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Abstract
This thesis analyzes the impact of stablecoin depegging on Bitcoin’s volatility.
The study introduces stablecoins and their function within the cryptocurrency
market, focusing on their role in providing stability and liquidity in the cryp-
tocurrency market. Through a Two-Stage Least Squares method and a metric
for daily market stablecoin depegging, the research finds a significant positive
effect of stablecoin depegging on Bitcoin’s realized volatility. The uncertainty
caused by the stablecoins’ depeg may lead to increased Bitcoin volatility, which
may be caused by increased activity and reallocation of portfolios. The find-
ings highlight the need for increased stability of stablecoins to avoid introducing
more volatility and uncertainty to the market.
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coin’s Volatility

Abstrakt
Tato práce analyzuje dopad odchýlení stablecoinů od jejich vázané hodnoty
na volatilitu Bitcoinu. Studie představuje stablecoiny a jejich funkci na trhu
kryptoměn se zaměřením na jejich roli při poskytování stability a likvidity na
trhu kryptoměn. Pomocí metody Two-Stage Least Squares a metriky denního
odchýlení stablecoinů byl při výzkumu zjištěn signifikantní pozitivní efekt od-
chýlení stablecoinů od jejich vázané hodnoty na volatilitu Bitcoinu. Nejistota
způsobená odchýlením stablecoinů může vést ke zvýšené volatilitě Bitcoinu v
důsledku zvýšeného obchodování a přerozdělování portfolií. Zjištění zdůrazňují
potřebu zvýšené stability stablecoinů, aby se předešlo zvýšení volatility a ne-
jistoty na trhu.
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Chapter 1

Introduction

In 2008, Satoshi Nakamoto introduced Bitcoin to the world through a white
paper, Bitcoin: A Peer-to-Peer Electronic Cash System, proposing a decentral-
ized digital currency (Nakamoto 2008). This innovative concept aimed to offer
peer-to-peer online transactions without intermediaries. Bitcoin has become a
globally recognized asset, profoundly impacting financial innovation, technol-
ogy, and regulatory landscapes. It has sparked a wave of technological advance-
ments in decentralized finance, generating a vast ecosystem of cryptocurrencies
and blockchain applications that are redefining traditional concepts of money
and finance.

Since its creation, Bitcoin has evolved from a niche digital currency to a
widely recognized asset. Initially aimed at being used for peer-to-peer transac-
tions, it now also attracts attention from investors and institutions. However,
Bitcoin’s high volatility remains one of the barriers to its widespread adop-
tion (Srivastava et al. 2024) and complicates its use as a medium of exchange
(Baur & Dimpfl 2021). Bitcoin’s unpredictable price swings impede everyday
transactions, thus limiting Bitcoin’s practicality for regular commerce.

To leverage some of the benefits of peer-to-peer networks and bring stability
to the highly volatile crypto world, stablecoins were introduced. Stablecoins
such as Tether (USDT) and USD Coin (USDC) have gained significant trac-
tion due to their ability to enable transactions with more stability than other
cryptoassets. These digital currencies are designed to maintain a stable value
by being pegged to reserve assets like fiat currencies, such as the US dollar,
or commodities, such as gold and silver, and mirroring their value (Bullmann
et al. 2019). By maintaining a stable value, stablecoins enable reliable everyday
transactions, low-cost cross-border transfers, and access to financial services in
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regions with unstable currencies or limited banking infrastructure (MakerDao
2020c).

Furthermore, stablecoins play an important role as a bridge between the
traditional financial market and the cryptocurrency market. Stablecoins act
as a unit of account and they provide liquidity to the cryptocurrency environ-
ment (Ramaswamy 2024), making it more accessible and appealing to a broader
range of users. Moreover, stablecoins reflect an increased demand for cryptoas-
sets, as demonstrated by Krištoufek (2022). Still, stablecoins are integral to
the decentralized finance (DeFi) ecosystem as they are also used for lending,
borrowing, and trading (Ramaswamy 2024) while also serving as a safe haven
against Bitcoin’s and other assets’ volatilities (Baur & Hoang 2020).

As of December 13, 2023, stablecoins constituted approximately 7.6% of the
entire cryptocurrency market (CoinGecko 2023; DefiLlama 2023). The ability
of stablecoins to live up to their name and maintain a consistent value is cru-
cial for the trust and confidence of investors and users in the crypto ecosystem.
However, there are daily notable instances of depegging, where stablecoins de-
viate from their targeted peg value. Nevertheless, some instances deserve a spe-
cial mention. One of the most prominent cases is TerraUSD, which completely
depegged from its targeted value and never recovered (DefiLlama 2023). This
phenomenon is not isolated. Tether experienced significant depegging events
in 2018 and also in 2023. USD Coin faced similar issues in 2020 and again in
2023 following the collapse of Silicon Valley Bank. Additionally, Dai depegged
upwards to $1.10 in 2020, representing a 10% deviation from its peg, and sub-
sequently fell to as low as $0.97 during the following month (DefiLlama 2023).
These extreme examples highlight that even the largest stablecoins have strug-
gled to consistently maintain their pegged value. Furthermore, stablecoins with
lower market capitalization exhibit pronounced depegging events, for example,
True USD (TUSD), Binance USD (BUSD), PAX Dollar (USDP), and others
(Coinmarketcap 2023). These occurrences emphasize the challenges in achiev-
ing and maintaining stability in the volatile cryptocurrency market, even when
backed by traditional fiat currencies or cryptoassets.

When stablecoins depeg, it undermines their core function of maintaining
their peg value, leading to a loss of trust among users and possibly introducing
uncertainty to the market as shown in the case of TerraUSD by Liu et al.
(2023). This uncertainty can create Bitcoin and market volatility, resulting
in financial losses for investors and disruptions to DeFi protocols that rely on
stablecoins for liquidity and stability. Also, the instability of stablecoins can
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potentially attract increased regulatory scrutiny, which may impose additional
challenges for the cryptocurrency market. Consequently, the possible impacts
of stablecoin volatility underscore the need for robust mechanisms to ensure
their stability and reliability.

For Bitcoin specifically, stablecoin depegging poses particular risks. Stable-
coins provide market liquidity and stability and facilitate trading of cryptocur-
rencies, including Bitcoin (Ramaswamy 2024). By maintaining a stable value,
they help reduce volatility in trading pairs, thus providing a stable counter-
balance to Bitcoin’s price fluctuations. When stablecoins depeg, the perceived
stability of these trading pairs is compromised, potentially affecting the entire
crypto market. Additionally, as discussed by Liu et al. (2023), the overall loss
of confidence in the crypto market caused by stablecoins’ instability can poten-
tially deter new investors from entering the space or drive current users away.
This can negatively impact Bitcoin’s adoption and growth potential.

The depegging of stablecoins can affect the volatility of Bitcoin through
multiple channels, according to the author of the thesis. Firstly, even small
stablecoin depegs can introduce uncertainty into the market. When the source
of stability within the blockchain ecosystem fails to maintain its value, market
participants may react negatively by exiting the market or reallocating their
investments to other assets. Secondly, stablecoins rely on arbitrage mecha-
nisms to maintain their peg. Deviations from the peg can prompt traders to
exploit arbitrage opportunities, leading to the closing of open positions and
to increased arbitrage transactions, increasing the volatility of Bitcoin. Fur-
thermore, stablecoins provide crucial liquidity to the market, and therefore,
their instability can disrupt liquidity flows, further increasing Bitcoin volatil-
ity. Moreover, the potential loss of trust in the stablecoin due to depegging
may lead to panic selling of the stablecoin and a potential increase in Bitcoin’s
volatility.

The primary research question of this thesis is to investigate whether the
depegging of stablecoins has effect on the volatility of Bitcoin. To the best of
the author’s knowledge, this hypothesis has not been conclusively addressed in
existing literature. This thesis adopts the methodology outlined in Krištoufek
(2023) to determine the presence and significance of stablecoin depeg effect on
Bitcoin’s volatility. Specifically, the thesis employs a Two-Stage Least Squares
model and introduces a novel metric for calculating the market depegging of
stablecoins. The analysis uses an extensive dataset encompassing both off-
chain and on-chain metrics, as well as data from traditional financial markets.
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Through this research, the author aims to extend the findings of Krištoufek
(2023) on the volatility of Bitcoin, and aims to add to the current literature on
the volatility spillovers from stablecoins to Bitcoin (Grobys et al. 2021; Smales
2021).

The main finding of this thesis is the identification of a significant effect of
stablecoin depegging on Bitcoin’s realized volatility. This research is the first to
demonstrate that even relatively small depegs of stablecoins from their pegged
value can lead to substantial increases in Bitcoin volatility. When stablecoins
lose their peg, it may create market-wide uncertainty and instability. This
may lead to portfolio reallocations and consequently to increases in Bitcoin’s
volatility as investors respond to the perceived risks of depegged stablecoins.
The research indicates that the stability of stablecoins is critical for the broader
cryptocurrency ecosystem and can help reduce the high volatility of Bitcoin and
the entire cryptocurrency market.

This thesis commences with Chapter 2, which introduces stablecoins and
their stabilizing mechanisms. Chapter 3 provides a comprehensive literature
review, summarizing current knowledge on stablecoin stability and Bitcoin
volatility. Chapter 4 explains the methodology employed in this research and
Chapter 5 outlines the dataset construction process, and provides basic descrip-
tive statistics. Chapter 6 presents and discusses the results with a thorough
commentary and interpretation. The final Chapter 7 concludes the paper and
provides the key observations, remarks, and findings derived from the analyses.



Chapter 2

Stablecoins Overview

In this chapter, the thesis aims to explain the nature of stablecoins, their
relevance in the cryptocurrency and DeFi ecosystem, and the fundamental
mechanisms that stablecoins employ to maintain their peg to a targeted asset.
Initially, the chapter provides a comprehensive explanation of stablecoins by
examining their definition and showcasing their pivotal role within the broader
cryptocurrency landscape. Furthermore, the chapter categorizes stablecoins
into three distinct types based on their stabilizing mechanisms and provides an
analysis of the underlying principles for maintaining the peg.

2.1 Stablecoins and Their Use Cases
To understand stablecoin stability and its effect on the volatility of Bitcoin
(BTC), it is essential to understand the fundamental objectives and operational
mechanisms of stablecoins. The section starts by exploring the definition of
stablecoins and then proceeds to discuss their purpose and role within the
cryptocurrency system.

Stablecoins are cryptocurrencies designed to mirror the value of a specific
asset or a basket of assets (Bullmann et al. 2019). Functioning as cryptoas-
sets on blockchains, the goal of stablecoins is to maintain a value of the asset
or assets they are pegged to. Primarily, the prevalent stablecoins, such as
USDT, USDC, and DAI, are pegged to the value of the US dollar (USD). Yet a
comprehensive understanding necessitates differentiation from other financial
instruments, such as commercial bank money and cryptocurrencies. In order to
capture the essence of stablecoins, this thesis adopts the definition proposed by
Lipton et al. (2020), who characterizes stablecoins as a digital unit of value pos-
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sessing three fundamental properties. According to Lipton et al. (2020), these
properties include the non-currency nature of stablecoins, their decentralized
usability, meaning they can be used independently of the issuer, and the pres-
ence of a secondary market that minimizes price volatility while maintaining the
value of the pegged asset. This definition serves as a foundational framework
employed within this thesis, accentuating stablecoins’ disruptive potential and
their identification as a novel payment system, as delineated by Lipton et al.
(2020) and ECB Crypto Assets Task Force (2020).

The financial landscape has witnessed a paradigm shift with the emergence
of Bitcoin and later stablecoins. Their innovative approach aims to maintain a
stable value, providing users with a more predictable store of value and facili-
tating smoother transactions within the digital economy (ECB Crypto Assets
Task Force 2020). The Bank for International Settlements (BIS) highlighted in
a 2020 report that stablecoins hold promise in revolutionizing payment systems
and reducing costs associated with cross-border transactions. This potential
for increased efficiency has spurred interest in stablecoins and their underly-
ing technology, positioning them as a possible disruptor in the financial sector
(Arner et al. 2020). While traditional finance has historically relied on cen-
tralized banking institutions and government-backed currencies, the ascent of
stablecoins challenges this conventional paradigm by offering a private entity
or decentralized alternatives. Catalini & Gans (2016) emphasize the transfor-
mative potential of cryptocurrencies, including stablecoins, which lies in decen-
tralized control and facilitating peer-to-peer transactions, thereby altering the
traditional dynamics of financial systems (in the on-chain mechanism case).

With their stable value proposition, stablecoins have found various practical
applications across different sectors, driven by their ability to maintain a sta-
ble value. The use cases for stablecoins are diverse, ranging from remittances
to decentralized finance. Additionally, they offer significant advantages over
traditional financial systems. One of the primary advantages of stablecoins is
their application in cross-border payments (MakerDao 2020c). Compared to
traditional banking systems, stablecoins provide a faster and more cost-effective
alternative for cross-border transactions. Individuals and businesses can lever-
age stablecoins to send and receive money globally without the delays and high
fees associated with conventional wire transfers. This makes stablecoins an
attractive option for international money transfers, enhancing efficiency and
reducing costs (MakerDao 2020c; Tether 2014).

