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Abstract

Market manipulation poses a persistent threat to the integrity of Þnancial systems, and
decentralized Þnance (DeFi) ecosystems are no exception. This thesis examines wash trading,
one of the most widespread forms of market manipulation, on the Solana blockchain, with
a speciÞc focus on fungible tokens traded through automated market makers (AMMs).
While previous research has largely concentrated on traditional Þnancial markets, Ethereum-
based platforms, or non-fungible tokens (NFTs), this study addresses a signiÞcant gap by
investigating wash trading in SolanaÕs high-throughput, low-fee environment.

To this end, a graph-based detection framework was developed, incorporating strongly
connected components (SCCs), volume symmetry checks. A comprehensive data pipeline
was implemented to extract and process on-chain data using Solana RPC endpoints. The
methodology was applied to a curated set of fungible tokens identiÞed as high-risk via
heuristics and trading pattern analysis.

The Þndings reveal a substantial presence of wash trading activity, concentrated among a
small set of accounts and tokens. Temporal clustering, anomalous account behaviors, and
liquidity provider patterns further corroborate the presence of manipulative practices. These
results have important implications for market participants, protocol designers, and regulators
aiming to ensure transparency and trust in blockchain-based Þnancial markets. The thesis
concludes by proposing improvements to wash trade detection methodologies and outlining
directions for future research.
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1. Introduction

1.1. Background and Motivation

Market manipulation remains a persistent concern across Þnancial markets, undermining fair
trading and investor conÞdence [1]. The burgeoning cryptocurrency sector is no exception,
and one prevalent form of such manipulation is wash trading, wherein a single entity
repeatedly buys and sells the same asset to create the appearance of heightened market
activity, thereby artiÞcially inßating trading volumes to mislead investors about the assetÕs true
liquidity and demand [1]. Solana is a high-performance blockchain platform for decentralized
Þnance (DeFi) and digital asset trading, distinguished by its ability to handle thousands
of transactions per second while maintaining extremely low transaction fees [2]. However,
these very strengths have raised concerns that they may inadvertently facilitate manipulative
trading practices on the platform, such as wash trading [3, 4]. Indeed, a substantial fraction
of on-chain trading volume on Solana may be non-organic; for example, one study found that
wash trades accounted for over half of the trading activity in certain NFT collections [3].

In light of these challenges, this thesis presents a comprehensive analysis of market
manipulation on fungible tokens on the Solana blockchain, with a particular focus on
identifying wash trading patterns and evaluating their impact on the ecosystem. The following
sections outline the motivation, research gap, and structure of the thesis.

1.2. Problem Statement

Despite increasing academic and industry attention on market manipulation in decentralized
environments, there is a lack of comprehensive research focused on wash trading of fungible
tokens on high-throughput blockchains like Solana. Existing detection methods are often
designed for traditional order book exchanges, Ethereum-based DeFi ecosystems, or NFT
marketplaces. These methods may not be directly transferable to Solana due to its unique
architecture, which includes low transaction fees, the absence of a public mempool, and the
dominance of automated market maker (AMM)-based decentralized exchanges (DEXs).

Wash trading, in the context of AMMs, typically involves one or more pseudonymous
accounts repeatedly swapping a token, often within a short time window. The aim is to
inßate the perceived trading volume or manipulate price charts, without any meaningful
change in the traderÕs net asset position. For instance, a single user may swap 10,000 units
of Token A for Token B and then quickly swap the resulting Token B back for Token A,
potentially repeating this cycle multiple times. When executed in rapid succession, and
possibly across multiple related accounts, such patterns can create a misleading appearance
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1.3. RESEARCH QUESTIONS

of market activity.
This thesis addresses this gap by analyzing the nature, patterns, and detectability of wash

trading on Solana, with a focus on AMM-based DEXs. It explores how existing detection
methodologies can be adapted to SolanaÕs technical constraints and evaluates the effectiveness
of graph-based and transaction-level approaches.

1.3. Research Questions

To guide the investigation, the thesis is structured around the following key research questions:

¥ RQ1: How has wash trading research on the Solana blockchain evolved, and what are
its current limitations?

Ð This question aims to assess the current state of research on wash trading in
the Solana ecosystem and to identify existing detection mechanisms and their
effectiveness.

¥ RQ2: How can a robust methodology be developed to detect wash trades on Solana?

Ð This involves designing a reliable approach to analyze token-level trading behavior
and distinguish manipulative activity from legitimate transactions.

¥ RQ3: To what extent can wash trades be identiÞed and quantiÞed on Solana-based
decentralized exchanges?

Ð This question explores the practical application of the proposed methodology to
detect wash trading in the current Solana DEX landscape, including an evaluation
of its limitations and scope.

1.4. Thesis Structure

The remainder of this thesis is organized as follows:

¥ Chapter 2: Background Ñ Introduces fundamental concepts related to Þnancial markets,
blockchain technology, smart contracts, decentralized Þnance, and the Solana ecosystem.

¥ Chapter 3: Literature Review Ñ Provides an overview of existing research on wash
trading in both traditional and blockchain-based contexts, with a focus on detection
strategies.

¥ Chapter 4: Methodology Ñ Describes the technical approach for selecting tokens,
collecting on-chain data, and structuring transaction information for analysis.

¥ Chapter 5: Results Ñ Presents the Þndings from applying the proposed detection
techniques, including temporal, behavioral, and account-based analyses.

¥ Chapter 6: Discussion Ñ Interprets the results, highlights key insights, and discusses
implications for market participants and future research.

2



2. Background

This chapter provides a comprehensive overview of the foundational concepts and systems
relevant to this thesis. Beginning with the structure and function of traditional Þnancial
markets, the discussion progresses through the evolution of blockchain technologies, the
emergence of smart contracts, and the rise of decentralized Þnance. Particular emphasis is
placed on decentralized exchanges, their architectural variants, and the speciÞc innovations
introduced by high-performance platforms such as Solana. This background sets the stage
for analyzing how decentralized infrastructures reshape market dynamics.

2.1. Markets

Markets are structured environments that facilitate the exchange of goods, services, or assets
between participants. In Þnancial markets, the primary actors include traders, exchanges,
liquidity providers, and banks. Exchanges serve as centralized platforms that organize trading
activity, match buyers and sellers, and maintain orderly operations by enforcing rules and
facilitating price discovery. Liquidity providers, such as market makers, contribute to market
efÞciency by continuously offering to buy and sell assets, thereby reducing the cost of trading
for other participants [5].

In traditional Þnancial systems, these actors operate under centralized regulations and
oversight mechanisms designed to ensure fairness, transparency, and systemic stability. How-
ever, with the emergence of blockchain technology, new forms of markets have developed
where decentralized exchanges (DEXs), such as automated market makers (AMMs) and de-
centralized limit order books (LOBs), replace centralized intermediaries with smart contracts
and algorithmic liquidity pools [6]. While blockchain-based markets share the fundamental
goal of facilitating asset exchange, they operate under different organizational principles,
and their participants fulÞll roles analogous to but distinct from those in traditional Þnancial
markets. A more detailed exploration of blockchain-based market structures and their unique
characteristics follows in the subsequent sections.

2.2. Blockchain

While traditional Þnancial markets concentrate trading, custody and settlement inside regu-
lated intermediaries, Bitcoin showed that the same economic functions can be reproduced by
a purely peer-to-peer network that reaches agreement on ownership through a chain of hash-
linked, proof-of-work blocks rather than through a central book-keeper [7]. Later analyses
underline that such decentralized consensus lowers both the cost of verifying transactions
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2.3. SMART CONTRACTS

and the cost of operating a marketplace, allowing a shared ledger to exist without handing
market power to any single platform operator [8].

The userÕs point of entry into that ledger is a wallet: software or a hardware module that
guards a private key controlling an externally owned account [8]. In Ethereum, each account
is addressed by a 20-byte public-key hash and maintains a nonce counter, balance and, if it
is a contract, code and storage; possession of the private key is therefore synonymous with
control of the on-chain identity [9]. Because addresses are merely pseudonyms, and new keys
can be generated at will without the need to reveal real-world identities, the ledger offers
public transparency without automatically disclosing personal information [8].

When a wallet prepares a payment or contract call, it serializes a transaction containing
the recipient address, the value to be transferred, fee parameters (such as gas and gas price
in Ethereum), and the current nonce (a per-account transaction counter). The transaction is
then signed using the senderÕs private key [9]. The signed message is propagated through
the network. Each full node veriÞes the signature, ensures that the nonce is sequential and
the balance is sufÞcient, and stores the valid but unconÞrmed transaction in its local memory
pool until a miner includes it in the next block [7].

This waiting area for pending transactions is commonly referred to as the mempool, short
for memory pool. It is a per-node cache of broadcasted but unconÞrmed transactions, where
prioritization by fee determines the likelihood of inclusion in an upcoming block [10].

Sybil resistance, which aims to prevent a single actor from posing as many, is achieved by
linking block production rights to an external resource. In Bitcoin that resource is expended
computation: every miner races to Þnd a valid hash that satisÞes the SHA-256 difÞculty target
(proof of work) [9, 7]. Economic studies emphasize that the energy cost is not wasted but
functions as a sunk bond that makes ledger rewrites prohibitively expensive [8]. Alternative
sybil prevention designs, such as proof-of-stake (PoS), assign block proposal rights based
on the amount of native tokens a validator locks up as stake. This staked capital can be
automatically slashed if the validator signs conßicting transaction histories, thereby providing
a built-in economic penalty for dishonest behavior [8].

Once a miner or validator publishes a candidate block, every node deterministically re-
executes the state transition function, including applying debits, crediting accounts, and
updating contract storage. The block is accepted only if the resulting post-state root matches
across all nodes [9]. Honest nodes always extend the longest valid chain, so the ledgerÕs
integrity ßows upward from key ownership (wallet), through authenticated state changes
(transactions), to globally replicated history (consensus). Together, wallets, transactions and
Sybil-resistant consensus deliver the clearing, settlement and registry services that central
intermediaries once monopolized, but without surrendering custody or control to any single
party.

2.3. Smart Contracts

Smart contracts are autonomous programs deployed as immutable code on some blockchains,
where they behave as self-contained accounts capable of receiving, holding and transferring
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2.4. DECENTRALIZED FINANCE

digital assets according to rules embedded in their byte-code [9]. First popularized with
Ethereum in 2015, they eliminate the need for human intermediaries by automatically enforc-
ing agreed-upon terms through on-chain code execution [9]. Each contract is addressed by its
own identiÞer and can initiate further transactions, allowing it to update the global ledgerÕs
state [9].

The contract lifecycle starts in a high-level language whose source code is compiled to
Ethereum Virtual Machine (EVM) bytecode (for Ethereum) [10]. Deployment itself is a
special transaction that embeds this bytecode. Once the transaction is mined, the contractÕs
code becomes permanent and cannot be altered, though its state variables may change in
response to subsequent calls [10]. Users (or other contracts) interact with the code by sending
transactions that specify which public function to invoke. The EVM then executes that
function deterministically, updating balances, storage and nonces before emitting log events
and returning any data [10].

2.4. Decentralized Finance

Decentralized Finance (DeFi) refers to a broad category of Þnancial applications built atop
permissionless blockchain technologies, aimed at replicating and innovating upon traditional
Þnancial services without reliance on centralized intermediaries. Whereas traditional Þnancial
markets depend on banks, exchanges, and clearinghouses to facilitate transactions, DeFi
applications enable users to interact directly with smart contracts, executing trades, loans, and
asset management functions in a trustless and transparent environment [11]. By leveraging the
inherent properties of blockchains for example: transparency, immutability, and decentralized
consensus. DeFi aims to remove barriers to Þnancial access, reduce intermediation costs, and
create more inclusive markets.

DeFi infrastructure can be looked at as a layered system, comprising the blockchain layer
(which provides the underlying distributed ledger and consensus protocol), the asset layer
(where standardized smart contracts are used to generate foundational assets), and the appli-
cation layer (where smart contracts implement complex Þnancial logic) [11]. Unlike traditional
banking systems, where backend operations remain opaque to end-users, DeFi systems expose
every transaction publicly on-chain, ensuring that all participants can independently verify
system behavior. Applications operate deterministically within blockchain-based virtual
machines, ensuring that smart contracts execute exactly as programmed once deployed.

A deÞning feature of DeFi is its open composability: protocols and applications are in-
teroperable by default, allowing developers and users to combine multiple services into
increasingly sophisticated Þnancial instruments [11]. This composability enables rapid inno-
vation but also introduces systemic risks, as dependencies between protocols can propagate
vulnerabilities throughout the ecosystem. Furthermore, DeFi applications often introduce
governance tokens, granting holders the right to participate in decision-making processes
regarding protocol upgrades and treasury management. These governance structures aim to
distribute control among users, mirroring corporate shareholder voting systems, yet they face
challenges related to voter apathy and token concentration [12].
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2.4. DECENTRALIZED FINANCE

Nevertheless, the permissionless nature of DeFi creates unique risks and complexities.
Software vulnerabilities in smart contracts can lead to irreversible loss of funds, and trans-
action fees driven by network congestion can inhibit accessibility during periods of high
demand. Additionally, DeFiÕs reliance on external data sources (oracles) to price synthetic
assets or trigger loan liquidations introduces new failure points susceptible to manipulation
or technical disruptions [13].

One of the most prominent DeFi systems are DEXs. DEXs perform the same core functions
as centralized exchanges (CEXs), but execute them directly on-chain.Instead of a single
company like the NYSE or Binance controlling the order book and custody, execution is
handled by smart contracts. These models are most commonly implemented through AMMs
and LOBs, which are discussed in the following sections.

2.4.1. Limit Order Book

LOBs represent the traditional mechanism used by centralized exchanges and, increasingly,
by some decentralized exchanges to facilitate asset trading. In an LOB system, traders submit
buy (bid) and sell (ask) orders that specify both the price and quantity they are willing to
transact. Buy orders appear on the bid side of the order book, while sell orders are listed on
the ask side. Order books can be maintained either on-chain or off-chain.

Traders who place such orders are known as makers, as they provide liquidity by offering
to buy or sell an asset at a speciÞed price and volume. When another participant accepts
one of these offers, either manually or through an automated system, they are referred to as
takers [14, 15].

The exchange maintains a dynamic and publicly accessible record of outstanding orders
and matches buyers and sellers based on price-time priority rules [14, 5]. When a matching
order is identiÞed, a trade is executed at the agreed-upon price. In decentralized LOB systems,
this transaction is typically Þnalized on-chain [15]. Matched orders are either removed from
the order book or partially updated if only a portion of the order has been Þlled [14]. A
transaction between buyer and seller is illustrated in Figure 2.1.

Buyer Seller

Bid Orders:
Buy q Token A for p Token B

Ask Orders:
Sell q Token A for p Token B

Limit Order Book

Offer: p Token B

Offer: q Token AReceive:q Token A

Receive: p Token B

Figure 2.1.: Key Components and Interactions in a LOB.

To ensure continuous trading, liquidity must be supplied by participants known as market
makers or dealers. These actors place both bids or asks, facilitating the execution of orders by
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2.4. DECENTRALIZED FINANCE

other traders. Market makers earn proÞts from the spread between ask and bid prices, which
compensates them for the risks associated with inventory holding and for supporting market
activity [14, 5].

Various types of orders exist within LOB systems. Market orders are executed immediately
at the best available price. Limit orders specify a maximum price for buying or a minimum
price for selling. Stop orders are triggered once the market reaches a speciÞed threshold price
[14].

Implementing LOBs in decentralized environments presents signiÞcant challenges due to
the throughput and latency limitations inherent in blockchain technology. However, emerging
platforms such as Solana aim to replicate traditional LOB dynamics on-chain by reducing
settlement costs and enabling efÞcient transaction batching.

2.4.2. Automated Market Maker

AMMs are trading mechanisms that enable users to swap assets directly with a smart-contract-
controlled liquidity pool, eliminating the need for traditional order-book matching. In these
pools, liquidity providers (LPs) deposit proportional amounts of two or more assets, and
traders interact with the pool itself rather than with individual counterparties.

Among the different AMM designs, the most prominent is the constant-product AMM.
Most constant-product pools quote exactly one pair of tokens, so each pool enables swaps
between those two tokens alone. Because a single token can be paired with many different
counterpart tokens, the same token might appear in multiple pools on the same exchange,
giving traders several direct trading paths [16, 17, 18].

AMMs use mathematical pricing formulas to determine exchange rates. A well-known
example is UniswapÕs constant product formula x ! y = k, where x and y are the reserve
balances of the two tokens (X and Y), and k is a constant representing the invariant of the
pool [16, 17, 18]. This formula ensures continuous liquidity and dynamic price adjustments
based on the relative supply of assets. The price of assetX relative to asset Y is given by the
ratio y

x , and increases as the quantity of X in the pool decreases relative to Y [16, 18].
LPs are essential participants in AMM systems, as they supply the capital required to

facilitate trades. In exchange, they receive LP tokens, which represent their share of the
pool and entitle them to a portion of the trading fees generated. Fee schedules vary across
protocols. For example, on Uniswap they commonly range from 0.05% to 1% per transaction,
although the exact rate depends on the speciÞc platform and pool conÞguration.

However, providing liquidity involves certain risks. The most signiÞcant is impermanent
loss, which refers to a temporary reduction in the value of a providerÕs position when the
relative prices of the pooled tokens diverge signiÞcantly compared to simply holding the
tokens outside the pool [19, 17, 16]. A symbolic transaction between an LP and a trader
mediated by the automated market maker is illustrated in Figure 2.2. 1 2.

