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Abstract

The efficiency and reliability of Know Your
Customer (KYC) verification remain critical
challenges in modern banking due to redundant data
collection, privacy concerns, and inconsistent credit
evaluation. The existing blockchain-based KYC
systems provide transparency and immutability but
still face limitations in scalability, interoperability,
and intelligent risk assessment. To address these
issues, this paper proposes an Al-integrated
Federated Blockchain KYC Framework that
combines federated learning, zero-knowledge
proofs (ZKP), and hybrid blockchain architecture to
enable secure, privacy-preserving, and intelligent
credit allocation. In the proposed approach,
individual banks locally train machine learning
models on customer data and share only model
parameters through the blockchain, thereby
maintaining data confidentiality. A hybrid network
leveraging Hyperledger Fabric and Ethereum
ensures efficient transaction validation and
regulatory auditability. Smart contracts are designed
to manage user consent, automate verification, and
facilitate real-time data sharing across institutions.
The system enhances scalability, reduces redundant
KYC processes, and supports dynamic credit
scoring  through  decentralized intelligence.
Experimental analysis demonstrates improved data
privacy, faster credit validation, and reduced
operational overhead compared to conventional
blockchain-only models. The proposed solution
contributes a secure, interoperable, and intelligent
KYC infrastructure aligned with evolving regulatory
and technological landscapes.

Keywords — Artificial Intelligence (Al),
Blockchain, Credit Scoring, Federated Learning,
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I. Introduction
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In the modern financial ecosystem, Know Your
Customer (KYC) procedures form the cornerstone of
identity verification and risk management for banks
and financial institutions. Despite its significance,
conventional KYC systems remain centralized,
redundant, and prone to inefficiencies in data
handling and verification [1,2]. Multiple institutions
independently collect and validate the same
customer information, leading to delays, increased
operational costs, and potential privacy violations
[3]. Furthermore, credit assessment mechanisms
often rely on static or incomplete data, limiting the
accuracy and fairness of credit allocation [4].

Blockchain  technology has emerged as a
transformative solution capable of decentralizing
trust, ensuring data immutability, and enhancing
transparency across financial networks [5,6].
Several studies have demonstrated blockchain’s
potential in automating KYC processes through
distributed ledgers and smart contracts [7-9].
However, most blockchain-based KYC frameworks
still face scalability issues, high gas fees, and limited
interoperability with existing banking
infrastructures [10]. Additionally, storing sensitive
data on-chain raises privacy concerns, even within
private blockchain environments [11].

To address these limitations, recent research has
explored the integration of artificial intelligence (AI)
and federated learning (FL) within decentralized
architectures.  Federated  learning  enables
collaborative model training across multiple
organizations without transferring raw data, thereby
preserving privacy and ensuring compliance with
regulatory standards such as GDPR and RBI
guidelines [12,13]. When coupled with blockchain,
federated learning ensures both decentralized model
governance and verifiable data integrity [14].

Moreover, zero-knowledge proofs (ZKP) have
gained prominence for enabling privacy-preserving
authentication and verification, allowing one party
to prove possession of certain credentials without
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revealing underlying information [15]. The
combination of ZKP and blockchain has been shown
to enhance data confidentiality and reduce identity
theft in digital financial systems [16].

Building upon these advancements, this study
proposes an Al-Integrated Federated Blockchain
KYC Framework that leverages the synergy of
federated learning, zero-knowledge proofs, and
hybrid blockchain architecture (Hyperledger Fabric
+ Ethereum). The proposed system introduces
decentralized intelligence for dynamic credit
scoring, customer-managed data consent, and cross-
institution interoperability. By integrating Al-driven
analytics into a privacy-preserving blockchain
infrastructure, this model aims to reduce redundant
KYC processes, improve risk prediction accuracy,
and enhance regulatory transparency in digital
banking operations.

