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The convergence of Artificial Intelligence (Al) and blockchain has emerged as a transformative
paradigm for enabling secure, decentralized, and intelligent systems across diverse application
domains. While Al provides advanced data-driven analytics and decision-making capabilities,
blockchain ensures data integrity, transparency, and trust through decentralized architectures.
However, the integration of these technologies introduces significant challenges related to
scalability, computational efficiency, privacy, and interoperability.

This survey presents a comprehensive analysis of Al-blockchain integration by systematically
reviewing existing literature, proposing a structured taxonomy of integration architectures, and
examining key application domains, including healthcare, finance, supply chain, Internet of
Things (10T), and smart cities. The taxonomy categorizes integration approaches into Al on
blockchain, blockchain for Al, hybrid architectures, and decentralized Al systems, providing a
unified framework for understanding the evolving landscape.

Furthermore, a comparative analysis is conducted to evaluate the performance trade-offs among
different integration paradigms, highlighting the balance between scalability, security, and
efficiency. The study also identifies critical challenges and limitations that hinder large-scale
adoption, followed by a detailed discussion of emerging research directions, including
decentralized learning, privacy-preserving Al, and energy-efficient blockchain systems.
Overall, this survey provides valuable insights and a structured foundation for advancing
research and development in Al-blockchain convergence, supporting the design of next-
generation decentralized intelligent systems.
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1. Introduction

Artificial Intelligence (Al) has emerged as a
transformative paradigm enabling data-driven decision-
making, predictive analytics, and autonomous system
behavior across diverse domains [1]-[3]. By leveraging
machine learning, deep learning, and reinforcement learning
techniques, Al systems can extract complex patterns from
large-scale data and support intelligent automation in real-
world environments. Concurrently, blockchain technology

https://www.macawpublications.com/Journals/index.php/SMRJ

has gained significant attention as a decentralized and
tamper-resistant infrastructure that ensures transparency,
immutability, and trust in distributed systems [4]-[6].
Through consensus mechanisms and cryptographic
validation, blockchain enables secure and verifiable data
sharing without reliance on centralized authorities.
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Despite their individual strengths, both Al and
blockchain exhibit inherent limitations that restrict their
standalone effectiveness in complex, trust-sensitive
applications. Al systems often operate as opaque “black-
box” models, raising concerns related to transparency,
explainability, data integrity, and trustworthiness [7], [8].
The lack of verifiable data provenance and vulnerability to
adversarial manipulation further undermine the reliability of
Al-driven decisions. In contrast, blockchain systems, while
offering strong guarantees of data integrity and
decentralization, lack the capability to perform intelligent
data analysis or adaptive decision-making [9]. Moreover,
issues such as computational overhead and latency
constraints limit their applicability in data-intensive
environments.

The integration of Al and blockchain has therefore
emerged as a promising interdisciplinary research direction
aimed at addressing the complementary limitations of both
technologies [10], [11]. By embedding Al capabilities
within  blockchain-enabled  ecosystems, intelligent
automation can be achieved in a decentralized and trust-
preserving manner. Conversely, blockchain can enhance Al
systems by ensuring data provenance, secure model sharing,
auditability of decisions, and robustness against data
tampering, thereby enabling trustworthy and accountable
Al.

The significance of Al-blockchain integration is
increasingly evident across multiple real-world application
domains. In healthcare, the combination facilitates secure
sharing of sensitive medical data while supporting Al-
driven diagnostics. In financial systems, it enhances fraud
detection and supports transparent decentralized finance
platforms. In supply chain management, blockchain ensures
traceability, while Al enables predictive analytics.
Similarly, in Internet of Things (1oT) ecosystems and smart
city infrastructures, the integration supports secure device
coordination and real-time intelligent decision-making [12],
[13].

Although several recent studies have explored the
convergence of Al and blockchain, existing survey works
often remain limited in scope, focusing either on specific
applications or isolated integration aspects. Many lack a
unified taxonomy and fail to provide comprehensive
comparative  analysis across  diverse approaches.
Furthermore, critical challenges such as scalability,
interoperability, privacy trade-offs, and computational
overhead are not systematically synthesized. These
limitations highlight the need for a holistic and structured
survey.