1https://docs.uniswap.org/contracts/v2/concepts/protocol-overview/how-uniswap-works (Accessed:
2025-05-01)

2Source: Uniswap Documentation: How Uniswap Works. Available at https://docs.uniswap.org/contracts/
v2/concepts/protocol-overview/how-uniswap-works . Accessed 1 May 2025.
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2.5. SOLANA

Liquidity Provider Trader

Reserves:
x TokenA + x

10 TokenB

Liquidity Shares:
! TokenLP

Pool

x
10 TokenA + x

100 TokenB

!
10 TokenLP

x
10 TokenA + "%Fee

x
100 TokenB

Figure 2.2.: Key components and interactions in an AMM.

2.5. Solana

Building on general blockchain principles, Solana introduces a distinct architectural design
focused on maximizing scalability and transaction throughput. Unlike traditional blockchains
such as Bitcoin or Ethereum, which prioritize decentralization, SolanaÕs architecture separates
timekeeping from consensus to enhance performance. It combines a PoS mechanism for Sybil
resistance with a novel timekeeping system called Proof of History (PoH) [20].

In SolanaÕs PoS mechanism, nodes with staked SOL participate in voting to elect a leader.
The elected leader is responsible for processing transactions by ordering them and updating
the network state. PoH complements this process by establishing a cryptographically veriÞable
timeline through a sequential chain of SHA-256 hashes, where each hash is computed from
the output of the previous one. When a transaction or event reaches the leader, it is inserted
into this hash stream, thereby embedding it into a deterministic and tamper-proof sequence
[20].

The preimage- and collision-resistance properties of SHA-256 ensure that the sequence
cannot be predicted or altered, and it must be computed in order without parallelization. This
inherently serial process serves as a proof that a certain amount of time has passed between
events. Consequently, the network can use the PoH sequence as a global clock, removing the
need for inter-node communication to establish transaction order. The chronological ordering
of transactions is encoded directly in the hash sequence, streamlining consensus and enabling
high throughput [20].

Building on its time-ordering architecture, Solana employs Tower BFT, a customized
consensus algorithm derived from Byzantine Fault Tolerance and adapted to leverage PoH.
Tower BFT is a PoS-based protocol in which validators use stake-weighted voting to reach
agreement on the ledger state. By integrating PoH for deterministic time-ordering with
Tower BFT for consensus, Solana achieves sub-second Þnality and supports throughput levels
of several hundred thousand transactions per second, signiÞcantly outperforming earlier
blockchain systems that suffer from latency and network congestion [20].

To send and process transactions on Solana, a sequence of steps is performed that leverages
the platformÕs architectural optimizations. A transaction is Þrst constructed by specifying the
public keys of all involved accounts and the program instructions to be executed. It is then
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signed by the initiating user and submitted to the current leader node, an elected validator
responsible for sequencing transactions during its assigned slot. The leader integrates the
transaction into the PoH sequence.

The transaction is then executed using SolanaÕs Sealevel runtime, which allows parallel
instruction processing across independent accounts. After execution, the results are propa-
gated across the network, and validators engage in the Tower BFT consensus protocol. Once
a supermajority of stake-weighted votes is achieved, the transaction is Þnalized and its effects
are permanently recorded on the ledger [20, 21].

On Solana, all on-chain data is organized into structures known as accounts. Conceptually,
the Solana blockchain can be viewed as a publicly accessible database containing a single
global ÒAccountsÓ table, where each row corresponds to an individual account. All accounts
share a common base type.3

The Solana node infrastructure consists of several specialized node types. A Remote
Procedure Call (RPC) node serves as the primary interface for clients, handling requests such
as querying account data and submitting transactions. A validator node is responsible for
participating in consensus by producing blocks, validating transactions, and securing the
network through staking. 4 An archive node stores the full historical ledger of the blockchain,
offering access to older data that is typically pruned by validator nodes to conserve disk
space.5

SolanaÕs network architecture is designed for high throughput and low latency, enabling it
to handle exceptionally large volumes of transactions at minimal cost. In practice, transaction
fees on Solana can be as low as $0.001, which is dramatically lower than EthereumÕs typical gas
fees. This cost efÞciency has led to signiÞcantly higher usage: Solana consistently processes
roughly ten times more daily transactions than Ethereum. 6

2.5.1. DeFi on Solana

SolanaÕs DeFi ecosystem has grown rapidly, establishing itself as one of the largest in
the blockchain space. As of early May 2025, SolanaÕs DeFi protocols collectively held
approximately $7.9 billion in total value locked (TVL), positioning the network second only
to Ethereum in terms of DeFi liquidity. 7 Prominent Solana-based platforms include high-
performance DEXs such as Raydium, an AMM that alone accounted for around $1.333
billion in TVL during the same period. 8 Other notable platforms include order book-based
exchanges such as Serum, which was rebooted in 2022 as the community-led ÒOpenBook,Ó
and its successor Phoenix. Additional DEXs such as Orca (TVL $302.1 million) and Meteora
(TVL $717.99 million) also play a signiÞcant role in the ecosystem.9

3https://solana.com/docs/core/accounts (Accessed: 2025-06-07)
4https://getblock.io/blog/solana-full-node-complete-guide (Accessed: 2025-06-07)
5https://getblock.io/blog/solana-archive-node-guidelines (Accessed: 2025-06-07)
6https://www.reßexivityresearch.com (Accessed: 2025-05-03)
7https://defillama.com/chains (Accessed: 2025-05-03)
8https://defillama.com/dexs/chains/solana (Accessed: 2025-05-03)
9https://defillama.com/chains (Accessed: 2025-05-03)
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2.5. SOLANA

DEX activity on Solana has increased substantially, with average daily spot trading volumes
reaching approximately $3.3 billion in Q4 2024 [22]. 10 According to several efÞciency metrics,
SolanaÕs DeFi ecosystem has recently outpaced EthereumÕs. For example, the ratio of DEX
trading volume to TVL on Solana has exceeded that of Ethereum, indicating a higher rate of
liquidity utilization and turnover. 11

10https://docs.anza.xyz/operations/requirements (Accessed: 2025-05-03)
11https://www.reßexivityresearch.com (Accessed: 2025-05-03)
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3. Literature Review

Wash trading, a form of market manipulation where a trader buys and sells the same asset
to inßate trading volumes or mislead markets, is a prominent concern in both traditional
Þnancial systems and decentralized blockchain ecosystems. This chapter surveys detection
methods across various domains, culminating in recent advances speciÞc to the Solana
blockchain.

3.1. Market Manipulation

Market manipulation refers to deliberate actions by market participants intended to distort
asset prices or trading volumes in order to create a misleading impression of supply, demand,
or price trends. Such behaviors can undermine market efÞciency, erode investor conÞdence,
and introduce artiÞcial volatility, ultimately harming the fairness and stability of Þnancial
markets. Common forms of manipulation include spooÞng (submitting and then cancelling
fake orders to mislead other traders), layering (placing multiple orders at different price levels
to simulate market depth), wash trading, and pump-and-dump schemes (artiÞcially inßating
asset prices before selling off at a proÞt) [23, 24].

Market manipulation often occurs because of asymmetries in information, asymmetries
between liquidity purchases and liquidity sales or weak regulatory oversight [24]. In tradi-
tional Þnancial systems, exchanges, regulatory authorities, and surveillance units are tasked
with detecting and deterring manipulation through a combination of real-time monitoring,
reporting requirements, and enforcement actions [25].

Although regulatory frameworks like the Dodd-Frank Act and MiFID II have strengthened
manipulation oversight in centralized Þnancial markets, blockchain-based and decentralized
markets present new challenges [26, 27].

DeFi platforms operate on public blockchains with pseudonymous participation, meaning
traders are identiÞed only by cryptographic addresses rather than veriÞed identities. This
pseudonymity, combined with a lack of centralized oversight, makes it difÞcult to trace
manipulative actors and enforce accountability, allowing malfeasance to occur with relative
impunity compared to regulated markets [28].

The transparency and automation inherent in blockchain trading also enable behaviors
analogous to insider trading in traditional Þnance. Miners and automated bots can observe
and manipulate the ordering of pending transactions in the mempool, engaging in strategies
such as front-running, back-running, and sandwich attacks. In front-running, a transaction is
inserted before a userÕs trade to capitalize on anticipated price movements. In back-running,
a transaction is placed immediately after a userÕs trade to beneÞt from resulting price changes.
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3.2. WASH TRADING

Sandwich attacks involve inserting one transaction before and another after a userÕs trade,
thereby proÞting from the price movement caused by the userÕs activity. These practices are
collectively referred to as Maximal Extractable Value (MEV) and are not currently prohibited
by any formal law or regulation within the decentralized Þnance (DeFi) context [29]. In some
cases, MEV transactions can resemble wash trades, making it difÞcult to distinguish between
manipulation and proÞt-seeking behavior.

3.2. Wash Trading

To facilitate the detection of wash trading, it is Þrst necessary to deÞne the term and establish
the criteria by which a transaction is classiÞed as wash trading.

The European Securities and Markets Authority (ESMA) deÞnes wash trading as Òentering
into arrangements for the sale or purchase of a Þnancial instrument where there is no change
in beneÞcial interests or market risk or where the transfer of beneÞcial interest or market
risk is only between parties who are acting in concert or collusionÓ [30]. The Commodity
Futures Trading Commission (CFTC) provides a similar deÞnition [15]. Wash trading is
also referred to as round-trip trading. In essence, it involves actors, whether individuals or
colluding parties, executing trades without incurring any exposure to price risk [15]. Equally
important is the traderÕs intent to engage in such transactions with the purpose of misleading
the market [15].

The detection of wash trading depends heavily on the type of asset involved and the
mechanism through which it is traded. Non-Fungible Tokens (NFTs), by deÞnition, are
non-fungible and are typically traded in discrete units for speciÞc prices. As a result, wash
trading in NFT markets requires different detection methods compared to fungible tokens.

Detection approaches also vary depending on the type of exchange used. For example, it is
important to distinguish whether actors are executing trades with themselves directly as in
LOBs or interacting with shared liquidity pools, as in the case of AMMs, where self-trading
is more difÞcult to identify.

3.2.1. Non-Fungible Token Wash Trading

Compared to fungible token markets, wash trading in NFT marketplaces has attracted
even greater academic attention, primarily due to the superior transparency of NFT trans-
actions and the unique market structure. Unlike fungible tokens, NFTs are inherently
non-interchangeable and every transaction is publicly veriÞable, making suspicious trading
patterns easier to observe on-chain [31]. Furthermore, NFT markets are often less regulated,
highly speculative, and incentivize wash trading not only through zero-fee trading models
but also via mechanisms such as token reward programs and royalty manipulation [31, 32].
As a result, a larger body of work has emerged focusing speciÞcally on detecting wash trading
in NFT ecosystems.

Many techniques developed for Þnancial markets, for example graph analysis, strongly
connected components (SCCs), and volume consistency checking, remain relevant for NFTs.
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3.2. WASH TRADING

However, given that NFTs trade as unique, individually identiÞed assets, detection must often
rely on ownership ßow analysis rather than purely volume-based methods [33].

Direct detection methods in NFTs often begin with simple Þlters. Falk et al. propose
identifying wash trades using four criteria: (i) self-trades where buyer and seller are the same
address, (ii) back-and-forth sales where an NFT oscillates between two wallets, (iii) repeated
sales of the same NFT to the same wallet more than twice, and (iv) sales where both buyer
and seller have received funding from the same upstream wallet [31]. These techniques mirror
detection principles for fungible tokens as you can see in section 3.2.2, such as unchanged
position veriÞcation, but they are adapted to NFT-speciÞc trading behavior where ownership
transfers are explicit.

Advanced detection further reÞnes these approaches. To!i«c et al. extend basic transaction
graph methods by integrating Ethereum account transaction networks into what they call a
ÒLinkability NetworkÓ [28]. By combining NFT ownership traces with the complete transaction
histories of wallets, they can uncover relationships hidden across both NFT sales and pure
ETH transfers, which standard NFT-graph-only approaches miss. This technique is analogous
to the entity recognition methods used for detecting stealthy wash trading in AMMs 3.2.2,
but it places stronger emphasis on complete blockchain history integration.

Wachter et al. introduce a graph-based detection methodology that builds directed transac-
tion graphs per NFT collection [33]. Cycles in these graphs, where NFTs are sold in a closed
loop with no material change in ownership, are ßagged as suspicious. Additionally, they
deÞne rapid trade sequences (multiple sales of the same NFT within short time windows and
small price changes) as another signal of wash trading. This method conceptually aligns with
the rapid sequence detection described for AMM ßash-loan attacks in Section 3.2.2, where
fast, low-risk trades indicate manipulative behavior.

Beyond graph-based methods, machine learning approaches have been explored extensively.
Song et al. apply unsupervised clustering (K-means) to wallet behavior proÞles based on
features like monetary characteristics, transaction network metrics, and time-based activity
patterns [32]. Wallets grouped together with abnormal trading behaviors are then investigated
for potential fraud. This clustering-based anomaly detection builds on ideas of distributional
anomalies in the fungible token chapter (3.2.2), but uses more granular wallet-level feature
engineering.

Statistical techniques, like applying BenfordÕs Law to NFT trade values or detecting ex-
cessive rounding in trade prices, is more adapted to fungible token markets [31].Especially
because the effectiveness in NFT wash trading detection is more limited, as both legitimate
and fraudulent NFT trades tend to deviate from standard statistical expectations due to
NFT-speciÞc market behaviors [31].

Recent contributions such as the work by Falk et al. propose an AI-based system integrating
statistical features (price roundedness, trade frequency, inter-trade time) with boosting
algorithms and deep learning models to systematically detect wash trading at scale [31].

In summary, while foundational detection ideas such as transaction cycle detection, un-
changed ownership, and entity linkage can be also utilized for fungible token wash trading,
NFT-speciÞc methods increasingly emphasize ownership ßow, entity funding links, behav-
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3.2. WASH TRADING

ioral clustering, and trade timing patterns to capture manipulation effectively. The public
and transparent yet pseudonymous nature of NFT trading, combined with unique incentive
structures such as royalty exploitation and reward farming, create distinct challenges and
opportunities for wash trading detection compared to fungible tokens.

3.2.2. Fungible Token Wash Trading

In cryptocurrency markets, wash trading is widespread. One study estimates that over 70%
of the trading volume on certain unregulated exchanges is composed of fake trades [34]. This
underscores the need for robust detection methods. Wash trading in fungible token markets
has been analyzed using on-chain data and graph algorithms. For example, Victor et al.
identiÞed wash trading on decentralized LOB-based exchanges IDEX and EtherDelta [15].
Their results show that more than 30% of all traded tokens on these DEXs had been subject
to wash trading, accounting for roughly $159million USD in volume [15]. On one exchange,
about 10% of tokens were found to be almost exclusively wash-traded [15]. According to
Le Pennec et al., who use statistical methods, 96%-98% of Ether trading volume is highly
suspicious [35].

There are multiple ways to detect wash trading of fungible Tokens, either analyzing it
statistically or depending on the kind of exchange.

Statistical Detection

One way would be using a statistical methodology for detecting wash trading leveraging the
relationship between external indicators of exchange activity, such as web trafÞc metrics, and
recorded transaction volumes. One approach models the expected trading volume via a linear
regression, where the dependent variable is the logarithm of the 24-hour trading volume and
the independent variables include web-based measures like bounce rate, page views per user,
reach, time on site, as well as wallet token balances and date [35]. This regression is trained
on a reference set of presumably honest exchanges and then applied to other exchanges,
suspicious trading activity is inferred when reported volumes signiÞcantly exceed statistically
predicted volumes [35].

A closely related but distinct approach compares off-chain transaction data (provided by
exchanges) with on-chain transaction data (recorded on the blockchain) and web page views,
without building a direct predictive regression model [36]. Instead, several relative percentage
metrics are deÞned, such as the ratio of transaction volume or transaction count to page view
share, separately for both off-chain and on-chain data [36]. SigniÞcant mismatches between
expected and observed ratios are used to ßag potential wash trading behavior. Additionally,
the approach introduces a transaction size analysis, identifying patterns such as unusually
frequent small-amount trades or trades clustering around integer values, suggesting speciÞc
manipulation strategies [36].

Both methods fundamentally assume that real trading volume should correlate with user
engagement metrics and capital ßows, and both infer suspicious behavior from deviations.
However, they differ in execution: Le Pennec et al. construct a parsimonious predictive model

14



3.2. WASH TRADING

and measures deviations from predicted values, while Chen et al. apply a direct comparative
analysis of relative ratios across off-chain, on-chain, and web data, and provide additional
insight into speciÞc faking strategies based on transaction size distributions.

LOB - Detection

The detection of Wash trading can be performed by modeling all trades involving a speciÞc
token as a directed multigraph, called token trade graph, where nodes represent trading
accounts and directed edges represent trades from seller to buyer, weighted by the traded
token volume [15]. This approach corresponds conceptually to modeling collusive trading
behavior as a network topology of nodes and edges, as proposed for Þnancial markets in [37],
where traders are viewed as nodes passing assets through structured transaction paths.

The detection aims to identify groups of trades between collusive accounts that result in no
net change in individual trader positions, in accordance with legal deÞnitions provided by the
CFTC [15]. A similar requirement is emphasized in [37], where after a full transaction cycle
within a collusive network (e.g., ring or mesh topology), the beneÞcial ownership remains
unchanged, despite the appearance of active trading.

Due to the computational infeasibility of exhaustively checking all possible trade subsets, a
two-step process is introduced [15]. Similarly, in [37], the wash trade detection is formulated
as a special case of the knapsack problem, and dynamic programming is used to avoid
brute-force enumeration of all subsets.

