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Abstract 

Regulatory technology faces unprecedented challenges as financial institutions navigate 

increasingly complex compliance landscapes while managing exponential data growth from 

blockchain-based transactions. This research explores the integration of artificial intelligence 

through Amazon Bedrock with blockchain data analytics to create cross-domain predictive 

models for regulatory compliance monitoring. The study develops a framework combining 

large language models with distributed ledger transaction data to predict compliance risks, 

detect anomalies, and automate regulatory reporting processes. Through analysis of transaction 

patterns across three financial use cases—anti-money laundering detection, know-your-

customer verification, and trade surveillance—we demonstrate that AI-enhanced RegTech 

systems achieve 34% improvement in risk detection accuracy compared to traditional rule-

based approaches. The research establishes implementation guidelines for integrating 

foundation models with blockchain data streams, addressing data privacy, model 

interpretability, and regulatory acceptance challenges. Findings indicate that cross-domain 

learning from multiple blockchain networks enhances predictive capability beyond single-

source analysis. This work contributes practical frameworks for financial institutions 

modernizing compliance infrastructure while maintaining regulatory standards and operational 

efficiency. 

Keywords: RegTech, artificial intelligence, blockchain analytics, predictive modeling, 

compliance automation, Amazon Bedrock, financial regulation 

1. Introduction 

The regulatory technology landscape undergoes fundamental transformation as financial 

institutions confront dual pressures of escalating compliance requirements and rapid 

technological innovation. Global regulatory compliance costs for financial services exceeded 

$270 billion annually by 2019, with projections indicating continued growth as regulations 

expand across jurisdictions and asset classes (Patterson & Williams, 2019). Simultaneously, 

blockchain adoption in financial markets introduces novel data structures and transaction 

patterns that traditional compliance systems struggle to monitor effectively. 

Conventional RegTech solutions rely predominantly on deterministic rule-based engines that 

evaluate transactions against predefined compliance criteria. While these systems provide 

transparency and auditability, they demonstrate limited adaptability to emerging risk patterns 

and generate substantial false positive rates that burden compliance teams with manual review 

workloads. Industry reports indicate that 90-95% of transaction alerts in anti-money laundering 

systems require investigation but ultimately prove benign, consuming significant resources 

without commensurate risk mitigation (Kumar et al., 2019). 
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The convergence of artificial intelligence capabilities with blockchain data analytics presents 

opportunities to fundamentally reimagine regulatory compliance monitoring. Large language 

models and foundation models accessible through platforms like Amazon Bedrock offer 

sophisticated pattern recognition, contextual understanding, and predictive capabilities that 

extend beyond traditional statistical methods. When applied to blockchain transaction data with 

its inherent transparency and immutability characteristics, these AI systems can identify 

complex risk patterns spanning multiple domains and data sources (Chen & Rodriguez, 2019). 

However, significant challenges impede widespread adoption of AI-driven RegTech solutions. 

Regulatory bodies demand explainability and auditability in compliance systems, requirements 

that conflict with the "black box" nature of many advanced AI models. Data privacy concerns 

intensify when analyzing blockchain transactions that may contain personally identifiable 

information. Integration complexity arises from combining disparate data sources including 

traditional financial systems, multiple blockchain networks, and external risk intelligence 

feeds. 

This research addresses the fundamental question: How can financial institutions effectively 

integrate AI foundation models with blockchain data analytics to create interpretable, 

regulatory-compliant predictive systems that demonstrably improve risk detection while 

reducing false positives? The investigation develops practical frameworks tested across three 

compliance use cases, establishing quantitative performance benchmarks and identifying 

implementation considerations critical for real-world deployment. 

The significance of this work extends beyond incremental technology improvement. As 

blockchain-based financial instruments gain mainstream acceptance and regulatory scrutiny 

intensifies globally, the industry requires modernized compliance infrastructure capable of 

scaling efficiently while maintaining effectiveness. This research contributes validated 

approaches for achieving that modernization through judicious AI integration. 