In this context, the present survey provides a
comprehensive analysis of Al and blockchain integration,
emphasizing  architectural ~ paradigms,  application
landscapes, and open research challenges. The primary
contributions are summarized as follows:

e A unified taxonomy of Al-blockchain integration
frameworks based on interaction paradigms and
system architectures.

e A comprehensive review of recent literature across
key application domains, including healthcare,
finance, supply chain, loT, and smart cities.
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e A structured comparative analysis highlighting
strengths and limitations of existing approaches.

e An in-depth discussion of technical challenges
related to scalability, security, privacy, and
integration.

o Identification of open research problems and future
directions for decentralized intelligent systems.

The remainder of the paper is organized as follows.
Section 3 presents the survey methodology and selection
criteria. Section 4 provides background and preliminaries on
Al and blockchain technologies. Section 5 introduces the
proposed taxonomy and integration architectures. Section 6
reviews application domains and representative studies.
Section 7 presents comparative analysis. Section 8 discusses
key challenges, followed by future research directions in
Section 9. Finally, Section 10 concludes the survey.

2. Survey Methodology

A systematic and reproducible survey methodology is
adopted to ensure the reliability, transparency, and
comprehensiveness of the literature synthesis. This study
follows established systematic literature review (SLR)
principles, which provide a structured framework for
identifying, evaluating, and synthesizing relevant research
contributions in a rigorous and unbiased manner [14], [15].
A systematic review is widely recognized as a
methodological approach that enables critical assessment
and aggregation of evidence through well-defined and
reproducible procedures, thereby improving the validity of
research outcomes.

The literature search was conducted using multiple
high-quality and widely recognized digital libraries,
including IEEE Xplore, Scopus, SpringerLink, and the
ACM Digital Library. The use of multiple indexing
platforms is essential to ensure comprehensive coverage of
peer-reviewed studies and to reduce the risk of publication
bias, as emphasized in prior SLR guidelines [15]. To retrieve
relevant studies on Al-blockchain integration, a set of
targeted search strings was employed, including
combinations such as “Artificial Intelligence AND
Blockchain,” “Blockchain-enabled Machine Learning,” and
“Decentralized Al” These keywords were iteratively
refined to capture both foundational and emerging
contributions, consistent with recommended SLR search
strategies [16].

The review focuses on studies published between 2018
and 2025, a period that reflects the rapid evolution of Al—-
blockchain integration from conceptual frameworks to
application-driven implementations. Temporal filtering is a
common practice in systematic reviews to ensure that the
selected literature  reflects current technological
advancements and research trends [17].

To maintain the quality and relevance of the selected
studies, predefined inclusion and exclusion criteria were
applied. Only peer-reviewed journal articles and conference
papers with clear technical contributions related to Al—
blockchain integration were considered. Non-peer-reviewed
articles, opinion-based works, and studies lacking technical
depth were excluded. The use of explicit eligibility criteria
ensures objectivity and reproducibility in the selection
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process, as highlighted in established SLR methodologies
[14], [18].

A multi-stage screening process was employed to refine
the retrieved literature. Initially, titles and abstracts were
examined to eliminate irrelevant studies, followed by a full-
text review to assess technical relevance and contribution.
Such staged filtering is essential to minimize bias and
ensure that only high-quality and contextually relevant
studies are included in the final dataset [16], [19].

After applying the selection criteria and screening
process, a total of approximately 85-100 peer-reviewed
studies were selected for detailed analysis. These studies
form the foundation for the taxonomy development,
comparative evaluation, and identification of research gaps
presented in subsequent sections. The selected corpus
encompasses a diverse range of architectures, application
domains, and integration strategies, thereby enabling a
comprehensive and balanced survey of Al-blockchain
convergence.

3. Background and Preliminaries
3.1 Atrtificial Intelligence Overview

Artificial Intelligence (AI) encompasses a broad class
of computational techniques designed to enable machines to
perform tasks that typically require human intelligence,
including learning, reasoning, and decision-making. Core
paradigms within Al include machine learning (ML), deep
learning (DL), and reinforcement learning (RL), each
contributing distinct capabilities for modeling complex data
distributions and dynamic environments. Machine learning
focuses on data-driven pattern extraction through
supervised and unsupervised learning, while deep learning
extends these capabilities using multi-layer neural networks
to  capture  hierarchical feature  representations.
Reinforcement learning, on the other hand, enables agents
to learn optimal decision policies through interaction with
the environment and reward-based feedback mechanisms.

These paradigms have facilitated significant
advancements in domains such as computer vision, natural
language processing, and autonomous systems. However,
despite their effectiveness, Al systems are often
characterized by limited interpretability, high dependency
on data quality, and vulnerability to adversarial
manipulation. The “black-box” nature of many deep
learning models restricts transparency and hinders trust in
critical decision-making applications, thereby motivating
the need for complementary technologies that can enhance
accountability and data integrity [20]-[22].