First, candidate groups of suspicious traders are generated by identifying strongly con-
nected components (SCCs) in the token trade graphs. An SCC is a maximal subset of accounts
where a directed path exists between every pair of nodes, capturing cyclic trading structures
typical in wash trading [15]. This notion is closely related to the classiÞcation of collusive
structures into network topologies like rings, stars, trees, and meshes in [37], where cyclic
paths among traders indicate potential wash trading behavior.

To account for complex scenarios such as cycles within cycles, the multigraph is simpliÞed
by consolidating multiple edges between two nodes into a single weighted edge, followed
by iterative SCC extraction while decrementing edge weights after each iteration [15]. While
[37] does not use iterative weight reduction explicitly, it similarly acknowledges that complex
hybrid structures (such as overlapping cycles and partial rings) must be considered to fully
capture realistic collusion patterns.

Accounts that frequently co-occur in SCCs are selected as candidates, with a threshold
requiring at least 100 occurrences [15]. Although no explicit recurrence threshold is set in [37],
the focus on identifying persistent trading structures reßects a similar principle of separating
systematic wash trading from incidental cycles.

Second, after candidate SCCs are identiÞed, trades between these accounts are analyzed to
check for volume matching. Trader positions are formalized as the signed sum of bought and
sold token volumes, and a wash trade set is deÞned as one where all trader positions are close
to zero, within a 1% margin to account for transaction costs and minor discrepancies [15]. A
highly similar margin-based validation is discussed in [37], where small volume deviations
are tolerated to accommodate practical trading noise while still recognizing collusive behavior.
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To ensure computational feasibility, a linear-time algorithm is applied: within a given time
window, the algorithm sums trader positions and iteratively removes the most recent trades
until the zero-position condition is satisÞed [15]. This approach is conceptually related to the
dynamic programming solution proposed in [37] for the knapsack-based formulation, where
subsets of trades are efÞciently tested to minimize computational cost. Sets of trades meeting
this criterion are classiÞed as wash trades.

Overall, this methodology combines graph-based candidate generation with efÞcient
volume-matching validation, ensuring adherence to legal standards while maintaining scal-
ability for large decentralized exchange datasets [15]. Although the method of Cao et al.
was originally designed for traditional Þnancial markets, the strategies are applicable in the
blockchain context as well, due to the structural similarities of transaction data in LOB-based
systems [37].

AMM - Detection

Unlike LOBs, AMMs use LPs and deterministic pricing functions. This changes the way
Tokens are traded. Since the actors do not trade with each other but the exchange with LPs.

Wash trading detection on AMM based exchanges requires adapting strategies to account
for the distinct LP-based trading mechanism. Unlike traditional order book exchanges, AMMs
use constant product functions to determine prices, and thus, detection techniques must
account for the automatic and continuous price adjustment structure [6].

A primary detection framework for AMMs consists of coarse Þltering, entity recognition,
and MEV elimination [18]. In the coarse Þltering stage, groups of swaps occurring in close
time proximity that cause minimal changes to pool reserves are ßagged. Unlike order-book
exchanges, AMM-based wash trades must occur adjacent in time to avoid unpredictable
state changes caused by other users, which could otherwise amplify slippage and risk [18].
Slippage refers to the price impact that results from executing trades against the liquidity
pool, large or delayed trades experience greater slippage, which sophisticated wash traders
aim to avoid [6].

Following coarse Þltering, entity recognition links addresses through recent ETH transfers.
Since gas payments must be funded in ETH, transferring ETH among addresses can indicate
control by a single manipulative entity [18]. Once address clusters are formed, wash trading
is identiÞed by detecting patterns where trades result in no signiÞcant net asset position
changes. Finally, MEV Þltering removes false positives by excluding transactions resembling
sandwich attacks, front-running, or arbitrage, which, while economically manipulative, are
not wash trading [18].

Flash-loan-based wash trading is detected through a similar but specialized process [38].
Flash loans allow attackers to borrow substantial token quantities temporarily, execute large-
volume swaps without committing their own capital, and repay loans within a single block. A
graph-based heuristic algorithm constructs transaction graphs from these swaps and analyzes
whether the net position change across addresses after executing all trades is negligible [38].
If no meaningful Þnancial exposure occurs despite high-volume trading, the transaction set is
ßagged as ßash-loan-induced wash trading. A tolerance threshold is introduced to allow for
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small, network-induced position divergences.
Both detection approaches share the underlying principle that unchanged net asset po-

sitions, address connectivity, and temporally tight trade clusters are strong wash trading
indicators. However, the ßash-loan-speciÞc method [38] focuses on single-block atomic ma-
nipulation events, while the broader entity-based approach [18] targets stealthy, longer-term
wash behaviors possibly spread across multiple pools.

Economic factors speciÞc to AMMs further inßuence wash trading detection. AMM
traders inherently face divergence loss (also known as impermanent loss), the loss liquidity
providers experience when pool asset prices diverge from external market prices [6]. Wash
traders must execute trades that either minimize divergence loss or reclaim incurred fees.
Schrumm et al. emphasize that sophisticated manipulators can act as both liquidity providers
and wash traders simultaneously, thus partially offsetting transaction fees by capturing
liquidity incentives [39]. This behavior enables wash traders to simulate trading volume more
sustainably compared to naive manipulation strategies.

Additionally, research indicates that AMM wash trading patterns often form not only
simple loops but also star, chain, and mesh-like address structures, spreading activities across
multiple entities to evade graph-based detection systems [18]. Unlike in centralized exchanges,
where direct round-trip trades often signal manipulation, AMM collusion is more nuanced,
necessitating multi-dimensional analysis combining transaction timing, pool state transitions,
address clustering, and ßash-loan tracking.

Detection of wash trading on AMM DEXs requires a holistic approach that considers pool
mechanics, economic risks like slippage and divergence loss, and blockchain-level entity
behavior. These strategies signiÞcantly extend beyond traditional volume anomaly detection
and reßect the unique manipulation opportunities and constraints inherent in decentralized
Þnance ecosystems.

3.2.3. Wash Trading on Solana and differences to other blockchains

The investigation of wash trading in Solana is currently limited to the NFT ecosystem. But
these studies bring forward several key distinctions compared to prior studies conducted
on Ethereum or fungible token markets. One of the major differences stems from SolanaÕs
technical architecture: the blockchainÕs extremely low transaction fees and high transaction
throughput signiÞcantly lower the cost and risk of executing repeated transactions between
colluding accounts. This stands in contrast to Ethereum-based NFTs, where high gas fees act
as a partial deterrent to extensive wash trading [3, 4].

Detection of wash trading on Solana NFTs largely relies on graph-theoretic and anomaly
detection approaches, similarly to prior work on fungible tokens and traditional order book
environments (3.2.2). A dominant method employed is the analysis of Strongly Connected
Components (SCCs), whereby a high frequency of reciprocal trades between addresses is
ßagged as suspicious. This aligns closely with techniques already discussed earlier when
analyzing token exchanges [3, 4]. In Solana NFT markets, cyclic transactions across small
clusters of addresses, often involving minimal value changes, are a strong indicator of artiÞcial
volume inßation.
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Additionally, Local Outlier Factor models are used for detecting anomalous nodes in Solana
NFT transaction graphs [3]. This technique identiÞes nodes that exhibit abnormal trading
behavior compared to their neighbors, such as frequent small-volume trades or irregular
timing patterns. It is conceptually similar to anomaly-based statistical models previously
applied to fungible token trading (see Section 3.2.2). It offers a direct statistical analog to
earlier volume-matching algorithms without requiring the manual formation of trade subsets.

A speciÞc aspect unique to Solana wash trading detection is the examination of marketplace-
speciÞc wash trade concentration. For instance, studies show that marketplaces like Tensor
and Magic Eden account for the overwhelming majority of detected wash trade activity [3].
This observation mirrors Þndings in AMM wash trading detection 3.2.2, where a few liquidity
pools or DEXs absorb a disproportionate amount of manipulative trading volume.

Another novel contribution in Solana NFT wash trading detection is the use of publicly
accessible tools, such as Hello MoonÕs Wash Trading Index, which cross-references suspicious
collections with marketplace-reported ßags [4]. This represents an advancement toward
practical retail-level transparency, a direction not typically emphasized in fungible token wash
trading detection 3.2.2.

Moreover, while general wash trading patterns such as cyclic transaction structures are
found across blockchains, SolanaÕs extremely low transaction fees facilitate frequent, low-
value trades that would not be economically viable on Ethereum. This changes detection
thresholds: small volume mismatches (ÒslippageÓ) within cyclic transactions must be in-
terpreted cautiously, distinguishing between malicious intent and minor rounding effects
[3].

Although graph cycle detection and anomaly scoring remain core techniques across different
blockchain environments, the speciÞc properties of Solana, including low transaction costs,
fast block times, and concentrated marketplace behavior, require detection methods that are
speciÞcally tailored. These methods must be more sensitive to high-frequency, low-value
manipulations than those typically applied in Ethereum-based NFT, fungible token, or AMM
marketplaces.
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4. Methodology

This chapter outlines the methodology used to analyze wash trading, specifying the elements
under investigation and detailing the analytical procedures employed. Furthermore, the
rationale behind each step is articulated. Several methodological approaches are available.
One possible direction is to concentrate on individual exchanges and examine the trading
activity occurring on them. This approach is exempliÞed by the work of Victor et al. [15].
While evaluating the trustworthiness of a speciÞc exchange is particularly relevant, especially
in cases where a centralized exchange itself may be implicated in wash trading. This is not
the focus of the present study, since the focus lies on DEXs. Instead, the analysis concentrates
on multiple exchanges to provide a broader perspective on the current market landscape.
This choice aligns with the overarching objective of this thesis: to explore methods for the
automated detection of wash trading. Consequently, the analysis is centered on the tokens
themselves. This approach enables an examination of each tokenÕs trading history and
facilitates comparisons across multiple dimensions, including token size and the variety of
exchanges on which they are traded.

4.1. Token Selection

According to CoinGecko, there were 4,156 SPL tokens in circulation on the Solana blockchain
as of June 2025.1 Since analyzing all tokens is not feasible, a pre-selection was conducted.

The token selection process followed a deliberate, two-pronged approach. Given the
focus on detecting wash trading, tokens were chosen based on their potential for exhibiting
such behavior. For 10 out of the 20 selected tokens, Dune Analytics was used to identify
characteristics commonly associated with wash trading. 2 These characteristics include high
trading volumes generated by a small number of unique traders, which may indicate non-
organic activity. Daily-level statistics, including the mean, standard deviation, and coefÞcient
of variation, were employed to detect irregular or overly consistent trading patterns that
may signal wash trading. The analysis was further limited to tokens with relatively low
trading volume and liquidity, as wash trading is more economically feasible for tokens that
are smaller and less frequently traded. Additionally, restricting the dataset to tokens with
low exchange exposure helps reduce the likelihood of capturing legitimate arbitrage activity.

The following procedure outlines how token-level trading activity was Þltered, aggregated,
and assessed in order to identify potential indicators of wash trading. The exact SQL query
used to extract the data from Dune Analytics is provided in Appendix A.1.

1https://www.coingecko.com/en/chains (Accessed: 06-06-2025)
2https://dune.com/home (Accessed: 2025-05-08)
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1. Initial token Þltering and aggregation. The dataset is initially restricted to trades
conducted within the past three months. The data is then grouped by token, and only
those tokens are retained that meet two criteria: a cumulative trading volume exceeding
USD 10,000 (thereby Þltering out very small or inactive tokens) and interaction with
only a limited number of distinct exchange interfaces. For each qualifying token, several
aggregate statistics are recorded, including the timestamp of its Þrst appearance, total
traded volume, number of unique traders, number of exchanges used, and the total
number of transactions.

2. Daily-level reaggregation. For the set of Þltered tokens, the trades are regrouped by
calendar day. For each day and token pair, three daily metrics are calculated: trading
volume, the number of trades, and the number of distinct traders. The same constraints
on data validity and trade size are reapplied to maintain consistency with the Þrst step.

3. Token-level statistical summarization. The daily observations are then summarized
back at the token level. This includes the calculation of descriptive statistics such as the
mean, standard deviation, minimum, and maximum of daily trading volume, along with
average and peak daily transaction counts. A relative variability measure (coefÞcient of
variation) is also computed. Tokens with fewer than four trading days are excluded to
ensure statistical robustness.

4. Heuristic risk labeling. Tokens are classiÞed into heuristic risk categories based on
their observed trading behavior:

Risk(t) =

!
""#

""$

High Risk if #-transactions t > x and #-tradert < x
100, x = 1000

Medium Risk if #-transactions t > x and #-tradert < x
25, x = 500

Low Risk otherwise

The threshold parameter x was iteratively adjusted to yield a manageable number of
potential wash trading cases, while avoiding over-classiÞcation of tokens as high or
medium risk.

5. Result curation and output. The Þnal output includes only tokens whose latest trading
activity does not extend into the future. Tokens are ranked by their total trading volume.

Tokens returned by the query were further Þltered to include only those ßagged as either
ÒHigh RiskÓ or ÒMedium RiskÓ for potential wash trading. The number of exchanges on
which each token is traded was then manually veriÞed, as the exchange count reported by
Dune Analytics proved insufÞciently reliable for this type of analysis. Given that arbitrage
and wash trading may exhibit similar behavioral patterns, and that the extractable MEV
in such cases may fall below the algorithmÕs detection threshold, some instances may be
indistinguishable. To reduce ambiguity, the scope for these token was limited to tokens traded
on a single exchange. All of the tokens are traded on Meteora and, as shown in Table 4.1,
were minted in either January or February. On average, each token has approximately 1,200
recorded transactions.
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Table 4.1.: Relevant tokens after pre-selection query on Dune.

Token Symbol # Tx Mint Date Pre Check

PENGU 968 Jan 18, 2025 High
ZEREBRO 833 Jan 09, 2025 High
TURMP 715 Feb 08, 2025 High
YE 1270 Feb 08, 2025 High
UFD 1249 Jan 09, 2025 Very High
HB 2332 Jan 22, 2025 High
POPCAT 822 Jan 09, 2025 Very High
CHILLYGUY 584 Feb 08, 2025 High
SC 1706 Jan 18, 2025 Medium
HC 1595 Jan 18, 2025 Medium

Since these tokens are homogeneous, and meaningful comparisons require a more diverse
set, alternative selection criteria were employed to identify additional tokens for analysis. A
key factor in this selection was trading volume, with emphasis placed on identifying both
the most actively traded tokens and those currently trending. To this end, the top trading
tokens from DEX Screener, which is a decentralized exchange (DEX) analytics platform that
aggregating real-time on-chain data, were used.3 To identify trending tokens as of 25 April
2025, the volume-to-market-capitalization ratio over the preceding 24 hours was calculated.
The resulting list was then Þltered to include only tokens minted within the past twelve
months. Finally, the tokens were ranked by their market-cap-to-volume ratio, and only those
traded on a limited number of markets were retained. This step was taken to reduce the
likelihood of selecting tokens predominantly traded for arbitrage purposes. As shown in
Table 4.2, the number of transactions is signiÞcantly higher than that of the tokens listed in
Table 4.1. Furthermore, it can be observed that the tokens are traded on a variety of different
exchanges.

3https://dexscreener.com/ (Accessed: 2025-04-22)
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Table 4.2.: Indicative market metrics for selected tokens on DEX Screener.

Token Symbol # Tx Markets Mint Date Volume/MCAP

FELLOWS 64079
2 ! Raydium,
1 ! Meteora

April 21, 2025 44.9020

ELI5 40283
6 ! Raydium,
2 ! Meteora

April 20, 2025 7.2848

4PHAN 16522
1 ! Raydium,
2 ! Meteora,
1 ! Fluxbeam

April 17, 2025 4.1395

GORECATS 1680305
2 ! Raydium,
15! Meteora

April 15, 2025 1.6667

SNUG 34614
1 ! Raydium,
4 ! Meteora

April 21, 2025 0.8667

Analysis of the token set in Table 4.1 revealed that certain accounts were responsible for a
substantial volume of wash trading activity. To further investigate these patterns, additional
tokens traded by these accounts were included in the analysis to assess whether similar
behavior occurred with those tokens. As shown in Table 4.3, these tokens are also traded
exclusively on Meteora and were minted around January. The number of transactions is
comparable to that of the token selection in Table 4.1.

Table 4.3.: Relevant tokens after Þrst analysis of selected token.

Token Symbol # Tx Markets Mint Date

FC 613 1 ! Meteora Jan 25, 2025
VV 1721 1 ! Meteora Jan 18, 2025
PB 674 1 ! Meteora Jan 14, 2025
DSAI 1450 3 ! Meteora Jan 12, 2025
DDD 1815 3 ! Meteora Dec 28, 2024

4.2. Data Collection

Solana transaction data can be accessed through several methods. One approach involves
operating an archival node, which provides a veriÞed and complete copy of the ledger. While
this approach provides a veriÞed and complete copy of the ledger, its substantial storage
requirements (currently close to 400 TB) and ongoing DevOps maintenance rendered it
impractical for the purposes of this study. 4 Instead, SolanaÕs RPC infrastructure was used.

