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Article 
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Abstract 

This study examines the determinants of liquidity in blockchain-based Voluntary Carbon 
Markets (VCMs) using three tokenized carbon assets: $KLIMA, BCT, and MCO2. Liquidity is 
measured by dollar trading volume, bid-ask spread, and return volatility. Using 1,075 
daily on-chain observations from 20 November 2021 to 29 October 2024, we analyze the effects of 
total supply, on-chain transaction activity, market capitalization, transaction frequency, and 
active wallets. The empirical results reveal substantial heterogeneity across tokens. Dollar 
volume is jointly driven by token supply, on-chain trading activity, and network participation, 
particularly for BCT, while $KLIMA and MCO2 liquidity are more sensitive to token supply. 
Transfer amount and supply dispersion are found to widen bid-ask spreads for BCT. While 
market capitalization is the main determinant for $KLIMA and MCO2, indicating elevated 
transaction costs under fragmented and speculative trading conditions. Return volatility is 
primarily influenced by transfer amount for $KLIMA and market capitalization for BCT and 
MCO2, highlighting distinct volatility transmission mechanisms. The variables of shared volume, 
transaction value, and market capitalization on firm value could be moderated by the regulation 
index, which is referred to as pure moderation. For the variables of total supply, transfer amount, 
and active wallet, none of them could be moderated by the regulation index. This study contributes 
a unique integrative approach to measuring liquidity and market microstructure in VCMs, as no 
standardized global model or index currently captures both dimensions in tokenized carbon 
markets while incorporating regulatory conditions. 

Keywords: Tokenized carbon assets; moderation; regulation; microstructure; liquidity; 
Voluntary Carbon Markets 

1. Introduction

Climate change has become one of the greatest global catastrophes of the 21st century (Nyberg
& Wright, 2022), characterized by rising global temperatures, sea-level rise, and extreme weather 
events caused by increasing concentrations of greenhouse gases (GHGs) in the atmosphere, including 
carbon dioxide (CO₂), methane (CH₄), nitrous oxide (N₂O), nitrogen trifluoride (NF₃), 
hydrofluorocarbons (HFCs), perfluorocarbons (PFCs), and sulfur hexafluoride (SF₆) (Filonchyk et al., 
2024; UNEP, 2023). According to Carbon Direct (2024), since 1750 humanity has contributed 
approximately 1.6 trillion tons of CO₂ emissions into the atmosphere and oceans, equivalent to 
around 40 billion tons of CO₂ annually. Reports by the IPCC (2021), IEA (2023), and the BP Statistical 
Review of World Energy (2023) indicate that more than 60% of global warming is driven by carbon 
emissions from fossil-fuel-based energy production and consumption in the industrial, energy, and 
transportation sectors, including coal, oil, and natural gas. Furthermore, the Global Carbon Budget 
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(2024) projects a 0.8% increase in CO₂ emissions from fossil fuels, reaching a record high of 37.4 billion 
tons. 

To address climate change and limit global warming below 2°C, with a focus on achieving the 
1.5°C target (IPCC, 2023; Mooney et al., 2021; UNFCCC, 2015), numerous studies emphasize the need 
for climate governance through innovative and collaborative instruments. One such instrument is 
carbon pricing, which assigns a monetary value to one metric ton of CO₂ equivalent (mtCO₂e) (Pearse 
& Böhm, 2014; PwC Indonesia, 2024), supported by blockchain technology and carbon offset 
mechanisms (Bakarich et al., 2020; Glavanits, 2020; Mora et al., 2021). The concept of carbon offset 
originates from economist John Harkness Dales (1986), who proposed tradable permits as a pollution 
control mechanism. Since then, many countries have implemented emissions trading schemes, 
positioning carbon markets at the center of global climate mitigation efforts. The transition from 
natural gas to renewable energy is projected to reduce global CO₂ emissions by 1-5% by 2030 (IEA, 
2022). The World Bank (2023) estimates that carbon pricing instruments, including carbon taxes and 
emissions trading systems (ETS), now cover approximately 23% of global emissions, up from 16% in 
2019. The IPCC (2018) estimates that carbon prices required to maintain a 50-66% probability of 
keeping global temperature rise below 1.5°C range from USD 135-6,050 per tCO₂e in 2030, USD 245-
14,300 in 2050, USD 420-19,300 in 2070, and USD 690-30,100 in 2100 (undiscounted values). These 
ranges represent marginal abatement cost estimates, encompassing both explicit carbon pricing 
policies and implicit mitigation costs. 

In response to the Kyoto Protocol and Articles 6.2 and 6.4 of the Paris Agreement, governments 
are encouraged to engage in bilateral or multilateral emissions trading through compliance carbon 
markets (CCMs). Meanwhile, Voluntary Carbon Markets (VCMs) have emerged as alternative 
institutional mechanisms managed by private organizations to regulate carbon flows outside 
government mandates. In VCMs, companies and individuals choose to purchase carbon offsets to 
compensate for their GHGs (Haites, 2018). These offsets typically come from projects such as 
reforestation, renewable energy, or avoided deforestation, and the purchase is not mandated by law 
but driven by corporate sustainability goals, reputational considerations, or personal environmental 
commitments. These mechanisms aim to promote sustainable development and environmental 
stewardship while ensuring that emission reductions are counted only once toward national targets 
or Nationally Determined Contributions (NDCs). As of 2023, 130 countries have begun integrating 
emission mitigation or Carbon Dioxide Removal (CDR) policies to reduce 43% of global emissions by 
2030 and achieve net-zero emissions by 2050. This includes the implementation of compliance carbon 
markets through instruments such as the Clean Development Mechanism (CDM), Emissions Trading 
Systems (ETS), and Joint Implementation (JI), with total market capitalization reaching 
approximately USD 20 trillion (European Environment Agency, 2023; IPCC, 2022; Pisu et al., 2023). 

Despite their decades-long existence (introduced in 2012), VCMs have not fully matured into the 
effective mechanism envisioned and has fluctuated in recent years (Clifford Chance, 2024; Boys et al., 
2025). According to Forest Trends’ Ecosystem Marketplace (2021) and the World Bank (2022), both 
trading volume (MtCO₂e) and market value (USD) in VCMs grew exponentially, surpassing USD 1 
billion in 2022. Through emissions trading and carbon offset schemes, companies and individuals can 
compensate for emissions by purchasing credits from environmentally beneficial projects such as 
reforestation, renewable energy, and peatland conservation (Trouwloon et al., 2023), reflecting 
increased climate awareness to accelerate global climate action and decarbonization urgency (Stanley 
et al., 2014; Forest Trends’ Ecosystem Marketplace, 2023; Kossov, 2022; Gillingham et al., 2018). 

The rapid development of blockchain technology and cryptocurrencies has significantly 
influenced the financial industry by fostering the emergence of a new crypto-economy. Within VCMs 
Blockchain-enabled tokenization converts carbon credits into tradable digital assets as token crypto 
carbon or green crypto, enabling on-chain trading, settlement, retirement, and swapping through 
smart contracts (World Bank, 2023). Tokenization improves liquidity, reduces transaction costs, and 
expands access through decentralized finance (DeFi) mechanisms and fractional ownership (WEF, 
2023). However, challenges persist, including interoperability issues and environmental concerns 
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associated with Proof-of-Work (PoW) blockchains as Layer 1, which consume significant energy and 
produce carbon emission. The transition to Proof-of-Stake (PoS) as side-chains Layer 2, exemplified 
by Ethereum’s 2022 upgrade, reduced energy consumption by approximately 99.98% (Ethereum 
Foundation, 2022). Polygon and other PoS-based networks have achieved carbon neutrality through 
credit retirement initiatives (Polygon Labs, 2023). Platforms such as KlimaDAO, Toucan Protocol, 
leverage Polygon and Moss.Earth within Ethereum infrastructure to tokenized carbon credits more 
transparently and efficiently. KlimaDAO has facilitated the retirement of over 17 million tons of 
digital carbon credits, while Toucan Protocol’s Base Carbon Tonne (BCT) represents one metric ton 
of tokenized carbon credit through bridging mechanism. Moss.Earth with MCO2 token represents 
verified rainforest conservation carbon credits of Amazon Tropical Forest Forever Facility (TFFF). 
Together, these platforms form an interoperable on-chain ecosystem that enhances auditability, 
liquidity, and inclusivity in digital carbon markets. 

Despite significant fluctuations, the long-term prospects of VCMs remain positive, driven by 
increasing pressure from investors and regulators to meet climate neutrality targets, provided that 
credibility, transparency and permanence of carbon offsets issues can be effectively addressed 
(Ahonen et al., 2022; Allen et al., 2022; BloombergNEF, 2023; Forest Trends, 2023; Lou et al., 2023; 
Reuters, 2023; West et al., 2023). This pressure has encouraged a shift in market preferences from a 
primary focus on transaction volume toward the quality of carbon credits, particularly those meeting 
high-integrity standards such as the Core Carbon Principles (CCP) of the Integrity Council for the 
Voluntary Carbon Market (IC-VCM) and the Carbon Offsetting and Reduction Scheme for 
International Aviation (CORSIA) developed by ICAO. Carbon credit prices are shaped by quality 
factors, including the type of project, underlying economics, issuance year (vintage), and geographic 
(Bravo et al., 2023; Ecosystem Marketplace, 2024). These frameworks impose strict criteria for project 
selection and crediting methodologies (Kaplan et al., 2023; Roston et al., 2023) to ensure that carbon 
offsets genuinely contribute to climate change mitigation. 

According to Mannion et al. (2023), the carbon dioxide removal (CDR) industry is projected to 
deliver gigaton-scale emission removals to support net-zero targets, with an estimated market value 
of up to USD 1.2 trillion by 2050. In line with this outlook, Parry et al. (2024) project that demand for 
durable CO₂ removal credits through technologies such as Direct Air Carbon Capture and Storage 
(DACCS) and Bioenergy with Carbon Capture and Storage (BECCS) will reach approximately 100 
million tons of CO₂ (MtCO₂) by 2030, while current supply remains limited to around 50 million tons. 
Furthermore, McKinsey (2024) and Blaufelder et al. (2021) estimate that although the global value of 
VCMs remained relatively small at around USD 300 million in 2022, it is expected to expand 
fifteenfold by 2030 (Institute of International Finance, 2021) and potentially grow one hundredfold 
by 2050, with total trading volumes reaching up to USD 500 billion. 

In addition, significant differences in consumer preferences between nature-based credits and 
technological carbon removal solutions reflect a willingness to pay higher prices for high-credibility 
carbon credits (MacDonagh & Williams, 2024). According to Abatable’s report by Brun et al. (2025), 
the share of retired credits aligned with CCP or CORSIA quality standards increased from 29% in 
2021 to nearly 50% in 2024. Buyers exhibit a strong preference for premium-priced credits, with 
premiums reaching up to USD 10 per ton for CCP-labeled credits. This is supported by De Canio 
(2023), Frey et al. (2023), Gomez et al. (2023), and Rogers et al. (2023) who find that consumers are 
willing to pay up to 27% above baseline prices for environmentally friendly products and packaging. 
While 68% consumer willing to reduce their consumption to avoid environmental damage and 
climate change (Sustainable Brands, 2022). Meanwhile, BeZero Carbon (2024) reports that high-
quality nature-based carbon credits command larger price premiums in VCMs, with an average one-
notch upgrade in BeZero’s rating scale corresponding to a 20% price increase. Certain projects, such 
as high-rated Improved Forest Management (IFM), have even achieved exceptional price premiums 
of up to 400%. Moreover, BeZero Carbon represents the only tropical forest REDD+ project certified 
by Verra and rated ‘A’, reflecting limited project-specific risks, low over-crediting risk, and reduced 
non-permanence risk (BRCarbon, n.d). 
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Although total credit issuances have slowed since 2022, retirement volumes have remained 
stable at approximately 140 million tons per year, indicating sustained demand for high-quality 
carbon credits. In addition, the annual surplus declined from its peak of 286 million tons in 2021 to 
160 million tons in 2024, alongside slower issuance and increasing accumulation of removal credits 
amounting to 72 million tons, or 5.7% of the cumulative surplus of 1.2 Gt by the end of 2024. This 
trend suggests that the market is becoming more selective, favoring projects that deliver tangible 
emission reductions and removals rather than mere avoidance. 

This paper examines the liquidity of VCMs in the context of tokenized carbon assets on-chain 
trading in financial market. There are at least two key reasons why liquidity is crucial. First, liquidity 
reduces transaction costs and risk premiums, making carbon markets more attractive as a financial 
instrument. Without liquidity, tokenized carbon assets risk becoming illiquid niche products rather 
than mainstream tools for climate finance. Second, liquidity allows broader participation by 
institutional and retail investors, making carbon assets more accessible It supports the scalability of 
on-chain trading, ensuring that large volumes of carbon credits can be transacted without bottlenecks. 
Nevertheless, achieving liquidity and scalability in crypto carbon-based VCMs requires harmonized 
global standards and robust regulatory frameworks. The EU’s Deforestation Regulation (EUDR) 
exemplifies supply-chain transparency enforcement, imposing strict due diligence and traceability 
requirements. For carbon-rich countries such as Indonesia, liquidity in tokenized carbon markets 
must be paired with credible verification systems. Otherwise, environmental degradation 
(deforestation) that allegedly for palm oil plantations that massive landslides and flooding at the end 
of 2025, not only erodes ecological integrity but also jeopardizes market access, turning potential 
climate finance tools into illiquid, niche products. This has raised doubts about the credibility of 
certain offset initiatives, as overstated emissions reduction claims and weak validation undermine 
their effectiveness in preventing deforestation (Greenfield, 2023). Thus, transparent tokenization and 
digital MRV systems are increasingly critical. In conclusion, tokenized carbon asset on-chain trading 
based on green crypto holds significant academic and practical relevance. By enhancing 
transparency, accessibility, and public participation, it has the potential to increase liquidity in 
voluntary carbon markets. However, its success depends on coordinated governance, regulatory 
standardization, and cross-sector collaboration to ensure that blockchain-based carbon markets 
genuinely contribute to net-zero emissions and a sustainable low-carbon economy. 

2. Literature Review 

2.1. Markets Microstructure Theory 

According to the National Bureau of Economic Research (NBER), market microstructure is a 
branch of economics and finance that studies intermediation and asset exchange institutions (Spulber, 
1996). It examines how securities trading mechanisms, where asset exchange processes are explicitly 
governed by trading regulations (Easley & O’Hara, 1995), market structure, and the behavior of 
market participants affect transaction costs, prices, trading volume, and trading activity (Doostian & 
Touski, 2024), as well as the liquidity and volatility of financial assets (Hansen & Lunde, 2006; Sewell, 
2007). Furthermore, according to Biais et al. (2005) and O’Hara (1995), market microstructure 
influences the process of price discovery, which occurs through the interaction of buy and sell orders 
(Madhavan, 2000), whether facilitated by intermediaries such as order clerks or brokers, centralized 
trading systems such as exchanges, or electronic and digital trading platforms.  

Trading mechanisms refer to the specific ways in which securities are traded based on market 
type, price formation method, order forms, and levels of transparency. While, market structure is a 
fundamental element that determines how transactions are executed, classified, and how liquidity is 
formed, through mechanisms such as decentralized exchanges (DEXs) and automated market makers 
(AMMs). The absence of centralized authorities and intermediaries means that liquidity depends 
entirely on market mechanisms and user participation, with limited market maker intervention, and 
that buyer-seller matching is conducted digitally through trading algorithms (Kissell, 2014). Investors 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 February 2026 doi:10.20944/preprints202602.1646.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1646.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 71 

 

can submit orders online; these orders are automatically routed to trading venues, matched against 
existing orders, and forwarded directly to clearing and settlement processes (Stoll, 2003). 
Consequently, technology has reshaped the relationships among investors, brokers, dealers, and the 
market infrastructures that facilitate their interaction.  

In the other hand, transparency allows all transactions to be publicly observable, although the 
economic identities of market participants remain pseudonymous or anonymity. Transparency itself 
also refers to the extent to which market participants have access to information about the trading 
process (Hasbrouck, 2007) to improve decision-making (O’hara, 1987). Market participants classify 
based on their information sets: informed and uninformed traders (Grossman, 1976). Informed 
traders possess superior information about an asset that other traders do not have and exploit this 
advantage in trading. Uninformed investors trade referred to as noise traders, as their decisions are 
driven by beliefs or sentiment rather than fundamental information. Information becomes reflected 
in market prices through the trading activities of informed participants (O’Hara, 2003). Informed 
traders can influence price and liquidity, while less-informed traders bear adverse selection risk. This 
asymmetry information may widen bid–ask spreads and increase carbon token return volatility. 
Bossaerts and Hillion (1991) show that the presence of informed traders increases bid-ask spreads, 
particularly when information about government intervention is unevenly distributed. Similarly, 
Morse and Ushman (1983) find that bid-ask spreads do not react significantly to public information 
announcements but rise sharply during periods of large price changes, indicating heightened market 
concern about superior informed traders. 

2.1.1. Price Discovery 

Price formation (asset pricing) refers to the process through which the price of an asset is 
established and determined (Kissell, 2014; O’Hara, 2003). This price incorporates liquidity-related 
transaction costs and risks arising from the price discovery process, including order processing costs, 
adverse selection costs, inventory holding costs, and monopoly power. According to O’Hara (2003), 
markets serve two primary functions: providing liquidity and facilitating price discovery. Asset 
prices evolve within the market and are influenced by trader characteristics and the prevailing 
trading system (O’Hara & Oldfield, 1986). The price discovery process describes how new 
information becomes reflected in asset prices through trading activity. Within the market 
microstructure framework, market efficiency depends on how quickly and accurately information is 
absorbed into prices. In the context of tokenized carbon assets, prices reflect not only expectations 
about the economic value of carbon credits but are also influenced by crypto speculation, DeFi 
arbitrage, and other non-fundamental trading activities. These dynamics may generate noise trading, 
meaning that carbon token prices may not fully or efficiently reflect fundamental information. When 
information asymmetry costs are considered, trading affects informed and uninformed traders 
differently (Aigbovo & Isibor, 2017). Bollen et al. (2004) show that when transactions are initiated by 
uninformed traders, the compensation required by dealers is equivalent to the value of a slightly out-
of-the-money (OTM) call option, with a strike price equal to the ask price. Conversely, when the 
investor is informed and knows that the true asset value exceeds the ask price, the compensation 
received by the market maker is equivalent to the value of a slightly OTM call option.  

