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Abstract

This thesis investigates the performance of Bitcoin whales, the largest holders
of Bitcoin, focusing on their ability to generate alpha or returns above market
expectations. An extensive on-chain analysis examined over 35,000 whale wal-
lets using clustering techniques, transaction data, and a comprehensive time
series of Bitcoin prices. The findings reveal that most whales achieve higher
returns through a passive buy-and-hold strategy rather than active trading.
This study integrates diverse data sources, introduces a novel dataset of Bit-
coin prices from inception, and provides empirical insights into the efficiency

of trading strategies in cryptocurrency markets.
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Keywords Bitcoin Whales, On-Chain Data, Clustering
Techniques, Financial Returns

Title Do Bitcoin whales generate alpha?

Abstrakt

Tato prace zkouma vykonnost bitcoinovych velryb, nejvétsich drzitelt Bitcoinu,
se zamérenim na jejich schopnost generovat alfu, tedy vynosy nad ocekavani
trhu. Prostrednictvim rozsahlé analyzy on-chain dat bylo zkouméano vice nez
35 000 penézenek velryb za pouziti klasterizacnich technik a transakénich dat, v
kombinaci s komplexni ¢asovou rfadou cen Bitcoinu. Zjisténi ukazuji, ze vétsina
velryb dosahuje vyssich vynost prostrednictvim pasivni strategie ,koupit a
drzet” spise nez aktivnim obchodovanim. Tato studie integruje rtzné zdroje
dat, predstavuje novy dataset cen Bitcoinu od pocatku a poskytuje empirické

poznatky o efektivité obchodnich strategii na trzich kryptomeén.

Klasifikace JEL (C55, C88, D53, G11, G14

Klicova slova Bitcoinovi velryby, On-chain data, Klaster-
izac¢ni techniky, Financ¢ni vynosy

Nazev prace Tvori bitcoinové velryby obchodovatelné

informace?
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Motivation The proposed research aims to investigate the impact of Bitcoin whales
(wallets with more than 1k BTC) on the market and their potential edge. By an-
alyzing their activities on the blockchain, this study could follow different axes on
their potential market manipulation, asymmetry of information, or cartel theory.
The motivation is three-fold: The first is for the investors, is it a good idea to follow
the whale movement, and copy their behavior? Some whales may be better than
others, they may be good at buying but bad at selling as described in Akepanidta-
worn, Klakow and Di Mascio, Rick and Imas, Alex and Schmidt, Lawrence, Selling
Fast and Buying Slow: Heuristics and Trading Performance of Institutional Investors
(September 1, 2019). Secondly, for regulators, the research may find that whales have
no asymmetry of information, and that no additional regulation is needed in that
regard. Thirdly, for academia, this research will fill the gap between classical trading

strategy, on-chain analysis, and deanonymizing.

Hypotheses

Hypothesis #1: Bitcoin Whales do not achieve higher returns compared to the
hold strategy ("HODL").

Hypothesis #2: Bitcoin Whales have a higher market return than the average

Bitcoin investor.

Hypothesis #3: Some Bitcoin Whales are good at timing the market.

Methodology The first step is the blockchain data of all the transactions with
their amounts, dates, and addresses. This is necessary to determine the wealth of
each wallet, in respect of finding which of these wallets belongs to a whale. This

data is also useful to pinpoint on what day and what amount of Bitcoin is sold or


https://ies.fsv.cuni.cz/

Master's Thesis Proposal Xiii

bought by address. To get this data I decided to use a data warehouse (Google
BigQuery), due to the simplicity and the availability of the public data. As the
study is focused on whales and private investors, there is a need to clean the data, as
I am not interested in the holdings of crypto exchanges or other services that accept
Bitcoin. The first method to resolve this is by using different datasets of labeled
addresses which will allow the deletion of these addresses from our study. A second
method will be used to clean the data, as described in Zhang, Y., Wang, J. and Luo,
J. (2020). Heuristic- Based Address Clustering in Bitcoin. This clustering method
will be used to remove unlabeled services and to only keep the relevant addresses.
The second step is gathering the Bitcoin price data. The oldest dataset is available
on Investing.com. There will be combined with the price data from the New Liberty
Standard exchange, to have an even longer time frame. The combined dataset will
be split into the bitcoin cycle (a new cycle starts when it hits the local bottom) to
allow for a temporal analysis of the subject in the different cycles. The last step is
the analysis, to respond to the hypotheses, there is a need for assumption: When
an address is receiving Bitcoin, I consider it as a buying but when the address is
sending Bitcoin I view it as a selling. I take each relevant address and calculate the
percentage of the return based on when they receive and send Bitcoin. This return

is compared between whales, other investors, and the potential return of the cycle.

Expected Contribution The current literature is lacking in on-chain trading re-
lated to Bitcoin whales. Most literature is focused on onchain trading on Ethereum,
and the few papers are not using blockchain data but "whale alerts". This paper

could have real practical application..
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Chapter 1
Introduction

The most widespread and trustworthy cryptocurrency, Bitcoin represents a rev-
olutionary digital asset that relies on a distributed public ledger, the blockchain,
to ensure transparency and security. Unlike traditional financial systems, Bit-
coin is decentralized it eliminates the need for intermediaries and enabling peer-
to-peer transactions on a global scale. This innovative system is underpinned by
a pseudo-anonymous structure, allowing transactions without disclosing owner-
ship. Consequently, information about Bitcoin holders is typically inaccessible,
maintaining the privacy of individual transactions. The mystery of "Whales"
is an interesting phenomenon that has fascinated traders and investors despite
this veil of anonymity. Bitcoin whales, the wealthiest and most prominent
holders, wield substantial market power due to their significant holdings. Their
activities often influence market trends, creating ripples that smaller investors
closely observe and attempt to emulate. Yet, this pursuit is usually speculative,
as traders rarely know whether these whales possess specific strategies or be-
haviors that lead to superior returns. This is why this question holds relevance
not only for academic inquiry but also for practical applications in investment
strategies and market analysis.

The objective of this thesis is to investigate whether Bitcoin whales generate
alpha. Through an analysis of transaction histories, public information, and
open-source data, this study aims to uncover patterns in whale behavior and
assess their ability to achieve returns beyond market expectations. The research
employs clustering and other analytical techniques to categorize whales, analyze

their transaction patterns, and evaluate their profitability.



1. Introduction 2

The thesis is structured as follows. Chapter 2 encompasses the literature
review. First, we introduce the theoretical background of Bitcoin transactions.
Next, we examine the literature on Bitcoin whales. Finally, we review the
literature on abnormal market returns in the financial market linked to wealthy
or influential people. Chapter 3 presents the methodology used in this, from
the choice of technologies to introducing the datasets, passing by the clustering,
and finishing with points on limitations and ethics. The data plays a crucial
role in this paper, and Chapter 4 presents it. Chapter 5 is a deep dive into the

empirical results. Lastly, Chapter 6 summarizes our findings.



Chapter 2

Literature Review

2.1 Heuristic-Based Address Clustering in Bitcoin.

One well-known feature of the open-source, decentralized, peer-to-peer digital
currency known as Bitcoin is its ability to enable money transfers between
users without depending on a third party. Bitcoin’s leading technology, the
blockchain, serves as a public record of all transactions. The transactions are
gathered into blocks and cryptographically connected to ensure integrity and
verification. Although Bitcoin frequently earns praise for encouraging finan-
cial independence and enabling anonymous transactions, its privacy is more
complex and subtle. "Pseudo-anonymity" is the term used to describe this
sophisticated sort of privacy.

Pseudo-anonymity in the context of Bitcoin means that while transactions
are completely traceable and available to the public through the blockchain,
the identities of the people making these transactions are disconnected from
their activities. Users carry out transactions using alphanumeric addresses,
strings of letters, and numbers created from users’ cryptographic keys rather
than personal information.

Since users can create many of these addresses, they promote anonymity
by preventing transactions from directly linking to their identity. This config-
uration offers a veil of anonymity since it prevents the identity of the address
owners from being revealed by just examining the blockchain. The Bitcoin
white paper strongly supports this approach, stating: “As an additional fire-
wall, a new key pair should be used for each transaction to keep them from

being linked to a common owner.” (Nakamoto 2008, p. 6).
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However, Bitcoin’s pseudo-anonymity is not absolute. The same open-
ness that guarantees transaction integrity makes de-anonymization easier. On
the blockchain, every transaction is publicly recorded; thus, transaction pat-
terns may be identified using sophisticated analytical techniques. Sophisti-
cated methods, like clustering heuristics, significantly reduce Bitcoin’s pseudo-

anonymity.

2.1.1 Nakamoto heuristic

The most often used heuristic is the Nakamoto heuristic, or common-input-
ownership heuristic, covered in the Bitcoin white paper: “Some linking is still
unavoidable with multi-input transactions, which necessarily reveal that the
same owner owned their inputs. The risk is that if the owner of a key is
revealed, linking could reveal other transactions that belonged to the same
owner.”(Nakamoto 2008, p. 6).

Vitalik Buterin elucidated the concept of a UTXO in his work A Newt-
generation Smart Contract and Decentralized Application Platform Buterin
(2014), stating, “The ‘state’ in Bitcoin is the collection of all coins (techni-
cally, 'unspent transaction outputs’ or UTXO) that have been minted and not
yet spent, with each UTXO having a denomination and an owner.”(Buterin
2014, p. b).

As Vitalik Buterin stated, this may be employed as a heuristic in cases when
the user’s wallet does not have a sufficiently big UTXO to cover the transaction;
in such cases, the wallet will aggregate many UTXOs from several addresses
that belong to the same entity to cover the transaction. Users utilize co-spent
addresses in the inputs for the same transaction.

CoinJoin is known to contradict this heuristic. CoinJoin is a way to transact
with Bitcoin that improves anonymity. It makes it more difficult for third
parties to figure out which spender paid which recipients by combining several
Bitcoin payments from different spenders into a single transaction. CoinJoin
improves user privacy by obscuring the link between input and output addresses
by mixing several payments; consequently, attempts at de-anonymization are

prevented.

2.1.2 Meiklejohn heuristic

The Meiklejohn heuristic, better known as the change heuristic, was discovered

as a method to identify patterns in blockchain transactions with the paper
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A Fistful of Bitcoins: Characterizing Payments Among Men with No Names
Meiklejohn et al. (2013), where it builds on the concept first described with

n

the term 'shadow" address in the paper FEwaluating User Privacy in Bitcoin
Androulaki et al. (2013). Still, the heuristic was even more refined with modern
adaptations. Following a transaction, unspent bitcoins can be returned to the
original sender using a change address, a specialized type of Bitcoin address.
When a user sends bitcoins, any extra amount (after deducting the payment and
transaction fee) is sent back to the user through this change address. Usually,

these addresses are:

o Internally Generated: The Bitcoin client automatically generates this.

