BTC) flows in US dollar equivalents
from Q1 2017 to Q2 2024, based on two data sources: Chainalysis and Iknaio. The chart shows total
flows from both sources (right-hand scale) and highlights low-value transactions below US$ 500 and
US$ 200 (left-hand scale). The visual illustrates differences in volume and coverage between the datasets
over time.
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(A) Flows vs users (B) Flows vs crypto adoption
Figure A.2: Gauging the accuracy of approximated cross-border flows
Panel A shows the relationship, by country, between the log of average crypto exchange users (in
millions, x-axis) and the log of total cross-border flows (in US$ billions) of BTC, ETH, USDC, and
USDT (y-axis) during Q3 2023 to Q2 2024. The log number of users explains approximately 64% of the
variation in log flows, with a statistically significant pairwise correlation coefficient of 0.8.
Panel B illustrates, by country, the percentage of survey respondents owning or using cryptoassets in
2023 (or the latest available year, x-axis) against cross-border flows of BTC, ETH, USDC, and USDT
(as a percentage of GDP, y-axis) over the same period. Cryptoasset adoption accounts for roughly 26%
of the variation in flows, with a statistically significant pairwise correlation coefficient of 0.5.
ALT TEXT: Panel A. Scatterplot showing the relationship between the log of average crypto exchange
users (in millions, x-axis) and the log of total cross-border flows (in US$ billions, y-axis) for BTC, ETH,
USDC, and USDT during Q3 2023 to Q2 2024. The plot demonstrates a strong positive correlation
between the number of users and the volume of cross-border crypto flows by country.
Panel B. Scatterplot illustrating the relationship between the percentage of survey respondents owning
or using cryptoassets in 2023 (x-axis) and cross-border flows of BTC, ETH, USDC, and USDT as a
percentage of GDP (y-axis) over the same period. The chart shows a positive association between
cryptoasset adoption and the intensity of cross-border flows across countries.
Sources: Chainalysis (flow data); SensorTower (user statistics); Statista (survey data).
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Figure A.3: Global Ether (ETH) map
This map depicts bilateral cross-border ETH flows. Country colours represent the total US$ equivalent
of ETH sent abroad in the first half of 2024, with countries grouped into eight categories. Black arrows
represent bilateral flows equivalent to at least $US 1 billion, light grey arrows represent flows equivalent
at least $US 500 million but less than $US 1 billion.
ALT TEXT: World map showing bilateral cross-border ETH flows in the first half of 2024. Countries
are shaded by the total US dollar value of ETH sent abroad, grouped into eight categories. Black arrows
indicate bilateral flows of at least US$ 1 billion, highlighting major transaction corridors. Light grey
arrows represent flows equivalent to at least $US 500 million but less than $US 1 billion. The map
illustrates the global distribution and main routes of ETH cross-border activity, with key nodes in the
United States, United Kingdom and major emerging markets.
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Figure A.4: Global USD Coin (USDC) map
This map depicts bilateral cross-border USDC flows. Country colours represent the total US$ equivalent
of USDC sent abroad in the first half of 2024, with countries grouped into eight categories. The arrows
represent bilateral flows equivalent to at least $US 1 billion.
ALT TEXT: World map showing bilateral cross-border USDC flows in the first half of 2024. Countries
are shaded by the total US dollar value of USDC sent abroad, grouped into eight categories. Black
arrows indicate bilateral flows of at least US$ 1 billion, highlighting major transaction corridors. The
map illustrates the global distribution and main routes of USDC cross-border activity, with key nodes
in the United States, United Kingdom as well as India and major emerging markets.
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A.2 Alternative measures of cross-border Bitcoin flows

This annex describes the construction of the alternative measure of Bitcoin (BTC) flows

used for the analysis of low-value flows in columns 6 and 7 of Table 8. The measure draws

on Iknaio data, providing daily data on BTC flows between up to 303 crypto exchanges.

This dataset contains time series for the US dollar equivalent of all flows as well as flows

below US$ 500 and below US$ 200. To address concerns about an artificial inflation of

transaction volumes by individual exchanges (“wash trading”), we exclude daily flows

within the same exchange that exceed the 99th percentile in the sample.

We employ usage statistics on the crypto exchanges’ smartphone applications from

SensorTower (see Auer et al., 2025 for a discussion) to allocate the BTC flows to countries.

Specifically, we match country-level information on SensorTower’s estimated number of

active exchange users to each crypto exchange-month observation. For the period of

observation (2017–24), our data record up to 170 million active users in a given month,

suggesting broad coverage.

For each exchange, e, we calculate weights for country i in month t as follows:

weightei,t = Active usersei,t × GDPi,t∑
j∈Ωe

(Active usersej,t × GDPj,t)
, (11)

where Ωe represents the set of all countries j with active users for crypto exchange e.

GDPi,t is country i’s GDP per capita in month t, which we interpolate from annual data

to avoid jumps at year-end. For the months in 2024, we use the year-end value of 2023,

the latest available data point at the time of writing. Weighting by GDP per capita

accounts for differences in wealth and income across users.