Glosten and Milgrom (1985) develop a trader-based market model demonstrating that 
information differences generate information costs, which are embedded in the bid-ask spread as 
compensation for adverse selection risk. Information costs differ from execution costs that represent 
the highest price a buyer is willing to pay and the lowest price a seller is willing to accept (Chang et 
al., 1999). Information costs, are the costs borne by market makers when buying and selling assets 
beyond the asset’s quoted price. Transaction costs depend heavily on the distribution of information 
among traders. Market makers risk selling assets too cheaply to informed buyers or purchasing them 
too expensively from informed sellers. Allen and Gorton (1992) argue that buyers tend to avoid 
trading against informed investors, retain flexibility in timing their trades, and often trade in clusters. 
When liquidity buyers do not cluster, purchase transactions are more likely to be initiated by 
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informed traders than sales, resulting in larger price impacts from buy orders than from sell orders. 
Merton (1987) shows that incomplete information in capital markets can create opportunities for 
manipulation, as uninformed traders are disadvantaged in markets with unequal information 
distribution. Investors without equal access to information face higher relative risks and potential 
losses because they cannot properly evaluate securities or distinguish among securities with different 
information sets, leading to market segmentation. Asset valuation depends on the information 
available to investors, so informational inconsistency complicates accurate pricing (Cochrane, 2000). 
Even when market participants agree on a price, trades may occur at incorrect prices if investors lack 
accurate information (Fama, 1970). Securities with lower levels of available information tend to 
exhibit lower liquidity and higher transaction costs due to the presence of an information premium 
that pushes equilibrium prices away from the idealized perfect-market model. Information costs and 
limited information dissemination create inequality between informed and uninformed traders, 
thereby reducing overall market efficiency. 

2.1.2. Market Liquidity  

A liquid market is generally understood as one that can accommodate transactions with minimal 
price impact, thereby benefiting investors. By providing liquidity, markets facilitate asset exchange 
among traders, reduce the cost, and ensure that prices formed in the market are more informationally 
efficient (Chordia et al., 2004). Liquidity is a central concept in market microstructure and reflects an 
asset’s ability to be traded quickly without causing significant price changes (Kluger & Miller, 1990; 
O’Hara, 2004). It has several key dimensions: breadth, tightness (bid-ask spread), depth, immediacy, 
and resiliency (Sarr and Lybek, 2002). Breadth refers to the presence of large order volumes in the 
market. Tightness, typically measured by the bid-ask spread, reflects to the amount of transaction 
costs or the compensation required by liquidity providers for offering immediacy in executing buy 
and sell orders. A narrower spread indicates lower execution costs and a more efficient trading 
mechanism, implying greater market liquidity. If prices vary according to transaction size, spreads 
for large transactions may be significantly wider than those for smaller trades. Depth refers to the 
existence of buy and sell orders around the current equilibrium price. Resiliency reflects the market’s 
ability to recover from temporary order imbalances and restore prices to equilibrium. A market is 
considered non-resilient if order flow cannot quickly correct errors in the price discovery process 
(Madhavan, 2000). 

Liquidity can also be modeled as the outcome of interactions between the demand for and 
supply of immediacy. It represents the price of immediacy, which means traders willing to delay 
transactions typically obtain better prices than those demanding immediate execution (Grossman & 
Miller, 1988). Limit order traders may achieve more favorable prices by waiting, whereas market 
order traders accept less favorable prices as compensation for immediate execution. When traders 
insist on immediate execution rather than postponing trades (holding behavior), price effects may 
arise. This time dimension suggests that intertemporal price movements are a fundamental measure 
of liquidity. In market microstructure literature, the bid-ask spread is viewed as compensation paid 
by traders for the ability to transact quickly (Glosten & Milgrom, 1985; Stoll, 2000). However, the 
presence of informed traders increases risk for liquidity providers, prompting them to widen spreads 
or reduce market depth. Therefore, liquidity is not determined solely by trading volume but also by 
the design of trading mechanisms, market transparency, and the distribution of information which 
jointly influence price efficiency and market stability (O’Hara, 1995; Hasbrouck, 2007). 

2.2. Carbon Credit  

A carbon credit, or carbon offset, is a certificate that represents and grants the right to one metric 
ton of carbon dioxide equivalent (tCO₂e) (Pei et al., 2013; Saraji et al., 2021) that has been successfully 
avoided or removed from the atmosphere, measured against a defined baseline scenario (CSIS, 2023; 
Favasuli et al., 2021; ISDA, 2021b). It functions as a permit that allows a company or individual to 
emit a certain amount of carbon dioxide or other greenhouse gases (GHGs), while simultaneously 
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creating a financial incentive to reduce emissions or offset a carbon footprint as a form of private 
investment by corporations or organizations (Dugbartey & Kehinde, 2025). It may also be classified 
as Virtual Digital Assets (VDAs), representing digitalized forms of carbon emission reductions issued 
by independent registry bodies (Sharma et al., 2022). They can be traded via blockchain technology 
or transferred digitally, and in certain structures may be used for payment or investment purposes, 
similar to cryptocurrencies, decentralized finance (DeFi) instruments, or non-fungible tokens (NFTs) 
(Chevet, 2018). From a legal perspective, carbon credits are generally not contractual claims or 
securities issued by a legal entity or collective investment scheme that grant ownership or capital 
access rights (Banque de France, 2024). Rather, they are considered intangible property rights (Ben 
McQuahe & Co., 2023) that are fungible and may be created, purchased, sold (Looney, 2009), retired 
(permanently transferred) (Clifford Chance, 2022; UNCITRAL & UNIDROIT, 2024), pledged as 
security or used as collateral (McMillan, 2010), and treated under specific legal regimes in cases of 
insolvency, including close-out netting arrangements (UNIDROIT, 2025; ISDA, 2021b). 

2.3. Tokenized Carbon Assets  

Carbon credit tokenization is the process of converting ownership rights over an asset (Burgoyne 
et al., 2025) or digitally representing real-world assets (Moncada et al., 2024; Ballesteros-Rodriguez et 
al., 2024; Swinkels, 2023) or intangible assets (Ali et al., 2023), such as carbon credits (Saraji et al., 2021; 
Swinkels, 2024), into crypto tokens (Carapella, 2023; Zheng & Sandner., 2022) using blockchain 
technology and smart contracts (Takanashi et al., 2020). These tokens are stored in an encrypted, 
transparent, and verifiable form (Dowling, 2022; Popescu, 2021). Blockchain-based asset tokenization 
transforms traditional financial models by improving transaction efficiency, reshaping value creation 
mechanisms, and redistributing risk among market participants (Tanveer, 2025). Owing to the speed 
and scalability of token issuance and dissemination, tokenization has emerged as one of the core 
applications of blockchain networks (Franke et al., 2020; Scheltz et al., 2020; Voshmgir, 2020), 
facilitating coordination among participants within regulated environments to support structured 
incentive systems (Freni et al., 2022). Carbon credit tokenization is a central element of Regenerative 
Finance (ReFi), a subset of Decentralized Finance (DeFi), which focuses on climate change mitigation 
through various types of digital assets (Fullerton, 2015; Gibbons, 2020; Díaz-Valdivia et al., 2022). 

Tokenized carbon credit assets are blockchain-based digital representations of certified 
voluntary carbon credits, which can be acquired, traded, and settled using carbon-backed crypto 
tokens. Through tokenization, carbon credit certificates are issued in the form of tokens (Zhang et al., 
2024a), enabling token holders to possess legally valid ownership claims (Aldasoro et al., 2023). These 
digital certificates function as transferable proof of offset achievements, allowing entities to 
participate in Compliance Carbon Markets (CCMs) and Voluntary Carbon Markets (VCMs). Once 
tokenized, carbon credits can be traded on decentralized exchanges (DEXs), transferred across wallets 
and networks, or retired for carbon offset claims, and can be integrated with various decentralized 
finance (DeFi) protocols such as yield farming, staking, derivatives, and carbon-backed stablecoins. 
Tokenization enables carbon credit prices to be transparently represented in line with their 
underlying real-asset value and to be verifiable (Catalini & Gans, 2020; World Bank, 2023). 

Carbon credit tokenization is implemented either through verification and certification 
methodologies by standards such as Verra or Gold Standard, with credits secured and recorded on 
distributed ledger technology (DLT) (Nowak, 2022), or via native minting directly on blockchain 
using machine learning and satellite data (Sorensen, 2023). Tokenized credits originating from legacy 
registries apply specific criteria to determine the volume and type of credits to be tokenized. In 
contrast, blockchain-native carbon tokens that issued on platforms such as Ethereum and Polygon, 
adhere to ERC-20 and ERC-721 standards for fungible and non-fungible tokens, respectively. Each 
token unit represents one metric ton of CO₂ equivalent either sequestered or emissions avoided, and 
is aligned with the incentive mechanisms governing token issuance, trading, and distribution. 

2.4. Blockchain Technology  
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According to Glavanits (2020), Mora et al. (2021), and Parmentola et al. (2021), blockchain 
technology has the potential to serve as a digital solution that supports the Sustainable Development 
Goals (SDGs) and the circular economy by strengthening resource rights, enabling product origin 
traceability, and incentivizing behavioral change (Herweijer et al., 2018; Hughes et al., 2019; Mulligan 
et al., 2024). Kud (2023) further argues that distributed ledger technology (DLT) within blockchain’s 
digital infrastructure can replace certain functions of traditional markets and revolutionize the green 
finance industry and technology through the automation of digital assets, thereby improving 
efficiency, transparency, and access to financing for environmental projects or international climate 
action initiatives (Corbet et al., 2019; De Vries, 2018; Tian et al., 2020). Empirically, digital 
infrastructure also contributes to carbon emission reductions, particularly when supported by fiscal 
policies that promote sustainable digital transformation (Abbas et al., 2024), and facilitates new forms 
of green production through the development of green supply chains (Bai & Sarkis, 2019; Saberi et 
al., 2019). Blockchain’s energy demands remain unresolved, with proof-of-work in particular 
criticized for its environmental footprint (Plat et al., 2021). To mitigate this contradiction with 
sustainability goals, transitions toward proof-of-stake and other greener architectures are being 
pursued.In addition, blockchain significantly impacts financial flows by supporting the operation of 
illiquid assets and increasing carbon trading volumes, thereby enhancing market accessibility (Zhao 
et al., 2022).  

Blockchain provides digital infrastructure as a database or transaction recording system 
(issuance, transfer, and retirement of carbon credits) within distributed ledger technology (DLT) (Alt 
et al., 2025; Hughes et al., 2019; Garg, 2023; ISDA, 2020; Li et al., 2018b; Rauchs et al., 2018; Zafar, 2025; 
Zwitter et al., 2020) or a digital block network (Moll et al., 2019) that relies on the internet and TCP/IP 
protocols (Anthony, 2023). It is pseudonymous and uses cryptographic technology to ensure network 
security and the integrity of recorded data, making it tamper-proof (Thilakavathy et al., 2023; Denter 
et al., 2023; Josenhans, 2024;  Lee, 2024). Blockchain technology has transformed the way assets are 
represented, transferred, and traded (Nguyen et al., 2021; Wankmüller et al., 2023). The main 
characteristics of blockchain include system stability and security (Shi et al., 2025), independent 
(public) verification (Dai et al., 2017), permanence through an immutable audit trail, fraud detection 
(manipulation detection) that prevents alteration of historical data via tamper-evident records (Iansiti 
et al., 2017; Jaffer et al., 2024; Rodriguez, 2025), and transparency that allows all parties to openly 
access transaction histories (Government Office for Science, 2016). DLT in blockchain also ensures 
transparency, traceability, and system security (Saberi et al., 2019). 

Aligned with the principles of accountability and transparency in environmental governance 
(Wong et al., 2021; Ciplet et al., 2018; Kollmus, 2015), blockchain functions to strengthen 
accountability (Van Pelt et al., 2021) and enable real-time audit mechanisms (Catalini et al., 2020; 
Dong et al., 2023) to reduce the risk of double counting and fake credits (Baruch et al., 2022; 
Dorfleitner et al., 2021; Zhang et al., 2019). Blockchain technology can provide a trusted means of 
ensuring the veracity of compliance data, reduce the role of intermediaries, and improve time 
efficiency (Carlson, 2018; Xiao & Zheng, 2022; Kim, 2022; Rauchs et al., 2018). It also lowers 
transaction costs through tokenization and smart contracts as algorithm- or code-based trust systems 
(nodes) that form peer-to-peer networks by matching buyers and sellers based on preferences such 
as geographic origin, project type (reforestation or renewable energy), and price tolerance, thereby 
accelerating and strengthening the synchronization and distribution of (carbon) trading transactions 
(Beck et al., 2018; Berg et al., 2019; Clack & McGonagle, 2019; Davidson et al., 2016; De Filippi & 
Loveluck, 2016; Hussein et al., 2023; Nguyen et al., 2023; Sanderson, 2018; Tapscott & Tapscott, 2016; 
Teplý et al., 2021; Yaga et al., 2019). According to Cong et al. (2018) and Karamitsos et al. (2018), smart 
contracts are digital contracts that enable the execution of terms based on decentralized consensus or 
compliance criteria; they are resistant to manipulation and can automatically enforce agreements 
through programmed execution (Dencer-Brown et al., 2022; Galenovich et al., 2022). In Voluntary 
Carbon Markets (VCMs), smart contracts regulate the token lifecycle, including issuance, retirement 
(permanent removal from circulation), and transfer of ownership. Automation ensures that once a 
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token is retired, indicating that an emission offset has occurred, it cannot re-enter circulation for 
trading. The use of smart contracts enables tracking of ownership changes and retirement status, 
thereby safeguarding integrity in carbon offset initiatives and supporting robust climate accounting 
frameworks across jurisdictions. 

2.5. Voluntary Carbon Markets (VCMs) 

Voluntary Carbon Markets (VCMs) are decentralized and still-developing (nascent) financial 
markets with regulatory systems and independent certification bodies that allow private entities, 
governments, or individuals to voluntarily buy, sell, and trade carbon credits to offset emissions 
beyond mandatory mitigation targets (Ahonen et al., 2022; Bassi et al., 2025; ISDA, 2021b; World 
Bank, 2022). In contrast Compliance Carbon Markets (CCMs), which are strictly regulated by 
government authorities with cap-and-trade system (Franki, 2022; Sim et al., 2024), and govern 
mandatory carbon trading, commonly referred to as Emissions Trading Systems (ETS), also create 
financial incentives to reduce emissions by allowing companies to trade carbon credits within a 
regulated market framework (Dugbartey & Kehinde., 2025). VCMs are not under the direct 
supervision of any single governmental authority and therefore lack a standardized legal framework 
(Kreibich et al., 2021). VCMs contribute to climate change mitigation by enabling organizations to 
finance carbon reduction or removal projects beyond regulatory obligations (Betz et al., 2022; Passero, 
2009). 

Albeit these markets encourage innovation and investment, they face legacy governance, 
taxation, and structural challenges that may hinder their effectiveness and scalability (WEF, 2023). As 
part of a baseline-and-credit system aimed at reducing greenhouse gas (GHG) emissions and 
complementing cap-and-trade systems in regulating emission allocations (Bassi et al., 2025), VCMs 
support the permanent removal of carbon emissions from the atmosphere. Through a “reduce first, 
mitigate second” strategy, companies can pursue net-zero targets in a cost-efficient manner (ISDA, 
2021b). However, purchasing carbon credits through VCMs does not always result in actual emission 
reductions (Calel et al., 2021; Carter et al., 2022). 

The integration of derivative instruments into VCMs has also emerged as a means to enhance 
liquidity, manage price volatility, and attract institutional participation (Spilker et al., 2023), similar 
to developments in CCMs (Swinkels et al., 2023). Additionally, various global initiatives have been 
developed to improve standardization and transparency in VCMs activities (Dawes et al., 2023). 
Voluntary carbon markets offer greater flexibility, nevertheless it concerns remain regarding market 
failures, including lack robust verification systems (Battocletti et al., 2023; Stek et al., 2025; Trencher 
et al., 2024), inconsistent credit quality and limited accountability, highlighting the need for stronger 
policy frameworks to ensure the environmental integrity of these markets (Battocletti et al., 2023).  

2.6. Liquidity of VCMs 

2.6.1. Return Volatility (RV) 

The price volatility considered in this study refers to the variance of returns or the risk associated 
with carbon credit tokens. In finance, volatility denotes the degree of fluctuation or variation in the 
prices of securities or commodities (including carbon credit tokens) over time and is commonly used 
as a measure of market risk as well as a key input in the pricing and valuation of derivative 
instruments (Black et al., 2012; Sutrisno, 2020; Yang et al., 2020). Higher volatility implies greater 
uncertainty in returns, while simultaneously creating opportunities for trading profits through price 
differentials between the opening and closing prices during transactions. 

According to Markowitz’s (1952) portfolio theory, higher expected returns are associated with 
lower risk through diversification, which contrasts with the Capital Asset Pricing Model (CAPM) 
(Sharpe, 1964). CAPM posits that higher systematic risk should be compensated by higher expected 
returns (Leirvik, 2021). Furthermore, high volatility is often associated with lower market activity or 
illiquidity (Amihud et al., 1986) and elevated levels of information asymmetry (Biais et al., 2019). The 
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closing price series of each token, which represents the final market valuation at the end of each 
trading day, is transformed using a logarithmic transformation into daily returns based on the 
following formula: 

 𝒓𝒕 ൌ 100 𝐥𝐧  𝑷𝒕 ା 𝟏𝑷𝒕ష𝟏ା 𝟏   ൌ 100  𝐥𝐧ሺ𝑷𝒕 ൅ 𝟏ሻ െ 𝐥𝐧ሺ𝑷𝒕ି𝟏 ൅ 𝟏ሻ                       (1) 

Where 𝑟௧  is the daily returns series of period t, 𝑃௧ is the prices observed in period t (the current 
day), and 𝑃௧ିଵ  is the prices observed in period  𝑡 െ 1   (the previous day). Meanwhile, carbon 
token price volatility is measured by calculating the sample standard deviation (STDEV.S) of daily 
returns over the observation period (Sukamulya, 2017). 𝝈𝒊𝒕 = ට∑ ሾ𝒓𝒊𝒕 ି𝒓𝒊𝒕ሿ𝟐𝒏𝒕స𝟏 𝒏ି𝟏                              (2) 

Where 𝑟௜௧ denotes the carbon token return of asset i on day t, 𝑟௜௧ represents the average return 
of carbon token asset i over the observation period, and n indicates the total number of observation 
periods used in the volatility estimation.  