« Rarely Reused: Usually, a fresh change address is generated for every

transaction.

« Invisible to Users: Unless they closely examine the blockchain, most

users are unaware of these addresses.

The original formulation of the heuristic by Meiklejohn et al. (2013) included

the following criteria to identify change addresses:

The address has not appeared in any previous transaction

The transaction is not a coin generation

There is no self-change address

all the other output addresses in the transaction have appeared in previ-

ous transactions

The current study modifies and improves the heuristic for modern transaction

patterns and behaviors. The revised heuristic consists of:

e Round number payment: In a transaction with two outputs, the pay-
ment is usually the rounded output, and the change address is probably

the output with more digits.

o« Named entity: The payment and the change address are the two out-
puts for this named entity if you can access a database of named entity

addresses.

o Easiest spend: In a transaction with two outputs and numerous out-
puts, the change address is the smaller output, and the payment is the

more significant amount (requiring a combination of inputs).
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e Address type: The Input and the change address are similar.

Researchers and practitioners may track Bitcoin transactions and spot pat-
terns more precisely by utilizing these improved criteria. The Meiklejohn
heuristic has changed over time to conform to modern Bitcoin transaction pro-
cedures, responding to new Bitcoin releases and fending off new technologies

that increase privacy.

2.2 Cryptocurrency whales

2.2.1 The Influence of Whales on Cryptocurrency Markets

In the paper From Whales to Waves: The Role of Social Media Sentiment in
Shaping Cryptocurrency Markets Long et al. (2024), the authors confirm that
whales have a substantial effect on cryptocurrency markets by changing the
dynamics of supply and demand, which causes noticeable price swings. When
whales accumulate large amounts of bitcoin, demand and prices rise. Instead,
their massive sell-offs increase supply, often lowering prices. Additionally, the
opinions of whales on social media platforms impact the sentiment of the mar-
ket. Retail investors may become more confident if whales adopt a positive
outlook, which could lead to more purchases and higher prices. Nevertheless,
unfavorable opinions or large sell-offs might make smaller investors worry, which

can lead to a sell-off and successive price drops.

2.2.2 Whales allocation in Cryptocurrency Markets

In the article For Crypto Whales: When Less is More White & Haghani (2023),
they discuss the concept in investment behavior: the relationship between op-
timism and asset ownership. Nevertheless, with really high optimism levels,
something interesting happens. The text clarifies that “at extreme levels of
bullishness, the normal relationship can be turned on its head, and it can make
sense to own less of an asset the more we like it.” (White & Haghani 2023, p.
1). This theory is contradictory because it might cause investors to sell their

assets due to overconfidence.
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The authors derived the assumption that whales exhibit a moderate degree
of risk aversion from a 2018 survey. As such, an investor has the twice risk-

aversion of a Kelly Bettor, so the utility function U (W) is given by:

W0 for 1,
Uw)={ = the
In(W) fory=1.

Here, v = 1 represents the Kelly Criterion, and v = 2 represents the "half-
Kelly" strategy. This translates to:

y=1 = UW)=In)

T 1-2
The "half-Kelly" strategy was introduced because the " full-Kelly " strategy

= w1

y=2 = UW)

would be considered too risky for a big investment. In particular, an investor
of that kind wouldn’t mind if a coin flip (50/50) increased his wealth by 50%
or decreased it by 25%.

The second assumption is that a cryptocurrency asset has a 50% probability
of going to 0 and a 50% probability of gain by a factor of P the payout ratio.
The optimal allocation k* is that maximizes the expected utility of the investor.
Given a payoff ratio P, upside probability 7, and Constant Relative Risk-

Aversion coefficient 7,

(P —7wP)Y7 — /v

k* = .
(P —nP)Yv + 7P

The expected return and risk of the asset increase as we increase the payoft
ratio from 1:1 to 2048:1, and more importantly, so does the ratio of return
to risk, or Sharpe ratio. The ideal allocation peaks at roughly 17% when the
expected payoff ratio falls between 4:1 and 8:1. The ideal bet size then decreases
at higher payoff ratios.

Lastly, they discuss the concept of Certainty Equivalent Wealth (CEW)
when choosing investments. Typically, analysts use the current market value of
owned assets to calculate financial wealth. Nonetheless, when an investor spots
a very appealing investment opportunity, this strategy might not adequately
reflect their perceived wealth. For example, an investor may feel wealthier
than market values indicate if they believe a digital asset has a 50/50 chance of

yielding a 100:1 payoff. CEW is the quantity of money that an investor would
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require to feel just as content even if they could not purchase the attractive
asset. The given example shows that an investor’s CEW could be 125% of
their initial wealth if they invest 17% of their wealth in a crypto-asset that
has the potential to yield a high return. From this angle, it is evident that the
investor’s downside risk is more significant than what would seem when looking

only at market values when measured against CEW.

2.3 Return inequality in stock markets

2.3.1 Wealthy investors outperforming the stock markets

In Do Wealthy Investors Have an Informational Advantage? Evidence Based on
Account Classifications of Individual Investors 1i et al. (2017). They explore
the complicated relationship between wealth, trading behavior, and financial
performance. It provides a way in which wealth, especially informational bene-
fits, can be thoroughly examined because of its emphasis on super investors or
those whose portfolios are above the 99.5th percentile. The study demonstrates
that trading harms portfolio performance for most individual investors. After
deducting transaction costs and risk adjustments, the net returns for small,
medium, and large investors are pessimistic, consistent with research by Bar-
ber & Odean (2000) and others. Experts blame overtrading, lousy timing, and
behavioral biases as the disposition effect for this underperformance. However,
the outcomes are very different for super investors, who, even after controlling
for risk using the Fama-French three-factor model, generate annualized net
returns of 6.1% and gross returns of 16.8%.

The ability of super investors to take advantage of informational advantages
sets them apart from other categories. According to the analysis, super in-
vestors profit from higher turnover, even though turnover generally negatively
correlates with performance because of transaction costs. This implies that
rather than relying on speculation or chasing the market’s momentum, their
trading decisions are guided by practical insights. Local information’s contribu-
tion to super investors’ performance is among the most convincing conclusions.
The authors’ event study on high-stock dividend announcements reveals that
super investors profit significantly from the subsequent price movements by
strategically purchasing stocks prior to announcements and selling them after-

ward. This behavior is especially noticeable in businesses with headquarters
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close to the investors, underscoring the significance of physical proximity in

gaining access to confidential information.

Wealthier people are more likely to interact with corporate insiders or other
knowledgeable agents because of their professional and social networks. This
aligns with homophily, the propensity for people to associate with like-minded
people, which promotes information sharing among elite groups. For instance,
local super investors may be able to predict events like dividend announce-
ments because they have direct or indirect access to executives or staff of local
businesses. In the Chinese market, where these announcements frequently re-
sult in significant stock price swings, emphasizing high stock dividends is very
important. An event-window analysis of cumulative abnormal returns (CARs)
surrounding the announcements provides a strong demonstration. There is a
pattern of net buying by super investors in the 30 days before the announce-
ments and net selling in the 30 days after. On the other hand, less wealthy
investors typically wait until information is made public before making a pur-

chase, thereby missing out on the most profitable trading possibilities.

A propensity score matching (PSM) technique further validates these find-
ings’ robustness. The authors isolate informational advantages’ influence by
contrasting super investors’ trading patterns in companies that pay big divi-
dends with those of matching companies that do not. The matched firms’ lack
of comparable trading patterns reinforces the claim that super investors’ profits
are directly related to their capacity to act on confidential information rather
than just their superior stock-picking abilities. The results cast doubt on the
conventional wisdom that financial markets are level playing fields. Instead,
they contend that a fraction of investors can regularly outperform because
wealth can produce structural advantages. How afHuence facilitates access to
knowledge raises essential concerns about the efficiency and fairness of the
market. A fundamental principle of the Efficient Market Hypothesis (EMH),
informational advantages undermine the premise of equal access to informa-
tion. Although the presence of knowledgeable traders can aid in price discov-
ery, it also introduces aspects of adverse selection, wherein individuals who lack
knowledge are subject to greater costs and risks.

Additionally, the study touches on behavioral finance theories by highlight-
ing the interaction between behavioral and cognitive characteristics and infor-

mational asymmetries. For example, overconfidence, a prevalent bias in retail
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trading, may contribute to the persistent underperformance of less wealthy in-
vestors by causing high turnover and less-than-ideal decision-making. For this
study, the Chinese stock market offers a distinctive setting. Mechanisms for
short selling and other advanced trading tactics were either nonexistent or in-
adequately established throughout the sample period (2007-2009) when retail
investors dominated trading activity. Given that the market is less efficient
than more developed markets like the U.S., this setting increases the impact of
informational advantages. Furthermore, informational asymmetries are more
noticeable in China due to the country’s cultural and regulatory framework,
which includes concentrated business ownership structures and less robust in-

vestor protections.

2.3.2 Why do they have higher returns

In the paper by Yosef Bonaparte, titled Why Do Wealthy Investors Have a
Higher Return on Their Stocks? Bonaparte (2021). The author provides a
comprehensive examination of the relationship that exists between investment
results, search behaviors, and wealth. The study explores how market struc-
tures, behavioral tendencies, and systemic advantages allow wealthy investors
to get better financial results. Bonaparte’s research fundamentally argues that
investor search activity and strategy significantly influence stock returns, ex-
tending beyond the effects of market conditions. He contends that wealthier
individuals are uniquely positioned to allocate their time and money more ef-
fectively in pursuing better investment opportunities. Three key findings form
the basis of the study’s reasoning.

The finding is that risk-adjusted returns are higher for wealthier investors.
Bonaparte’s analysis of data from the Survey of Consumer Finance (SCF') shows
that these investors frequently have higher Sharpe ratios than less wealthy ones.
Traditional asset pricing theories presume uniformity in risk-return profiles
across wealth strata, but this conclusion challenges that assumption. Harry
Markowitz’s portfolio theory, which outlines the efficient frontier, aligns closely
with wealthy investors’ more extensive and precisely structured portfolios Markowitz
(1952). This alignment suggests that affluent investors adopt practices and
methods to manage risk and maximize returns more effectively.

