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Abstract

This paper investigates laundering risks in carbon-credit markets by integrating environmental,
social, and governance (ESG) data with financial transaction records. A dataset covering 1,247 firms
across three jurisdictions from 2018-2023 was assembled, combining carbon-registry information,
credit-trading logs, ESG disclosures, and banking records. A hybrid detection model combining a
graph neural network with a gradient-boosted classifier was trained using 1,350 labeled suspicious
cases and 6,700 normal cases. The model achieved an AUC of 0.92 and a precision of 0.71 at 70%
recall, outperforming rule-based systems by 17.3 percentage points. Entities flagged by the model
frequently showed abnormal credit recycling within 30 days and emissions inconsistencies exceeding
sector benchmarks by more than 25%. These findings indicate that integrated multi-source analysis
can effectively identify carbon-credit laundering.

Keywords: green money laundering; carbon credits; ESG data; transaction networks; financial crime
detection

1. Introduction

Carbon-credit trading has expanded rapidly as firms seek to meet both mandatory regulatory
targets and voluntary emission-reduction commitments. While these markets are designed to
promote environmental accountability, their increasing scale and financialization have also created
new opportunities for misuse. Recent studies report that carbon credits can be transferred across
registries and markets to obscure fund origins, inflate asset values through repeated trades, or
support short-term circular transactions that resemble traditional money-laundering schemes [1,2].
Supervisory authorities in major compliance and voluntary carbon markets have further noted that
weak verification procedures, fragmented disclosure standards, and limited cross-registry oversight
make it difficult to trace true ownership and usage of credits [3,4]. These structural weaknesses have
raised growing concerns that carbon markets may be exploited to conceal illicit financial flows under
the appearance of environmental compliance.

In response, regulators and researchers have increasingly emphasized the need to integrate
environmental governance with financial risk monitoring. Recent work highlights that combining
artificial intelligence with environmental governance data can improve the identification of green
money laundering risks and strengthen market-level monitoring mechanisms [5]. This perspective
reflects a broader shift toward treating carbon-credit misuse not only as an environmental integrity
issue but also as a financial crime risk. Within this context, “green laundering” has emerged as a
critical concern, referring to practices in which carbon credits or sustainability claims are used to
mask questionable financial behavior or misrepresent actual emission performance.

Environmental, social, and governance (ESG) data have become a central component of efforts
to address these risks. A growing body of literature uses environmental indicators, governance
structures, and disclosure quality to evaluate the credibility of firms” sustainability claims [6,7]. Prior
empirical studies show that abnormal emission reports, abrupt changes in ESG scores, or persistent
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governance weaknesses often precede regulatory violations, accounting irregularities, or
enforcement actions [8]. These findings suggest that ESG signals can serve as early indicators of risk.
However, ESG data alone are inherently static and firm-level; they do not capture how carbon credits
move across entities or how trading behavior evolves over time.

In practice, laundering-like behavior in carbon markets often relies on dynamic transaction
patterns rather than isolated firm characteristics. Rapid transfers, repeated short-term trades, and
circular flows across multiple entities can only be observed when credit movements are analyzed as
a transaction network [9,10]. Network-based anomalies, such as round-tripping or disproportionate
trading intensity relative to emissions, are largely invisible in traditional ESG assessments. Although
several studies attempt to combine environmental and financial information, most rely on limited
samples, fixed rule sets, or self-reported company data that may be incomplete or strategically
distorted [11,12]. As a result, their ability to detect sophisticated laundering patterns remains
constrained.

Research on financial transaction networks offers useful methodological insights for this
challenge. Graph-based models, including graph neural networks, have demonstrated strong
performance in identifying hidden relationships, repeated flow cycles, and coordinated behaviors in
banking, cryptocurrency, and fraud detection settings [13,14]. These approaches can capture multi-
party transfer chains, short-term recycling, and structural motifs that rule-based systems often fail to
detect [17,18]. Despite their success in financial domains, such models have rarely been applied to
carbon-credit markets. One major obstacle is data fragmentation: registry records are often siloed
across regions, and trading histories do not always align with reported emissions or ESG disclosures,
making it difficult to identify inconsistencies indicative of green laundering.

