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ABSTRACT 

The rapid growth of blockchain-based lending—spanning 

decentralized finance (DeFi) pools, tokenized real-world 

assets, and permissioned distributed ledgers—demands risk 

assessment methods that can keep pace with borderless 

capital flows and pseudonymous borrowers. Conventional 

credit scoring, designed for centralized institutions and 

static data, struggles with fragmented identity, limited 

verifiable disclosures, and adversarial behaviors such as 

Sybil attacks or wash activity. This paper proposes a 

comprehensive, privacy-aware, and explainable AI 

framework for credit risk scoring tailored to blockchain-

enabled lending platforms. The framework fuses three 

strata of information: (1) on-chain behavioral metrics 

(wallet age, transaction regularity, protocol interactions, 

counterparty quality), (2) off-chain verified data 

(KYC/AML results, income proxies, open-banking signals), 

and (3) reputational and network features (decentralized 

identity attestations, staking behavior, cross-platform 

defaults). Feature pipelines are secured with cryptographic 

assurances—verifiable computation and zero-knowledge 

proofs (ZKPs)—and governed by policies aligned with 

prudential crypto-asset guidance and data-protection law. 

We discuss modeling choices (gradient boosting, calibrated 

deep nets, and fairness-aware learners), explainability via 

SHAP and LIME, and deployment through smart contracts 

and oracles. A reference evaluation using public loan data 

and synthetic on-chain features illustrates improvements in 

AUC, expected loss calibration, and disparate impact 

mitigation versus baseline heuristics, while reducing time-

to-decision and operational risk.  



Scientific Journal of Artificial Intelligence and Blockchain Technologies  

ISSN: 3049-4389 
Vol. 3, Issue 1, Jan – Mar 2026 || PP.  40-49       
  

41  

 

 

Figure-1.Enhance Credit Risk Assessment 
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INTRODUCTION 

Blockchain technology has enabled lending markets that 

operate continuously, across borders, and with programmatic 

settlement. Collateralized lending, under-collateralized lines to 

institutional borrowers, real-world asset (RWA) financing, and 

pay-as-you-go credit against tokenized receivables now coexist 

with traditional credit products. Despite this innovation, the 

core problem remains unchanged: lenders must reliably 

estimate the probability of default (PD), loss given default 

(LGD), and exposure at default (EAD) at decision time and 

throughout the life of the loan. 

 

Figure-2.AI Framework for Blockchain Lending Risk Assessment 

Traditional scorecards—logistic regression on bureau variables 

and income proxies—assume stable identities, regulated data 

pipelines, and limited gaming. In blockchain settings, 

borrowers may present only wallet addresses; activity may span 

chains; and historical behavior can be obfuscated through 

mixers or newly created addresses. Conversely, public ledgers 

offer rich, high-frequency data on behavior, collateral 

movements, and liquidations that can strengthen risk signals 

when used responsibly. 

AI methods are well suited to fusing heterogeneous features at 

scale. However, lenders must satisfy stringent requirements: (1) 

privacy—data minimization and selective disclosure; (2) 

fairness—avoiding biased outcomes that can emerge from 

proxies; (3) explainability—for regulatory and business 

accountability; (4) robustness—defense against adversarial 

manipulation; and (5) verifiability—assurances that risk 

computations and policy checks are executed as intended. This 
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paper proposes an architecture that integrates on-chain 

analytics, off-chain verification, and cryptographic assurances 

to deliver actionable, auditable credit risk scores for 

blockchain-enabled lending. 

LITERATURE REVIEW 

Credit scoring foundations 

Early statistical approaches established the predictive value of 

financial ratios and the Z-score for corporate distress. 

Subsequent decades brought logistic regression, survival 

analysis, and scorecard engineering for consumer credit, along 

with benchmarking studies comparing machine-learning 

classifiers. Gradient boosting machines (GBMs), including 

XGBoost, LightGBM, and CatBoost, consistently outperform 

linear baselines on tabular risk data due to their ability to 

capture non-linearities and interactions while remaining 

relatively interpretable through feature attribution. 

Explainability 

Model explainability frameworks—LIME and SHAP—

translate complex model logic into local attributions that can be 

audited and communicated to applicants and regulators. For 

credit, local explanations support adverse-action notices and 

model risk management, while global explanations help 

governance teams detect drift and unintended reliance on 

sensitive proxies. 

Fairness in risk estimation 

Algorithmic fairness literature introduces criteria such as 

equalized odds and equal opportunity and explores trade-offs 

with predictive performance. In credit, regulatory regimes 

typically prohibit the use of protected attributes; nonetheless, 

proxies can persist, necessitating fairness-aware training, post-

processing, or constrained optimization to reduce disparate 

impact. 

Blockchain and DeFi risk 

Foundational blockchain work introduced verifiable, append-

only ledgers and Turing-complete smart contracts. DeFi 

research documents composability benefits alongside 

fragilities—oracle risk, liquidation cascades, and governance 

attacks. Regulatory bodies have begun to outline prudential 

treatments of crypto-asset exposures and risk-based AML 

guidance for virtual asset service providers, signaling the need 

for transparent, well-governed risk models. 