2.6.2. Bid-ask Spread (BS) 

The bid-ask spread (BS) is a key measure of market illiquidity, reflecting the cost of trading assets 
that cannot be easily or quickly converted into cash without significant value loss (Korajczyk et al., 
2008). It is widely used as a proxy for liquidity conditions in carbon token markets, particularly for 
investors seeking rapid capital gains (Dharma et al., 2022; Hagströmer, 2021; Utami et al., 2020). BS 
represents the cost of immediacy, defined as the difference between the bid price (the highest price a 
buyer is willing to pay) and the ask price (the lowest price a seller is willing to accept), serving as 
compensation for liquidity provision (Madhavan, 2000; Eraker et al., 2023). A wider spread indicates 
higher transaction costs, weaker liquidity, and lower trading activity, particularly during periods of 
elevated price volatility when market makers hedge against adverse price movements (Pan et al., 
2021). Conversely, a narrower spread signals a more liquid and efficient market, reducing trading 
costs and encouraging trading activity (Ardia et al., 2021). Persistent spread widening after volatile 
periods suggests that market participants anticipate continued price uncertainty (Ryder, 2023). 

The Corwin and Schultz (2012) method is an empirical statistical approach widely used in the 
financial literature to estimate the bid-ask spread based on daily high and low prices. This method 
adjusts for volatility and utilizes price data from two consecutive trading days as an indirect (implied) 
measure to obtain a more accurate estimation of transaction costs and market liquidity (Abdi & 
Ranaldo, 2017; Lin, 2014; Nieto, 2018). The data employed consist of observations of intraday high 
prices 𝐻௧଴ and intraday low prices 𝐿௧଴. From these data, the highest and lowest prices over a two-
day period can be calculated as follows: 𝑯𝒕,𝒕ା𝟏𝟎  = max(𝑯𝒕𝟎, 𝑯𝒕ା𝟏𝟎 ሻ                                     (3) 𝑳𝒕,𝒕ା𝟏𝟎  = min(𝑳𝒕𝟎, 𝑳𝒕ା𝟏𝟎 ሻ                                                         (4) 

where 𝐻௧,௧ାଵ଴  represents the highest price over two days (day 𝑡 and day 𝑡 ൅ 1), and 𝐿௧,௧ାଵ଴  
represents the lowest price over the same two-day period. The first step is to compute the parameter 
γ, which captures the variation between the maximum and minimum prices over two trading days, 
expressed as:  𝛾 ൌ  ln   𝐻௧,௧ାଵ଴𝐿௧,௧ାଵ଴        ଶ

 

Next, daily price volatility is measured using the parameter β, which is estimated from 
the intraday high and low prices for each day 𝑡 and 𝑡 ൅ 1. The estimator for β is given by: 𝛽 ൌ  ෍   ln   𝐻௧ା௝଴𝐿௧ା௝଴        ଶଵ

௝ୀ଴  

This expression can be rewritten in a simpler form as: 
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𝛽 ൌ   ln   𝐻௧଴𝐿௧଴   ൅ ln   𝐻௧ା௝଴𝐿௧ା௝଴       ଶ
 

𝛽 ൌ  ln𝐻௧଴ െ 𝐿௧଴   ଶ ൅   ln𝐻௧ାଵ଴ െ 𝐿௧ାଵ଴    ଶ                             (8) 

After obtaining γ and 𝛽, the Corwin-Schultz estimator constructs the parameter α, which serves 
as an intermediary measure linking volatility and the two-day price range. The value of α is 
calculated as follows: 𝜶 ൌ  ඥ𝟐𝜷ିඥ𝜷𝟑ି 𝟐√𝟐 െ ට √𝜸𝟑ି𝟐√𝟐                                 (9) 

The bid–ask spread estimate is derived from α and can be computed using the following 
equation: 𝑆ு௅ ൌ  ଶሺୣഀିଵሻଵା ୣഀ                              (10) 

Conceptually, the parameter γ captures price fluctuations over a two-day period, while β reflects 
daily price volatility. The parameter α integrates these two components to generate a volatility-
adjusted spread measure. The term 𝑒ఈ  represents the exponential of α (Euler’s number symbolize 
as e raised to the power of α), which transforms α into a proportional scale suitable for estimating 
the bid-ask spread (𝑆ு௅). A higher value of (𝑆ு௅ indicates a wider estimated bid–ask spread, 
reflecting lower market liquidity and higher transaction costs. Conversely, a smaller 𝑆ு௅ value 
indicates a more liquid and efficient market. 

2.6.3. Dollar Volume (DV) 

In capital markets, dollar volume ($Volume) is defined as the total monetary value (in dollars) 
of transactions or trades that occur within a specific period (Chordia et al., 2001; Chutka & Rebertak, 
2021), particularly in decentralized exchanges (DEX). This indicator reflects the magnitude of capital 
inflows and outflows through an asset, thereby assisting investors in assessing market activity and 
potential price movements. Dollar volume is widely used to evaluate liquidity, the level of market 
activity or reaction (Bianchi et al., 2022), and investor interest in an asset (Zhang et al., 2023a; 
Boonvorachote et al., 2016). Higher dollar volume indicates greater ease of executing buy and sell 
transactions (entry and exit) for market participants. When the total value of traded shares exceeds 
the number of shares outstanding, the market is considered more liquid, leading to increased trading 
volume and market activity (Kusumastuti et al., 2015). 

2.7. Tokenized Carbon Assets On-chain Trading 

2.7.1. Total Supply (TS) 

Token supply (TS) refers to the number of tokens that have been minted and are available on a 
blockchain network. In cryptocurrency markets, particularly for tokenized carbon credits, there are 
three main types of token supply (Alzahrani & Daim, 2019). Maximum supply denotes the maximum 
number of tokens that can ever be created over the lifetime of a crypto asset. Total supply represents 
the total number of tokens currently in existence, including tokens that are locked, reserved, lost, or 
otherwise unavailable for trading in public markets. Circulating supply refers to the number of 
tokens actively circulating in the market that are tradable and accessible to the public, and it is the 
basis for calculating market capitalization.  

The availability of digital assets in the market plays a crucial role in shaping scarcity and 
potential inflationary pressure on token values (Bihani et al., 2025). Total supply and token 
distribution exert a significant influence on the accessibility and liquidity of digital assets within the 
blockchain ecosystem. The use of adaptive controls or burning policies (token destruction) and on-
chain treasury mechanisms, including token buybacks or the imposition of holding taxes during 
periods of inflation caused by token oversupply, as well as the minting of new tokens when platform 
activity increases and markets experience stagnation, reflects a blockchain-based monetary approach 
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aimed at preserving value amid token price volatility and ensuring long-term liquidity (Kiayias et 
al., 2023; Liu et al., 2022; Tang & Chow, 2023). Tokens with a fixed supply and broad distribution tend 
to exhibit higher liquidity (Sareen, 2023), particularly when token holders can access rankings and 
ownership percentages relative to total token supply on DEXs, which facilitates the formation of 
liquidity pools (Bhoyar, 2025). 

2.7.2. Shared Volume (SV) 

Shared volume (SV) or volume of transactions is an instrument used to evaluate the level of 
activity and liquidity of an asset, reflecting investor confidence and market interest. In the context of 
carbon tokens, it refers to number of shared trade or token units that change hands or are successfully 
traded within a given period on on-chain platforms or all DEX (Antulov-Fantulin et al., 2018; Chordia 
& Miao, 2020; Surya, 2016) operating on blockchain networks, where one token is equivalent to one 
metric ton of carbon dioxide (1 token = 1 tCO₂). Transaction volume can be used as an indicator of 
market value, such as in determining crypto-asset valuation (Hafner & Majeri, 2022; Zheng et al., 
2021) and crypto price modeling (Kumar, 2018), and it exhibits Granger-causal relationships with 
returns (Ghabri et al., 2023; Khaknejad, 2019). On-chain SV contains information recorded in the 
blockchain ledger, including transaction details (sender and receiver wallet addresses, token 
amounts, and transaction fees), as well as block size and mining difficulty (Jagannath et al., 2021; Kim 
et al., 2022). Consequently, on-chain markets do not involve hidden volumes such as iceberg orders 
or dark pools, that effects on price discovery (the efficiency of prices on stock exchanges to aggregate 
asset’s fundamental) (Ye, 2016), opens illiquid market (Buti et al., 2017) and increases regulatory 
concerns (Mizuta et al., 2015). Shared volume is influenced by various factors such as changes in 
market policy, asset prices, corporate announcements, and external events. Trading volume tends to 
be higher during price increases (upticks) than during price declines (downticks), indicating 
asymmetry in market behavior in response to price fluctuations (Epps, 1997). 

2.7.3. Transaction Value (VT) 

transaction value (realized) is the actual price (executed trade price) paid or payable for a unit 
or lot of an asset (trade size or quantity) (ECFR: 19 CFR 152.103 – Transaction Value; U.S. Customs 
and Border Protection, 2007; Lee & Ready, 1991; Makarov & Schoar, 2020), such as stocks, bonds, 
cryptocurrencies, futures contracts, or derivative financial instruments including carbon tokens 
(Yamani, 2023). Transaction value is calculated by multiplying the total number of units traded by 
the asset price over a given period. This metric is used to reveal how much capital flows through an 
asset and to analyze the health, viability, and sustainability of a market or security, thereby helping 
investors assess activity levels and potential price movements. A high transaction value does not 
necessarily indicate high liquidity; instead, it may reflect increased interest driven by large trades by 
institutional investors, major events or news, or manipulative trading practices. Such conditions can 
generate false signals and misinterpretations of market sentiment due to elevated noise trading, 
leading to higher volatility and increased investment risk (Gudmundsdottir, 2012). 

2.7.4. Transfer Amount (TA) 

Transfer amount (TA) or the frequency of trading or transactions refers to number of 
milliseconds each trading day (Chordia & Miao, 2020; Jones et al., 1994) on a blockchain network, and 
it is revealed at the end of trade (Doostian & Farhadtouski, 2024). According to Sidanti et al. (2021), 
trading frequency represents an indicator of how many buy-sell transaction events (in this case, 
carbon credit tokens) occur within a given period, thereby providing information on both the 
quantity of tokens traded and the monetary value of the transactions executed. In addition, trading 
frequency also serves as an indicator of market reactions to capital market news (El Fanani & Putri, 
2023). Therefore, it can be used as an indicator of market quality and as a quantitative representation 
of user participation and asset liquidity within the network. High trading frequency reflects 
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transaction intensity and investor interest in a given asset, which is both theoretically and empirically 
associated with improved market liquidity. The more frequently a token is traded within a blockchain 
network, the higher the level of market engagement, reflecting greater trust in and utilization of the 
token within the digital ecosystem.  

2.7.5. Market Capitalization (MC) 

Market capitalization is one of the key indicators in cryptocurrencies (Ani et al., 2024). This 
metric is used to assess relative size, market liquidity, and the level of investor confidence in an asset, 
including carbon tokens in digital carbon trading. Market capitalization is an important measure in 
financial markets because it provides a quick summary of a firm’s size (Dang et al., 2018; Kumar & 
Kumara, 2021; Ross et al., 2022) and the overall value attributed to it by shareholders (Brealey et al., 
2020). The key point about market capitalization is that a higher total dollar value, determined by 
multiplying the share price by the number of outstanding shares, indicates greater investment 
stability and stronger long-term adoption prospects (Thomsett, 2015), lower risk for shareholders also 
tend to exhibit lower volatility compared to small-cap firms (Bodie et al., 2021).Wu et al. (2018) show 
that market capitalization in digital assets such as coins and tokens follows a power-law distribution, 
in which a small number of assets account for disproportionately large market capitalizations. In the 
context of digital assets such as cryptocurrencies and NFTs, market capitalization not only reflects 
the total value of tokens that have been mined or are currently in circulation based on prevailing 
market perceptions, but also serves as an indicator of market dominance and popularity within the 
crypto ecosystem (Ani, 2024). 

2.7.6. Active Wallet (AC) 

A crypto wallet is a fundamental component of the blockchain ecosystem, functioning as the 
interface between users and the blockchain network in managing digital assets. Unlike conventional 
wallets that store physical money, a crypto wallet does not store assets directly, instead, it stores 
cryptographic credentials in the form of public and private keys that enable users to access and 
control ownership of assets recorded on the blockchain (Kumari & Nagarjan, 2022). Active Wallet 
Addresses refer to the number of blockchain wallets or active users participating in the NFT market 
(as sellers or buyers) and are commonly used as indicators of adoption and user engagement within 
the digital asset ecosystem (Ante, 2021), as well as for proving asset ownership via blockchain 
technology (Alizadeh et al., 2023; Çamalan et al., 2024; Westland, 2023). A higher number of wallets 
involved in transactions indicates broader distribution and greater adoption of a token on the 
blockchain. 

This perspective is consistent with Article 94 of the General Data Protection Regulation (GDPR), 
which emphasizes that decentralization in blockchain systems aims to replace a single centralized 
actor with many participants. Token holders can trade their assets transparently yet pseudonymously 
using alphanumeric public addresses (e.g., 0x872…) (Michalski, 2020; Baruch et al., 2022) by 
transferring tokens between different wallet addresses on a public blockchain. Each fungible token 
transaction conducted under the ERC-20 standard triggers events embedded in smart contracts 
(Loporchio et al., 2024). These events generate historical transaction records that allow public and 
transparent tracking of token transfers through on-chain data exploration. Each token transaction 
records information on the sender, receiver, and transaction amount, enabling the measurement of 
transaction volume and frequency. These metrics are widely used to assess adoption levels and 
market activity, construct transaction (transfer) graphs, detect user adoption behavior, and analyze 
token liquidity in the market (Chen et al., 2020; Josenhans et al., 2025). Once payment is successfully 
completed and the offering memorandum is digitally signed, investors automatically receive tokens 
in their wallets via smart contracts (Kreppmeier, 2023). While, anonymity in blockchain systems is 
more accurately described as pseudonymity, meaning that while all transaction histories are publicly 
recorded and observable, the real identities of senders and recipients are concealed or obfuscated 
(Gardhouse, 2024; Sankar et al., 2017; Xu et al., 2016) through wallet addresses represented as digital 
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identifiers. As a result, the identities behind transactions remain unknown unless explicitly disclosed 
or linked through transaction claims. 

2.8. Regulation of Carbon Offset Market (Regulation Index, RI) 

Regulatory frameworks constitute structural governance architectures that translate 
sustainability objectives and the Sustainable Development Goals into enforceable market mandates, 
shaping incentives, liquidity, and participation in tokenized carbon markets (Wan et al., 2023). 
Regulatory approval remains a significant obstacle, as many jurisdictions still lack established legal 
frameworks for tokenized carbon trading (Chen & Lloyd, 2024; Gupta et al., 2024). Cross-
jurisdictional heterogeneity in the legal recognition of digital emission-reduction certificates and the 
classification of crypto-based financial instruments affects liquidity and may impede 
decarbonization, while centralized regulatory regimes remain prone to enforcement frictions and 
institutional inefficiencies (Chen et al., 2022a; Gupta et al., 2024; Harish et al., 2023). Blockchain-based 
carbon trading introduces decentralized and automated governance through smart contracts, yet 
fragmented MRV standards, ambiguous legal recognition, and regulatory heterogeneity heighten 
exposure to fraud, security risks, and regulatory arbitrage (Zhang et al., 2018; Kreibich& Hermwhile, 
2021; Sipthorpe et al., 2022; Hickey et al., 2023; Lu et al., 2024; Murray et al., 2021). Regulatory 
technology and digital governance translate legal requirements into automated, real-time compliance 
protocols that preserve efficiency, consistent with international standards such as ISO 14097, meta-
regulation and hybrid governance frameworks in which blockchain and smart contracts act as co-
regulators within transnational systems emphasizing transparency and participation (Gozman et al., 
2020; Hanisch et al., 2023; Ostrom, 2010; Kingsbury et al., 2005; ISO, 2021). Recent policy guidance 
underscores the need for global regulatory harmonization for effectiveness matters to enhance trust 
and liquidity, as regulatory clarity strengthens market participation while excessive rigidity may 
constrain innovation in nascent voluntary carbon markets (OECD, 2025a,b; Bassi et al., 2025). 
Regulatory convergence is an incremental alignment of regulatory requirements among jurisdictions, 
achieved through the harmonized adoption of internationally recognized standards, technical 
guidance, scientific norms, and regulatory practices (Car et al., 2025). 

1. Taxonomy of Carbon Credit Tokens 
Blockchain tokens function as digital bearer instruments whose ownership is determined by on-

chain records, yet carbon credit tokens lack a unified legal classification across jurisdictions, being 
variably treated as commodities, securities, financial instruments, or non-security digital assets 
depending on regulatory intent and use (Tasca et al., 2019; Blandin et al., 2018; ISDA, 2021b; Sim et 
al., 2024). This legal ambiguity generates regulatory arbitrage and uncertainty over enforceability of 
ownership and trust arrangements, underscoring the need for authoritative legal taxonomies and 
harmonized cross-jurisdictional guidance to support market integrity and liquidity in voluntary 
carbon markets (Bernstein, 2011; Chawla et al., 2023; Christophorou et al., 2025). Oliveira et al. (2018) 
and Mougayar (2017) develop comprehensive token classification frameworks, including a three-
dimensional model that emphasizes token roles, features, and purposes within business models. In 
contrast, Euler (2018) categorizes tokens based on legal, technological, and functional dimensions, 
while Lo and Medda (2020) classify tokens according to their functions (as a payment, utility, asset, 
and yield), features (encouraging users to retain and lock their assets for profit, or enabling 
transactions and promoting active participation in the network), and distribution mechanisms (for 
insiders and firms or miners and providers).  

