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Abstract - Enterprise Resource Planning (ERP) systems serve as mission-critical platforms that integrate core organizational 

functions such as finance, human resources, procurement, and supply chain operations. With the rapid adoption of cloud 

computing, remote access, and third-party integrations, ERP environments have become increasingly exposed to sophisticated 

cyber threats, including insider misuse, credential compromise, and advanced persistent attacks. Traditional perimeter-based 

and rule-driven security mechanisms are no longer sufficient to address these evolving risks. This paper presents a 

comprehensive ERP security framework that combines AI-driven threat detection with Zero-Trust security principles. Machine 

learning and deep learning models are employed to analyze user behavior, transaction patterns, and system telemetry in real 

time, enabling early detection of anomalous and malicious activities. By leveraging behavioral analytics and sequential 

modeling, the framework enhances detection accuracy while reducing false positives. Zero-Trust principles further strengthen 

security by enforcing continuous authentication, identity-centric access control, least-privilege enforcement, and micro-

segmentation across ERP modules.The proposed approach integrates seamlessly with both modern and legacy ERP platforms 

through non-intrusive monitoring and external policy enforcement mechanisms. Experimental evaluations and recent industry 

studies from 2023 demonstrate improved detection accuracy, faster response times, and significant reductions in lateral 

movement during simulated breaches. The results highlight the effectiveness of combining intelligent analytics with adaptive 

access control. This work concludes that AI-enabled Zero-Trust architectures are essential for achieving resilient, scalable, 

and future-ready security in modern ERP systems. 

 

Keywords - Erp Security, Artificial Intelligence, Zero-Trust Architecture, Threat Detection, Insider Threats, Anomaly 

Detection, Access Control, Cybersecurity. 

 

1. Introduction 
Enterprise Resource Planning (ERP) systems are central to organizational operations, consolidating critical business 

processes such as finance, human resources, [1,2] procurement, and logistics into a unified digital platform. As enterprises 

increasingly adopt cloud-based ERP solutions and integrate them with third-party services, Internet of Things (IoT) platforms, 

and remote access infrastructures, the attack surface of ERP environments has expanded significantly. These systems now 

manage highly sensitive transactional and personal data, making them attractive targets for cyber adversaries seeking financial 

gain, espionage, or operational disruption. 

 

Traditional ERP security mechanisms have largely relied on perimeter-based defenses, static access control policies, and 

rule-driven monitoring systems. While effective against known threats, such approaches are insufficient in detecting 

sophisticated attacks such as insider misuse, credential compromise, and advanced persistent threats that evolve over time. The 

growing volume, velocity, and complexity of ERP activity logs further limit the effectiveness of manual monitoring and 

signature-based detection techniques, leading to delayed responses and increased risk exposure. Recent advancements in 

artificial intelligence (AI) and machine learning offer transformative capabilities for strengthening ERP security. By learning 

normal behavioral patterns of users, applications, and system components, AI-driven threat detection systems can identify 

subtle anomalies and suspicious activities in real time. When combined with Zero-Trust security principles where no user or 

device is inherently trusted and continuous verification is enforced organizations can significantly reduce lateral movement and 

unauthorized access within ERP ecosystems. This paper investigates an integrated security approach that combines AI-driven 

threat detection with Zero-Trust principles to enhance ERP protection. The proposed framework aims to improve threat 

visibility, minimize breach impact, and support regulatory compliance, addressing the security demands of modern, digitally 

connected ERP environments. 

 

2. Related Work 
2.1. Traditional ERP Security Mechanisms 

Traditional ERP security architectures have primarily relied on role-based access control (RBAC) and network-centric 

defense models to safeguard enterprise resources. [3-5] RBAC assigns permissions based on predefined job roles rather than 

individual identities, ensuring that users can access only the ERP modules and data necessary for their responsibilities. This 

approach enforces the principle of least privilege and simplifies access management in complex organizational structures. In 
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ERP environments, RBAC has been widely adopted to control access to sensitive functions such as financial reporting, payroll 

processing, and inventory management, thereby supporting regulatory compliance and audit requirements. However, RBAC 

policies are often static and struggle to adapt to dynamic business contexts, role changes, or evolving threat behaviors. 