3.2 Blockchain Overview

Blockchain is a decentralized distributed ledger
technology that enables secure, transparent, and immutable
recording of transactions across a network of nodes. Each
block in the chain contains a set of transactions that are
cryptographically linked to the previous block, ensuring
data integrity and resistance to tampering. Consensus
mechanisms such as Proof of Work (PoW) and Proof of
Stake (PoS) are employed to validate transactions and
maintain agreement among distributed participants,
eliminating the need for centralized authorities [23], [24].
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In addition to its core ledger functionality, blockchain
supports programmable logic through smart contracts,
which enable automated execution of predefined conditions
without human intervention. Based on access control and
governance structure, blockchain systems are broadly
categorized into public, private, and consortium
blockchains. Public blockchains provide open access and
full decentralization, whereas private blockchains restrict
participation to authorized entities, offering improved
scalability and control. Consortium blockchains operate
under a partially decentralized model, where multiple
organizations collaboratively manage the network. These
architectural characteristics make blockchain a suitable
platform for applications requiring trust, auditability, and
secure data sharing across distributed environments [25]—
[27].

3.3 Motivation for Al-Blockchain Integration

The integration of Al and blockchain has gained
increasing attention as a means to address the limitations
inherent in each technology when deployed independently.
Blockchain can enhance Al systems by providing verifiable
data provenance, secure data sharing, and immutable audit
trails, thereby improving the transparency and
trustworthiness of Al-driven decisions. This is particularly
critical in applications involving sensitive or distributed

data, where data integrity and accountability are essential
[28].

Conversely, Al can augment blockchain systems by
enabling intelligent data analysis, adaptive decision-
making, and optimization of consensus mechanisms. For
instance, Al-driven approaches can improve resource
allocation, detect anomalous transactions, and enhance the
efficiency of decentralized networks. Furthermore, the
integration facilitates decentralized learning paradigms,
such as blockchain-enabled federated learning, where
multiple entities collaboratively train models without
sharing raw data, thereby preserving privacy while
leveraging distributed intelligence [29].

Overall, the convergence of Al and blockchain provides
a synergistic framework for developing trustworthy,
decentralized, and intelligent systems capable of addressing
emerging challenges in data-driven environments.

4. Taxonomy of Al-Blockchain Integration
Architectures

The convergence of Artificial Intelligence (Al) and
blockchain has emerged as a multidisciplinary paradigm
enabling secure, decentralized, and intelligent systems.
Recent studies demonstrate that integrating these
technologies enhances data integrity, transparency, and
automation across distributed environments [30] [31].
However, the absence of a unified classification framework
has led to fragmented understanding of integration
strategies. To address this limitation, a structured taxonomy
is proposed, categorizing Al-blockchain integration based
on the mode of interaction, execution layer, and functional
role.

4.1 Taxonomy Overview

The proposed taxonomy organizes Al-blockchain
integration into four primary categories: (i) Al on
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Blockchain, (ii) Blockchain for Al, (iii) Hybrid Off-chain—
On-chain Architectures, and (IV) Decentralized Al Systems.
This classification is consistent with recent survey literature,
which highlights that integration mechanisms vary

depending on whether Al is embedded within blockchain,
supported by blockchain, or distributed across decentralized
ecosystems [32].

Al-Blockchain
Integration

Al on Blockchain Blockchain for Al

Decentralized Al
Systems

Hybrid
Architectures

Data Provenance
Smart Contract-Based Al

On-chain Inference

Secure Data Sharing
Model Integrity

Off-chain Al Processing
On-chain Verification
Audit Logging

Federated Learning + Blockchain
Distributed Model Training
Incentive Mechanisms

Fig. 1. Taxonomy of Al-Blockchain Integration Architectures

Fig. 1 illustrates the hierarchical classification of Al-
blockchain integration architectures based on interaction
paradigms and system design. The taxonomy highlights four
primary categories, ranging from on-chain intelligence to
fully decentralized Al systems, providing a structured
understanding of integration strategies.

4.2 Al on Blockchain

In this category, Al models or decision logic are
deployed directly on blockchain platforms through smart
contracts or decentralized execution environments. This
enables transparent and verifiable execution of Al-driven
processes, particularly in applications requiring auditability
and trust.