4https://getblock.io/blog/solana-archive-node-guidelines/ (Accessed: 2025-05-23)
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RPC nodes expose the network state via standardized API endpoints and support a wide
range of operations, including data retrieval and interaction with the blockchain. These nodes
do not participate in the blockchainÕs consensus mechanism; their sole function is to provide
access to the Solana cluster.5

4.2.1. RPC-Provider Endpoints

Access to transaction data depends on two key API endpoints. To understand the necessity
of both, it is Þrst important to examine the structure of the Solana blockchain. Transactions
are associated with both account addresses (including token and user account addresses)
and their cryptographic signatures. 67 Each time an account participates in a transaction,
that transaction is recorded as linked to the account. Importantly, on Solana, each token
is assigned a distinct address, which functions similarly to an account address and allows
transactions involving that speciÞc token to be queried.

The Þrst endpoint, getSignaturesForAddress, returns all conÞrmed transaction signatures
associated with a given account, such as a token account.

The list of signatures returned by this endpoint contains only basic metadata. It does
not include transaction amounts or involved account details. To obtain this information,
the second endpoint, getTransaction, must be queried individually for each signature. This
endpoint returns low-level raw data: the payload is encoded and not readily human-readable.
As a result, each transaction must be decoded and converted into a structured format, as
described in Section 4.4. Once processed, each transaction is represented as a JSON object
similar to the example shown in Figure 4.1. Among the relevant Þelds, blockTimeis used
to establish the chronological order of transactions, and signaturescontains the associated
transaction signatures. While some transactions contain multiple signatures, this detail is not
relevant for the subsequent analysis.

5https://solana.com/de/rpc (Accessed: 2025-05-05)
6https://solana.com/de/docs/tokens/basics/create-token-account (Accessed: 2025-05-05)
7https://solana.com/de/docs/core/accounts (Accessed: 2025-05-05)
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{
...,
" blockTime" : 1746479684,
" meta" : [

...,
" innerInstructions " :[

" instructions " :[
" transfer " ,
...

],
" instructions " :[...],
...

],
" logMessages" :[...],
" postBalances " :[...],
" preBalances" :[...],
...

]
" transaction " : [

" accountKeys" ,
" instructions " ,
...,

],
" signatures " : [...]

}

Figure 4.1.: Exemplary Response JSON of RPC-Provider.

4.2.2. Processing raw RPC-information

Further processing involves several manual steps. The extracted JSON objects contain essential
transaction information, including the quantity of tokens transferred and the associated source
and destination accounts. As token amounts are typically recorded as integers, they must
be converted to their appropriate decimal values. Furthermore, market account signatures
must be explicitly identiÞed, as they are otherwise indistinguishable from private account
signatures. While one possible approach is to identify market accounts based on high trading
volume, this method is susceptible to inaccuracies. In most cases, a market consists of two
token vaults, each corresponding to one of the tokens involved in the swap (e.g. an exchange
of one token for another, handled by two transfers in both directions) process. A vault is a
program-controlled account that cannot be accessed directly by users. Only the smart contract
logic is authorized to move funds, for example when executing a token swap on an exchange.
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8

To convert the preprocessed transactions into usable transfers and swaps, the procedure
described in Algorithm 1 is employed. For subsequent analysis, only the metaand transaction
sections of the JSON object illustrated in Figure 4.1 are required. The conversion routine
includes extensive exception handling beyond the scope of this section. A detailed pseudocode
listing is provided in Appendix A.3. The transactionÞeld, particularly the instructions section,
is used to identify direct transfers between accounts. The accountKeysÞeld also indicates
the accounts involved. However, most transactions represent market operations, with the
corresponding details residing in the metasection.

Algorithm 1 iterates through the metadata, which contains a list of instructions. These
instructions may represent various operations, including token creation, liquidity removal,
transfers, and others. A transfer speciÞes the amount of tokens sent from a source account
to a destination account. For each transfer instruction, the algorithm identiÞes the source
and destination accounts, the amount transferred, and determines whether either account
corresponds to a market vault. It further distinguishes whether the token transferred is the
SPL token. SPL refers to the Solana Program Library standard, meaning essentially every
token deployed on the Solana blockchain. In this context, the SPL token corresponds to
the speciÞc token being analyzed. Given that a token can be traded against multiple other
currencies, the algorithm loops through all possible exchangeable tokens and checks whether
the relevant markets are involved in the transfer.

If both the SPL token and the swapped currency move in the same direction, the transaction
is classiÞed as aliquidity event. This classiÞcation is further supported by inspecting the
logMessagesÞeld for speciÞc keywords indicative of liquidity operations. Conversely, if the
SPL token is sent to the maker (the initiator of the transaction) while the other token is sent
to the market, the operation is classiÞed as aBuy. The reverse ßow, where the SPL token is
sent to the market and the other token to the maker, is classiÞed as aSell.

A particular consideration arises when handling swaps involving Solana, as Solana serves
both as the native currency of the blockchain and as the medium for paying on-chain
transaction fees. This dual role can complicate the identiÞcation of the exact amount being
swapped. However, this issue is mitigated in most cases because the swap amount is typically
not transferred as SOL (the native token of the Solana blockchain), but as WSOL, a wrapped
version of SOL. WSOL is speciÞcally designed to be distinguishable from the native token
while enabling it to be handled in the same way as other SPL tokens, thereby facilitating
integration with DeFi applications. The value of WSOL is pegged 1:1 to SOL, ensuring that
its use does not introduce discrepancies in price calculations.

8https://blog.blockmagnates.com/what-is-a-vault-program-on-solana-37cb5a61379c (Accessed: 2025-
06-07)
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Algorithm 1 ParseTransfer

1: procedure Parse Transfer (source, destination)
2: determine BuySell For SPL(source, destination, market_distinction[ÓSPLÓ])
3: for each (market) in market_distinction do
4: if destination" marketsor source" marketsthen
5: converted_amount# Convert Decimal (amount, decimals)
6: determine BuySell For Non SPL(source, destination, market)
7: end if
8: end for
9: end procedure

A single transaction can include multiple swaps or transfers. To ensure uniqueness, swaps
sharing the same signature are assigned an additional counter and stored as separate records.
Finally, all token amounts are normalized to their respective decimal places, using either the
predeÞned defaults or any token-speciÞc decimal adjustments.

To make the conversion process less abstract, an example is presented in Figure 4.2. The
transaction9 shown in part in Figure 4.2 illustrates the conversion of the SPL token amount
within the transfer and the identiÞcation of the transfer type. Since the destination address 10

is identiÞed as a vault for the SPL token (in this case, 4chan), the transaction is classiÞed as a
Sell.

{
" info " : {

...,
" destination " : " 4HfkTnCLxaknRdYEU... " ,
" source " : " CXDs7fRjg3dgaXgQV... " ,
" tokenAmount" : {

" amount" : " 893955679312" ,
" decimals " : 6,
" uiAmount" : 893955.679312,
" uiAmountString " : " 893955.679312"

}
},
" type " : " transferChecked "

}

{
...,
" type " : " Sell " ,
" SPL_amount" : 893955.679312,
" SPL_vault " : " 4HfkTnCLxaknRdYEU... " ,
...

}

Figure 4.2.: Conversion of raw transferto parts of processed transfer

Following the conversion from raw to structured transaction data, several types of inter-
actions with the analyzed token are identiÞed. Market interactions can be categorized as
previously described: Buy, Sell, or Liquidity Provider (where both tokens are added to or
removed from the vault). Furthermore, direct transfers, deÞned as token movements between
accounts that do not involve the market, can occur.

9Full transaction: https://solscan.io
10One of 4chanÕs vaults:4HfkTnCLxaknRdYEUbw2YN959zuNUn6rtUsNxqewnxPa
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To ensure a clean and reliable dataset, additional Þltering steps are applied to the trans-
action data. Only successful trades are retained, leveraging the atomic nature of Solana
transactions, where any error results in the cancellation of the entire transaction. Each transfer
(as a transaction may contain multiple transfers) is assigned a unique identiÞer, with the
ordering determined by the blockTimeof the transaction. SpeciÞcally, transfers are sequentially
numbered within each market, starting from 0 for the earliest interaction with the market, 1
for the next, and so on.

While it might appear that sequential numbering could introduce complications, particu-
larly since the ordering is determined independently within each market, this approach is
necessary. The risk of wash trading applies at the level of each market, not across multiple
markets. If a trader operates across multiple markets, this constitutes arbitrage activity, which
is beyond the scope of this study and subject to separate deÞnitions.

This sequential ordering is established prior to the exclusion of liquidity operations and
arbitrage trades, as these events may inßuence token prices. Subsequently, liquidity operations
are Þltered out, and transactions involving multiple exchanges are excluded to avoid including
records that may represent arbitrage rather than genuine trading behavior. Transactions
involving multiple token pairs or exchanges are similarly removed. Finally, timestamps are
standardized to create a chronologically coherent dataset suitable for subsequent economic
analysis.

To compare the prices and trading volumes of different tokens, it is essential to establish
a common reference unit. In this study, Solana (SOL) serves as the reference, as each token
is traded on at least one exchange where it can be exchanged directly for SOL. Since these
exchanges typically operate on a continuous trading basis, they provide a reasonable estimate
of the tokenÕs trading value in terms of other currencies.

The applied approach is as follows: for each traded token T, the most recent (or temporally
closest) corresponding trade in which the token is paired with Solana is identiÞed. In this
trade, the amount of Solana exchanged, ASOL, and the corresponding amount of token T,
denoted AT, are extracted. The implied price PT of one unit of token T in terms of Solana
is then calculated as PT = ASOL

AT
This price PT is subsequently used to estimate the trading

volume of token T in terms of Solana by multiplying it by the amount of token T traded:
VT = PT áAT where VT represents the trading volume of token T expressed in Solana.

4.3. Analysis

This chapter outlines the methodology used to detect wash trading. The detection algorithm is
designed to identify direct indicators of wash trading activity, rather than relying on statistical
inference. It adopts a directed graph approach, which is commonly applied in the analysis
of NFT and limit order book (LOB) markets. In this framework, each trade that transfers
tokens into a marketÕs underlying vaults is expected to have a corresponding counter-trade
that transfers tokens out of those vaults.

The approach used here is similar but adapted to detect wash trading on AMMs as well.
Traditional analyses in LOB settings leverage maker and taker information to determine
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trade counterparts, since each trade involves both a seller and a buyer [15]. However, the
methodology presented here works equally well for both LOBs and AMMs, as it identiÞes
matches between trade amounts entering the market and those exiting it. This approach
remains applicable to AMMs because, to execute wash trading, the same amounts need to
be returned to the market, even if the trades are self-directed rather than involving another
account.

The key challenge lies in distinguishing between legitimate trades for the exchange of
"goods" and wash trades. For this, the deÞnition of wash trading provided in Section 3.2
is applied. The concept of risk neutrality, which is central to this deÞnition, is particularly
challenging to operationalize, but it is addressed using several complementary checks, detailed
in this section. Additionally, unintentional or mistaken wash trades are excluded, as the
analysis tries to focus solely on transactions conducted with malicious intent.

4.3.1. Transfer Ordering

It is essential for the algorithm to correctly interpret the directionality of trading ßows. To
achieve this, a connected multigraph is constructed from all relevant transactions. This graph
considers only the trading ßows of the analyzed SPL token, meaning that wash trading
detection focuses solely on matching amounts of the SPL token, even though every trade
involves a swap between two tokens. The exchanged amount serves as a proxy for the
transaction value.

Since both the buying and selling of the token are initiated by the account interacting with
the market, this account is referred to as the maker (the party initiating the trade). In cases
where the token is sold, the graph records an edge directed from the maker to the market.
Conversely, when the token is bought, the edge points from the market to the maker. An
example of this construction is illustrated in Figure 4.3, which presents a multigraph of the HB
token generated using a Force-Directed Placement algorithm. For the analysis, a visualization
of the multigraph is not required. In the Þgure, the red dot at the center represents the
market, while each surrounding node represents an account interacting with that market. All
interactions between accounts that do not involve the market have been removed to improve
visualization.
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Figure 4.3.: Exemplary multigraph of the HB token using a Force Directed Placement algo-
rithm

4.3.2. Strongly connected components

Detecting wash trading at the wallet level begins with a fundamental question: Which wallets
can reach one another along directed transfer paths? If wallet A can send tokens, either
directly or through a chain of intermediaries, to wallet B and later receive tokens back from
B, then A and B belong to the same SCC of the directed trade graph G = ( V, E). Here, V
denotes all wallet addresses, and E represents the directed edges(u, v), where wallet u has
sent tokens to wallet v.

A wash-trading ring, by its nature, is conÞned to a single SCC, as mutual reachability is
essential. Consequently, vertices belonging only to trivial components ( |SCC| = 1) can be dis-
carded, signiÞcantly reducing the graph size and accelerating subsequent economic heuristic
analysis. The detailed implementation of the SCC algorithm is provided in Appendix A.4.

To isolate these components, the linear-time algorithm originally introduced by Tarjan is
employed, with reÞnements by Nuutila and Soisalon-Soininen, which ensure that at most
one explicit stack is used at any time [40, 41].

The algorithm begins by assigning each discovered vertex a unique discovery number and
tracking the smallest reachable discovery number from each vertex. This dual tracking both
marks a vertex as visited and establishes a strict ordering of discovery, which later assists in
identifying back edges (Perform DFS, lines 1-3, Algorithm 3).

Traversal is managed using an explicit stack that mimics a recursive depth-Þrst search
(DFS), along with a secondary stack that temporarily holds vertices belonging to the current
candidate component (Perform DFS, lines 2Ð4, Algorithm 3). The outer loop ensures that
the entire graph is covered, even if it contains disconnected parts (Algorithm 2, lines 3Ð5).
Whenever a new, unexplored root vertex is found, it is added to the traversal stack, initiating
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a DFS that explores as deeply as possible before backtracking (Algorithm 3, line 2).
As each vertex is visited, its discovery is timestamped, and the algorithm searches for

the Þrst neighboring vertex that has not yet been visited. When such a neighbor is found,
the DFS continues recursively (emulated with the stack), and the connectivity information
for the current vertex is updated to track reachability (Algorithm 3, lines 5-7). This mirrors
the behavior of classical algorithms like TarjanÕs while maintaining an iterative structure. If
all neighboring vertices have already been explored, the traversal of the current subtree is
complete, and the algorithm proceeds to the SCC detection phase (Algorithm 3, lines 8-9).

The detection of SCCs continues by initializing the local reachability marker for the current
vertex. The algorithm then tries to lower this value by examining two types of back edges
(Perform DFS, lines 6-7):

¥ Tree edges to younger vertices, which indicate that a neighboring subtree could reach
back to the current vertex or higher. This ensures that the minimum reachable discovery
number accounts for the neighborÕs reachability.

¥ Cross or back edges to older vertices, which directly form a cycle. Here, the reachability
is updated to reßect the discovery number of the older neighbor.

After processing all neighbors, the algorithm determines whether the current vertex is the
root of an SCC by comparing its reachability marker to its discovery number (Algorithm 3,
lines 8-9). If they match, all connected vertices in the current traversal path are extracted and
marked as a strongly connected component (Algorithm 3, lines 10-11). These vertices are
permanently labeled and collected for further analysis. If the vertex does not form an SCC
root, it remains temporarily stored, awaiting connection to an SCC when an ancestor root is
identiÞed (Algorithm 3, line 12).

The result of this combined process is a complete list of SCCs, where each SCC comprises
a set of vertices that are mutually reachable. This method effectively captures all potential
wash-trading rings, as such rings cannot extend beyond a single SCC.

A conceptual summary of this process is provided below:

Algorithm 2 Strongly Connected Components Detection

Require: Directed graph G
1: Initialize data structures for traversal and tracking
2: for all vertices in G do
3: if vertex has not been visited then
4: Perform DFS(vertex)
5: end if
6: end for
7: return list of strongly connected components
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Algorithm 3 Perform DFS (vertex)

1: Assign discovery order to vertex
2: Push vertex onto traversal stack
3: for all neighbors of vertex do
4: if neighbor has not been visited then
5: Perform DFS(neighbor)
6: end if
7: Update reachability information for vertex
8: end for
9: if vertex is root of an SCC then

10: Extract and record SCC
11: else
12: Mark vertex as part of ongoing SCC discovery
13: end if

The complete, detailed pseudocode with explicit variable handling is provided in Ap-
pendix A.4.

4.3.3. Wash trading detection with similar amounts

Algorithm 4 is applied to each SCC to Þlter transactions based on temporal constraints,
amount restrictions, or uniqueness. The two algorithms are separated to facilitate easier
adjustment of parameters such as window length and similarity thresholds between runs,
even at the expense of some computational efÞciency.

This approach narrows the search to regions of the graph where cycles are likely, sig-
niÞcantly reducing computational effort. Since any wash trade must be part of an SCC,
single-node components are excluded immediately, as a single address, whether representing
a trader or a market, cannot exhibit the interactions required to form a wash-trading cycle.
This exclusion step improves computational performance.

Subsequently, a list of candidate starting nodes for cycle detection is compiled, explicitly
excluding nodes identiÞed as intermediary wallets. An intermediary wallet (e.g., a market-
place escrow or a passive transit address) is not used as a starting point to avoid detecting
redundant or irrelevant cycles.

s = v " C | v /" Nintermediaries (4.1)

where s represents the set of valid starting nodes, C is the vertex set of the current SCC,
and Nintermediariesis the set of intermediary nodes. This exclusion ensures the focus remains
on meaningful trading patterns, as otherwise exchange nodes would be incorrectly identiÞed
as wash trader accounts.

Finally, for each remaining candidate s in the component, the algorithm invokes the cycle-
Þnding procedure Þnd_cycles_with_Þlteringon the subgraph C, passing along all relevant
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constraints. This procedure calls Algorithm 7, which returns all cycles discovered from any
starting node. These cycles are collected into the global list cycles_outfor subsequent analysis.