Moreover, stablecoins have the potential to extend financial services to un-
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banked or underbanked populations, allowing people without access to tradi-
tional banking infrastructure to store value, make payments, and access finan-
cial services using stablecoins, promoting financial inclusion. This capability
is particularly impactful in regions with limited banking facilities, enabling
broader access to financial tools and services. Stablecoins offer a stable and
efficient means for companies to pay salaries or process payrolls internationally
(MakerDao 2020c).

Stablecoins also play a crucial role in the DeFi ecosystem. They serve as
a fundamental component, providing liquidity and acting as a stable medium
of exchange and unit of account within decentralized lending, borrowing, and
trading platforms (Ramaswamy 2024). Users can earn interest by lending sta-
blecoins, thereby facilitating trading activities and contributing to the growth
of DeFi (Tether 2014; MakerDao 2020a). Stablecoins are also utilized to secure
loans and collateral (U.S. Department of the Treasury 2021). Stablecoins also
serve for yield farming, which is the practice of providing liquidity to decen-
tralized exchanges where the stablecoins are deposited into liquidity pools and
earn fees and incentives in the form of governance tokens (Saengchote 2021).

Stablecoins are used as a safe haven against volatility. Traders and investors
often convert their holdings into stablecoins during periods of high Bitcoin
and market volatility to safeguard against potential losses (Baur et al. 2022).
This use case of stablecoins provides a stable asset in an otherwise fluctuat-
ing market. Díaz et al. (2023) show that stablecoins, especially those backed
by USD, are effective in diversifying and hedging cryptocurrency portfolios
against volatility and tail risks. This makes them valuable tools for risk-averse
investors and financial institutions looking to manage the risks associated with
cryptocurrency investments. Furthermore, Lyons & Viswanath-Natraj (2023)
argue that Tether is "a natural hedge for cryptoassets investors, and proxies as
a risk-free cryptoasset" (Lyons & Viswanath-Natraj 2023, p. 37). Additionally,
stablecoins enable cost-effective micropayments for digital content or services,
making them suitable for a wide range of online transactions. Furthermore, a
study by Deloitte shows that merchants believe that cryptocurrency and sta-
blecoin payments will become common (Tanco 2022).

The various use cases are also evidenced in the white paper published by
Tether (Tether 2014), where several notable applications are outlined on top
of those mentioned above. Tether specifically has a wide range of use cases,
notably introducing a prospective payment instrument, facilitating pseudo-
anonymous transactions devoid of intermediaries, ensuring easy movement of
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Tether in and out of exchanges without the necessity of retaining fiat cur-
rencies within these platforms. Moreover, Tether advocates for advantages
extended to merchants, enabling the pricing of goods in fiat currency values
on the blockchain, streamlining the conversion process while offering enhanced
privacy measures and reduced transaction fees. Additionally, Tether offers op-
erational benefits by eliminating temporal constraints on transferability. The
transactions remain viable and executable at any time. This stands in stark
contrast to the conventional international bank transfer mechanisms, which
may entail prolonged processing periods extending over multiple days (Tether
2014).

Dai is among the most widely used stablecoins, distinguished by its decen-
tralized issuance through the Maker Protocol. MakerDao highlights key use
cases, emphasizing Dai’s provision of financial autonomy and stability across
borders, independent of traditional financial systems (MakerDao 2020c). By
eliminating the need for extensive personal information, Dai enables complete
financial independence. Its decentralized generation ensures transparency and
operational continuity, facilitating low-cost transactions and diverse applica-
tions from blockchain gaming to disaster relief (MakerDao 2020a).

As explained above, the versatile nature of stablecoins makes them adapt-
able to various scenarios, ranging from everyday transactions, facilitating trad-
ing and investing in cryptoassets, to sophisticated financial instruments, con-
tributing to their growing adoption and prominence within the broader crypto
financial landscape. The list above, however, covers only some of the use cases
of stablecoins. For example, Vitalik Buterin contemplates the possibility of
having automated stablecoins. Buterin examines how they could hedge against
inflation (Buterin 2022). This proposal shows that while stablecoins are widely
used, there is still much to be explored and invented.

Stablecoins have been growing and have become highly relevant in the
crypto market. On December 31, 2023, stablecoins had a market capitaliza-
tion of $130 billion, accounting for 7.6% of the total cryptocurrency market,
which stood at $1.7 trillion. This is a significant increase compared to April
1, 2021, when the market capitalization of stablecoins was $62 billion, and
the total cryptocurrency market was $1.9 trillion, with stablecoins accounting
for only 3.2% (DefiLlama 2024). This growth highlights the increasing impor-
tance of stablecoins within the entire cryptocurrency market. The rapid rise in
the market capitalization of stablecoins demonstrates their essential role in the
otherwise highly volatile crypto market. Furthermore, the shift from a 3.2%
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market share to 7.6% over just a few years underscores the expanding use cases
and trust that investors place in stablecoins.

2.2 Stabilizing Mechanisms of Stablecoins
In this sectoin, we first examine the stabilizing mechanisms that stablecoins
employ to maintain the value of the asset they are pegged to. This thesis
examines three types of stablecoins, each based on distinct mechanisms: off-
chain collateralized, on-chain collateralized, and algorithmic stablecoins. For
the definitions of these mechanisms, this thesis refers to Schär (2021a). It is
important to note that the ECB Crypto-Assets Task Force (ECB Crypto Assets
Task Force 2020) identifies an additional category: tokenized fund mechanisms.
However, for the purposes of this thesis, the focus will remain on the three
aforementioned types.

In the following subsections, each mechanism will be explained, and the
corresponding stablecoins will be categorized accordingly. While these three
types differ in their underlying technology and some of the mechanisms for
stabilizing the pegged currency’s value, they share a common goal which is to
provide users with a stable cryptoasset and to maintain its peg to the targeted
asset (Bullmann et al. 2019), and by definition, prevent depegging. The mech-
anisms and risks associated with each type of stablecoin are slightly different
and unique to each type.

Although the stabilizing mechanisms vary slightly among different types of
stablecoins, fundamental principles that underpin their stabilizing mechanisms
are common to all. Firstly, trust in the issuer or the smart contract is fun-
damental for maintaining stablecoin’s peg. Users must have confidence that
they can retrieve their collateral in the same amount initially deposited. This
assurance is crucial for the stablecoin’s reliability and functionality, as it sup-
ports user confidence and the stability of the pegged value. Ensuring this trust
is vital for the effective operation and adoption of stablecoins (Al-Afeef et al.
2024).

Secondly, one of the most critical stabilization mechanisms is the existence
of a secondary market. In this market, prices adjust when they deviate from the
peg. The assumption is that the secondary market and issuance and redemp-
tion processes are democratized and accessible to anyone (Watsky et al. 2024).
Issuance and redemption involve fees, but it is vital to have a democratized
channel for arbitrageurs to perform arbitrage when profitable. For example,
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if the price of the stablecoin on the secondary market is above the peg, ar-
bitrageurs buy new stablecoins directly from the issuer and sell them on the
secondary market, increasing the token supply and pushing the price toward
the peg. Conversely, if the price on the secondary market is below the peg,
arbitrageurs buy the tokens on the secondary market and redeem them with
the issuer, decreasing the token supply and raising the price toward the peg
(Watsky et al. 2024; Lyons & Viswanath-Natraj 2023). This process only oc-
curs when arbitrage profits are positive, which depends on the fees charged by
the token issuer and network fees. Lower costs increase arbitrage opportunities,
allowing the market to adjust to the peg more quickly (Watsky et al. 2024).

Moreover, the demand and supply for stablecoins are significantly influ-
enced by the margin lending rates offered to leveraged traders. This is how
stablecoin holders are compensated for the risks associated with holding sta-
blecoins (Gorton et al. 2022). To summarize the importance of democratized
primary market and the existence of secondary market, the arbitrageurs act
in their own interest to make profit but also act in the interest of the pegged
stablecoin to stabilize the price of the token. This demonstrates that the users
of the network have a significant impact on the peg, and that basic economic
notions of supply and demand have a high power in keeping the price at its
peg.

Having discussed the fundamental economic principles that help stabilize
the price of stablecoins, the thesis now turns to the specific mechanisms of
the three types of stablecoins: off-chain collateralized, on-chain collateralized,
and algorithmic. The following subsections introduce these types of stablecoins
and discuss their unique risks and also their additional stabilizing mechanisms,
which although they may differ for different stablecoins, they are likely to be
similar to peers of stablecoins within the same category.

2.2.1 Off-chain Collateralized Stablecoins

In 2023, off-chain collateralized stablecoins, such as USDT, were the most
widely used stablecoins (Coinmarketcap 2023). The fundamental mechanism
underlying these stablecoins involves an issuer responsible for generating the
stablecoins upon demand. When a user deposits 1 USD, the issuer mints 1 unit
of the stablecoin, if the stablecoin is pegged 1:1 to the US dollar (as is USDT).
This issuance process ensures that every stablecoin created should have a cor-
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responding amount of US dollars (fiat currency) backing it Bullmann et al.
(2019). The issuer commits to a redeemability promise, reassuring the holders
that at any point they wish to redeem their stablecoins, they can do so for an
equivalent value of 1 USD. This commitment to redeemability underscores the
stability and trust associated with stablecoins, offering users a reliable bridge
between the volatile cryptocurrency world and the stability of traditional fiat
currencies (Bullmann et al. 2019). The mechanism is the same with other
currencies or assets.

Off-chain collateralized stablecoins face several risks, primarily counterparty
risk and regulatory risk (Ferreira 2021; Schär 2021a). For these stablecoins,
trust in the issuer is paramount. Users must trust that their collateral, in this
case, fiat currency, is safe and will be returned upon redemption (Al-Afeef et al.
2024). Even if the reserves are safely invested and kept in liquid, secure forms,
they still face regulatory risk. Reserves can be confiscated or frozen by legal
authorities of the banks where they are stored or invested. This risk can never
be fully mitigated (Schär 2021a).

Additionally, off-chain collateralized stablecoins always face counterparty
risk, especially since the issuer is often a private entity driven by profit. Issuers
typically invest reserves to generate profit. Despite Tether’s assurance that "at
any given time the balance of fiat currency held in our reserves will be equal to
(or greater than) the number of tethers in circulation" (Tether 2014, p. 4). The
fact that Tether invests the collateral means that if all USDT holders wanted
to redeem simultaneously (similar to a bank run), it might not be possible
to satisfy all holders who are trying to redeem USDT for USD (Gorton et al.
2022).

This bank-run risk, similar to that faced by traditional banks, can never
be fully mitigated but can be partially managed with prudent reserve man-
agement. Ensuring that reserves are safely invested in liquid assets such as
US Treasuries enhances trust in the issuer, unlike when reserves are invested
unwisely. Although the safest approach would be to keep reserves uninvested,
issuers must invest them to generate profit (Gorton et al. 2022). Thus, trust
in the issuer and the management of reserves are pivotal in maintaining the
stablecoin’s peg. High market capitalization indicates substantial user trust,
as users would not collateralize their fiat currencies otherwise.

In summary, off-chain collateralized stablecoins fundamentally rely on the
trust of the issuer and a democratized primary and secondary market that al-
lows for arbitrage. Managing market expectations and building trust through
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transparency in reserve management are important for maintaining both trust
and stability of the peg.

2.2.2 On-chain Collateralized Stablecoins

The thesis will describe on-chain collateralized stablecoins, focusing on their
stabilizing mechanisms and associated risks. This part will use DAI from Mak-
erDAO as an illustrative example to explain the underlying stabilizing mech-
anisms and risks. The aim is to demonstrate what mechanisms are used for
DAI and for on-chain collateralized stablecoins in general. The DAI stable-
coin uses the same primary stabilizing mechanism as other stablecoin types
but also employs secondary stabilizing mechanisms, most importantly, over-
collateralization, saving rates, and auctions (MakerDao 2020b). These mech-
anisms are more complex than those for off-chain collateralized stablecoins,
allowing for a more decentralized platform that mitigates counterparty and
regulatory risks. However, new risks can arise, such as the potential for smart
contract malfunctions or vulnerability to attacks (Schär 2021a).

MakerDAO’s DAI is based on smart contracts on the blockchain. Any user
can open a collateralized debt position with the smart contract to create DAI.
To do this, one needs to create a collateralized Vault and fund it with an eligible
token. Next, the user can generate DAI based on the value of collateral locked
in the Vault, thereby opening a collateralized debt position. When the holder
of DAI wants to redeem their collateral, they first need to repay the debt and
return the DAI tokens along with a stability fee. Once repaid, the user can
retrieve their collateral, and the collateralized debt position is closed. Stability
fees are crucial in keeping DAI pegged to 1 USD (MakerDao 2020a).