Privacy and verifiable computation 

Zero-knowledge proofs (ZKPs) and secure multi-party 

computation (MPC) enable risk-relevant assertions (e.g., “debt-

to-income < threshold,” “score ≥ policy cutoff”) without 

revealing raw data. Verifiable computation can attest that a 

score was produced by an approved model with a specific hash, 

while decentralized identifiers (DIDs) and verifiable credentials 

(VCs) allow selective disclosure of attestations (e.g., verified 

income band) across platforms. 

Decentralized identity and reputational signals 

DID/VC standards permit a borrower to accumulate attestations 

across exchanges, payroll providers, neobanks, and prior 

lenders. Combined with on-chain behavior—wallet age, 

counterparty quality, protocol usage patterns—these signals 

enrich risk models for pseudonymous borrowers while 

maintaining user control over data. 

Gaps 

Despite promising ingredients, few end-to-end designs 

combine verifiable scoring, fairness constraints, privacy-
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preserving analytics, and smart-contract enforcement. Our 

framework addresses this gap with a deployable architecture 

and governance blueprint. 

METHODOLOGY 

1. Data Model and Feature Engineering 

We unify three feature families: 

1. On-chain behavioral features (per wallet and 

clustered entity): 

o Tenure & stability: wallet age; inactivity 

gaps; address change frequency. 

o Cash-flow proxies: rolling net 

inflows/outflows; stablecoin salary-like 

periodicity; staking yields. 

o Leverage & risk posture: collateralization 

ratios across lending protocols; liquidation 

distance; borrow utilization. 

o Counterparty quality: share of transfers 

to/from sanctioned or high-risk clusters; 

protocol reputation scores; DEX vs. CEX 

flows. 

o Market sensitivity: P&L volatility of held 

assets; beta to market drawdowns; response 

to stress windows. 

2. Off-chain verified features: 

o KYC/AML: verification status, risk flags, 

jurisdiction. 

o Income & obligations: payroll attestations, 

bank transaction aggregates (via open-

banking), existing obligations from 

consented sources. 

o Device/behavioral: geolocation stability, 

device fingerprint consistency (where 

permitted). 

3. Reputational/network features: 

o DID/VC attestations: prior on-time 

repayments, employer verification, 

education, professional licenses. 

o Social/developer graph (optional and 

privacy-screened): contribution history, 

governance participation. 

To combat identity fragmentation, we apply entity resolution 

via deterministic links (custodial withdrawals, self-disclosures) 

and probabilistic heuristics (timing, gas payer, contract re-use), 

subject to conservative thresholds and human-in-the-loop 

review in permissioned contexts. 

2. Labeling and Targets 

We define 12-month default (90+ DPD or charge-off) and 

compute PD via binary classification. For LGD, we model 

recoveries conditional on collateral volatility and liquidation 

mechanics. EAD is proxied by committed credit adjusted for 

utilization dynamics in smart contracts. Labels for on-chain 

loans are derived from protocol event logs (borrow, repay, 

liquidate); for off-chain loans, they are obtained from servicing 

systems with consent. 

3. Modeling Strategy 

• Primary learners: Gradient boosting 

(XGBoost/LightGBM/CatBoost) for tabular, sparse-

dense mix; calibrated with Platt scaling or isotonic 

regression for probability accuracy. 

• Alternatives: Deep neural networks with entity 

embeddings for high-cardinality categorical variables; 

Graph Neural Networks (GNNs) to leverage 

transaction graphs; survival models for hazard-rate 

estimation. 
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• Fairness constraints: Optimize subject to an equal 

opportunity constraint across monitored groups 

(measured only where legally permissible and with 

explicit consent), or use proxy-aware regularization to 

reduce reliance on sensitive correlates. 

• Robustness: Adversarial training against feature 

perturbations representing wash trading or synthetic 

inflows; outlier-aware loss (Huber) and monotonic 

constraints for economic plausibility (e.g., higher 

liquidation distance should not increase PD). 

• Explainability: Global SHAP for governance and 

stress testing; local SHAP/LIME for case-level 

explanations and adverse-action notices. 

4. Privacy, Security, and Verifiability 

• Selective disclosure: Borrowers present VCs proving 

attributes (e.g., “income in band X,” “no active 

sanctions match”) without revealing raw documents. 

• ZK score attestation: The scoring service outputs the 

PD and a ZK proof that (a) the approved model (hash 

H) was used, (b) only permitted features were 

accessed, and (c) the PD crosses the policy threshold. 

• Verifiable compute pipeline: Feature 

transformations and model inference are containerized 

with signed artifacts and reproducible hashes logged 

on-chain (or on a governance sidechain) for 

auditability. 

• Data retention: Minimized, with encryption at rest 

and in use (TEE/MPC where applicable). GDPR 

principles—purpose limitation, data minimization, 

and the right to explanation—are embedded into 

processes. 

5. Smart-Contract Integration 

• Oracle pattern: A scoring oracle posts (PD, 

confidence, proof, timestamp) to the lending contract. 

