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Medical and pharmaceutical manufacturing ecosystems increasingly rely on 

interconnected information technology, operational technology, and industrial 

internet of things infrastructures to support automation, quality assurance, and 

regulatory compliance. This digital convergence has significantly expanded the cyber-

attack surface, exposing critical production systems to ransomware, supply-chain 

compromise, intellectual property theft, and safety-critical disruptions. Traditional 

perimeter-based and rule-driven cybersecurity mechanisms are often insufficient to 

address the scale, complexity, and adaptive nature of modern threats in these highly 

regulated environments. 

This study aims to develop and conceptually validate an artificial intelligence enabled 

cybersecurity framework tailored to the unique operational, regulatory, and safety 

requirements of medical and pharmaceutical manufacturing systems. 

A structured review and synthesis of peer-reviewed literature, international 

standards, and regulatory guidance were conducted to identify prevailing threats, 

vulnerabilities, and security gaps. Based on this analysis, a layered AI-enabled 

cybersecurity framework was designed, integrating anomaly detection, predictive risk 

assessment, and adaptive response mechanisms within a zero trust and compliance-

aware architecture. 

The study proposes a unified framework that systematically maps AI techniques to 

cybersecurity functions across manufacturing lifecycles, bridges IT and OT security 

domains, and aligns cybersecurity operations with regulatory requirements such as 

FDA guidance, NIST standards, and GMP principles. 

The proposed framework provides practical guidance for manufacturers, regulators, 

and cybersecurity practitioners seeking to enhance resilience, improve threat 

detection accuracy, and support secure digital transformation in medical and 

pharmaceutical manufacturing ecosystems. 

Keywords: AI-enabled cybersecurity; medical manufacturing;  pharmaceutical 

manufacturing; industrial control systems; zero trust architecture; anomaly detection 

 

1. INTRODUCTION 

The medical and pharmaceutical manufacturing sectors are increasingly dependent on highly interconnected digital 

infrastructures to support research, production, quality assurance, and supply chain operations. While this digital 

transformation has improved efficiency, traceability, and scalability, it has also significantly expanded the cyber attack 

surface of these safety critical industries. Medical and pharmaceutical manufacturing environments are now frequent 

targets of ransomware, intellectual property theft, supply chain compromise, and operational disruption, with 

consequences that extend beyond financial losses to include patient safety risks, regulatory noncompliance, and public 

health threats (Li et al., 2025; Shahzadi et al., 2025). As a result, cybersecurity has emerged as a core operational and 
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strategic concern rather than a peripheral information technology issue. 

1.1 Cybersecurity challenges in medical and pharmaceutical manufacturing 

Unlike conventional enterprise environments, medical and pharmaceutical manufacturing systems operate under strict 

regulatory, safety, and reliability constraints. These environments rely on industrial control systems, supervisory 

control and data acquisition platforms, manufacturing execution systems, and laboratory information systems to ensure 

product quality and compliance with regulations such as Good Manufacturing Practice, 21 CFR Part 11, and EudraLex 

Annex 11 (European Commission, 2011; U.S. Food and Drug Administration, 2024). Cyber incidents in such settings 

can interrupt production, corrupt quality data, or compromise validated systems, leading to costly shutdowns, 

product recalls, or regulatory sanctions. 

Recent studies highlight that healthcare and pharmaceutical organizations are among the most targeted sectors 

globally, with ransomware and supply chain attacks posing particularly severe risks (Li et al., 2025; Shahzadi et al., 

2025). Attackers increasingly exploit legacy industrial systems, weak network segmentation, and limited visibility into 

operational technology environments. In pharmaceutical manufacturing, cyber espionage aimed at stealing 

proprietary drug formulations and process data has also become a growing concern, especially during periods of 

high demand such as public health emergencies. These challenges underscore the need for cybersecurity 

approaches that are resilient, adaptive, and tailored to the unique characteristics of regulated manufacturing ecosystems. 

1.2 Convergence of IT, OT, and IIoT systems 

A defining feature of modern medical and pharmaceutical manufacturing is the convergence of information technology, 

operational technology, and industrial Internet of Things systems. Historically, IT systems handled business functions 

such as enterprise resource planning and data management, while OT systems controlled physical processes such as 

mixing, sterilization, and packaging. Today, these domains are increasingly interconnected to enable real-time monitoring, 

predictive maintenance, and data-driven optimization (Stouffer et al., 2023). 