As MakerDAO is a decentralized platform, it is governed by the Governance
of the Maker Protocol Tokens, allowing the platform to be managed through
voting rights. Each collateral asset has a different risk parameter, and each
Vault has its own Liquidity ratio, which determines when a position is liqui-
dated via auctions. The over-collateralization ensures that even if the price of
the collateral decreases, there is still enough collateral to cover the position.
For example, if users want to generate 1 USD worth of DAI with Ethereum,
they need to collateralize, for example, at least 1.5 USD worth of Ethereum. If
the value of Ethereum falls below this liquidation target, the position is liqui-
dated in an auction. If the auction covers the debt, the remaining collateral is
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returned to the original debt holder. If not, it turns into protocol debt, poten-
tially leading to a debt auction where new Maker Protocol Tokens are auctioned
to pay off the DAI debt (MakerDao 2020a). From the user’s perspective, over-
collateralization is disadvantageous because it necessitates a significantly larger
initial deposit than the value of the stablecoins issued. Additionally, there is
a constant risk of liquidation if the value of the collateral declines, which can
result in the loss of the deposited assets (Schär 2021a).

The proceeds from stability fees and auctions are used to pay the DAI
Savings Rate, a further stabilization mechanism that incentivizes holders of
DAI to either put DAI into the market or withdraw it. For instance, if DAI’s
value is above 1 USD, the Dai Savings Rate is decreased, reducing demand and
pushing the price down. Conversely, if the price of DAI is below 1 USD, the
Dai Savings Rate is increased to boost demand. MakerDAO also employs the
Peg Stability Module, allowing DAI to be swapped with USDC at a 1:1 ratio
(minus fees), providing further arbitrage opportunities. In extreme cases, the
Emergency Shutdown protocol can be activated, protecting users and allowing
collateral redemptions after settling debts (MakerDao 2020b).

On-chain collateralized stablecoins utilize a combination of primary and
secondary stabilizing mechanisms, including over-collateralization, saving rates,
and auctions, to maintain stability and decentralization, thereby reducing coun-
terparty and regulatory risks. However, these mechanisms introduce new risks,
such as the potential for smart contract malfunctions and susceptibility to at-
tacks, which need to be carefully managed. It is important to note that this
thesis aims to explain and illustrate how these mechanisms work, however,
these mechanisms are evolving constantly and this thesis describes them as of
November 2023.

2.2.3 Algorithmic Stablecoins

Many authors, including Schär (2021a), argue that the economics of algorith-
mic stablecoins are flawed. While algorithmic stablecoins may maintain the
peg in low-volatility environments and bull markets, maintaining the peg dur-
ing highly volatile periods is almost impossible (Schär 2021a). This is demon-
strated by the case of TerraUSD (UST) and its collapse in 2022 (Coinmar-
ketcap 2023; Liu et al. 2023). Although algorithmic stablecoins often exhibit
the highest deviations from their peg, they are the most innovative and have
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significant disruptive potential as discussed by the ECB Crypto Assets Task
Force (2020). However, work remains to be done to develop an economic algo-
rithmic mechanism that consistently maintains the peg (Schär 2021a). Some
algorithmic stablecoins, including TerraUSD, were able to maintain the peg for
a significant amount of time (DefiLlama 2023).

This thesis uses UST to explain the mechanisms intended to maintain the
peg. TerraUSD was a widely used algorithmic stablecoin, and no algorithmic
stablecoin has since achieved a higher market capitalization (DefiLlama 2023).
TerraUSD is a blockchain protocol that uses a dual-token system to stabilize its
native stablecoin, UST, at a 1:1 peg with the USD. The stabilizing mechanism
involves two tokens: Terra’s native token, Luna, and TerraUSD (Kereiakes
et al. 2019).

As introduced in the TerraUSD white paper (Kereiakes et al. 2019), Ter-
raUSD relies on an algorithmic mechanism to manage the supply of its stable-
coin, UST. When the price of UST deviates from its 1 USD peg, the protocol
adjusts the supply of UST in response to market demand. Luna plays a cru-
cial role in stabilizing the value of UST. It is used as collateral to issue new
TerraUSD or to remove TerraUSD from circulation to maintain price stability.
When UST’s price exceeds 1 USD, the protocol incentivizes users to mint new
UST by burning Luna. Conversely, when the price of UST falls below 1 USD,
the protocol buys back UST from the market and burns it, reducing the supply
and aiming to restore the peg. Users, traders, and arbitrageurs play an essential
role in stabilizing the price, similar to the mechanisms used in other stablecoin
systems. The system relies on market forces to correct deviations from the peg.
As demand for UST increases or decreases, the algorithm adjusts the supply
by minting or burning tokens, thereby influencing the price back toward the
peg (Kereiakes et al. 2019).

Overall, the stabilization mechanism of TerraUSD relies on the interaction
between Luna and UST, algorithmic adjustments, and market participants to
maintain its peg by dynamically adjusting the token supply through various in-
centives (Kereiakes et al. 2019). However, TerraUSD was not able to maintain
its peg and crashed, showing the economic infeasibility of algorithmic stable-
coins (Liu et al. 2023; Schär 2021a).



Chapter 3

Literature Review

This chapter aims to provide an overview of past scholarly work and research
conducted on the topic of stablecoins, the stability of stablecoins, and the
volatility of Bitcoin. By synthesizing and analyzing existing literature, this
literature review intends to offer a comprehensive understanding of the mech-
anisms, challenges, and influencing factors surrounding the stability of stable-
coins and volatility of Bitcoin.

3.1 Stablecoin Stability
The stability of stablecoins is a crucial aspect of their functionality, as their pri-
mary purpose depends on maintaining a stable value (Bullmann et al. 2019).
However, Hoang & Baur (2021) demonstrate that during the sample period
from October 31, 2018, to December 26, 2019, the long-term volatility of stable-
coins is significantly positive. The study further reveals that while stablecoins
exhibit greater stability than Bitcoin, their variances are higher compared to
fiat currencies such as the US dollar and the euro. Additionally, the authors
identify a positive correlation between the returns and trading volumes of in-
dividual stablecoins and Bitcoin. Notably, the correlation between USDT and
Bitcoin returns is 0.33, while the correlation between trading volume is 0.95 for
Bitcoin and USDT, and 0.69 for Bitcoin and USDC.

Furthermore, Duan & Urquhart (2023) find that stablecoins are unstable.
The authors show that USDT, USDC, BUSD, and PAX Dollar converge to the
peg in the long term, and that DAI does not converge to its peg over time.
They find that BUSD is the most stable stablecoin and has the fastest conver-
gence speed to its peg. Lyons & Viswanath-Natraj (2023) used a difference-
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in-difference method to compare the volatility of USDT before and after its
migration from the Omni blockchain to the Ethereum network in 2019. The
authors conclude that the inflow of users leads to higher inflow of arbitrage
trading as well as the profitability of arbitrage, which in turn supports the peg.
The authors find that one standard-deviation change in net inflows of Tether
significantly decreases the peg deviations by up to 0.05%.

In their work, Jarno & Kołodziejczyk (2021) name the following differentiat-
ing factors of stablecoins, for example, the blockchain they operate on, revenue
models that the issuers adopt, and also country of operations. The authors also
name other factors, such as the scale and adoption of stablecoins on cryptoas-
set exchanges and the scope of decentralization. Jarno & Kołodziejczyk (2021)
aimed to answer the question of whether the mechanism of stablecoins impact
their volatility. The authors use the standard deviations of daily returns to
answer which mechanism is more stable. The authors find that the most stable
stablecoins are off-chain collateralized, compared to on-chain collateralized and
algorithmic stablecoins which are much more volatile. It is important to note
that authors only used three algorithmic stablecoins to measure the standard
deviation, whereas, for on-chain collateralized and off-chain collateralized, they
used eight and nine, respectively. Furthermore, the daily standard deviation
of daily returns varied. Pax Dollar, the most stable stablecoin, had a stan-
dard deviation of daily returns of 4.57 percentage points, and bitUSD, being
the least stable, had a standard deviation of 16.01 percentage points. The first
five most stable stablecoins were all off-chain collateralized namely, Pax Dollar,
USDC, StableUSD, TrueUSD, and Gemini Dollar. Tether was in eighth place
with standard deviation of daily returns at 2.16 percentage points.

Bullmann et al. (2019) conduct a similar analysis and conclude that algo-
rithmic stablecoins, while the most innovative, exhibit the highest volatility.
In contrast, off-chain collateralized stablecoins demonstrate the least volatility.
The authors use the annualized average seven-day standard deviation of daily
returns to measure volatility, finding it to be 10% for Tether and 27% for Dai.
For comparison, they also report the annualized average seven-day standard
deviation of daily returns for Bitcoin which was 69% and 91% for Ether.

Furthermore, Kosse et al. (2023) in their paper, Will the Real Stablecoin
Please Stand Up?, demonstrate that stablecoins have struggled to maintain
their pegs consistently. The authors note the increasing market concentration
of Tether, USD Coin, and Binance USD following the collapse of TerraUSD,
with these three accounting for 92% of the stablecoin market capitalization
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by the end of 2022. They identify several factors contributing to this trend,
including transparency, reserve quality, volatility, and interventions from gov-
ernmental entities and exchanges. The analysis reveals an inverse relationship
between market capitalization and volatility, suggesting that smaller stable-
coins experience higher volatility, potentially due to their relative immaturity.
The paper concludes that no stablecoin has been able to maintain its value
without deviation from its peg.

The stability of stablecoins also heavily depends on the expectations and
the uncertainty of the viability of the stabilizing mechanisms and redemptions
as argued by Liu et al. (2023). The authors argue that the fall of TerraUSD was
caused by the concerns that the ecosystem was not viable and was not sustain-
able. This uncertainty then lead to the fall of TerraUSD and complete depeg-
ging after first large transactions initiated the run. The fall was accompanied
by large amounts of transactions, repositioning of portfolios, and significant
volume effects within the cryptocurrency market. The authors show that this
instability contributed largely to the instability of the entire cryptocurrency
market as TerraUSD crashed completely and as it was highly covered by news
channels.

Thanh et al. (2023) show that USDT with USDC strongly affect other
smaller market capitalization stablecoins who act as substitutes for these two
major stablecoins. The authors also show that USDT depegs positively affect
the depegs of other smaller market capitalization stablecoins. They also show
that the volatility of smaller stablecoins does not exhibit significant effects on
depegs of USDT. This indicates that USDT is the dominant player on the
stablecoins market. The authors also mention that since they study intercon-
nectedness among stablecoins and only use five stablecoins in their sample, the
effects may not be complete.

Baur & Hoang (2020) demonstrate that during periods of large negative
Bitcoin returns, stablecoins often become unstable but still act as a safe haven
by positively reacting to these negative returns. In contrast, during normal
returns, the authors show that USDT tends to co-move with Bitcoin returns.
The weak evidence for the safe haven hypothesis suggests that investors might
delay their reaction to negative 1-minute returns, waiting to see if these returns
persist over longer periods, such as an hour or a day, resulting in a stronger
reaction over these longer horizons. Wang et al. (2020) compared whether
stablecoins pegged to USD or gold have different properties as safe havens. The
authors find with DCC-GARCH models that only Tether acts as a true safe
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haven to Bitcoin, Litecoin, and Ripple. Łęt et al. (2023) demonstrate similar
results for a newer dataset but show that the entire stablecoins market acts as a
safe haven to non-stable cryptocurrencies such as Bitcoin. Barucci et al. (2022)
further confirm that USDT acts as a safe haven for Bitcoin and Ethereum. The
authors confirm strong correlations between Bitcoin and USDT in terms of both
trading volume and returns. The authors highlight USDT as a crucial asset
for trading Bitcoin and Ethereum. They argue that USDT provides liquidity
and lower fees compared to USD markets, making it a preferred medium for
trading within the crypto ecosystem.

Grobys et al. (2021) find that volatilities of stablecoins do not spillover to
Bitcoin volatility in the period from 2013 to 2020, they use realized annualized
daily volatilites using the open, close, high, low methodology of Rogers &
Satchell (1991). However, they find that Bitcoin volatility has Granger-causal
effect on the volatility of stablecoins. Smales (2021) also discovers using daily
returns of USDT and Bitcoin that USDT volatility does not spillover to Bitcoin
or Ethereum.