2. Regulatory Sandboxes 
Regulatory sandboxes provide controlled experimental environments that enable regulators and 

market participants to test blockchain-based carbon tokenization models while mitigating legal 
uncertainty, compliance risk, and systemic exposure (Boys et al., 2025; Gromova, 2020; Yeoh, 2016; 
Papantoniou, 2022; Mulligan et al., 2024; Zhou & Deng, 2023; Zreik et al., 2025). By operationalizing 
adaptive regulation and experimental legal regimes, sandboxes facilitate interoperability, risk 
identification, and innovation in digital carbon markets, while supporting the transition of successful 
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tokenization models toward fully regulated financial products (Buckley et al., 2019; Arner et al., 2017; 
Sustainability Directory, 2025b). 

3. Consumer Protection 
In many jurisdictions, digital assets are increasingly recognized as legally protected property, 

yet blockchain-based carbon tokenization raises consumer protection challenges related to data 
privacy, cybersecurity, fraud, and immutable transaction records (Blitzer, 2023; Smith, 2023; Bandi, 
2025; Wyczik, 2024). The combination of privacy-enhancing data de-identification framework - 
ISO/IEC 27559:2022(E) to do privacy impact assessment (PIA) dan threat modeling, cybersecurity 
standards, and clear liability and sanction frameworks is therefore essential to safeguard investor 
rights, ensure GDPR-compliant data governance, and maintain trust in digital carbon markets (Moser 
et al., 2017; ISO, 2022; Finck et al., 2020). 

4. Legal Status of VCMs 
While VCMs complement compliance carbon markets by mobilizing private finance for climate 

mitigation, their legal status under the Paris Agreement remains ambiguous due to concerns over 
additionality, double counting, and alignment with Nationally Determined Contributions 
(Hermwille et al., 2016; Michaelowa et al., 2019; Nowak, 2022; Sim et al., 2024). The absence of a 
centralized legal framework has elevated private certification bodies such as Verra and Gold 
Standard as de facto regulators, reinforcing the need for standardized legal recognition and 
transnational governance mechanisms to preserve environmental integrity and market credibility 
(Green, 2016; Kreibich et al., 2021; ISDA, 2021b,c). Christiansen (2024) highlights a legitimacy crisis 
driven by public pressure and legal challenges against non-credible offset practices, which has 
compelled regulatory reforms within VCMs. This dynamic was evident when a substantial number 
of Verra-issued credits were criticized for lacking validity, prompting the adoption of digital MRV 
solutions to strengthen market integrity (Ahonen et al., 2022; Mehling, 2019; Verra, 2021). 
Consequently, supervisory authority has become increasingly dispersed, as regulatory oversight is 
fragmented across multiple federal bodies and general legal frameworks that may conflict across 
cases, courts, and jurisdictions (Franki, 2022; Moromoke et al., 2024). This development underscores 
the growing dominance and influence of independent standard-setting and verification institutions 
in shaping the legal and operational architecture of the market. 

5. Carbon Credit Tokens in the ESG Landscape 
The integration of carbon tokenization into ESG-driven finance reflects a broader shift in which 

financial institutions, fiscal incentives, and sustainability standards jointly shape investment behavior 
and capital allocation toward low-carbon technologies (Jain et al., 2019; Mandas et al., 2023; 
Efthymiou et al., 2023). Banks increasingly act as sustainability intermediaries by structuring ESG-
linked financial products and facilitating carbon markets, while fiscal incentives and tax mechanisms 
reinforce ESG performance and legitimacy, positioning carbon tokens as hybrid financial–
environmental assets within global sustainable finance architectures (PwC, 2024a,b; Lagodiyenko et 
al., 2024; ISDA, 2021a). Kumari (2025) and Huang et al. (2024) emphasize that the implementation of 
government financial incentives, such as green tax incentives and tax reforms (including tax 
reductions, exemptions, or tax credits) (Wen et al., 2025), as well as investments in corporate social 
responsibility (CSR) programs (Indriastuti et al., 2021; Singal, 2014), have a significant impact on 
improving corporate ESG performance and responsibility (Huang et al., 2024; Schramade, 2016; 
Zhang et al., 2024). Tax credits and feed-in tariffs (FITs) are widely recognized as effective 
instruments for promoting the development of renewable energy (Elliot, 2024). 

There is still limited research on how blockchain-based VCMs systems affect market behavior, 
price discovery, liquidity and transaction efficiency remains scarce. The findings of this study aim to 
provide insights for investors, analysts, and regulators seeking to enhance governance, transparency, 
and the microstructure of digital carbon markets. 

3. Materials and Methods 
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The data used in the study are the daily on-chain trading activity in blockchain-based VCMs, 
including $KLIMA, BCT and MCO2 token over the period extending from 20 October 2021 to 29 
Oktober 2024. The data are obtained from blockchain explorer (Etherscan and Polygonscan), and data 
agregator (CoinGecko and CoinMarketCap), using puposive sampling. Exploratory data analysis is 
conducted by examining descriptive statistics of the return series and presenting graphical 
visualizations using scatter plots to identify potential outliers. The empirical analysis employs a 
moderating regression model with mixed-frequency variables, consistent with the Worldwide 
Governance Indicators (WGI) developed by the World Bank (2025), particularly the Regulatory 
Quality (RQ) index. Given the high-frequency (daily) nature of the trading data, regulatory indicators 
are assumed to be constant within each year (Kaufmann et al., 2010), following the temporal 
disaggregation framework of Chow and Lin (1971) and the mixed data sampling (MIDAS) approach 
for high-frequency econometric analysis (Ghysels et al., 2006). 

 

Figure 1. Research design flowchart. 

3.1. Data Transformation 

A logarithmic transformation applied to the data series (Table 1), except moderator, to stabilize 
variance and reduce sensitivity to extreme movements. This ensures numerical robustness, allows 
for zero-sampling, and retains proportional changes in the dataset. 𝑋௧ = ln(𝑥௧ ൅ 1ሻ                      (11) 

Regulation Index (RI) is classified into five indicators adapted from Arner et al. (2019), Zetzsche 
et al. (2017), OECD (2021), and IOSCO (2022b) (Table 2). RI is measured on a numerical scale ranging 
from 0 to 10, constructed as the aggregate of five indicators. Each indicator is scored as follows: 0 
denotes the absence of relevant regulation; 1 indicates partial or nascent regulation, including pilot 
or co-pilot stages; and 2 reflects fully established, operational regulation aligned with international 
standards. It computed by appplying Simple Moving Average (SMA). The use of an ordinal 0-2 scale 
for the regulatory index is derived from simplified binary and document-based scoring frameworks 
employed in OECD policy evaluations (OECD, 2021), the Regulatory Indicators for Sustainable 
Energy (RISE) as a global policy scorecard (Banerjee et al., 2017), the readiness measurement 
methodology of the Climate Investment Readiness Index (CIRI) (Mani, 2012; World Bank, 2012), and 
evolutionary fintech regulatory frameworks (Arner et al., 2019). This approach enables parsimonious 
weighting that captures progressive levels of regulatory readiness across jurisdictions and allows 
systematic aggregation into a composite index with a maximum score of 10. 

Table 1. Variable Operational. 

Independent Variable       Tokenized Carbon Asset On-chain Trading  
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Variable Denotations       Description Source Reference 

TS Total Supply  
 

Number of circulating carbon 
tokens available on-chain 

PolygonScan, 
EtherumScan 

(Athey et al, 2016; Ballesteros-Rodríguez et al., 
2024; Swinkels, 2024) 

SV Shared Volume 
 

Aggregate quantity of  
carbon tokens traded  

n-chain within VCMs 

PolygonScan, 
EtherumScan 

(Antulov-Fantulin et al., 2018; Athey et al, 2016; 
Ballesteros-Rodríguez et al., 2024; Baruch et al., 
2022; Swinkels, 2024) 

VT Transaction Value Total USD of on-chain  
carbon token transactions 

PolygonScan, 
EtherumScan 

(Ballesteros-Rodríguez et al., 2024; Baruch et al., 
2022; Swinkels, 2024) 

MC Market  
Capitalization   

Market valuation of  
tokenized carbon assets 

CoinGecko 
 

(Ballesteros-Rodríguez et al., 2024; Baruch et al., 
2022; Karakostas et al, 2024; Pan & Misra, 2021; 
Wu et al, 2018) 

TA Transfer Amount Frequency of transactions PolygonScan,  
EtherumScan 

(Moncada et al., 2024; Pan & Misra, 2021; 
Swinkels, 2024) 

AW Active Wallet  
  

Daily count of unique  
wallet addresses  

PolygonScan 
EtherumScan 

(Albayati, 2021; Athey et al, 2016; Moncada et al, 
2024; Parino et al., 2018; Swinkels, 2024; Verma et 
al, 2024) 

Dependent Variable            Liquidity of VCMs 

Variable Denotations Description Source Reference 

BS Bid-Ask Spread       High-low price spread of  
carbon tokens 

CoinMarketCap (Chordia et al., 2002; Foster & Viswanathan, 1993; 
Morris et al., 2018; Pan & Misra, 2021;Sarr & 
Lybeck, 2002) 

DV Dollar Volume  Aggregate traded value  
across DEXs  

CoinGecko  (Amihud, 2002; Foster & Viswanathan, 1993; 
Morris et al., 2018; Pan & Misra, 2021; Sarr & 
Lybeck, 2002; Tlili, 2025) 

RV Return Volatility  
  

Variability of daily  
token returns  

CoinGecko (Chan et al., 1995; Foster & Viswanathan, 1993; 
Morris et al, 2018; Pan & Misra, 2021; Sarr & 
Lybeck, 2002) 

Moderation Variable 

Variable Denotations Description Source Reference 

RI Regulation Index  Regulatory policy governing  
carbon token trading 

National policy,  
publication and reports 

(Baruch et al., 2022; Guo et al., 2023; Verma et al, 
2024) 

 Source : Authors (2026) 

 

Table 2. Regulation Index 

Indicator Description Score 

Regulatory Clarity on  
Blockchain and Digital 
Assets 

Captures the existence and coherence of legal frameworks governing blockchain use in carbon 
trading and the classification of carbon tokens as digital assets, commodities, or securities, drawing 
on cross-jurisdictional fintech and digital-asset regulation (Zetzsche et al., 2017; Arner et al., 2017, 
2019; OECD, 2021; Diaz-Valdivia et al., 2022; Oduro et al., 2025). 

2 

VCMs-Specific Policy  
Framework 

Assesses whether voluntary carbon markets (VCMs) are explicitly recognized and regulated, 
including alignment with international standards such as Verra and Gold Standard (Franki, 2022; 
World Bank, 2023; IETA & EY, 2022). 

2 

Consumer Protection 
and Enforcement 

Measures the availability of investor-protection mechanisms and the effectiveness of enforcement 
against fraud and market manipulation in carbon token trading, based on established market-
integrity and sanctions frameworks (Avgouleas, 2021; IOSCO, 2022a,b,c; OECD, 2021). 

2 

Technological Infrastructure  
and Regulatory Sandboxes 

Reflects governmental support for innovation through digital infrastructure and the 
implementation of regulatory sandboxes or pilot regimes for carbon tokenization (Allen & Overy, 
2017; Arner et al., 2017; OECD, 2021; Diaz-Valdivia et al., 2022). 

2 

ESG Integration and  
Financial Sector Engagement 

Evaluates the financial-institution participation and fiscal incentives supporting ESG-linked 
carbon-token projects and their integration into sustainable finance systems (Zetzsche et al., 2020; 
IOSCO, 2022b; IETA & EY, 2022; Kriechel & Ziesemer, 2009; van Leeuwen & Mohnen, 2017; Wang 
et al., 2022). 

2 

 Source : Authors (2026) 

3.2. ADF Test: Unit Root Test 
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The Augmented Dickey-Fuller (ADF) test is employed to examine the presence of a unit root in 
the time series and to determine whether the series is stationary. By augmenting the standard Dickey-
Fuller regression with lagged difference terms, the ADF test controls for serial correlation in the 
residuals and provides a more reliable assessment of the stochastic properties of the data series and 
helps determine its suitability for further econometric analysis. The null hypothesis of the test states 
that the series contains a unit root, while the alternative hypothesis indicates stationarity. The ADF 
test is given by:  𝝉 = 𝜹𝑺𝒆(𝜹)                            (12) 

The value of Se(δ) represents the standard error of the coefficient of 𝑌௜௧, or equivalently, the 
standard error of δ. Decision-making in the ADF test is conducted by comparing the ADF test statistic 
with the MacKinnon critical values at the 1%, 5%, and 10% significance levels (MacKinnon, 1996). 

3.3. Jarque-Bera (Normality) test  

The goodness-of-fit test used to assess whether the skewness and kurtosis of the sample data are 
consistent with those of a normal distribution. The Jarque-Bera (JB) test statistic is defined as: 

JB = 𝑻. 𝑺𝟐𝟔 + (𝒌ି𝟑)𝟐𝟐𝟒                                   (13) 

T denotes the sample size, S represents the skewness coefficient, which measures the degree of 
asymmetry in the data distribution, and k denotes kurtosis, which captures the peakedness or 
tailedness of the distribution relative to the normal distribution. When the JB statistic exceeds the 
critical values at the 1%, 5%, and 10% significance levels, the residuals of the model are considered to 
be normal distribution. 

3.4. Ljung Box (Autocorrelation) Test  

The Ljung-Box (LB) test is employed to examine whether autocorrelation is present in the return 
series. Autocorrelation reflects the model’s ability to capture time-dependent dynamics in the data, 
indicating the extent to which current values are influenced by past observations. The LB statistic is 
calculated based on the sample size and a sequence of residual autocorrelations over multiple lags, 
and is subsequently evaluated against the chi-square distribution. The LB test is calculated as follows:  𝑸(k) = 𝑻(𝑻 + 𝟐)∑ 𝒓𝒊𝟐𝑻ି𝒊𝒌𝒊ୀ𝟏                         (14) 

where 𝑟௜  denotes the residual autocorrelation at lag i, k represents the number of lags tested, 
and T is the sample size. Larger values of 𝑟௜ଶ across multiple lags lead to higher values of the 𝑄(k)  
statistic, indicating the presence of potential autocorrelation not fully captured by the model. The 
resulting test statistic is then compared with the chi-square distribution to assess its statistical 
significance. If the p-value is below the 1%, 5%, or 10% significance levels, autocorrelation is 
considered present. 

3.5. White (Heteroscedasticity) test 

Heteroskedasticity arises when the variance of the error terms (ε௜) in a regression model is not 
constant across observations, which states: 

Var(ε௜) = 𝜎ଶ                               (15) 

The dispersion of the residuals varies with changes in the explanatory variables, violating the 
assumption of homoskedasticity. The hypotheses for heteroskedasticity testing are formulated as 
follows.  

The null hypothesis (H0) assumes homoscedasticity. 
While, the alternative hypothesis (H1) determines the presence of heteroskedasticity.  
Heteroskedasticity is assessed using the White test, which allows for both linear and nonlinear 

variance structures. The White test provides a more general approach, as it does not require prior 
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specification of the functional form of heteroskedasticity and is capable of detecting both linear and 
nonlinear variance patterns (White, 1980). The White test is based on the estimation of: ê௜ଶ = 𝛼଴ + 𝛼ଵ𝑥ଵ௜ + 𝛼ଶ𝑥ଶ௜ + ⋯  + 𝛼௞𝛼௞௜ + 𝛼௞ାଵ𝑥ଵ௜ଶ + ⋯+ 𝛼ଶ௞𝑥௞௜ଶ + 𝛼ଶ௞ାଵ(𝑥ଵ௜𝑥ଶ௜) + 𝜇௜             (16) 

The White test for heteroskedasticity is based on the Lagrange Multiplier (LM) statistic, which 
tests the joint null hypothesis that all slope coefficients 𝛼௝, except for the intercept, are equal to zero.  

3.6. Variance Inflation Factor (Multicollinearity) test 

Variance inflation factors (VIF) applied to assess the presence and severity of multicollinearity 
in the regression model. Multicollinearity arises when two or more independent variables or 
predictors in a multiple regression model are highly correlated with each other and simultaneously 
related to the dependent variable. The VIF is calculated based on the following equation:  𝐕𝐈𝐅 𝒙𝒊 = 𝟏𝑻𝒐𝒍𝒆𝒓𝒂𝒏𝒄𝒆 =  𝟏𝟏ି𝑹𝒊𝟐                (17)  

where 𝑅௜ଶ is the multiple correlation coefficient of the variable 𝑥௜ obtained by regressing 
the ith variable on the remaining predictors in the model. If 𝑅ଶ equals zero, the 
corresponding VIF equals one, indicating the absence of multicollinearity. VIF values 
exceeding 10 indicate a high level of the multicollinearity, corresponding to an 𝑅ଶgreater 
than 0.90. 

3.7. Mean-Centered Moderated Multiple Regression Models (MMRMs)  

Moderation is tested by estimating a moderated regression model that includes an interaction 
term (that affects the direction or strength of the relationship) between the determinant predictor and 
the moderator variable (Cohen et al., 2003; Cronbach, 1987; Hayes, 2013; MacKinnon, 2008; Park & 
Yi, 2024; Sharma et al., 1981). The moderated regression model allows for an assessment of whether 
regulatory conditions strengthen or weaken the impact of tokenized carbon asset on-chain trading 
on market liquidity of VCMs. A statistically significant coefficient on the interaction term indicates 
the presence of a moderation effect. The moderation effect is evaluated using Moderated Multiple 
Regression Models (MMRMs) (Aiken & West, 1991), researchers frequently mean-center predictor 
variables. Two primary reasons are often cited: first, is supported by Irwin and McClelland (2001), 
mean-centering facilitates interpretation of the regression equation when interaction terms are 
present. Second, mean-centering is applied to reduce multicollinearity, because the interaction term 
(𝑥 ⋅ 𝑧) is inherently highly correlated with both independent variable (𝑥) and the moderator (𝑧) in 
Model 3. Hayes (2022) emphasizes that although mean-centering does not resolve multicollinearity, 
it provides interpretive advantages for direct effect and does not affect the interaction term. Within a 
mean-centered model, the direct effect indicates the influence of a determinant when the other 
determinant(s) are held at their mean. The mean-centered is given as:    𝑿ഥ =  ∑ 𝒙𝒊𝒏𝒊ୀ𝟏𝒏  ,   𝒁ഥ =  ∑ 𝒛𝒊𝒏𝒊ୀ𝟏𝒏  

This study employs a stepwise moderated regression framework consisting of three models. 
Model 1 estimates the baseline effect of the independent variable on VCMs’ liquidity without 
considering regulatory influences (direct effect). Model 2 extends the baseline specification by 
incorporating the regulatory index as a moderation variable to account for the direct effect of 
regulatory quality. Model 3 introduces an interaction term between the independent variable and the 
regulatory index to capture the moderating effect of regulation (indirect effect).      