Network-centric security models complement RBAC by focusing on perimeter defenses using firewalls, intrusion detection 

systems, and virtual private networks. While effective in earlier enterprise settings, this approach assumes that internal 

networks are inherently trusted, which exposes ERP systems to significant risk once an attacker bypasses the perimeter. Recent 

studies highlight that although RBAC remains effective in cloud-native ERP deployments, its limitations become evident in 

distributed and hybrid environments where lateral movement within trusted networks remains largely unchecked. 

 

2.2. AI and Machine Learning in Cybersecurity 

The integration of artificial intelligence and machine learning has significantly advanced cybersecurity by enabling 

proactive and adaptive threat detection capabilities. Unlike traditional signature-based systems, AI-driven anomaly detection 

identifies deviations from established behavioral patterns in user activity, transaction flows, and network traffic. In ERP 

systems, machine learning models analyze large volumes of logs and telemetry data to detect subtle indicators of compromise, 

such as unusual login times, abnormal transaction sequences, or unauthorized data access. Behavioral analytics further 

enhances detection by constructing long-term user profiles and continuously comparing real-time actions against learned 

baselines. Empirical studies reported in 2023 demonstrate that AI-based monitoring can substantially reduce false positives 

while improving detection accuracy, making it particularly suitable for ERP environments that generate high volumes of 

operational data. These techniques enable earlier identification of insider threats and advanced attacks, addressing gaps left by 

static, rule-driven security controls. 

 

2.3. Zero-Trust Architectures in Enterprise Systems 

Zero-Trust architecture has emerged as a foundational paradigm for securing modern enterprise systems by eliminating 

implicit trust assumptions. Rather than relying on network location, Zero-Trust enforces continuous verification of user 

identities, device posture, and access context for every request. Core principles include explicit authentication, least-privilege 

access, and the assumption that breaches are inevitable. In enterprise environments, micro-segmentation is employed to restrict 

lateral movement by isolating resources and enforcing fine-grained access policies. Within ERP systems, Zero-Trust integrates 

closely with identity and access management frameworks to support dynamic, context-aware policy enforcement across on-

premises and cloud deployments. Recent NIST-aligned research emphasizes the importance of real-time analytics and 

continuous monitoring in operationalizing Zero-Trust for large-scale enterprise applications. These developments demonstrate 

that Zero-Trust provides a robust foundation for securing ERP platforms in increasingly distributed and threat-prone 

environments. 

 

3. ERP Security Architecture and Threat Model 
3.1. ERP System Components and Attack Surface 

The figure illustrates a layered ERP security architecture integrated with a comprehensive threat model, highlighting how 

different adversaries interact with ERP components across trust boundaries. [6,7] The architecture is organized into three 

primary layers: the ERP application layer, the database layer, and the integration layer. Each layer represents a distinct security 

domain with specific assets, access paths, and risk profiles. Trust boundaries are explicitly shown to emphasize where security 

controls must be enforced to prevent unauthorized access and lateral movement. 

 

 
Figure 1.  ERP Security Architecture and Threat Model Illustrating Trust Boundaries and Adversary Vectors 
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At the application layer, the user interface and business logic modules serve as the primary interaction points for end users. 

External attackers are depicted targeting this layer through exposed interfaces, such as web portals and application endpoints, 

often exploiting weak authentication, session hijacking, or input validation flaws. The bidirectional flow between the user 

interface and business logic reflects how compromised front-end access can propagate deeper into ERP workflows if not 

properly secured through continuous verification and access control mechanisms. The database layer represents the core 

repository of sensitive ERP data, including financial records, personnel information, and transactional logs. Privileged insiders 

are shown as a major threat at this level due to their legitimate access rights, which can be abused for data manipulation or 

exfiltration. The inclusion of audit logs highlights the importance of monitoring and forensic visibility, while the protected 

database icon reinforces the role of encryption, access policies, and behavioral analytics in safeguarding critical assets. 