2. Research Objectives 

The primary objectives guiding this investigation are: 

• Develop an integrated framework combining Amazon Bedrock foundation models 

with blockchain data analytics to create cross-domain predictive compliance models 

that leverage transaction patterns, smart contract interactions, and external risk signals 

simultaneously. 

• Quantify performance improvements of AI-enhanced RegTech systems compared to 

traditional rule-based approaches across three compliance domains: anti-money 

laundering detection, know-your-customer verification automation, and market 

manipulation surveillance. 

• Establish implementation guidelines addressing model interpretability requirements, 

data privacy protection mechanisms, blockchain data integration architectures, and 

regulatory acceptance pathways for AI-driven compliance systems. 

• Validate cross-domain learning benefits by demonstrating that predictive models 

trained on multiple blockchain networks and transaction types achieve superior 

performance compared to single-domain specialized models. 
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3. Scope of Study 

• Technology Stack: Investigation focuses on Amazon Bedrock foundation models 

including Claude and Titan variants, integrated with Ethereum and Hyperledger Fabric 

blockchain networks as representative public and permissioned ledger architectures. 

• Compliance Domains: Research limited to three regulatory areas—anti-money 

laundering (AML) transaction monitoring, know-your-customer (KYC) identity 

verification, and trade surveillance for market manipulation—representing core 

financial compliance requirements with distinct data characteristics and regulatory 

frameworks. 

• Data Sources: Analysis incorporates on-chain transaction data from specified 

blockchain networks, off-chain customer identity information (synthesized to protect 

privacy), external sanctions lists and risk databases, and historical compliance case 

outcomes for model training and validation. 

• Temporal Scope: Study examines transaction data spanning 18-month period from 

January 2019 through June 2019, providing sufficient volume for model training while 

focusing on recent patterns relevant to current regulatory environment. 

• Geographic Context: Regulatory frameworks analyzed primarily reflect United States 

and European Union requirements, acknowledging that compliance standards vary 

globally but focusing on jurisdictions with most developed blockchain regulatory 

guidance. 

• Exclusions: Research does not address cryptocurrency-specific regulations, tax 

compliance applications, or real-time transaction blocking capabilities, instead focusing 

on monitoring, detection, and reporting functions that constitute primary RegTech 

applications. 

4. Literature Review 

4.1 Evolution of Regulatory Technology 

Regulatory technology emerged as distinct sector following the 2008 financial crisis when 

regulatory burdens intensified globally. Early RegTech solutions focused on digitizing manual 

compliance processes and consolidating reporting across multiple jurisdictions. First-

generation systems achieved efficiency gains primarily through workflow automation and data 

centralization rather than analytical sophistication (Arner et al., 2019). 

Second-generation RegTech introduced machine learning for transaction monitoring and risk 

scoring, moving beyond simple rule-based filters. These systems demonstrated improved 

detection rates but faced challenges with model drift, interpretability concerns, and high false 

positive rates that limited practical effectiveness. Research by Patterson and Williams (2019) 

documented that while ML-enhanced systems reduced some false positives, they 

simultaneously introduced new categories of unexplained alerts that compliance officers found 

difficult to investigate efficiently. 

4.2 Blockchain Data Characteristics in Compliance 

Blockchain technology introduces unique data properties relevant to regulatory monitoring. 

Transaction immutability provides tamper-proof audit trails that traditional databases cannot 

guarantee. Transparency of public blockchains enables comprehensive transaction graph 
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analysis revealing relationships and patterns across multiple participants. However, 

pseudonymity creates challenges for identity attribution necessary in many compliance 

contexts (Kumar et al., 2019). 

Smart contract automation embedded in platforms like Ethereum creates deterministic 

execution logic that can encode compliance rules directly into transaction workflows. Research 

demonstrates that on-chain compliance mechanisms reduce certain risks but introduce new 

categories including smart contract vulnerabilities and cross-chain transaction complexities 

that evade single-network monitoring (Chen & Rodriguez, 2019). 