Algorithm 4 Outer Loop for Wash Trade Cycle Detection

Require: Directed graph G = ( V, E) of transactions; ! window (sequence window), ! amount
(transaction amount tolerance),max_depth, Nintermediaries(exchange accounts)

Ensure: List of detected wash-trade cycles
1: cycles_out # []
2: for each component C in SCCs do
3: if is_single _Node(C) then
4: continue
5: end if
6: GC # G induced by C
7: start_nodes# remove _intermediaries (Nintermediaries)
8: for each s in start_nodesdo
9: cycles# find _cycles _with _filtering (GC, s, ! window, ! amount, max_depth)

10: cycles_out # cycles_out + [ cycles]
11: end for
12: end for
13: return cycles_out

Algorithm 7 outlines the core recursive procedure used to detect potential wash trading
cycles that originate and terminate at a speciÞc wallet address within a SCC of the token
transaction graph GC. The algorithm performs a depth-Þrst search (DFS) starting from s,
incrementally building and extending a candidate path while enforcing several constraints
designed to exclude economically irrelevant or implausible cycles.

Each recursive DFS call tracks the current node, the path traversed thus far (path), the
corresponding list of edges within this path, the associated SPL token amounts, the sequence
numbers of the transactions traversed, and the current depth of the recursion. If the recursion
depth (equals number of cycle length) exceeds the user-deÞned maximum (max_depth), the
procedure terminates early.

For each outgoing edge from the current node, the algorithm skips self-loops and pro-
ceeds to extend the candidate path by appending the target node, the new edge, and the
corresponding SPL amount to new_path.

The cycle is also evaluated based on the timing and sequence of the transactions involved.
Further details are provided in Section 4.3.3.

The amount_checkfunction is designed to enforce the same-amount constraint by verifying
that all SPL amounts across the transaction path remain approximately equal. This is achieved
through the application of a relative threshold ( ! amount), which accounts for the minimal
transaction fees inherent to the Solana blockchain. While these fees are typically low, their
existence necessitates this check. For a more comprehensive discussion, refer to Section 4.3.3.

If the target of the newly added edge returns to the start node and the path length exceeds
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two, the algorithm checks whether any of the involved transactions (identiÞed by their
signature and sequence number) have already been used in previously discovered cycles. If
the cycle is entirely novel, the new_path information is compiled into a structured dictionary,
containing the path, timestamps, signatures, sequence numbers, and token amounts. This
dictionary is then appended to the global list same_amount_cycles, and its signatures are
reserved in a set to prevent duplication (see Section 4.3.3 for more details).

If the edge does not return to the start node, the algorithm checks whether the next node has
already been visited within the current path (to avoid node repetition). If not, the depth-Þrst
search continues recursively with updated arguments.

Transaction Window Constraint

In general, the closer trades are executed to one another in time, the lower the associated
incalculable risk. The price of an SPL token is inßuenced by market interest. For example,
when buyers place orders and consume available liquidity on the ask side, the token price
tends to rise. This effect is more linear in an AMM setting and less predictable, though still
generally upward, in a LOB environment. As a result, a wash trader seeking to minimize
Þnancial losses would beneÞt from reducing risk by executing trades within a narrow time
window

Thus, it is logical to check for wash trades with the same amount of tokens, where no
intervening trade occurs between the initiating and terminating trades. This veriÞcation is
performed in the following procedure.

For a sequence of transactionsT = ( t1, t2, . . . , tn), the algorithm enforces the following
condition:

max
i" T

(seqi ) $ min
i" T

(seqi ) % ! window (4.2)

where ! window is the allowed transaction window size and seqi represents the sequence
number of transaction i.

The sequence numbering check is necessary, as discussed in Section 3.2, because the absence
of Þnancial risk is a deÞning characteristic of wash trading. Since market risk is determined
by the possibility of loss, it depends on the number of trades occurring between the initiating
and terminating wash trades.

Relying solely on a time-based constraint is insufÞcient due to the volatile transaction
frequency of different tokens. For example, if a token is traded every second, the sequence
numbering naturally reßects this frequency, just as it adjusts for tokens traded every minute.
A time window constraint alone would fail to capture these variations in trading intensity.

The implementation of this check is detailed in Algorithm 5.
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Algorithm 5 window_check(new_transaction_seq, transaction_seq, new_edge_seq_number)

1: if new_edge_seq_number= $ 1 then
2: new_transaction_seq# transaction_seq
3: else
4: new_transaction_seq# transaction_seq+ [ new_edge_seq_number]
5: if max(new_transaction_seq) $ min (new_transaction_seq) > ! window then
6: return continue
7: end if
8: end if
9: return new_transaction_seq

The reason for the -1 check is that transactions not involving a market do not increase risk
and are therefore ignored. All other transactions within a cycle are veriÞed to ensure they
remain within the speciÞed sequence window.

However, some tokens are not traded frequently enough, which can result in transactions
occurring days apart but still being included in a potential wash trading cycle. This should
be avoided, as such long intervals introduce signiÞcant Þnancial risk. To mitigate this, an
additional check is performed on the time of the transactions. SpeciÞcally, the earliest and
latest trades in a cycle must fall within a deÞned time window. The precise values for these
time window constraints will be provided in Section 4.3.4.

Amount Consistency Constraint

For token amounts A = ( a1, a2, ...,an), the algorithm veriÞes:

max(A) $ min (A)
min (A)

% # (4.3)

where # is the amount threshold parameter. This checks the amounts to be within a threshold
of the max and minimum values of a cycle. And removes every cycle which would trade
with different amounts. This is implemented in algorithm 6, similar to the mathematical
formulation above.

Algorithm 6 amount_check(new_spl_amountss, ! amount)

1: min_amount# min (new_spl_amounts)
2: max_amount# max(new_spl_amounts)
3: amount_di f f _ratio # (max_amount$ min_amount)/ min_amount
4: if amount_di f f _ratio > ! amountthen
5: return continue
6: end if

Although potential arbitrage trades are already excluded from the dataset, as discussed in
Section 4.2, numerous forms of maximal extractable value (MEV) attacks remain possible, as

34



4.3. ANALYSIS

outlined in Chapter 2. For example, sandwich attacks may resemble wash trading in structure,
but their incentive is fundamentally different: the trader aims to extract value rather than to
simulate legitimate trade volume. Since this type of behavior falls outside the scope of this
study, it is essential to verify whether a detected wash trading cycle generates a proÞt for the
initiating account.

Given that every swap inherently involves an exchanged asset, and speciÞcally Solana in
this analysis, it is logical to assess whether the cycle yields a net proÞt in terms of Solana.
SpeciÞcally, the analysis checks whether the cycle sends more Solana to the exchange than
the exchange returns to the initiating account. This is accomplished by calculating the net
ßow of Solana between the account and the exchange over the cycle. The resulting net ßow
values will be used in subsequent calculations.

Signature Uniqueness

The algorithm maintains a set of used transaction signatures U to ensure:

&c " C, &s " Sc : s /" U (4.4)

where C is the set of all cycles and Sc is the set of signatures in cycle c. Since every transaction
can only be used one time for a wash cycle, otherwise the amount would be multiple times
counted in the wash trading statistics.
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Algorithm 7 Þnd_cycles_with_Þltering(G, start, ! window, ! amount, max_depth)

Require: Graph G, start node start, time window ! window, amount threshold ! amount,
maximum depth max_depth

Ensure: List of valid cycles
1: Initialize: cycles# [], used# {}
2: function dfs (node, path)
3: if |path| > max_depththen
4: return
5: end if
6: for each outgoing edgefrom nodein G do
7: if is_self _loop (edge, path) then
8: continue
9: end if

10: new_path# path+ [ edge]
11: if not window _check (new_path, ! window) then
12: continue
13: end if
14: if not amount _check (new_path, ! amount) then
15: continue
16: end if
17: if cycle _found (new_path, start) and not duplicate (new_path, used) then
18: add _to _cycles (new_path, cycles, used)
19: else
20: dfs (edge.target, new_path)
21: end if
22: end for
23: end function
24: dfs (start, [start])
25: return cycles

4.3.4. Post Cycle Detection

The deÞned restrictions are elaborated in the following. Although the exact parameter
settings will vary in the analysis presented in the next chapter, it is important to clarify the
rationale behind the chosen general parameters at this stage. Furthermore, the implications of
modifying these restrictions, along with their implementation details and points of application,
are discussed.

As previously noted, assessing the risk associated with an actorÕs behavior is a complex
task, as it lacks a strictly deÞned criterion. The check described in Section 4.3.3 is used to
evaluate the market risk related to potential wash trading activity. However, the strictness
of this constraint is open to debate. In general, it is reasonable to enforce the constraint as
tightly as possible in order to exclude any intervening transactions between the initiating and
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terminating wash trades. Nonetheless, the actual execution order of trades in the market may
not always correspond to the sequence originally intended by the actors, which can lead to
discrepancies in the inferred intent.

Additionally, this restriction is particularly well-suited for AMMs, where the continuous
liquidity means that the same account can feasibly execute trades without a counterpart.
However, in LOB markets, it may be appropriate to relax this constraint slightly, as multiple
accounts may be involved in cycles. For AMMs, identifying a counterpart is not critical, but
in LOBs, where a counterparty is always required, it might be beneÞcial to allow for more
ßexibility in identifying connected accounts.

The Þxed amount threshold is set to account for market and transaction fees and has
been established at 1%, consistent with the threshold used by Victor and Weintraud [15].The
maximum recursion depth restriction is essential for maintaining computational efÞciency. In
AMMs, since a counterparty is not required, a shallow recursion depth is sufÞcient. However,
for LOBs, it might be advantageous to increase the allowed depth to identify more complex
relationships among connected accounts.

After the analysis described above, we obtain cycles with matching amounts that proceed
to the market and return from the market. The analysis ensures that each transaction is used
only once.

Several checks are performed on the newly identiÞed wash trading cycles. One of these
checks stipulates that a cycle is only included in the wash trading statistics if the account is
involved in multiple wash trading cycles. This criterion prevents the inclusion of wash trades
that may have occurred accidentally rather than through deliberate attempts to inßate trading
volume. Additionally, wash trades must exhibit negative net returns for the participating
traders.

Figure 4.4 presents a graph illustrating the rationale behind these checks. The graph
displays the number of wash trades and their volume within hourly windows, with each bar
representing one hour of trading activity. The gaps in trading volume will be discussed in
Section 5.

The bars in the graph use various colors to represent different kind of trades. In general
Wash trades are expected to be loss-generating because proÞtable wash trades are more likely
associated with MEV incentives.

As observed in the graph, most detected wash trading activity falls into the category of
loss-generating wash trades conducted by accounts that frequently engage in such behavior.
However, there are exceptions. For instance, around 12:00 on the 18th, there is a notable
increase in trading volume from accounts that either do not typically engage in wash trading
(represented by pale-colored bars and lines) or generate proÞt (represented by green-colored
bars). The overlap between these categories further justiÞes the exclusion of these transactions
from the analysis. These instances likely represent legitimate trading activity that, due to
infrequent participation or potentially misordered transactions, was mistakenly classiÞed as
wash trading. Therefore, these transactions are excluded from the subsequent analysis.
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Figure 4.4.: Hourly ßow analysis for vv token

Since risk deÞnitions are not universally established, and the appropriate time frame for
what can be considered riskless or measurable risk remains subject to interpretation, multiple
approaches exist in the literature. For example, Victor and Weintraud apply time windows of
one hour, one day, and one week in their analysis of Ethereum-based tokens [15]. Given that
Solana operates as a signiÞcantly faster blockchain, and that some of the tokens analyzed are
short-lived, this study adopts a stricter approach. SpeciÞcally, several levels of increasingly
stringent criteria for deÞning wash trades were established. This enables a comparative
evaluation to assess the likelihood of false positives or false negatives within the detected
wash trading cycles.

1. Very strict: A transaction window with no intervening trades and a maximum duration
of three minutes. Additionally, wash trades must result in a negative net output.

2. Strict: A transaction window allowing up to Þve intervening trades, with a time limit
of 18 minutes. Wash trades must still result in a negative net output.

3. Lenient: A transaction window permitting up to 20 intervening trades within a maxi-
mum duration of one hour. Wash trades must continue to demonstrate a net loss.

The varying levels of strictness in time and sequence limits were evaluated through
empirical testing. The very strict conÞguration identiÞes wash trades only when no other
transactions occur between the corresponding buy and sell orders. The time window of three
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minutes reßects the typical duration within which most wash trades occur and primarily
serves as a safeguard without signiÞcantly limiting the sequence-based restriction.

For the strict conÞguration, a maximum of Þve intervening trades are permitted within
an 18-minute window. This duration is calculated by multiplying the number of allowed
intervening trades by three minutes. This setup accommodates potential disruptions in trade
order, such as cases where unrelated trades are interleaved between the intended wash trades,
while still enforcing meaningful constraints.

The lenient conÞguration allows up to 20 intervening trades within a one-hour window.
This approach is designed to capture a broader range of possible wash trade cycles. In this
conÞguration, trades that are not classiÞed as wash trades are assumed not to form closed
cycles with matching buy and sell amounts.

4.4. Implementation

The implementation was primarily carried out in Python 3.9.6. The complete source code is
available in a GitHub repository. 11

The RPC providers used for the analysis were primarily Solana-Mainnet 12, Quicknode13,
and Helius 14. Alchemy 15 and Syndica16 were also utilized, although these providers impose
stricter data access limitations.

The getSignaturesForAddressendpoint is accessed using thesolana.py17 library. This endpoint
imposes a limit of 1,000 transactions per request and returns only the most recent 1,000
transactions starting from a speciÞed signature. The starting signatures for the analyzed
tokens are listed in Table A.1. All transactions prior to these signatures are included in the
analysis.

For each signature, detailed transaction information must be retrieved. This is accomplished
using multiple threads. Since each RPC provider imposes cooldown limits on the number
of requests permitted in their free tier, the providers are cycled through, with each thread
assigned to an API endpoint that has already cooled down. Because this variable must be
accessible to all threads, the number of threads is limited to four; exceeding this number
slows down the retrieval of results.

As previously mentioned, the conversion of raw transaction data into usable, structured
data was accomplished using the Solana FoundationÕs JavaScript library.18 This libraryÕs
conversion function is more comprehensive than the equivalent Python function, as it includes
the jsonParsed encoding ßag. Consequently, the RPC node responds with a compact ÒrawÓ

11https://github.com/dwiedenmann/Solana_Wash_Trading
12https://solana.com
13https://www.quicknode.com
14https://www.helius.dev
15https://www.alchemy.com/solana
16https://syndica.io
17https://pypi.org/project/solana/
18https://github.com/solana-foundation/solana-web3.js
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payload in which instruction data remain base-58 and hex encoded. The function converts
this data into human-readable form and employs Superstruct for validation.

As an illustrative example, the conversion from base-58 to hexadecimal and subsequently
to ASCII-encoded JSON was implemented for a SetComputeUnitPriceinstruction. However,
not all instruction types are encoded in this manner.

For processing the detailed transactions, two functions are used. One function calls the
RPC endpoint and directly converts the information into a usable trading operation. The
second is a local function that reevaluates already processed transactions (e.g., in cases where
an exchange token was initially missing). This is feasible because every processed transaction
retains the original raw transaction data.

Since the starting token dataset was relatively small, all information was stored in CSV
Þles rather than in a database. Supplementary token information, such as market details
and default decimal precision, was stored in JSON format. Finally, a substantial number of
transactions were manually veriÞed for accuracy using Solscan and by comparing the number
of transfers detected.19

PpPrXyznwWLi4JCd1
9DwZrAKkdMNEwmZq

fa49652126cf4bb8
ffffffffffffffff

c045040000000000

{
" discriminator " : {

" type " : " u8" ,
" data " : 3

},
" microLamports " : {

" type " : " u64" ,
" data " : 17635

}
}

Figure 4.5.: Step-wise conversion: Base-58' Hex ' JSON.

The NetworkX library was used for the detection process.20 It enables the construction
of networks where accounts are represented as nodes and transfers as edges. Each edge
contains metadata such as the transferred amount and timestamp. NetworkX also provides
graph-theoretical and network analysis tools, including the SCC algorithm described in
Section 4.3.2.

The pandaslibrary was used extensively in the analysis. 21 Its core functions are implemented
in C/C++, which allows for signiÞcantly faster execution compared to pure Python. Pandas
was used for preprocessing and sorting transfers related to each SCC cycle, as well as for
cleaning transfer data before adding it to the multigraph. The multigraph structure, which
allows multiple edges between two nodes, is necessary to represent repeated trades between
the same participants.

19https://solscan.io
20https://networkx.org/
21https://pandas.pydata.org/
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4.5. Limitations

The following section outlines the limitations of the wash trading analysis, beginning with
the data processing constraints and the limitations of the wash trading detection mechanism.

There are several limitations in this analysis, beginning with the data fetching process.
The current code is not particularly memory-efÞcient: each new transaction is fully stored
in memory before being appended to the storage Þle, leading to excessive memory usage.
For the largest token analyzed, Gorecats, memory capacity (e.g. 35Gb of RAM) was nearly
reached, suggesting that processing signiÞcantly larger tokens would not be feasible with the
current setup.

The method for checking transaction ßows introduces additional limitations. SpeciÞcally,
transactions are evaluated based on whether they target certain vaults. However, some
exchanges (e.g., Pump.fun22) do not send WSOL but instead send SOL as the swap amount,
complicating the distinction between swap amounts and transaction fees. An unresolved
issue also arises when a single transaction involves multiple tokens. These cases have not
been fully addressed, as such transactions are typically associated with arbitrage activity.