Griffin & Shams (2020) support the argument that when Tether flows in-
crease, Bitcoin prices tend to rise shortly afterward, indicating a direct impact
of Tether purchases on Bitcoin’s price. The authors support the idea that
Tether’s issuance and strategic purchases are used to stabilize and influence
Bitcoin prices. However, Krištoufek (2022) finds that stablecoins do not initi-
ate price rallies or enhance the appreciation of the cryptoasset market. Instead,
stablecoin issuances typically follow gains in other cryptoassets, further con-
firming Krištoufek (2021). This is an important finding as the author confirms
that stablecoins only act as an intermediary and they simply mirror the de-
mand for cryptocurrencies rather than being boosters. Wei (2018) also shows
no evidence that Tether causes daily increases in Bitcoin returns. The author
argues that Tether grants lead to increased crypto-trading the next day. How-
ever, the author argues that this does not result in long-term Bitcoin return
increases. Additionally, Tether trading rises following negative Bitcoin returns,
implying investors may switch to stablecoins during market volatility. This
is further confirmed by Grobys & Huynh (2022), who find that increases in
returns of USDT are connected to contemporaneous decrease in the prices of
Bitcoin, the authors attribute this to the fact that selling Bitcoin has a positive
effect on USDT, and this positive return then has a negative effect on Bitcoin
the next day. The authors also show that the increase in the price of USDT is
Granger-causal for BTC returns.
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In their paper What Drives the (In)stability of a Stablecoin?, Kwon et al.
(2023) investigate the factors influencing the instability of stablecoins, partic-
ularly focusing on the collapse of TerraUSD in May 2022. The authors find
that fiat-collateralized stablecoins ensure stability, while on-chain collateral-
ized stablecoins need favorable economic conditions to maintain the peg and
perform poorly when collateral volatility increases. They show a strong correla-
tion between price and the value paid for redemptions in on-chain collateralized
stablecoins, but not in off-chain collateralized stablecoins, where the value is
always one under normal conditions. The authors conclude that it is difficult to
completely mitigate the risks of depegging, regardless of the underlying drivers.

3.2 Volatility of Bitcoin
Baur et al. (2018) show that Bitcoin’s return properties differ significantly from
traditional assets, showing that Bitcoin has the highest returns and volatility
compared to other assets. Additionally, the correlation matrix and scatter plot
of Bitcoin returns and S&P500 returns reveal that Bitcoin is not a strong safe
haven and is uncorrelated with stocks, bonds, and gold and silver. This is
true for normal times as well as times of financial volatility. However, this
has changed over the COVID-19 period, and a variety of papers have emerged
on the topic of increased connection and spillovers during COVID-19 period.
Maghyereh & Abdoh (2022) show that volatility dynamics between Bitcoin
and traditional financial assets were weak, but after the start of the pandemic,
started to increase. Still the authors argue that Bitcoin’s volatility had a weak
connection with bonds but between gold and stocks were limited to short and
intermediate time.

Baur & Dimpfl (2021) argue that Bitcoin’s excessive volatility prevents it
from functioning effectively as a currency, making it too costly and unstable
for use as a medium of exchange and unit of account. Despite this, Bitcoin
holds potential as a long-term store of value due to its deflationary design
and decentralized nature. While its volatility also complicates its role as an
investment and risk diversifier, Bitcoin’s unique properties might allow it to
serve as an alternative to traditional stores of value like gold, according to the
authors. Furthermore, Baur et al. (2022) also show that Bitcoin as a diversifier
is not possible and does not reduce the risk of a portfolio due to its high
volatility.

De la Horra et al. (2019) investigate whether the increasing demand for
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Bitcoin arises from its utility as a medium of exchange, a speculative asset,
or a safe-haven commodity. The authors conclude that Bitcoin inadequately
serves the functions of money and demonstrate that speculation drives short-
term demand for Bitcoin. However, for long-term demand, they hypothesize
that demand is influenced by expectations of its future utility as a medium of
exchange.

Krištoufek (2023), in his work Will Bitcoin ever become less volatile? ex-
amines the drivers of Bitcoin volatility. The author finds that the number of
active addresses and the market capitalization of stablecoins decrease Bitcoin’s
volatility, whereas volume, on-chain activity, and the price of Bitcoin positively
affect Bitcoin volatility. Additionally, the lagged volatility plays a significant
positive role, which aligns with the expectation that past volatility is a strong
predictor of future volatility. The author demonstrates that for Bitcoin to be-
come less volatile, the Bitcoin network needs an inflow of more small users who
engage in small transactions.

Wang et al. (2023) also analyze the factors driving Bitcoin volatility and
conclude that during a low-volatile period, only technical factors of Bitcoin
can drive the volatility. On the other hand, in extreme volatility times, both
macroeconomic and technical variables play significant roles. Bouri et al. (2019)
demonstrate that Bitcoin volatility exhibits long-term memory, with persistent
shocks and significant structural breaks, highlighting the importance of consid-
ering long memory in market strategies and explaining Bitcoin volatility.

A recent research study by Fidelity Digital Assets shows that the volatility
of Bitcoin has decreased and will continue to do so, as with the larger market
capitalization, an inflow of more capital will have a lesser impact relative to
the small market capitalization of the asset. The author also shows that the
volatility of Bitcoin is much higher than that of other traditional assets such
as gold and US stocks (Wainwright 2024).

Krištoufek (2013) examines the relationship between Bitcoin prices and pub-
lic interest, as measured by Google Trends search queries and Wikipedia page
visits. The analysis reveals a strong correlation and a bidirectional causal rela-
tionship between Bitcoin prices and search interest, showing that higher prices
lead to increased public interest, and increased public interest leads to higher
Bitcoin prices. This is further confirmed by Garcia et al. (2014), who find
that price increases lead to higher search volumes, which in turn drive prices
even higher. The authors also find that increased search volume leads to an
increase in the user base, further boosting prices. They use data from Google
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Trends and Wikipedia, as well as Facebook, Twitter, and the Bitcoin network
on the number of new users on the network. They also use data from various
exchanges and currency pairs, confirming the findings of Krištoufek (2013).

Zhou (2021) uses various fundamental and market-specific variables to an-
alyze Bitcoin volatility, such as hash rate, number of transactions, miners’
revenue, and trading volume. The author finds that speculative activities sig-
nificantly contribute to Bitcoin’s price movements, while economic uncertainty
and global financial markets also play crucial roles. Furthermore, the authors
argue that news coverage, specifically from Reuters, significantly impacts Bit-
coin’s volatility. An increase in the number of news reports about Bitcoin
(measured by news frequency time series) raises the conditional variance of Bit-
coin’s exchange rate, meaning that more news coverage correlates with higher
volatility. The presence of news itself (captured by a news dummy variable)
also leads to an increased volatility, irrespective of whether the news is positive
or negative. This underscores the role of media attention in driving Bitcoin’s
price fluctuations.

Wüstenfeld (2023) further shows that on-chain activity explains the Bit-
coin’s volatility, namely the author finds that, volume in BTC/USD and met-
rics of spent output profit ratio affect the volatility of Bitcoin. Furthermore,
in a 2024 study, Conlon et al. (2024) examine the relationship between Bitcoin
volatility and trading volumes in both spot and futures markets, emphasiz-
ing that unexpected trading volume in spot markets significantly drive Bitcoin
volatility. Utilizing high-frequency data, the findings reveal that unexpected
spot market volume accounts for 15%-25% of the volatility observed, whereas
unexpected futures market volumes explain only about 6%. These results indi-
cate that trading activities in spot markets, particularly those involving retail
investors, play a crucial role in Bitcoin’s volatility dynamics, whereas the fu-
tures market volumes exhibit a minimal impact (Conlon et al. 2024).



Chapter 4

Methodology

This chapter presents the methodology used in this thesis. To investigate
whether the depegging of stablecoins impacts the volatility of Bitcoin, this
thesis employs the model proposed by Krištoufek (2023) with an important
modification. It incorporates a depegging measure of stablecoins. The first
section of this chapter introduces the model. The second section introduces
the calculation of volatility and stablecoin depeg. The third section addresses
endogeneity concerns and the last section of this chapter proposes instrumental
variables and discusses their validity.

4.1 Model
To determine whether the depegging of stablecoins affects the volatility of Bit-
coin, this thesis employs a Two-Stage Least Squares regression to address po-
tential endogeneity issues. The methodology is inspired by Krištoufek (2023)
and follows his approach to modeling Bitcoin volatility. The model is adapted
to include a depegging measure of stablecoins.

The thesis proposes the following model:

log(σt) =β0 + β1 × searchest + β2 × log(depegt)

+ β3 × log(transfersBTCt) + β4 × log(volumeBTCt)

+ β5 × log(pricet) + β6 × log(σt−1) + ϵt,

(4.1)

where the dependent variable in this model is the realized volatility of Bitcoin
on day t, denoted as σt. The explanatory variables are selected based on
their relevance and potential impact on Bitcoin’s volatility based on previous
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research and also based on the work of Krištoufek (2023). The variable searches

is the Google Trends1 searches for the word "Bitcoin". The second explanatory
variable is depeg which is the daily market depeg of stablecoins. The measure
of market depeg of stablecoins is introduced in the following section.

The variable transfersBTC is the sum of Bitcoins transferred between
distinct Bitcoin addresses. This indicator reflects the level of on-chain activity.
The volumeBTC on day t is the Bitcoin volume on exchanges. The price

variable is the price of Bitcoin. Finally, the lagged realized volatility of Bitcoin,
σt−1, is included to help control for serial correlation.

Initially, the intention was to include also the market capitalization of fiat-
collateralized stablecoins to capture a measure of how much value of fiat cur-
rencies have been put into the cryptocurrency market, as in Krištoufek (2023).
However, this variable turned out to be highly correlated with price with a
correlation of 0.88. Therefore, to avoid multicollienarity issues, we excluded
this variable from the model.

4.2 Calculation of Realized Volatility and Depeg
This thesis uses realized volatility as a measure of volatility for day t, denoted
by RVt, which is calculated as follows:

RVt =
⌜⃓⃓⎷ n∑︂

i=1
r2

t,i, (4.2)

where rt,i is the log return on day t and the i-th 5-minute interval, and n is the
number of 5-minute intervals in a trading day. With a 24-hour trading period,
n = 288.

The author uses the 5-minute stablecoin prices to calculate the daily depeg
for stablecoins which is calculated as follows:

depegj,t =
⌜⃓⃓⎷ 1

n

n∑︂
i=1

(pj,i,t − 1)2, (4.3)

where depegj,t is the daily depeg for stablecoin j on day t. Furthermore, pj,i,t

is the price of stablecoin j at the i-th 5-minute interval on day t, n is the total
1https://trends.google.com/trends/

https://trends.google.com/trends/
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number of 5-minute intervals in a day, and 1 is the targeted pegged value (e.g.,
1 USD).

To compute the daily market depeg of stablecoins, the thesis uses the weight
of each stablecoin j on a given day t measured as its market capitalization
divided by the total market capitalization of the stablecoins on that day.

Dt =
n∑︂

j=1

(︄
depegj,t × Cj,t

Mt

)︄
, (4.4)

where Dt is the daily market depeg of stablecoins on day t, depegj,t is the daily
depeg of stablecoin j on day t. Cj,t is the market capitalization of stablecoin j

on day t, Mt is the total market capitalization of studied stablecoins on day t,
and n is the number of studied stablecoins.

Furthermore, it is important to state that this thesis examines the impact of
stablecoin depegging as a unified phenomenon, enabling a comprehensive analy-
sis of its impact on Bitcoin volatility. The depegging of stablecoins, regardless
of its direction, may introduce uncertainty to the market, which may affect
investors confidence, and can prompt the repositioning of positions, thereby
influencing market stability and volatility. Consequently, this thesis does not
investigate the upward and downward depegging of stablecoins separately. In-
stead, it considers them together as a single daily market stablecoin depegging
phenomenon. This perspective effectively captures the overall influence of the
stablecoin depegging on Bitcoin’s volatility.

4.3 Variable and Endogeneity Discussion
As Krištoufek (2023) discusses in his paper, some variables in the model are
endogenous. The same is true for the model employed in this thesis. The thesis
discusses the endogeneity of the variables to ensure the accuracy and reliability
of the model and the findings.

The expected endogenous variables in our model are searches, depeg,
transfersBTC, volumeBTC and price. For searches, as discussed by Kriš-
toufek (2023), the endogeneity possibly arises because increased public interest
and search activity can lead to higher market participation and trading, which
in turn increases volatility. Conversely, increased Bitcoin volatility can drive
public interest, leading to more searches and public attention on the topic of
Bitcoin.
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The depegging of stablecoins, denoted as depeg, being the primary variable
of interest in this thesis, is hypothesized to be endogenous in the model due to
its relationship with Bitcoin’s volatility. Specifically, deppeging of stablecoins
can introduce uncertainty to the market which directly influences investor be-
havior, market confidence, and overall market dynamics, which in turn might
prompt activity on the network and may lead to reallocation of portfolios or
exiting of the market. This was shown in Liu et al. (2023) in the extreme case
of TerraUSD’s fall effect on the entire cryptocurrency market. For this reason
the depeg variable is hypothesized to increase Bitcoin’s volatility. Conversely,
increased volatility in Bitcoin can induce instability of stablecoins and create
depegging as market participants react to increased uncertainty by reallocating
funds between Bitcoin and stablecoins and other cryptoassets. This has been
partly shown by Grobys et al. (2021) who showed volatility spillovers from Bit-
coin to stablecoins. This causality establishes an endogenous relationship, as
the depegging of stablecoins affects and is affected by Bitcoin’s volatility.