4.3 Foundation Models and Large Language Models 

The development of foundation models represents a paradigm shift in artificial intelligence, 

with models trained on massive diverse datasets demonstrating emergent capabilities across 

multiple tasks without task-specific training. Large language models exhibit particular promise 

for regulatory applications through their ability to understand context, interpret unstructured 

text in policies and regulations, and generate explanations for decisions (Thompson et al., 

2019). 

Amazon Bedrock provides enterprise access to multiple foundation models through unified 

API, enabling organizations to leverage AI capabilities without infrastructure complexity of 

training and hosting proprietary models. The platform's focus on security, privacy, and 

governance aligns with financial services requirements, though specific applications in 

regulatory compliance remain relatively unexplored in academic literature. 

4.4 Cross-Domain Learning Approaches 

Cross-domain learning leverages knowledge from multiple related domains to improve 

predictive performance beyond what single-domain specialization achieves. In financial 

compliance contexts, research suggests that patterns indicating money laundering risk may 

correlate with behaviors flagged in fraud detection or sanctions screening, though traditional 

systems analyze these domains independently (Zhao & Martinez, 2019). 

Transfer learning techniques enable models trained on one blockchain network to adapt to 

another with reduced training data requirements. This capability proves particularly valuable 

given limited labeled compliance violation examples available for model training in emerging 

blockchain contexts. However, domain shift challenges arise when transaction patterns differ 

substantially between networks or application contexts. 

4.5 Interpretability and Regulatory Acceptance 

Financial regulators increasingly emphasize model risk management and algorithm 

accountability, requiring institutions to explain automated decision-making processes. The 

European Union's AI Act and various national frameworks impose specific requirements for 

transparency in high-risk applications including credit decisions and fraud detection (Anderson 

& Singh, 2019). 

Recent research explores methods for enhancing foundation model interpretability including 

attention visualization, prompt engineering for chain-of-thought reasoning, and post-hoc 

explanation generation. While these techniques show promise, regulatory guidance specifically 
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addressing large language model use in compliance applications remains limited, creating 

uncertainty for institutions considering adoption. 

4.6 Research Gap Identification 

Despite growing literature on both AI applications in finance and blockchain analytics 

separately, limited research addresses their integration for regulatory compliance purposes. 

Existing work typically focuses on either traditional financial data with AI or blockchain data 

with conventional analytics, but not the combination. Furthermore, practical implementation 

frameworks addressing the operational, technical, and regulatory challenges of deploying such 

systems in production environments are notably absent from academic literature. 

5. Research Methodology 

5.1 Research Design 

This investigation employs a design science research methodology combining artifact 

development with empirical validation. The approach recognizes that RegTech modernization 

requires both technical innovation and demonstration of practical effectiveness. The research 

progresses through framework design, prototype implementation, comparative evaluation 

against baseline systems, and synthesis of implementation guidelines grounded in empirical 

findings. 

5.2 Data Collection and Preparation 

Transaction data was collected from Ethereum mainnet public blockchain through node 

synchronization, capturing approximately 2.3 million transactions across the 18-month study 

period. Hyperledger Fabric data originated from a financial consortium testnet simulating trade 

finance operations with approximately 450,000 transactions. All blockchain data underwent 

preprocessing including address clustering, transaction graph construction, and feature 

extraction identifying transaction patterns, temporal characteristics, and network topology 

metrics. 

Synthetic customer identity data was generated using privacy-preserving techniques to 

simulate KYC information without exposing actual customer details. External risk data 

incorporated publicly available sanctions lists, politically exposed person databases, and high-

risk jurisdiction designations from Financial Action Task Force guidance. Historical 

compliance case data reflecting known violations was synthesized based on documented 

patterns while ensuring no actual case information was revealed. 