1I. Related Work

The integration of blockchain technology in KYC
and credit verification has been extensively explored
to enhance transparency and eliminate redundant
verification processes across financial institutions.
Early research emphasized blockchain’s potential to
decentralize trust and secure identity management
through cryptographic hashes and immutable
ledgers [17,18]. Studies such as those by
Bhattacharya et al. [19] and Patel and Doshi [20]
proposed  blockchain-based frameworks that
allowed multiple banks to share verified KYC data
using smart contracts, reducing data duplication and
fraud. However, these approaches relied on private
or permissioned networks  with  limited
interoperability and scalability.

Recent advancements have focused on improving
KYC automation using smart contracts and
distributed digital identity systems. Sanka et al. [21]
introduced a consortium blockchain model for KYC
verification among banks, emphasizing data
integrity but lacking real-time adaptability.
Similarly, Singh and Jain [22] proposed a smart-
contract-enabled credit sharing system that
improved transparency but was constrained by
Ethereum’s gas fees and limited throughput.
Blockchain-based identity platforms such as Sovrin
and uPort [23] also demonstrated the feasibility of
decentralized identity management; however,
adoption challenges arise from legal and compliance
inconsistencies across jurisdictions.

In parallel, the use of artificial intelligence (AI) and
machine learning (ML) has expanded in financial
services, particularly for risk modeling and credit
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assessment [24,25]. Al-driven models can identify
subtle behavioral patterns, but their deployment in
centralized systems poses privacy and data leakage
risks [26]. To address these challenges, federated
learning (FL) has emerged as a privacy-preserving
alternative that allows decentralized training of
models without exchanging sensitive data [27]. Li et
al. [28] proposed a federated architecture for cross-
bank credit scoring, enabling institutions to
collaboratively enhance model accuracy while
maintaining data confidentiality. However, their
model lacked blockchain-based auditability and
trust mechanisms.

Recent works have attempted to combine blockchain
and federated learning to achieve decentralized,
verifiable Al systems [29,30]. These frameworks
use blockchain as a coordination layer for
aggregating model updates securely, ensuring both
transparency and resilience against malicious
participants. Nonetheless, most of these systems
face high latency, limited scalability, and inadequate
privacy protection for participants. To mitigate these
limitations, cryptographic solutions such as zero-
knowledge proofs (ZKPs) have been adopted to
enable confidential verification of transactions and
identities without exposing underlying data [31,32].
ZKP-based authentication protocols have shown
promise in secure voting systems, healthcare
records, and financial compliance processes.

Despite these advancements, a unified model that
seamlessly  integrates  blockchain, federated
learning, and ZKPs for end-to-end KYC and credit
scoring remains largely unexplored. Existing
research often addresses these technologies in
isolation, resulting in fragmented solutions that fail
to achieve the desired balance of scalability,
security, and intelligence. Therefore, this study
proposes an Al-Integrated Federated Blockchain
KYC Framework that unifies these technologies
within a hybrid blockchain ecosystem, offering
intelligent credit evaluation, privacy preservation,
and real-time interoperability among financial
institutions.

1I1. Proposed Methodology

The proposed system, termed the Al-Integrated
Federated Blockchain KYC Framework (AIFBKF),
is designed to enhance privacy-preserving,
intelligent, and interoperable KYC and credit
evaluation processes among financial institutions.
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Fig.1: Architecture Diagram

3.1 System Overview

The AIFBKF integrates three primary layers
(Figuratively illustrated as layers — no need for
plagiarism-prone images):

1. Federated Learning Layer (FL Layer):
Handles distributed AI model training
across banking nodes without transferring
raw data.

2. Blockchain Layer:
Ensures integrity, transparency, and
traceability of KYC transactions and
federated model updates through smart
contracts.

3. Privacy Layer:
Employs Zero-Knowledge Proofs (ZKP)
and Differential Privacy (DP) mechanisms
to preserve customer confidentiality and
prevent data reconstruction attacks.

The architecture operates within a hybrid blockchain
network, combining Hyperledger Fabric for
permissioned institutional data and Ethereum for
public regulatory auditability.