The paper focuses on search behavior as a factor in investment performance,
which is one of its most important contributions. Bonaparte distinguishes be-

tween professional search techniques, such as employing financial consultants or
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brokers, and informal search techniques, such as reading financial news or talk-
ing to friends. Wealth levels significantly influence the use of these strategies
due to the direct financial costs of professional searches and the opportunity
costs of unofficial searches. Due to their higher opportunity costs, wealthy
investors spend more money on professional searches. Thanks to this tactical
change, they may now access advanced tools and specialized information, which
significantly increases the effectiveness of their search operations.

The complementary association between search intensity and financial risk
tolerance. Investors who are prepared to assume more significant financial risks
frequently undertake more extensive informal and professional search efforts.
According to Bonaparte, this is a risk-reduction tactic: investors spend more
on exhaustive search procedures to find and seize high-return opportunities to
offset the increased dangers they expose themselves to. Wealthy investors, who
have higher degrees of risk tolerance and search intensity, are most affected by
this dynamic.

Bonaparte develops a search-theoretic model of portfolio choice to account
for these results. The model assumes that investors limit their search efforts
by available time and money to determine their stock returns. Investors divide
their time between professional and informal searches, weighing the potential
advantages and disadvantages of each. The main factors influencing this alloca-
tion are wealth, labor wages, and risk tolerance. The model uses a two-period
framework to function. Investors choose how much time to spend on labor,
how much to put into stocks, and how to divide their search efforts during the
initial phase. Based on the likelihood of significant returns, which is a function
of their search intensity, they realize the returns on their investments in the
second phase. This approach offers a formal way to show how wealth, search

behavior, and returns are related.

Using SCF data from 1989 to 2004, Bonaparte’s empirical study focuses
on variables like risk tolerance, wealth quartiles, annualized stock returns, and
search strategies. The research shows that the wealth quartiles’ search habits
varied significantly. While less wealthy investors rely more on informal strate-
gies like reading newspapers or talking to peers, more affluent investors prefer
professional search techniques like hiring brokers or financial advisors. This
discrepancy represents variations in opportunity costs, resource accessibility,
and financial capability. The UBS Index of Investor Optimism is one of the

different datasets used in the study to assess the validity of its conclusions.
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These datasets support the positive relationship between wealth and returns
and the importance of search productivity despite several drawbacks, such as
shortened wealth distributions.

The paper admits a number of limitations even though it offers a thorough
review. The use of self-reported data introduces potential biases, and the anal-
ysis’s static character leaves out the dynamic changes in investment behaviors

over time.
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Methodology

3.1 Introduction

Many studies have examined the actions and effects of large Bitcoin investors,
also known as whales. However, most have not directly contrasted their in-
vestment returns with those of a randomly chosen smaller investor sample.
Examining whether whales outperform the typical investor in financial returns
over a given period of time will show if following whales is a wise strategy.
This thesis advances previous research by using address clustering techniques
to study investment strategies and their efficacy for various investor classes in

the Bitcoin market.

3.2 Data Choice: Google BigQuery vs. Node

In selecting a data management strategy, especially for managing Bitcoin trans-
action data, it is important to consider the advantages and disadvantages of
various methods. Here, we will clarify why this study uses Google BigQuery
for the Extract-Transform-Load (ETL) process, which is more favorable than
directly extracting data from a Bitcoin node.

When directly extracting data from a Bitcoin node, setting up and main-
taining a full node, which requires downloading and continuously updating a
copy of the complete blockchain, is necessary. This method requires continuous
network bandwidth and significant storage resources. When writing, the Bit-
coin Blockchain size is nearly 600 GB. While it provides real-time data access,

local hardware, and bandwidth constraints limit its scalability. Its reliance on
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specialized infrastructure and a data transformation process adds significant
complexity.

In contrast, Google BigQuery’s Extract-Transform-Load (ETL) procedure
uses Google’s publicly accessible dataset of Bitcoin blockchain data, which
is kept up to date by Google. Blockchain data do not require local storage
or management because Google manages the infrastructure and updates. Al-
though users experience a slight delay and no real-time data refresh, managing
such a scale of data becomes much more straightforward, requiring only SQL
knowledge to query the data. Furthermore, this method allows for high scal-
ability without requiring the user to invest in additional infrastructure due to
Google Cloud.

Because of its pay-as-you-go model, BigQuery is frequently more affordable
than the high overhead of operating and maintaining a full node. Additionally,
since it eliminates the need for the initial data extraction and normalization

processes when operating a node, it enables faster data querying and analysis.

3.3 Stratified Sampling on the Data

This study investigates possible differences in investment returns between big
and small Bitcoin owners. Because of its decentralized structure, the Bitcoin
ecosystem offers a glimpse of the economic trends and behaviors among various
investor groups. This study uses Google BigQuery to classify Bitcoin wallets
based on their holdings, thoroughly examining the connection between wallet
size and investment returns. It builds on its previous use to obtain the node
data.

This analysis divides Bitcoin wallets into whales and non-whales. A wallet
containing more than 1,000 Bitcoins at any given time is called a whale wallet.
The 1,000 BTC threshold is a disproportionately large percentage of the total
amount held. Nevertheless, it represents a notably small percentage of all
wallets based on the distribution of holdings within the blockchain and reflects
the industry standard.

Based on their maximum Bitcoin holdings, non-whale wallets are further

divided into seven categories to allow for a more in-depth analysis:

o Whale wallets, holding more than 1,000 BTC.

o Shark wallets, holding between 500 and 1,000 BTC.
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Dolphin wallets, holding between 100 and 500 BTC.

Fish wallets, holding between 50 and 100 BTC.

Octopus wallets, holding between 10 and 50 BTC.

Crab wallets, holding between 1 and 10 BTC.

Shrimp wallets, holding less than 1 BTC.

3.4 Time Series Data

To track every transaction in Bitcoin’s history and the price at which it was
purchased, one must use time series data with the longest possible duration..
Investing.com is one of the most important data sources available; it began
tracking Bitcoin price on July 18, 2010. However, it is important to acknowl-
edge that the New Liberty Standard, the earliest known Bitcoin "exchange,"
is not included in this data set. The new Liberty Standard exchange stands
as the first attempt to put a market value on Bitcoin; this was accomplished
by connecting the price of electricity needed for Bitcoin mining. Calculate the
average energy expenditure required to run a Bitcoin mining machine (inter-
net and electricity) for an entire year, considering the average US household
electricity cost and the average amount of bitcoins mined last month.

Interestingly, there was a significant change in the valuation method at the
beginning of 2010. Based on the price of one gram of gold, the synthetic asset
known as Pecunix has replaced electricity costs as the basis for pricing Bitcoin.
Given that Bitcoin was denominated in Bitcoin during this time, this shift
emphasizes the necessity of a data set that contains the daily gold prices in
grams to interpret the value of Bitcoin at that time precisely.

Since most current data sets document Bitcoin prices in US dollars (BTC/USD),
a significant discrepancy exists between the Investing.com data and the New
Liberty Standard. One workable way to fill in the missing data points and
address this discrepancy is to propose the linear interpolation method. The
data methods section of this thesis goes into further detail about this approach

and how it was used.
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3.5 Temporal Epoching

Due to the intrinsically volatile Bitcoin price, a temporal epoch is necessary. In
particular, we will segment the Bitcoin price time series data into discrete mar-
ket cycles. Local maxima, which represent the peaks and troughs of each cycle,
will be identified to segment the Bitcoin time series into market cycles. Each
peak represents the end and the beginning of a new cycle. This methodology

enables examining investor behavior and returns in different market phases.

3.6 Clustering

This section outlines the comprehensive methodology adopted in our study to
cluster whale addresses. Clustering aims to filter out addresses that do not
belong to individual investors or whales. It will belong to an entity as a cluster
of addresses with thousands of addresses. The same logic applies to a cluster

with many transactions.

3.6.1 Theoretical Framework

Our study builds on the theory that advanced clustering techniques can un-
dermine Bitcoin’s pseudo-anonymity. These methods find and classify several
addresses belonging to the same user based on their transaction behaviors and
usage patterns. This project aims to provide fresh perspectives on the relation-
ship between anonymous cryptocurrency transactions and digital identities by

methodically implementing and improving these clustering heuristics.

3.6.2 Data Collection

In order to perform this research, a complete dataset is needed, which includes
all transactions recorded up to a given cut-off date from the Bitcoin Blockchain
public dataset. The data set also contains important data such as the times-
tamps of each transaction, the values transferred, and the addresses involved
in the transactions. A second data set is needed to provide more context to
these addresses. Some dedicated companies trace different entities and collect
off-chain data from a range of public and private sources. This included places
like forums, social networks, and darknet markets where people could reveal in-
formation about themselves or, in some other way, link their Bitcoin addresses

to themselves. These addresses are often named seed addresses, as they link



3. Methodology 17

their real-life activity and their blockchain activity. Seed addresses are often
the starting address for the clustering algorithm or are a way of labeling the

clusters.

3.6.3 Clustering Heuristics

As described in the literature review, we are going to use two main heuristics in
our methodology: Nakamoto heuristic, more familiar as the Common Spending
Heuristic (CS), and the Meiklejohn heuristic, better known as the One-time
Change Heuristic (OTC)

e The Common Spending Heuristic posits that if multiple addresses
are inputs in a single transaction, it is plausible that the same user con-
trols them. This heuristic has been foundational in linking addresses that

frequently co-occur as transaction inputs, suggesting a common control.

e The One-time Change Heuristic is based on the observation that the
change from transactions is often returned to a new address controlled
by the sender. Identifying these change addresses allows us to link them
to their owners, assuming they control both the input and the returned

change addresses.

3.6.4 Algorithmic Implementation

We decided to express the algorithm’s operations as equations to clarify them.

Common Input Heuristic Equation
If multiple addresses Ay, As, ..., A, are inputs in a single transaction T,

The same user likely controls them, and we can denote this relationship as:
VZ,] € {1,2,...,%}, Az ~ Aj

where A; ~ A; means address A; is grouped with address A;.

One-time Change Heuristic Equation

If a transaction 7" with input addresses Ai, As,..., A, has an output C
that is identified as the change address, then the change address C' is likely

controlled by the same user. This relationship can be denoted as:

Vie{1,2,....n}, C ~ A
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Algorithmic Steps
Let G be the set of address groups. Initially, G = (.

For each transaction 7"

o Let I(T) ={A1, Ay, ..., A,} be the set of input addresses.

o Let O(T) ={01,0,,...,0,} be the set of output addresses.
o Identify the change address C' € O(T).