As a final step, we employ the weights of the sending and receiving crypto exchanges

to map flows pro rata to the corresponding bilateral flow from country to country. With

user weight weightei,t, for country i at exchange e and weight weightfj,t for country j at

exchange f , flows from exchange e to f in period t, flowef,t, yield an approximated flow

from i to j equal to:

flowij,t = flowef,t × weightei,t × weightfj,t. (12)
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We aggregate flows at quarterly frequency to align them with the available frequency of

our controls (see Table 8 and Table A.1 below).

This approach yields cross-border BTC flows for 84 countries, for which we plot total

quarterly US dollar amounts (see the black solid line) alongside those from Chainalysis

(black dashed line) in Figure A.1. On average, the Iknaio data account for about 35% of

the transaction volume reported by Chainalysis, with coverage varying over time.

Table A.1: Alternative measure of Bitcoin flows: key drivers

(1) (2) (3) (4)
Gravity
Distance −0.214∗∗∗ −0.226∗∗∗ −0.226∗∗∗ −0.226∗∗∗

(0.023) (0.024) (0.024) (0.024)
Common border 0.265∗∗ 0.279∗∗ 0.279∗∗ 0.279∗∗

(0.112) (0.117) (0.117) (0.117)
Common language 0.374∗∗∗ 0.392∗∗∗ 0.392∗∗∗ 0.392∗∗∗

(0.058) (0.061) (0.061) (0.061)
Global factors (t–1)
VIX 1.973∗∗∗ 1.735∗∗∗ 1.979∗∗∗

(0.077) (0.052) (0.067)
High-yield spread −2.422∗∗∗ −2.350∗∗∗

(0.090) (0.061)
Dollar index −10.602∗∗∗

(0.316)
Federal funds rate −0.072∗∗∗

(0.007)
US growth −0.006∗∗

(0.003)
Crypto risk factors (t–1)
BTC-USD volatility 0.911∗∗∗ 0.178∗∗∗

(0.062) (0.050)
Crypto market 6.042∗∗∗

(0.164)
Crypto size −0.838∗∗∗

(0.101)
Crypto momentum −7.461∗∗∗

(0.440)
N 170,560 173,316 173,316 173,316
Pseudo R2 0.946 0.844 0.822 0.856
FE: sender×t & receiver×t Yes
FE: sender & receiver Yes Yes Yes

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. The dependent variable is the quarterly US dollar amount of bilateral cross-border
Bitcoin (BTC) flows based on the measure presented in Appendix A.2. Robust standard errors, clustered by country pairs,
in parentheses.

To assess the robustness of our main analysis using Chainalysis data, we repeat the

regressions in Table 5 based on using total BTC flows from Iknaio. The results, presented

in Table A.1, affirm the robustness of our main results with two exceptions: First, flows

among crypto exchanges exhibit a tighter link to geographical and linguistic proximity
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than those based on the broader Chainalysis dataset. This aligns with the observation

that crypto exchanges with strong interconnections often serve users from similar regions

or those who share a common native language, for instance, by promoting their services

in the same language. Second, we find that higher US growth is associated with a

statistically significant, but quantitatively small, decline in flows among crypto exchanges.

A.3 Aggregate flow measures

This annex uses an alternative empirical approach to assess the robustness of our main

findings. Following the international capital flows literature (see e.g. Koepke, 2019 for

a discussion), we aggregate the flows, fit, received by each country, i, across all sending

countries and scale this measure by the receiving country’s GDP, gdpit. Taking logs, we

regress the following specification:

ln
(

fit

gdpit

)
= αi + (xit−1 + xt−1) β + εit. (13)

xit−1 represents the country-level factors and xt−1 the global factors and crypto risk factors

employed in our main analysis above, whereas αi accounts for time-invariant country-level

effects and εit is the error term.

Overall, the findings based on aggregated flows (Table A.2) are qualitatively consistent

with the estimates obtained from the bilateral flows in our main analysis, but quantita-

tive differences underscore the additional insights that can be inferred from using more

granular data.

The estimated effect of global factors on aggregate crypto flows generally tallies with

the estimates based on using bilateral flows. The impact of the VIX and of high-yield

spreads is qualitatively the same for the aggregate flows. The relative size of the elastic-

ities across cryptoassets is also similar, with stablecoin flows most sensitive to changes

in these global factors. Likewise, changes in the Federal funds rate are associated with

only modest changes in native cryptoasset flows (columns 1 to 4), whereas stablecoin

flows exhibit a positive correlation, consistent with our findings based on bilateral flows
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Table A.2: Drivers of aggregate crypto flows

BTC BTC ETH ETH USDC USDC USDT USDT
(1) (2) (3) (4) (5) (6) (7) (8)

Global factors (t–1)
VIX 2.71∗∗∗ 2.87∗∗∗ 3.68∗∗∗ 4.07∗∗∗ 9.60∗∗∗ 7.87∗∗∗ 15.38∗∗∗ 15.96∗∗∗