Both transfersBTC and volumeBTC are expected to be endogenous vari-
ables as well. Higher trading volume can lead to increased volatility, as large
transactions and trades can cause significant price movements which has been
shown by Conlon et al. (2024). Conversely, increased volatility often attracts
more trading activity as traders seek to capitalize on price fluctuations, thereby
increasing trading volume. Additionally, open positions may be closed or real-
located in response to higher volatility and increased market uncertainty, thus
increasing volume. A similar endogeneity issue arises with on-chain transfers,
as fluctuations in these activities are closely linked to volatility dynamics.

Lastly, the price is also assumed to be endogenous in our model. First,
as Wainwright (2024) argues, the volatility of Bitcoin is expected to decrease
with higher market capitalization as with increased liquidity and higher mar-
ket capitalization, large transactions will have lower impact on the volatility
of Bitcoin. Although, price is not market capitalization of Bitcoin, it becomes
the market capitalization when multiplied by supply of Bitcoin, which is one of
the instrumental variables we introduce in the next section. Thus, we expect
a negative relationship of price on Bitcoin’s volatility. On the other hand, the
price is driven mainly by demand for Bitcoin. As argued in Ciaian et al. (2016),
the price is driven by the demand for Bitcoin which is driven by the expected
use of Bitcoin as a medium of exchange. As demand also depends on risk,
and risk is directly linked to volatility, higher volatility tends to increase per-
ceived risk, potentially leading conservative investors to pull out of the market,
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causing selling pressure or creating negative sentiment around Bitcoin and thus
decreasing price. However, the relationship can also be the other way around
as an increase in volatility can possibly lead to increased interest and increased
trading activity, pushing the price higher. Lower volatility, on the other hand,
can stabilize perceptions and boost demand and thus increase prices. Further-
more, Chen (2021) finds that during periods of varying volatility in Bitcoin
price, the impact of various factors on the price changes. This suggests that
the volatility of Bitcoin affects how different factors influence its price. For
these reasons the price is also expected to be endogenous in our model. The
last variable in the model is the lagged Bitcoin realized volatility, σt−1. Since it
is lagged, it is not endogenous and therefore is added as an exogenous variable
to control for serial correlation.

Including endogenous variables in a model can lead to inconsistent esti-
mates when using an Ordinary Least Squares (OLS) estimator. For the OLS
estimator to be valid, the error terms must not be correlated with the explana-
tory variables. However, if this assumption is violated due to the presence of
endogenous variables, the OLS estimator becomes biased and inconsistent. In
such cases, we can use the 2SLS estimator. The 2SLS estimator operates in
two stages. In the first stage, the endogenous variables are regressed on all ex-
ogenous variables in the system. In the second stage, the fitted values from the
first stage are used in the regression instead of the original endogenous variables
(Wooldridge 2010). Given the expected endogeneity, and following Krištoufek
(2023), this thesis will proceed with the estimation using the 2SLS model, and
for that, at least as many exogenous variables as endogenous variables in the
model are needed (Wooldridge 2010).

4.4 Instrumental Variables
This proceeding section will focus on discussing the theoretical foundations of
the relevance and exogeneity conditions of the instrumental variables.

According to Wooldridge (2010), for the instrumental variables to be valid,
they must be relevant and exogenous.

Relevance: The instrument Z must be correlated with the endogenous
variable X:

Cov(Z, X) ̸= 0. (4.5)
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Exogeneity: The instrument Z must be uncorrelated with the error term
ε in the structural equation:

Cov(Z, ε) = 0. (4.6)

If endogeneity is present and the instrumental variables (IV) satisfy the two
conditions, then the 2SLS estimator will be consistent (Wooldridge 2010).

In this study, the author of this thesis utilizes two sets of instrumental
variables as proposed by Krištoufek (2023). The first comprises of a network
parameter, specifically the supply of Bitcoin, denoted in the analysis as supply.
The supply is the number of Bitcoins in circulation. The supply of Bitcoin is
governed by the protocol’s issuance schedule, which dictates the rate at which
new Bitcoins are introduced into circulation through mining rewards. While
this schedule is largely predetermined, the exact timing of block generation
can vary slightly due to the probabilistic nature of mining. Despite these mi-
nor variations, the long-term supply trajectory remains pre-determined, with
approximately every four years witnessing a halving event that reduces the re-
ward for mining new blocks by half (Nakamoto 2008). Therefore, the Bitcoin
supply can be considered exogenous because its overall issuance rate is deter-
mined by protocol rules and is unaffected by short-term market conditions or
Bitcoin volatility.

The second set of instrumental variables includes assets and metrics from
the traditional financial markets, namely the closing prices of the Standard &
Poor’s 500 index (S&P500), the Chicago Board Options Exchange’s CBOE
Volatility Index (V IX), closing price of oil futures traded on the New York
Mercantile Exchange (oil), and the EUR/USD exchange rate (eur). These
instruments are chosen for their relevance and exogeneity, providing a robust
basis for addressing endogeneity in the analysis.

Similarly to Krištoufek (2023), this thesis uses the S&P500 and oil futures
as representatives of traditional financial assets and the V IX as a measure
of market uncertainty in the traditional financial sector. The inclusion of the
S&P 500 index serves as a proxy for overall market performance and investor
sentiment in traditional financial markets. Oil can indicate market expecta-
tions about future economic growth. The V IX reflects market expectations
of near-term volatility and is widely used to assess investor sentiment and risk
aversion in the traditional financial market.

Furthermore, this thesis incorporates the EUR/USD exchange rate as an
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indicator of global economic conditions. Since stablecoins are predominantly
backed by the US dollar, fluctuations in the EUR/USD exchange rate can
impact the stability of these stablecoins. The EUR/USD exchange rate is
considered exogenous because it is determined by global economic factors and
currency market dynamics, independent of Bitcoin or other cryptoassets.

Although there have been reported spillovers from the cryptocurrency mar-
ket to the traditional financial markets, as found, for example, by Zhang et al.
(2021), the effects from crypto markets on traditional financial markets have
been low compared to the vice-versa effect, as noted by Krištoufek (2023).
"Cryptomarkets do not influence the traditional financial markets, but the vice
versa relationship has emerged in the last few years. Traditional financial as-
sets and indices can thus serve as good instruments" (Krištoufek 2023, p. 3).
Since this thesis is inspired by the work of Krištoufek (2023), it employs similar
instruments.

Some studies have also shown that the crypto markets have low to zero effect
on the traditional financial markets. The study by Yousaf et al. (2023) found
that the collapse of FTX significantly impacted the cryptocurrency market,
with Bitcoin, Ethereum, and Binance Coin experiencing notable negative ab-
normal returns. However, traditional financial markets, including equities, fiat
currencies, and energy markets, largely remained unaffected, except for some
minor movements in the Chinese stock market and JPY/USD pair. Gold and
silver showed positive abnormal returns, indicating a shift of investors to these
safe-haven assets. The authors suggest that traditional investors may have
become indifferent to cryptocurrency fluctuations, and cryptocurrencies might
not pose a significant threat to financial stability. Furthermore, a study by
Wu et al. (2024) shows a pronounced spillover effect from traditional financial
markets to the cryptocurrency market compared to the reverse effect. However,
it is important to note that the paper does not provide a direct comparative
analysis.

Furthermore, our analysis stops at the end of 2023, as the interconnected-
ness of the crypto and traditional financial markets may rise with the approval
of a Bitcoin ETF in January 2024 (Gensler 2024). The introduction of the
Bitcoin ETF is likely to attract substantial institutional investment, possibly
altering the dynamics between Bitcoin and traditional financial assets. This
shift may compromise the exogeneity of these instrumental variables, as institu-
tional investors typically exhibit different trading behaviors, possibly increasing
the interconnectedness between the traditional financial markets and the cryp-
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tocurrency market. By concluding the analysis in 2023, we maintain historical
consistency and avoid the possibly problematic issues that may arise due to the
increased connectedness of traditional and crypto markets in both directions.

By incorporating above mentioned instrumental variables, this thesis aims
to capture the broader economic and financial environment. This approach
addresses potential endogeneity issues effectively, ensuring that the analysis
accurately reflects the relationships between stablecoin depegging and other
variables and Bitcoin’s volatility. This thesis argues that these traditional fi-
nancial instrumental variables are relevant and exogenous and are suitable for
the model employed in this thesis.



Chapter 5

Dataset

This chapter outlines the data collection and data processing methods em-
ployed in the study, covering Bitcoin, stablecoin, and instrumental variables
data. It provides an overview of the studied stablecoins and their properties.
Subsequently, the dataset is described using descriptive statistics to summarize
its key attributes.

5.1 Dataset Construction
This section details the methodologies employed in the data collection and
processing of data. By outlining the data retrieval process, the thesis aims to
ensure the transparency and reproducibility of the research findings. The data
collection process can be categorized into two types, namely, data related to
Bitcoin and stablecoins, and data for the instrumental variables.

For the Bitcoin and stablecoins data, the majority of the data was ob-
tained from CoinMetrics1 through the CoinMetrics API, specifically their PRO
API, which the author of the thesis accessed using a university student license.
From CoinMetrics, the author retrieved prices for Bitcoin and stablecoins. The
author also retreived transfersBTC downloaded as TxTfrValAdjNtv and sup-
ply of Bitcoin downloaded as SplyCur from the CoinMetrics API. This API
provides comprehensive and high-quality historical data on various cryptocur-
rencies and blockchain data.

The second source of Bitcoin and stablecoins data, specifically, trading vol-
ume on centralized exchanges, volumeBTC, and market capitalizations of sta-

1https://coinmetrics.io

https://coinmetrics.io
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blecoins were retrieved from CoinGecko2 using an API from CoinGecko, which
is a platform that provides real-time and historical data on a wide range of
cryptocurrencies. The volumeBTC variable was originally retrieved as volume
in USD but was divided by price to get the volume on exchanges in BTC to
maintain consistency with transfersBTC, which is a measure in BTC.

Data was retrieved by making HTTP GET requests to the respective end-
points of the CoinMetrics and CoinGecko APIs. Specific queries were con-
structed to obtain the required datasets for the period from January 1, 2018,
to December 31, 2023. The responses from the API requests, typically in JSON
format, were parsed and converted into dataframes. The structured data were
then stored in a local database.

To acquire the Google Trends3 daily data for search trends of the word "Bit-
coin", a manual approach was used due to the limitations imposed by Google
Trends, which only allows access to a few months of historical data on a daily
basis. Consequently, the data was downloaded in overlapping monthly windows
to ensure comprehensive coverage of the entire studied period. Each monthly
segment was rescaled according to Google Trends’ 0-100 scale, which represents
the relative search interest for the term "Bitcoin". Given that each monthly
window is rescaled by Google Trends, the segments were adjusted to create a
consistent time series. This involved aligning the maximum values (100) across
the overlapping windows to maintain continuity. Furthermore, the entire series
was rescaled to an all-time high value to ensure a consistent scale. The manual
downloading of CSV files directly from the Google Trends website was per-
formed, as the third-party APIs that were available produced varying results.
The rescaled daily data was cross-checked against the available monthly data
from Google Trends for the entire study period to verify the accuracy and reli-
ability of this method. The comparison confirmed the validity of the rescaling
process. This thorough approach ensured that the Google Trends data used
in the analysis accurately reflects the search interest over the entire studied
period.

Data for the instrumental variables, namely the S&P500, oil, and V IX,
were collected from Yahoo Finance4 using the Yahoo Finance API, which
returned JSON format files that were converted into dataframes. For the
EUR/USD exchange rate, daily data were downloaded in a CSV format from

2https://www.coingecko.com
3https://trends.google.com/trends/
4https://finance.yahoo.com

https://www.coingecko.com
https://trends.google.com/trends/
https://finance.yahoo.com
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the European Central Bank5. Since cryptocurrency data is available for every
day of the week, whereas financial data covers only trading days, the model
assumes constant prices to fill in the missing values for non-trading days, as
done by Krištoufek (2023). This method ensured that the datasets were aligned
and complete, allowing for consistent analysis without losing information for
cryptocurrency trading on non-trading days in traditional finance markets.

5.2 Dataset Description
This section discusses the dataset used for the analysis. First, the section
introduces the stablecoins studied in this thesis and provides their overview
and properties. Then, the thesis presents figures to illustrate the key trends
and relationships within the dataset, focusing on stablecoins and their depeg.
We then provide the descriptive statistics of the variables.

The dataset used in this thesis starts on January 1, 2018, and ends on
December 31, 2023. The beginning date was set arbitrarily, but this period
captures a broad range of market conditions, including both bullish and bearish
phases in the cryptocurrency market that may have impacted Bitcoin volatility
and stablecoin stability. By encompassing multiple years in the analysis, we
aim to ensure that the analysis is robust and reflective of market dynamics.