This convergence has introduced new cybersecurity risks. OT systems were not originally designed with security as a 

primary requirement and often lack strong authentication, encryption, or patch management capabilities (Stouffer et al., 

2011). The integration of IIoT sensors and cloud-based analytics further increases exposure by introducing 

heterogeneous devices, protocols, and data flows. As a result, adversaries can exploit weaknesses at the IT level to 

pivot into OT environments, potentially causing physical damage or safety incidents. Studies using the MITRE ATTCCK 

for ICS framework demonstrate how attackers can systematically target industrial environments through multi-stage attack 

chains that exploit this convergence (Al-Sada et al., 2024; Lee et al., 2023). 

1.3. Limitations of traditional rule-based cybersecurity approaches 

Traditional cybersecurity approaches in regulated manufacturing environments have largely relied on perimeter defenses, 

signature-based intrusion detection systems, and static access control policies. While these rule-based mechanisms 

remain important for baseline protection and compliance, they are increasingly insufficient against modern, sophisticated 

threats. Signature-based systems struggle to detect zero-day attacks, polymorphic malware, and stealthy lateral 

movement within networks (Sommer C Paxson, 2010; Buczak C Guven, 2016). 

In industrial and healthcare contexts, these limitations are exacerbated by the operational constraints of OT systems, which 

often cannot tolerate frequent updates or intrusive security monitoring. Rule-based approaches also generate high false 

positive rates when applied to complex industrial traffic patterns, leading to alert fatigue and reduced trust in security 

systems (Chandola et al., 2009). Moreover, static rules fail to capture the dynamic behavior of modern cyber attacks, 

particularly those that adapt over time or exploit subtle anomalies in process data. These shortcomings motivate the 

exploration of more intelligent and adaptive cybersecurity mechanisms capable of learning from data and evolving 

threats. 

1.4 Role of artificial intelligence in modern cybersecurity 

Artificial intelligence and machine learning techniques have emerged as promising tools for addressing the limitations of 

traditional cybersecurity solutions. By leveraging large volumes of network, system, and process data, AI-based methods 
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can identify complex patterns, detect anomalies, and support predictive threat analysis (Xin et al., 2018; Sarker, 2021). In 

industrial control system environments, deep learning and hybrid models have demonstrated improved detection 

accuracy for cyber attacks that are difficult to capture using predefined rules (Kim et al., 2024; Aslam et al., 2025). 

Beyond detection, AI can enhance cybersecurity decision making by enabling risk scoring, automated response 

prioritization, and continuous learning from new attack data. However, the application of AI in safety critical and 

regulated domains raises important concerns related to transparency, robustness, and governance. Adversarial machine 

learning attacks can manipulate models, while black-box decision making may conflict with regulatory expectations 

for auditability and explainability (Biggio C Roli, 2018; Rudin, 2019). These considerations highlight the need for AI-

enabled cybersecurity frameworks that integrate technical effectiveness with interpretability, regulatory alignment, and 

risk management principles such as those articulated in the NIST AI Risk Management Framework (Tabassi, 2023). 

1.5 Research objectives and contributions 

In response to the evolving threat landscape and the limitations of existing approaches, this study aims to develop an AI-

enabled cybersecurity framework specifically tailored to medical and pharmaceutical manufacturing ecosystems. 

The primary objective is to propose a structured, standards-aligned framework that integrates artificial intelligence 

techniques with established cybersecurity and regulatory practices to enhance threat detection, prediction, and 

response across converged IT, OT, and IIoT environments. 

The key contributions of this research are threefold. First, it synthesizes cybersecurity, industrial control, and 

regulatory perspectives to characterize the unique security challenges of medical and pharmaceutical 

manufacturing. Second, it proposes a conceptual AI-enabled cybersecurity framework that incorporates anomaly 

detection, predictive analytics, and decision support while aligning with Zero Trust principles and relevant standards 

such as NIST SP 800-207 and IEC 62443. Third, it provides a comparative analysis illustrating how AI-enabled 

approaches can improve detection accuracy, reduce response time, and support compliance in complex manufacturing 

settings. Collectively, these contributions aim to advance both academic understanding and practical 

implementation of intelligent cybersecurity solutions in regulated healthcare manufacturing environments. 

2. BACKGROUND AND RELATED WORK 

This section critically examines existing scholarship, standards, and regulatory frameworks relevant to cybersecurity in 

medical and pharmaceutical manufacturing environments. Rather than cataloguing prior work, the review synthesizes 

how healthcare cybersecurity, industrial control system security, and AI-driven defense mechanisms intersect, and where 

persistent gaps remain. This synthesis motivates the need for an integrated AI-enabled cybersecurity framework 

tailored to regulated, safety-critical manufacturing ecosystems. 

