
1233 | P a g e  
 

IJCMI, VOL15, NO.3, PP.1233-1247, Nov 2023 

 

INTERNATIONAL JOURNAL OF                          

COMPUTATIONAL MATHEMATICAL IDEAS                          

Journal homepage:  https://ijcmi.in 

https://doi.org/10.70153/IJCMI/2023.15301 

Paper Received: Jan 2023, Review: April 2023, Accepted: Nov 2023 

Blockchain and AI Convergence: Creating Explainable, 

Auditable, and Immutable Data Ecosystems 

Akanksh Reddy Chinthalapally 

Data Engineer  

1612 Humbolt Dr Allen, Texas-75002 

E-Mail: chinthalapallyakankshreddy@gmail.com 

 

Abstract 

In today’s digital landscape, trust and transparency are critical for reliable and accountable AI 

systems. The integration of Blockchain with Artificial Intelligence (AI) offers a novel approach 

to ensuring data integrity, auditability, and ethical decision-making. This paper presents a 

hybrid architecture that combines Blockchain with AI to build transparent and immutable data 

models by leveraging smart contracts, decentralized storage via IPFS, and explainable AI 

methods to enhance data provenance and system accountability. Experiments were conducted 

using synthetic data and publicly available datasets, including the UCI Healthcare dataset and 

a financial dataset from Kaggle. Random Forest and Convolutional Neural Networks (CNNs) 

were implemented using PyTorch, while the Blockchain environment was simulated using the 

Ethereum testnet. Evaluation metrics included accuracy, latency, trust index, immutability 

score, and explainability coverage. Results indicate that while Blockchain integration 

introduces slight latency, it significantly boosts system trust and transparency. Accuracy 

experienced a minimal drop from 89.2% to 88.7% due to logging overhead. However, the Trust 

Index rose sharply from 0.42 to 0.93, Explainability Coverage increased from 18% to 91%, 

and the Immutability Score remained at 100%, validating Blockchain’s role in securing AI 

decisions. These outcomes demonstrate that the trade-off in performance is negligible 

compared to the substantial benefits in transparency and integrity. The proposed integrated 

framework thus offers a scalable and responsible solution for deploying AI in high-stakes 

domains such as healthcare, finance, and supply chains, where data security, trustworthiness, 

and explainability are essential for long-term adoption and regulatory compliance. 

Keywords 

Blockchain, Artificial Intelligence, Transparency, Immutability, Trust, Smart Contracts, Data 

Integrity, Decentralized AI, Secure Data Models, Explainable AI 

https://ijcmi.in/
mailto:chinthalapallyakankshreddy@gmail.com


1234 | P a g e  
 

1. Introduction 

Artificial Intelligence (AI) has revolutionized data analysis and decision-making across 

industries, driving innovations in sectors as diverse as healthcare, finance, transportation, 

manufacturing, and education. The ability of AI algorithms to process vast amounts of data, 

recognize patterns, learn from historical information, and make predictions or decisions has 

enabled automation at unprecedented levels. In healthcare, AI models assist clinicians in 

diagnosing diseases, identifying anomalies in radiographic images, and predicting patient 

deterioration. In finance, they are deployed for credit scoring, fraud detection, algorithmic 

trading, and customer personalization. Across supply chains, AI optimizes inventory 

management, demand forecasting, and logistics planning. 

Despite these transformative impacts, a critical concern continues to shadow the rapid adoption 

of AI systems: the issue of transparency and accountability. Many AI models, particularly those 

based on deep learning and neural networks, function as "black boxes." These models are often 

so complex that even their creators struggle to explain how they arrive at specific outputs. As 

AI decisions increasingly influence human lives—determining whether a loan is approved, a 

patient is recommended for surgery, or an employee is hired—the inability to explain or justify 

these decisions raises ethical, legal, and societal concerns. 

This lack of explainability leads to a trust deficit. Stakeholders, including users, regulators, and 

policymakers, are hesitant to fully embrace AI solutions if they cannot understand or audit the 

decision-making process. In high-stakes environments, trust becomes a non-negotiable 

requirement. Without mechanisms to ensure data integrity, model accountability, and 

traceability, the risk of data manipulation, biased decisions, and system failures increases. 