Model 1 𝑌௜௧  =  𝜔 + 𝛽ଵ𝑋௡௜௧ + 𝜀௜௧                                           (19) 

Model 2 𝑌௜௧  =  𝜔 + 𝛽ଵ𝑋௡௜௧ + 𝛽ଶ𝑍௧ + 𝜀௜௧                                  (20) 

Model 3 
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𝑌௜௧  =  𝜔 + 𝛽ଵ𝑋௡௜௧ + 𝛽ଶ𝑍௧ + 𝛽ଷ(𝑋௡௜௧ .𝑍௧) + 𝜀௜௧                                    (21) 

Model 3௖  - mean centering (21) gives the following (Echambadi & Hess, 2007): 𝑌௜௧ =  𝜔௖ +  𝛽ଵ௖𝑋௡௜௧௖ + 𝛽ଶ௖𝑍௧௖ + 𝛽ଷ௖(𝑋௡௜௧௖ .𝑍௧௖) + 𝜀௜௧ for 𝑋௡௜௧௖ =  𝑋௡௜௧ െ 𝑥̅௡௜௧ and 𝑍௧௖ =  𝑍௧ െ 𝑧௧̅    (22)      

where Yit denotes VCMs’ liquidity for token i on day t, while Xnit represents indicators of 
tokenized carbon asset on-chain trading. Zt is a slow-moving annual regulatory index representing 
carbon market regulatory quality and εit is error term, capturing unobserved influences. 𝑋௡௜௧௖   is 
predictor variable X and 𝑍௧௖   is predictor variable moderator (Z) that have been mean-centered. 
While 𝜔௖ = 𝜔 + 𝛽ଵ𝑥̅௡௜௧ + 𝛽ଶ𝑧௧̅ + 𝛽ଷ𝑥̅௡௜௧𝑧௧̅ , 𝛽ଵ௖ = 𝛽 + 𝛽ଷ𝑧௧̅  , 𝛽ଶ௖ = 𝛽ଶ + 𝛽ଷ𝑥̅௡௜௧  , and 𝛽ଷ௖ =𝛽ଷ (Park & Yi, 2024). 

3.8. Heterocedasticity and Autocorrelation Consistent (HAC)  

The Ordinary Least Square (OLS) estimator provides unbiased parameter estimates under the 
classical assumptions of homoskedasticity and no autocorrelation. The OLS estimator is computed 
as:  

√𝑇(𝑏௧ െ 𝛽) = ሾ(1𝑇)෍𝑥௧𝑥௧ᇱሿିଵሾ(√𝑇)்
௧ୀଵ ෍𝑥௧𝑢௧ᇱሿ்

௧ୀଵ  

When estimation is conducted using Ordinary Least Squares (OLS), neglecting 
violations of homoscedasticity and normality assumptions can undermine the accuracy of 
hypothesis testing in moderation effect model (Alexander & DeShon, 1994; Aguinis & 
Pierce, 1998). To correct for potential heteroskedasticity and autocorrelation in the residuals 
(𝑢௧), the covariance matrix of the OLS estimator is estimated using the Heteroskedasticity 
and Autocorrelation Consistent (HAC) covariance estimator proposed by Newey and West 
(1987, 1994). The HAC corrections is formulated as follows:   

∑෡ேௐ = ሾ෍𝑥௧𝑥௧ᇱሿሾ்
௧ୀଵ ෍𝑢ො௧ଶ𝑥௧𝑥௧ᇱ + ෍൬1 െ 𝑣𝑞 + 1൰ ෍ (𝑥௧𝑢ො௧ ,𝑇𝑢ො௧ି௩,𝑇𝑥௧ି௩ᇱ + 𝑥௧ି௩𝑢ො௧ି௩,𝑇𝑢ො௧,𝑇𝑥௧ᇱ)ሿሾ෍𝑥௧𝑥௧ᇱሿିଵ்

௧ୀଵ
்

௧ୀ௩ାଵ
௤

௩ୀଵ  ்
௧ୀଵ  

where 𝑢ො௧ ,𝑇 is the residual from the OLS regression for data 𝑡 in a sample of size 𝑇, and q 
denotes the lag truncation parameter that establish the maximum lag used to correct for serial 
correlation. The optimal lag selection was determined automatically based on the sample 
size, or depends on the selection of the lag length q, beyond which the autocorrelation of 𝑥௧𝑢ො௧ and 𝑥௧ି௩𝑢ො௧ି௩ is assumed to be zero (Newey & West, 1987, 1994). Following Newey 
and West (1994), the optimal bandwidth parameter 𝑞 is determined automatically or can be 
approximated using the rule of thumb for the selection of the lag length 𝑞, and  computed 
as:  𝑞 = ሾ0.75 .𝑇భయ]                       (25) 

 This correction ensures consistent standard errors in the presence of serially correlated 
and heteroskedastic disturbances. The moderation analysis is conducted by first estimating 
the baseline regression model and subsequently introducing the interaction term between the 
independent variable and the moderating variable, resulting in several possible outcomes 
based on the established classification of moderation effects (Table 3). 

Table 3. Categorization of MMRMs. 

 Results Class Description  

β2 insignifant;  
β3 significant 

Pure Moderator The moderator has no direct effect on the dependent variable but moderates the 
relationship between the independent and dependent variables. 
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 Results Class Description  

β2 significant;  
β3 significant 

Quasi Moderator The moderator has a direct effect on the dependent variable and also moderates the 
relationship between the independent and dependent variables. 

β2 signifant;  
β3 insignifant 

Predictor Moderator The moderator directly affects the dependent variable but does not moderate the 
relationship between the independent and dependent variables. 

β2 insignifant;  
β3 insignifant 

Homologizer Moderator The moderator has neither a direct effect nor a moderating effect on the relationship 
between the independent and dependent variables. 

 Source : Adapted from Solimun, Fernandes, & Nurjannah, 2017 

4. Results 

This study employs daily data for three tokenized carbon assets, including $KLIMA, Base 
Carbon Tonne (BCT), and Moss Carbon Credit (MCO2), covering the period from 20 October 2021 to 
20 October 2024. The selection of both the assets and the observation period is motivated by several 
considerations. First, $KLIMA, BCT, and MCO2 are among the most actively traded and widely 
adopted tokenized carbon assets, making them representative of the broader blockchain-based 
voluntary carbon markets (Carbon Credits, 2024). Second, the data are publicly available and directly 
accessible through blockchain, particularly PolygonScan for $KLIMA and BCT, from the initial 
launch of each token, ensuring transparency and data reliability. 

4.1. Data 

Before conducting the Augmented Dickey-Fuller (ADF) test, all the data series transformed 
using the natural logarithm 𝑙𝑛(𝑥 +  1) to address the presence of zero-sampling observations. This 
transformation was applied because variables in tokenized carbon assets on-chain trading, including 
trading volume, transaction value, market capitalization, transaction frequency, and active wallets, 
tend to exhibit strong right-skewness, high volatility, and large dispersion, as observed in the scatter 
plots (Figure 2 to 10). The logarithmic transformation helps reduce skewness, stabilize variance, and 
dampen the influence of extreme values, thereby making the time series more suitable for unit root 
testing.  

               
 

Figure 2. Plot of Daily Dollar Volume of Tokens $KLIMA, BCT, and MCO2. 

                
 

Figure 3. Plot of Daily Bid-ask Spread of Tokens $KLIMA, BCT, and MCO2. 

                 
                 

Figure 4. Plot of Daily Return Volatility of Tokens $KLIMA, BCT, and MCO2. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 February 2026 doi:10.20944/preprints202602.1646.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1646.v1
http://creativecommons.org/licenses/by/4.0/


 22 of 71 

 

                 
                  

Figure 5. Plot of Daily Total Supply of Tokens $KLIMA, BCT, and MCO2. 

                 
                   

Figure 6. Plot of Daily Shared Volume of Tokens $KLIMA, BCT, and MCO2. 

                 
                    

Figure 7. Plot of Daily Transaction Value of Tokens $KLIMA, BCT, and MCO2. 

                  
                   

Figure 8. Plot of Daily Market Capitalization of Tokens $KLIMA, BCT, and MCO2. 

                  
                   

Figure 9. Plot of Daily Transfer Amounts of Tokens $KLIMA, BCT, and MCO2. 

                    
                 

Figure 10. Plot of Daily Active Wallet of Tokens $KLIMA, BCT, and MCO2. 

Figure 2 shows the daily dollar trading volume of the three tokens, revealing substantial 
heterogeneity and volatility clustering over time, particularly during periods of heightened market 
activity. $KLIMA and BCT exhibit pronounced fluctuations and episodic surges, while MCO2 
displays a relatively smoother but declining volume trajectory toward the end of the sample. Figure 
3 illustrates the daily bid-ask spread, where all three series fluctuate narrowly around a constant 
mean with no visible trend or persistence. This pattern suggests that the bid-ask spread behaves as a 
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white noise process, reflecting short-term liquidity conditions rather than long-run dynamics. 
Consequently, unlike other variables, the bid–ask spread does not exhibit strong trending behavior 
or volatility clustering. Figure 4 presents the daily return volatility, which shows clear evidence of 
volatility clustering across all tokens, with elevated volatility during the early periods followed by 
calmer phases and intermittent spikes. This behavior is consistent with stylized facts of financial time 
series and supports the use of conditional heteroskedasticity models in subsequent analysis. Figure 
5 depicts the evolution of total token supply, where $KLIMA and BCT show increasing or stepwise 
expansion patterns, while MCO2 exhibits a relatively stable or mildly declining supply, reflecting 
differences in token issuance and retirement mechanisms. Figures 6 and 7 report the daily shared 
volume and transaction value, respectively. Both variables exhibit strong dispersion and nonlinear 
dynamics, with observable shifts in activity intensity over time. These patterns indicate changing 
levels of market participation and transaction size, reinforcing the presence of non-stationarity prior 
to transformation. Figure 8 shows the daily market capitalization, which generally follows a 
downward or cyclical trend, mirroring broader market conditions and price movements in carbon 
token markets. Figures 9 and 10 display the daily transfer amount and the number of active wallets, 
both of which demonstrate declining trends accompanied by sporadic spikes, suggesting periods of 
concentrated network activity followed by sustained contractions. 

4.2. Descriptive Statistic 

Table 4. Summary of Descriptive Statistics. 

 
 

 

     Source: Author’s computation using Eviews 2012 

The descriptive statistics (Table 4) indicate that the empirical distributions of liquidity and on-
chain trading variables deviate substantially from normality. Skewness coefficients reveal 
pronounced asymmetry across series, with both positive and negative values, indicating unequal 
probabilities of extreme upward and downward realizations. Variables related to trading activity and 
token supply exhibit predominantly negative skewness, suggesting that contractions in market 
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activity occur more frequently or with greater magnitude than expansions. In contrast, variables 
displaying positive skewness are characterized by a longer right tail, indicating that extreme surges 
in return volatility, transfer amount and market capitalization occur less frequently but with 
relatively larger magnitudes compared to negative realizations. Kurtosis estimates for most variables 
exceed the normal benchmark of three types of tokens, implying leptokurtic distributions characterized 
by high peak and fat-tailed.  

The data series in this distribution has more outliers and extreme values. This feature is 
particularly pronounced in return volatility and bid-ask spread series, where extremely high kurtosis 
reflects the coexistence of frequent small variations and infrequent but large shocks. However, a small 
number of series exhibit kurtosis values below three, suggesting platykurtic distributions with 
relatively flatter peaks and thin-tailed or spread-out shape compared to a normal distribution. There 
are fewer extreme weight values than expected in a normal distribution. This heterogeneity in tail 
behavior reflects differences in trading intensity, liquidity conditions, and on-chain activity across 
tokens and variables. Mean values close to zero for return volatility and bid-ask spreads indicate the 
absence of systematic directional bias, while the series mean value is exceeding zero indicates that 
the series may be not stationary. The wide range between minimum and maximum values, alongside 
elevated of standard deviations, confirms substantial dispersion and the presence of extreme 
observations (outlier). These distributional characteristics provide strong evidence of non-normality 
and fat-tailed behavior in tokenized carbon asset markets, supporting the use of logarithmic 
transformation and econometric methods robust to heteroskedasticity and tail risk. 

4.3. Unit Root - ADF test 

Table 5. The ADF test Statistics at Level I(0) and First Difference I(1). 

 

 
According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% 
level **** ADF test include a constant term without trend. 
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The unit root test (Table 5) employs critical values at the 99%, 95%, and 90% confidence levels. 
Table 3 shows that the variables in this study exhibit mixed orders of integration. Justifiably, most 
variables are stationary at level I(0). However, the dollar volume of MCO2 and the market 
capitalization of BCT and MCO2 are not stationary. After applying first differencing, that is at I(1), 
all variables become stationary. 

4.4. Moderated Regression Analysis 

We use multivariate regressions to capture the direct and moderation effect using ordinary least 
squared (OLS) (compares with Appendixes A1-A4). After estimating the moderated regression 
models using OLS, which is diagnostic tests indicated the presence of autocorrelation and 
heteroskedasticity in the residuals (𝑢௧) (see Appendixes B3-B4). We estimated Models 1, Model 2 and 
Model 3௖  with Newey-West Heteroscedasticity and Autocorrelation Consistent (HAC) covariance 
estimator to obtain robust standard errors, following the approach adopted by Muller (2014) and 
Guzmán et al. (2021). Model 3௖, estimated using mean-centered data corresponding to the simulated 
data used in Model 3, exhibited VIFs less than 2, indicating a reduction in multicollinearity for the 
specific variables (see Appendix B1). 

Table 6. Moderation Effect of Tokenized Carbon On-chain Trading and Dollar Volume. 
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     According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level  

1. Model 1 
DV1 = 𝜔 + 𝛽ଵ*TS + 𝛽ଶ*SV + 𝛽ଷ*VT + 𝛽ସ*TA + 𝛽ହ*MC + 𝛽଺*AW 

DV1K =  -0.017209 + 4.581571*TS - 0.305763*SV + 0.098641*VT - 0.106829*TA + 0.336248*MC + 

0.210058*AW 

DV1B =  -0.005966 + 0.959375*TS - 2.539459*SV + 2.395391*VT - 0.138792*TA - 1.0850473*MC 

+ 0.1759425*AW 

DV1M =  -0.006335 - 14.964266*TS - 0.112477*SV + 0.099818*VT - 0.079857*TA + 0.034757*MC 

+ 0.124366*AW 

Table 4 shows that Model 1 for the $KLIMA and BCT tokens has F-statistics of 10.12820 and 
9.908289, respectively, which are positive and significant at the 1% level. The adjusted R� values are 
5.40% for $KLIMA and 5.287% for BCT, indicating moderate explanatory power in explaining 
variations in dollar volume. In contrast, the F-statistic for MCO2 is not significant, suggesting that the 
regression model does not simultaneously affect dollar volume. The partial test results for $KLIMA 
indicate that only total supply is positively and significantly correlated with dollar volume (t-statistic 
= 4.581571) significant at the 1% level. For MCO2, total supply (t-statistic = -14.96427) shows a negative 
correlation with dollar volume. Meanwhile, for BCT, total supply (t-statistic = 0.959375), transaction 
value (t-statistic = 2.395391), and active wallets (t-statistic = 0.175943) exhibit positive correlation with 
dollar volume, whereas share volume (2.539459) has a negative effect or associated with a decline in 
dollar volume. 

2. Model 2 
DV2 = 𝜔 + 𝛽ଵ*TS + 𝛽ଶ*SV + 𝛽ଷ*VT + 𝛽ସ*TA + 𝛽ହ*MC + 𝛽଺*AW + 𝛽଻*RI 

DV2K = -0.167994 + 5.031138*TS - 0.283469*SV + 0.075283*VT - 0.105074*TA + 0.320678*MC + 

0.208858*AW + 0.017985*RI 
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DV2B = -0.059303 + 0.962323*TS - 2.534512*SV + 2.390420*VT - 0.138872*TA - 1.088771*MC + 

0.176022*AW + 0.006424*RI 

DV2M = 0.027178 - 15.030573*TS - 0.112498*SV + 0.099838*VT - 0.079843*TA + 0.036040*MC 

+ 0.124366*AW - 0.004037*RI 

Model 2 extends the baseline specification by adding regulatory variables without interaction 
terms in the regression model. Nevertheless, none of the regulatory indicators are statistically 
significant, and the overall estimation results remain largely consistent with Model 1, differing only 
in coefficient magnitudes. This suggests that regulation, when included independently, does not 
provide additional explanatory power for dollar volume. The results of F-statistic for $KLIMA of 
8.723198 and BCT of 8.487519 remain positive and statistically significant, indicating that the 
regression model continues to be valid after the inclusion of regulatory variables. The R� values of 
0.054371 for $KLIMA and 0.052886 for BCT indicate that the model explains approximately 5.44% 
and 5.29% of the variation in dollar volume, respectively. Although all regulatory indicators are 
individually insignificant, their inclusion leads to an improvement in the model’s explanatory power, 
with an increase in adjusted R� of less than 1%. The partial regression results for $KLIMA indicate 
that only total supply is positively and significantly correlated with dollar volume (t-statistic = 
5.031139) significant at the 1% level. For MCO2, total supply (t-statistic = -15.03057) shows a negative 
correlation with dollar volume. Meanwhile, for BCT, total supply (t-statistic = 0.962324), transaction 
value (t-statistic = 2.390421), and active wallets (t-statistic = 0.176022) exhibit positive correlation with 
dollar volume, whereas shared volume (2.534513) shows a negative correlation, indicating a potential 
reduction in dollar volume. 