 

The integration layer captures risks introduced through APIs and third-party services, a growing concern in modern ERP 

ecosystems. Supply chain threats are illustrated entering through external integrations, emphasizing how compromised vendors 

or insecure APIs can bypass traditional perimeter defenses. The presence of trust boundaries across layers aligns with Zero-

Trust principles, demonstrating that no component or user is implicitly trusted. Overall, the figure effectively conveys the need 

for AI-driven monitoring and Zero-Trust enforcement across all ERP layers to ensure robust, end-to-end security. 

 

3.2. Threat Model and Adversary Capabilities 

3.2.1. External Attackers 

External attackers represent a significant threat to modern ERP systems due to increased exposure from cloud deployment, 

remote access, [8,9] APIs, and third-party integrations. These adversaries typically exploit vulnerabilities such as weak 

authentication mechanisms, misconfigured access controls, unpatched software components, and insecure network interfaces. 

Common attack vectors include credential stuffing, phishing-based account compromise, malware injection, ransomware 

attacks, and exploitation of web service APIs used by ERP modules. Advanced persistent threats (APTs) may also target ERP 

platforms to gain long-term access, enabling data exfiltration, financial fraud, or operational sabotage. External attackers often 

leverage automation and AI-driven attack tools to evade traditional rule-based security systems, making static perimeter 

defenses ineffective. Their capabilities extend to lateral movement across interconnected ERP modules once an initial foothold 

is gained, amplifying the potential impact of a single breach. 

 

3.2.2. Privileged Insiders 

Privileged insiders pose an equally critical, and often more challenging, threat due to their legitimate access to sensitive 

ERP resources. These adversaries may include system administrators, finance officers, contractors, or compromised user 

accounts operating under trusted credentials. Insider threats can be malicious such as intentional data theft, fraud, or policy 

violations or unintentional, resulting from negligence, misconfiguration, or social engineering. Because insider actions often 

resemble normal operational behavior, detecting misuse through traditional access controls and log monitoring is difficult. 

Insiders may exploit excessive privileges, bypass segregation-of-duties controls, or manipulate financial and transactional 

records without triggering alerts. This threat model highlights the necessity of behavioral analytics, anomaly detection, and 

continuous monitoring to identify deviations from established usage patterns within ERP environments. 

 

3.3. Security Assumptions and Design Goals 

Least Privilege: A core design goal of the proposed ERP security framework is strict enforcement of the principle of least 

privilege. This assumption mandates that users, applications, and services are granted only the minimum access required to 

perform their authorized functions, reducing the potential attack surface. By limiting privileges across ERP modules, the 

framework aims to contain the impact of compromised credentials and prevent unauthorized lateral movement. Role-based and 

attribute-based access controls are dynamically enforced, ensuring that privilege escalation is continuously evaluated and 

restricted. Least privilege also supports regulatory compliance by reducing unauthorized data exposure and improving 

auditability across sensitive business processes. 

 Continuous Authentication: Another fundamental design goal is continuous authentication, aligned with Zero-Trust 

security principles. Unlike traditional one-time authentication models, continuous authentication assumes that trust 

must be constantly verified based on contextual and behavioral signals. User identity, device posture, access location, 

and behavioral patterns are continuously assessed using AI-driven risk scoring mechanisms. If anomalous behavior is 

detected such as unusual access times, abnormal transaction volumes, or deviations from historical usage patterns 

access can be dynamically restricted or re-authentication enforced. This approach ensures that both external attackers 

and compromised insiders are detected in real time, significantly reducing dwell time and limiting the potential impact 

of security incidents within ERP systems. 

