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Abstract: The increasing reliance on artificial intelligence (AI) and machine learning (ML) in critical
decision-making domains such as healthcare, finance, banking, and autonomous systems has underscored the
need for transparency, interpretability, and trustworthiness in AI models. While Explainable Al (XAI)
techniques have made significant strides in providing human-understandable explanations for model
predictions, a critical gap remains in ensuring that these explanations are verifiable, tamper-proof, and
auditable. This paper introduces a novel framework that integrates blockchain technology with XAl to enhance
the trustworthiness of machine learning interpretability. By leveraging blockchain’s inherent properties—
immutability, decentralization, and cryptographic security—we propose a system where model explanations
are securely recorded, validated, and audited in a transparent and tamper-resistant manner.

Our framework, Blockchain-Enabled Explainable Al (BE-XAI), employs smart contracts for automated
logging of explanations, decentralized consensus mechanisms for validation, and cryptographic attestation to
ensure the authenticity of interpretability results. We conduct extensive experiments on benchmark datasets,
including UCI Adult Income, MNIST, and IMDB Sentiment Analysis, using diverse ML models such as
Random Forest, CNN, and BERT, alongside popular XAI methods like SHAP, LIME, and Integrated
Gradients. The results demonstrate that BE-XALI successfully preserves explanation integrity, mitigates risks
of post-hoc manipulation, and provides a robust mechanism for auditability. The implications of this work are
far-reaching, particularly in high-stakes applications where accountability and regulatory compliance are

paramount.
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1. Introduction

The rapid proliferation of Al and ML systems has revolutionized decision-making processes across industries.
However, the opacity of many advanced ML models, particularly deep learning systems, has raised significant
concerns regarding their interpretability and trustworthiness [1]. In domains such as healthcare diagnostics, financial
risk assessment, and criminal justice, the inability to fully understand and verify Al-driven decisions can lead to ethical
dilemmas, regulatory challenges, and potential harm. Explainable Al (XAI) has emerged as a critical field aimed at
addressing these concerns by developing techniques that provide insights into how models arrive at their predictions
[2-5].
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Figure 1. Features of Al and Machine Learning [2]

Despite the progress in XAl, existing methods suffer from a fundamental limitation: the lack of mechanism to
ensure that explanations themselves are trustworthy and verifiable. For instance, an adversary with access to an Al
system could manipulate explanations to conceal biases or errors, leading to mistrust and potential misuse. This
challenge calls for a paradigm shift in how interpretability is implemented—one that incorporates cryptographic
security, decentralized validation, and immutable record-keeping [5-8].

Blockchain technology, with its decentralized and tamper-proof ledger system, presents a compelling solution to
this problem. By integrating blockchain with XAI, we can create a framework where explanations are not only
generated but also securely recorded, independently validated, and permanently stored in a manner that resists
manipulation. This paper introduces BE-XAI, a comprehensive framework that bridges the gap between
interpretability and verifiability in machine learning. Our approach ensures that explanations are cryptographically
attested, consensus-validated, and stored in an immutable ledger, thereby enhancing trust and accountability in Al
systems [8-11].

1.1 Research Contributions

This work makes several key contributions to the fields of XAl and blockchain-enabled Al transparency:

1.A Novel Integration of Blockchain and XAI: We propose the first end-to-end framework that combines
blockchain’s security features with XAl techniques to ensure verifiable and tamper-proof interpretability.

2.Smart Contract-Based Explanation Logging: We design smart contracts that autonomously record model
explanations on a blockchain, ensuring immutability and traceability.

3.Decentralized Explanation Validation: We introduce a consensus mechanism where multiple stakeholders
validate explanations, reducing reliance on a single trusted authority.

4.Cryptographic Attestation of Interpretability: We employ digital signatures and hashing to guarantee the
authenticity and integrity of explanations.

5.Empirical Validation on Real-World Datasets: We demonstrate the feasibility and effectiveness of BE-XAI

through extensive experiments on diverse ML models and datasets, providing concrete evidence of its robustness.

2. Literature Review
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2.1 Explainable Al Techniques

Explainable Al techniques can be broadly categorized into model-agnostic and model-specific approaches.
Model-agnostic methods, such as LIME (Local Interpretable Model-agnostic Explanations) and SHAP (Shapley
Additive Explanations), provide post-hoc explanations by approximating model behavior without requiring internal
knowledge of the model. These methods are widely used due to their flexibility, but they suffer from computational
overhead and potential instability in explanations [12, 13].

Model-specific techniques, on the other hand, are tailored to particular architectures. For example, attention
mechanisms in transformer models highlight important input features, while gradient-based methods like Integrated
Gradients explain deep neural network decisions by analyzing feature contributions. While these methods offer more
precise explanations, they are limited to specific model types and may not generalize across different architectures
[14]. Advancements in hybrid deep learning models highlight both the potential and the opacity of modern Al systems,

underscoring the importance of integrating verifiable interpretability techniques in Al frameworks [28, 29]
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Figure 2. Key Features of Explainable Al [13]

A critical limitation of existing XAI methods is their susceptibility to manipulation. Since explanations are
typically generated and stored in centralized systems, they can be altered or suppressed without detection. This
undermines trust, particularly in regulated industries where auditability is essential [15].

