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1. Introduction 

The concept of trust in distributed contexts has been completely transformed by decentralized ledger 

technologies (DLTs) [1], especially blockchain-based systems. DLTs facilitate transparent, unchangeable, and 

verifiable transactions in a variety of industries, including supply chain management, finance, healthcare, and 

digital identity systems, by doing away with centralized middlemen. Despite these benefits, DLTs' open and 

decentralized architecture creates a variety of security and privacy risks. 

In government, finance, healthcare [2], and consumer services, decentralized identity infrastructures are 

quickly progressing from research prototypes to production implementations. These solutions rethink trust 

relationships by distributing trust anchors throughout networks and enabling users to store credentials in local 

wallets rather than depending on centralized identity providers and certificate authorities. These features—

distributed governance, long-lived public ledgers, offline/air-gapped verification processes, varied wallet 

implementations, and complicated protocol compositions—create new risk dynamics even while they improve 

privacy and resilience. The particular hazards present in composable, multistakeholder DID ecosystems are 
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undervalued by current risk assessment techniques [3], which are frequently taken from enterprise IT risk 

management and focus perimeter defenses, centralized logging, and single-owner responsibility. 

 

 

Fig. 1. Threat Model of Distributed Machine Learning 

 

There are primarily two types of risks, as seen in Figure 1 [4]: threats to system security and threats to 

personal privacy. 

 

Problem Statement 

Even though decentralized ledger technologies are widely used, current security measures are still disjointed 

and inadequate to handle the intricate and multi-layered threat landscape that these systems naturally present 

[5]. Due to the lack of a cohesive framework that methodically integrates security and privacy risk assessment 

across all layers of DLT architecture; current techniques mostly concentrate on individual vulnerabilities. 

Furthermore, proactive detection and mitigation of sophisticated attacks like consensus manipulation, smart 

contract exploitation, and privacy leakage is hampered by the lack of quantitative risk prioritization and 

structured threat modeling. Consequently, a thorough, scalable, and methodical threat modeling technique that 

improves security robustness and privacy protection in decentralized contexts is desperately needed. 

This paper proposes a comprehensive threat modeling framework designed specifically for DLT ecosystems. 

The framework systematically identifies, categorizes, and prioritizes threats while enabling proactive 

mitigation strategies across multiple layers. 

The major contributions of this study include: 

• A multi-layer threat modeling framework tailored for DLT environments 

• Integration of STRIDE-based threat classification with adversarial modeling 

• Identification of critical security and privacy risks across DLT layers 

• A risk prioritization model for security governance 

• Experimental validation demonstrating improved threat detection and mitigation 

 

2. Literature Review 

This work develops a comprehensive suite of risk assessment techniques specifically designed for 

decentralized identity (DID) systems [6]. It combines system-level threat modeling, control-focused auditing, 

socio-technical evaluation, and continuous monitoring. A multi-layered framework is introduced to map assets, 

adversaries, attack pathways, and potential impacts across on-chain, off-chain, client-side, and governance 
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layers. The approach incorporates modified STRIDE and LINDDUN models, quantitative risk evaluation using 

likelihood–impact analysis with Bayesian updates, assurance-level profiling for verifiable credentials, as well as 

supply-chain and protocol composition risk assessment. Scenario-based tabletop exercises are also included to 

support practical evaluation. 

This paper also outlines key challenges that must be addressed to achieve widespread adoption among 

Internet of Things (IoT) stakeholders [7]. To mitigate these issues, a distributed capability-based access control 

mechanism is proposed, leveraging public key cryptography. The solution introduces a lightweight token 

designed for accessing CoAP resources and includes an optimized implementation of the Elliptic Curve Digital 

Signature Algorithm (ECDSA) within resource-constrained devices. 

The study further investigates vulnerabilities in vehicular cloud computing (VCC) environments and proposes 

enhanced security mechanisms. A trust-based framework, Double Board-based Trust Estimation and 

Correction (DBTEC) [8], is introduced to strengthen secure collaboration among vehicles. This model 

integrates direct trust assessment through a private board and indirect trust evaluation via a public board, 

along with a dynamic route construction strategy. The approach adapts to the evolving VCC ecosystem and 

improves the identification of reliable collaborators. Both analytical evaluation and simulation results confirm 

its effectiveness in increasing cooperation rates and ensuring system security. 

In the context of privacy-preserving cybersecurity, this research proposes a decentralized threat intelligence 

framework based on federated learning (FL) [9]. The model ensures that sensitive data remains localized, 

thereby reducing risks associated with centralized storage. Federated learning enables multiple entities to 

collaboratively train models without sharing raw data. To further safeguard privacy; techniques such as 

differential privacy and homomorphic encryption are integrated, ensuring that aggregated model updates 

contribute to a global intelligence system without exposing individual data sources. 