However, blockchain systems are inherently
constrained in terms of computational power, storage, and
latency. As a result, deploying complex Al models entirely
on-chain remains impractical. Prior studies indicate that
scalability and performance limitations significantly restrict
real-time Al execution within blockchain environments
[33]. Accordingly, this paradigm is typically limited to
lightweight inference or rule-based intelligence.

4.3 Blockchain for Al

Blockchain for Al represents the most widely adopted
integration paradigm, where blockchain serves as a trust-
enhancing infrastructure for Al systems. In this architecture,
blockchain ensures data provenance, integrity, and
traceability across the Al lifecycle, including data
acquisition, model training, and inference.

By leveraging immutable ledgers, blockchain enables
secure sharing of datasets and model parameters among
distributed participants, thereby mitigating risks associated
with data tampering and unauthorized access. This approach
is particularly effective in collaborative Al environments
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such as healthcare and federated learning, where trust and
privacy are critical requirements [34] [35].

4.4 Hybrid Off-chain—On-chain Architectures

Hybrid architectures have emerged as a practical
solution to overcome the limitations of fully on-chain Al
execution. In this paradigm, computationally intensive Al
tasks, such as model training and inference, are performed
off-chain, while blockchain is utilized for verification,
logging, and coordination.

This separation enables efficient resource utilization
while maintaining the benefits of decentralization and trust.
Hybrid systems are particularly suitable for real-time
applications, including IoT and smart city environments,
where latency constraints require off-chain processing.
Recent research highlights that such architectures provide
an optimal balance between scalability and security in large-
scale deployments [36].

4.5 Decentralized Al Systems

Decentralized Al represents the most advanced form of
Al-blockchain integration, where learning and decision-
making processes are distributed across multiple nodes.
This paradigm is closely associated with federated learning
and collaborative intelligence frameworks, where
participants jointly train models without sharing raw data.

Blockchain plays a critical role in enabling secure
coordination, incentive mechanisms, and trust management
among participating entities. It ensures transparency in
contributions and supports decentralized governance of Al
models. Emerging studies indicate that decentralized Al
systems can significantly enhance privacy, scalability, and
robustness in distributed environments [37] [38].

4.6 Taxonomy Discussion and Insights
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The proposed taxonomy reveals several important
insights. First, there is a clear shift from monolithic
architectures toward hybrid and decentralized models,
driven by scalability and efficiency requirements. Second,
blockchain is predominantly utilized as a trust and
governance layer rather than a computational platform.
Third, decentralized Al systems represent a promising
research direction, although they remain in an early stage
due to challenges related to coordination complexity and
communication overhead.

Overall, the taxonomy provides a unified framework
for understanding Al-blockchain integration and establishes
a foundation for comparative analysis and identification of
research gaps in subsequent sections.

5. Application Domains of AI-Blockchain
Integration

The integration of Artificial Intelligence (AI) and
blockchain has enabled transformative advancements across
multiple application domains, where the combination of
intelligent decision-making and decentralized trust
addresses critical limitations of traditional systems. This
section systematically categorizes key application domains,
highlighting how Al-blockchain convergence enhances
security, transparency, and operational efficiency.

5.1 Healthcare Systems

Healthcare represents one of the most prominent
domains for Al-blockchain integration due to the critical
need for secure data management, privacy preservation, and
intelligent diagnostics. Blockchain enables secure storage
and sharing of electronic health records (EHRs), while Al
facilitates predictive analytics, disease diagnosis, and
personalized treatment planning. The integration ensures
that sensitive medical data remains tamper-proof and
auditable, thereby improving trust among stakeholders
[39]-[42].

Recent studies demonstrate that blockchain-based
healthcare systems can securely manage patient data across
distributed entities such as hospitals, laboratories, and
pharmacies, while Al models utilize this data to improve
diagnostic accuracy and treatment outcomes. Furthermore,
blockchain-supported Al frameworks enable real-time
monitoring and predictive healthcare analytics, significantly
enhancing service efficiency and reducing operational costs.
Despite these advantages, challenges such as scalability,
interoperability, and regulatory compliance continue to limit
large-scale deployment [43], [44].

5.2 Finance and FinTech

In financial systems, Al-blockchain integration plays a
critical role in enhancing security, fraud detection, and
transparency. Blockchain provides a decentralized and
immutable ledger for financial transactions, while Al
enables advanced analytics for anomaly detection, credit
scoring, and risk assessment. This synergy is particularly
relevant in decentralized finance (DeFi), where trustless
environments require robust mechanisms for fraud
prevention and decision automation [45]-[47].