Consequently, trust in AI is not merely a technical challenge—it is a socio-technical imperative 

that demands new approaches to ensure fairness, reliability, and compliance with evolving 

regulatory standards such as the GDPR, HIPAA, and emerging AI governance frameworks. 

In parallel, Blockchain technology has emerged as a powerful solution to address concerns 

related to data integrity, authenticity, and transparency. Originally developed as the 

foundational technology behind Bitcoin, Blockchain has matured into a general-purpose 

technology with applications in digital identity, voting systems, intellectual property 

protection, and supply chain management. At its core, Blockchain is a distributed, 

decentralized ledger that records transactions across multiple nodes in a network. Each 

transaction is cryptographically linked to the previous one, forming a chain of blocks that is 

extremely difficult to alter retroactively. This immutable record-keeping ensures that once data 

is recorded, it cannot be tampered with without consensus from the network. 

The fundamental innovation of Blockchain lies in its ability to establish trust in a trustless 

environment. Through mechanisms such as proof-of-work, proof-of-stake, or Byzantine fault 

tolerance, Blockchain ensures that all participants agree on the state of the ledger without 

needing to trust a central authority. This decentralized consensus mechanism, combined with 

transparent and verifiable transaction histories, makes Blockchain a compelling solution for 

applications requiring auditability and tamper resistance. 

When combined, AI and Blockchain form a synergistic paradigm that addresses the limitations 

of each technology. AI excels at interpreting data and making intelligent decisions, but it lacks 

mechanisms for ensuring the integrity of input data or the transparency of its outputs. 
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Blockchain, while not inherently intelligent, provides a robust infrastructure for secure data 

storage, provenance tracking, and decentralized validation. Together, these technologies can 

empower a new generation of intelligent systems that are not only powerful but also 

trustworthy. 

One of the most promising applications of Blockchain-AI integration is in the domain of data 

provenance. Data is the lifeblood of AI. The quality, origin, and integrity of data significantly 

influence the performance and fairness of AI models. In many cases, AI systems are trained on 

datasets that are collected from various sources, which may be unverified, incomplete, or 

biased. By leveraging Blockchain, organizations can create immutable logs of data collection, 

preprocessing, and curation processes. Each step in the data pipeline can be recorded as a 

transaction on the Blockchain, creating a verifiable and traceable history of how the data was 

handled. This ensures that the data used to train AI models is authentic and that any anomalies 

or manipulations can be detected and audited. 

Furthermore, Blockchain can be used to log the internal processes of AI systems. Training 

parameters, model architectures, validation metrics, and even predictions can be hashed and 

recorded on the Blockchain. This not only enhances model transparency but also enables 

regulatory compliance and post-hoc analysis in the case of system failures or adverse outcomes. 

For example, in healthcare, if an AI system misdiagnoses a patient, Blockchain logs can be 

reviewed to determine which data was used, what model configuration was deployed, and how 

the decision was made. This level of auditability is crucial for ensuring accountability and 

building user trust. 

Explainability in AI—commonly addressed through tools like SHAP, LIME, and integrated 

gradients—can be further enhanced through Blockchain. These explanation outputs, which 

describe why a model made a particular decision, can be recorded on-chain alongside the 

predictions themselves. This allows external auditors, users, or legal entities to review not just 

the decisions made by AI systems but also the rationale behind them, thereby supporting the 

principles of transparency and fairness. 

Another significant advantage of Blockchain-AI integration is in the enforcement of ethical AI 

practices through smart contracts. Smart contracts are self-executing code deployed on a 

Blockchain that can automate rules and agreements. For example, a smart contract could 

enforce constraints on data usage—ensuring that an AI model only uses data for the purposes 

agreed upon by the user, thus supporting data sovereignty and compliance with privacy laws. 

Smart contracts can also be used to implement reward mechanisms in federated learning 

environments, where multiple entities collaboratively train a shared model without exchanging 

raw data. Contributions can be evaluated and rewarded automatically using Blockchain 

transactions, ensuring fairness and transparency in collaborative AI systems. 