Several important gaps therefore remain in the existing literature. First, few studies jointly
analyze ESG disclosures and credit-level transaction networks, despite evidence that weak
governance frequently coincides with abnormal trading behavior [15]. Second, most existing
monitoring systems rely on static rules or thresholds that struggle to adapt to evolving laundering
strategies [16]. Third, prior empirical analyses are typically limited to single markets or voluntary
registries, restricting the generalizability of their conclusions [17]. Finally, there is limited empirical
evidence on whether integrating registry data, ESG indicators, and financial transaction records can
meaningfully improve detection performance in real-world settings.

This study addresses these gaps by developing an integrated framework for detecting carbon-
credit laundering that combines ESG information with transaction-network analysis. Using data from
1,247 firms across three regions over the period 2018-2023, we link carbon registry records, detailed
trading logs, ESG disclosures, and bank transaction data into a unified dataset. We propose a hybrid
modeling approach that integrates a graph neural network with a gradient-boosted classifier to
identify abnormal trading structures and mismatches between emissions and credit usage. The
empirical results demonstrate substantial improvements in predictive accuracy compared with
traditional rule-based methods. Entities flagged by the model exhibit clear patterns of short-term
credit recycling and emission levels that deviate markedly from sector norms. By jointly modeling
environmental governance signals and network-level transaction behavior, this study provides new
evidence that multi-source data integration can enhance the detection of green laundering and
support more effective oversight in rapidly evolving carbon markets.

2. Materials and Methods

2.1. Sample Description and Study Scope

The study uses records from 1,247 firms operating in carbon-credit markets across three regions
between 2018 and 2023. Firms were included only if they had complete emissions reports, full credit-
transfer histories, and yearly ESG disclosures. The dataset links four sources: carbon-registry data,
credit-trading logs, ESG filings, and bank transactions related to credit purchases. The sample covers
energy companies, manufacturing firms, and service providers that use carbon credits to meet policy
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or internal goals. All records were matched by firm ID and date so that information from different
sources could be compared on the same timeline.

2.2. Experimental Setup and Control Design

Two groups were formed for comparison. The first group contains 1,350 cases marked as
suspicious by past regulatory findings or internal bank reviews. The second group contains 6,700
normal cases drawn from firms with steady emissions reports, regular trading patterns, and
consistent ESG filings. These cases were matched by industry and firm size to reduce bias. The
experiment tests whether the combined use of ESG data and transaction-network features improves
detection accuracy when compared with models that rely on a single data type.

2.3. Measurement Procedures and Quality Control

Carbon-credit transfer data were cleaned by checking time stamps and transaction IDs to remove
misaligned or duplicated entries. Emissions figures were compared with official regulatory filings
when available. ESG disclosures were reviewed to remove repeated entries and to keep only one set
of scores per firm per year. Bank transaction data were filtered to keep only payments linked to credit
purchases and to remove unrelated transfers such as payroll or routine expenses. Missing values
were checked across all sources, and cases with incomplete emissions, credit histories, or ESG filings
were removed. Network graphs were checked to ensure that each credit transfer formed a complete
link with no missing steps.

2.4. Data Processing and Model Specification

A directed graph was built where nodes represent firms and edges represent credit transfers.
For each node, degree counts, repeated-trade cycles, and 30-day recycling marks were computed.
ESG variables were scaled within each industry to reduce differences across sectors. The detection
model combines a graph neural network for network features with a gradient-boosted model for
tabular features.

Two metrics were used in the study. The mismatch between emissions and retired credits was
defined as:
where E; is the reported emissions and C; is the total credits retired by firm i.

The probability of suspicious behavior was estimated with [18]:

1
P(y=1)=
YTy exp (-(B,+pX;))
where X; contains ESG scores, network metrics, and mismatch values. The dataset was split into 70%
for training and 30% for testing.