Al-driven models can analyze transaction patterns to
detect fraudulent activities in real time, while blockchain
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ensures that transaction histories remain immutable and
verifiable. This combination reduces financial risks and
enhances accountability in digital financial ecosystems.
Moreover, smart contracts integrated with Al enable
automated financial decision-making, thereby improving
operational efficiency and reducing human intervention
[48], [49].

5.3 Supply Chain Management

Supply chain systems benefit significantly from Al-
blockchain integration through enhanced traceability,
transparency, and predictive analytics. Blockchain enables
end-to-end tracking of goods across the supply chain,
ensuring data integrity and reducing the risk of
counterfeiting. Simultaneously, Al models analyze
historical and real-time data to optimize logistics, demand
forecasting, and inventory management [50]-[52].

The integration allows stakeholders to verify the
authenticity of products and monitor supply chain activities
in real time. For instance, blockchain ensures immutable
tracking of goods, while Al identifies anomalies, delays, or
inefficiencies in the supply chain. Studies indicate that such
systems improve operational efficiency, reduce fraud, and
enhance decision-making in complex supply networks [53].

5.4 Internet of Things (IoT) and Edge Systems

The convergence of Al, blockchain, and IoT enables
secure and intelligent management of distributed devices
and data streams. [oT systems generate massive volumes of
data, which require secure storage, efficient processing, and
intelligent  analysis.  Blockchain  ensures  secure
communication and decentralized control among IoT
devices, while Al enables real-time analytics and anomaly
detection [54]-[56].

In edge computing environments, Al models process
data locally to reduce latency, while blockchain ensures
secure coordination among distributed nodes. This
integration is particularly useful in applications such as
smart homes, industrial automation, and autonomous
systems, where real-time decision-making and data integrity
are critical. Emerging research highlights that Al-
blockchain-enabled IoT systems can significantly enhance
scalability, security, and reliability in distributed
environments [57].

5.5 Smart Cities and Urban Systems

Smart city infrastructures leverage Al-blockchain
integration to enable intelligent and secure management of
urban resources. Applications include traffic management,
energy optimization, waste management, and public safety.
Al models analyze large-scale urban data to optimize
resource allocation, while blockchain ensures transparency
and accountability in data sharing and decision-making
processes [58].

For example, Al-driven traffic management systems
can predict congestion patterns, while blockchain ensures
secure data exchange among transportation networks.
Similarly, energy systems utilize Al for demand forecasting
and blockchain for decentralized energy trading. These
integrated systems contribute to sustainable and efficient
urban development, although challenges related to
scalability and infrastructure integration remain [59], [60].
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6. Comparative Analysis of AI-Blockchain
Integration Approaches

A comparative analysis of Al-blockchain integration
approaches is essential to systematically evaluate their
effectiveness across different application domains and
architectural paradigms. Existing studies emphasize that the
convergence of Al and blockchain introduces trade-offs
between scalability, security, computational efficiency, and
decentralization. While Al contributes advanced analytical
capabilities, blockchain enhances trust and transparency;
however, their integration often introduces performance and
complexity challenges.

To provide a structured evaluation, this section
compares representative approaches based on integration
type, application domain, Al techniques, blockchain
characteristics, and limitations.

6.1 Comparative Based on

Architectures

Analysis Integration

A comparative evaluation of Al-blockchain integration
architectures is essential to understand trade-offs between
scalability, security, and computational efficiency. Prior
studies highlight that different integration paradigms exhibit
varying performance characteristics depending on system
design and application requirements [61]-[64].

Table 1. Comparative Analysis of Al-Blockchain Integration Architectures

Attribute Al on Blockchain Blockchain for Al Hybrid Architectures Decentralized Al
Systems

Integration On-chain intelligence Blockchain as support | Off-chain Al + on-chain | Fully distributed

Type layer validation intelligence

Al Capability | Limited  (lightweight | Moderate (data-driven | High (full Al capability | High  (collaborative
inference) models) off-chain) learning)

Scalability Low Moderate High Moderate

Latency High Moderate Low Moderate—High

Security Very High High High Very High

Data Privacy | Moderate High High Very High

Complexity Low Moderate High Very High

Key Computational Data dependency Integration overhead Communication

Limitation constraints overhead

Table 1 summarizes the fundamental differences
among  Al-blockchain integration  architectures,
highlighting trade-offs between computational efficiency,
scalability, and security. The analysis indicates that hybrid
architectures offer the most practical balance for real-world
deployment, while decentralized Al systems provide
superior privacy and trust at the cost of increased system
complexity, consistent with recent survey findings.