Apply Heuristics

e For Common Spending Heuristic:

G<—GU{{A17A277A71}}

e For One-time Change Heuristic:

G+ GU{{C, A1, Ay,..., An}}

Final Grouping
After processing all transactions, addresses in the same group are considered

controlled by the same user. Let G be the final set of address groups.

3.6.5 Validation and Error Analysis

We use a multifaceted approach to validate our clustering methodology. We
test the accuracy of our clusters by performing cross-validation using known
identities associated with specific Bitcoin addresses (where available). We com-
pute error metrics such as the frequency of accurate and inaccurate linkages
and the purity of clusters. These measures determine the effectiveness of our
heuristics and the general dependability of our clustering strategy.

This clustering methodology explores Bitcoin’s pseudo-anonymity by com-
bining rich off-chain data with in-depth transactional analysis. Using this all-
encompassing method, we hope to find trends and connections that can help
with the forensic examination of cryptocurrency transactions and the compre-
hension of blockchain technology. With the help of stringent error checking and
external validations, this dual heuristic approach guarantees a strong frame-

work that improves the traceability and transparency of Bitcoin transactions.
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3.7 Limitations

It is important to recognize the following limitations of this research:

o Data Completeness: Although using Google BigQuery gives much ac-
cess to Bitcoin transaction data, the data is not updated in real time, and
some transactions may be delayed or excluded. Time-sensitive analyses

may become less accurate as a result of this slight delay.

« Historical Data Gaps: Uncertainty is introduced by the use of Invest-
ing.com and the interpolation technique to estimate missing data from
the New Liberty Standard. The historical analysis may be skewed by
the interpolation assumptions, especially in the early phases of Bitcoin’s

existence.

» Static Wallet Classification: The categorization of Bitcoin wallets into
whales and other groups is predicated on static definitions that fail to
consider the dynamic nature of Bitcoin holdings. Wallets may shift over
time between different categories, which could make it more challenging to
analyze investing behaviors. Furthermore, whales may use several wallets

without connecting them, which makes research on them impossible.

o Technological Biases: The heuristics used in the clustering techniques
to de-anonymize wallet addresses may not always be reliable. The Com-
mon Spending heuristic, for instance, takes control of several addresses,
which may not always correspond to the same person or entity and could

result in incorrect classification, as in the case of a CoinJoin.

3.8 Ethical Considerations

Due to the de-anonymization of Bitcoin addresses, privacy concerns are the
main ethical considerations in this study. One of the main features of Bitcoin
that attracts many users is its intrinsic pseudo-anonymity, which gives them
a feeling of security and privacy when it comes to their financial transactions.
Our research methodology creates serious ethical concerns regarding the right to

privacy since it associates Bitcoin addresses with possible real-world identities.
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Data

4.1 Whale Data Collection

To analyze Bitcoin whales comprehensively, we initially collected the entire
Bitcoin blockchain dataset available on the public BigQuery platform. This
dataset encompasses all transactions from Bitcoin’s inception on 3 January
2009 up to 31 December 2023. This extensive dataset enables us to trace and
identify whale addresses by analyzing their transaction histories within this

period.

4.2 Transaction Dataset Definition

The data set is organized in ascending order of block numbers to ensure proper
chronological processing of transactions. Each dataset transaction is labeled as
‘receive’ or 'spend.” This labeling ensures the processing of received transactions
before spending transactions for the same address.

To calculate the balance of an address at a specific transaction i (denoted
as b;), we utilize the transaction value v; for each transaction j. We can math-

ematically express the cumulative balance B for each address as follows:

S (1) x )

Where:

o T; represents the subset of transactions up to block 1.

« t; indicates the type of transaction, where ¢; = 0 for receive’ and t; = 1

for ’spend’
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e thiock,; denotes the block number of transaction <.

e The condition t; < ty0ck,; ensures that only transactions up to and in-

cluding transaction ¢ are considered in the balance calculation.

To classify an address as a whale, its cumulative balance must exceed 1000
BTC:

ST((—1)% x v;) > 1000

JET;
This definition allows us to systematically identify whale addresses within
the dataset, enabling further analysis of their behavior and impact on the

Bitcoin ecosystem.

4.3 Price Data

To analyze Bitcoin price trends over time, we sourced historical price data from
Kaggle, which spans from 18 July 2010 to 9 February 2024. To enhance the
completeness of this dataset for earlier dates, we supplemented it with data

from the New Liberty Standard web archive.

4.4 Addressing Data Gaps

To combine both data, we must address the gaps in the data. The first gap is
even before the exchange New Liberty Standard ever opened. To fill the gap,
we look at open-source and on-chain data. First, we looked into New Liberty
Standard’s online activity; after some research, we found an associated Bitcoin
talk (Bitcoin Talk has been the main forum about Bitcoin since its creation).
The account, created in early 2010 with an account number of 26, proves its
authenticity; its signature includes a Bitcoin wallet for accepting donations.'To
confirm we have the correct address, we need to look at other sources; a little-
known fact is that the earliest Bitcoin transaction for goods or money is not
Pizza Day (on 22 May 2010, 10,000 bitcoin was traded for two pizzas, worth 41
dollars, and arranged on the Bitcoin Talk forums.?) but a sell between Martti
Malmi, a very early bitcoin developer, and the New Liberty Standard for 5.02
Dollars.

2 Address: 1Dnvwj3hAGSwFPMnkJZvi3KnaqksRPa74p.
2Transaction: al075db55d416d3cal99f55b6084e2115b9345e16¢5cf302fc80e9d5fbf5d48d.
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Now, we need to confirm that the transaction between Martti Malmi and
New Liberty Standard and the known address of New Liberty Standard match.
To do that, we are going to use blockchain investigation tools:

As you see from the graph in the Annex A, the output®of the first exchange
from Bitcoin to USD and the known address of New Liberty Standard are
linked together, confirming the connection and the authenticity of the story
and that New Liberty Standard really owned the Bitcoin address that he had
on the Bitcointalk forum profile.

Look at the flow of Bitcoin and the Source of Funds of New Liberty Stan-
dard. We find a multitude of addresses that have received a block reward.
Looking at his website and modifying his formula to find how many bitcoins
he finds a day, this number matches, confirming that we really owned all the
addresses that got the block reward.

Using Google Bitquerry Public data set on Bitcoin transactions, we should
aggregate on a day to find the number of blocks rewarded per day, combine
this with the previous information of how many New Liberty Standard block
rewards he won per day, average this out, and extend it till the beginning of
the blockchain. Moreover, again, using his formula, we can deduct how much
we would have valued his bitcoin at that time. This would fix the first hole in
the data.

The second gap, which occurred between 28 December 2009 and 15 January
2010, when the exchange was closed, he himself fixed by duplicating the value
of 1578.77 BTC per 1 USD.

The last gap is from 8 June 2010 to 17 July 2010. This is between the
closure of New Liberty Standard and the Kaggle dataset, which is from in-
vesting.com. On 24 February 2010, the formula to calculate the bitcoin price
change was described on the website: “The exchange rate is the average of the
adjusted bitcoin production per day divided by the average production costs
per day. The per day averages start with the previous day and will eventually
extend back 365 days, but until then, they increase by half a day each day by
taking the average of two averages. Production costs consist of the price of
broadband Internet and metered electricity. The adjusted bitcoin production
is the following spreadsheet calculation

=if (M2>N2, ((B2+F2)* (1/(2-(N2/M2)))) /2, ((B2+F2) *(2- (M2/N2))) /2)

where M2 is the available balance of dollars times the exchange rate of that

same day, N2 is the available balance of bitcoins, B2 is the amount of bitcoins

3 Address: 1CBXL5tBSqJZyyCTW VkrLiQsKm4KULBfPA.
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produced the previous day and F2 is the average of the adjusted bitcoin pro-
duction per day. IA usually add half of my average production costs or an
equal value of bitcoins to whichever available balance is lower at the beginning
of each day, but for a limed time I am adding a fourth rather than half of my
my average production costs per day to whichever balance is under $0.50. On
occasion I may add or remove other amounts” NewLibertyStandard (2010).

This is why, for the last 40 days of data, I decided to keep only the data
once the adjusted formula was applied, so from 3 March 2010 to 7 June 2010
for the linear interpolation.

1USD

Exchange rate = T390 5 Whx0 1136 USD/iavh < 369.87BTC

12 months x 30 days

4.5 Further whales precessing

Finding possible whale addresses in a blockchain dataset necessitates a method-
ical filtering approach to narrow down the dataset and concentrate on addresses
with traits typical of high-value holders, either individuals or institutions, in-
stead of services. This methodology’s three primary phases are heuristic-based

filtering, entity-based labeling, and transaction volume analysis.

4.5.1 Step 1: Heuristic Filtering Using Common Input and
Change Address heuristics

Clusters of addresses unlikely to represent whales are excluded in the first step
of the filtering process using a heuristic based on common input characteris-
tics. In particular, clusters with more than 500 addresses are not considered.
The rationale behind this threshold is the observation that, rather than be-
ing individual entities or whales, such large clusters usually correspond to the
operational structures of exchanges, mixers, or other service entities.

The technical features of these massive clusters, which frequently process a
large number of low-value transactions in high volumes, provide the justifica-
tion for this exclusion and are in contradiction with the behavior of whale ad-
dresses. This heuristic guarantees that the following steps concentrate on high
probability candidates for whale activity while reducing noise in the dataset.
The dataset is successfully reduced to clusters that are more likely to represent

sizable individual or private holdings by using this size-based exclusion criteria.
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4.5.2 Step 2: Filtering Based on Entity Labeling

The next step is to use labeled datasets to eliminate addresses linked to identifi-
able entities after applying the heuristic filter. Blockchain analytics companies
like Dark Owl and openly accessible datasets like the Elliptic dataset on Kag-
gle provide pre-labeled clusters showing well-known organizations ownership
or control. The Chainlabs dataset was used for this investigation because of
its accurate and current mapping of blockchain entities. The Elliptic dataset
or Chainlabs dataset includes categories of entities such as exchanges, mining
pools, mixers/tumblers, darknet markets, scams, ransomware, terrorist organi-
zations, gambling platforms, malware, Ponzi schemes, payment processors, le-
gitimate services, wallet services, carding services, initial coin offerings (ICOs),
decentralized finance (DeFi) platforms, charity organizations, and high-risk
services.