 

4. AI-Driven Threat Detection Framework 
4.1. Data Sources and Telemetry Collection 

An effective AI-driven threat detection framework for ERP systems relies on comprehensive and high-fidelity telemetry 

collected from multiple system layers. [10-12] User activity logs constitute a primary data source, capturing authentication 

events, transaction executions, role changes, data access patterns, and administrative actions across ERP modules. These logs 
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provide critical visibility into how users interact with financial, HR, and operational components, forming the baseline for 

behavioral analysis. Complementing this, network and API traces offer insight into communication flows between ERP 

services, external applications, and third-party integrations. Telemetry from APIs, including request frequency, payload 

characteristics, response codes, and latency, helps identify abnormal access behaviors such as data scraping, unauthorized 

integrations, or command-and-control activity. By correlating user-level actions with network-level signals, the framework 

enables holistic monitoring of both legitimate and malicious activities. Continuous, real-time telemetry ingestion ensures 

timely detection while supporting historical analysis for model training and forensic investigations. 

 

4.2. Feature Engineering and Behavior Modeling 

Feature engineering plays a critical role in transforming raw ERP telemetry into meaningful representations for threat 

detection. Temporal features capture time-based patterns such as login frequency, session duration, transaction velocity, and 

deviations from normal working hours, which are particularly effective in identifying compromised accounts or insider misuse. 

Contextual features incorporate additional dimensions including user roles, device types, access locations, network context, 

and ERP module sensitivity. By combining temporal and contextual attributes, the framework constructs rich behavioral 

profiles that reflect normal operational patterns for users and services. Behavior modeling leverages these features to establish 

dynamic baselines, enabling the system to distinguish between legitimate workload variations and suspicious anomalies. This 

approach supports adaptive learning, allowing models to evolve with changing business processes, organizational roles, and 

seasonal usage trends while minimizing false positives that often plague static rule-based systems. 

 

4.3. Machine Learning Models for Threat Detection 

The threat detection framework integrates both supervised and unsupervised machine learning models to address diverse 

security scenarios within ERP environments. Supervised learning techniques, trained on labeled incident and attack data, are 

effective for detecting known threat patterns such as credential misuse, fraud attempts, and policy violations. However, their 

dependency on labeled datasets limits their ability to identify novel or evolving attacks. Unsupervised learning methods, 

including clustering and anomaly detection, overcome this limitation by identifying deviations from established behavioral 

baselines without prior knowledge of attack signatures. To further enhance detection accuracy, deep learning models are 

employed for sequential behavior analysis. Recurrent neural networks and transformer-inspired architectures model long-term 

dependencies in user and system activity sequences, capturing subtle behavioral shifts indicative of advanced threats. Together, 

these models provide a layered detection strategy that balances precision, adaptability, and scalability for real-world ERP 

security deployments. 

 

5. Zero-Trust Security Integration 
5.1. Zero-Trust Principles for ERP Systems 

Zero-Trust security redefines ERP protection by eliminating implicit trust assumptions traditionally granted to users, 

devices, or network locations. [13-15] The foundational principle of “never trust, always verify” ensures that every access 

request to ERP resources is explicitly authenticated, authorized, and continuously evaluated, regardless of whether it originates 

from within or outside the organizational perimeter. In ERP environments, where sensitive financial, personnel, and 

operational data coexist, this approach significantly reduces the risk of unauthorized access and lateral movement. Continuous 

access validation further strengthens this model by reassessing trust throughout a user session based on real-time behavioral, 

contextual, and risk signals. Changes in access location, device posture, transaction behavior, or usage patterns can 

dynamically trigger access restrictions or re-authentication. By embedding these principles into ERP workflows, Zero-Trust 

architectures provide resilient protection against both external attacks and insider threats while aligning with compliance 

requirements and modern hybrid-cloud deployment models. 

 

5.2. Identity-Centric Access Control 

Identity-centric access control places user and service identities at the core of ERP security, ensuring that access decisions 

are driven by verified identity attributes rather than network boundaries. Multi-factor authentication (MFA) enhances identity 

assurance by combining knowledge-based credentials with possession-based or biometric factors, significantly reducing the 

likelihood of account compromise. In complex ERP ecosystems, MFA is particularly critical for privileged roles and high-risk 

transactions such as financial approvals or administrative configuration changes. Context-aware identity verification further 

augments this model by incorporating dynamic signals such as user behavior, device health, access time, geographic location, 

and ERP module sensitivity. AI-driven risk assessment continuously evaluates these factors to determine whether access 

should be granted, limited, or challenged. This adaptive identity approach balances strong security enforcement with 

operational efficiency, ensuring that legitimate users maintain productivity while unauthorized or high-risk access attempts are 

promptly mitigated. 