The dataset used in this thesis comprises four major off-chain collateralized
stablecoins (USDT, USDC, BUSD, TUSD), one on-chain collateralized sta-
blecoin (DAI), and one algorithmic stablecoin (UST). These stablecoins were
chosen primarily due to their substantial market capitalizations during the
studied period and to provide a representative view of off-chain collateralized,
on-chain collateralized, and algorithmic stablecoins. Collectively, these six sta-
blecoins maintained a market capitalization that did not fall below 89% of the
total stablecoin market capitalization during the studied period and, at times,
accounted for as much as 97% of the entire stablecoin market’s capitalization
(DefiLlama 2024). Given their high market capitalization, we view the results
as reflective of the entire stablecoin market. Figure 5.1 illustrates the market
capitalizations of the selected stablecoins over the studied period, showing the
growth in the stablecoins market capitalization since 2018.

Figure 5.2 illustrates that USDT is the most prominent stablecoin in the
sample. The market shares of stablecoins, as a proportion of the entire stable-

5https://www.ecb.europa.eu/stats/policy_and_exchange_rates/euro_
reference_exchange_rates/html/eurofxref-graph-usd.en.html

https://www.ecb.europa.eu/stats/policy_and_exchange_rates/euro_reference_exchange_rates/html/eurofxref-graph-usd.en.html
https://www.ecb.europa.eu/stats/policy_and_exchange_rates/euro_reference_exchange_rates/html/eurofxref-graph-usd.en.html
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Figure 5.1: Market Capitalization of Studied Stablecoins

Figure 5.2: Relative Market Capitalization of Stablecoins

coin market capitalization, vary throughout the period. However, it is evident
that USDT consistently remains the dominant player. Consequently, USDT
exerts the most significant influence on stablecoin market depeg computations
out of the studied stablecoins.

The descriptive statistics of stablecoins in Table 5.1 reveal notable differ-
ences in the means and standard deviations of the depegs among the studied
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Table 5.1: Descriptive Statistics of Depegs of Stablecoins

statistic mean std min median max start date end date

usdt 0.00206 0.00456 0.00001 0.00072 0.05913 2018-01-01 2023-12-31
usdc 0.00044 0.00182 0.00005 0.00015 0.06663 2018-09-28 2023-12-31
busd 0.00033 0.00055 0.00005 0.00020 0.01613 2019-09-20 2023-12-31
dai 0.00296 0.00613 0.00003 0.00032 0.05565 2019-11-20 2023-12-31
tusd 0.00130 0.00151 0.00011 0.00078 0.02610 2018-07-06 2023-12-31
ust 0.02923 0.15000 0.00010 0.00165 0.96640 2020-11-25 2022-05-28

stablecoins. The highest depegging is observed in UST, notably for its signif-
icant depegging and subsequent crash in 2022, losing nearly 95% of its value
between May 3, 2022, and May 22, 2022 (DefiLlama 2023). USDT and DAI
exhibit relatively high mean values and standard deviations, showing higher de-
peg relative to other stablecoins. In contrast, USDC, BUSD, and TUSD exhibit
relatively lower depeg metrics both mean and standard deviations, indicating
better stability. However, it should be noted that no tests were conducted to
determine the significance of these differences.

The start date indicates when complete data for each stablecoin became
available, and thus, when the stablecoin started affecting the computation of
the market stablecoin depeg, with USDT being in the dataset for the entire
studied period, USDT is also the most mature stablecoin in the analysis as
it has been launched in 2014 (Tether 2014). The end date is when particular
stablecoin stops to affect the computation of the market stablecoin depeg. All
stablecoins were part of the analysis until the end of the studied period except
UST.

We exclude UST from the analysis after its collapse and when the Terra 2.0
has been launched on May 28, 2022 (Malwa 2022). TerraUSD is excluded from
the computation of the market stablecoin depeg primarily because its depeg and
market capitalization were no longer relevant post-crash. Including TerraUSD
would artificially inflate the market depeg, as it was no longer considered a
stablecoin capable of maintaining its peg and had lost investor trust. The
launch of Terra 2.0 appears to be an ideal date to exclude TerraUSD from the
dataset. For periods when stablecoins have not yet been launched or their data
is not available, their market capitalization is recorded as zero. Descriptive
statistics are provided for all stablecoins from their respective start dates until
the end dates.

The depegging of the studied stablecoins is illustrated in Figure 5.3, which
highlights the significant depegging throughout the entire studied period for
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Figure 5.3: Depeg of Stablecoins (2018-2023)

all stablecoins. As depicted in Figure 5.3, there are several notable depegging
events for different stablecoins, with the most dramatic depeg observed in UST
in May 2022. These stablecoins’ depegs from their pegged value show the
instability of stablecoins.

The descriptive statistics in Table 5.2 provide valuable insights into the na-
ture of the variables in the study. First, the study has 2191 daily observations.
The primary variable of interest, depeg, the daily market depeg of stablecoins,
has a mean value of 0.0008, indicating generally low depegging compared to the
realized volatility of Bitcoin, which is expected given that stablecoins are de-
signed to maintain a stable value pegged to a fiat currency and also the measure
is different. The high skewness (8.57) and kurtosis (40.76) of the depeg vari-
able suggest a distribution with long tails. Specifically, the positive skewness
indicates that there are extreme values on the right-side of the distribution.
The high kurtosis indicates that the distribution has heavy tails. The realized
volatility of Bitcoin (σt) shows an average of 0.0326 and a standard deviation
of 0.0220, with high skewness (2.90) and kurtosis (16.70), pointing to spikes in
volatility.

The Table 5.2 further shows that transfersBTC is smaller relative to the
volume on exchanges, volumeBTC. Both variables also experience high stan-
dard deviation from the mean reflecting substantial activity and variability in
volumes. Furthermore, the Table 5.2 provides basic descriptive statistics for all
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Table 5.2: Descriptive Statistics of Variables

Mean Std Min Max Skewness Kurtosis

σt 0.0326 0.0220 0.0031 0.2744 2.90 16.70
searches 11.65 7.68 3.40 77.87 2.34 8.24
depeg 0.0008 0.0020 0.00007 0.0285 8.57 40.76
transfersBTC (M) 0.26 0.13 0.058 1.262 1.69 4.98
volumeBTC (M) 1.53 1.40 0.02 13.41 2.04 6.05
price 21731 16016 3185 67542 0.82 -0.40
S&P500 3588 692 2237 4796 0.02 -1.49
VIX 20.45 7.89 9.15 82.69 2.42 10.72
oil 66.90 18.89 10.01 123.69 0.14 0.40
eur 1.13 0.06 0.96 1.25 -0.20 -0.28
supply (M) 18.43 0.79 16.78 19.59 -0.46 -0.94
The table reports descriptive statistics for 2191 observations.

other variables, including the instrumental variables, employed in the analysis.
Following the work of Krištoufek (2023), except for searches, all variables have
been logarithmically transformed for the analysis because of the different scales
and the long right-tails in the distributions of the variables as shown in Table
5.2.



Chapter 6

Results

This chapter presents the results of this thesis. It begins with the selection
of the appropriate model, followed by the presentation of the results. Then
the chapter continues and provides a discussion of the findings. Finally, the
robustness checks of the model are presented.

6.1 Model Selection and Statistical Tests
This section explains how the appropriate model was chosen for the analysis.
Initially, this section discusses the selection process among Ordinary Least
Squares (OLS) and Two-Stage Least Squares (2SLS) regressions. The decision
to utilize the 2SLS was guided by the variable endogeneity discussion and was
confirmed by the Hausman test (Hausman 1978). Under H0, OLS, 2SLS are
both consistent estimators but OLS is efficient and 2SLS is inefficient. Under
H1, OLS becomes inconsistent due to the endogeneity, whereas 2SLS remains
consistent. The Hausman test rejected the null hypothesis and thus justified
the choice of 2SLS (Hausman 1978).

Furthermore, the author of this thesis conducted unit root tests to en-
sure the stationarity of the time series data. Specifically, the Augmented
Dickey-Fuller (ADF) test (Dickey & Fuller 1979), the Phillips-Perron (PP) test
(Phillips & Perron 1988), and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS)
test (Kwiatkowski et al. 1992) were applied. The ADF and PP tests were em-
ployed to test the null hypothesis that the time series contains a unit root.
Conversely, the KPSS test checks the null hypothesis that the time series is
stationary. These tests are crucial as the presence of a unit root can lead to
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spurious regression results, and misleading inference, all of which undermine
the reliability of the model (Granger & Newbold 1974).

The results of the stationarity tests present the following findings. The
ADF test yields a statistic of -5.14 with a p-value of <0.01, indicating a strong
rejection of the null hypothesis of a unit root. Similarly, the PP test yields
a test statistic of 55.74 with a p-value of <0.01, strongly rejecting the null
hypothesis of a unit root. Furthermore, the KPSS test, with a test statistic of
0.23 and a p-value of >0.1, does not reject the null hypothesis of stationarity,
confirming that the series is stationary. Given the results of all three tests, we
conclude by rejecting the presence of a unit root, and we conclude that the
series is stationary.

In this analysis, we employed the Shapiro-Wilk test to assess the normality
of the residuals (Shapiro & Wilk 1965). The test rejected the null hypothesis
of normality. However, given the large sample size of 2191 observations, the
Central Limit Theorem suggests that the distribution of the residuals can be
considered asymptotically normal. This applies for our analysis, allowing us to
proceed with the assumption of asymptotic normality (Wooldridge 2010).

Based on the results of the Breusch-Pagan test for heteroskedasticity, we
reject the null hypothesis of homoskedasticity (Breusch & Pagan 1979) with
the test statistic of 66.62 and a corresponding p-value of <0.01. We conclude
that there is significant evidence suggesting the presence of heteroskedasticity
in the model’s residuals. Furthermore, we test for autocorrelation with the
Durbin-Watson test as specified in Durbin & Watson (1971). The test yields a
test statistic of 1.53, which indicates positive autocorrelation in the residuals,
as the values below 2 imply positive autocorrelation (Durbin & Watson 1971).
Due to the presence of heteroskedasticity and positive autocorrelation in the
residuals, as indicated by the Breusch-Pagan test and the Durbin-Watson test,
respectively, the thesis employs heteroskedasticity-consistent standard errors.
This approach is outlined by MacKinnon & White (1985), and also used in
Krištoufek (2023). For this reason, we employ the same approach. Since our
model is just-identified, we do not test for over-identification.

6.2 Results
In this section, we present and discuss the empirical findings from the analysis.
Following a thorough examination of model selection and diagnostic testing
for homoskedasticity and normality, we provide the results. First, we focus on
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the first-stage regression results to evaluate the relevance and strength of the
instrumental variables, and we follow with the results of the 2SLS regression
estimates and then we proceed and discuss the results.

In the first stage, we regress the endogenous variables on the instruments
and the exogenous variable. In the provided regression results in Table 6.1, we
observe that the first-stage regressions yield promising F-statistic and R2 for
all models with endogenous variables as dependent variables. The R2 for the
regression where searches is the dependent variable, is 0.579, indicating that
the instruments have a strong explanatory power for searches. This suggests
that the instruments used in this regression are relevant and adequately explain
the variation in the endogenous variable.

The first-stage regression results for depeg confirm that the instruments are
relevant. The R2 is 0.521, suggesting that the instrumental variables explain
a significant portion of the variability in depeg. For transfersBTC, the R2

is 0.399, which, while lower than that for searches, it still indicates strong
explanatory power of instrumental variables. In the case of volumeBTC, the
R2, again suggests that the instruments are sufficiently strong. For price the
R2 is high being at 0.91, showing that the instrumental variables with the
lagged Bitcoin volatility explain a significant portion of the variance in the
price variable. Overall, these results demonstrate that the instruments used
for our analysis are strong and relevant, thereby supporting the relevance of
the IV estimates.

The thesis verified that all instruments are necessary by checking if the
instrumental variables are statistically significant for at least one of the en-
dogenous variables. All instrumental variables are significant for at least three
of the endogenous variables. The statistical significance of all instruments in
explaining at least some of the endogenous variables further accentuates their
relevance. This condition is satisfied in the analysis, which suggests that the
instrumental variables are appropriate for use in the IV estimation. Moreover,
in light of the preceding discussion on instrumental variables, we affirm the
exogeneity of these instruments. This confirmation of both relevance and ex-
ogeneity supports the validity of our instrumental variables and supports the
validity of our subsequent analysis. Given the first-stage regression results and
instruments validity, we proceed with second-stage regression results.