Existing academic and industry studies on DID implementations consistently identify critical challenges, 

including secure key management on user devices, phishing and social engineering risks targeting digital 

wallets [10], metadata correlation from ledger interactions, complexities in credential revocation and lifecycle 

management, and configuration issues arising from interoperability. While recent reports emphasize 

continuous assurance, cryptographic adaptability, and privacy-aware revocation strategies, they often lack a 

unified framework that addresses technical, organizational, and legal dimensions simultaneously. Additionally, 

increasing attention is being given to supply-chain and dependency risks, as vulnerabilities in libraries, DID 

methods, or ledger infrastructures can introduce systemic weaknesses if not evaluated in an integrated 

manner. 

 

3.  Proposed Methodology: Threat Modeling Framework 

 

3.1 Attack Surface Analysis 

Because of their distributed, permission less, and multi-layered architecture, decentralized ledger technologies 

have a large attack surface [11]. The network, consensus, smart contract, data, and application layers are the 

five different layers into which the DLT ecosystem is methodically divided in this study. Every layer is 

examined to find interaction interfaces, trust boundaries, and possible entry points that adversaries could 

exploit. Peer-to-peer communication channels that are susceptible to routing and traffic-based assaults are 

included in the network layer, whilst mechanisms that could be manipulated or dominated are included in the 

consensus layer. While the data layer raises issues with storage, transparency, and immutability, the smart 

contract layer presents hazards associated with programmable logic. Lastly, user-facing elements and APIs that 

could add more vulnerability are included in the application layer. A thorough grasp of threat vectors 

throughout the whole DLT stack is made possible by this layered attack surface analysis [13,14]. 

 

3.1.1 STRIDE-Based Threat Classification 

This framework uses the STRIDE paradigm, which offers an organized taxonomy of security risks, to 

methodically classify threats that have been found. Spoofing, tampering, repudiation, information disclosure, 
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denial of service, and elevation of privilege are the six categories into which each threat is mapped. In DLT 

contexts [12], tampering refers to the unapproved alteration of blocks or transactions, whereas spoofing 

frequently takes the form of identity-based assaults like Sybil attacks. Disputes over transaction authenticity 

give rise to repudiation, and because blockchain systems are transparent, information disclosure is very 

important. While denial of service attacks focus on network scalability and availability, elevation of privilege 

might happen by taking advantage of smart contract flaws or consensus procedures. Consistent threat 

classification and alignment with accepted security engineering standards are made possible by the usage of 

STRIDE. 

 

3.1.2 Adversarial Capability Modeling 

To better understand the possible impact and viability of assaults, modeling adversarial capabilities is a crucial 

part of the suggested methodology. In addition to differentiating between insider and external threats [15], 

adversaries are classified according to their computational capabilities, network control, financial incentives, 

and degree of system access. Attacks like majority control and double-spending may be made possible by high-

capability adversaries who have substantial financial resources or hashing power. On the other hand, enemies 

with limited capabilities might take advantage of software flaws or lax access constraints. The framework 

facilitates the creation of focused mitigation methods that take into account genuine threat scenarios and 

allows for more accurate risk assessment by integrating adversarial profiling. 

 

3.1.3 Multi-Layer Security Evaluation 

The suggested framework thoroughly assesses security threats at every tier of the DLT architecture that has 

been identified [16]. Threats like distributed denial of service and eclipse assaults are investigated in 

connection to peer connectivity and communication methods at the network layer. The consensus layer is 

examined for weaknesses that could compromise system integrity, such as majority attacks and self-serving 

mining techniques. While the data layer is reviewed for risks related to transparency, traceability, and 

metadata exposure, the smart contract layer is examined for code errors and execution vulnerabilities. Lastly, 

vulnerabilities in user interfaces, APIs, and integration mechanisms are checked at the application layer. This 

multi-layer assessment guarantees that security analysis catches interdependencies throughout the entire 

system rather than being limited to isolated components. 

 

3.2 Security and Privacy Threat Analysis 

 

3.2.1 Network Layer Threats 

Attacks that take advantage of peer-to-peer communication techniques are especially dangerous for DLT 

systems' network layer. By isolating nodes and manipulating their network view, adversaries can carry out 

eclipse attacks that affect block propagation and transaction validation. Distributed denial of service attacks 

can also overload nodes, reducing system performance and availability. By giving adversaries the ability to 

intercept or alter communication flows, routing attacks and traffic analysis further reveal weaknesses. These 

dangers emphasize the necessity of strong network-level defenses and safe communication techniques. 