 

5.3. Micro-Segmentation and Policy Enforcement 

Micro-segmentation is a key Zero-Trust mechanism that limits the blast radius of security incidents within ERP systems 

by enforcing fine-grained resource isolation. Instead of broad, role-based access across multiple modules, micro-segmentation 

restricts users and services to narrowly defined ERP functions, datasets, and transactions. This approach prevents attackers 
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from moving laterally between finance, HR, procurement, and supply chain modules even after initial access is gained. Policy 

enforcement mechanisms govern interactions between segmented resources, applying least-privilege rules, transaction-level 

controls, and real-time authorization checks. Policies are centrally managed and consistently enforced across on-premises and 

cloud-based ERP components. By combining micro-segmentation with continuous monitoring, organizations can rapidly 

detect and contain suspicious activity, minimizing operational impact while maintaining regulatory compliance and 

auditability. 

 

5.4. AI-Assisted Policy Adaptation 

AI-assisted policy adaptation introduces intelligence and flexibility into Zero-Trust enforcement by enabling security 

policies to evolve in response to changing risk conditions. Traditional static policies often fail to account for dynamic business 

processes, seasonal workload variations, or emerging threat behaviors. By leveraging machine learning insights from 

behavioral analytics and threat detection models, the ERP security framework can automatically adjust access policies, risk 

thresholds, and enforcement actions. For example, elevated risk scores may trigger stricter authentication requirements or 

temporarily restrict access to sensitive modules. Conversely, consistent benign behavior can allow policies to relax within safe 

boundaries, reducing unnecessary friction for users. This adaptive approach ensures that Zero-Trust controls remain effective, 

context-aware, and aligned with real-time operational realities, enhancing both security posture and user experience. 

 

6. System Implementation and Workflow 
6.1. End-to-End Secure ERP Workflow 

 
Figure 2. End-To-End AI-Driven Zero-Trust Workflow for Secure ERP Transactions 

 

The figure illustrates an end-to-end secure ERP workflow that integrates Zero-Trust access control with AI-driven risk 

assessment and continuous monitoring. [16-18] The workflow begins with user request initiation, followed by identity 

verification to establish baseline authentication. Unlike traditional one-time verification models, the system immediately routes 

the request into a Zero-Trust access layer, ensuring that no implicit trust is granted based solely on credentials or network 

location. 

 

Once access is requested, an access validation stage determines whether the request satisfies predefined Zero-Trust 

conditions. If validation fails or uncertainty exists, the workflow invokes AI-based risk assessment, which analyzes behavioral, 

contextual, and historical signals to evaluate the risk level associated with the request. Low-risk requests are allowed to 

proceed, while high-risk or anomalous behaviors trigger adaptive responses such as step-up authentication, session restriction, 

or outright access denial. This dynamic decision-making highlights the role of AI in augmenting traditional access control 

mechanisms with real-time intelligence. Following successful validation and risk analysis, policy enforcement mechanisms 

apply fine-grained access rules before ERP transaction execution. These policies ensure least-privilege access and enforce 

contextual constraints throughout the transaction lifecycle. All actions are logged and audited, providing visibility for 

compliance and forensic analysis. Importantly, transaction outcomes and enforcement decisions feed into a security feedback 

loop, enabling continuous monitoring and refinement of both AI models and access policies. Overall, the figure demonstrates 

how Zero-Trust principles and AI-driven analytics operate together in a closed-loop workflow. By continuously validating 

access, adapting responses to risk, and learning from operational feedback, the architecture minimizes attacker dwell time, 

prevents lateral movement, and maintains secure yet usable ERP operations in dynamic enterprise environments. 
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6.2. AI–Zero-Trust Interaction Pipeline 