3. Model 3௖ 
DV_C3 = 𝜔 + 𝛽ଵ*TS_C + 𝛽ଶ*SV_C +𝛽ଷ*VT_C + 𝛽ସ*TA_C +𝛽ହ*MC_C +𝛽଺*AW_C + 𝛽଻*RI_C 

+ 𝛽଼ *TSRI_C + 𝛽ଽ *SVRI_C + 𝛽ଵ଴ *VTRI_C + 𝛽ଵଵ *TARI_C + 𝛽ଵଶ *MCRI_C + 𝛽ଵଷ*AWRI_C 

DV_C3K = -0.010851 - 0.226803*TS_C - 0.133500*SV_C - 0.124428*VT_C - 0.100583*TA_C + 

0.185758*MC_C + 0.176666*AW_C + 0.005692*RI_C + 1.302811*TSRI_C - 

0.177710*SVRI_C + 0.384968*VTRI_C - 0.141018*TARI_C + 0.903556*MCRI_C + 

0.103926*AWRI_C 

DV_C3B = -0.011918 + 3.075974*TS_C - 3.302904*SV_C + 3.176571*VT_C - 0.111156*TA_C - 

2.418640*MC_C + 0.130703*AW_C + 0.0054749*RI_C - 1.895713*TSRI_C + 

0.839944*SVRI_C - 0.879113*VTRI_C - 0.127865*TARI_C + 2.857925*MCRI_C + 

0.0527820*AWRI_C 

DV_C3M = 0.007213 + 181.805063*TS_C - 0.350142*SV_C + 0.334341*VT_C - 0.089395*TA_C + 

0.200857*MC_C + 0.121755*AW_C + 0.006782*RI_C + 136.621861*TSRI_C + 

0.244234*SVRI_C - 0.2668866*VTRI_C + 0.004399*TARI_C + 1.148911*MCRI_C + 

0.114934*AWRI_C 

Model 3௖ is estimated using mean-centered Moderated Multiple Regression Models (MMRMs) 
and shows that the F-statistics for all carbon tokens are positive and statistically significant, with 
values of 7.769656 for $KLIMA, 5.624992 for BCT, and 1.587541 for MCO2. The inclusion of interaction 
terms improves the model’s explanatory power, as reflected by increases in adjusted R� of more than 
1%, reaching 8.70% for $KLIMA, 6.46% for BCT, and 1.91% for MCO2. The partial regression results 
indicate that none of the main predictor has a significant effect on dollar volume for $KLIMA. In 
contrast, for BCT and MCO2, share volume is negatively and significantly correlated with dollar 
volume, with t-statistics of 3.302905 and 0.350143, respectively. Meanwhile, transaction value shows 
a positive and significant relationship with dollar volume for both tokens, with t-statistics of 3.176571 
for BCT and 0.334342 for MCO2. These findings suggest that the greater volume of tokens traded may 
reduce dollar volume, whereas higher transaction prices contribute to increasing dollar volume. 
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Regarding the interaction terms, only the interaction between market capitalization and regulation is 
positively and significantly correlated with dollar volume across all tokens $KLIMA, BCT, and 
MCO2, with t-statistics of 0.903557, 2.8557925, and 1.148912. The regulatory factors play an important 
moderating role in influencing trading activity, particularly through their interaction with market 
capitalization, thereby reinforcing the relevance of regulatory in carbon token markets. 

Table 7. Moderation Effect of Tokenized Carbon On-chain Trading and Bid-ask Spread . 
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             According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% 

level 
1. Model 1 

BS1 = 𝜔 + 𝛽ଵ*TS + 𝛽ଶ*SV + 𝛽ଷ*VT + 𝛽ସ*TA + 𝛽ହ*MC + 𝛽଺*AW  

BS1K = -7.544500 - 0.024920*TS - 0.011880*SV + 0.013064*VT + 0.018556*TA - 0.012388*MC - 

0.008234*AW 

BS1B = 2.922749 + 0.009277*TS + 0.005017*SV - 0.005754*VT + 0.006281*TA + 0.031991*MC - 

0.003469*AW 

BS1M = 0.000219 + 0.568442*TS + 0.005984*SV - 0.005899*VT + 0.007978*TA + 0.087442*MC - 

0.006185*AW 

Table 7 shows the F-statistic in Model 1 for $KLIMA  is not statistically significant, and at the 
partial level, only the transfer amount variable is significant at the 10% level. In contrast, the F- 
statistic results for the other two tokens are statistically significant, with values of 2.612653 for BCT 
and 5.112551 for MCO₂, indicating that the predictors are jointly and positively associated with bid-
ask spread. However, the corresponding R� values are relatively low, 0.014506 for BCT and 0.027997 
for MCO2, suggesting that the regression models have weak explanatory power in explaining 
variations in dollar volume. At the partial level, total supply and transfer amount are positively 
correlated with bid-ask spread for BCT, whereas for MCO2, transfer amount emerges as the primary 
predictor. This finding indicates that the number or daily frequency of carbon token transactions 
serves as a key determinant in increasing bid-ask spread. 

2. Model 2  
BS2 = 𝜔 + 𝛽ଵ*TS + 𝛽ଶ*SV + 𝛽ଷ*VT + 𝛽ସ*TA + 𝛽ହ*MC + 𝛽଺*AW + 𝛽଻*RI 

BS2

K 

= 0.000932 - 0.027723*TS - 0.012019*SV + 0.013210*VT + 0.018545*TA - 0.012291*MC - 

0.008226*AW - 0.000112*RI 

BS2B = 0.000467 + 0.009252*TS + 0.004976*SV - 0.005713*VT + 0.006282*TA + 0.032021*MC - 

0.003470*AW - 5.285022*RI 

BS2

M 

= -0.000425 + 0.569719*TS + 0.005984*SV - 0.005899*VT + 0.007978*TA + 0.087417*MC - 

0.006185*AW + 7.774379*RI 

The results remain consistent in Model 2, where the inclusion of the regulatory moderation 
variable without interaction terms does not yield statistically significant effects. The F-statistic for 
$KLIMA (1.277560) exceed their 10% critical value, and at the partial level, only the transfer amount 
(t test = 0.018557) is positively correlated with bid-ask spread. For the BCT token, the F-statistic value 
of 2.237685 is statistically significant positive, and the regression model explains 1.45% of the 
variation in bid-ask spread, representing a slight increase relative to Model 1, although the 
improvement is not statistically significant (less than 1%). At the partial level, total supply (t-statistic 
= 0.09253) and transfer amount (t-statistic = 0.006282) remain statistically significant and positively 
correlated with bid-ask spread. For MCO2, the F-statistic value is 4.37685, with the regression model 
explaining 2.79% of the variation in bid-ask spread. The t-statistic result for transfer amount 
(0.007978) is significant at the 5% level, indicating a positive correlation with bid-ask spread. These 
results indicate that the daily frequency of transactions is the main predictor to spread size. 

3. Model 3௖ 
BS3 = 𝜔 + 𝛽ଵ*TS_C + 𝛽ଶ*SV_C +𝛽ଷ*VT_C + 𝛽ସ*TA_C +𝛽ହ*MC_C +𝛽଺*AW_C + 𝛽଻*RI_C 

+𝛽଼*TSRI_C +𝛽ଽ*SVRI_C + 𝛽ଵ଴*VTRI_C +𝛽ଵଵ*TARI_C + 𝛽ଵଶ*MCRI_C + 𝛽ଵଷ*AWRI_C 
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BS3K =  -0.000649 - 0.292515*TS_C - 0.001790*SV_C + 0.002752*VT_C + 0.020789*TA_C - 

0.026530*MC_C - 0.012330*AW_C - 0.000920*RI_C + 0.330264*TSRI_C - 

0.082472*SVRI_C + 0.083102*VTRI_C - 0.011385*TARI_C + 0.092837*MCRI_C + 

0.008480*AWRI_C 

BS3B = -0.000139 - 0.1003491*TS_C + 0.007844*SV_C - 0.008766*VT_C + 0.004893*TA_C + 

0.012357*MC_C - 0.002314*AW_C - 0.000151*RI_C + 0.096839*TSRI_C - 

0.007504*SVRI_C + 0.008406*VTRI_C + 0.003008*TARI_C + 0.045020*MCRI_C - 

0.002656*AWRI_C 

BS3M =  -0.000157 - 3.064939*TS_C + 0.025344*SV_C - 0.025087*VT_C + 0.008872*TA_C + 

0.077316*MC_C - 0.006375*AW_C - 0.000154*RI_C - 2.054216*TSRI_C - 

0.016964*SVRI_C + 0.016816*VTRI_C - 0.003037*TARI_C - 0.092590*MCRI_C - 

0.000222*AWRI_C 

Table 7 shows that for carbon tokens KLIMA, BCT, and MCO₂, the Model 3௖  F-
statistics (1.760903, 2.108358, and 3.412527) are significant at the 5% level, indicating that 
the regression models simultaneously explain variations in the bid-ask spread. The 
corresponding explanatory power of the models is relatively modest, with adjusted R² values 
of 2.12%, 2.52%, and 4.02%, respectively. At the partial level, none of the main predictors, 
the regulatory moderation variable, nor their interaction terms are statistically significant for 
$KLIMA token, as all exceed the 10% significance level. For BCT, only the transfer amount 
variable (t-statistic = 0.04894) is significant at the 5% level and is positively associated with 
the bid-ask spread. For MCO2, the share volume (t-statistic = 0.022534) and transfer amount 
(t-statistic = 0.0008873) exhibit positive correlations with the bid-ask spread, while the 
transaction value variable (t-statistic = -0.025088) is negatively correlations with the bid-ask 
spread. In addition, the interaction terms between share volume with regulation (t-statistic = 
-0.016964) and transaction value with regulation (t-statistic = 0.01681) are significant at the 
5% level, indicating that regulatory conditions moderate the relationship between on-chain 
trading activity and bid-ask spread. 

Table 8. Moderation Effect of Tokenized Carbon On-chain Trading and Return Volatility. 
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According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 

1. Model 1 
RV1 = 𝜔 + 𝛽ଵ*TS + 𝛽ଶ*SV + 𝛽ଷ*VT + 𝛽ସ*TA + 𝛽ହ*MC + 𝛽଺*AW  

RV1K = -5.419867 - 0.005494*TS - 0.005445*SV + 0.005710*VT + 0.000713*TA + 0.003226*MC - 

0.000169*AW 
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RV1B = -3.964639 + 4.771084*TS - 0.000311*SV + 0.000420*VT + 0.0001250*TA + 0.003434*MC 

- 5.054299*AW 

RV1M = 6.569369 + 0.230647*TS - 0.001434*SV + 0.001450*VT - 3.808776*TA + 0.045468*MC + 

0.000642*AW  

Table 8 shows that for carbon tokens $KLIMA, BCT, and MCO2, F-statistics of the Model 1 
(9.233537, 5.228438, and 64.04652) are statistically significant at the 1% level, indicating that the 
regression models jointly explain variations in return volatility. The adjusted R� values indicate 
heterogeneous explanatory power across tokens, amounting to 4.95% for $KLIMA, 2.86% for BCT, 
and a substantially higher 26.51% for MCO2. This suggests that the regression model captures return 
volatility dynamics more effectively for MCO2 compared to the other carbon tokens. At the partial 
level, only the total amount variable (0.000714) exhibits a positive and statistically significant 
relationship with return volatility for $KLIMA at the 5% significance level. In contrast, for both BCT 
and MCO2, market capitalization emerges as the primary determinant of return volatility, with 
statistically significant t-values of 0.003435 and 0.045469, respectively. These findings indicate that 
while transactional activity drives volatility in $KLIMA, size-related market factors play a more 
dominant role in explaining return volatility for BCT and MCO2. 

2. Model 2 
RV2 = 𝜔 + 𝛽ଵ*TS + 𝛽ଶ*SV + 𝛽ଷ*VT + 𝛽ସ*TA + 𝛽ହ*MC + 𝛽଺*AW + 𝛽଻*RI 

RV2K = -0.000609 - 0.003839*TS - 0.005363*SV + 0.005624*VT + 0.000720*TA + 0.003168*MC - 

0.000173*AW + 6.620261*RI 

RV2B = -0.000513 + 7.3925383*TS - 0.000267*SV + 0.000375*VT + 0.000124*TA + 0.003401*MC 

- 4.344180*AW + 5.712846*RI 

RV2M = 1.296245 + 0.2307513*TS - 0.0014349*SV + 0.001450*VT - 3.810951*TA + 0.045466*MC 

+ 0.000642*AW + 6.352417*RI 

In Model 2, the F-statistics for all carbon tokens decline but remain positive and statistically 
significant (7.963779 for $KLIMA, 4.2587335 for BCT, and 54.84563 for MCO2). This significance 
indicates that return volatility remains predictable using the regression framework. However, the 
explanatory power of the models improves only marginally, with increases in adjusted R� of less than 
1%, suggesting that the additional explanatory variables contribute limited incremental information. 
At the partial level, total amount remains the main determinant of return volatility for $KLIMA, 
exhibiting a weak but positive association (t-statistic = 0.000720). In contrast, market capitalization 
for both BCT and MCO2 continues to exert a significant influence on increasing return uncertainty, 
with statistically significant t-statistic of 0.003435 and 0.045469, respectively. These findings indicate 
that while transactional activity drives volatility in $KLIMA, size-related market factors play a more 
dominant role in explaining return volatility for BCT and MCO2. Furthermore, the regulatory 
moderation variable remains statistically insignificant across all tokens, indicating that regulation 
does not exert a direct effect on return volatility in the absence of interaction terms. 

3. Model 3௖ 
RV3   = 𝜔 + 𝛽ଵ*TS_C + 𝛽ଶ*SV_C +𝛽ଷ*VT_C + 𝛽ସ*TA_C +𝛽ହ*MC_C +𝛽଺*AW_C + 𝛽଻*RI_C 

+  𝛽଼ *TSRI_C + 𝛽ଽ *SVRI_C + 𝛽ଵ଴ *VTRI_C + 𝛽ଵଵ *TARI_C + 𝛽ଵଶ *MCRI_C + 𝛽ଵଷ*AWRI_C 

RV3K = -0.000134 - 0.011247*TS_C - 0.004877*SV_C + 0.005177*VT_C + 0.000666*TA_C + 

0.002365*MC_C - 9.816520*AW_C + 3.673547*RI_C + 0.018766*TSRI_C - 

0.003832*SVRI_C + 0.003553*VTRI_C + 0.000233*TARI_C + 0.004852*MCRI_C - 

5.938385*AWRI_C 
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RV3B = -6.224002 - 0.005440*TS_C + 0.001638*SV_C - 0.001529*VT_C + 0.000121*TA_C + 

0.002937*MC_C + 2.778274*AW_C + 5.099333*RI_C + 0.005015*TSRI_C - 

0.004984*SVRI_C + 0.004920*VTRI_C - 5.295257*TARI_C + 0.001908*MCRI_C + 

0.000184*AWRI_C 

RV3M = -6.413245 - 0.414182*TS_C + 0.000977*SV_C - 0.000936*VT_C + 9.365213*TA_C + 

0.037383*MC_C + 0.000508*AW_C - 3.897271*RI_C - 0.298410*TSRI_C - 

0.001097*SVRI_C + 0.001031*VTRI_C + 0.000432*TARI_C - 0.031803*MCRI_C - 

0.000673*AWRI_C 

The results of the moderation effect analysis indicate that the F-statistics of 6.457479 for $KLIMA, 
4.569600 for BCT, and 38.78323 for MCO2 are positive and significant at the 1% level. These findings 
suggest that regression model 3௖, estimated using mean-centered Moderated Multiple Regression 
Models (MMRMs), effectively explains variations in return volatility. Furthermore, the adjusted R� 
values exhibit notable improvements of 7.36% for $KLIMA, 5.32% for BCT, and 32.2% for MCO2, 
indicating a substantial enhancement in the explanatory power of the model, particularly well fitted 
to explain return volatility for MCO2. The partial regression results, for $KLIMA, reveal that the 
transfer amount (t-statistic = 0.000666) is significant  at the 5% level, while the interaction between 
market capitalization and regulation (t-statistic = 0.004853) is significant at the 10% level. They 
demonstrate a positive correlation with return volatility. For the BCT token, market capitalization (t-
statistic = 0.002937) is the only variable that exhibits a positive and statistically significant correlation 
with return volatility. In other hand, MCO2 presents that market capitalization (t-statistic = 0.037384) 
has a positive correlation with return volatility. However, within the MMRM framework, the t-
statistic of the interactions between total supply and regulation is (0.001097) and between market 
capitalization and regulation is (0.031804), both are significant negatively correlated to return 
volatility at 5% critical level. These results indicate that larger market size and higher frequency 
transaction may contribute to reducing volatility under regulatory influence. Conversely, the 
interaction between share volume and regulation exhibits a positive effect on return volatility (t-
statistic = 0.001031), suggesting that regulatory conditions may amplify volatility in high-volume 
trading environments. 

4.4.1. The Effect of Trading Volume and Return Volatility in Liquidity Series 

1. Model 1 
BS_C1 = 𝜔 + 𝛽ଵ*DV + 𝛽ଶ*RV 
BS_C1K = 0.000142 + 0.001612*DV + 1.902649*RV 
BS_C1B = -4.004023 + 0.000109*DV + 0.012012*RV 
BS_C1M = 5.129239 - 0.000823*DV + 0.856416*RV 

Table 9 shows that the return volatility of carbon tokens measured by bid-ask spreads exhibits a 
strong positive relationship for $KLIMA, with a positive correlation of 1.902649, while no significant 
correlation is observed between dollar volume and the bid-ask spread. In contrast, for the BCT and 
MCO2 tokens, no significant correlation is found between examined variable and the bid-ask spread. 
However, the F-statistic results for $KLIMA (3.055399) and MCO2 (0.016160) are statistically 
significant, indicating that the predictors jointly contribute to a widening of the spread size. For the 
$KLIMA token, the adjusted 𝑅ଶ value of 0.047515 indicates that 4.75% of the variation in the bid-ask 
spread is explained by dollar volume and return volatility. For the MCO2 token, the 𝑅ଶ value of 
0.014323 suggests that only 1.43% of the variation in the bid-ask spread is explained by the model, 
while the remaining 98.57% is attributable to factors outside the scope of this study. 