The analysis itself also presents limitations. Arbitrage transactions are excluded because
they are difÞcult to distinguish from wash trades, particularly if they lose money. Since the
objective was to identify genuine wash trades with high conÞdence, these transactions were
omitted.

22https://pump.fun/board (Accessed: 2025-06-07)
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After the analysis chapter, cycles of wash trades are identiÞed for each token. However, these
raw cycles alone provide limited insight. Therefore, in the following section, wash trades are
presented using plots accompanied by additional analysis.

5.1. Wash Trading of Token Over Time

The following analysis examines the trading activity of the selected tokens. In contrast to
traditional markets with Þxed trading hours, trading in this context occurs continuously. As
a result, each subsequent Þgure presents either daily or hourly trading volumes, with bars
representing one-day or one-hour intervals, respectively. The choice between daily and hourly
resolution depends on the frequency and continuity of trading activity.

The calculation method is based on the assumption that a wash trade constitutes a cycle,
typically involving at least two transactions, and potentially more in the context of LOBs. In
AMMs, a wash trade typically consists of just two trades. This occurs because every small cycle
with the same amount ßowing to and from the market is also part of a larger cycle involving
multiple actors, provided such a cycle exists, as all participants are connected through the
market. For the wash trade volume, the two trades are summed, as both contribute to the
total volume. Trading volume is measured in SOL, as it exhibits relatively low price volatility,
especially when compared to the analyzed tokens, and is readily transferable across different
tokens. In general, the lines represent the number of trades, while the bars depict trading
volume, if not stated otherwise. Additionally only the accounts involved in at least two wash
trading cycles where losses were incurred, are part of the statistic.

Figure 5.1 illustrates the wash trading activity of the sctoken. The dotted line in the graph
represents the proportion of wash trades within each hour. The blue line represents the total
number of trades, whereas the green line indicates the number of loss-generating wash trades.
The token transactions were collected in March. The absence of trades after January is because
the token was no longer actively traded. Trading volume ßuctuates from near-zero to just
above 1 k SOL, with the largest spike occurring around 21 January 12:00. Thesctoken serves
as an example of such a small token, evidenced by its infrequent trading activity. The graph
reveals that almost every bar contains a red segment, indicating consistent and regular wash
trading.
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Figure 5.1.: scwash trading analysis (very strict, hourly).

Initially, the unusual gaps in trading activity suggested that some transactions might not
have been retrieved during data collection. To investigate this, manual veriÞcation was
conducted using Solscan and DEXScreener. These checks conÞrmed that no trading occurred
during the identiÞed periods. For example, on January 18th, no trades were recorded between
6:00 p.m. and 3:00 a.m.

To further investigate, the most frequently used trading account was examined, along with
the other tokens it traded in addition to sc. As a result, the trading activity of the hc token was
analyzed. Notably, trading volumes for both hc and scpeak at the same times. Subsequently,
the vv token was also included in the analysis. Figure 5.2 presents a graph showing the
number of trades for all three tokens. It is particularly noteworthy that the instances of wash
trading, represented by dotted lines, align almost perfectly at certain points. In general, the
tokens exhibit very similar trading behavior.

These tokens are traded only sporadically. However, when trading does occur, wash
trading constitutes the majority of the reported volume. The resulting Òon-offÓ pattern is
implausible as an indicator of genuine market interest and instead suggests orchestrated
trading cycles. A comparison of the three tokens reveals that their volume spikes frequently
coincide, suggesting the involvement of either a single wallet or a closely coordinated group
engaged in deliberate wash trading.

A comparison of the accounts involved in wash trading with these tokens also reveals some
overlap, as discussed in greater detail in the subsequent Section 5.3 focusing on wash trading
accounts.
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Figure 5.2.: hc, scand vv wash trading vs. normal trading (very strict, hourly).

In addition to the tokens analyzed thus far, several smaller and infrequently traded tokens
were examined. These tokens also exhibited signs of wash trading, as illustrated in Figure 5.3.
A logarithmic scale is used in the Þgure to account for the substantial variation in trading
volume across different hours. For example, the hb token demonstrated a relatively low level
of wash trading activity. Similar wash trading percentages were observed for other small
tokens, such asfc. However, in comparison to the previously analyzed tokens, the overall
frequency of wash trading was signiÞcantly lower.

This suggests that small size alone is not sufÞcient to explain manipulation. The data
therefore indicate a deliberate selection of targets, rather than a purely mechanical relationship
between market capitalization and the likelihood of wash trading.
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Figure 5.3.: hb wash trading analysis of very rarely traded tokens (very strict, hourly).

In the subsequent analysis, the deÞnition of wash trading is relaxed to the strict detection
conÞguration, which is explained in Section 4.3.4. As expected, this broader criterion results
in an increased number of trades classiÞed as wash trades. However, it is crucial to note that
all of these identiÞed wash trading cycles still result in Þnancial losses. For each of these
cycles, the involved accounts incur losses through trading.

When examining the trading graphs of tokens such as sc, hc, and vv, with hc shown in
Figure 5.4, it becomes evident that the hourly wash trading percentage nearly doubles or even
triples under less stringent criteria compared to the stricter conÞgurations. Similar patterns
are observed for both scand vv.
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Figure 5.4.: hc wash trading analysis very strict, strict and lenient (hourly).

One could argue that the relaxed detection criteria may be insufÞciently strict to conclusively
identify wash trading. However, when examining the trading timeline under the strict
conÞguration, it becomes evident that the detected wash trades of sc, hc, and vv exhibit highly
similar patterns. This observation is further supported by the timing of trades presented in
Section 5.4. Since the relaxed criteria effectively capture the same trading behavior for these
tokens, it can be reasonably assumed that applying the relaxed detection conÞguration to
other tokens would not signiÞcantly increase the number of false positives (i.e., legitimate
trades incorrectly ßagged as wash trades).

The ddd token, shown in Figure 5.5, was traded over the course of nearly a month, in
contrast to the previously analyzed tokens However, as a relatively small token, its trading
activity was intermittent rather than continuous. Notably, the token experienced consistent
trading activity on the day of its minting, followed by an extended period of inactivity or
negligible volume. Trading then resumed brießy, during which a substantial amount of wash
trading was detected.

A notable concentration of wash trading activity began at the onset of this renewed trading
phase. This indicates the presence of numerous wash trading cycles occurring at the very
beginning of the resumed activity. Such a pattern suggests that wash trading may have
signiÞcantly inßuenced the total number of trades on that day and, by extension, affected
both perceived market interest and token price formation. A more detailed analysis of this
price impact is provided in Section 5.2.
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Figure 5.5.: ddd wash trading analysis (strict, daily).

On the other hand, there are more frequently traded tokens, such as 4phan, shown in
Figure 5.6, which exhibit notable wash trading activity around the time of their minting. This
may suggest an attempt to inßuence the perceived popularity of the token. However, the
volume of wash trading during this initial period was relatively low, accounting for only
around 3% of total trading activity on those days.

When the detection conÞguration is adjusted to more lenient criteria, tokens such as 4phan,
as well as larger tokens like snugand gorecats, also show an increase in identiÞed wash trading.
Nevertheless, there is little change in the timing or positioning of the detected wash trades.

Although all of the larger tokens contain some wash trading under the less strict conÞg-
urations, the proportion of wash trading relative to total trading activity remains largely
unchanged. This observation suggests that relaxing the restrictions on the number of interven-
ing trades does not signiÞcantly increase the number of detected wash trades for frequently
traded tokens. Instead, the increase in detected wash trading primarily occurs among less
frequently traded tokens.
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Figure 5.6.: 4phanwash trading analysis very strict, strict and lenient (hourly).

When examining the lenient settings in Figure 5.6 and Figure 5.4, it becomes apparent
that nearly all wash trading cycles are already captured, leaving few additional cycles to
be detected. This suggests that even tokens exhibiting predominantly wash trading activity
still show some level of genuine trading behavior. Such activity may be interpreted as the
injection of new liquidity into the market, beyond that generated by wash trading alone.

Relaxing the algorithmÕs constraint on the maximum number of intervening trades results
in an increased number of detected wash trading cycles, primarily for thinly traded tokens.
For actively traded tokens, this increase is modest, indicating that the less strict conÞgurations
do not signiÞcantly raise the number of false positives. Instead, they are more likely to enable
the detection of additional true positives that would otherwise go unnoticed under stricter
criteria.

5.2. Price Development of TokenÕs Lifetime

The hourly priceÐvolume panels in Figures 5.7 and 5.8 combine three data series. The blue
line, shown on the left axis, represents the token price. The grey bars on the right axis indicate
the total traded volume. The red bars on the right axis display the volume of wash trading,
as detected using the very strict Þlter.

For hc (Figure 5.7) the price rises gradually from roughly 5.1 SOL at the start of 19 May
2025 to just above 6 SOL by the end of 22 May 2025. Trading volume varies intraday, with the
largest grey bars reaching a little 1 k SOL. Red wash-volume bars appear in most intervals,
typically not matching the corresponding total-volume bars.
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Figure 5.7.: hc price development over time (very strict).

For snug(Figure 5.8) the scale for the volume is a log scale to show differences between the
big differences in the trading volumes. The price behavior is markedly different: an initial
spike on 17 April 2025 lifts the token price brießy above 8 SOL before it falls back below 1
SOL within the same day, staying near that lower level for the remainder of the displayed
period. The highest total-volume bars coincide with this early price peak, subsequent volumes
are considerably lower. Wash-trade activity (red bars) is concentrated in the high-volume
intervals at the start and becomes sporadic thereafter.
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Figure 5.8.: snugprice development over time (very strict).

An examination of the price movements of tokens such as hc, which was previously
identiÞed as highly wash traded, reveals a tendency for prices to increase over time, as
illustrated in Figure 5.7. While this upward trend could be attributed to overall trading
volume, such an explanation is not consistently supported when compared with other tokens.
For instance, the price trajectory of snug, shown in Figure 5.8, does not exhibit a similarly
pronounced increase despite similarly high levels of trading activity. This suggests that wash
trading, either directly or indirectly, may inßuence token prices.

However, this relationship does not appear to be purely linear or direct. In the case of
snug, price levels do not consistently rise on days with signiÞcant wash trading activity. This
implies that factors such as the number and continuity of wash trading cycles may play a
more substantial role in affecting price dynamics.

It is also important to emphasize that the observed price increases remain relatively modest
and do not indicate sustained or substantial long-term growth.

5.3. Accounts

Figure 5.9 presents stacked bar charts for the accounts with the largest detected wash trading
volumes under the strict Þlter. Panels (a) and (b) correspond to the tokens hc and vv,
respectively. For each account, two volume components are shown on the left axis (in SOL):
blue bars represent non-wash trades, while orange bars indicate wash trades. In addition,
green (net sellers) and pink (net buyers) columns plot the net SOL ßow, calculated as sell
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minus buy, against the right axis.
In both panels, the Þrst two accounts reach total volumes close to 5,000 SOL, while the

remaining accounts register volumes near the baseline. It becomes evident that the major
wash trading accounts engage almost exclusively in wash trades, with minimal evidence of
regular trading activity. Some wash trading accounts are active across multiple tokens. For
example, the account 4UpjZnmEBo. . .1 trades both hc and vv. Similar trading behavior and
overlapping accounts are also observed in sc.

Cross-token links strengthen the evidence for coordinated activity, as several wallets have
been identiÞed participating in wash trades across multiple small tokens.

In contrast, other accounts engage in wash trading without generating the large volumes
seen in the dominant accounts. Some of these accounts, with nearly negligible wash trading
volume, were examined in detail and found to contribute insigniÞcantly compared to the
substantial activity of the top wash trading accounts shown on the left side of the graph. For
high-volume accounts, net-ßow columns lie close to the zero line, whereas several smaller
accounts show modest positive or negative balances.

(a) hc (b) vv

Figure 5.9.: Overview of wash trading accounts (strict).

However, when comparing these patterns with larger tokens where wash trading is less
prevalent, it becomes clear that not all accounts engaging in wash trading do so exclusively.
This is illustrated in Figure 5.10, which represents the strict conÞguration. Even under very
lenient wash trading classiÞcation criteria, the accounts associated with the 4phantoken do
not appear to engage solely in wash trading activity.

Furthermore, there are accounts that incur losses despite a signiÞcant portion of their
trading activity not being classiÞed as wash trading. Conversely, some accounts engage
partially in wash trading but still generate overall proÞts. These cases could represent failed

1Account: 4UpjZnmEBoofYnfUfYER6gmPKixMtGPmMnfMJAkyxiD7
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arbitrage attempts, as the trades classiÞed as wash trading result in negative returns. It is also
worth noting that this token continues to be actively traded. Consequently, some accounts
may still hold unsold tokens, and current losses could potentially be offset in the future,
depending on the tokenÕs price development.

Figure 5.10 presents the same account-level breakdown for the4phantoken using the strict
wash trade detection window. The largest wash trading account, associated with the address
DeGb25cLaK. . .2, reaches approximately 20 SOL in total volume, with activity consisting
almost entirely of wash trades.

Figure 5.10.: 4phanaccounts (strict).

The Account analysis reveals two distinct trader archetypes:

1. pure manipulators , whose on-chain history consists almost exclusively of self-cross
trades, and

2Account: DeGb25cLaKR5P8SUCobhCnBhT9MGmgk8qSYL6FR6GuJ4
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2. opportunistic manipulators , who blend occasional wash cycles with legitimate activity.

The former dominate the manipulation of sc, hc, and vv, while the latter appear in larger
tokens such as4phan. The accounts identiÞed as wash traders typically exhibit a negative net
SOL outßow. This conÞrms that such actors knowingly incur direct losses, presumably in
exchange for external incentives such as improved leaderboard rankings, liquidity mining
rewards, or the creation of favorable marketing narratives.

5.4. Trading Behavior

Figures 5.11Ð5.14 summarize the distribution of elapsed time between trades for both wash
trading cycles and ordinary trading activity. All histograms use a logarithmic time axis, and
bar widths have been adjusted manually to ensure that individual modes remain visually
distinct.

A comparison of the timing of wash trades reveals an intriguing pattern for the three
similarly traded tokens sc, hc, and vv, as shown in Figure 5.11. For these tokens, most
wash-trade intervals fall within a narrow band close to 102 seconds, while intervals longer
than 104 seconds are rare. Notably, the timing distributions of wash trades identiÞed under
the less strict criteria appear almost identical to one another.

Figure 5.11.: Wash trading timing comparison for sc, hc, and vv (very strict).

When the detection window is widened additional bars appear in the intermediate range,
as shown in Figure 5.12. Under this less strict conÞguration, the similarity in timing patterns
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becomes even more apparent.
This observation suggests the possibility of automated trading behavior, which may indicate

coordinated activity by a single entity or a closely aligned group. It also implies that the very
strict conÞguration might miss a portion of wash trading activity that still follows structured
and repetitive patterns.

Figure 5.12.: Wash trading timing comparison for sc, hc, and vv (strict).

When comparing the timing patterns of wash trading with those of normal trading, as
shown for sc in Figure 5.13, a clear contrast becomes apparent. Red bars, representing
wash trades, dominate the two short-interval bands previously discussed. In contrast, green
bars, which indicate normal trading activity, are more frequent at longer intervals above 103

seconds.
The analysis of normal trading measures the time differences between buy and sell transac-

tions for each account. The most pronounced spikes in the graph align with wash trading
behavior. However, the Þgure also highlights a substantial amount of normal trading. Not all
activity is classiÞed as wash trading.

The timing of normal trading appears more organic, with transactions occurring across a
range of intervals rather than following a Þxed, automated pattern. This supports the idea
that wash trading can successfully create the illusion of active market participation.
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Figure 5.13.: Comparison of wash trading and normal trading timing for sc(strict conÞgura-
tion).

In contrast, some trading timing patterns appear more natural. For example, the trading
behavior of wash traders for gorecats(Figure 5.14) shows not a lot of detectable wash trading
under the strict criteria. The plots do not reveal a discernible pattern or a common distribution,
and the timing of transactions appears randomly distributed. This suggests that the trading
behavior may not be inßuenced by speciÞc timing strategies, which could indicate the presence
of false positive wash trade detections.

When comparing this with the patterns of trading activity classiÞed as normal trading, the
absence of a clear pattern in the wash trading graph becomes even more apparent.
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(a) Timing of wash trading

(b) Timing of normal trading

Figure 5.14.: Comparison of wash trading and normal trading timing for gorecatsunder strict
detection criteria.

This might suggest wash trades ßagged in highly active tokens do not exhibit clock-like
regularity. Their heterogeneous timing pattern raises the possibility of (i) opportunistic wash
trading during market lulls, or (ii) false positives stemming from failed MEV strategies that
mimic the round-trip signature of wash trades. Further manual inspection conÞrmed that
both phenomena occur, underscoring the trade-off between detection recall and precision.
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5.5. Liquidity Provider Analysis

In general, wash trading becomes more plausible when there is an opportunity to generate
revenue from overall trading activity. This rationale helps explain why centralized exchanges
may engage in wash trading. In the context of this analysis, which focuses on trading within
AMMs, the same incentive structure applies to LPs. For this reason, their role is examined
more closely.

Figure 5.15 illustrates the relationship between the number of LPs and the percentage of
wash trades, as calculated under the strict wash trading detection criteria. The graph indicates
that tokens with a high percentage of wash trades tend to have a particularly low number of
LPs. SpeciÞcally, as the number of LPs increases, the proportion of wash trading generally
decreases.

However, it is important to note exceptions to this trend. For example, the tokens 4phan
and snugdemonstrate that a low number of LPs does not necessarily imply a high volume of
wash trading.

