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Abstract:

Explainable Artificial Intelligence (XAI) is crucial for ensuring trust and transparency in Al systems, especially in
critical decision-making scenarios (IBM). As Al becomes more integrated into various sectors, understanding how these
systems arrive at specific outputs is essential for accountability and ethical considerations (IBM). This essay explores
the intersection of XAI and blockchain technology, focusing on the development of interpretable machine learning
models with cryptographic security (1 Block XAIL Review of Blockchain for Explainable Artificial Intelligence).
Blockchain's decentralized and immutable nature can provide a robust framework for XA, ensuring that Al decision-
making processes are transparent, auditable, and secure (IBM). This study investigates various interpretable machine
learning models, such as decision trees and linear regression, and their integration with cryptographic techniques to
enhance data privacy and security (Christoph Molnar). By leveraging blockchain's cryptographic features, sensitive
data used in Al models can be protected, while XAl techniques provide insights into the model's decision-making
process (Nalini). The synergy between XAI and blockchain offers a promising approach for building trustworthy Al
systems that can be confidently deployed in high-stakes applications, promoting transparency and accountability in Al-
driven decisions (IBM).
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LINTRODUCTION

A. Overview of Explainable Al (XAI)

Explainable Al (XAI) refers to machine learning models designed to be transparent and interpretable.
Unlike traditional "black-box" models, XAl ensures that human users can understand how an Al system
makes decisions. This interpretability is crucial in high-stakes fields like healthcare, finance, and law, where
understanding Al’s rationale can help build trust and ensure ethical use. XAl provides insight into model
decisions, making it easier to identify biases or errors, which is especially important when Al systems
impact people's lives or are held accountable for critical outcomes.
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B. Importance of Transparency in Machine Learning Models

Transparency in machine learning models is vital for gaining user trust and ensuring accountability. In
high-stakes decision-making, such as medical diagnoses or judicial decisions, stakeholders need to
understand the reasoning behind Al outputs. Transparency helps mitigate risks of discrimination or bias,
as users can scrutinize models for fairness and correctness. It also supports regulatory compliance, as
explainability allows for the verification of decisions and auditing of processes. Transparent Al can enable
greater acceptance and adoption by providing clear, understandable justifications for automated decisions,
especially in sectors that impact public welfare.

C. Need for Trustworthy Al in Critical Decision-Making

Trustworthy Al is essential in critical decision-making contexts, where Al systems' outcomes significantly
impact human lives or societal functions. In industries like healthcare, law enforcement, and finance, Al
systems must make accurate, fair, and accountable decisions. Without trust in Al, stakeholders may resist
using these systems, leading to missed opportunities for improvement and innovation. Trustworthy Al
requires explainability, robustness, and fairness to ensure that the Al's decisions can be interpreted and
justified, preventing biased or harmful decisions that could harm individuals or communities in sensitive
areas like public safety or healthcare.

D. Challenges in Interpreting Complex Machine Learning Models

Many advanced machine learning models, especially deep learning models, are inherently complex and
difficult to interpret, leading to the "black-box" problem. These models learn intricate patterns from large
datasets, making it hard to trace how specific decisions are made. This lack of transparency is problematic,
especially in domains like healthcare or finance, where understanding the rationale behind Al decisions
is crucial.

Model Complexity
Lack of Transparency

Deep Learning Architectures

Fig 1: Challenges in interpreting machine learning models

Despite the impressive accuracy of these models, their opacity raises concerns about accountability, bias,
and fairness. Overcoming these challenges requires developing methods for explaining and interpreting
complex Al models in ways that are understandable and actionable.