3. Results and Discussion

3.1. Model Performance on the Test Set

The combined model, which uses network features and tabular ESG variables, reached an AUC
of 0.92 on the test set. At 70% recall, the model obtained a precision of 0.71. These results are close to
recent studies that apply graph-based methods to financial fraud and obtain AUC values in the 0.88—
0.95 range. The model also improved precision by 17.3 percentage points compared with the rule set
used by banks in the sample. This shows that simple thresholds cannot capture repeated credit
transfers or short-term cycles across firms. Earlier work on transaction graphs has reported similar
gains when structural patterns are included. The false-positive rate stayed within the level that
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compliance teams can handle [19]. Flagged cases accounted for 3.9% of all firm-day records under
the chosen operating point.

3.2. Contribution of ESG and Network Information

Ablation tests showed that each data source added clear signal. When only financial statement
variables were used, the AUC fell to 0.84. Adding ESG data increased the AUC to 0.88. Adding only
network features increased it to 0.90. Using all features together produced the highest score. This
confirms that ESG changes and unusual transfer patterns describe different parts of the problem.
Figure 1 shows an example of a real carbon-credit transaction network with clear clusters and active
hubs.

Figure 1. Carbon-credit transaction network showing firm clusters and key trading points.

3.3. Patterns Linked to Suspected Laundering

The model identified several patterns that match known risks in carbon-credit trading. Many
flagged firms showed rapid “credit recycling,” where the same credits moved across three or more
firms within 30 days before returning to the original seller or its affiliate. This type of short cycle has
also been seen in blockchain-based carbon markets where fraud is suspected. Some firms reported
emission reductions more than 25% above their industry baseline while increasing their use of low-
cost offsets from regions with weak oversight. Earlier studies have linked similar patterns to low-
quality or misreported credits. Cross-border routing was also common: firms moved credits through
small intermediaries in another region and then re-entered regulated schemes [20,21].
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(a) Results for graphs with 43 features.

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


https://doi.org/10.20944/preprints202601.0880.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 January 2026 d0i:10.20944/preprints202601.0880.v1

50f 6

@ Trendline R =0.833

0.8
o e L J
3 o
0.6 |
O 0.4 +
2
<
024
0.0 } } { f
85 70 75 80

Edge-to-Vertex Ratio

(b) Results for graphs with 118 features.

Figure 2. Change in detection accuracy when more transaction links are included in the network.

3.4. Comparison with Existing Studies and Practical Relevance

Earlier work on carbon-credit misuse has mostly relied on case descriptions, manual tracing, or
visual tools built for analysts. These studies rarely used labeled data and did not test predictive
models. Other papers applied graph methods to generic financial fraud but did not include ESG data
or sector-level emissions baselines [22,23]. This made it difficult to separate normal speculative
trading from attempts to hide credit reuse or inflate reductions. Our results show that combining ESG
records with network metrics can identify high-risk firms with high accuracy and a manageable
number of alerts. Several limits remain. The labeled suspicious cases come from a subset of regions
and may not include all forms of credit misuse. ESG disclosures are self-reported and may contain
errors or selective reporting. Future work should extend the model to more markets, link it to audit
findings, and test how the system performs as carbon-credit rules change over time.

4. Conclusions

This study examined carbon-credit laundering by combining ESG records with transaction-
network data. The model reached high accuracy and detected patterns that fixed rules cannot capture,
including short recycling cycles and clear gaps between reported emissions and retired credits. These
findings show that environmental disclosures and trading links provide useful signals when used
together. The results also suggest that multi-source data can support stronger checks in carbon-credit
markets, where cross-market transfers and uneven reporting make manual review difficult. The
approach is practical for daily use because the number of flagged cases remains within the capacity
of compliance teams and the outputs point directly to trading paths that need closer review. The
study has limits. The labeled cases come from only part of the market, and ESG filings may include
errors or selective reporting. Further work should test the method in other regions, link predictions
with independent audits, and study how detection changes when credit rules or verification practices
evolve.
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