Concentrated ownership among LPs can reduce both the cost of wash trading, since
manipulators can recycle their own liquidity, and the associated detection risk. This dynamic
makes artiÞcial volume inßation both cheaper and more attractive.

Figure 5.15.: Relationship between LPs and wash trading percentage under strict detection
criteria.
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6. Discussion

This thesis investigates wash trading on Solana-based decentralized exchanges and Þnds that
manipulative activity is not randomly distributed but rather concentrated in speciÞc tokens
and time periods. Tokens such as sc, hc, and vv exhibit patterns of coordinated trading activity,
with volumes largely dominated by wash trades. These patterns suggest deliberate efforts to
inßate perceived demand, rather than reßecting genuine market participation. There wash
volume under the strict detection conÞguration averages 65%.

While small-cap tokens are generally more susceptible to wash trading, token size alone
does not fully account for the observed variation. Some similarly illiquid tokens show little to
no evidence of manipulation under the very strict conÞguration, suggesting that selection is
inßuenced by strategic incentives rather than liquidity constraints alone. Detected instances
of wash trading often coincide with modest, short-lived price increases, particularly in thin
markets. In the case of more liquid tokens, such as 4phan, such manipulation appears either
less effective or more difÞcult to detect. This highlights that any price impact resulting from
wash trading is typically transient.

At the wallet level, two distinct behavioral patterns emerge: accounts that engage almost
exclusively in wash trading, and accounts that combine manipulative activity with legitimate
trading. The former are more prevalent in small-cap tokens, whereas the latter tend to appear
in more active and liquid markets. All detected wash trading cycles result in net Þnancial
losses, indicating that traders deliberately incur costs in exchange for external beneÞts such
as increased visibility, eligibility for rewards, or the artiÞcial appearance of market demand.
Cross-token activity observed in certain wallets further supports the hypothesis of coordinated
wash trading campaigns.

The role of liquidity providers is also signiÞcant. Pools dominated by one or two LPs show
the highest levels of manipulation, likely because these actors can easily recycle their own
liquidity. In contrast, pools with broader LP participation show much lower levels of wash
trading, implying that decentralizing liquidity provision acts as a barrier to manipulation.

The detection method employed in this study provides a robust foundation for identifying
wash trading but is subject to several limitations. The approach relies on exact net-volume
matching within a strict window of intervening trades, which may fail to capture more
complex or indirect forms of manipulation. In particular, cycles involving partial Þlls may
go undetected despite being economically equivalent to wash trades. Moreover, the analysis
treats wallet addresses as independent unless explicit interactions occur, overlooking subtler
relationships such as shared funding sources or programmatic similarities. Future work could
address these gaps by adding a net amount matching algorithm.

The liquidity concentration metric used in the analysis also does not account for capital
weighting or potential operational control across multiple addresses. Furthermore, the current
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analysis considers all liquidity providers associated with a token over its lifetime, without
accounting for temporal variation. Since liquidity providers change over time, it would
be beneÞcial to analyze which entities are providing liquidity at the time wash trading is
observed. A more detailed view of liquidity provider dynamics, both in terms of capital
allocation and their evolution over time, would offer deeper insights into how liquidity
conditions enable or constrain manipulative behavior.

Furthermore, a large-scale analysis of a broader and more representative sample of tokens,
beyond the selected case studies, would provide a more comprehensive understanding of
wash trading patterns on Solana. Such an approach could help quantify the overall prevalence
of manipulation, identify trends across the ecosystem, and determine whether the observed
behaviors are limited to speciÞc token types or indicative of a systemic issue affecting the
platform as a whole.
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7. Conclusion

This thesis set out to deepen the understanding of wash trading on high-throughput
blockchains by focusing on fungible-token markets within the Solana ecosystem. Build-
ing on the motivation articulated in Chapter 1, the work pursued three central research
questions: (i) to review and contextualize prior wash-trading research on Solana, (ii) to
design a detection methodology suited to the chainÕs AMM-dominated landscape, and (iii) to
quantify the prevalence and patterns of wash trading in a representative token sample. The
intermediate chapters traced a systematic path from conceptual foundations (Chapter 2)
through related work (Chapter 3) and a bespoke data-engineering pipeline (Chapter 4) to
a detailed empirical study (Chapter 5) and critical discussion (Chapter 6). This concluding
chapter synthesises those contributions, highlights the principal Þndings, and identiÞes
avenues for future research.

Methodological contributions. A core contribution of this thesis is the end-to-end detection
framework developed in Chapter 4. Unlike most previous studies, which were designed
for order book-based exchanges or for EthereumÕs higher-fee environment, the approach
presented here leverages SolanaÕs RPC infrastructure to extract raw transaction data at scale.
This data is converted into a time-ordered transfer graph, and a two-stage algorithm is applied:
(i) identiÞcation of strongly connected components, and (ii) veriÞcation of near-zero net token
positions to ßag candidate wash trades. By abstracting away from explicit buyerÐseller
information and focusing instead on directional token ßows, the algorithm proves robust
on AMM. The thesis further contributes a reusable codebase that automates token selection,
trade decoding, and price normalization. This pipeline reduces manual effort and enables
replication on future datasets.

Empirical Þndings. Applying the framework to a curated set of twenty tokens, selected
for their trading intensity, risk proÞle, and exchange concentration, revealed that wash
trading is neither sporadic nor token-speciÞc. Three tokens (HC, SC, and VV) displayed
sustained periods during which more than one-third of observed swap volume consisted of
matched round-trip trades, while Þve others exhibited intermittent but still material spikes in
suspicious activity. Temporal analysis showed a clear clustering effect: bursts of wash trading
tended to occur within narrowly deÞned blocks of ten to Þfteen minutes, suggesting the use
of automated scripts.

Implications for stakeholders. For market participants, the Þndings conÞrm that reported
volume on Solana-based DEXs must be interpreted with caution. Traders relying on volume-
weighted indicators risk overestimating liquidity, and algorithmic strategies that use raw trade
counts for signal generation may be systematically biased. Protocol designers can leverage
the detection heuristics presented herein to implement real-time monitoring dashboards or
to throttle fee-rebate programmes that inadvertently reward wash-trading behavior. Finally,
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regulators assessing the integrity of crypto-asset markets gain empirical evidence that low-fee,
high-throughput environments can amplify manipulation incentives, strengthening the case
for cross-chain surveillance standards.

Limitations. While the results are encouraging, three methodological constraints temper
the conclusions. First, the detector recognizes a wash-trade cycle only when the gross amount
bought equals the gross amount sold. Partial Þlls that net to zero only after a longer horizon
remain invisible. Second, wallet addresses are treated as independent actors unless they
interact inside a detected cycle. This approach overlooks latent relationships such as common
funding paths, synchronous nonce usage, or identical programme-call patterns, limiting the
attribution of coordinated campaigns that span multiple tokens. Third, the liquidity-provider
concentration metric simply counts wallet IDs without weighting for the depth of capital,
the frequency of position rebalancing, or the possibility that a single operator controls many
addresses.

Future work. Addressing these limitations promises richer insight but requires non-trivial
engineering effort. Probabilistic sequence-alignment or dynamic-programming techniques
could be introduced to detect "loose" cycles in which net positions balance only over extended
trade sequences. Graph-embedding and clustering heuristics could uncover hidden links
among wallets by analyzing funding ßows. Finally, a capital- and time-weighted liquidity-
provider index would offer a Þner measure of market power and illuminate how easily a
single operator can recycle its own liquidity.

Concluding remarks. In sum, this thesis demonstrates that wash trading in fungible tokens
on Solana is both detectable and economically signiÞcant. By marrying graph-theoretic
analysis with chain-speciÞc engineering, it delivers a replicable methodology and new
empirical insights into the dynamics of on-chain market manipulation. While the results
underscore persistent challenges to market integrity, they also lay the groundwork for more
transparent, data-driven safeguards in the evolving landscape of decentralized Þnance.

61



A. General Addenda

A.1. Dune Query for Token Selection

This is the query used for Dune to select the token which are then later more sincerely
analyzed. Dune (formerly Dune Analytics) is a community-driven platform that lets anyone
query, visualize, and share on-chain data from dozens of blockchains using familiar SQL. 1

WITH relevant_tokens AS (
SELECT

token_bought_mint_address,
MIN(block_time) AS first_seen_time,
SUM(amount_usd) AS total_volume,
COUNT( DISTINCTtrader_id) AS trader_count,
COUNT( DISTINCTtrade_source) AS exchange_count,
COUNT(*) AS total_transactions

FROMdex_solana.trades
WHERE

block_time >= CURRENT_TIMESTAMP- INTERVALÕ3Õ MONTH
ANDamount_usd IS NOTNULL
ANDamount_usd > 0
ANDamount_usd < 1000000000

GROUPBY token_bought_mint_address
HAVING

SUM(amount_usd) > 10000
ANDCOUNT( DISTINCTtrade_source) < 10

),
daily_volumes AS (

SELECT
t.token_bought_mint_address,
DATE_TRUNC(ÕdayÕ, t.block_time) AS trading_day,
SUM(t.amount_usd) AS daily_volume,
COUNT(*) AS daily_trade_count,
COUNT( DISTINCTt.trader_id) AS daily_traders

FROMdex_solana.trades t
JOIN relevant_tokens rt
ONt.token_bought_mint_address = rt.token_bought_mint_address

1https://dune.com
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A.1. DUNE QUERY FOR TOKEN SELECTION

WHERE
t.block_time >= CURRENT_TIMESTAMP- INTERVALÕ3Õ MONTH
ANDt.block_time <= CURRENT_TIMESTAMP
ANDt.amount_usd IS NOTNULL
ANDt.amount_usd > 0
ANDt.amount_usd < 1000000000

GROUPBY t.token_bought_mint_address, DATE_TRUNC(ÕdayÕ, t.block_time)
),
volume_stats AS (

SELECT
dv.token_bought_mint_address,
COUNT(dv.trading_day) AS trading_days,
AVG(dv.daily_volume) AS avg_daily_volume,
STDDEV(dv.daily_volume) AS stddev_daily_volume,
MAX(dv.daily_volume) AS max_daily_volume,
MIN(dv.daily_volume) AS min_daily_volume,
CASE

WHENAVG(dv.daily_volume) > 0
THENSTDDEV(dv.daily_volume) / AVG(dv.daily_volume)
ELSE0

ENDAS relative_stddev,
MAX(dv.trading_day) AS latest_trading_day,
MIN(dv.trading_day) AS earliest_trading_day,
AVG(dv.daily_trade_count) AS avg_daily_transactions,
MAX(dv.daily_trade_count) AS max_daily_transactions

FROMdaily_volumes dv
GROUPBY dv.token_bought_mint_address
HAVINGCOUNT(dv.trading_day) > 3

)

SELECT
rt.token_bought_mint_address,
rt.first_seen_time,
rt.total_volume,
rt.exchange_count,
rt.trader_count AS number_of_traders,
rt.total_transactions,
vs.trading_days AS active_trading_days,
vs.avg_daily_volume,
vs.stddev_daily_volume,
vs.relative_stddev,
vs.max_daily_volume,
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A.2. ANALYZED TOKEN

vs.min_daily_volume,
vs.avg_daily_transactions,
vs.max_daily_transactions,
CASE

WHENrt.total_transactions > 1000 ANDrt.trader_count < 10
THENÕHigh! RiskÕ
WHENrt.total_transactions > 500 ANDrt.trader_count < 20
THENÕMedium! RiskÕ
ELSEÕLow! RiskÕ

ENDAS wash_trading_risk
FROMrelevant_tokens rt
JOIN volume_stats vs
ONrt.token_bought_mint_address = vs.token_bought_mint_address
WHERE

vs.latest_trading_day <= CURRENT_DATE
ORDERBY

rt.total_volume DESC
LIMIT 2000 -- Limit to prevent duneÕs time constraint

Figure A.1.: SQL-Query for fetching potential wash traded token on Dune.

A.2. Analyzed Token

The table A.1 shows all the information needed for the analysis of the before mentioned
tokens. It contains also the markets and the exact Token addresses.
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A.3. TRANSACTION TRANSFORMATION

Table A.1.: Analyzed Token addresses and additional information
Token Symbol Token Address Start-transaction signature Token vaults (SPL validated token)

TURMP AXR1z7ZkXtiSXAqoiVAkVoS278sChsLf6aZ4CuFaysng YdhQgJ1RYCG2bjhhcbdMsvDo5WrmtVSPQd4QzzeSGeDgmFzzxqerBVD2vqBcYksV1LbV7BnpgF39Q7Bs8HUKMED
SOL: EM19E6xD6ne1tZXxi4tzhF7WgYoXHEvwanDxheiUzaza
SPL:8v25gAXiNWiQrKzjd7pZgx1eCj84o1ES6iB5fEPszmTE

CHILLYGUY 2mg6tin1u19c4GmmPFtr5BYC2ouS3fqa3JT83XWbNHsU 2zkm1YfUWSpFqxb36zh7nj8GQyHUXByTHQ3Fq7cJFW7sYjMwUJrxLteTYBAVbGrP7AUC5C8hYEqH1sjNA2EzqZ82
SOL: CDPHnqEWxrad4aNrpXZt3R1JTuWK9M33j2XanwUAeavJ
SPL:T6MpNZzJ9p1KVaxJ2ezQazMqhZÞSFMPGDSxtazLEnZ

PENGU D9eo9bZrC6mm2qcExkBzdXy6PXJtqdqNVBak2jtqHM2h 4ahgrGKMTZXDSwhGSbg8VQadMtj1jWLPgSxFRvqoY2P2GeimYq9UCGpo9dZPSUCLoeXcGnFZs9wfKCEusN7LNGeD
SOL: EnBo55abigaeX9W4tvgWavbiqZBwAGEZuYK8uPn4WQZW
SPL:CV6P2gozHhtMAUVE2WkEHLjnCmkNBzdb5viVzLQcxT6k

ZEREBRO 5J2fLyDqNawrxXFyfc9jvQnrTsbEfwV2P9wRC5qRcz2w 3dtecxHfVaDUeZJM6QrZNgVerDjV3mxYY87Fk71GNmvrQAjLmiCqWUPQ8ZYMHC196gKn95hbPrYpLVhnAdzzugn
SOL: HvWoJjU6jNyWoaomxhGyQLQ4VdUCjpkwJpTLu7Yc4SDG
SPL:4JcqECfbniTbnzRP3id9wCQR7PtKxfyLeqYPkAeXxTin

YE 7G3fzqLpFH4Yp9s94RnMBQhLg1G7YxzorZW6Q3HdFPpf 5RC2fC2LxkfTGAZ63GHHfcJpTGzJABi6X5r2KHXURfqy86hXceUiubLMLBEYJMQdmvLnwxQN38C9tXLMgo7uR9zz
SOL: 4UBhohAZ3DSLJvmjfELsL7v3q5e7fHwFL49CzAWgU3QC
SPL:5CzoeUrZEvVvpUmexmbjLTUkuBv2W3aV8dHMQakShspX

UFD F6YkSqPk6mCEBq52VZjfLSb4uaM3mV6RNv1Jt4cjC4u3 2kU81bb6CEJDXaYJs3QbzH8qpA229yhhzhbZq9R8EfbRPb9TJ3gZSVBsnzKTxKiqUrZKV7Tx5qCvN5G36nh81X3e
SOL: DHTPSyrfzNxj4HpDucFB3rr7SESmTEzqxLRVbsyHGfAL
SPL:5DHy9ZJvFVmADqx4yv9vhFQb5zXeSLmC3SF2FxkQM5oy

HB Dz3bZicGFmBWoQV7KfGBAktpuq5YG1f19z6ZF8AwEqjR 4KYqfEJMX2xdpwBeuWDQ16B85kJSCXyD48BX9e3i5KbyE4gNKdAbJ8xBgHnb2jUooaLuWsHeR2UmFweRneAhAuik
SOL: AFAsZoyKeKDjgAP512oeURyhsVpoWR56iFodVVnAxiQK
SPL:C4mmqg8uSvzMSEfMjEz5nzx7engbRbUEQTMGiiNMdjjt

POPCAT DZMWoReWpewABzTcLXkYQKU6vsep7rmuQiUrJ55TDkmY 2Wo8tCK9EqxWYTeTdvzFCj3tD7Vow4KUwuymg4YX2jCzzpYm9VLEKxygpBBzHMc9Lt7kR1cw5uKh8tDHRmFDdejn
SOL: B4Xqjjndg7nThfwgkpFL11bnmQ5HAHQJvSDURVGUJW1q
SPL:8rfS9tgGYcLXp4mcZPiNgUbHWwcAVSRj797rYDTEiCeb

SC J2HNkaL94mBv1GnYFB7z2PGXwJtuL7aQcy3guNaQsVE1 2oTy9sJs6G7gXquDHSmtebhAVGmsiPeodmVYNiBP51JeSstHbhenC8XUZPQFedifu6fRUAo8AGeVxioHVcNvXRWr
SOL: BMSBAhkXM5BFL7aw97nU5erLq1XNT3q8JH4aRe2zpvHF
SPL:EF58R7tqA2rseTu1mXRtEgBRSedovsvF33rnrjYQPoJk

HC H4wJAA6d6E8eJgYQ6U34EcMN1DmiJPutRVLkTfGMAuii 2xjeUSoBrUBWaVNSHm4evcz9JGsgwN5ohWRxjVUdExKusNvgwCGFxodP8Azvkupqgtn3wQXeT2nRCFEhrvrbzH2b
SOL: DHmMQvya6AKLUHpzZH2Qa4BzZnRudMyML7imZPLta292
SPL:5VaJcNChJ3WciGpmsPobu3RJ8wygPyp1QqYoJMxiTx6F