E. Current Trends in Al Explainability and Blockchain Adoption

In recent years, both Al explainability and blockchain technology have gained significant attention across
various industries. Al explainability is becoming increasingly crucial as businesses and regulators demand
greater accountability for automated decisions. Several industries, including finance and healthcare, are
adopting Al systems that can be easily interpreted by non-experts to ensure transparency and fairness.
Simultaneously, blockchain adoption is expanding beyond cryptocurrency to sectors like supply chain,
healthcare, and voting, driven by its potential for enhancing data security and integrity. The convergence
of these technologies promises to revolutionize how critical decisions are made and validated in an ethical
and transparent manner.
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F. Ethical Considerations in Al and Blockchain for Critical Systems

When implementing Al and blockchain in critical decision-making systems, ethical considerations are
paramount. Al models may unintentionally perpetuate biases present in the data they are trained on,
leading to unfair or discriminatory outcomes. Blockchain can help ensure accountability, but it raises
concerns about privacy and consent, especially when dealing with personal or sensitive information.
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Fig 2: accountability in Al and blockchain system

It's essential to create guidelines that address issues of fairness, transparency, accountability, and privacy.
Ethical Al and blockchain practices ensure that these technologies are used responsibly and do not harm
individuals or societies, especially in sectors like healthcare, law enforcement, and finance, where trust is
crucial.

G. Integration of Blockchain with Al for Secure Decision-Making

The integration of blockchain with Al enhances decision-making security by combining the transparency
and immutability of blockchain with the processing power of Al Blockchain's decentralized nature
ensures that the data used by Al systems is secure, verifiable, and tamper-proof, providing an auditable
record of decisions. This integration enables real-time tracking of Al model performance, ensuring that
every decision made by the system is recorded and can be traced back. Moreover, blockchain can help in
addressing Al bias and explainability challenges, as it allows users to audit and validate the data and
algorithms used in decision-making processes.

H. Role of Cryptographic Security in Enhancing Al Trust

Cryptographic security plays a pivotal role in ensuring that Al systems are trustworthy by safeguarding data
integrity and confidentiality. Encryption techniques protect sensitive data used in training Al models,
ensuring it remains secure and private. Cryptographic protocols like secure multi-party computation and
zero-knowledge proofs allow for secure computations without revealing private information. By
incorporating these methods, Al systems can provide transparent, verifiable, and secure decision-making,
particularly when handling sensitive information. Cryptographic security also helps prevent malicious
attacks, tampering, and data breaches, making Al systems more reliable and trustworthy, especially in
critical applications.

L. Blockchain Technology: A Brief Introduction

Blockchain technology is a decentralized and distributed ledger system that records data across multiple
computers in a secure, tamper-resistant manner. It ensures data integrity by making it nearly impossible
to alter records without detection, providing transparency and accountability. Originally popularized by
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cryptocurrencies like Bitcoin, blockchain has applications beyond finance, including supply chain
management, secure voting systems, and healthcare. Its ability to securely store data in an immutable
ledger and facilitate transactions without central authority is what makes it suitable for pairing with Al,
ensuring that Al models operate in secure, transparent, and verifiable environments.

J.Research Objectives and Scope of the Paper

The research paper aims to explore the integration of explainable Al and blockchain technology, focusing
on creating secure, interpretable, and trustworthy decision-making models. The primary objective is to
assess how blockchain’s transparency and immutability can enhance the trustworthiness of Al, particularly
in critical sectors such as healthcare and finance. Additionally, the paper will investigate the role of
cryptographic security in ensuring the confidentiality and integrity of Al systems. The scope of the paper
includes reviewing current trends in both fields, analysing challenges in model interpretability, and
proposing solutions that address both security and explainability concerns in Al-driven systems.