Table 9. Moderation Effect in Liquidity Series. 
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According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% 
level. 

2. Model 2 
BS2 = 𝜔 + 𝛽ଵ*DV_C + 𝛽ଶ*RV_C + 𝛽ଷ*RI 

BS2K = 0.001337 + 0.001613*DV + 1.904729*RV - 0.000143*RI 

BS2B =       -0.000392 + 0.000109*DV + 0.011372*RV + 4.242493*RI 
BS2M =        -0.000363 - 0.000822*DV + 0.856401*RV + 4.999821*RI 

The inclusion of the regulatory moderation variable is not statistically significant across the three 
tokens. The F-statistic results indicate that the moderation effect is not significant for the KLIMA and 
BCT tokens, while it is statistically significant for MCO2. Meanwhile, the relationship between return 
volatility and the bid-ask spread for KLIMA remains statistically significant based on the t-statistic, 
with a positive correlation of 1.904730. In contrast, for the MCO2 and BCT tokens, the t-statistic results 
indicate no statistically significant relationship. Only the predictors in the MCO2 model are 
statistically significant in explaining the widening of the bid-ask spread, as indicated by an F-statistic 
value of 5.858656. 

3. Model 3௖ 
BS_C3 = 𝜔 + 𝛽ଵ*DV_C + 𝛽ଶ*RV_C + 𝛽ଷ*RI_C + 𝛽ସ*DVRI_C + 𝛽ହ*RVRI_C 

BS_C3K = -2.827475+ 0.002325*DV_C + 1.908694*RV_C - 0.000190*RI_C + 0.002089*DVRI_C - 

0.452727*RVRI_C 

BS_C3B = -5.138143 - 0.000527*DV_C - 0.014520*RV_C + 4.366087*RI_C + 0.001723*DVRI_C - 

0.022612*RVRI_C 

BS_C3M = 6.070109 - 0.000642*DV_C - 1.596865*RV_C + 0.000260*RI_C + 0.005876*DVRI_C - 

2.892305*RVRI_C 
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In the Model 3௖, the F-statistic for the MCO2 token indicates a statistically significant result with 
a positive correlation of 12.62324, suggesting that 5.58% of the variation in the bid-ask spread can be 
explained by the regression model. Accordingly, dollar volume, return volatility, the regulatory 
moderation variable, and their interaction terms jointly exert a significant effect on the widening of 
the bid-ask spread. Partial test results show that the interaction between dollar volume and regulation 
has the potential to widen the spread, as indicated by the t-statistic (0.005877). In contrast, the 
interaction between return volatility and regulation reduces the bid-ask spread, as reflected by a 
negative t-statistic (-2.892306). For the $KLIMA token, only return volatility (t-statistic = 1.908694) 
exhibits the potential to increase the bid-ask spread. Meanwhile, for the BCT token, neither the partial 
nor the simultaneous tests are statistically significant, indicating that regulation does not function as 
a moderating variable in the regression model. 

4.5. Diagnostic Checking of Residuals 

4.5.1. Jarque-Bera test 

The Jarque-Bera test (see Appendix B3) performs statistically significant results across all 
models. Nevertheless, in accordance with the Law of Large Numbers (LLNs) and the Central Limit 
Theorem (CLT), the distribution of sample means will approach the normal distribution as the sample 
size increases (Hernandez, 2019), mostly defined as an n ≥ 30 (Mascha & Vetter, 2018). Consequently, 
increasing the sample size reduces the random sampling error, thereby enhancing the stability and 
reliability of statistical inference (Islam, 2018). 

4.5.2. Ljung-Box Test 

The Ljung-Box autocorrelation test (see Appendix B4) provides strong evidence to reject the null 
hypothesis at the 1% significance level up to 10 lags, indicating that the residuals are not 
independently distributed and exhibit serial correlation. The result remains robust after HAC 
correction. 

4.5.3. White Test 

The White test results (see Appendix B2), for $KLIMA token, fails to reject the null hypothesis 
of homoskedasticity for Model 1 and Model 3௖, estimated using mean-centered MMRMs, with p-
values exceeding the 10% significance level when dollar volume is used as the dependent variable. 
However, for BCT and MCO2 remains statistically significant at the 1% and 5% levels across all 
model. It was deduced that the null hypothesis of homoscedasticity was rejected for all regression 
model. This is because the probability value of the chi-square was less than 1% levels of significance. 
This implies that the residual of the model was still heteroscedastic. The continued presence of 
heteroskedasticity for BCT and MCO2, even after HAC correction, points to structural variance 
instability, potentially driven by differences in liquidity, trading intensity, and market microstructure 
characteristics. These findings suggest that mean-centered MMRMs reduces multicollinearity only 
for specific tokens and regression model. Therefore, HAC robustness corrections were applied to 
ensure the reliability of the estimation results. 

4.5.4. VIF Test 

Variance inflation factors (VIFs) are computed based on OLS estimator before and after mean-
centering to assess multicollinearity. The VIF test indicate the presence of multicollinearity for total 
supply, shared volume, and transaction value across all models (see Appendix B1). Switching model 
to the mean-centered MMRMs in Model 3௖ reduces VIF values, although multicollinearity remains 
present. While market capitalization, transfer amount, and active wallets exhibit VIF values below a 
numerical rule-of-thumb threshold 10, indicating no multicollinearity. The VIF result shows that the 
model is not free from multicollinearity problems. Hence, the study concludes that the study 
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variables are feasible for parametric analysis, even though some of their VIF values were up to 10. 
Following O’Brien (2007), high VIF values do not necessarily imply inflated estimated variances, as 
factors such as large sample sizes, particularly in time-series data, can offset multicollinearity effects 
and preserve reliable statistical inference. even after the application of HAC robustness corrections.  

4.6. Moderation Effect 

Table 10 reports the estimation results of interaction terms between tokenized carbon asset on-
chain trading variables and regulatory index (RI) across $KLIMA, BCT, and MCO2, with dollar 
volume (DV), bid-ask spread (BS), and return volatility (RV) as dependent variables. The 
classification of moderation effects follows the distinction between homologizer moderators and pure 
moderators, based on the statistical significance of the interaction coefficients. 

Table 10. Moderation Effect Classification. 

 
According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% 
level. 

In the DV regressions, most interaction terms, including as TSRI_c, SVRI_c, VTRI_c, TARI_c, and 
AWRI_c, are statistically insignificant and therefore classified as homologizer moderators across all 
three tokens. This indicates that regulatory intensity reinforces the existing relationship between on-
chain trading activity and dollar volume without fundamentally altering its direction or significance. 
In contrast, the interaction between market capitalization and regulatory intensity (MCRI_c) is 
statistically significant for all tokens, with coefficients significant at the 1% level for KLIMA (𝛽12 = 
0.0099), the 5% level for BCT (𝛽12 = 0.0120), and the 5% level for MCO2 (𝛽12 = 0.0410). These results 
classify MCRI_c as a pure moderator, indicating that regulatory index exerts an independent 
moderating effect on the relationship between market capitalization and dollar volume, thereby 
strengthening the role of market size in driving dollar volume under tighter regulatory conditions.  

For BS, interaction effects for $KLIMA and BCT are largely insignificant and thus categorized as 
homologizer moderators. However, for MCO2, both SVRI_c and VTRI_c exhibit statistically 
significant interaction effects at the 5% level (𝛽9 = 0.0334 and 𝛽ଵ଴ = 0.0333), classifying them as pure 
moderators. This suggests that regulatory intensity directly affects liquidity costs in the MCO2 
market by altering the impact of on-chain trading activity variables on bid-ask spreads. 

For RV regressions, most interaction terms again function as homologizer moderators, reflecting 
that regulatory intensity generally conditions, rather than restructures. Nonetheless, MCRI_c is 
statistically significant at the 10% level for $KLIMA(0.0765) and MCO2 (𝛽12 = 0.0596) acts as a pure 
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moderator, indicating a pure moderating role of regulatory index in shaping  the capitalization-
volatility relationship in these markets. In addition, SVRI_c (𝛽9 = 0.0302) and VTRI_c (𝛽10 = 0.0373) 
emerge as pure moderators for MCO2 only, both are statistically significant at the 5% level, further 
supporting the presence of pure moderation effects in volatility dynamics for this token. These results 
suggest that regulatory intensity has a stronger and more direct volatility-moderating role in less 
liquid or more concentrated token markets.  

The interaction models where liquidity variables are conditioned on regulatory index, pure 
moderation effects are again concentrated in MCO2. The interaction DVRI_c is highly significant at 
the 1% level (𝛽4 = 0.0049), while RVRI_c is significant at the 5% level (𝛽5 = 0.0482). These results 
suggest that regulatory intensity plays a decisive and independent role in shaping liquidity dynamics 
in the MCO2 market. No corresponding pure moderator effects are found for KLIMA or BCT. 

The evidence indicates that regulatory intensity predominantly acts as a homologizer moderator 
across tokenized carbon on-chain markets. However, statistically significant pure moderator effects 
are sparse and highly asymmetric across tokens, occurring predominantly in the MCO2 market and 
primarily through market capitalization, shared volume and transaction value. In contrast, the 
majority of interaction terms across $KLIMA and BCT operate as homologizer moderators, indicating 
that regulatory intensity generally reinforces existing market relationships rather than fundamentally 
restructuring them. 

5. Discussion 

5.1. Direct Effect 

$KLIMA is a treasury-backed token with highly concentrated supply distribution, staking 
mechanisms, and demand structure, while BCT has a large free float and functions as a base carbon 
asset, causing its liquidity dynamics to be more strongly influenced by bridging mechanisms, token 
pools, and cross-DEX arbitrage strategies. Moreover, MCO2 exhibits a relatively narrow market 
structure characterized by a single type of carbon project, limited diversification, and high token 
holder concentration.  

Based on the computation, total supply exhibits a positive effect on dollar volume for $KLIMA 
and BCT, but a negative effect for MCO2, indicating heterogeneity in how token issuance translates 
into trading activity across tokenized carbon markets. Simultaneously, all six predictors exert a 
positive and significant effect on dollar volume for $KLIMA and BCT, suggesting that trading value 
in these markets is jointly driven by supply availability, transaction intensity, and on-chain 
participation. These results are consistent with evidence that transaction value and transfer activity 
enhance liquidity and trading volume (Ante, 2020; Liu et al., 2023), and with studies showing that 
transaction value is a key determinant of trading volume through price formation and legal certainty 
channels (Bhaduri, 2000). Related work in commodity transaction management further emphasizes 
that lot size and transaction value are central in shaping realized trading volume and improving 
volume predictability (Shaju et al., 2023), while historical and contemporaneous transaction volumes 
anchor feasible price ranges and market depth (Chitaley et al., 2010). Prior evidence also documents 
that supply, transaction value, and asset distribution influence trading volume by determining 
instrument availability for investors (Lee et al., 2025; Liu et al., 2010). More broadly, volume and 
transaction value are consistently linked to price fluctuations, abnormal returns, and index 
movements (Bhattacharya et al., 2016; George et al., 1994; Najiatun et al., 2022; Salim et al., 2022), 
reflecting their role as proxies for information intensity in markets, which in turn amplifies volatility 
and trading activity (Shi, 2005, 2006; Takaishi et al., 2016). 

Beyond supply, shared volume is negatively correlated with dollar volume, while transaction 
value and active wallets exert positive effects only for BCT, indicating that trading value in BCT is 
more strongly driven by transaction size and participant activity than by sheer turnover frequency. 
Nevertheless, high transaction volume tends to originate from noise trading activities rather than 
from informed traders or whales (big holder) with superior information, and therefore does not 
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explicitly reflect the intensity of information entering the market, because the traders are investors 
make investment decisions without relying on financial fundamentals, but instead base their actions 
on sentiment or misleading temporary information. This can lead to false signals and 
misinterpretation of market sentiment due to high trading volume driven by noise trading, which 
results in elevated volatility and increased investment risk. The positive role of active wallets is 
consistent with capital market evidence that a larger number of market participants increases trading 
value (Jamali et al., 2012), and with findings from China showing that large-scale and institutional 
participation amplifies total trading value (Bi et al., 2022). In crypto markets, wallets constitute the 
primary gateway for participation in trading and exchange activities (Albayati et al., 2021; Zhao, 
2018), with adoption driven by trust and user experience. Higher wallet activity therefore reflects 
increased speculative demand and information-seeking behavior, which intensifies market activity. 
This mechanism is consistent with evidence that surges in individual investor participation raise 
trading volume in Bitcoin markets (Guzmán et al., 2021), although prior studies also caution that such 
participation may deteriorate market quality while increasing trading intensity (Ozik et al., 2021; 
Pagano et al., 2021). Elevated trading volume has been associated with higher volatility and weaker 
returns (Chiah et al., 2020; Harjoto, 2021), and in crypto markets, is often linked to speculative or 
gambling-driven behavior (Baek et al., 2015; Baure et al., 2018; Flack & Morri, 2017; Gao et al., 2015; 
Tan et al., 2020). As emphasized by Harris (2002), speculative trading can be amplified by rumor-
mongering and price manipulation, a concern that is particularly relevant in fragmented crypto 
ecosystems. Consistent with Sukhomlyn (2024), the rapid expansion of crypto tokens, platforms, 
exchanges, and wallets has elevated aggregate trading volumes to levels comparable with major 
traditional stock exchanges, underscoring both the scale and the fragility of liquidity formation in 
tokenized carbon markets. 

Simultaneously, all six predictors exert a positive and significant effect on dollar trading volume 
for BCT and MCO2, indicating that liquidity in these tokenized carbon markets is jointly driven by 
supply availability, transaction intensity, and network participation. In contrast, only transfer 
amount has a positive and significant effect on bid-ask spreads for $KLIMA and MCO2, suggesting 
that higher trading frequency is associated with wider spreads in these markets. Trading frequency 
influences bid-ask spreads by shaping investor perceptions of market interest and activity (Patoni & 
Lasmana, 2018), and a positive relationship between trading frequency and spreads has been 
documented in equity markets where higher turnover may reflect speculative trading rather than 
depth-enhancing liquidity (Khoirayanti et al., 2020). While numerous studies report a negative 
relationship, implying narrower spreads under higher shared volume due to improved liquidity and 
information efficiency (Frieder et al., 2006; Hamidah et al., 2018; Giouvris et al., 2008; Heflin et al., 
2000), our findings indicate that frequency-based activity in decentralized carbon token markets may 
instead amplify inventory risk and adverse selection concerns. This divergence is consistent with 
evidence from Bessembinder (2003), who finds a negative frequency-spread relationship in U.S. 
corporate bond markets, and with Husni et al. (2024), who show that trading frequency is 
insignificant while price volatility plays a more dominant role. Moreover, the high-low spread 
estimator of Corwin and Schultz (2012) suggests that effective transaction costs may be 
underestimated in markets with low transaction frequency or thin liquidity, implicitly indicating that 
spreads tend to widen in less active markets. Evidence from crypto markets further supports this 
interpretation, as market efficiency and liquidity are shown to be state-dependent, improving during 
bullish periods and deteriorating during bearish phases (Zhang et al., 2020). 

For BCT, total supply and transfer amount both exhibit positive effects on bid-ask spreads, 
consistent with market microstructure theory (O’Hara, 1995), which emphasizes the role of trading 
frequency and supply distribution in determining market depth and price stability. Total supply 
reflects that token circulation is driven by minting, burning, swapping, pooling, and staking, 
contribute to price uncertainty, which in turn impacts the spread size. The large of token availability 
in the on-chain markets does not automatically lead to narrower spread and BCT’s liquidity is highly 
sensitive to supply demand order. Changes in supply affect bid-ask spreads, as the limited supply of 
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BCT increases adverse selection risk and raises transaction costs. This finding reinforces the argument 
that markets with low depth tend to experience widening spreads when supply fluctuates or when 
trading activity increases. Furthermore, transaction frequency has a direct impact on bid-ask spreads 
through the pressure of order flow and market responses to information.  Empirical evidence across 
crypto, equity, and commodity markets similarly shows that supply structure and transaction 
dispersion affect spreads through inventory costs and liquidity fragmentation (Baur & Dimpfl, 2017; 
Katsiampa, 2017; Corbet et al., 2019). Studies of intraday spreads in Chilean equities (Fuente-Mella et 
al., 2017) and government bond markets (Nath et al., 2017) confirm that supplied quantity, order 
imbalance, execution risk, and volatility are key determinants of spreads. When asset supply is 
limited or trading is fragmented across venues, inventory costs and adverse selection risks rise, 
leading to wider spreads (Hagströmer et al., 2016). Even in the presence of large supply, persistent 
information asymmetry compels market makers to widen spreads as protection against informed 
trading (Copeland et al., 1983; Riedl & Serafeim., 2011). Overall, these findings suggest that in 
tokenized carbon markets, higher transaction frequency and dispersed supply do not necessarily 
enhance liquidity, but may instead reflect speculative trading and fragmented order flow that elevate 
transaction costs. 

Our results also show that for $KLIMA, only transfer amount a positive and significant impact 
on return volatility. While transfer amount exacerbates price fluctuations due to increased new 
information, order flow, and potential noise trading. It drives return volatility by accelerating the 
transmission of information volume and short-term speculation into prices. This finding aligns with 
Brauneis et al. (2021), who document a strong positive association between trading volume, 
transaction counts, and benchmark liquidity measures across both high- and low-volatility regimes. 
Consistent evidence from bond markets further supports this channel: transaction frequency is 
positively related to price volatility, while average transaction size is negatively related (Downing et 
al., 2004), and both trading volume and frequency are positively associated with bond volatility in 
illiquid environments (Puspaputri et al., 2017). Marshall et al. (2012) similarly argue that heightened 
market activity increases execution costs, implying that volatility and liquidity may rise 
simultaneously under information-driven trading. 