The Two-Stage Least Squares estimation summary for the model with Bit-
coin realized volatility as the dependent variable reveals that the model has
an R2 value of 0.563 and adjusted R2 of 0.562, showing that approximately
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Table 6.1: First-Stage Regression Results

Variable searches log(depeg) log(transfersBTC) log(volumeBTC) log(price)

const -388.013 53.465 231.143*** -131.796*** -0.301
(247.113) (37.222) (16.657) (26.662) (9.318)

log(oil) 4.645*** 0.144 0.097 -1.485*** 0.152***
(0.904) (0.145) (0.061) (0.112) (0.033)

log(eur) 58.127*** 3.515*** -3.684*** -5.448*** 2.425***
(6.376) (0.883) (0.361) (0.617) (0.247)

log(S&P500) 13.907*** -3.997*** 2.149*** -2.112*** 4.113***
(3.157) (0.494) (0.241) (0.354) (0.129)

log(VIX) 4.251*** -0.217** 0.688*** -0.297*** 0.287***
(0.475) (0.102) (0.040) (0.070) (0.024)

log(supply) 16.039 -1.679 -14.190*** 10.317*** -1.482**
(16.068) (2.434) (1.100) (1.737) (0.610)

log(σt−1) 5.822*** 0.083 0.269*** 0.548*** 0.160***
(0.345) (0.060) (0.016) (0.030) (0.013)

R2: 0.579 0.521 0.399 0.544 0.911
Adj. R2: 0.577 0.520 0.397 0.543 0.911
F-statistic: 221.6 208.3 153.0 255.7 1909.0
No. Observations: 2191 2191 2191 2191 2191
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are reported in parentheses.

56% of the variability in Bitcoin’s realized volatility is explained by the model.
The F-statistic of 2292.2 confirms that the model is highly significant. The
Hausman test strongly rejects the null hypothesis with a test statistic of 17.955
(Hausman 1978), and we proceed with the results.

The constant term is -6.740, with a standard error of 1.411, and is significant
at the 1% level. The coefficient for searches is 0.018 with a standard error of
0.010, and is significant at the 10% level. The coefficient for depeg is 0.192, with
a standard error of 0.072, and is highly significant at the 1% level. This positive
relationship shows that an increase in the daily market depeg of stablecoins
increases Bitcoin’s realized volatility. Given that the depeg of stablecoins is the
primary variable of interest in this thesis, this finding is particularly noteworthy.
It underscores the pivotal role that stablecoin stability plays within the broader
cryptocurrency market, showing that fluctuations in stablecoin values can have
substantial implications for Bitcoin’s volatility.

The coefficient for transfersBTC is 0.242 with a standard error of 0.048,
significant at the 1% level, indicating that higher on-chain transfer values are
associated with higher Bitcoin volatility. The coefficient for volumeBTC is
0.096 with a standard error of 0.028, significant at the 1% level, also showing
that higher Bitcoin trading volume leads to higher Bitcoin volatility, which was
an expected outcome. The coefficient for lagged Bitcoin realized volatility is
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Table 6.2: IV-2SLS Estimation Summary

Parameter Coefficient SE T-stat P-value
const −6.7396*** 1.4114 −4.7750 0.0000
searches 0.0178* 0.0104 1.7018 0.0888
log(depeg) 0.1920*** 0.0715 2.6830 0.0073
log(transfersBTC) 0.2424*** 0.0477 5.0793 0.0000
log(volumeBTC) 0.0955*** 0.0278 3.4372 0.0006
log(price) 0.1558 0.1331 1.1706 0.2418
log(σt−1) 0.4211*** 0.0497 8.4739 0.0000
R2: 0.5630
Adj. R2: 0.5618
F-statistic: 2292.2
No. Observations: 2191
Hausman 17.9553***
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01

0.421 with a standard error of 0.050, significant at the 1% level, which was an
expected outcome. The price variable is not significant at any conventional
significance level with p-value 0.24.

The model results show significant relationships between the explanatory
variables and Bitcoin’s realized volatility. In the following section, we will
discuss these findings in detail and explore their broader implications.

6.3 Discussion of Results
This thesis is the first to identify a significant positive effect of stablecoin de-
pegging on Bitcoin’s realized volatility. The significant effect of stablecoin
depegging on Bitcoin’s volatility shows that even minor deviations from the
targeted value of stablecoins can lead to major increases in Bitcoin volatility.
Specifically, a 1% increase in market depeg of stablecoins is associated with a
0.192% increase in Bitcoin’s volatility. This observed relationship confirms our
hypothesis that stablecoin depegging increases Bitcoin’s volatility. The results
align with our theoretical expectations, highlighting the crucial role stablecoins
play in the stability of the cryptocurrency market. When stablecoins lose their
peg, it may trigger uncertainty and instability across the market, translating
into increased volatility of Bitcoin as investors react to perceived risks and
adjust their portfolios accordingly. In this thesis, we confirm that stablecoin
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stability is essential to the broader cryptocurrency ecosystem, and we show the
role of stablecoin price deviations from the targeted value in influencing Bitcoin
volatility.

The results of this thesis contradict Grobys et al. (2021) and Smales (2021).
Grobys et al. (2021) state that volatilities of stablecoins do not spill over to Bit-
coin volatility. The difference in our results may be for various reasons. Firstly,
we use a more recent period. Secondly, in this thesis we include additional rele-
vant variables into the model that influence Bitcoin volatility, providing a more
comprehensive analysis. Thirdly, the methodology of depeg is different as the
measure of market stablecoin depeg is different and also we utilize 5-minute
data, and Grobys et al. (2021) use open, high, low, close calculations for re-
alized volatility proposed by Rogers & Satchell (1991). All these factors may
have influenced why the results differ.

The author of this thesis offers potential explanations of the found effect
and argues that the depegging of stablecoins may increase Bitcoin’s volatil-
ity through several potential channels. A significant depegging can undermine
confidence in the stability and reliability of stablecoins. Even small deviations
from stablecoin targeted values can result in a loss of trust in these cryptoassets
and the overall market, potentially leading to panic selling and, consequently,
increased Bitcoin volatility. Depegging of stablecoins may introduce uncer-
tainty into the market, making investors more risk-averse or prompting them
to reposition their portfolios, thus increasing Bitcoin volatility. This would
mean that even relatively small uncertainty shocks caused by relatively small
depegs have impact on Bitcoin’s volatility and investor behavior as discussed
in Liu et al. (2023) for the crash of TerraUSD. In addition to market-wide un-
certainty, stablecoin depegging can lead to mass redemptions and withdrawals,
straining liquidity and causing sharp price fluctuations in Bitcoin as investors
seek liquidity. Furthermore, traders may engage in arbitrage, exploiting price
differences between stablecoins and their pegged values. This trading activ-
ity can create buy and sell pressure on Bitcoin, contributing to the increased
volatility of Bitcoin.

Moreover, DeFi protocols often rely on stablecoins as collateral for various
financial operations, including loans and margin trading (Ramaswamy 2024).
These protocols generally require users to over-collateralize their positions to
ensure that the loan remains solvent even if the value of the collateral fluctuates
(Schär 2021b). When a stablecoin depegs and loses value even marginally, the
value of the collateral held in these DeFi protocols decreases. If the value of
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the collateral falls below a certain threshold, it triggers automatic liquidations
to protect the protocol from under-collateralized loans. For instance, if a user
has taken out a loan by depositing a stablecoin as collateral, and the stablecoin
depegs, the system may automatically sell the collateral to repay the loan,
leading to forced sales in the market.

Furthermore, in this thesis, we inform investors about potential volatility
triggers that can arise during the depegging of stablecoins, enabling them to
make more informed investment decisions and develop better trading strategies
and predictive models by incorporating stablecoin market depeg. The thesis
indicates the importance of monitoring stablecoin stability as a part of overall
risk assessment. The results can also be valuable to regulators and policymakers
as the thesis shows that the instability of stablecoins has big implications for
the volatility of the market. Furthermore, the results are important as they
show that lower depegging of stablecoins lowers volatility of Bitcoin. This
is also important for stablecoins issuers as they can play a significant role in
making the cryptocurrency market less volatile with even more increased focus
on stability.

Although the daily market depeg of stablecoins was the primary variable
of interest, it is important to discuss the significance and directions of the
remaining explanatory variables in the model. In this thesis, we employ the
methodology of Krištoufek (2023) and find that while there are some simi-
larities, our findings are not entirely aligned with those of Krištoufek (2023).
Our analysis extends to the end of 2023 and incorporates the depeg of sta-
blecoins into the model, which contributes to these differences. There are two
variables which differ in statistical significance from Krištoufek (2023), namely
price and searches of the term "Bitcoin" which shows that higher public inter-
est increases Bitcoin’s volatility. This variable was found to positively affect
Bitcoin’s volatility in this thesis, aligning with the past research by Krištoufek
(2013) and Garcia et al. (2014). This variable was insignificant in the study
by Krištoufek (2023). The difference may be due to addition of stablecoin de-
peg as a variable and not including other variables, or the prolonged period or
possibly the fact that Krištoufek (2023) uses both the word "Bitcoin" and the
word "BTC" to compute the Google search interest.

Also, price was not significant in our model showing that price does not
have an effect on Bitcoin’s volatility. This is contrary to Krištoufek (2023)
who found a positive effect of price on volatility. The thesis argues that this
may be due to the fact that price is highly correlated both with depeg (-0.64)
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and searches (0.59) and therefore all these three variables may be explaining
some of the same variance in the dependent variable. But since price was not
significant, we also present the model in Table A.1 in the Appendix A without
the price variable. These results show that all variables without price in the
model are now significant at 1% level. This further confirms that the variables
included in the model, including depeg, have strong explanatory power for
Bitcoin’s volatility. However, we keep the price in the main model because of
the theoretical importance of price in explaining the Bitcoin volatility as also
shown by Wainwright (2024) and Krištoufek (2023). The thesis also keeps price
in the model for transparency and consistency of reporting the results.

Both transfersBTC and volumeBTC are positive and significant, con-
sistent with Krištoufek (2023). This result was expected and further confirms
Conlon et al. (2024) and Wüstenfeld (2023) who show that higher volume activ-
ity leads to increased Bitcoin’s volatility. Also, σt−1 is significant and positive
at 1% level which was an expected outcome, also in line with Krištoufek (2023).

This thesis shows that stablecoin depegging positively impacts Bitcoin’s
realized volatility, highlighting the important role stablecoins stability has in
the broader cryptocurrency ecosystem. The interconnectedness of stablecoins
and Bitcoin highlights the systemic risks where instability in stablecoins leads
to increased volatility in Bitcoin. This research provides valuable insights for
investors, regulators, and policymakers, emphasizing the importance of main-
taining stablecoin stability which contributes to the overall Bitcoin’s stability.

6.4 Robustness Checks
In this section, we present the robustness checks of the model’s results pre-
sented in the preceding sections by introducing three additional models. The
first model employs an alternative measure of depeg, specifically the mean
absolute deviation from the targeted pegged value. The second and third ad-
ditional models address the potential influence of TerraUSD on the effect of
market depeg. By excluding TerraUSD from the daily market stablecoin depeg
computation, we aim to confirm that TerraUSD is not the sole driver of this
effect. We re-estimate the same model used in this thesis with these adjust-
ments to verify the robustness of our findings.
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6.4.1 Measure of Depeg

First, we start with a proposition of a simple alternative measure of market
stablecoin depeg and perform the same analysis on this measurement. The
following equation is used to calculate the mean absolute deviation from the
targeted peg value:

absdepegj,t = 1
n

n∑︂
i=1

|pj,i,t − 1| , (6.1)

where absdepegj,t is the mean absolute deviation from the peg for stablecoin j

on day t. The pj,i,t is the price of stablecoin j at the i-th 5-minute interval on
day t, n is the total number of 5-minute intervals in a day, and 1 represents the
targeted peg value (e.g., 1 USD).

First, we include also the first-stage regression results in Table 6.3. We see
that with the absolute measure of stablecoin’s market depeg, the R2 is slightly
lower for the equation with depeg compared to the original measure of depeg.
Still the instruments and the lagged volatility of Bitcoin explain almost 48%
of the variability of stablecoin’s depeg. We conclude that the instruments are
valid even for the absolute measure of depeg.