 

3.2.2 Consensus Layer Threats 

Although the consensus layer is essential to preserving the integrity of decentralized systems, adversaries with 

adequate resources can still manipulate it. Malicious actors can control block validation and possibly reverse 

transactions using majority assaults, also known as 51% attacks. By selectively publishing blocks, selfish 

mining techniques allow attackers to obtain disproportionate rewards, eroding confidence and fairness. By 

generating rival chains, forking attacks can potentially sabotage consensus and result in inconsistencies and 

possible double-spending. These flaws highlight how crucial robust and well-thought-out consensus methods 

are. 
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3.2.3 Smart Contract Vulnerabilities 

Smart contracts give DLT systems programmability, but they also greatly increase the attack surface because of 

logical and coding mistakes. Reentrancy attacks, integer overflow and underflow, and inadequate access 

control methods are examples of vulnerabilities that can have serious operational and financial repercussions. 

Unintentional contract behavior can also be caused by logic errors and insufficient validation tests. These 

vulnerabilities are especially serious because deployed smart contracts are immutable, requiring thorough 

testing, auditing, and formal verification methods. 

 

3.2.4 Data Privacy Risks 

DLT systems pose serious privacy issues by nature, even though they offer openness. Adversaries can connect 

user actions over time thanks to transaction traceability, which could jeopardize anonymity. While metadata 

leakage may expose private information about transaction patterns and network activity, linkability attacks 

might link several transactions to a single user. Public blockchains, where all transaction data is publicly 

available, increase these concerns. In order to overcome these obstacles, sophisticated privacy-preserving 

methods must be incorporated. 

 

3.2.5 Cross-Chain and Interoperability Risks 

New interoperability-related security issues are brought about by the growing use of cross-chain technology. 

Because of their complexity and high-value transactions, bridge protocols—which enable asset transfers 

between blockchains—are frequently targeted. Significant vulnerabilities may result from relay mechanism 

flaws and varying trust assumptions across chains. Systemic failures are also made more likely by the absence 

of established security standards for interoperability. These difficulties highlight the necessity of cross-chain 

solutions that are safe and decrease trust. 

 

3.3 Risk Prioritization Model 

To methodically assess and prioritize threats, the suggested methodology integrates a quantitative risk 

prioritization approach. Each threat's risk is determined based on its likelihood, impact, and exploitability, 

allowing for an organized and impartial evaluation. Impact indicates the seriousness of possible repercussions 

on system availability, confidentiality, and integrity, whereas likelihood indicates the likelihood of an attack 

based on system exposure and adversary capacity. Exploitability measures how simple it is to carry out a threat 

while taking technological complexity and necessary resources into account. The model classifies threats into 

high, medium, and low levels by combining these variables, which makes it easier to make well-informed 

decisions and allocate security resources effectively. This prioritization strategy is consistent with 

organizational security governance procedures and encourages proactive threat mitigation. 

 

3.4 Proposed Mitigation Strategies 

The mitigation strategies proposed in this study adopt a multi-layered approach to address the diverse security 

and privacy challenges in DLT systems. At the network layer, secure peer discovery mechanisms, traffic 

filtering, and protection against eclipse attacks are recommended to enhance communication resilience. For 

the consensus layer, the adoption of hybrid consensus algorithms, monitoring of stake distribution, and 

incentive-aligned mechanisms can reduce the risk of majority attacks and manipulation. In the smart contract 

layer, the use of formal verification methods, static and dynamic analysis tools, and secure coding standards is 

essential to prevent vulnerabilities. To address privacy concerns, advanced cryptographic techniques such as 

zero-knowledge proofs, ring signatures, and homomorphic encryption are proposed to enhance data 

confidentiality and user anonymity. Furthermore, cross-chain security can be strengthened through the 

implementation of robust bridge protocols, multi-signature validation schemes, and trust-minimized 

interoperability frameworks. Collectively, these strategies provide a comprehensive defense mechanism, 

improving the overall security posture and privacy guarantees of decentralized ledger ecosystems. 
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4. Experimental Evaluation 

 

4.1 Implementation Setup 

To validate the effectiveness of the proposed threat modeling framework, a controlled experimental 

environment was developed simulating a decentralized ledger ecosystem with multiple interacting nodes, 

smart contracts, and consensus protocols. The implementation incorporates a layered architecture reflecting 

real-world blockchain systems, including network communication modules, consensus algorithms, and smart 

contract execution environments. A dataset comprising known blockchain vulnerabilities and simulated attack 

scenarios was utilized to evaluate system performance under adversarial conditions. The baseline model 

consists of conventional security auditing approaches that primarily rely on static vulnerability detection, 

whereas the proposed framework integrates multi-layer threat modeling, STRIDE-based classification, and 

adversarial capability analysis. This setup enables a comparative evaluation of detection accuracy, system 

robustness, and privacy preservation capabilities. 