(0.14) (0.16) (0.20) (0.21) (0.49) (0.40) (0.29) (0.26)
High-yield spread −4.23∗∗∗ −3.83∗∗∗ −5.73∗∗∗ −5.25∗∗∗ −10.57∗∗∗ −8.04∗∗∗ −11.49∗∗∗ −8.85∗∗∗

(0.15) (0.15) (0.23) (0.22) (0.47) (0.41) (0.34) (0.35)
Federal funds rate −0.03 −0.02 −0.07∗∗ −0.01 0.43∗∗∗ 0.36∗∗∗ 0.69∗∗∗ 0.98∗∗∗

(0.02) (0.03) (0.03) (0.03) (0.04) (0.04) (0.03) (0.03)
US growth −0.01∗ 0.05∗∗∗ 0.04∗∗∗ 0.14∗∗∗ 0.11∗∗∗ 0.21∗∗∗ 0.31∗∗∗ 0.63∗∗∗

(0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.02)
Country-level factors (t–1)
High inflation 0.36∗∗∗ 0.31∗∗∗ 0.76∗∗∗ 0.65∗∗∗ 0.99∗∗∗ 1.22∗∗∗ 0.71∗∗∗ 0.39∗

(0.08) (0.08) (0.12) (0.12) (0.14) (0.14) (0.22) (0.23)
High GDP growth 0.06 0.07 0.17∗∗ 0.19∗∗ 0.11 0.27∗ 0.09 0.29

(0.06) (0.06) (0.08) (0.08) (0.15) (0.16) (0.20) (0.19)
Crypto risk factors (t–1)
BTC-USD volatility 1.21∗∗∗ 1.83∗∗∗ −6.76∗∗∗ −8.86∗∗∗

(0.10) (0.12) (0.49) (0.69)
Crypto market 12.97∗∗∗ 19.38∗∗∗ 8.70∗∗∗ 28.74∗∗∗

(0.47) (0.53) (1.29) (2.26)
Crypto size −3.62∗∗∗ −4.93∗∗∗ −7.64∗∗∗ −14.94∗∗∗

(0.33) (0.36) (0.73) (0.96)
Crypto momentum −7.66∗∗∗ −4.62∗∗∗ 28.11∗∗∗ 41.90∗∗∗

(0.72) (0.89) (2.71) (2.79)
N 3,767 3,767 3,760 3,760 2,755 2,755 3,271 3,271
Adjusted R2 0.857 0.873 0.812 0.836 0.766 0.763 0.611 0.624
FE: country Yes Yes Yes Yes Yes Yes Yes Yes

Note: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1. The dependent variable is the log of the quarterly US dollar equivalent of
country-level cross-border crypto flows as a share of GDP. Robust standard errors, clustered by country, in parentheses.
High inflation and high GDP growth are binary variables that are equal to one (zero otherwise) if the country’s inflation
and GDP growth, respectively, are above the 75th percentile of the sample distribution in a given quarter.

(columns 5 to 8). Additionally, we find that a rise in global economic activity, as gauged

from US growth rates, is associated with increased cross-border stablecoin transaction

volumes.

Country-level factors confirm the positive association of crypto flows and receiving

countries’ inflation. Likewise, estimates of the impact of high GDP growth point to a

supportive, although statistically often insignificant, effect on flows.

Crypto risk factors, finally, exhibit a qualitatively similar effect on crypto flows when

considered at the country-level and at the more granular bilateral level. Most notably,

our estimates confirm the negative association of flows in unbacked cryptoassets with

past periods of strong crypto momentum based on aggregate data, in difference to the

positive association found for stablecoins.
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A.4 Low-KYC flow measure

This annex summarises the measurement of the share of flows through exchanges with

low know-your-customer (KYC) rule enforcement (see equation (10) in Section 4.5).

The measure is based on data provided by Chainalysis, from which we obtain monthly

data on the US dollar equivalent of crypto flows (i.e. BTC, ETH, USDC and USDT)

between business entities, such as centralised and decentralised crypto exchanges.

In addition, we consult multiple public sources (see e.g. Makarov and Schoar, 2021)

and rankings to categorise crypto exchanges based on their enforcement of KYC rules.

We require that a crypto exchange be consistently classified as low-KYC across several

independent sources. Based on this criterion, we identify 24 low-KYC exchanges in the

Chainalysis dataset and classify flows among these exchanges as low-KYC.

Next, we match the flow data to usage statistics on crypto exchanges’ smartphone

applications from SensorTower in order to allocate the flows to countries as described in

Annex A.2.

Finally, we calculate the share of low-KYC flows between sending country i and

receiving country j in month t as the percentage share of the total flows between i and

j in the same month based on using the matched dataset of exchange-to-exchange flows.

Only flows between two low-KYC exchanges qualify as low-KYC flows.

Our final sample consists of 84 sending and receiving countries, with an average low-

KYC share of 0.5% for the six months from December 2021 to May 2022.
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