The AI–Zero-Trust interaction pipeline defines how intelligent threat detection mechanisms and Zero-Trust enforcement 

components operate in a coordinated, closed-loop manner within ERP environments. At the core of this pipeline is a 

continuous decision feedback loop that connects telemetry ingestion, AI-based risk assessment, and access control 

enforcement. User activity logs, API calls, and contextual signals are first analyzed by machine learning models to generate 

real-time risk scores reflecting the likelihood of malicious or anomalous behavior. These risk scores are then consumed by 

Zero-Trust policy engines to make fine-grained access decisions, such as allowing, limiting, or denying access to specific ERP 

resources. Crucially, enforcement outcomes such as access challenges, session termination, or policy overrides are fed back 

into the AI models as labeled or semi-labeled signals. This feedback loop enables continuous learning, allowing the system to 

refine detection accuracy, reduce false positives, and adapt to evolving user behavior. By tightly coupling AI intelligence with 

Zero-Trust controls, the pipeline ensures rapid response to threats, minimizes attacker dwell time, and maintains consistent 

security posture without disrupting legitimate ERP operations. 

 

6.3. Integration with Legacy ERP Platforms 

Integrating AI-driven Zero-Trust security mechanisms with legacy ERP platforms presents unique technical and 

operational challenges due to tightly coupled architectures, limited API exposure, and reliance on traditional authentication 

models. Many legacy ERP systems were not designed for continuous access validation or real-time behavioral monitoring, 

necessitating non-intrusive integration approaches. This framework adopts a layered integration strategy that leverages 

middleware, identity gateways, and log collectors to introduce AI and Zero-Trust capabilities without requiring extensive 

modifications to core ERP codebases. Security controls are enforced through external policy engines, reverse proxies, and 

identity providers that intercept access requests and apply contextual authorization decisions. Telemetry is collected passively 

from application logs, database activity monitors, and network sensors, ensuring compatibility with on-premises and hybrid 

deployments. This approach enables organizations to modernize ERP security incrementally, preserving existing investments 

while achieving enhanced threat visibility, compliance alignment, and resilience against advanced cyber threats. 

 

7. Experimental Setup and Evaluation 
7.1. Dataset Description and Simulation Environment 

The experimental evaluation of the proposed AI-driven Zero-Trust [19,20] ERP security framework was conducted using 

a combination of synthetic and real-world ERP log data to ensure both realism and controlled experimentation. Real-world 

datasets were derived from anonymized ERP activity logs collected across finance, human resources, and procurement 

modules, capturing authentication events, transaction executions, role changes, and API interactions. To address data sparsity 

and confidentiality constraints, synthetic ERP logs were generated to simulate diverse attack scenarios, including credential 

compromise, privilege escalation, abnormal transaction behavior, and insider misuse. These synthetic datasets preserved 

statistical characteristics and temporal patterns observed in real environments while enabling systematic injection of labeled 

threat events. The simulation environment replicated a hybrid ERP deployment consisting of on-premises systems and cloud-

based services, integrated with identity providers and policy enforcement points. This setup allowed evaluation of both 

detection performance and real-time enforcement behavior under varying workloads, user populations, and threat intensities. 

 

7.2. Evaluation Metrics 

The effectiveness of the security framework was assessed using metrics that reflect both detection quality and operational 

responsiveness. Detection accuracy measured the proportion of correctly identified malicious and benign activities, providing 

an overall indicator of model performance. The false positive rate was evaluated to assess the system’s ability to minimize 

unnecessary alerts and access disruptions, a critical factor for maintaining ERP usability and user trust. Response latency 

captured the time elapsed between the occurrence of a suspicious event and the corresponding enforcement action, such as 

access restriction or re-authentication. Low response latency is essential for limiting attacker dwell time and preventing 

cascading impacts across ERP modules. These metrics were evaluated across multiple scenarios, including peak operational 

periods and simulated attack campaigns, to ensure robustness under realistic conditions. 