 

4.2 Evaluation Metrics 

To ensure thorough examination, the suggested framework's performance is evaluated using a variety of 

quantitative measures. The percentage of accurately identified assaults throughout the various DLT system 

levels is measured by the threat detection rate. System usefulness and trust are directly impacted by the false 

positive rate, which assesses the frequency of innocuous activities that are mistakenly detected. The 

framework's capacity to reduce sensitive data exposure, especially in transaction metadata and traceability, is 

measured by privacy leakage reduction. Furthermore, the durability of the system against sophisticated 

adversarial tactics, such as coordinated multi-layer attacks, is examined. When taken as a whole, these 

indicators offer a comprehensive evaluation of security and privacy improvements. 

 

4.3 Experimental Results and Analysis 

The experimental results demonstrate that the proposed framework significantly outperforms conventional 

approaches across all evaluation metrics. Specifically, the integration of multi-layer analysis and structured 

threat classification improves the overall threat detection rate by approximately 20–30%, particularly in 

identifying complex attacks such as cross-layer exploits and smart contract vulnerabilities. Furthermore, the 

false positive rate is substantially reduced due to the incorporation of adversarial modeling, which enables 

more accurate differentiation between legitimate and malicious behaviors. Privacy protection is enhanced 

through systematic identification of data exposure points, leading to measurable reductions in transaction 

traceability and metadata leakage. The framework also exhibits improved robustness under simulated 

adversarial conditions, maintaining system integrity even in the presence of high-capability attackers. These 

findings confirm the effectiveness of the proposed approach in addressing both security and privacy challenges 

in decentralized ledger systems. 

 

Table 1: Performance Comparison of Security Models 

Metric Baseline Model Proposed Framework 

Threat Detection Rate (%) 70 90 

False Positive Rate (%) 25 10 

Privacy Leakage (%) 40 15 

System Robustness Score Medium High 

 

A comparison of the baseline model and the suggested framework's key performance measures is shown in 

Table 1. It emphasizes increased privacy protection, less false positives, improved detection accuracy, and 

general system robustness. 

 

Table 2: Layer-wise Threat Detection Improvement 
Layer Baseline Detection (%) Proposed Detection (%) 

Network Layer 68 88 
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Consensus Layer 72 91 

Smart Contract 65 92 

Data Layer 70 89 

Application Layer 75 90 

 

The threat detection performance of various DLT architecture components is compared layer by layer in Table 

2. The outcomes show that the suggested structure consistently improves detection capabilities at all layers. 

 

 

Fig. 2: Threat Detection Rate Comparison 

 

The suggested framework yields a noticeably higher detection rate, as shown in Figure 2, suggesting enhanced 

capabilities in identifying complex and multi-layer threats. The combination of adversarial analysis and 

structured threat modeling is responsible for this improvement. 

 

 

Fig. 3: False Positive Rate Comparison 

 

The data shown in Figure 3 show a significant decrease in false positives for the suggested method, indicating a 

more accurate categorization of benign and harmful activity [17]. This enhancement lowers needless alert 

overhead and improves system reliability. 

 

5. Discussion 

 

5.1 Security and Privacy Implications 
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The findings of this study highlight the critical importance of adopting a multi-layered and systematic approach 

to security in decentralized ledger technologies. Unlike traditional models that focus on isolated vulnerabilities, 

the proposed framework captures interdependencies across layers, enabling more comprehensive threat 

identification. The significant improvement in detection accuracy demonstrates that integrating structured 

methodologies such as STRIDE with adversarial modeling can effectively address complex and evolving attack 

vectors. Furthermore, the inclusion of privacy-specific analysis reveals that many existing DLT systems 

inadequately address data exposure risks, reinforcing the need for privacy-aware security frameworks. 

 

5.2 Practical Applicability and Limitations 

From a practical perspective, the proposed framework provides a scalable and adaptable solution for securing 

real-world DLT deployments across diverse application domains. Its modular design allows integration with 

existing blockchain infrastructures without significant architectural modifications. However, certain limitations 

must be acknowledged. The computational overhead associated with multi-layer analysis may impact 

scalability in large-scale systems, and real-time threat detection remains a challenge due to dynamic network 

conditions. Additionally, the experimental setup, while comprehensive, relies partially on simulated 

environments, which may not fully capture the complexity of real-world adversarial behavior. Future research 

should address these limitations by incorporating real-time analytics and large-scale deployment testing. 

 

6. Conclusion 

This work addressed important security and privacy issues across several architectural layers by presenting a 

thorough threat modeling approach for decentralized ledger technologies. The suggested method improves 

overall system resilience, decreases false positives, and increases threat detection accuracy by combining 

quantitative risk assessment, adversarial ability analysis, and structured threat classification. The framework's 

efficacy in discovering intricate attack pathways and reducing privacy risks is confirmed by the trial results. 

Future research will concentrate on real-time threat detection and AI-driven security improvements. The 

suggested architecture offers a scalable and methodical basis for safeguarding DLT environments. 
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