The results of the 2SLS model with mean absolute depeg measure are pre-

Table 6.3: First-Stage Regression Results with Absdepeg Measure

Variable searches log(depeg) log(transfersBTC) log(volumeBTC) log(price)

const -388.013 47.333 231.143*** -131.796*** -0.301
(247.113) (40.518) (16.657) (26.662) (9.318)

log(oil) 4.645*** 0.108 0.097 -1.485*** 0.152***
(0.904) (0.157) (0.061) (0.112) (0.033)

log(eur) 58.127*** 3.835*** -3.684*** -5.448*** 2.425***
(6.376) (0.973) (0.361) (0.617) (0.247)

log(S&P500) 13.907*** -4.008*** 2.149*** -2.112*** 4.113***
(3.157) (0.540) (0.241) (0.354) (0.129)

log(VIX) 4.251*** -0.203* 0.688*** -0.297*** 0.287***
(0.475) (0.110) (0.040) (0.070) (0.024)

log(supply) 16.039 -1.316 -14.190*** 10.317*** -1.482**
(16.068) (2.651) (1.100) (1.737) (0.610)

log(σt−1) 5.822*** 0.062 0.269*** 0.548*** 0.160***
(0.345) (0.063) (0.016) (0.030) (0.013)

R2: 0.579 0.479 0.399 0.544 0.911
Adj. R2: 0.577 0.477 0.397 0.543 0.911
F-statistic: 221.6 175.5 153.0 255.7 1909.0
No. Observations: 2191 2191 2191 2191 2191
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are reported in parentheses.
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Table 6.4: IV-2SLS Estimation Summary with Absdepeg Measure

Parameter Coefficient SE T-stat P-value
const −6.4723*** 1.3490 −4.7979 0.0000
searches 0.0169 0.0109 1.5534 0.1203
log(depeg) 0.1820*** 0.0689 2.6437 0.0082
log(transfersBTC) 0.2416*** 0.0483 5.0004 0.0000
log(volumeBTC) 0.0862*** 0.0257 3.3490 0.0008
log(price) 0.1453 0.1311 1.1080 0.2679
log(σt−1) 0.4380*** 0.0512 8.5550 0.0000
R2: 0.5528
Adj. R2: 0.5515
F-statistic: 2268.0
No. Observations: 2191
Hausman 18.5503***
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01

sented in Table 6.4. All necessary tests were conducted as in the original model.
The outcomes of these tests remained consistent, although the p-values varied,
the significances were not affected.

Upon applying this alternative measure of stablecoin depeg in our analysis,
we found that the results are comparable to those obtained with the original
model. The slight decrease in R2 to 0.55 indicates that while model with
original measure of depeg offers a marginally better fit, both models exhibit
a high level of explanatory power. The searches variable is now insignificant
with the p-value of 0.12. The absolute depeg measure might not capture the
same nuances of market sentiment and could be less responsive to fluctuations
than the original measure. However, the significance remains close to the 10%
significance threshold. The significance of other variables was not affected by
this alternative measure.

The results from both models consistently show that the daily market depeg
of stablecoins significantly positively impacts the realized volatility of Bitcoin.
The consistency between the results from the original stablecoin depeg measure
and the alternative absolute deviation depeg measure suggests that the find-
ings of this thesis are robust across different relevant methods of measuring the
market stablecoin depeg. This enhances the credibility and reliability of our
conclusions, as it indicates that the observed relationships and effects are not
artifacts of a specific measurement approach but are inherent to the underlying
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economic dynamics.

6.4.2 TerraUSD Excluded from the Dataset

The next part of the thesis investigates the implications of excluding TerraUSD
from the computation of market stablecoin depeg to determine whether its
inclusion disproportionately influences and increases the effect of market depeg
due to its crash. TerraUSD was popular in the market before its collapse, and
its failure was a major event in the cryptocurrency market (Liu et al. 2023).
Although our daily market depeg measure already accounts for substantial
deviations by considering the market capitalization of each stablecoin in the
market depeg, TerraUSD’s market capitalization remained high at around USD
804 million even on May 25, 2022, according to the data from CoinGecko1.
Therefore, in this robustness check, we exclude TerraUSD from the market
stablecoin depeg computation and re-estimate the model for both the original
depeg measure and the absolute depeg measure.

We present the model with original and absolute stablecoin depeg measures
excluding TerraUSD in Table 6.5 and Table 6.6, respectively. The structure of
the model remains the same, with the only difference being the calculation of
the market stablecoin depeg. The first-stage regression results for both models
are presented in Appendix A.

The comparison of models incorporating and excluding TerraUSD in the
stablecoin depegging indicate no substantial differences in the findings. The
higher R2 value observed in the absence of TerraUSD suggests that our model
performs slightly better when the depeg measure is not affected by unexpected
stablecoin crashes and extreme depegging events. The depeg variable is still
positive and significant at the 1% level, confirming the positive effect on Bit-
coin’s volatility found in the original model. Furthermore, the searches variable
is now significant in both models at 5% significance level. This may be again
due to correlation between explanatory variables, namely the price and depeg.
Also, excluding TerraUSD from the computation may have slightly increased
the relevance of the searches variable relative to the depeg variable. The signif-
icance of other variables in the model was not affected, with price remaining
insignificant.

The robustness check confirms that our model remains robust and reliable
1https://www.coingecko.com

https://www.coingecko.com
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Table 6.5: IV-2SLS Estimation Summary with Depeg Measure Exlud-
ing TerraUSD

Parameter Coefficient SE T-stat P-value
const −7.1437*** 1.4961 −4.7750 0.0000
searches 0.0219** 0.0089 2.4561 0.0140
log(depeg) 0.1617*** 0.0576 2.8092 0.0050
log(transfersBTC) 0.2927*** 0.0580 5.0444 0.0000
log(volumeBTC) 0.0837*** 0.0239 3.4938 0.0005
log(price) 0.1174 0.1147 1.0236 0.3060
log(σt−1) 0.4027*** 0.0484 8.3237 0.0000
R2: 0.5902
Adj. R2: 0.5891
F-statistic: 2400.6
No. Observations: 2191
Hausman 17.5734***
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01

Table 6.6: IV-2SLS Estimation Summary with Absdepeg Measure
Exluding TerraUSD

Parameter Coefficient SE T-stat P-value
const −6.9395*** 1.4531 −4.7756 0.0000
searches 0.0209** 0.0093 2.2436 0.0249
log(depeg) 0.1543*** 0.0557 2.7685 0.0056
log(transfersBTC) 0.2926*** 0.0588 4.9781 0.0000
log(volumeBTC) 0.0761*** 0.0227 3.3568 0.0008
log(price) 0.1105 0.1138 0.9707 0.3317
log(σt−1) 0.4172*** 0.0489 8.5315 0.0000
R2: 0.5820
Adj. R2: 0.5809
F-statistic: 2385.6
No. Observations: 2191
Hausman 18.4483***
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01

even when TerraUSD, which experienced significant depegs due to its crash,
is excluded. This further verifies that variables used in this thesis are rele-
vant and that stablecoin depegging has a significant positive effect on Bitcoin’s
volatility.
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Conclusion

This thesis analyzes the impact of market stablecoin depegging on Bitcoin’s
volatility which has only been studied marginally with no decisive conclusions
about the stablecoin’s depeg effect. Stablecoins are designed to maintain a
stable value by being pegged to mostly fiat currencies or commodities. They
play a crucial role in the decentralized finance and cryptocurrency ecosystem
by offering stability that other cryptocurrencies lack. However, their stability
is only relative, as their value deviates daily from the targeted peg.

The analysis conducted for the purpose of this thesis reveals that the de-
pegging of stablecoins significantly increases Bitcoin volatility, confirming the
hypothesized relationship between stablecoin depegging and Bitcoin’s volatil-
ity. The significant positive coefficient suggests that even relatively small devi-
ations of the stablecoins from their peg lead to a substantial increase in Bitcoin
volatility. This finding highlights the critical role stablecoins play in Bitcoin
dynamics and the implications that their instability has on Bitcoin volatility.
The thesis demonstrates the need for stable stablecoins to help mitigate Bit-
coin’s high volatility, promoting a more stable and predictable cryptocurrency
market.

The author argues that the observed effect of stablecoin depegging on Bit-
coin’s volatility likely arises from the uncertainty introduced into the market by
stablecoin depegging. Stablecoins are designed to maintain their peg. As sta-
blecoins are providers of liquidity and stability in the cryptocurrency financial
system and function as a safe haven, any deviation from their peg can create
market uncertainty. This uncertainty may cause a loss of investor confidence,
leading to the reallocation of investments, closing of open positions or exiting
the market, consequently increasing Bitcoin’s volatility.
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Understanding the effect of stablecoin depegging on Bitcoin volatility is im-
portant for market participants. The findings highlight the necessity for robust
risk management strategies and emphasize the importance of stable stablecoins
to prevent increases in Bitcoin’s volatility. The stability of stablecoins is es-
sential not only for their role as a medium of exchange and store of value but
also for maintaining confidence and stability within the cryptocurrency market.
Furthermore, this thesis highlights the importance of monitoring stablecoin sta-
bility as part of the overall risk assessment. This thesis provides investors with
the understanding that stablecoin depegging is a significant driver of Bitcoin’s
volatility. This knowledge allows them to make more informed investment de-
cisions and to develop more effective trading strategies.

As this topic has not yet been thoroughly studied, future research should
explore the specific mechanisms through which stablecoin depegging affects
Bitcoin’s volatility, including market sentiment shifts, liquidity disruptions, ar-
bitrage activities, and forced liquidations in DeFi protocols. Analyzing the
intraday transaction flows would be particularly insightful for understanding
the immediate impacts of stablecoin depegging on Bitcoin’s volatility. Addi-
tionally, examining the long-term impacts, investor behavior, and cross-market
effects on other major cryptocurrencies would offer deeper insights into the
broader implications of stablecoin depegging. Future research should also aim
to develop mechanisms that enhance the stability of stablecoins, ensuring their
reliability in volatile market conditions.
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Appendix A

Additional Results

Table A.1: IV-2SLS Estimation Summary with Depeg Measure Ex-
cluding Price

Parameter Coefficient SE T-stat P-value
const −5.2499*** 0.7698 −6.8198 0.0000
searches 0.0287*** 0.0037 7.7651 0.0000
log(depeg) 0.1094*** 0.0146 7.4842 0.0000
log(transfersBTC) 0.2091*** 0.0398 5.2530 0.0000
log(volumeBTC) 0.0724*** 0.0199 3.6441 0.0003
log(σt−1) 0.4124*** 0.0462 8.9214 0.0000
R2: 0.6095
Adj. R2: 0.6086
F-statistic: 2456.9
No. Observations: 2191
Hausman 24.6222***
Sargan’s 1.3906
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01



A. Additional Results II

Table A.2: First-Stage Regression Results with Depeg Measure Ex-
cluding TerraUSD

Variable searches log(depeg) log(transfersBTC) log(volumeBTC) log(price)

const -388.013 -5.660 231.143*** -131.796*** -0.301
(247.113) (36.895) (16.657) (26.662) (9.318)

log(oil) 4.645*** -0.051 0.097 -1.485*** 0.152***
(0.904) (0.123) (0.061) (0.112) (0.033)

log(eur) 58.127*** 4.008*** -3.684*** -5.448*** 2.425***
(6.376) (0.819) (0.361) (0.617) (0.247)

log(S&P500) 13.907*** -4.945*** 2.149*** -2.112*** 4.113***
(3.157) (0.488) (0.241) (0.354) (0.129)

log(VIX) 4.251*** -0.533*** 0.688*** -0.297*** 0.287***
(0.475) (0.091) (0.040) (0.070) (0.024)

log(supply) 16.039 2.409 -14.190*** 10.317*** -1.482**
(16.068) (2.415) (1.100) (1.737) (0.610)

log(σt−1) 5.822*** 0.058 0.269*** 0.548*** 0.160***
(0.345) (0.058) (0.016) (0.030) (0.013)

R2: 0.579 0.590 0.399 0.544 0.911
Adj. R2: 0.577 0.588 0.397 0.543 0.911
F-statistic: 221.6 292.3 153.0 255.7 1909.0
No. Observations: 2191 2191 2191 2191 2191
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are reported in parentheses.

Table A.3: First-Stage Regression Results with Absdepeg Measure
Excluding TerraUSD

Variable searches log(depeg) log(transfersBTC) log(volumeBTC) log(price)

const -388.013 -16.158 231.143*** -131.796*** -0.301
(247.113) (40.376) (16.657) (26.662) (9.318)

log(oil) 4.645*** -0.088 0.097 -1.485*** 0.152***
(0.904) (0.135) (0.061) (0.112) (0.033)

log(eur) 58.127*** 4.423*** -3.684*** -5.448*** 2.425***
(6.376) (0.907) (0.361) (0.617) (0.247)

log(S&P500) 13.907*** -5.009*** 2.149*** -2.112*** 4.113***
(3.157) (0.538) (0.241) (0.354) (0.129)

log(VIX) 4.251*** -0.532*** 0.688*** -0.297*** 0.287***
(0.475) (0.098) (0.040) (0.070) (0.024)

log(supply) 16.039 3.061 -14.190*** 10.317*** -1.482**
(16.068) (2.645) (1.100) (1.737) (0.610)

log(σt−1) 5.822*** 0.039 0.269*** 0.548*** 0.160***
(0.345) (0.062) (0.016) (0.030) (0.013)

R2: 0.579 0.547 0.399 0.544 0.911
Adj. R2: 0.577 0.546 0.397 0.543 0.911
F-statistic: 221.6 244.4 153.0 255.7 1909.0
No. Observations: 2191 2191 2191 2191 2191
Stars denote p-values as follows: * p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are reported in parentheses.
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