 

7.3. Security Effectiveness Analysis 

Security effectiveness analysis focused on evaluating how well the integrated AI and Zero-Trust framework mitigated 

threats compared to traditional rule-based ERP security controls. Experimental results demonstrated that AI-driven detection 

significantly improved visibility into anomalous user and system behaviors, particularly for insider threats and low-and-slow 

attack patterns that evade signature-based systems. The combination of real-time risk scoring and adaptive access control 

reduced unauthorized lateral movement and constrained attack propagation through micro-segmentation. Additionally, the 

decision feedback loop enabled continuous model refinement, leading to progressive reductions in false positives over time. 

Overall, the framework achieved faster threat containment, improved detection reliability, and enhanced resilience, validating 

the effectiveness of combining AI intelligence with Zero-Trust principles for securing modern ERP systems. 
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8. Results and Discussion 
8.1. AI-Driven Threat Detection Performance 

The experimental results demonstrate that the proposed AI-driven threat detection framework significantly outperforms 

traditional rule-based ERP security baselines in terms of accuracy, responsiveness, and reliability. By leveraging machine 

learning models trained on ERP transaction logs, user behavior patterns, and access telemetry, the system was able to detect 

anomalous activities such as unauthorized access attempts, abnormal transaction volumes, and privilege misuse in near real 

time. Compared to static rule-based systems, which rely on predefined signatures and thresholds, the AI-based approach 

adapted dynamically to evolving behavior patterns, resulting in improved detection of both external attacks and insider threats. 

The reduction in false positives further indicates that behavioral modeling and contextual analysis effectively distinguish 

malicious actions from legitimate operational anomalies. Faster response times directly reduced attacker dwell time, limiting 

the potential impact of security incidents across interconnected ERP modules. 

 

Table 1. Threat Detection Performance Comparison 

Metric AI-Driven Baseline Improvement 

Detection Accuracy 92% 78% +14% 

False Positive Rate 5% 12% −7% 

Response Time (s) 2.1 8.5 −75% 

 

 
Figure 3. Performance Comparison of AI-Driven and Baseline ERP Threat Detection Systems 

 

8.2. Zero-Trust Enforcement Effectiveness 

Zero-Trust security enforcement proved highly effective in reducing the impact of ERP security breaches by restricting 

lateral movement and enforcing continuous access validation. Through micro-segmentation and least-privilege policies, the 

framework limited attacker progression even after initial access was obtained. Simulation results showed that traditional ERP 

network models allowed attackers to pivot across multiple modules, whereas Zero-Trust controls isolated compromised 

identities and resources in real time. Continuous verification ensured that deviations in behavior immediately triggered access 

restrictions or re-authentication. As a result, breach containment times were substantially reduced, and the overall success rate 

of lateral movement attacks declined sharply. These findings highlight the importance of combining identity-centric controls 

with fine-grained policy enforcement in complex ERP ecosystems. 

 

Table 2. Zero-Trust Enforcement Effectiveness 

Metric Traditional Zero-Trust Reduction 

Lateral Movement Success 63% 12% −81% 

Breach Containment Time 45 min 8 min −82% 

 

8.3. Trade-Offs and Practical Considerations 

While the integration of AI-driven threat detection with Zero-Trust principles significantly enhances ERP security, it 

introduces practical trade-offs that organizations must carefully manage. Experimental observations indicate a moderate 

computational overhead, with latency increases of approximately 15–20% during peak operational loads due to continuous 

monitoring, real-time inference, and dynamic policy enforcement. These effects are more pronounced in legacy ERP 
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environments with limited scalability and rigid architectures. However, cloud-native and hybrid deployments mitigate 

performance impacts through elastic resource allocation and distributed processing. Additionally, heightened authentication 

and verification measures may initially affect user experience, underscoring the need for effective change management and 

user training. Overall, the security gains measured in improved detection accuracy, faster response, and reduced breach impact 

outweigh these costs, making AI-enabled Zero-Trust a practical and resilient approach for securing modern ERP systems. 