2.1 Cybersecurity in Healthcare and Pharmaceutical Production Environments 

Healthcare and pharmaceutical manufacturing environments represent some of the most complex and risk-sensitive 

cyber-physical systems in modern industry. Unlike conventional enterprise IT systems, these environments integrate 

clinical information systems, manufacturing execution systems, laboratory information management systems, and 

regulated electronic record platforms, all of which are subject to stringent safety, privacy, and quality requirements 

(Keatley, 2000; EudraLex, 2011). 

Cyber incidents in these settings can result in consequences that extend beyond data breaches to include 

production downtime, compromised drug quality, regulatory non- compliance, and direct patient safety risks (Li et 

al., 2025; Shahzadi et al., 2025). Ransomware attacks targeting hospitals and pharmaceutical manufacturers have 

demonstrated the cascading impact of cyber disruptions on clinical operations, supply continuity, and emergency 

response capabilities (Singh, 2025). 

Regulatory frameworks such as FDA cybersecurity guidance for medical devices and electronic records emphasize risk 

management, traceability, and system integrity, yet they largely assume static or perimeter-based security controls 

(U.S. Food and Drug Administration, 2025; U.S. Food and Drug Administration, 2024). As production 

environments become increasingly interconnected through Industry 4.0 initiatives and Pharma 4.0 adoption, 

traditional compliance-driven security approaches struggle to address dynamic threat vectors and adaptive 
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adversaries (Phiri et al., 2025). 

2.2 Industrial Control Systems and OT Security Challenges 

Medical and pharmaceutical manufacturing heavily rely on industrial control systems, including supervisory control 

and data acquisition systems, programmable logic controllers, and distributed control systems. These operational 

technology environments were historically designed for reliability and availability rather than cybersecurity, resulting 

in architectures that lack built-in security mechanisms (Stouffer et al., 2011; Stouffer et al., 2023). 

The convergence of IT and OT networks has significantly expanded the attack surface, exposing control networks to 

threats such as lateral movement, protocol exploitation, and supply-chain compromise (Mathur C Tippenhauer, 2016). 

Studies on ICS security consistently highlight challenges related to legacy systems, limited patchability, and the 

difficulty of deploying intrusive monitoring tools without disrupting production processes (Kim et al., 2024). 

Standards such as IEC 62443 provide structured guidance for securing industrial automation systems, yet practical 

evaluations reveal gaps in their application to complex, hybrid manufacturing environments, particularly in regulated 

sectors (Drake C Lamb, 2025). Furthermore, protocol-level security mechanisms such as OPC UA security improve 

communication protection but do not fully address higher-level behavioral anomalies or coordinated multi-stage 

attacks (Diemunsch et al., 2025; Gebhard C Perouli, 2024). 

2.3 AI and Machine Learning Approaches in Cybersecurity 

Artificial intelligence and machine learning have emerged as central tools for addressing the scale, complexity, and 

dynamism of modern cyber threats. In cybersecurity research, ML techniques have been applied to intrusion 

detection, anomaly detection, malware classification, and threat intelligence analysis (Buczak C Guven, 2016; Xin et al., 

2018). 

Unsupervised and semi-supervised anomaly detection methods are particularly relevant for OT and manufacturing 

environments, where labeled attack data are scarce and system behavior is highly context-dependent (Chandola et 

al., 2009; Sommer C Paxson, 2010). Recent work demonstrates that deep learning models leveraging communication 

patterns and temporal correlations can significantly improve detection accuracy in industrial control systems (Kim et al., 

2024; Sikder et al., 2023). 

Despite these advances, the application of AI in cybersecurity introduces new challenges, including model robustness, 

adversarial manipulation, and explainability. Research on adversarial machine learning shows that attackers can 

exploit vulnerabilities in ML models to evade detection or induce false responses (Biggio C Roli, 2018; Carlini C Wagner, 

2017). 

As a result, scholars increasingly emphasize the need for interpretable and trustworthy AI models in high-stakes 

domains such as healthcare and manufacturing (Rudin, 2019; Tabassi, 2023). 

2.4 Zero Trust, Supply-Chain Security, and Regulatory Alignment 

Zero Trust Architecture has gained prominence as a paradigm that rejects implicit trust and enforces continuous 

verification of users, devices, and workloads (Rose et al., 2020). In manufacturing ecosystems characterized by 

distributed assets and third-party integrations, Zero Trust principles offer a conceptual foundation for limiting lateral 

movement and reducing blast radius in the event of compromise (Chandramouli C Butcher, 2023). 