The Chainlabs dataset is especially useful because it includes comprehensive
information about the ownership and operational traits of different clusters.
Clusters related to known entities are eliminated by comparing the filtered
dataset with this labeled data. This step further refines the dataset by ensuring
that it primarily contains addresses that are more likely to belong to private

individuals or unregistered entities.

4.5.3 Step 3: Transaction Volume Filtering

Transaction volume is another crucial factor addressed in the last filtering stage.
Addresses that participate in an abnormally high volume of transactions (more
than 1,000 transactions in this study) are not included. The premise behind this
criterion is that whales, known for possessing large quantities of cryptocurrency,
are not likely to carry out frequent, high-volume transactions. Rather, their
activities tend to focus on high-value, infrequent transactions.

Addresses with transaction counts above the threshold are frequently as-
sociated with service entities that don’t behave like whales, such as mixers,
exchanges, or automated transaction systems. This volume-based filter fur-
ther refines the dataset by highlighting addresses with transactional activity

consistent with the predicted behavior of whales.
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4.6 Metrics of whales profitability

As this analysis focuses on evaluating whales, it is important to gain deeper
insights into their behavior; this evaluation assigns a series of metrics designed
to measure their financial performance, trading strategies, and market timing
precision. Additionally, the metrics include indicators that measure the whale’s
ability to generate "alpha," or returns beyond what the market delivers through
simple holding. This is crucial for distinguishing skilled traders from those
whose performance mirrors general market trends.

Overall, this evaluation serves as a foundational tool for exploring the ac-
tivities of whales in the Bitcoin market. It identifies their trading habits and
provides valuable insights into their decision-making processes, market influ-
ence, and the strategies they employ to achieve (or fail to achieve) success.
The following sections provide a detailed breakdown of each metric used in this

analysis.

4.6.1 Transaction Return on Investment

Definition: Calculates the percentage return a whale received from their Bitcoin
transactions. It demonstrates how successfully the whale’s trades have turned
a profit from their initial investment.

Formula:

Net Profit f T ti
Transaction ROI = ( b TTOTD TTOM Jransac 1ons> x 100

Total Investment

Example: If a whale buys Bitcoin worth $100,000 and later sells it for
$150,000, their Transaction ROI is:

Net Profit 50, 000
T ti = — 7 %x100= ——"" x 100 =
ransaction RO Tem—— x 100 100,000 x 100 = 50%

Significance: -High ROI indicates profitable trading decisions. -Negative
ROI shows losses, revealing poor trading performance or mistimed decisions.
Dtype: float64
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4.6.2 Market Return on Investment

Definition: The Bitcoin market’s return on investment during the whale’s active
period. The whale is assumed to have purchased all their Bitcoin at the initial
transaction price and sold it at the last transaction price.

Formula:

Market ROI — <Price at Last Transaction — Price at First Transaction) 100

Price at First Transaction

Example: If the Bitcoin price was $10,000 at the whale’s first transaction
and $15,000 at their last transaction, the Market ROI is:

Market ROI — Price at Last Transaction — Price at First Transaction < 100

Price at First Transaction

15,000 — 10, 000
10, 000

Market ROI = x 100 = 50%

Significance: Market ROI acts as a benchmark for evaluating the whale’s
performance. It reflects the potential gain from a passive "buy-and-hold" strat-
egy.

Dtype: float64

4.6.3 Profit and Loss

Definition: Indicates the whale’s overall profit or loss, expressed in US dollars,
from their Bitcoin transactions.

Formula:
PnL = Total Revenue from Sales — Total Cost of Purchases

Example: If the whale sold Bitcoin for $300,000 and spent $200,000 buying
it, their PnL is:
PnL = 300, 000 — 200, 000 = 100, 000

Significance: -Unlike ROI, which is percentage-based, PnL. shows the abso-
lute monetary impact of the whale’s trades. -It provides insights into the scale
of the whale’s operations.

Dtype: float64
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4.6.4 Total Transactions

Definition: The total number of buy and sell transactions the whale executes.

Example: A whale making 15 purchases and 10 sales will have a Total
Transaction count of 25.

Significance: -A higher count indicates frequent trading and active market
engagement. -A lower count may reflect a long-term holding strategy with
fewer trades.

Dtype: int64

4.6.5 Alpha

Definition: The distinction between the market ROI and the whale’s transac-
tion ROI. It gauges how well or poorly the whale can outperform the market.

Formula:

Alpha = Transaction ROI — Market ROI

Example: If a whale achieved a Transaction ROI of 60% and the Market
ROI was 50%, the Alpha is:

Alpha = 60% — 50% = 10%
Interpretation:
o Alpha = 0: Matches the market performance.

o Alpha > 0: Outperformed the market, showing trading skill or superior
timing.
o Alpha < 0: Underperformed the market, indicating suboptimal trading

or timing.

Significance: Alpha is a key metric for evaluating whether active trading by
whales adds value beyond simple market participation.
Dtype: float64
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4.6.6 Biggest Winning Trade

Definition: The largest profit, in USD, generated by the whale in a single
transaction.

Example: If the whale bought Bitcoin for $50,000 and sold it for $80,000,
the Biggest Winning Trade is $30,000.

Significance: -Highlights the whale’s most successful trade. -Reflects their
ability to capitalize on favorable market conditions.

Dtype: float64

4.6.7 Biggest Losing Trade

Definition: The largest loss, in USD, incurred by the whale in a single trans-
action.

Example: If the whale bought Bitcoin for $100,000 and sold it for $70,000,
the Biggest Losing Trade is $30,000.

Significance:

Highlights the risk exposure of the whale’s trading strategy.

Shows the financial impact of poor decisions or adverse market conditions.

Dtype: float64

4.6.8 Consecutive Wins

Definition: The longest streak of consecutive profitable trades made by the
whale.

Example: If the whale had three trades in a row with profits of $10,000,
$5,000, and $15,000, the Consecutive Wins metric is 3.

Significance: Reflects consistency and the whale’s ability to maintain suc-
cessful trading over a period.

Dtype: int64
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4.6.9 Average Holding Period (days)

Definition: The average number of days the whale held Bitcoin before selling.

Formula:

Sum of Holding Durations
Number of Trades

Average Holding Period =

Example: If a whale held Bitcoin for 10, 20, and 30 days across three trades,
the Average Holding Period is:

10420+ 30
Average Holding Period = +3+ = 20 days.

Significance: Short periods suggest high-frequency trading.
Longer periods indicate a more strategic, long-term approach.
Dtype: float64

4.6.10 Percentage of Match

Definition: Measures the whale’s timing of trades relative to market cycles.
How It Works: -Each market cycle (from local bottom to local top) is
divided into two phases: below and above 50% of the cycle range. Trades are

scored as follows:

o 1.0: Buy below 50% and sell above 50%
o 0.5: Buy and sell below 50%
e 0: Buy above 50% and sell below 50%

Example: For a cycle from $10,000 to $20,000, the midpoint is $15,000. If
the whale buys at $12,000 and sells at $18,000, the match is 1.0.

Significance: Indicates the whale’s ability to time trades effectively within
market cycles.

Dtype: float64

4.6.11 Min Cycle Count

Definition: The number of the earliest market cycle when the whale was active.
Significance: Indicates how early the whale entered the market, offering
historical context.
Dtype: int64
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4.6.12 Max Cycle Count

Definition: The number of the most recent market cycles during which the
whale was active.

Significance: Shows the whale’s continued participation and relevance in
the market.

Dtype: int64

4.6.13 Last Balance

Definition: The Bitcoin balance currently held by the whale, measured in
satoshis (1 BTC = 100 million satoshis).

Significance: Provides a snapshot of the whale’s present holdings, indicating
whether they are still engaged in the market.

Dtype: int64

4.6.14 Max Balance

Definition: The highest Bitcoin balance the whale held during the analysis
period.

Significance: Reflects the peak of the whale’s market exposure and their
maximum capital commitment.

Dtype: int64

4.6.15 Min Balance

Definition: The lowest Bitcoin balance the whale held during the analysis pe-
riod.

Significance: Shows the least amount of market exposure the whale experi-
enced.

Dtype: int64

4.6.16 Final Timestamp

Definition: The timestamp of the whale’s last recorded transaction.
Significance: Indicates the most recent activity, helping to assess their cur-
rent involvement in the market.

Dtype: object
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Results

5.1 Scatter Market ROI vs Transaction ROI

Market ROI vs Transaction ROI (Log Scale)
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Figure 5.1: Market ROI vs Transaction ROI (Log Scale)

The graph highlights the trading performance of individual whales in com-
parison to the overall market and offers a convincing analysis of the Market
ROI versus Transaction ROI for each whale. The 45-degree line, which is the
focal point of this analysis, is a crucial metric for determining whether whales
produced alpha. A whale’s trading performance matches the market’s return
if its data point is on the 45-degree line, meaning no alpha was produced. The
whale outperformed the market and produced alpha if the point is above the

line; points below the line indicate under performance. One of The graph’s
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main conclusions is that many whales are profitable in absolute terms. Points
above the Cartesian axis show that their Transaction ROI values are greater
than 1, which supports this. However, profitability does not always equate
to superior market performance. A whale’s Transaction ROI must be greater
than the Market ROI and positive to produce alpha, putting the whale’s data
point above the 45-degree line. The graph shows whales that accomplish this in
green. On the other hand, whales that underperformed the market are shown
below the 45-degree line and are colored red. These whales would have been
better off using a passive "buy-and-hold" approach than active trading, even
though they occasionally achieved positive transaction returns. The grey points
on the 45-degree line indicate whales whose performance aligned with the mar-
ket, indicating a neutral alpha generation result. The graph’s dominance of red
points below the 45-degree line is one of its most noticeable features. This sug-
gests that most whales did not produce alpha and underperformed the market.
In absolute terms, their trading activities might have been profitable, but they
did not generate the same returns as if they had just held Bitcoin. According
to this research, most whales would have benefited more from a buy-and-hold
approach rather than trading. This finding aligns with the well-established
difficulty of continuously outperforming the market, especially in erratic asset

classes like cryptocurrencies.

5.2 Log-Scale Distribution of Transaction ROl and
Market ROI

Using a log-scale representation of values, this graph offers a more thorough
understanding of comparing the Transaction ROI and Market ROI distribu-
tions. It provides a nuanced understanding of how whales’ trading activities
compare to the overall market by highlighting these metrics’ central tendencies
and spread. The Market ROI is shown in red/orange on the graph, while the
Transaction ROI is in blue. Vertical lines indicate the mean (dotted) and me-
dian (solid) for each distribution, which makes it easy to distinguish between
the two datasets’ central tendencies. It is clear from the graph that, in compar-
ison to the Transaction ROI distribution, the Market ROI distribution is more
skewed towards positive values. Additionally, Market ROI is more likely to have
more significant positive values, which suggests improved overall performance.