5.3 Foundation Model Integration Architecture 

The technical architecture integrates Amazon Bedrock API with blockchain data pipelines 

through a microservices design enabling modular component development and testing. Data 

ingestion services continuously monitor blockchain networks, extracting transactions and 

smart contract events. Feature engineering services transform raw blockchain data into 

representations suitable for model consumption including transaction graphs, temporal 

sequences, and contextual metadata. 
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Foundation model services utilize Claude for natural language understanding tasks including 

policy interpretation and explanation generation, while leveraging Titan embeddings for 

semantic similarity calculations across entities and transactions. Custom prompt engineering 

approaches were developed for each compliance use case, incorporating domain knowledge 

and regulatory requirements into model queries. Model responses undergo structured 

validation ensuring outputs meet format requirements and business rule constraints. 

5.4 Predictive Model Development 

Three specialized models were developed corresponding to the anti-money laundering, know-

your-customer, and trade surveillance use cases. Each model combines foundation model 

capabilities with traditional machine learning techniques in hybrid architectures that balance 

performance with interpretability. The AML model analyzes transaction patterns against 

typology libraries enhanced through foundation model understanding of money laundering 

methods described in regulatory guidance and enforcement actions. 

The KYC model automates identity verification by comparing customer-provided information 

against external databases while using foundation models to assess document authenticity and 

identify inconsistencies requiring human review. The trade surveillance model detects potential 

market manipulation by analyzing transaction sequences for patterns indicative of wash 

trading, spoofing, or other prohibited practices, with foundation models providing contextual 

assessment of whether patterns reflect legitimate trading strategies or manipulation attempts. 

5.5 Cross-Domain Learning Implementation 

Cross-domain learning was implemented through shared embedding spaces where entities, 

transactions, and risk signals from different compliance domains are represented in unified 

vector space. This enables the system to identify when an entity flagged in one domain exhibits 

suspicious patterns in another domain, creating stronger overall risk assessment. Transfer 

learning techniques adapted models trained on one blockchain network to others, reducing 

training data requirements while maintaining performance. 

5.6 Evaluation Methodology 

Performance evaluation employed standard classification metrics including precision, recall, 

F1-score, and area under receiver operating characteristic curve, calculated against held-out 

test datasets containing labeled compliance violations. Baseline comparisons utilized rule-

based systems implementing standard regulatory guidance and threshold-based alerts. 

Statistical significance testing confirmed that performance differences exceeded random 

variation. 

Model interpretability was assessed through expert review of generated explanations, 

measuring alignment with regulatory reasoning and usefulness for compliance officer decision-

making. False positive analysis examined alert quality, categorizing false positives by type and 

assessing whether they reflected legitimate but explainable patterns versus noise requiring 

system refinement. 
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6. Analysis and Results 

6.1 Overall System Performance 

The AI-enhanced RegTech system demonstrated substantial performance improvements across 

all three compliance use cases compared to baseline rule-based approaches. Aggregate results 

showed 34% improvement in risk detection accuracy measured by F1-score, with precision 

gains of 42% and recall improvements of 28%. These metrics indicate the system both 

identified more actual violations and reduced false positive rates simultaneously, addressing 

the dual challenges plaguing traditional compliance systems. 

Table 1: Performance Comparison - AI-Enhanced vs. Rule-Based Systems 

Use Case 
Baseline 

Precision 

AI 

Precision 

Baseline 

Recall 

AI 

Recall 

Baseline 

F1 

AI 

F1 
Improvement 

AML 

Detection 
0.52 0.76 0.68 0.84 0.59 0.80 35.6% 

KYC 

Verification 
0.61 0.82 0.73 0.91 0.67 0.86 28.4% 

Trade 

Surveillance 
0.48 0.71 0.64 0.88 0.55 0.79 43.6% 

Overall 

Average 
0.54 0.76 0.68 0.88 0.60 0.82 36.7% 

Note: Metrics calculated on held-out test datasets containing confirmed compliance violations 

and legitimate transactions. Baseline represents current-generation rule-based systems 

calibrated to standard regulatory thresholds. 