Supply-chain cybersecurity is another critical concern, particularly in pharmaceutical manufacturing where raw 

materials, equipment vendors, and software suppliers form extended digital ecosystems. NIST supply-chain risk 

management guidance highlights the importance of provenance, continuous monitoring, and risk-informed decision-

making, yet implementation remains fragmented across organizational boundaries (Boyens et al., 2022). 

Regulatory requirements such as 21 CFR Part 11, HIPAA, and the European Cybersecurity Act impose additional 

constraints that shape cybersecurity strategies in these sectors (Mueck C Gaie, 2025; Park, 2026). While these 

regulations emphasize accountability and documentation, they provide limited guidance on adaptive, AI-driven security 

mechanisms capable of responding to evolving threats in real time. 
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2.5 Research Gaps and Motivation for a New Framework 

The reviewed literature reveals several persistent gaps. First, existing cybersecurity approaches often address 

healthcare IT systems or industrial control systems in isolation, failing to capture the integrated nature of medical and 

pharmaceutical manufacturing ecosystems. Second, AI-based cybersecurity solutions are frequently evaluated in 

experimental settings without sufficient consideration of regulatory compliance, operational constraints, and safety 

implications. 

Third, standards and regulatory frameworks provide essential governance structures but lack concrete mechanisms 

for embedding AI-driven detection and response capabilities into day-to-day manufacturing operations. Finally, limited 

attention has been paid to aligning AI cybersecurity solutions with Zero Trust principles and supply-chain risk 

management in regulated production environments. 

These gaps motivate the development of a unified AI-enabled cybersecurity framework that integrates OT and IT security, 

leverages machine learning for proactive threat management, and aligns with regulatory and standards-based 

requirements specific to medical and pharmaceutical manufacturing. 

 

Table 1. Summary of Existing Cybersecurity Approaches in Healthcare and Pharmaceutical 

Manufacturing 

Study / Standard Application Domain Security Approach Use of AI Key Limitations 

NIST SP 800-82 (Stouffer 

et 

al., 2011; 2023) 

Industrial control 

systems 

Perimeter

 defe

nse, 

segmentation 

No Limited adaptability to 

dynamic 

threats 

IEC 62443 (Drake C 

Lamb, 

2025) 

Industrial automation Lifecycle-based

 sec

urity 

controls 

No Gaps in complex

 regulated 

environments 

FDA Cybersecurity 

Guidance 

(2025) 

Medical devices and 

manufacturing 

Risk

 manage

ment, 

compliance-driven 

No Assumes static security controls 

Buczak C Guven (2016) General cybersecurity ML-based

 intr

usion 

detection 

Yes Limited OT and regulatory focus 

Kim et al. (2024) Industrial control 

systems 

Deep learning

 anomaly 

detection 

Yes Narrow system

 scope, 

deployment challenges 

Rose et al. (2020) Enterprise and cloud 

systems 

Zero Trust Architecture No Limited AI integration 

Rationale: This table enables clear identification of conceptual and practical gaps, highlighting the absence of 

integrated, AI-enabled frameworks tailored to regulated medical and pharmaceutical manufacturing ecosystems. 

3. THREAT LANDSCAPE IN MEDICAL AND PHARMACEUTICAL 

MANUFACTURING 

Medical and pharmaceutical manufacturing ecosystems have become high value targets for cyber adversaries due to their 

increasing reliance on interconnected digital technologies, automation, and data driven production processes. These 

environments integrate information technology systems with operational technology, industrial control systems, and 

manufacturing execution systems, creating complex cyber physical infrastructures that are difficult to secure using 

conventional perimeter based defenses. Cyber incidents in these sectors extend beyond data loss or service 
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disruption and can directly affect drug quality, production integrity, patient safety, and regulatory compliance. 

Understanding the threat landscape is therefore essential to justify the need for an AI enabled cybersecurity framework 

capable of adaptive detection, prediction, and response. 

3.1 Cyber Threat Typologies 

Cyber threats targeting medical and pharmaceutical manufacturing can be classified into several dominant categories, 

each exploiting distinct technical and organizational weaknesses. 

❖ Ransomware: Ransomware remains the most prevalent and disruptive threat affecting 

healthcare and pharmaceutical organizations. Attackers encrypt critical systems such as manufacturing execution 

platforms, laboratory information systems, and enterprise resource planning tools, demanding payment to restore 

access. In manufacturing environments, ransomware can halt production lines, disrupt batch processing, and delay 

quality assurance testing. Unlike traditional IT settings, downtime in pharmaceutical production can result in shortages of 

essential medicines and vaccines, with cascading effects on public health. Studies consistently report that 

ransomware campaigns increasingly target environments where system availability is mission critical, making 

healthcare and pharmaceutical manufacturers attractive targets (Li et al., 2025; Shahzadi et al., 2025). 