 

9. Challenges and Limitations 
9.1. Data Quality and Model Drift 

One of the primary challenges in deploying AI-driven threat detection within ERP systems is ensuring consistent data 

quality and managing model drift over time. ERP environments generate large volumes of heterogeneous data from multiple 

modules, user roles, and integration points, often resulting in noisy, incomplete, or inconsistent logs. Variations in logging 

configurations, missing contextual attributes, and delayed event collection can negatively impact feature extraction and model 

accuracy. Additionally, ERP usage patterns evolve due to organizational restructuring, seasonal business cycles, software 

upgrades, and policy changes. These shifts cause model drift, where previously learned behavioral baselines no longer 

accurately represent normal activity. Without continuous monitoring and retraining, detection models may produce higher false 

positives or fail to identify emerging threats. Addressing this limitation requires robust data validation pipelines, adaptive 

learning strategies, and feedback-driven retraining mechanisms to ensure sustained detection effectiveness. 

 

9.2. Scalability in Large ERP Deployments 

Scalability presents a significant limitation when implementing AI and Zero-Trust controls across large, distributed ERP 

deployments. Enterprises with thousands of users, multiple business units, and geographically dispersed infrastructure generate 

high-velocity telemetry that must be processed in near real time. Continuous authentication, behavioral analysis, and policy 

evaluation introduce computational overhead, particularly during peak operational periods. Legacy ERP systems, often built on 

monolithic architectures, further constrain scalability by limiting integration flexibility and real-time data access. As the 

number of monitored entities increases, maintaining low-latency response becomes challenging without substantial 

infrastructure investment. While cloud-native platforms offer elastic scaling and distributed processing capabilities, hybrid 

environments may experience uneven performance. Effective scalability requires architectural optimization, selective 

monitoring strategies, and intelligent workload distribution to balance security effectiveness with operational efficiency. 

 

9.3. Explainability and Trust in AI Decisions 

The use of advanced machine learning and deep learning models introduces challenges related to explainability and 

organizational trust. Security teams and business stakeholders often require clear justification for access restrictions, alerts, or 

automated enforcement actions within ERP systems. However, complex models used for behavioral analysis and anomaly 

detection can function as black boxes, making it difficult to interpret why a specific action was flagged as malicious. This lack 

of transparency may hinder incident response, regulatory compliance, and user acceptance, particularly in highly regulated 

industries. False positives without clear explanations can disrupt business workflows and reduce confidence in automated 

security controls. Addressing this limitation necessitates the integration of explainable AI techniques, such as feature 

attribution and risk scoring summaries, alongside human-in-the-loop review processes. Enhancing interpretability is essential 

for building trust, ensuring accountability, and achieving sustainable adoption of AI-driven ERP security solutions. 

 

10. Future Work and Conclusion 
Future research on AI-driven Zero-Trust security for ERP systems can explore deeper integration of advanced learning 

techniques and adaptive governance mechanisms. One promising direction is the incorporation of federated and privacy-

preserving learning models, enabling organizations to collaboratively improve threat detection without sharing sensitive ERP 

data. Additionally, extending behavioral models to incorporate cross-enterprise and supply-chain interactions can enhance 

visibility into third-party risks, which are increasingly prevalent in interconnected ERP ecosystems. Further work is also 

needed to optimize real-time inference efficiency, particularly for large-scale deployments, by leveraging edge analytics, 

model compression, and event-driven processing to reduce latency and computational overhead. 

 

Another important area for future investigation is strengthening explainability and human oversight within AI-driven 

security frameworks. Developing standardized explainable AI interfaces tailored for ERP security operations can improve 

trust, auditability, and regulatory compliance. Integrating automated response mechanisms with human-in-the-loop controls 

will help balance rapid threat containment with business continuity. Additionally, longitudinal studies evaluating long-term 

model stability, drift management, and user acceptance across diverse industries would provide valuable insights into real-

world adoption challenges. 

 

In conclusion, this paper presented an integrated framework that combines AI-driven threat detection with Zero-Trust 

security principles to enhance the protection of modern ERP systems. Experimental results demonstrate improved detection 

accuracy, reduced response times, and stronger containment of security breaches compared to traditional approaches. While 
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challenges related to scalability, data quality, and explainability remain, the findings highlight that intelligent, adaptive security 

architectures are essential for safeguarding ERP platforms in increasingly complex and hostile threat environments. 
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