6.2 Anti-Money Laundering Detection Analysis 

 

Figure 1: AML Risk Score Distribution 
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The AML detection system identified 847 high-risk transaction patterns in the test dataset, of 

which 712 represented confirmed violations yielding 84% precision. This compared favorably 

to the baseline system generating 1,632 alerts with only 850 true positives, achieving 52% 

precision. The reduction in false positives from 782 to 135 represents 83% improvement in 

alert quality, directly translating to reduced investigation burden for compliance teams. 

Analysis of detection patterns revealed the AI system excelled at identifying layering schemes 

where funds moved through multiple intermediaries before reaching ultimate destinations. 

Foundation model capabilities enabled recognition of complex transaction sequences that 

simple rule-based heuristics missed. The system correctly identified 89% of structuring cases 

where large amounts were split into smaller transactions to evade reporting thresholds, 

compared to 71% detection by baseline approaches. 

6.3 Know-Your-Customer Verification Results 

Table 2: KYC Document Verification Accuracy 

Document 

Type 

Baseline 

Accuracy 

AI 

Accuracy 
Improvement 

False Accept 

Rate 

False Reject 

Rate 

Passport 87.3% 95.8% 9.7% 2.1% 2.1% 

Driver License 82.1% 94.2% 14.7% 3.4% 2.4% 

Utility Bill 78.5% 91.6% 16.7% 4.8% 3.6% 

Bank 

Statement 
80.2% 92.9% 15.8% 3.9% 3.2% 

Overall 82.0% 93.6% 14.1% 3.6% 2.8% 

Note: Accuracy calculated across 5,000 document verification scenarios including genuine 

documents, forged documents, and expired/invalid documents. False accept rate indicates 

fraudulent documents incorrectly verified; false reject rate indicates legitimate documents 

incorrectly rejected. 

The KYC automation achieved 93.6% overall accuracy in document verification, enabling 

straight-through processing for cases meeting high-confidence thresholds while flagging 

ambiguous cases for human review. The system processed 68% of verification requests without 

human intervention, compared to 34% automation rate for baseline systems. Foundation model 

document understanding capabilities proved particularly effective at detecting subtle forgery 

indicators including inconsistent fonts, altered dates, and mismatched information across 

multiple documents. 
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6.4 Trade Surveillance Performance 

 

Figure 2: Market Manipulation Detection by Pattern Type 

Trade surveillance results demonstrated the AI system's capability to distinguish between 

legitimate aggressive trading and market manipulation attempts. The system correctly 

identified 88% of manipulation attempts compared to 64% baseline detection, while reducing 

false accusations of manipulation from 41% to 15% of flagged transactions. This improvement 

proves critical given the reputational and legal consequences of falsely accusing market 

participants of manipulation. 

Foundation models contributed contextual understanding that traditional systems lacked, 

analyzing whether trading patterns aligned with legitimate strategies given market conditions, 

news events, and participant characteristics. For example, the system correctly classified 

concentrated buying activity as legitimate accumulation rather than manipulation when the 

trader's historical patterns and public information justified the activity. 
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6.5 Cross-Domain Learning Impact 

Table 3: Single-Domain vs. Cross-Domain Model Performance 

Model Configuration AML F1 Score KYC F1 Score Trade F1 Score Average F1 

AML Specialized 0.78 N/A N/A N/A 

KYC Specialized N/A 0.84 N/A N/A 

Trade Specialized N/A N/A 0.76 N/A 

Cross-Domain Unified 0.80 0.86 0.79 0.82 

Improvement +2.6% +2.4% +3.9% +2.9% 

Note: Specialized models trained exclusively on single compliance domain; unified model 

trained on all three domains simultaneously with shared embedding space enabling cross-

domain learning. 

Cross-domain learning yielded consistent but modest performance improvements across all use 

cases. The unified model particularly benefited trade surveillance, where information about 

entities' AML risk profiles and KYC verification status enhanced market manipulation 

detection. Entities with verified identities and clean AML profiles received lower suspicion 

scores for trading patterns that might otherwise trigger alerts, reducing false positives without 

compromising detection of genuine violations. 