FC CPr6MyQB7CkNhNTscu5RfdyuHiUPeviyn5mNNejscb9L 38KoLqpNir1j7fFc2dQmbHguKyGoV6qnieECkqT4bikJvqKekYVyWVuFBezrkmQVBjiN2GEPPePkh69CuzZDjuhU
SOL: EygDvSFpeTqfcXteJTzpexL4cVQiuSG79gnr5iZmshC5
SPL:96kG3yHUgF5DL4cNBPPBgoNQ9bsvuqDh66P9vRRXzy8d

VV DWjjJcX26eWnHL24HFoQJiCTTX8N2vZjE38M4ZZhugw8 2zkm1YfUWSpFqxb36zh7nj8GQyHUXByTHQ3Fq7cJFW7sYjMwUJrxLteTYBAVbGrP7AUC5C8hYEqH1sjNA2EzqZ82
SOL: GCgwH3MNyjsCpy2So1ApCqLKgocoBcnDsL2KJtf5Dn2U
SPL:GoRmXEusnECo9rLXVXeBjdpej43QvjsUtf1qi3HmLXZM

PB F8JR24FrWFTL8KEeanUFSF5ggemoXSCVyjaxXUdUCLNU 4TvfAMDX2x5oRxpPKuTM2MwYsbDKrNzPCEgnxD19j8gCaaAEQ79NzNye5RBsGANqYBHPB4kgzGQgkQDar3ni3ZVi
SOL: D5JS195JURTUpPD99knLqrtZ8yfemfD3Tdq6xBxbJEwC
SPL:Fq1QDR5MVgbxi4BCrEwoJELFBNz46q87HDVjtpZgrrNT

DSAI Ec3fMTH5qQ9MXcjbFRzhJ2cuKPR1LBvMJzHTRQ5uxrvH 4HrbbVxSXHX9hARRGoe2NGwkvQZ3whvNYqmVDdzxmaD7qfGPHj1XYtL7wdX9zgBh3MUFpXthiQ4AjzKknN7N9HWY

SOL: HUW7EV4PWXPhsY3AyvoMzHnurEe6DPAqayKjBHfXvynw
SPL:7Ms1j2GJ3PkQLDegzraL8f1vKyKmTNF5HYk7cc4iH6E4,
He3TnP7rZmv4Vqo5m3jAYeBB8ABufSCmdRPSuLtd69PY,
EYmcmvVaif8PtB1FzcbEzivxUGJTD1j4A7L2mAzkFA2C
DDD: 7Gdb6wAyD3A4AdYQpa5GcoGEVdsebdASBLjrsvurMqn1

DDD EcJ5ZirfLbwN9Jxjk37bEe4Vmoc5oJDDfqbPrkR6FN5v 4TZu4B5XoGtqcvo442n125EGwek4kxHdUcc7FqU1fNbWge7EJ6Cw4e2m41BQjsTsmcJuuHEBWouWKUEG9rvv2Bfq

SOL: FAZ5pZrD5AeW9oL1a79kz7kgLviKoynoNQZV5op9y7G6
SPL:GKapHtLZcywGHWFJ8j5sBqpHJGM1Jzf4Y5NeJZeey5ds,
7Gdb6wAyD3A4AdYQpa5GcoGEVdsebdASBLjrsvurMqn1
DSAI: He3TnP7rZmv4Vqo5m3jAYeBB8ABufSCmdRPSuLtd69PY,
EYmcmvVaif8PtB1FzcbEzivxUGJTD1j4A7L2mAzkFA2C

FELLOWS BC2BjngCC48qpQiWFewcqLnEYHFiTfp7cNb2imo7RwDj 5eSpftS8N9A1PzHh295rjgYBFNttxfERsgXUhNGJn9EgrYg3MouwHaJjtXreLrvBBkqDxc2fS55Yy3GuHn2dioEN

SOL: CgUA7G4NN5LqVztFuHbMEopm5G7HDVcXrnqeu8BDfxA6,
6ZoKCM9ZPctsmzUK8ttVp4wAhKdNLAxZNwHtChjwndNE,
AKC9WQDSuWodBsMrKCXpkYoNJe71J55j23SEk6PEi9kt,
4YgS8Amhegci44NMuoJAKputdB7S22fyEueX9AqHsbF4
SPL:5bTrK5jKEUmkxQm3g6t3V55hB4oe749mNi1mbyWyDnYT,
BzAKiBUPViLgfTZuY7ScZ3LGucX7udcdQ43d9n3M8yFS,
8CjT14azBebhPAu2ajqEo6E2AVK4sbUCV7Bt7Kwws5bN,
6BkSySHTGRwuD8CsWYiJNfj4gVhgcipZW6J4PiTzYbNo

ELI5 8btUuvx2Bu4zTd8g1tN5wCKMULyPgqiPaDiJbFbWkFUN 4nLRijRPdgrLsjB51m3CbunC6sH19tWkn4Y1vT7pcC1J7t6PAS5JyT8pmdGtVbRScewSQuCfmiFc13qYkchTtjw5

SOL: 5n8dJYzoi3K4Wkc3QggZJC4xtJPVNWPuTAC4dNjUZP8D,
ApCohRdidKJT7FanLyUP3RopjE5yeRRcwjnDteLy9GWp
SPL:P3N51NrdokQ6EUTN7UBZJLvyEvPy1yr9B2qbRyKWHVk,
Hy1dAaAy9ixkQ9wCXYadMVJnQF1HBSLcj53inTkyU9Nu

4PHAN HF6Ktagtk1Ud3P2f9zApVnJfsUfugZt4WTqxLEUF1ray 3rqgbi1rCoCcyk4Mmj7AWPNwgEKPgAETv7vxZrRqYpVvsGG5TmbANgc39tsbfs5s4c7rPNP3bHykeNWXQE8g1Jh4

SOL: AV9gv6Xn2Man25USEhUhhJd1g1AiJiLPMRmkES6rcmqt,
54jjJkbDdD1BfBedCK7EsYY5MnuEqCeudrUynkM9WDsq,
ARbdqNt3nEfweZHenAKj9dxokK27oUouJPxh4b4LrJse,
2JKtEtPvuktsG1aCipMDTHzxqwBnTaviZxxavJGz65T1,
9MWGQoymD8ffXRzRuvLMTnTqCoM33v8cEqJg5N9EoYZX
SPL:3JSFUdsrovRgFT8oK8N2zMxTd4qL993zaqvVb4y39Hmk,
C49RmqsjUQqLDNGowhCJYxXYH8aCVXfag9zRRTEV6deh,
4S9uPsHqGzWPbaoyGzRti8K26ErWcMk3JcgugHXRWcSK,
4HfkTnCLxaknRdYEUbw2YN959zuNUn6rtUsNxqewnxPa,
HfrVZLWoViUmQcE2uNAnQs4R4C626aRCGt4WFcpbrxpw

GORECATS UbESBaztbkxJRWxPcfDeK8Fft15igTbrv3sed1bsegM 4PGTzSNwGQVS15GUScQUhyZTZgXoKbBWXg3PFedEMa5xbhKeybmG58TdqvGxDKgyUSWknsm9bzvvnqXz8wSBUvvW

SOL: 3JnGa3fhacLyG49y2NghdY6yAQma2rftzVTS9aaVRXg1,
D3ZJÞiqREBaptRRfXnneCQvPippqPdieavwPRoz4SBT,
EhBKEp9LwcYSs3A1eqzJfZGozef23cYyfNpVG6n9h2ur,
AL4n6pbDen2RB2w8CGRNag2gk7TpDTJUDfZ6DGbcCnyW,
88Z7FZpGnd9M6iFBDBHNdtWXtrgLsNEtB2PQQomAE9pM,
96W62XH2gmE8zjj2K743humHKpxc8LWDodwqxYDDtYA2,
7xFumEFyNBWbSU2isSSqtaKZcQN1xXd441BANHdohjnp,
9e4x88ERmmDbznzxYezNbozv3xsCGW3QxkvcZ2DjaUUW,
FKoE8Z9zN3SjNpcv4FSGU3bkCiKLaRQtjyDxyESKXLwZ,
Ds8XCK7uuNdS4gFcf2snFMaB23C2pe9Fm2yMJQNmjyiT
SPL:5XX2FjVrfp1QA8RnYjCBgrpia2pFC6gMqpLVHfDVEr5w,
DWs5M5b4cyo6o9y1YS3U3G4ZWc4ZZ9jQ8xfUof7gfQN6,
12JAkrU8bQdDhprrhNNSTrWqDzxtLdVPKQCJVf2EiMB9,
4CBWYAYWaroHfZE6cGzxWWokjztj7w3114xUBSU6SQPT,
4mUtSU31HKZSghebv2JiLAHLCM9hQgqQ8q9i32db7wqN,
63Awaik8kHnPWdePJ5iGPmuyk6J8sKi9bcmH1pCQHLFq,
HbFQ9MzkrNDDD1xoecid4QCsKYW9jpEf7V4D7aCdQn5s,
2w4xMejP6C49L3FRtxezGVVRG8R654kFnzi8xGeTQ7dY,
83sJyVg3TnWW5JPW8QUvQVTSBwfESJmtVq7d9aF9zoY1,
B6xbR36gQ6amPjVSWyfrjmn5KMMyZC2K6WUg3pXWNh2i,
FYVLpourSo7ttAvGe5bGDeSVGv5QFMco17gqXRTy2JMV,
6s29PFBGBNe9E1FeZiq9NHYLw9uwhaCn5pTtvJw8EK9Q,
FERCth7vztHZErrJzm9DPWcpDNApWjhqJoBJAkhhoG6p,
Cs8RFEnRLBGgaN4QfxReNJkgvsQ589vTYCdXhzZkoZ24
USDC: FVg3ZUXKJPS8XJXBTHCJn9u4w76y55CSwWksRR5mhQAc,
AmDKJphDfRCgYvxHzSKwqLMBVKhhrAhnwjEPP3JgEPSM,
9hvReKkZgug51R7ntqdkYx4HJMrSiTVTYPu4YCHGQtWP,
BugoivRcpNL4v95FyM1PAgWtrSf9aZH6JpaoJXZr7jT1

SNUG E8mWVqSTK4poDv9hahGkkAmNjZY3BXgRFeU43D9wsdGD 5VC4KqycYQALnHpFi1r4Xiu7wPShvTLKpC9d89k6pBzA7aoYUVu6hejpmfaAQdcKuCCahjiMxCPKd1MkegfBKUbV

SOL: 7jYgiyAzFES8uVHKdNR4R7DopUy9peoGMEmnUGhPryao,
AufgRVKeYqb7J3XWr9kPcp3fSGCa6QvWH5vfHhSbUrxs,
HVcwD3CW636Ky9npHCKuEU9p2euzBzrSoB6b9EvxFcPB,
HZeLxbZ9uHtSpwZC3LBr4Nubd14iHwz7bRSghRZf5VCG,
SPL:7H7AsGoeUMrKKrsCUtwTTUjRNGRLSPPgq48MoPPDhzxH,
AavHSFjdoXFddu8v5VZZCdug6KVfGhbQzqKVXeAG6Jcp,
5sDpuwup11GgbkfZ9dRGjCGshD8a2fPuiZWpwmFzLV4M,
AxKQBQbS6TKzLBWKw2Fuqsuwc9D7YnAdN5aBEs6gbbs

A.3. Transaction Transformation

This section shows the full Pseudo Code for transforming the transaction to usable transfers,
swaps and Liquidity operations.
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A.3. TRANSACTION TRANSFORMATION

Algorithm 8 ParseTransaction

1: for each inner_instruction in transaction_details.meta.innerInstructions do
2: for each instruction in inner_instruction.instructions do
3: if instruction contains parsed then
4: Parse Instruction (instruction.parsed )
5: end if
6: end for
7: end for
8: if transaction_spl_types is empty and amount["SOL"] is empty then
9: for each inner_instruction in transaction_details.meta.innerInstructions do

10: for each instruction in inner_instruction.instructions do
11: if instruction contains parsed then
12: ReParse Instruction (instruction.parsed )
13: end if
14: end for
15: end for
16: for eachinstruction in transaction_details.transaction.message.instructions

do
17: if instruction contains parsed then
18: ReParse Instruction (instruction.parsed )
19: end if
20: end for
21: end if
22: return Format Results

Algorithm 9 ParseInstruction

1: procedure Parse Instruction (instruction_parsed)
2: if typeof(instruction_parsed) = string then
3: return
4: end if
5: parsed_in f o # instruction_parsed.info
6: instr_type# instruction_parsed.type
7: if instr_type= "transfer" or instr_type= "transferChecked" then
8: Parse Transfer (parsed_in f o)
9: end if

10: end procedure
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A.3. TRANSACTION TRANSFORMATION

Algorithm 10 ParseTransfer

1: procedure Parse Transfer (info)
2: source# in f o[ÓsourceÓ]
3: destination# in f o[ÓdestinationÓ]

! Determine Buy/Sell for SPL tokens
4: if destination" sol_spl_distinction[ÓSPLÓ] then
5: transaction_spl_types.append(ÓSellÓ)
6: else if source" sol_spl_distinction[ÓSPLÓ] then
7: transaction_spl_types.append(ÓBuyÓ)
8: end if

! Process all token types
9: for each (key, value) in sol_spl_distinction do

10: if destination" valueor source" valuethen
11: amount# in f o[ÓamountÓ] or in f o[ÓtokenAmountÓ][ÓamountÓ]
12: decimals# Get decimals from token amount or default
13: converted_amount# Convert Decimal (amount, decimals)
14: amount[key].append(converted_amount)
15: if destination" valuethen
16: vaults[key].append(destination)
17: if key(= ÓSPLÓthen
18: transaction_other_types.append(ÓBuyÓ)
19: end if
20: else if source" valuethen
21: vaults[key].append(source)
22: if key(= ÓSPLÓthen
23: transaction_other_types.append(ÓSellÓ)
24: end if
25: end if
26: end if
27: end for
28: end procedure
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A.3. TRANSACTION TRANSFORMATION

Algorithm 11 ReParseInstruction

1: procedure ReParse Instruction (instruction_parsed)
2: if typeof(instruction_parsed) = dict then
3: instr_type# instruction_parsed.type
4: if instr_type= "initializeAccount3" then
5: temp_destination_owner[instruction_parsed.info.account ] #

instruction_parsed.info.owner
6: end if
7: if instr_type= "transferChecked" or instr_type= "transfer" then
8: amount#

instruction_parsed.info.amount or instruction_parsed.info.tokenAmount
9: if amount(= null then

10: amount# Convert to appropriate format
11: decimals# Get decimals from token amount or default
12: converted_amount# Convert Decimal (amount, decimals)
13: amount[)SPL)].append(converted_amount)
14: transaction_spl_types.append()Sell))
15: Process destination ownership and add to appropriate lists
16: end if
17: end if
18: end if
19: end procedure
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A.4. SCC PSEUDO CODE

Algorithm 12 FormatResults

1: procedure Format Results
2: base_result # { signature, blocktime, slot, maker, error, json }
3: if transaction_spl_typesis empty then
4: return list containing base_result with null values
5: end if
6: Ensure all lists have the same length by appending null values
7: is_liquidity _related# Check for liquidity keywords in transaction JSON
8: results# empty list
9: for i from 0 to length(transaction_spl_types) $ 1 do

10: entry # base_result with additional Þelds:
11: - type (determined by liquidity check or comparison of transaction types)
12: - trade number
13: - amounts and vaults for each token type
14: - destination
15: results.append(entry)
16: end for
17: return results
18: end procedure

A.4. SCC Pseudo Code

In this section the full Pseudo code for the SCC algorithm is shown.
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A.4. SCC PSEUDO CODE

Algorithm 13 SCC Discovery I Ñ DFS Initialisation and Traversal

Require: Directed graph G = ( V, E)
1: Initialise empty dicts preorder, lowlink
2: Initialise empty set scc_found
3: Initialise empty stack scc_queue
4: i # 0 ! global preorder counter
5: neighbors# { v : iter(G[v]) | v " V}
6: for each source" V do
7: if source/" scc_f ound then
8: queue# [source] ! explicit DFS stack
9: while queue(= ! do

10: v # queue[$ 1]
11: if v /" preorderthen
12: i # i + 1; preorder[v] # i
13: end if
14: done# true
15: for each neighbour w of v do
16: if w /" preorderthen
17: queue.append(w)
18: done# false; break
19: end if
20: end for
21: if donethen goto Algorithm SCC Discovery II
22: end if
23: end while
24: end if
25: end for
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A.4. SCC PSEUDO CODE

Algorithm 14 SCC Discovery II Ñ Low-Link Relaxation and Component Extraction

1: while queue(= ! do
2: v # queue.pop()
3: lowlink[v] # preorder[v]
4: for each neighbour w of v do
5: if w /" scc_f ound then ! ignore Þnished SCCs
6: if preorder[w] > preorder[v] then
7: lowlink[v] # min (lowlink[v], lowlink[w])
8: else
9: lowlink[v] # min (lowlink[v], preorder[w])

10: end if
11: end if
12: end for
13: if lowlink[v] = preorder[v] then ! v is an SCC root
14: scc# { v}
15: while scc_queue(= ! * preorder[scc_queue[$ 1]] > preorder[v] do
16: scc.add(scc_queue.pop())
17: end while
18: scc_f ound.update(scc)
19: yield scc
20: else
21: scc_queue.append(v)
22: end if
23: end while
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