2.2 Blockchain for AI Transparency and Trust

Recent research has explored the use of blockchain to enhance transparency in Al systems. One prominent
application is model provenance tracking, where blockchain is used to record training data, hyperparameters, and
model versions, ensuring reproducibility and accountability. Another area is federated learning security, where
blockchain helps prevent model poisoning by malicious participants in decentralized training environments [16-19].

Additionally, blockchain has been employed for auditable Al decision-making, where model predictions are
logged on-chain to comply with regulatory requirements. However, prior work has primarily focused on recording
raw predictions rather than explanations. Our work extends these efforts by introducing a systematic approach to
storing, validating, and verifying interpretability results, thereby addressing a critical gap in trustworthy AI [19-21].
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3. Methods

The BE-XAI framework is designed to ensure that machine learning explanations are verifiable, tamper-proof,
and auditable. The framework consists of four core components: (1) explanation generation using XAl techniques,
(2) blockchain-based logging of explanations via smart contracts, (3) Decentralized validation through consensus

mechanisms, and (4) cryptographic attestation to guarantee authenticity [22-24].

3.1 System Architecture
The workflow of BE-XAI operates as follows:

1.Explanation Generation: An ML model generates predictions, and an XAI method (e.g., SHAP or LIME)
produces corresponding explanations.

2.Blockchain Logging: The explanation is hashed and recorded on a blockchain through a smart contract, ensuring
immutability.

3.Decentralized Validation: Validator nodes (e.g., auditors, regulatory bodies) independently verify the correctness
of the explanation.

4.Consensus and Finalization: If validators reach consensus, the explanation is permanently stored with
cryptographic proof.

3.1. Smart Contract Design
Smart contracts in BE-XALI serve three primary functions:

o Secure Logging: Explanations are hashed and stored on-chain, preventing unauthorized modifications.

e Validation Trigger: The smart contract initiates a consensus process among validators to confirm explanation
accuracy.

o Tamper-Proof Storage: Once validated, explanations are appended to the blockchain, creating an immutable audit
trail.

3.2 Consensus Mechanism
To ensure decentralized trust, we introduce a Proof-of-Interpretability (Pol) consensus protocol. Validators must:
1.Precompute the explanation using the same XAI method.
2.Compare their results with the logged explanation.
3.Vote on its validity, with acceptance requiring a supermajority agreement.
This mechanism ensures that explanations are not only generated but also independently verified, reducing the

risk of manipulation.

4. Experiments and Results
4.1 Experimental Setup
We evaluate BE-XAI on three benchmark datasets:
e UCT Adult Income: A tabular dataset for income prediction (Random Forest).
e MNIST: An image classification dataset (CNN).

o IMDB Sentiment Analysis: A text classification task (BERT).
We use SHAP, LIME, and Integrated Gradients for explanation generation and deploy smart contracts on
Ethereum (public blockchain) and Hyperledger Fabric (permissioned blockchain).

4.2 Evaluation Metrics
We assess:
o Explanation Consistency: Whether blockchain logging preserves explanation integrity.
e Validation Latency: Time required for decentralized consensus.
o Security Analysis: Resistance to adversarial tampering.
4.3 Key Findings
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e Immutable Explanations: Blockchain ensures 100% explanation integrity with no post-hoc alterations.
¢ Decentralized Trust: Consensus validation eliminates single-point-of-failure risks.

e Moderate Overhead: Additional computation for blockchain operations is justified by enhanced security.

5. Discussion
5.1 Implications for High-Stakes Applications
In healthcare, BE-XAI ensures diagnostic explanations are auditable, preventing misdiagnosis due to manipulated
interpretations [25, 26]. In finance and banking, it enhances compliance by providing regulators with verifiable
records of credit scoring decisions and aid in reducing money laundering [27].
5.2 Limitations and Future Work
o Scalability: Blockchain consensus may introduce latency in real-time applications.
o Interoperability: Standardizing XAl methods for blockchain integration remains a challenge.

o Energy Efficiency: Alternative consensus mechanisms (e.g., Proof-of-Stake) could reduce computational overhead.

6. Conclusion

This paper presents BE-XAI, a groundbreaking framework that integrates blockchain with XAl to ensure
verifiable and trustworthy machine learning interpretability. By combining smart contracts, decentralized validation,
and cryptographic attestation, we address critical gaps in current XAl approaches. Experimental results confirm the
framework’s feasibility, highlighting its potential for deployment in high-stakes Al applications. Future work will
focus on scalability optimizations and cross-industry adoption.
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