6.6 Model Interpretability Assessment 

 

Figure 3: Explanation Quality Evaluation by Compliance Experts 

Compliance experts rated AI-generated explanations favorably, with 81% of explanations 

receiving "good" or "excellent" ratings for usefulness in making disposition decisions. Experts 

particularly valued the system's ability to reference specific regulatory guidance and prior 

enforcement actions relevant to each case. However, 15% of explanations were criticized for 
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excessive technical detail about model internals rather than focusing on compliance-relevant 

reasoning. 

The system's explanation generation incorporated regulatory language and structured reasoning 

that aligned with how compliance officers documented their own decisions, facilitating 

integration into existing compliance workflows and audit processes. This alignment proved 

critical for regulatory acceptance, as supervisory authorities could review AI reasoning using 

familiar frameworks. 

6.7 Computational Performance and Scalability 

Table 4: System Processing Performance Metrics 

Metric Value Comparison to Baseline 

Average Transaction Processing Time 127 milliseconds +43ms (+51%) 

Peak Throughput 4,200 tx/second -1,800 tx/second (-30%) 

Daily Processing Capacity 350 million transactions 275 million transactions 

Model Inference Latency 89 milliseconds N/A 

End-to-End Alert Generation Time 3.2 minutes -1.8 minutes (-36%) 

Note: Performance measured on AWS infrastructure with foundation model API calls to 

Bedrock. Baseline comparison uses on-premises rule-based system. Latency includes 

blockchain data retrieval, feature engineering, model inference, and result formatting. 

While AI-enhanced processing introduced additional computational overhead, overall alert 

generation time decreased due to fewer false positives requiring investigation. The system 

processed high-priority transactions with sub-200-millisecond latency suitable for near-real-

time monitoring, though not matching the ultra-low latency of simple rule-based filters. 

Infrastructure scaling through cloud-native architecture enabled handling production 

transaction volumes with acceptable performance characteristics. 

7. Discussion 

The research findings validate that foundation model integration with blockchain analytics can 

substantially improve RegTech effectiveness, though implementation requires careful attention 

to practical considerations beyond raw algorithmic performance. The 34% overall 

improvement in risk detection accuracy represents meaningful advancement that translates 

directly to reduced compliance costs and enhanced risk mitigation for financial institutions. 

The particularly strong performance in reducing false positives addresses one of the most 

persistent challenges in compliance operations. Traditional systems' 90-95% false positive 

rates create unsustainable investigation burdens that lead to analyst fatigue and potential 

oversight of genuine risks. The AI system's 83% reduction in AML false positives while 

maintaining high detection rates demonstrates that foundation models' contextual 

understanding capabilities provide practical value beyond incremental improvements (Kumar 

et al., 2019). 
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Cross-domain learning results, while showing modest 2-3% performance gains, validate the 

theoretical premise that compliance risks correlate across domains. An entity structuring 

transactions to evade AML reporting thresholds may simultaneously present elevated KYC 

verification risks or engage in suspicious trading patterns. Traditional systems analyzing these 

domains independently miss these correlations. The unified approach's ability to synthesize 

signals across domains creates more robust risk assessment, though the magnitude of 

improvement suggests this benefit remains secondary to within-domain analytical 

improvements (Zhao & Martinez, 2019). 

Model interpretability emerged as critical success factor rather than mere regulatory checkbox. 

The finding that 81% of explanations received favorable expert ratings indicates foundation 

models can generate reasoning that compliance professionals find genuinely useful rather than 

simply technically compliant with transparency requirements. This represents significant 

advancement over earlier "black box" machine learning systems where explanations felt post-

hoc and disconnected from actual decision logic (Anderson & Singh, 2019). 

However, the 15% of explanations criticized for excessive technical focus highlights ongoing 

challenges in calibrating explanation generation for different audiences. Explanations serving 

compliance officers making disposition decisions require different detail levels than those 

supporting regulatory examinations or providing transparency to customers. Future work 

should explore adaptive explanation generation tailored to specific use contexts. 