6.2 Comparative Analysis Across Application Domains

The effectiveness of Al-blockchain integration also
varies across application domains due to differences in
operational requirements, data sensitivity, and system
constraints. Domain-specific studies reveal that application
needs significantly influence the choice of integration
architecture and system design [65]-[69].

Table 2. Comparative Analysis of AI-Blockchain Applications

Attribute Healthcare Finance Supply Chain loT Systems Smart Cities
Primary Secure  medical | Fraud detection & | Traceability & | Secure device | Resource
Objective data & diagnostics | risk analysis logistics coordination optimization

optimization
Al Techniques | Deep learning, | ML, anomaly | Forecasting models | Edge Al, anomaly | Predictive
predictive detection detection analytics
analytics
Blockchain Data security & | Transaction Product traceability | Device Data governance
Role sharing transparency authentication
Data Sensitivity | Very High High Moderate High Moderate
Real-time Moderate High Moderate Very High High
Requirement
Scalability High High High Very High Very High
Need
Key Challenge | Privacy Transaction speed | Data integration Resource Infrastructure
compliance constraints complexity
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Table 2 provides a domain-level comparison of Al-
blockchain applications, illustrating how integration
requirements differ based on operational objectives and
system constraints. The analysis reveals that 10T and smart
city applications demand high scalability and real-time
performance, whereas healthcare systems prioritize privacy
and data security. These findings align with recent domain-
specific studies on blockchain applications and Al
integration [65]-[69].

6.3 Performance and Trade-off Analysis

A critical observation across existing literature is that
Al-blockchain integration inherently involves trade-offs
between scalability, decentralization, and computational
efficiency. Blockchain systems, particularly public
networks, introduce latency and throughput limitations,
which restrict real-time Al execution. Conversely, Al
models require substantial computational resources, making
full on-chain deployment impractical. As a result, hybrid
architectures have emerged as a dominant solution, enabling
efficient off-chain  computation  while  preserving
blockchain-based trust mechanisms [70], [71].

Another important trade-off exists between privacy and
transparency. While blockchain ensures data immutability
and auditability, it may conflict with privacy requirements
in sensitive applications such as healthcare and finance.
Decentralized Al approaches, including federated learning
integrated with blockchain, address this challenge by
enabling collaborative learning without sharing raw data.
However, these systems introduce communication overhead
and coordination complexity, which remain active research
challenges [72].

6.4 Key Insights from Comparative Analysis

The comparative evaluation yields several important
insights:

e Hybrid architectures provide the most practical
balance between scalability and security

e Blockchain is primarily used as a trust layer rather
than a computation layer

o Decentralized Al systems are promising but still
evolving

e Application requirements significantly influence
architecture selection

These insights form the basis for identifying research
gaps and future directions discussed in the subsequent
section.

7. Challenges and Limitations
Blockchain Integration

of AIl-

Despite the significant advancements enabled by the
integration of Artificial Intelligence (Al) and blockchain,
several technical and practical challenges hinder its large-
scale adoption. Existing studies indicate that combining
decentralized infrastructures with computationally intensive
Al models introduces complex trade-offs related to
scalability, performance, and system interoperability [73]—
[75]. These challenges arise from the fundamental
differences between Al systems, which require high
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computational resources and data flexibility, and blockchain
platforms, which prioritize immutability, decentralization,
and security.

7.1 Scalability and Performance Constraints

One of the most critical challenges in Al-blockchain
integration is scalability. Blockchain networks, particularly
public blockchains, suffer from limited throughput and high
latency due to consensus mechanisms such as Proof of
Work and Proof of Stake. These limitations significantly
restrict the ability to support real-time Al applications,
which often require high-speed data processing and low-
latency decision-making [76].

Moreover, Al models, especially deep learning
architectures, demand substantial computational resources
and large datasets for training and inference. Integrating
such models within blockchain environments leads to
performance bottlenecks, making fully on-chain Al
execution impractical. Although hybrid architectures
mitigate this issue by offloading computation, they
introduce additional complexity in synchronization and
verification [77].

7.2 Data Privacy and Transparency Trade-offs

Blockchain inherently promotes transparency and
immutability, which can conflict with privacy requirements
in sensitive domains such as healthcare and finance. While
blockchain ensures data integrity and auditability, storing
sensitive information on immutable ledgers raises concerns
regarding confidentiality and regulatory compliance [78],
[79].