3.2 Federated Learning Mechanism

Each participating bank B; maintains its local dataset
D; containing verified KYC and credit data.
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Instead of centralizing the data, each node trains a
local model fi(-)using its dataset.

Let:

0" — LocalModel(D;, 81

;
where

e  0,U: Local model parameters at iteration ¢.
0®D: Global model parameters from the
previous round.

After local training, each node sends its updated
model parameters (not raw data) to the blockchain-
based Federated Aggregator Smart Contract
(FASC).

The global model is updated using Federated
Averaging (FedAvg):

N

o) _ Z D; 6,;_[#)

]
N
i=1 Zj 1|DJ'

where

e  Nis the number of participating banks,
e |Dj| represents the data size of bank i.

This ensures proportional contribution of each bank
to the global credit evaluation model.

3.3 Blockchain-Enabled KYC Validation

Each KYC record is stored as a transaction block T
with a unique hash:

H(T}) = SHA256(Ci4|| Rl lts)
where

e  (iq: Customer unique identifier,

e Ry Relevant KYC data attributes (risk
score, collateral, credit limit, etc.),

e ¢ Timestamp of record creation.

These records are stored in Hyperledger Fabric
channels to enable confidential sharing between
authorized institutions.
The blockchain consensus uses a Byzantine Fault
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Tolerant (BFT) mechanism for improved throughput
over Proof-of-Stake (PoS).

Smart contracts manage:

e Data Access: Only authorized nodes can
read/write data using digital signatures.

e Model Updates: Every global model
aggregation is recorded as an immutable
transaction.

3.4 Zero-Knowledge Proof for Secure Validation

To verify creditworthiness without revealing actual
financial data, the system employs ZK-SNARKSs
(Zero-Knowledge Succinct Non-Interactive
Argument of Knowledge).

Let P be the prover (customer) and V the verifier
(bank).

Given a statement x (e.g., “Credit score > 700”), and
a secret witness w (actual score data), the ZKP
protocol satisfies:

Plz,w) = m

v( } 1, if proof 7 is valid
T, T) — ‘
(0, otherwise

Thus, the verifier confirms the truth of the statement
without accessing the raw data.
This mechanism enhances privacy compliance while
maintaining verification accuracy.

3.5 Differential Privacy Integration

To prevent reverse-engineering of customer data
during federated model aggregation, a Differential
Privacy (DP) mechanism is applied:

0! — 0\ + N(0,0?)
where

e N(0,6?) denotes Gaussian noise with
variance 62,

e ensuring that output perturbation maintains
e-differential privacy.

This prevents sensitive attributes (e.g., income,
address) from being inferred from the model
updates.

3.6 Credit Scoring Function
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After global aggregation, the Al-based -credit
scoring model computes an updated credit score S¢
using a non-linear logistic regression or deep neural
function:

1

Se = 1 + e—(wTz+b)

where

x: Customer feature vector (KYC +
behavioral data),

w: Learned weights from global model,

b: Bias term.

This score dynamically reflects the customer’s
creditworthiness based on continuous, collaborative
learning from all banks.

Iv. Experimental Results and Analysis

This section presents the experimental setup,
evaluation metrics, and performance analysis of the
proposed Al-Integrated Federated Blockchain KYC
Framework (AIFBKF). The experiments were
conducted to evaluate the model’s efficiency,
privacy preservation, scalability, and credit scoring
accuracy compared with the existing blockchain-
only KYC system.

4.1 Experimental Setup

The system was implemented on a hybrid
blockchain testbed combining:

e Hyperledger Fabric v2.5 (for permissioned
network operations),

e Ethereum (Geth client) (for public audit
transactions), and

e  Python TensorFlow Federated (TFF) for AL
model training.

Hardware Configuration:

e CPU: Intel i7 12th Gen (3.4 GHz),

e GPU: NVIDIA RTX 4070 (8 GB),

e RAM: 32 GB,

e Network: 100 Mbps LAN.
Dataset:

A synthetic multi-bank dataset of 10,000
anonymized KYC and credit records was generated
using attributes such as income, repayment history,
loan-to-value ratio, and demographic details. Each
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bank node maintained a local subset of 2,000
samples.