In contrast, market capitalization (size effect) exerts a positive effect on return volatility for BCT 
and MCO2, and when considered jointly, all six predictors significantly increase volatility, indicating 
that volatility in tokenized carbon markets is shaped by both market size and on-chain activity. High 
market capitalization reveals that token prices are highly responsive to aggregate market value 
changes, reflecting the market’s sensitivity to shifts in demand for carbon credit tokens. This is 
consistent with the broader cryptocurrency literature, which shows that volatility is driven by 
capitalization, active wallets, and transaction frequency, particularly during periods of elevated 
trading intensity (Mikhaylov et al., 2021). The larger market capitalization is often associated with 
lower volatility as crypto assets mature (Pessa et al., 2023), empirical evidence remains mixed. While 
Fama et al. (1993, 1996), show that size systematically affects risk and return, with smaller assets 
exhibiting higher volatility. Studies in traditional finance show that smaller firms are more exposed 
to macroeconomic shocks and information asymmetry, resulting in higher idiosyncratic volatility 
(Bekaert et al., 1997; Bali et al., 2005; Atsiwo et al., 2024), whereas large-cap assets tend to dampen 
volatility during stress periods (Norberg et al., 2024). Spillover analyses further indicate that 
capitalization plays a systemic role: large-cap assets transmit volatility shocks, while smaller assets 
primarily absorb them (Yi et al., 2018). In crypto markets, Bitcoin exhibits similar dynamics, exerting 
long-run volatility spillovers on other asset classes (Symitsi et al., 2018). Moreover, token-specific 
structural features, including vesting schedules, token allocation, and distribution mechanisms, also 
affect volatility outcomes (Sareen, 2023). These findings suggest that in tokenized carbon markets, 
transfer amount is the dominant volatility determinant for smaller or thinner markets such as 
$KLIMA, whereas market capitalization and joint on-chain activity play a stronger role for BCT and 
MCO2, highlighting heterogeneous volatility mechanisms across token structures. 
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The simultaneous significance of dollar volume, return volatility, and bid-ask spread for 
$KLIMA and MCO2 indicates that liquidity in tokenized carbon markets is jointly determined by 
trading activity, price uncertainty, and transaction costs, consistent with the joint determination 
framework documented by Wang and Yau (2000) in futures markets and Hussain (2011) using high 
frequency 5-minute aggregate data on DAX30. Our empirical findings suggest a contemporaneous 
and positive relationship between return volatility and bid-ask spread, indicates that higher price 
volatility is associated with wider spreads. This result aligns with Bogousslavsky et al. (2019), and 
evidence from NYSE and Nasdaq-listed stocks (Bessembinder & Kaufman, 1997; Bessembinder, 
1999), livestock markets (Frank, 2011) and foreign exchange option markets (Wei, 1994), where higher 
perceived price risk widens spreads as market makers demand compensation for increased inventory 
and adverse selection risk. Consistent with Liu et al. (2016), bid-ask spreads increase with volatility 
but decline with dollar volume. The insignificance of dollar volume suggests that notional trading 
value alone does not sufficiently capture liquidity provision in decentralized carbon token markets. 
The result shows that dollar volume measure is not a proxy for spreads size. In line with Worthington 
et al. (2003) show that spreads play a more dominant role than volume in transmitting information 
shocks into return volatility in Australian stock market. Chakrabarty et al. (2005) similarly confirm a 
negative spread-volume relation and a positive volatility-spread relation, reinforcing the 
interpretation that volatility is the primary driver of liquidity costs based on stocks listed on the NSE. 

5.2. Moderation Effect 

Based on the moderation regression model, the findings indicate that the regulation index 
operates as a pure moderator. However, these moderating effects were limited to specific predictor-
criterion relationships, particularly in the relationship between market capitalization and dollar 
volume for $KLIMA, BCT, and MCO2. It also moderates the relationships between shared volume 
and transaction value with bid-ask spread for MCO2, as well as between market capitalization and 
return volatility for $KLIMA and MCO2. This indicates that increased transaction activity, under 
strong conditional regulatory, raises inventory risk for liquidity providers, leading to wider bid-ask 
spreads as compensation for this risk. Legal certainty and regulatory support in blockchain-based 
carbon markets, along with increased trading activity, result in slower price adjustments, causing 
bid–ask spreads to remain wide despite higher BCT token trading. In other hand, that when market 
capitalization increases, trading volume tends to decline for MCO2, which can be explained by 
market participants’ tendency to hold their assets as market values rise (holding behavior). While 
$KLIMA’s holder willing to sell the assets, because in a clearer and more stable regulatory 
environment, increases in market capitalization tend to stimulate trading activity, as regulatory 
clarity in digital carbon markets provides protection and creates a sense of security for investors to 
engage in transactions. Moreover, RI moderates the relationship between transaction activity and 
return volatility for MCO2, and between return volatility and dollar volume with bid-ask spread. 
According to Sharma et al. (1981), pure moderators interact with predictor variables and alter the 
functional form of predictor-criterion relationships. This indicates an active regulatory role in 
shaping market mechanisms. The significant interaction effects observed in this study support this 
classification. These results are consistent with previous studies identifying pure moderation effects, 
including Sharma (2003), Roni et al. (2017), Rahmawati et al. (2025), and Santoso et al. (2023). 

In contrast, the regulation index does not function as a significant interaction-based moderator 
in the relationships between total supply, active wallets, and transfer amount with dollar volume, 
bid-ask spread, and return volatility. This indicates that regulatory factors have not yet effectively 
governed user behavior in stimulating trading activity, likely due to policy implementation that 
remains general in nature and does not sufficiently regulate individual transaction behavior. Low 
user engagement, characterized by passive holding rather than active trading, contributes minimal 
effect to liquidity. Thus, it can be concluded that regulation is more effective at the macro-market 
level, through strengthening confidence in market capitalization, than at the micro level related to 
user activity, token availability and token transaction count. 
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Instead, the regulation index operates as a homologizer moderator, as identified through a 
regression-based approach to detect continuous moderation (Allison et al., 1992). A homologizer 
moderator emerges when the regulation index does not exhibit significant interaction effects but 
influences the strength and stability of relationships, functioning primarily as a stabilizing factor. 
This finding implies that regulatory conditions stabilize market dynamics but do not condition the 
underlying liquidity relationships across these tokens. Moreover, this conclusion is consistent with 
Betri and Hafiz (2024) that found if Big Data does not moderate the effects of auditor religiosity and 
task-specific knowledge on fraud detection, classifying it as a homologizer moderator. Sahertian and 
Jawas (2021) found that ethnic group identity (indigenous vs. non-indigenous leaders) does not 
moderate the effect of environmental influence on leadership excellence. This dual moderating role 
is consistent with the framework proposed by Park and Yi (2023), who emphasize that moderation 
may operate through differences in the strength of relationships across heterogeneous segments 
rather than through direct interaction effects. The regulation index simultaneously functions as a 
structural stabilizer in some market relationships and as an active conditioning factor in others, 
reflecting the complex and multifaceted nature of regulatory influence in blockchain-based carbon 
markets. 

5.3. Market Microstructure, Price Discovery and Liquidity   

The empirical results can be systematically interpreted through the lens of market 
microstructure theory, which emphasizes that liquidity, volatility, transaction costs, and price 
discovery outcomes are jointly determined by trading mechanisms, market structure, and the 
behavior of market participants (Spulber, 1996; Biais et al., 2005; Easley & O’Hara, 1995; O’Hara, 
1995). The tokenized carbon markets examined in this study operate through DEXs, implying that 
liquidity provision is endogenously generated by user participation rather than centralized 
intermediaries. Trading activity does not automatically translate into improved liquidity, but may 
instead amplify microstructural frictions. 

From a trading mechanism perspective, the observed relationships between transaction 
frequency, bid-ask spreads, and return volatility are consistent with microstructure models 
emphasizing order flow, information asymmetry and adverse selection risk. According to Madhavan 
(2000), price formation arises through the interaction of buy and sell orders, where order flow 
conveys information about traders’ beliefs and private signals. In tokenized carbon markets, higher 
transaction frequency does not necessarily reflect informed trading but often captures noise trading 
driven by sentiment, speculation, and short-term arbitrage rather than informed trading based on 
carbon fundamentals. As Grossman (1976) and O’Hara (2003) argue, uninformed traders trade on 
beliefs rather than fundamentals, increasing adverse selection risk for liquidity providers. This aligns 
with Bossaerts and Hillion (1991) and Morse and Ushman (1983), who show that higher trading 
frequency under asymmetric information is associated with wider bid-ask spreads for $KLIMA and 
MCO2, as liquidity providers demand compensation or protection for the increased probability of 
trading against informed traders. While the adverse selection component reflects the revision in 
liquidity providers’ expectations about the underlying carbon token value conditional on observed 
order flow, reflecting the probability that incoming orders are information-driven rather than 
liquidity-motivated. 

The price discovery process further reflects the dominance of microstructure frictions in 
decentralized carbon markets. According to O’Hara (2003), markets simultaneously provide liquidity 
and facilitate price discovery by embedding information into prices through trading activity. 
However, the findings indicate that price discovery in tokenized carbon assets is noisy and 
incomplete. Prices reflect not only expectations about the economic value of carbon credits but also 
speculative forces originating from crypto-native dynamics such as DeFi arbitrage and protocol-
specific incentives. This aligns with Glosten and Milgrom’s (1985) trader-based model, where 
information asymmetry generates information costs that are embedded in bid–ask spreads. In this 
setting, spreads widen not because of execution costs alone, but because liquidity providers must 
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protect themselves against trading with informed investors who possess superior information about 
true asset values. 

Moreover, the significant positive relationship between return volatility and bid-ask spreads 
supports the view that volatility is endogenously determined within the market microstructure. 
Microstructure theory posits that informed trading simultaneously affects price volatility and bid-
ask spreads (Admati & Pfleiderer, 1988). As emphasized by Stoll (2000) and O’Hara (2004), bid-ask 
spreads compensate liquidity providers for order processing costs, inventory holding risks, and 
adverse selection. In the Glosten–Milgrom (1985) framework, market makers widen spreads to 
protect against adverse selection when order flow is more likely to be information-driven. Higher 
return volatility increases uncertainty about the fundamental value of the carbon token, raising both 
inventory holding costs and the probability of trading against informed traders. As a result, liquidity 
providers demand higher compensation, leading to wider bid-ask spreads. This mechanism explains 
the observed positive volatility-spread relationship for $KLIMA and MCO2 and is consistent with 
empirical evidence from commodity, equity and foreign exchange option markets (Harris, 1994; 
Bessembinder & Kaufman, 1997; Bessembinder, 1999; Frank, 2011; Wei, 1994). In decentralized 
markets characterized by fragmented liquidity pools and limited market depth, volatility amplifies 
inventory risk and increases the cost of immediacy. Madhavan (2000) further argues that markets 
with low resiliency struggle to absorb temporary order imbalances, causing price deviations to persist 
and volatility to remain elevated. The evidence that volatility and spreads move jointly therefore 
reflects weak market resiliency and imperfect information aggregation in tokenized carbon markets. 

From a liquidity theory perspective, the results reinforce the multidimensional nature of 
liquidity as articulated by Sarr and Lybek (2002). While increased dollar volume and transaction 
activity enhance market breadth, they do not necessarily improve tightness or depth. The persistent 
significance of bid-ask spreads despite higher trading activity indicates that immediacy remains 
costly. As Grossman and Miller (1988) argue, liquidity represents the price of immediacy: traders 
who demand immediate execution impose costs on liquidity providers, who respond by widening 
spreads. In the presence of informed trading, this effect is exacerbated, as liquidity providers face 
higher adverse selection risk and reduce depth or increase transaction costs accordingly. 

The moderation results further complement the microstructure interpretation by highlighting 
the role of institutional conditions in shaping liquidity dynamics. Regulation appears to operate 
primarily as a stabilizing force at the macro-market level, influencing capitalization-driven liquidity 
and volatility relationships, while remaining largely ineffective in disciplining transaction-level 
behavior such as wallet activity and transfer frequency. From a microstructure standpoint, regulation 
reduces uncertainty surrounding asset legitimacy and future market access, thereby affecting 
investors’ valuation and holding behavior. However, as Allen and Gorton (1992) and Merton (1987) 
suggest, incomplete information and heterogeneous access to information persist even under 
regulatory clarity, limiting the effectiveness of regulation in correcting noise trading and adverse 
selection at the micro level. 

These findings underscore that liquidity and price discovery in tokenized carbon markets are 
governed by microstructure forces rather than by trading volume alone. The interaction between 
trading mechanisms, information asymmetry, and participant heterogeneity determines whether 
trading activity enhances market quality or exacerbates transaction costs and volatility. In line with 
market microstructure theory, improving liquidity and price efficiency in tokenized carbon markets 
requires not only higher participation but also structural interventions that enhance transparency, 
reduce information asymmetry, and strengthen market resiliency. These cross-token differences 
underscore that the market structures of individual carbon tokens are not homogeneous. MCO2 
operates as a Layer 1 token on the Ethereum network with a smaller user base but a more mature 
DeFi ecosystem and highly competitive trading, resulting in liquidity that is largely determined by 
on-chain microstructure variables. In contrast, $KLIMA and BCT function on the Polygon sidechain 
Layer 2 with strong integration through bonding and retirement flow mechanisms and are supported 
by larger treasury reserves, making them more influenced by off-chain or institutional structural 
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factors such as treasury strategies, ownership concentration, and protocol designs that stabilize 
prices. 

6. Conclusions 

This study examines the heterogeneous determinants of liquidity and market quality in 
tokenized carbon assets within blockchain-based VCMs, where liquidity is proxied by dollar trading 
volume, bid-ask spread, and return volatility. Using daily on-chain data for three carbon tokens, 
including $KLIMA, BCT, and MCO2, from 2021 to 2024, the analysis incorporates multiple indicators 
of tokenized carbon assets on-chain trading activity, including total supply, shared volume, 
transaction value, market capitalization, transfer amount, and active wallets. Moderated regression 
analysis used for identifying moderator effects of the regulation of carbon offset markets (regulation 
index). Its main advantage lies in its ability to detect a moderator even when the relationship is 
theoretically ambiguous or a priori indistinct. This paper demonstrates how moderator effects can be 
systematically identified using multiple hierarchical regression, allowing researchers to distinguish 
interaction-based and strength-based moderation in empirical data. The findings reveal substantial 
heterogeneity in liquidity formation across blockchain-based VCMs. Total supply, shared volume, 
transaction value, and active wallet jointly influence dollar volume and bid-ask spreads, although 
their effects differ across $KLIMA, BCT, and MCO2. While transfer amount and active wallet play a 
central role in BCT, liquidity in $KLIMA is more strongly driven by transfer activity, and market 
capitalization is more influential in MCO2. Moreover, higher transfer amount and dispersed supply 
do not necessarily enhance market depth, but may instead reflect speculative behavior and 
fragmented order flow that widens bid-ask spreads. The regulation index exhibits a dual moderating 
role in liquidity relationships, functioning as a pure moderator in some contexts and as a homologizer 
moderator in others. These results highlight the importance of market-specific regulatory design to 
strengthen liquidity resilience and support the sustainable development of blockchain-based VCMs. 
This evidence confirms that carbon tokenization does not create uniform markets and that price 
discovery and liquidity formation are strongly shaped by technological integration (blockchain-
based markets), on-chain trading activity, size markets, and participant behavior within each 
network under specific regulatory conditions. 
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Appendix A 
Appendix A.1 

The moderation effect of tokenized carbon on-chain trading and dollar volume is evaluated using 
OLS, conducted in both uncentered and mean-centered. The mean-centering procedure enhances 
numerical stability and interpretability of the interaction term while preserving the structural 
inference of the moderation relationship. 

Table A1. Moderation Effect of Tokenized Carbon On-chain Trading and Dollar Volume 

 

 

 
  According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 

Appendix A.2 

The interaction between tokenized carbon on-chain trading and the bid–ask spread is analyzed 
within an OLS, estimated under uncentered and mean-centered models. The mean-centering 
transformation mitigates potential multicollinearity in the interaction term and supports clearer 
coefficient interpretation without affecting the underlying moderation inference.  

Table A2. Moderation Effect of Tokenized Carbon On-chain Trading and Bid-ask Spread. 
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   According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 

Appendix A.3 

The moderating role of tokenized carbon on-chain trading in the relationship with return 
volatility is evaluated through an OLS model, comparing results before and after variable centering. 
This centering adjustment reduces scale-related distortions in the interaction term and aids 
interpretative precision. 

Table A3. Moderation Effect of Tokenized Carbon On-chain Trading and Return Volatility. 
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  According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 

Appendix A.3 

The moderation role within the liquidity series (the effects of dollar volume and return volatility 
on the bid–ask spread) are examined using OLS, to enable comparison between uncentered and 
mean-centered models.  

Table A4. Moderation Effect in Liquidity Series. 

         

    

    
  According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 

Appendix B 
Appendix B.1 

The OLS moderation results for tokenized carbon assets on-chain trading using uncentered and 
mean-centered models. The mean-centered models exhibit a pronounced decline in Variance 
Inflation Factors (VIFs), confirming a substantial reduction in multicollinearity associated with 
interaction terms. coefficient signs and statistical inferences remain stable after centering, indicating 
that mean-centering enhances econometric stability and interpretability without affecting the 
substantive moderation conclusions. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 February 2026 doi:10.20944/preprints202602.1646.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1646.v1
http://creativecommons.org/licenses/by/4.0/


 47 of 71 

 

Table 1. The Summary of VIF test. 

  

  

Appendix B.2 

The White test results show widespread statistical significance across model specifications, 
indicating the presence of heteroskedasticity in the regression residuals. This violation of the 
homoskedasticity assumption suggests that conventional OLS standard errors may be biased and 
unreliable for statistical inference. 

Table 2. The Summary of White test. 
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  According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 

Appendix B.3 

The Jaque-Bera statistics are significant, implying non-normality of the residual distribution. 
However, given the time-series nature of the data and the large sample size, these deviations are 
considered economically and statistically tolerable, allowing the residuals to be treated as 
approximately normally distributed for inference purposes. 

Table B3. The Summary of Jarque-Bera test 

 
According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 

Appendix B.4 

The Ljung-Box statistics are also largely significant, providing evidence of serial correlation in the 
residuals. Given the combined presence of heteroskedasticity and autocorrelation, the analysis 
replaces standard OLS inference with HAC corrections to obtain robust standard errors while 
preserving the consistency of the estimated coefficients and moderation effects. 

Table B4. The Summary of Ljung-box test    
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According to MacKinnon (1996) one side p-values * indicates significance at 10% level, ** at 5% level, *** at 1% level 
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