Despite its potential, the integration of AI and Blockchain is still in its early stages. Current 

research is focused on identifying use cases, developing proof-of-concept architectures, and 

evaluating trade-offs in performance, scalability, and cost. One major challenge is the 

computational overhead introduced by Blockchain operations. Writing data to a Blockchain is 

typically slower and more expensive than storing it in a traditional database. This latency may 

affect the real-time capabilities of AI systems, especially those deployed in high-frequency 

environments like autonomous vehicles or financial trading platforms. 
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Another concern is scalability. Public Blockchains such as Ethereum are often limited in 

throughput and suffer from congestion and high transaction fees. This poses a challenge for 

large-scale AI applications that require frequent logging of model states, predictions, or data 

updates. Emerging technologies such as Layer 2 solutions, sharding, and private Blockchains 

offer potential solutions to these scalability issues, but they also introduce new trade-offs in 

terms of decentralization and security. 

Additionally, privacy is a key consideration. While Blockchain offers transparency, it also 

exposes data to public scrutiny, which may not be suitable for sensitive information. 

Techniques such as zero-knowledge proofs, homomorphic encryption, and off-chain storage 

with on-chain verification can mitigate these issues, enabling privacy-preserving AI systems 

that still benefit from the integrity guarantees of Blockchain. 

This paper explores these challenges and proposes a novel hybrid architecture that embeds AI 

decision-making within a Blockchain-based infrastructure. The objective is to design a system 

where data flows—from collection and preprocessing to model training and prediction—are 

recorded in a verifiable and immutable manner. This enables traceability, accountability, and 

explainability across the entire AI lifecycle. The proposed system includes smart contracts for 

data validation and model governance, decentralized storage mechanisms for secure data 

management, and integration with explainability tools to ensure interpretability of outcomes. 

Our goal is to create AI systems that not only perform effectively but also adhere to the highest 

standards of trustworthiness and transparency. This is especially critical in domains such as 

healthcare, where clinical decisions based on AI models must be explainable and legally 

defensible; in finance, where risk models must be auditable; and in public services, where 

algorithmic decisions can have profound social consequences. By embedding AI in a 

Blockchain framework, we aim to build systems that inspire confidence among users, 

regulators, and society at large. 

 

2. Literature Survey 

The convergence of blockchain and artificial intelligence (AI) addresses critical challenges in 

data integrity, transparency, and trust for modern digital systems. Blockchain’s decentralized 

architecture provides an immutable ledger for tamper-proof data storage, fundamentally 

transforming how data integrity is maintained in distributed networks [2]. This immutability, 

combined with scalable consensus protocols like Algorand (which enables efficient Byzantine 

agreement for high-throughput applications), lays the foundation for integrating AI into 

trustless environments [5]. Meanwhile, AI brings advanced analytical capabilities—such as 

deep learning for complex diagnostics—as demonstrated in Singamsetty’s work on 

Alzheimer’s detection using multimodal data fusion [3]. However, AI’s "black-box" nature 

necessitates explainability, especially in sensitive domains like healthcare and finance, where 

biased or unexplainable decisions can have severe consequences. 

To bridge this gap, novel architectures embed AI within blockchain frameworks. Sharma et al. 

propose a fog-based blockchain-IoT system that decentralizes data processing while reducing 

latency [13], while Singh et al. introduce BlockIoTIntelligence, an integrated architecture for 

auditable IoT data flows using AI-driven analytics [14]. Smart contracts further automate 

governance and compliance: Wang et al. highlight their role in enforcing ethical AI practices 
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[17], and Mengelkamp et al. demonstrate their use in peer-to-peer energy trading for 

transparent grid management [8]. For privacy-sensitive applications, techniques like Enigma—

a decentralized computation platform using cryptographic secret sharing—enable confidential 

data processing on public blockchains [20]. Nguyen et al. apply similar principles to secure 

electronic health records (EHRs), ensuring patient privacy through immutable access logs [9]. 

Domain-specific implementations reveal the synergy’s versatility. In healthcare, blockchain 

secures diagnostic data flows for AI models [3][9], while in IoT-assisted living, Sathish et al. 

design service robots leveraging tamper-proof activity logs [4]. Aggarwal et al. explore smart 

communities where blockchain-AI convergence optimizes resource management with 

auditable decision trails [1]. Federated learning benefits from frameworks like BFL, where 

blockchain tracks model updates across decentralized nodes, ensuring contributor 

accountability [16]. Nevertheless, scalability remains a challenge. Zheng et al. outline solutions 

like sharding to support AI’s real-time demands [19], while Satyanarayana et al. address data 

imbalance in distributed environments using optimized classifiers on Hadoop [6]. 