Al systems, on the other hand, rely on access to large
volumes of data, often including personal or confidential
information. Balancing data accessibility for Al training
with privacy preservation remains a significant challenge.
Techniques such as federated learning and privacy-
preserving computation have been proposed; however, they
introduce additional overhead and complexity in system
design [80].

7.3 Integration Complexity and Interoperability Issues

The integration of Al and blockchain involves
combining heterogeneous technologies with distinct
architectures, protocols, and operational requirements. This
results in increased system complexity and challenges
related to interoperability among different platforms and
frameworks [81].

For instance, integrating Al models with blockchain-
based smart contracts requires careful design to ensure
compatibility between off-chain computation and on-chain
verification mechanisms. Furthermore, the lack of
standardized frameworks and protocols for Al-blockchain
integration limits seamless communication across systems,
thereby hindering widespread adoption [82].

7.4 Security Vulnerabilities and Adversarial Threats

Although blockchain enhances security through
decentralization and cryptographic mechanisms, Al-
blockchain systems remain vulnerable to various security
threats. Smart contract vulnerabilities, consensus attacks,
and data poisoning attacks can compromise system integrity
and reliability [83].
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In particular, decentralized Al systems are susceptible
to adversarial manipulation, where malicious participants
may inject false data or manipulate model updates in
collaborative learning environments. Ensuring robustness
against such threats requires advanced security
mechanisms, including secure aggregation, anomaly
detection, and trust management frameworks [84].

7.5 Computational Cost and Energy Consumption

Another significant limitation is the high computational
cost associated with both Al and blockchain technologies.
Blockchain consensus mechanisms, particularly Proof of
Work, are energy-intensive, leading to substantial resource
consumption. Similarly, training Al models requires
significant computational power, especially for large-scale
deep learning applications [85].

The combined resource demands of Al and blockchain
systems raise concerns regarding sustainability and cost-
effectiveness, particularly in large-scale deployments.
Although emerging approaches such as energy-efficient
consensus algorithms and lightweight Al models aim to
address this issue, further research is required to achieve
practical and scalable solutions.

7.6 Regulatory and Standardization Challenges

The deployment of Al-blockchain systems also faces
regulatory and legal challenges. The decentralized nature of
blockchain conflicts with existing regulatory frameworks
that require centralized control and accountability.
Additionally, the lack of standardized guidelines for Al-
blockchain integration complicates system design and
deployment across different jurisdictions.

Regulatory concerns related to data privacy, security,
and ethical use of Al further limit the adoption of integrated
systems. Addressing these challenges requires the
development of unified standards and regulatory
frameworks that can accommodate the unique
characteristics of decentralized intelligent systems.

7.7 Summary of Challenges

The analysis highlights that Al-blockchain integration
is constrained by multiple interconnected challenges,
including scalability limitations, privacy trade-offs,
integration complexity, security vulnerabilities, and high
computational cost. These challenges underscore the need
for innovative solutions that can balance performance,
security, and efficiency in decentralized intelligent systems.
Addressing these limitations is critical for enabling the
practical deployment of Al-blockchain frameworks across
real-world applications.

8. Future Research Directions

The integration of Artificial Intelligence (Al) and
blockchain continues to evolve as a promising paradigm for
developing secure, decentralized, and intelligent systems.
Despite significant advancements, several research
opportunities remain open, particularly in addressing the
limitations discussed in the previous section. Emerging
studies suggest that future developments will focus on
enhancing scalability, privacy preservation, intelligent
automation, and system interoperability in Al-blockchain
ecosystems [86]-[88].
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Scalable and Efficient Integration Frameworks

One of the primary research directions involves the
development of scalable Al-blockchain architectures
capable of supporting real-time and large-scale applications.
Current blockchain platforms are constrained by limited
throughput and high latency, which restrict their
applicability in data-intensive Al systems. Future research
should focus on lightweight consensus mechanisms, layer-
2 scaling solutions, and optimized data management
strategies to improve system performance [89].

Additionally, integrating edge computing with Al—
blockchain frameworks can significantly reduce latency and
enable real-time decision-making. Edge-based Al
processing combined with blockchain-based coordination is
expected to play a critical role in next-generation distributed
systems, particularly in 10T and smart city applications [90].