Notable in particular is the big bar at zero.
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Log-Scale Distribution of Transaction ROl and Market ROI
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Figure 5.2: Log-Scale Distribution of Transaction ROI and Market
ROI

This feature occurs because the system records the data daily, and whales’
Transaction ROI and alpha default to zero when they execute trades on the
same day. Ideally, both distributions’ zero-value frequencies would be com-
parable. Transaction ROI, on the other hand, shows a disproportionately
higher frequency at zero more than 30% higher than Market ROI. This dis-
parity shows that many whales eventually close trades at zero to recoup their
initial investments after experiencing periods of negative return on investment.
This conduct shows a possible lack of strategic patience in trading and sug-
gests a hesitancy to hold onto losses. Another crucial finding is the correlation
between the two distributions’ means and medians. Both metrics show that
Market ROI performs better than Transaction ROI, as predicted. Nonethe-
less, there is less of a difference between the two distributions’ medians than
between their means. This implies that higher outliers skew the Market ROI
distribution, pushing the mean further into the positive range. This skewness
emphasizes how most values cluster closer to the median, even though there

are a few exceptionally high Market ROI examples.
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On the other hand, the mean of the Transaction ROI distribution is closer to
the median due to a smaller range of positive outliers. The medians’ placement
further highlights Transaction ROI poor performance in comparison to Market
ROI. The more negligible difference between the medians indicates a sizable
percentage of whale transactions clustered around returns somewhat lower than
the market, as the median is the midpoint of each distribution. The greater
difference in the means, on the other hand, highlights the strong impact of
market outliers with strong performance, which most whales could not equal

Or surpass.

5.3 Density of Alpha

Density of Alpha (Excluding Zero Values)
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Figure 5.3: Density of Alpha (Excluding Zero Values)

The graph shows the density distribution of alpha, excluding instances
where alpha equals zero, to highlight whales whose trading activities led to
either outperforming or underperforming the market. Two separate peaks in
the bimodal distribution highlight important trends. The first peak, close to

0 log alpha, indicates whales with trading performance that was neither no-
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ticeably better nor worse than the market benchmark, indicating a neutral
approach to market participation.

On the other hand, a sharp second peak at about -33 log alpha indicates
whales that performed exceptionally poorly. Whales that stopped participating
in the market for long periods are mostly to blame for this underperformance.
Take a whale, for example, who bought 10,000 Bitcoin in 2010 and sold 9,999
during the 2011 Bitcoin price spike. Even though this whale made large short-
term gains, it kept the remaining 1 Bitcoin, which remained unaltered for years.
Due to the early sale of the 9,999 Bitcoin in 2011, the alpha would be poorly cal-
culated if the whale reactivated in 2018 after the price of Bitcoin had increased
exponentially and sold the remaining 1 Bitcoin. Since the early sale prevented
the whale from fully benefiting from Bitcoin’s long-term price growth, the cal-
culation in this scenario assumes the whale should have held all 10,000 Bitcoin
until 2018, which results in a very negative alpha. A lengthy tail stretching to
-20 log alpha between these peaks indicates whales with notable but less severe
underperformance, frequently brought on by poor trading choices or partial
early exits. The density drastically drops on the graph’s positive side, empha-
sizing how uncommon it is for whales to achieve significant positive alpha. The
lack highlights the difficulty of continuously outperforming the market.

The results show that many whales underperform because of ineffective
trading tactics or premature reactivations of dormant accounts, while some
whales maintain neutral performance compared to the market. The second
peak at about -33 log alpha is especially noteworthy because it shows how
choices made in previous market cycles, like selling most of your holdings too
soon, can have a detrimental and long-lasting effect compared to the entire

market’s trajectory.

5.4 Stacked Distribution of Total Transactions by
Min Cycle Count (Custom Order, Log Scale)

The graph illustrates whales’ activity levels over time by showing the stacked
distribution of total transactions by minimum cycle count. "Min cycle count"
describes how many transactions whales complete during particular activity
periods. The distribution, displayed on a log scale, clearly biases toward the

first bin, which represents whales with 0-10 transactions.
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Stacked Distribution of Total Transactions by Min Cycle Count (Custom Order, Log Scale)
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Figure 5.4: Distribution of Total Transactions with Log-Scale Fre-
quency

This suggests that a sizable fraction of whales were only slightly active
throughout the observed cycles. Furthermore, as stated in the methodology,
whales with more than 1,000 transactions were not included in the analysis
because they are more likely to represent institutions or entities than individual
whales due to their high activity levels. Interestingly, the bias toward the first
bin (0-10 transactions) is even more pronounced in earlier cycles. The limited
utility and fewer use cases of Bitcoin in its early years may account for this
trend. Whales had fewer chances to use Bitcoin then, leading to fewer active
transactions. However, whales are more likely to accumulate more transactions
in more recent cycles because the Bitcoin ecosystem has expanded to include
exchanges, payments, and other utilities.

The graph’s bins each correspond to ranges of ten transactions; the first
bin’s preponderance suggests that most whales conducted fewer than ten trans-
actions during their active periods. According to this clustering, many whales
hold their Bitcoin passively rather than actively using or trading it. Some
whales have become more active participants in the market, as evidenced by
the increased activity in recent cycles, which reflects the wider adoption and

expansion of Bitcoin’s use cases.
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5.5 Table transaction bin analysis

The graph’s bins each correspond to ranges of ten transactions(see Annex B.1
for details); the first bin’s preponderance suggests that most whales conducted
fewer than ten transactions during their active periods. According to this
clustering, many whales hold their Bitcoin passively rather than actively using
or trading it. Some whales have become more active participants in the market,
as evidenced by the increased activity in recent cycles, which reflects the wider
adoption and expansion of Bitcoin’s use cases.

Only 2.59% of these whales produce positive alpha in bear markets, the
lowest percentage of any bin. This implies that little activity frequently leads
to lost chances to lessen losses during downturns. Nonetheless, 15.24% of whales
in this bin achieve positive alpha in bullish markets, suggesting that even light
trading can profit from a favorable market. On the downside, 14.73% of whales
in this bin perform poorly in bear markets, indicating a high susceptibility to
losses due to inactivity.

Performance starts to get better as transaction counts rise. The ability of
whales in the 11-20 transaction bin to produce positive alpha has significantly
increased, especially in bullish markets where they outperform the market by
15.38%. Among all bins, this is the highest positive alpha percentage during
bullish conditions, showing that whales can better profit from market trends
with a small increase in activity. However, with a 15.47% underperformance
rate, this group exhibits a comparatively high negative alpha in bearish mar-
kets. This implies that while more activity enhances performance in markets
that are doing well, it does not completely guard against losses in declining
markets.

A more balanced performance is displayed by whales with moderate activity
levels (51-100 and 101-300 transactions). Moderate trading can be useful in
reducing losses during market downturns, as evidenced by the fact that those
in the 101-150 transaction bin achieve the highest positive alpha of any bin,
7.11%, in bearish markets. Additionally, these bins consistently drop negative
alpha percentages, especially during bear markets, suggesting that moderate
activity helps prevent notable underperformance. Positive alpha percentages
are constant in bullish markets, indicating that moderate activity levels offer a
dependable strategy for both market situations. With the highest percentage
of positive alpha across all bins 7.73%, highly active whales (401-700 transac-
tions) perform the best in bear markets. This implies that highly active whales
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can better handle downturns and modify their tactics in response to unstable
circumstances. With 6-7% achieving positive alpha in bullish markets, these
whales exhibit balanced performance, demonstrating their capacity to take ad-
vantage of favorable circumstances while remaining resilient in bearish ones.
Interestingly, whales in this group do not show negative alpha in bear markets,
demonstrating how well their active trading techniques reduce losses.

At the extreme end, whales with over 800 transactions show a slight decline
in performance. While they achieve balanced outcomes with 6.76% positive
alpha in bearish markets, they also exhibit higher negative alpha percentages
7.65% than other active bins. This suggests that excessive trading activity may
introduce inefficiencies, diminishing returns, and a higher likelihood of under-
performance. These whales may experience challenges related to overtrading
or poorly timed decisions, especially in bearish conditions.

All things considered, the analysis emphasizes how crucial transaction activ-
ity levels are in assessing alpha performance. While moderate-to-high activity
levels (101-700 transactions) produce the best results in both bullish and bear-
ish conditions, minimal activity, as seen in the 0-10 transaction bin, leaves
whales susceptible to underperformance in bearish markets. However, exces-
sively high activity levels can result in inefficiencies, as the > 800 transactions
bin illustrates. This implies that although being actively involved in the market
is advantageous, there may be a point at which more activity may not result

in better results.

5.6 Table cycle min analysis

The table analyzes whale performance over various cycles in terms of alpha
generation (see Annex B.2 for details), classifying alpha as either positive or
negative under both market-positive and market-negative circumstances. Since
we are in cycle 7, it is important to examine the patterns that led up to this
point to comprehend how whale behavior and market dynamics have changed.

In cycle 1, only 3.88% of whales produce positive alpha in bear markets,
whereas in bull markets, that number rises to 10.49%. This implies that in
the early phases, whales could more successfully align with the market dur-
ing bullish trends but were less able to outperform it during bearish ones.
Nonetheless, the comparatively high percentage of negative alpha in bullish

markets 9.64% and bearish markets 4.81% suggests that whales are not using
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efficient strategies during this early cycle, which leads to less-than-ideal results
regardless of market conditions.

The proportion of whales that achieve positive alpha increases significantly
in cycle 2, rising to 10.65% in bullish markets and 11.33% in bearish ones.
Nevertheless, negative alpha percentages also increased during this cycle, un-
derperforming in bullish markets by 13.42% and in bullish markets by 12.48%.
A significant number of whales continued to struggle, resulting in polarized out-
comes, even though more whales became active and some were able to adjust
to market conditions.

With 13.19% of whales outperforming in bearish markets and 11.23% in
bullish ones, cycle 3 continues the upward trend in positive alpha. With a
12.33% negative alpha in bear markets and a 15.31% negative alpha in bull
markets, negative alpha is still significant but somewhat stabilizes. The rise
in negative alpha during bull markets indicates that some whales could not
profit from advantageous circumstances, perhaps due to poorly timed trades
or ineffective tactics.