ILLITERATURE REVIEW
The integration of Explainable AI (XAI) and blockchain has gained traction in various domains due to its
potential to enhance transparency, security, and trust in critical decision-making systems. Several studies
have explored its applications in healthcare, finance, cybersecurity, and supply chain management. One
study proposed a decentralized Al framework for medical diagnostics that combined federated learning
with blockchain to ensure privacy while using interpretable deep learning models for explainability [1].
Another study focused on financial fraud detection by leveraging blockchain to ensure immutability of
model decisions and integrating SHAP and LIME for interpretability, improving trust from regulatory
bodies [2]. In cybersecurity, researchers designed a hybrid model where explainability techniques such as
feature importance analysis and decision rules were coupled with blockchain-based logging for threat
detection, significantly enhancing interpretability and security [3]. Additionally, blockchain was employed
to store explanations of Al decisions in autonomous systems, making them accountable and verifiable
through smart contracts [4]. The energy sector also benefited from this combination, as researchers
demonstrated how explainable ML models could optimize power grids while blockchain ensured secure
and auditable Al-driven adjustments [5]. However, several studies noted challenges such as computational
overhead, blockchain scalability, and the complexity of real-world implementation, suggesting the need
for hybrid architectures to balance security and efficiency [12]. Beyond these applications, the use of XAl
and blockchain has been extended to credit scoring, legal decision-making, and hiring processes [13]. A
study proposed a blockchain-based credit scoring system where Explainable Boosting Machines (EBMs)
provided interpretable creditworthiness assessments while ensuring immutable decision logs, reducing
bias and enhancing fairness [6]. Legal decision-making was improved by integrating case-based reasoning
with blockchain, allowing transparent case rulings and preventing unauthorized modifications [7].
Similarly, an Al-driven hiring framework used blockchain to prevent biased alterations in candidate
evaluations, thereby improving fairness and trust in recruitment decisions [8]. In insurance fraud
detection, explainable ML models were combined with blockchain to provide transparency in claim
processing, yet concerns were raised regarding blockchain transaction costs and latency [9]. The integration
of XAl with blockchain also showed promise in financial trading, where blockchain-backed Al
explanations helped increase regulatory trust, though real-time trading speeds remained a limitation [10].
In smart cities, interpretable ML models optimized traffic flow while blockchain ensured accountability
in urban data analytics [14][15][16]. These studies collectively highlight the transformative potential of
XAl and blockchain in critical decision-making but also emphasize the need for scalable and cost-efficient
implementations to maximize their effectiveness across industries [11].
IIL.Proposed Method

A. Linear Regression Equation

This equation is fundamental to interpretable machine learning because it models the relationship
between two variables in a straightforward, linear manner (Linear Regression, n.d.). The coefficients 'a'
and 'b' provide direct insights into how changes in the independent variable affect the dependent variable,
making it easy to understand and explain the model's predictions (Linear Regression Calculator -

GraphPad, 2025).
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This interpretability is crucial when integrating linear regression into blockchain systems for transparent
and secure critical decision-making (Simple Linear Regression, n.d.)
Equation :

§ =a+bx

Nomenclature :
y: Predicted value of the dependent variable
a: Y-intercept (the value of Y when X = 0)
b: Slope of the line (regression coefficient)
x: Value of the independent variable
B. Gini Impurity Calculation
The Gini impurity equation quantifies the randomness or impurity within a dataset, making it essential
for decision tree algorithms used in XAl
By minimizing Gini impurity at each split, the decision tree creates clear, interpretable rules that explain
the decision-making process.
Integrating this into blockchain ensures that the rules governing critical decisions are transparent and
verifiable
Equation :

Gini(D) = 1 — ¥p(i)?

Nomenclature:

Gini(D): Gini impurity of dataset D

p(i): Probability of picking a data point with class i

X: Summation across all classes.
C. Elliptic Curve Digital Signature Algorithm (ECDSA):
ECDSA ensures transaction authenticity and prevents tampering in blockchain (What Is Elliptic Curve
Digital Signature Algorithm (ECDSA). The private key 'd' is used to sign transactions, and the public key
'Q" is used to verify the signature (What Is Elliptic Curve Digital Signature Algorithm (ECDSA).
Integrating ECDSA with interpretable machine learning models ensures that only authorized and verified
models can make decisions, thus enhancing the security and reliability of XAl in critical applications (n.d.).
Equation :

Q=dxG
Nomenclature :
Q: Public key (a point on the elliptic curve)
d: Private key (a randomly generated number)
G: Generator point on the elliptic curve
D. Homomorphic Encryption
Homomorphic encryption allows computations to be performed on encrypted data without decrypting it,
preserving data privacy.
This equation illustrates additive homomorphic encryption, where the encryption of the sum of two values
is equivalent to performing a specific operation on their encryptions.
This is crucial for secure Al as it allows models to process sensitive data without exposing it.
Equation:
Ex+y) =EX ©® E(y)

Nomenclature:

E(x): Encryption of value x

E(y): Encryption of value y

x +y: Addition of plain values x and y
@: Homomorphic addition operation on encrypted values
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IV.RESULT AND DISCUSSION
A. Model Accuracy Comparison:
Figure 3 Model Accuracy Comparison is a bar chart that visualizes the performance metrics of five different
machine learning models: Decision Tree, Random Forest, Logistic Regression, Neural Network, and
Support Vector Machine.
The chart displays the accuracy, precision, recall, and F1 score for each model.
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Figure 3: Model accuracy comparison

The height of the bars represents these metrics, allowing for an easy comparison between models. The
Neural Network model achieves the highest accuracy (92%), precision (90%), recall (94%), and F1 score
(92%), followed by Random Forest and Support Vector Machine. Logistic Regression performs the lowest
across all metrics. This bar chart provides a clear visual representation of how each model performs,
highlighting the strengths and weaknesses of each.

B. Al Model Performance with Varying Blockchain Hashing Techniques :

Figure 4 Al Model Performance with Varying Blockchain Hashing Techniques is a line chart that visualizes
the performance of two Al models, Decision Tree and Neural Network, using different blockchain
hashing techniques. The x-axis represents four hashing techniques: SHA-256, SHA-512, Elliptic Curve,
and Merkle Tree, while the y-axis represents both accuracy percentage and processing time in seconds.
Two lines are plotted: one for Decision Tree accuracy and another for Neural Network accuracy. The chart
demonstrates that as the complexity of the hashing technique increases, so does the model’s accuracy, with
Merkle Tree achieving the highest accuracy for both models (88% for Decision Tree and 95% for Neural
Network). However, this comes at the cost of increased processing time, particularly with Merkle Tree.
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Figure 4: Al Model Performance with Varying Blockchain Hashing Techniques

C. Decision-Making Speed vs. Blockchain Transparency:

Figure 5 Decision-Making Speed vs. Blockchain Transparency is a scatter plot that shows the relationship
between blockchain transparency levels and the decision-making speed of different Al models. The x-axis
represents the level of blockchain transparency—Low, Medium, and High—while the y-axis represents
decision time in seconds. Each data point corresponds to a model type: Decision Tree, Random Forest,
and Neural Network
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Figure 5: Decision-Making Speed vs. Blockchain Transparency

As blockchain transparency increases, the decision-making time also increases, with the Decision Tree
showing the fastest decision time at 12 seconds under low transparency. Random Forest takes 15 seconds
with medium transparency, and Neural Network shows the highest decision time of 18 seconds under
high transparency. This plot highlights the trade-off between transparency and decision-making efficiency.
D. Al Model Security Vulnerability vs. Blockchain Protection

Figure 6: Al Model Security Vulnerability vs. Blockchain Protection is a stacked bar chart illustrating the
relationship between Al model security vulnerabilities and blockchain protection levels.
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Fig 6: Al Model Security Vulnerability vs. Blockchain Protection

The x-axis represents five different Al model types—Decision Tree, Random Forest, Logistic Regression,
Neural Network, and Support Vector Machine—while the y-axis shows the percentage values for security
metrics. Each bar is divided into two segments: "Security Vulnerability" and "Blockchain Protection Level".
The "Security Vulnerability" segment shows the vulnerability percentage for each model, with Neural
Networks having the lowest vulnerability at 15%. The "Blockchain Protection Level" segment shows the
level of blockchain protection, with Neural Networks having the highest protection at 90%. This chart
highlights how blockchain enhances security in various Al models.

V.CONCLUSION

In conclusion, the integration of blockchain technology with explainable Al (XAI) enhances both the
transparency and security of machine learning models in critical decision-making processes. The results
indicate that while blockchain improves model accuracy and security, it introduces trade-offs in processing
time and decision-making speed. Models such as Neural Networks show the highest performance in terms
of accuracy and blockchain protection, particularly when using advanced hashing techniques like Merkle
Tree. However, the increased blockchain transparency also leads to higher decision-making times. The
combination of cryptographic techniques, such as Elliptic Curve Digital Signatures and Homomorphic
Encryption, ensures data privacy while maintaining interpretability. Overall, blockchain plays a vital role
in ensuring the trustworthiness and security of Al systems in sectors requiring high levels of accountability.
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