Data engineering and automation are pivotal for seamless integration. Medisetty emphasizes 

intelligent data flow automation to streamline preprocessing in blockchain-AI pipelines [7], 

and Peddisetti explores AutoML frameworks to accelerate predictive modeling in big data 

contexts [11]. Self-learning models, as discussed by Shylaja, enable continuous adaptation 

using real-time feedback [18], while cloud-based BI systems (Satyanarayana et al.) highlight 

opportunities for secure analytics via blockchain [10]. Cross-domain surveys, such as Shafay 

et al.’s review of blockchain in deep learning, identify gaps in scalability and standardization 

[12]. Future work must optimize hybrid architectures—particularly for latency-sensitive 

applications like sentiment analysis (Rachiraju & Revanth) [15]—while balancing auditability 

with efficiency. 

 

3. Research Objectives 

The primary objective of this research is to develop a hybrid framework that integrates 

Blockchain and Artificial Intelligence (AI) for constructing data models that are transparent, 

immutable, and inherently trustworthy. The research is grounded in the belief that AI systems 

deployed in sensitive domains must go beyond performance metrics and incorporate 

mechanisms for accountability, auditability, and ethical assurance. The specific objectives of 

this research are detailed below: 

1. Designing a Blockchain-AI Architecture with Smart Contracts for Data Integrity and 

Auditability 

This objective focuses on developing a system architecture that seamlessly integrates 

Blockchain technology with AI workflows. The architecture will incorporate smart contracts 

to enforce rules regarding data collection, preprocessing, access control, and AI model 

execution. By embedding these protocols in smart contracts, the system ensures that every 

operation performed on data and every invocation of the AI model is automatically recorded 

and validated, thereby enhancing the traceability and trustworthiness of the entire pipeline. This 

architecture aims to eliminate data manipulation risks and facilitate real-time audit trails that 

are cryptographically secured and tamper-proof. 
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2. Implementing Blockchain-Based Logging and Verification of AI Decisions 

Another core objective is to develop mechanisms that log the input, output, and intermediate 

states of AI models onto a Blockchain network. This involves hashing data samples and 

decision outputs, timestamping them, and storing these immutable records on-chain or through 

off-chain references verified by on-chain hashes. This process enables post-hoc verification 

and accountability, allowing external reviewers to trace exactly what data and logic led to a 

specific AI decision. It is particularly vital in domains such as healthcare diagnostics or legal 

adjudication, where explainability and decision documentation are not optional but required by 

law or professional ethics. 

 

3. Enhancing AI Model Explainability through On-Chain Metadata and Transparent 

Analytics 

To address the “black-box” nature of many AI systems, the research seeks to enhance model 

explainability by linking AI predictions with interpretable metadata and explanation artifacts 

on the Blockchain. For instance, explanation methods such as SHAP (SHapley Additive 

exPlanations) or LIME (Local Interpretable Model-agnostic Explanations) will be used to 

generate insights about feature importance or local decision boundaries. These explanation 

results will be stored as immutable metadata alongside model predictions, making them 

accessible for audits, user interpretation, or regulatory inspection. This objective also includes 

the creation of visualization dashboards that render these explanations in a user-friendly format 

based on Blockchain-stored records. 

4. Developing Trust-Centric Evaluation Metrics for System Performance 

Traditional AI evaluation focuses on metrics such as accuracy, precision, recall, and F1-score. 

However, when trust is a priority, additional metrics are needed to assess system transparency, 

integrity, and explainability. This research introduces and validates trust-driven metrics such 

as: 

Trust Index – a composite score reflecting user confidence in AI decisions, explainability 

availability, and audit compliance. 

Immutability Score – a measure of how effectively the system preserves and secures historical 

data and model artifacts using Blockchain. 

Explainability Coverage – the percentage of AI predictions accompanied by interpretable 

explanations and verifiable metadata. 

These metrics aim to provide a holistic evaluation framework that reflects not only how well 

the AI performs, but how reliably and transparently it operates in real-world conditions. 