By cycle 4, whales’ performance has steadily improved, showing a greater
capacity to produce positive alpha (16.46% in bearish markets and 13.54% in
bullish markets). Nonetheless, negative alpha is still high, underperforming in
bear markets by 15.69% and in bull markets by 13.23%. This demonstrates
that even though a greater percentage of whales successfully adapted, a sizable
portion still had trouble navigating the market.

With positive alpha percentages rising to 14.70% in bearish markets and
13.67% in bullish markets, Cycle 5 shows an intriguing change. Nonetheless, the
proportion of whales producing negative alpha rises sharply, reaching 20.53%
in bullish markets and 19.10% in bearish ones. This implies that the market
might have been especially difficult or erratic during this time, which would
have caused a larger percentage of whales to make bad trading choices and
perform poorly compared to the market.

Whales exhibit the highest percentage of positive alpha generation in cy-
cle 6, 23.20% in bullish markets and a robust 19.13% in bearish ones. This
implies that a large number of whales had adjusted to the dynamics of the
market, especially when conditions were favorable. Even though many whales
were successful, a sizable percentage still had trouble with market downturns,
as evidenced by the negative alpha in bearish markets 19.30%. In bullish mar-
kets, negative alpha notably decreases to 12.36%, indicating that most whales

perform better under favorable circumstances.
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Lastly, whales show strong positive alpha generation in cycle 7, the current
cycle. However, it is difficult to analyze because we are still in this market and
have not seen any bearish market activity yet.

Overall, the patterns show that whales have progressively become more
adept at producing positive alpha throughout multiple cycles, especially in bear
markets where adaptive strategies appear to have been successful. Nonetheless,
some whales perform poorly, especially in erratic or difficult market circum-
stances. The later cycle, when negative alpha percentages have stabilized and
positive alpha percentages are at their highest, indicates a maturing market and
increasingly sophisticated whale strategies. This development demonstrates
how whales are becoming more adept at navigating intricate market dynamics,

even though some still face difficulties maximizing their trading performance.

5.7 Group Splitting: Analyzing Whale Behavior by

Performance

5.7.1 Introduction

We separated the whales into different groups according to their alpha and
Market ROI to better understand their behavior. In the first analysis, the
whales were color-coded based on their earliest minimum cycle count, and a
scatter plot of alpha against Market ROI was created. Although the overlapping
data points made this scatter plot difficult to read, it offered useful information
for organizing the ensuing analysis. Interestingly, two linear trends showed up:
one sloping downward, y = —zy, and another flat along the z-axis, suggesting
y = Oy. The groups were defined based on these trends. For the detailed
graphs, see Annex C.

5.7.2 Defining the Groups
Group 1: Whales with y = —x Behavior

Whales that sold most of their holdings in previous periods but decided to sell
the remaining ones years later are represented by the first trend, y = —x. This

group usually shows a negative alpha because of the high opportunity cost of

Alpha
Market  ROI

chose whales with a margin of error of £5% if the ratio was roughly —1.

selling too soon. In order to separate this group, we computed and
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These whales make up Group 1, a crucial subset of ineffective traders who
missed out on long-term market growth and realized most of their gains too

SOO01.

Group 2: Whales with y = 0 Behavior

The second trend, y = 0, represents whales that made trades with very little
alpha or on the same day. Whales in this category have tiny variations between
their alpha and market ROI, meaning they did not outperform or underperform
the market. We determined ﬁﬁml to define this group, choosing whales
with a ratio of roughly zero while maintaining a 5% margin of error. Group 2
is made up of these whales, who exhibit neutral performance and little trading

activity.

Group 3: Whales that Outperformed the Market

Whales that produced alpha successfully make up Group 3, the third group.
With trading strategies that produced higher returns than the market ROI,
these whales outperformed the market and showed positive alpha values. To

define this group, we eliminated whales in Group 2 (with almost zero alpha)

Alpha
Market  ROI

outperformance is considered, this group also includes whales whose alpha is

and only included whales where > (0. To ensure that only notable
at least 5% higher than the market ROI. This group is especially significant for
this analysis because it identifies the subset of whales that showed remarkable

trading success.

Group 4: Remaining Whales

The remaining whales that do not fall into any other categories make up Group
4, the last group. These whales did not show a neutral alpha (Group 2) or out-
perform the market (Group 3). Furthermore, they were not included in the
y = —x trend (Group 1) of whales that underperformed significantly due to
early selling. Whales with moderate inefficiencies, or those that underper-
formed the market without suffering significant losses but still fell short of or

missed market growth, are represented by Group 4.
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5.7.3 Recapitulation

We can better understand the market’s varied trading behaviors and perfor-
mance patterns by breaking the whales into these four groups. Whales with
high early-sales opportunity costs are highlighted in Group 1, neutral or barely
active whales are captured in Group 2, successful outperformers are identified
in Group 3, and moderately inefficient traders are included in Group 4. This
segmentation provides a framework for examining whale behavior, which of-
fers important insights into the variables influencing market performance and

inefficiencies among major holders.

5.8 Correlation Matrix

5.8.1 All the dataset

Correlation Matrix of all the whales
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Figure 5.5: Correlation Matrix of all the whales

In order to comprehend how different features interact and determine which
features have an impact on whale performance, we start the analysis by looking

at the correlation matrix of the entire dataset. The matrix provides insights
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into whale behavior and trading outcomes by highlighting a number of signifi-
cant patterns of correlation between important features. Transaction ROI and
Market ROI are the first noteworthy feature pair with a strong correlation. This
strong correlation makes sense since the market’s overall performance directly
impacts individual transaction returns. Because individual returns inherently
depend on larger market movements, whales’ Transaction ROI typically in-
creases with market growth. Biggest Winning Trade and Biggest Losing Trade
are the second pair of correlated variables. This relationship also makes sense
because whales who can profit greatly from a single trade frequently risk suf-
fering large losses because of the high stakes and volume of their transactions.
Finally, according to the correlation between Min Cycle Count and Max Cycle
Count, most whales are active during the same cycles. This pattern points to
a concentration of activity, which could be caused by opportunities or events

that affect the entire market and cause whales to trade in unison.

The negative correlation between alpha and Transaction ROI, which is
stronger than the correlation between alpha and Market ROI, is an intriguing
finding. Alpha and Transaction ROI have a roughly -0.43 correlation, meaning
alpha somewhat declines as Transaction ROI rises. According to alpha, this
could imply that whales with high Transaction ROI have a lower chance of
outperforming the market. According to this relationship, some whales might
profit from advantageous market conditions, which would result in a high trans-
action return on investment.

However, they might miss out on chances to produce higher returns than
the market benchmark. Another noteworthy correlation is the relationship be-
tween total transactions and consecutive wins. This positive correlation makes
sense since whales with longer winning trade streaks are more likely to have
a larger total transaction volume. Although this does not necessarily imply
outperformance compared to the market, it does imply that active whales, who
participate in the market regularly, are more likely to develop consistent trading
success.

Finally, an intriguing inverse relationship exists between the last balance
and PnL (profit and loss). This makes sense because a balance whale will
probably have a lower realized PnL, reflecting any unrealized gains or losses
from their remaining holdings. This relationship demonstrates how whales’
PnL calculations may have been impacted by their decision to hold rather than

realize their gains or losses if they had more significant remaining balances.
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5.8.2 Correlation matrix of group 3 Whales that Outper-
formed the Market

Correlation Matrix for Group 3 (Alpha/Market_ROI > 0.05)
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Figure 5.6: Correlation Matrix for Group 3

The correlation matrix for the alpha-producing Group 3 whales provides
important information about the elements that led to their superior perfor-
mance. The correlation between alpha and Transaction ROI, which is 0.81
very strong, is one of the most intriguing results. This correlation indicates
that a whale’s capacity to produce alpha is more strongly correlated with their
trading performance than with the general market trend, as it is substantially
higher than the correlation between alpha and Market ROI 0.55. This suggests
that outperforming whales rely more on their trading choices and tactics to
successfully negotiate market conditions rather than passively profiting from
advantageous market movements. It highlights the importance of strategic
trading and tactical decision-making to attain market outperformance.

Another interesting finding is the correlation between alpha and the Av-
erage Holding Period, which is 0.37. According to this positive correlation,

whales that use a longer holding strategy typically have higher alpha values.
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This implies that these whales can outperform those who trade more frequently
by holding Bitcoin through several market cycles and capturing sizable price
increases. This lends credence to the widely accepted idea that a buy-and-hold
approach is frequently more successful at optimizing returns, particularly in
erratic markets like Bitcoin. The advantages of patience and strategic tim-
ing are further supported by the possibility that whales with longer holding
periods will be better able to withstand market swings and profit from long-
term upward trends. Interestingly, alpha has a small negative correlation with
both Min Cycle Count -0.19 and Max Cycle Count -0.10. This result im-
plies that outperforming does not require early entry into the Bitcoin market.
Whales that entered the market later or were active during fewer cycles are not
inherently disadvantaged. While newer whales might have profited from bet-
ter trading tools, more market knowledge, or more favorable conditions, older
whales might have encountered different market dynamics or made less-than-
ideal choices during their active periods.

Lastly, there is a weak 0.10 correlation between alpha and consecutive wins.
This result casts doubt on the idea that outperforming the market requires
many consecutive profitable trades. Rather, it shows that even a few well-
timed, strategic trades can have a greater effect than a winning run. This
realization emphasizes quality over quantity in trading performance, with alpha

generated by fewer but more successful trades.

5.8.3 Correlation matrix of group 4 Whales that underper-

formed the market

Essential information about the reasons behind Group 4 whales’ poor perfor-
mance can be found in the correlation matrix for those whales that could not
beat the market. The correlation between alpha and Transaction ROI, which
is -0.53, indicating a moderately negative relationship, is among the most no-
table findings. This implies that for these whales, alpha falls as Transaction
ROI rises. Even though they might occasionally produce profitable transac-
tions, their performance continuously falls short of the market benchmark, so
these profits do not convert into alpha. The extremely strong negative corre-
lation of -0.92 between alpha and Market ROI further highlights this, showing
that the market is closely linked to these whales’ poor performance. These
whales find it difficult to keep up when the market is doing well, and their

losses are exacerbated when it is not.
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Correlation Matrix for Group 4 (Remaining Data)
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Figure 5.7: Correlation Matrix for Group 4

This demonstrates their persistent underperformance, resulting from their

incapacity to successfully navigate or take advantage of market conditions.