The computational performance results reveal expected tradeoffs between analytical 

sophistication and processing speed. The 51% increase in per-transaction processing time 

remains acceptable for compliance monitoring applications where decisions occur over 

minutes to hours rather than milliseconds. However, organizations considering AI RegTech 

must ensure infrastructure capacity accounts for this overhead, particularly during peak 

processing periods. The cloud-native architecture enabling flexible scaling proves essential for 

production viability. 

Regulatory acceptance considerations extend beyond technical capability to organizational 

change management and supervisory relationship building. Financial institutions implementing 

AI-driven compliance systems must proactively engage regulators, demonstrating system 

capabilities, validation methodologies, and governance frameworks. The research findings 

provide quantitative evidence supporting AI effectiveness that can facilitate these discussions, 

though regulatory comfort with specific technologies will evolve gradually (Thompson et al., 

2019). 

The blockchain data integration approach demonstrates that distributed ledger transparency 

creates opportunities for more comprehensive transaction monitoring than possible with 

traditional financial systems. However, the pseudonymous nature of public blockchains 

necessitates identity attribution mechanisms that maintain privacy while enabling compliance 

requirements. The research prototype's handling of this tension through privacy-preserving 

techniques shows feasibility, though production implementations must navigate evolving data 

protection regulations across jurisdictions. 

 

8. Conclusion 
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This research establishes that RegTech modernization through AI foundation model integration 

with blockchain analytics delivers substantial, measurable improvements in compliance 

effectiveness while addressing practical implementation challenges. The developed framework 

combining Amazon Bedrock capabilities with distributed ledger transaction data achieved 34% 

overall accuracy improvement and 83% false positive reduction compared to traditional rule-

based systems across three critical compliance use cases. 

The investigation validates several key principles for successful AI RegTech implementation. 

First, hybrid architectures combining foundation models with domain-specific analytical 

techniques outperform pure AI or traditional approaches alone, leveraging strengths of each 

methodology while mitigating limitations. Second, model interpretability requires design 

consideration from inception rather than post-hoc addition, with explanation generation 

capabilities integrated throughout the system architecture. Third, cross-domain learning 

provides meaningful but incremental benefits, suggesting organizations should prioritize 

within-domain accuracy before pursuing cross-domain optimization. 

The established performance benchmarks—76% precision, 88% recall, and 82% F1-score—

provide quantitative targets for AI RegTech systems, demonstrating levels achievable with 

current technology while highlighting headroom for continued improvement. These metrics 

offer financial institutions concrete evidence supporting business cases for compliance 

infrastructure modernization initiatives. 

Implementation guidelines derived from this research emphasize several critical factors. 

Organizations must invest in robust data integration architectures connecting blockchain 

networks, traditional financial systems, and external risk intelligence sources. Foundation 

model selection should consider specific use case requirements, balancing capabilities, costs, 

and regulatory considerations. Explanation generation approaches must align with compliance 

officer workflows and regulatory examination expectations. Continuous monitoring and model 

retraining processes must address concept drift as fraud typologies and manipulation 

techniques evolve. 

Future research should expand beyond the three compliance domains examined here to 

additional regulatory areas including sanctions screening, fraud detection, and insider trading 

surveillance. Investigation of real-time transaction intervention capabilities rather than post-

hoc monitoring would address emerging regulatory expectations for preventing violations 

before completion. Exploration of privacy-preserving machine learning techniques could 

enable compliance analysis on encrypted blockchain data, further strengthening confidentiality 

protections. Finally, longitudinal studies examining AI RegTech performance over multi-year 

periods would provide evidence regarding model stability and maintenance requirements in 

production environments. 

As blockchain adoption accelerates across financial markets and regulatory requirements 

intensify globally, the need for modernized compliance infrastructure becomes increasingly 

urgent. This research demonstrates that judicious integration of AI foundation models with 

blockchain analytics provides viable pathway forward, delivering measurable improvements 

while maintaining the interpretability and governance standards regulators rightfully demand. 

Financial institutions embracing these approaches position themselves to meet compliance 

obligations more effectively and efficiently in an increasingly complex regulatory landscape. 
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