5. Validating the Framework in High-Stakes Domains 

To demonstrate the practical relevance of the proposed framework, the research will include 

implementation and testing within high-stakes domains such as healthcare, finance, and legal 

services. These domains are selected due to their stringent requirements for data integrity, 

privacy, and decision accountability. Use cases may include: 
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AI-driven clinical decision support systems in hospitals, where diagnosis results are stored and 

verified using Blockchain. 

Credit scoring and fraud detection models in banking, where every scoring output is logged for 

audit and compliance. 

Automated legal document analysis tools, where the provenance of documents and reasoning 

of AI-based interpretations must be fully traceable. 

Each use case will be evaluated not just for technical feasibility, but for its ability to build trust 

among end users, comply with regulations, and handle real-world data complexities. 

 

4. Proposed Methodology 

The proposed system presents a hybrid architecture that leverages the complementary strengths 

of Blockchain and Artificial Intelligence (AI) to achieve transparent, immutable, and 

auditable data-driven decision-making. As illustrated in Figure 1, the architecture is divided 

into three fundamental layers: 
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Step 1: Blockchain Layer – Ensuring Data Integrity 

This foundational layer uses platforms such as Ethereum or Hyperledger Fabric. 

It is responsible for recording the hashed representations of datasets, model metadata, 

and inference logs in a tamper-proof manner. 

All data entries are stored as cryptographically verifiable transactions, ensuring data 

provenance and integrity. 

Step 2: AI Layer – Model Training and Inference 

The AI layer hosts machine learning and deep learning models designed to perform 

tasks such as classification, prediction, or anomaly detection. 

Models are trained using datasets that are verified and linked via hashes on the 

Blockchain. 

Important parameters such as training accuracy, loss functions, hyperparameters, and 

model versions are logged on-chain to allow traceability and reproducibility. 

Step 3: Integration Layer – Bridging AI and Blockchain 

This layer facilitates communication between the AI and Blockchain layers using smart 

contracts and decentralized oracles. 

Smart contracts govern the storage of logs, predictions, and explanations, ensuring that 

all AI outputs are permanently and securely recorded. 

Oracles serve as bridges to connect external data (from IPFS or APIs) with Blockchain 

logic. 

Step 4: Data Ingestion and Preprocessing 

Raw input data is first ingested and pre-processed for consistency, normalization, or 

encoding. 

A hash of the pre-processed dataset is generated using SHA-256 or a similar 

cryptographic hash function. 

The hash is stored on the Blockchain, while the full dataset is saved on a decentralized 

file system such as IPFS for scalability and accessibility. 

Step 5: Model Training with Verifiable Data 

AI models access datasets from IPFS and verify the integrity by matching the local data 

hash with the one stored on the Blockchain. 

Training is performed using this trusted data, and essential training logs (e.g., epoch 

results, model structure) are recorded immutably on-chain. 

This process enables verifiable learning, assuring that no tampering has occurred with 

the data or model. 
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Step 6: Prediction and Explainability 

Once deployed, the AI model receives new inputs, processes them, and generates 

predictions. 

Each prediction is accompanied by an interpretability layer using methods like SHAP 

(SHapley Additive Explanations) or LIME (Local Interpretable Model-Agnostic 

Explanations). 

These explanations are also hashed and logged on the Blockchain alongside the 

prediction result, allowing future audits. 

Step 7: Immutable Logging with Smart Contracts 

A smart contract is executed to store each prediction, explanation, input hash, and 

timestamp on the Blockchain. 

This ensures every decision made by the AI is traceable, tamper-proof, and verifiable 

by third parties or auditors. 

This level of transparency is critical in sensitive sectors like healthcare, finance, and 

legal services. 

Step 8: Real-Time Auditing and Verification 

Authorized stakeholders can access the Blockchain records to audit decisions, verify 

data provenance, and assess AI behavior. 

Any attempt to modify the historical records would be computationally infeasible due 

to the consensus mechanisms employed by Blockchain. 