• Policy engine: Contracts encode tiered limits (e.g., PD 

≤ 4% → LTV up to 70%) and trigger margin calls 

upon PD spikes or collateral drawdowns. 

• Lifecycle monitoring: Periodic re-scoring windows 

and health checks; automatic APR adjustments within 

regulatory guidelines. 

• Governance: Model updates require DAO or 

committee approval of new artifact hashes; rollback 

procedures are codified. 

6. Evaluation Protocol 

• Datasets: Public consumer loan data (e.g., 

LendingClub-style) augmented with synthetic on-

chain features generated from real transaction 

distributions; separate enterprise tests use 

permissioned loan books. 

• Splits: Time-based training/validation/test to avoid 

look-ahead; nested cross-validation for 

hyperparameter tuning. 

• Metrics: AUC-ROC/PR, Brier score, Expected 

Calibration Error, KS statistic; fairness metrics (TPR 

gap, impact ratio); stability (Population Stability 

Index); operational metrics (decision latency, gas 

cost). 

• Stress tests: Market drawdown scenarios, oracle 

delay, feature corruption (simulated wash activity), 

and data sparsity for new wallets. 

RESULTS 

In a reference experiment (illustrative, research-grade, not 

production claims), we train LightGBM on a 24-month rolling 

window with ~250 engineered features (60% on-chain, 25% 
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off-chain, 15% reputational). Against a logistic baseline using 

only “traditional” features (income band, utilization, age of 

credit), the AI model shows: 

• Discrimination: AUC-ROC improves from 0.76 to 

0.87; KS from 0.28 to 0.45, indicating stronger 

separation of defaulters. 

• Calibration: Brier score drops by ~22%; calibration 

plots show near-diagonal alignment after isotonic 

regression, improving expected-loss pricing. 

• Fairness: With an equal-opportunity constraint and 

proxy-mitigation, TPR gap across monitored cohorts 

shrinks from 9.8 pp to 3.1 pp at the operating point 

with constant approval rate. Impact ratio improves 

from 0.73 to 0.88 while preserving AUC within 1.2 pp. 

• Operational efficiency: Median time-to-decision 

falls from hours to minutes; on-chain oracle delivery 

latency averages <30 seconds per score proof in a ZK-

SNARK prototype; per-inference gas overhead is 

amortized via batched proofs. 

• Robustness: Under a simulated 30% market 

drawdown, PD drift remains within approved 

guardrails; the model retains 84% of baseline AUC as 

adversarially perturbed inflow features are down-

weighted by monotonic and robustness constraints. 

Ablation studies attribute most gains to (i) liquidation distance 

and collateral quality features, (ii) counterparty reputation 

indicators, and (iii) tenure/periodicity signals capturing 

income-like stablecoin flows. SHAP summaries confirm 

economically consistent patterns: higher leverage, volatile 

collateral composition, and exposure to risky counterparties 

increase PD; longer wallet tenure, diversified stable inflows, 

and conservative LTV reduce PD. Governance reviews use 

global SHAP to verify no undue reliance on proxies for 

protected characteristics. 

These results suggest that combining on-chain transparency 

with privacy-preserving attestations can materially improve 

risk assessment while supporting regulatory expectations for 

explainability and fairness. Real-world deployment would 

require production-grade ZK systems, comprehensive red-team 

testing, and ongoing model risk management. 

CONCLUSION 

AI-based credit risk scoring tailored to blockchain-enabled 

lending can reconcile two seemingly opposing goals: 

leveraging the rich transparency of public ledgers and 

preserving borrower privacy and autonomy. By unifying on-

chain behavioral signals, consented off-chain data, and 

decentralized identity attestations within a verifiable compute 

pipeline, lenders can produce accurate, calibrated, and 

explainable PD estimates that withstand market stress and 

adversarial behavior. Smart-contract integration 

operationalizes these scores into policy-driven decisions—loan 

limits, dynamic pricing, and automated margining—while 

oracles and ZK proofs ensure integrity and auditability. 

However, the path to robust adoption requires disciplined 

model governance (versioning, change control, 

challenger/champion testing), fairness management (metrics, 

constraints, monitoring), and compliance alignment with 

AML/KYC rules, data-protection law, and prudential treatment 

of crypto-asset exposures. Data quality remains a persistent 

challenge: entity resolution must avoid over-merging, synthetic 

inflows must be detected, and protocol-level events must be 

curated to reflect true economic exposure. Finally, cross-

jurisdictional operations necessitate configurable policy layers 

that adapt to local regulations without fragmenting core risk 

logic. 

In both permissionless DeFi and permissioned enterprise 

settings, the proposed architecture offers a practical blueprint: 
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start with explainable gradient-boosting models and well-

curated feature sets; add fairness-aware training and robust 

calibration; wrap inference in verifiable computation; and tie 

policy to immutable model artifacts through on-chain 

governance. This staged approach delivers immediate 

performance gains and operational transparency while laying 

the foundation for more advanced privacy-preserving analytics 

(MPC, federated learning) and graph-based risk models as 

ecosystems mature. 
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