5.9 Limits

5.9.1 Granularity and Sampling Bias

The price dataset used in the analysis is based on daily transaction records,
which limits its ability to capture more nuanced intra-day trading activities or
irregular patterns in whale behavior. This can lead to an incomplete under-
standing of their trading strategies. Furthermore, the high frequency of zero
values in Transaction ROI, caused by same-day trades, distorts the ROI distri-
bution and might misrepresent trading activity. Additionally, whales with over
1,000 transactions were excluded under the assumption that they are institu-
tional actors, which simplifies the segmentation but risks overlooking significant

outliers among individual whales.
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5.9.2 Assumptions of Homogeneity

By dividing whales into discrete groups according to ﬁﬁ{m relationships,
such as y = —zy or y = 0, it is assumed that trading behavior is uniform,

which may not be the case. Behaviors in the real world frequently vary widely
and may not neatly fall into established categories. The analysis’s precision
is further diminished by the possibility of incorrectly classifying whales whose
tactics do not fit these strict definitions due to the use of a +£5% margin for

grouping criteria.

5.9.3 Temporal Constraints

The analysis ignores changing market conditions, which over time can have a
big impact on trading behavior. Examples of these include regulatory changes,
macroeconomic factors, and technological advancements. Furthermore, Cy-
cle 7’s conclusions are insufficient because there isn’t a bearish market, which

makes it difficult to assess whale performance in unfavorable circumstances.

5.9.4 Alpha Interpretation Challenges

Alpha is calculated under the presumption that all whales want to beat the
market. Individual goals, however, can differ greatly; some whales prioritize
risk reduction or use hedging techniques. This presumption might cause poor
performance to be misinterpreted. Additionally, by favoring long-term holding
strategies, the methodology may undervalue niche approaches or short-term

trading strategies that are still effective in their particular context.

5.9.5 Impact of Qutliers and Skewness

The ROI distributions are significantly impacted by outliers, especially when
it comes to the Market ROI and Transaction ROI metrics. The performance
patterns of most whales, who behave in more moderate ways, may be hidden
by mean and median values, even though they give a general picture of central
tendencies. Extreme outliers add skewness to results, making it more difficult

to interpret them and possibly exaggerating distributional differences.
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5.9.6 Behavioral Inferences

Without concrete proof from behavioral data, the analysis extrapolates behav-
ioral patterns, such as a lack of strategic patience or a reluctance to hold losses.
Although reasonable, these presumptions raise the possibility of bias in how the
results are interpreted. The validity of these conclusions is weakened by the

absence of supporting evidence for these assertions.

5.9.7 Exclusion of Contextual Factors

The analysis does not take into account broader factors like market sentiment,
economic trends, or geopolitical events. The study’s conclusions are less thor-
ough when these factors are excluded because they can have a big influence on

whale behavior and market dynamics.



Chapter 6
Conclusion

This thesis investigated whales’ trading behaviors and performance in the Bit-
coin market, focusing on their ability to generate alpha, an indicator of outper-
formance relative to the market. The central problem addressed was whether
active trading strategies employed by whales are more efficient than a passive

buy-and-hold approach.

To respond to this question, a deep on-chain investigation was conducted.
More than 50,000 whales were initially identified, but after rule-based filtering
using heuristics-based clustering and various thresholds, only 35,000 whales
were retained for analysis. Each whale’s transactions were meticulously an-
alyzed, with an incoming transaction used as a buy signal and an outgoing
transaction used as a sell signal. This was combined with a tailor-made time
series dataset of Bitcoin prices from block 0 to compute various features and
evaluate trading performance. These performance metrics, such as Transac-
tion ROI, Market ROI, and alpha across different cycles, determined that most
whales would be better off buying and holding rather than trying to time the

market.

There are important similarities and differences when compared to results
in conventional financial markets, as detailed in the literature review. Accord-
ing to studies like Why Do Wealthy Investors Have a Higher Return on Their
Stocks? Bonaparte (2021) and Do Wealthy Investors Have an Informational
Advantage? Evidence Based on Account Classifications of Individual Investors
Li et al. (2017) wealthy investors frequently outperform in stock markets be-
cause of informational advantages and advanced search techniques. According

to these studies, wealthy investors use professional networks, access to privi-
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leged information, and sophisticated search techniques to generate higher re-
turns. However, Bitcoin’s decentralized structure undermines the informational
advantages’ function. Unlike traditional financial markets, Bitcoin’s decentral-
ized structure guarantees all participants equal access to transaction data and
market information through the blockchain. Conversely, the results of this
study are consistent with those of Barber & Odean (2000) Trading is Haz-
ardous to Your Wealth study, which examined the performance of individual
investors’ stock investments. Their study shows frequent trading lowers net re-
turns because of high transaction costs and lousy market timing. The idea that
less active trading can produce better long-term results is further supported
by this study’s finding that most Bitcoin whales would have done better by
implementing a buy-and-hold strategy.

This research makes several key contributions to the understanding of whale

behavior in cryptocurrency markets:

« Integration of diverse data sources: This work lays the foundation
for how open-source intelligence, on-chain data, and historical price data

can be combined to respond to financial questions.

o Creation of a dataset of Bitcoin prices: The study introduces the
first dataset of Bitcoin prices starting from block 0, providing a new

resource for further research and analysis.

o Empirical Evidence on Alpha Generation: The study provides in-
sight into whether whales produce alpha, which helps market participants

make better financial decisions.

This examination has certain limitations; First, the reliance on daily price
data restricts the precision. Second, excluding whales with over 1000 trans-
actions potentially overlooks key whales. Lastly, the lack of consideration for
external market factors, such as regulatory changes or macroeconomic events,

also limits the broader applicability of the findings.

Future work could overcome these restrictions with higher-resolution data
and complementary data like market sentiment and geopolitical incidents incor-
porated into future research. A machine learning model could be built using an

on-chain feature to find whale wallets more accurately. Expanding this frame-
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work to other cryptocurrency markets or non-wallet wallets could also provide

a comparative perspective and enrich the findings.

In conclusion, this study underscores the difficulty of consistently outper-

forming the Bitcoin market, even for whales.
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Appendix A

Appendix investigation

Martti Malmi
Cluster size: 416

20.8K BTC

5.05K BTC

Coin generation
89.3Kk BTC (Coinbase)

New Liberty Standard
Cluster size: 836

Figure A.1: Transaction between Martti Malmi and New Liberty
Standard



Appendix B

Appendix tables

B.1 Table of transactions count binned

B.1.1 In positive market

Transaction Range Positive Alpha % Negative Alpha %

0-10 15.242011 2.837491
101-150 2.707332 6.971675
11-20 15.383304 6.133986
151-200 6.632845 6.895504
201-250 4.133310 7.101220
21-50 7.481052 6.825695
251-300 5.701919 6.972121
301-350 9.618740 6.649760
351-400 5.318597 7.003669
401-450 6.458297 6.909870
451-500 2.739883 7.215901
501-700 1.159181 7.345995
51-100 7.893474 6.791752
701-800 4.520808 7.069328
>800 2.009248 7.276034

Table B.1: Alpha Percentages by transaction count for Positive Mar-
ket



B. Appendix tables

B.1.2 In negative market

Transaction Range Positive Alpha % Negative Alpha %

0-10 2.594284 14.726554
101-150 7.110611 4.922506
11-20 5.727353 15.469155
151-200 7.113373 4.900628
201-250 6.332816 11.084754
21-50 6.143888 12.375324
251-300 6.677573 8.353344
301-350 6.872824 6.806428
351-400 6.958734 6.125785
401-450 7.731927 0.000000
451-500 7.731927 0.000000
201-700 7.731927 0.000000
51-100 6.775400 7.578291
701-800 7.731927 0.000000
>800 6.765436 7.657232

Table B.2: Alpha Percentages by transaction count for Negative Mar-
ket
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B.2 Table of cycle alpha

B.2.1

B.2.2

Table B.4: Alpha Percentages for Negative Market Across Cycles

In positive market

Cycle Positive Alpha % Negative Alpha %

1 10.491194 9.637424

2 10.649648 12.482052

3 11.226372 15.309564

4 13.543244 13.231671

5 13.674329 20.534058

6 23.199983 12.356877

7 17.215230 16.448354

Table B.3: Alpha Percentages for Positive Market Across Cycles

In negative market

Cycle Positive Alpha % Negative Alpha %
1 3.879682 4.809873
2 11.327930 13.424582
3 13.190526 12.330680
4 16.455030 15.690712
5 14.704507 19.098151
6 19.127580 19.295433
7 21.314746 15.350568
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Appendix C

Appendix group splitting
C.1 All the data without spitting

1e6 Alpha vs Market ROI Colored by Min Cycle Count
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Figure C.1: Alpha vs Market ROI Colored by Min Cycle Count
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C. Appendix group splitting

VI

C.2 Groupl

Influence of Market ROI on Alpha (Group 1: Alpha/Market ROI = -1 = 5%)

—2000 A

—4000 A

—6000 -

—8000 A

—10000 A

—12000 A

—14000 -

@ Data
- Regression Line (R2 = 0.9998, MSE = 667.6075)

Figure C.2: Influence of Market ROI on Alpha (Group 1 AlphaMarket

ROI = -1)
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C. Appendix group splitting VIl

C.3 Group 2

Influence of Market ROI on Alpha (Group 2: Alpha/Market ROl = 0 + 5%)
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Figure C.3: Influence of Market ROI on Alpha (Group 2 AlphaMarket
ROI = 0)

Min Cycle Count
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C. Appendix group splitting

VIII

C.4 Group 3

Influence of Market ROI on Alpha (Group 3: Alpha/Market ROI > 0 and not in Group 2)

10000 ~

8000 -

6000 -

4000 -

2000 ~

[5) O Data
- Regression Line (R2 = 0.2990, MSE = 116304.0663)

Q Q Q Q Q Q Q
Q Q Q Q Q Q Q
> W o Y < & A°
Market ROI

Figure C.4: Influence of Market ROI on Alpha (Group 3 AlphaMarket

ROI 0 and not in Group 2)

1

Min Cycle Count



Alpha

C. Appendix group splitting IX

C.5 Group 4

Influence of Market ROI on Alpha (Group 4: Remaining Data)
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Figure C.5: Influence of Market ROI on Alpha (Group 4 Remaining
Data)
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Appendix D

Project’s website

The code used in the results section of this thesis, along with the Bitcoin
price dataset, is available at the following repository: https://github.com/
MyAscii/Thesis-IES


https://github.com/MyAscii/Thesis-IES
https://github.com/MyAscii/Thesis-IES
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