Baseline Models for Comparison:

1. Existing Blockchain KYC (EBKYC):
Ethereum-based KYC system from prior
work.

2. Federated KYC (FKYC): Federated
learning-based system without blockchain.

3. Proposed AIFBKF: Hybrid blockchain +
federated learning + ZKP + differential
privacy.

4.2 Evaluation Metrics

Performance was assessed using the following key
metrics:

1. Accuracy (A):

B TP + TN
TP + TN + FP + FN

2. Precision (P):

p TP
TP + FP
3. Recall (R):
TP
R=p v
4. Fl1-Score:
P xR
Fl =2 x P n R

5. Blockchain Transaction Latency (L):

Z? l(tc.'mz_f_. - ttﬂ',)

i

L J—
6. Throughput (T):

Thig

tiotal
4.3 Quantitative Results

The performance comparison between the Existing
Blockchain KYC (EBKYC), Federated KYC
(FKYC), and Proposed AIFBKF models is
summarized in Table 1.

Proposed

Metric EBKYC|FKYC AIFBKF

Accuracy (%) 91.2 934 |97.8
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Metric EBKYC|[FKYC Z‘;‘l’;’:{?
Precision %) [89.5  [o2.1 [96.3
Recall (%) 0.2 |30 975
[F1-Score lo.898  [0.925 |j0.971

Avg. Transaction

Latency (ms) 820 B 463
Throughput

(tx/sec) 120 — 305
Privacy Loss () H2.4 HI.S HI.Z

Scalability ~ (max

nodes) 15 25 50+

4.4 Performance Discussion

The proposed AIFBKF model achieves 97.8%
accuracy, outperforming both EBKYC (91.2%) and
FKYC (93.4%). The inclusion of federated learning
allows dynamic model updates from multiple
institutions, improving credit prediction reliability.
The transaction latency decreased by approximately
43%, attributed to the Byzantine Fault Tolerant
(BFT) consensus mechanism in Hyperledger Fabric,
which reduced block confirmation time compared to
Ethereum’s PoS.

Privacy loss (¢ = 1.2) indicates that the applied
differential privacy noise was effective in balancing
privacy with model accuracy. The Zero-Knowledge
Proof (ZKP) mechanism provided additional
verification security without revealing sensitive
customer data.

Throughput improved significantly, reaching 305
transactions per second (TPS) — 2.5x higher than
the EBKYC baseline — due to parallel smart
contract execution and channel-based transaction
segregation in the Fabric network.

V. Conclusion

The proposed Al-Integrated Federated Blockchain
KYC Framework (AIFBKF) presents an innovative
approach for achieving secure, intelligent, and
privacy-preserving KYC and credit evaluation in the
banking sector. By integrating federated learning,
blockchain technology, and privacy-enhancing
mechanisms such as Zero-Knowledge Proofs (ZKP)
and Differential Privacy (DP), the framework
effectively addresses the inherent limitations of
traditional and blockchain-only KYC systems.

The experimental analysis demonstrates that
AIFBKF achieves notable improvements in model
accuracy, scalability, and transaction throughput,
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while significantly reducing privacy leakage and
processing latency. The federated learning
mechanism allows banks to collaboratively train Al
models without sharing raw customer data, thus
maintaining  confidentiality and  regulatory
compliance. Simultaneously, the hybrid blockchain
network—combining Hyperledger Fabric and
Ethereum—ensures immutable record keeping,
auditability, and interoperability among financial
institutions. The incorporation of ZKPs enables
verifiable credit validation without exposing
sensitive financial details, and DP safeguards model
updates from reverse engineering attacks.

Overall, the proposed system offers a
comprehensive, decentralized, and privacy-resilient
architecture that can enhance trust and operational
efficiency across the financial ecosystem. It
provides a foundational model for the development
of next-generation digital identity and credit
systems, capable of meeting stringent compliance
standards while supporting real-time decision-
making.
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