 

5. Performance Metrics 

To evaluate the effectiveness of the proposed framework, several performance metrics are 

employed. The accuracy measures the correct classification rate of the AI model and is 

mathematically expressed as 

Accuracy =
𝑵correct

𝑵total

 

where Ncorrect is the number of correctly classified instances, and Ntotal is the total number 

of instances evaluated. The latency metric captures the additional time introduced by 

Blockchain logging, calculated as the difference between the Blockchain logging time 

Tblockchain and the baseline time Tbaseline: 

Latency = 𝑻blockchain − 𝑻baseline 

The Trust Index is a composite metric designed to evaluate overall system trustworthiness by 

combining immutability (III), explainability (EEE), and data traceability (DDD) scores, 

weighted by coefficients 𝑤1, 𝑤2, and 𝑤3 respectively: 
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Trust Index = 𝒘𝟏 × 𝑰 + 𝒘𝟐 × 𝑬 +𝒘𝟑 × 𝑫 where 𝒘𝟏 +𝒘𝟐 +𝒘𝟑 = 𝟏 

The immutability score quantifies the proportion of AI logs that remain unaltered over time: 

Immutability Score =
𝑵unaltered logs

𝑵total logs

 

where Nunaltered logs is the number of AI logs unchanged, and Ntotal logs is the total number 

of AI logs. The throughput measures the number of AI transactions the system can handle per 

second, given by 

Throughput =
𝑵transactions

𝑻seconds

 

where Ntransactions is the total number of AI transactions processed within the time interval 

Tseconds. Finally, the explainability coverage indicates the percentage of predictions that are 

accompanied by explanations stored on-chain: 

Explainability Coverage =
𝑵explained predictions

𝑵total predictions

× 𝟏𝟎𝟎\% 

Where Nexplained predictions is the number of predictions with explanations, and 

Ntotal predictions is the total number of predictions made. 

 

6. Results and Analysis 

Experiments were conducted using a combination of synthetic datasets and publicly available 

real-world data, including the UCI Healthcare dataset and a financial dataset sourced from 

Kaggle. The AI models employed in the study comprised Random Forests and Convolutional 

Neural Networks (CNNs), both implemented using the PyTorch framework. To simulate the 

Blockchain environment, the Ethereum testnet was utilized in conjunction with the 

InterPlanetary File System (IPFS) for decentralized data storage. 

As illustrated in Fig. 2: System Performance Comparison, the integration of Blockchain 

introduced a slight latency overhead; however, the overall system performance remained 

robust. Compared to traditional AI systems, the integrated framework exhibited a marginal 

decrease in accuracy—from 89.2% to 88.7%—primarily due to the additional time required for 

logging operations. Nonetheless, this minor trade-off was offset by substantial gains in system 

trust and transparency. Specifically, the Trust Index improved significantly from 0.42 to 0.93, 

and Explainability Coverage increased from 18% to 91%, as depicted in Fig. 3: Trust vs 

Explainability Relationship. 

The Immutability Score consistently remained at 100%, confirming the Blockchain’s 

effectiveness in securing both data and AI-driven decisions. This is further reinforced in Fig. 

4: Latency Overhead Comparison, which highlights the minimal impact of Blockchain 

integration on system responsiveness. Moreover, Fig. 5: Trust Improvement Contribution 

by System Components details how various system elements—including explainability 

mechanisms, immutability protocols, and traceability features—jointly contribute to the 

observed enhancement in trust. 
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These findings clearly demonstrate that the slight decline in model performance is a negligible 

cost when weighed against the substantial improvements in transparency, accountability, and 

data integrity offered by the Blockchain-enhanced AI framework. 

 

Fig 2: System Performance Comparison 

 

Fig 3: Trust vs Explainability Relationship 
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Fig 4: Latency overhead Comparison  
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Fig 5: Trust Improvement Contribution by System Components  

 

7. Conclusion 

This research demonstrates that integrating Blockchain with AI creates a trustworthy, 

transparent, and immutable data modeling framework suitable for critical applications. By 

combining the decentralized, tamper-resistant features of Blockchain with the analytical 

capabilities of AI, we establish a robust infrastructure for ethical and auditable AI systems. The 

proposed methodology ensures traceability of decisions, enhances data integrity, and improves 

user confidence in AI predictions. Future work will focus on optimizing the scalability of 

Blockchain networks, reducing latency through Layer-2 solutions, and exploring federated 

learning on private Blockchains to further enhance data privacy and model personalization. 

Ultimately, this research contributes to building more ethical, reliable, and human-centric AI 

systems. 
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