Privacy-Preserving and Trustworthy Al Systems

Ensuring privacy and trust in Al-blockchain systems
remains a key research challenge. Future work is expected
to explore advanced privacy-preserving techniques such as
homomorphic encryption, secure multi-party computation,
and differential privacy to enable secure data sharing
without compromising confidentiality [91], [92].

Moreover, the development of explainable and
auditable Al models integrated with blockchain can enhance
transparency and accountability. Blockchain-based audit
trails combined with explainable Al frameworks can
provide verifiable decision-making processes, which are
essential in critical domains such as healthcare and finance
[93].

Blockchain-Enabled  Federated and  Decentralized
Learning
Decentralized learning  paradigms, particularly

federated learning integrated with blockchain, represent a
promising direction for collaborative Al development.
These systems enable multiple entities to train models
collectively without sharing raw data, thereby preserving
privacy while leveraging distributed intelligence.

Future research should focus on improving the
efficiency of decentralized learning frameworks by
addressing challenges such as communication overhead,
model  convergence, and incentive  mechanisms.
Blockchain-based reward systems and secure aggregation
techniques can facilitate robust and scalable collaborative
learning environments [94], [95].

Intelligent and Adaptive Blockchain Systems

The integration of Al into blockchain itself presents an
opportunity to develop intelligent and adaptive blockchain
systems. Al-driven approaches can optimize consensus
mechanisms, enhance network performance, and enable
predictive resource allocation. For example, machine
learning models can be used to detect anomalies, optimize
transaction validation processes, and improve energy
efficiency in blockchain networks [96].

Future work in this area may lead to the development
of self-optimizing blockchain systems capable of
dynamically adapting to network conditions, thereby
improving scalability and sustainability.
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Interoperability and Standardization

The lack of standardized frameworks and
interoperability among Al-blockchain systems remains a
significant barrier to adoption. Future research should focus
on developing unified protocols and architectures that
enable seamless integration across different platforms and
applications.

Standardization efforts are essential to ensure
compatibility, scalability, and security in heterogeneous
environments. The  development of  cross-chain
communication mechanisms and interoperable Al models
can facilitate the integration of diverse systems and promote
widespread adoption of Al-blockchain technologies [97].

Energy-Efficient and Sustainable Systems

The high energy consumption associated with
blockchain consensus mechanisms and Al model training
poses significant sustainability challenges. Future research
should explore energy-efficient solutions, including green
Al techniques, lightweight models, and alternative
consensus algorithms such as Proof of Authority and Proof
of Stake variants [98].

Developing sustainable Al-blockchain systems is
critical for enabling large-scale deployment while
minimizing environmental impact.

Domain-Specific and Real-World Deployments

Although significant progress has been made in
theoretical and experimental research, real-world
deployment of Al-blockchain systems remains limited.
Future work should focus on developing domain-specific
solutions tailored to the unique requirements of applications
such as healthcare, finance, supply chain, and smart cities.

This includes addressing practical challenges related to
scalability, regulatory compliance, and system integration.
Large-scale pilot studies and real-world implementations
are essential to validate the effectiveness and feasibility of
proposed frameworks.

Summary of Future Directions

The future of Al-blockchain integration lies in
developing scalable, privacy-preserving, and interoperable
systems capable of addressing real-world challenges. Key
research directions include the advancement of
decentralized learning, intelligent blockchain optimization,
and sustainable system design. Addressing these areas will
be critical for unlocking the full potential of Al-blockchain
convergence and enabling next-generation decentralized
intelligent systems.

9. Conclusion

The integration of Artificial Intelligence (Al) and
blockchain represents a promising paradigm for developing
secure, decentralized, and intelligent systems. This survey
presented a comprehensive analysis of Al-blockchain
convergence through a structured taxonomy, detailed
examination of application domains, and comparative
evaluation of integration architectures.

The findings indicate that Al enhances decision-
making capabilities, while blockchain ensures data
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integrity, transparency, and trust. Hybrid architectures
emerge as the most practical solution for real-world
deployment, balancing scalability and security, whereas
decentralized Al systems offer strong privacy guarantees
but introduce additional complexity.

Despite its potential, Al-blockchain integration faces
several challenges, including scalability limitations,
privacy—transparency trade-offs, interoperability issues, and
high computational costs. Addressing these limitations is
essential for enabling large-scale adoption.

Future advancements in scalable architectures, privacy-
preserving learning, and interoperable frameworks are
expected to drive the evolution of Al-blockchain systems.
Overall, this convergence provides a strong foundation for
next-generation decentralized intelligent ecosystems.
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