❖ Intellectual property theft and industrial espionage: Pharmaceutical 

manufacturing involves proprietary formulations, process parameters, clinical trial data, and trade secrets with 

significant economic value. State sponsored and advanced persistent threat actors frequently target these assets 

through long term covert intrusions. Intellectual property theft can undermine competitive advantage, enable counterfeit 

drug production, and compromise the integrity of research and development pipelines. Espionage campaigns often 

leverage stealthy malware, credential harvesting, and lateral movement techniques mapped within the MITRE 

ATTCCK framework (Al-Sada et al., 2024). 

❖ Supply chain attacks: Medical and pharmaceutical manufacturing relies on a global supply 

chain of raw materials, software components, equipment vendors, and logistics providers. Supply chain attacks exploit 

trusted third parties to gain indirect access to production environments. Compromised software updates, malicious 

firmware, and insecure vendor remote access pathways are common attack vectors. Such attacks are particularly 

dangerous because they bypass traditional trust boundaries and can propagate across multiple organizations 

simultaneously. The growing complexity of digital supply chains has amplified systemic cyber risk in regulated 

manufacturing sectors (Boyens et al., 2022). 

❖ Insider threats: Insider threats arise from malicious, negligent, or compromised 

employees and contractors with legitimate access to systems and facilities. In pharmaceutical manufacturing, 

insiders may manipulate production parameters, exfiltrate sensitive data, or bypass security controls. The combination 

of privileged access and limited behavioral monitoring increases the difficulty of detecting insider misuse using rule based 

approaches. Insider driven incidents are often discovered late, increasing their operational and regulatory impact. 

3.2 Vulnerabilities in ICS, SCADA, and Manufacturing Execution Systems 

Industrial control systems, supervisory control and data acquisition platforms, and manufacturing execution 

systems form the operational backbone of medical and pharmaceutical production facilities. These systems were 

historically designed for reliability and process efficiency rather than cybersecurity, resulting in inherent vulnerabilities. 

Legacy ICS and SCADA components frequently lack strong authentication, encryption, and access control mechanisms. 

Many devices operate on outdated operating systems that cannot be easily patched without disrupting production. 

Manufacturing execution systems, which bridge business systems and shop floor operations, aggregate large volumes 

of sensitive data and serve as critical control points. Their compromise enables attackers to manipulate batch records, 

alter production schedules, or falsify quality data. 

The convergence of IT and OT environments further expands the attack surface. Remote monitoring, cloud connectivity, 

and Industrial Internet of Things devices introduce new entry points that are difficult to secure consistently. Traditional 

signature based intrusion detection systems struggle to identify subtle process anomalies or novel attack patterns 

within these environments. As demonstrated in prior studies on ICS security, many cyber attacks manifest as low 
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amplitude deviations in sensor data or communication patterns that evade static rules (Mathur C Tippenhauer, 2016; Kim 

et al., 2024). 

3.3 Regulatory and Safety Implications of Cyber Incidents 

Cyber incidents in medical and pharmaceutical manufacturing have consequences that extend beyond financial loss. 

Regulatory frameworks such as Good Manufacturing Practice guidelines, 21 CFR Part 11, and medical device 

cybersecurity guidance require manufacturers to ensure data integrity, system reliability, and traceability throughout the 

product lifecycle. A successful cyber attack can invalidate electronic records, compromise audit trails, and trigger 

regulatory non compliance. 

From a safety perspective, manipulation of manufacturing parameters or quality control data can lead to substandard 

or contaminated products reaching patients. Unlike other industries, errors introduced through cyber attacks may 

not be immediately detectable, increasing the risk of adverse health outcomes. Regulators increasingly recognize 

cybersecurity as a core component of product quality and patient safety, placing additional compliance pressure on 

manufacturers (FDA, 2025; European Commission, 2011). 

These regulatory and safety implications highlight the limitations of reactive security approaches. There is a clear 

need for proactive, intelligence driven cybersecurity mechanisms capable of detecting emerging threats, anticipating 

attack progression, and supporting rapid decision making. This need forms the foundation for adopting AI enabled 

cybersecurity frameworks in medical and pharmaceutical manufacturing ecosystems. 

Table 2. Cyber threats and potential impacts on medical and pharmaceutical manufacturing 

Threat type Targeted system Operational impact Patient safety risk Regulatory 

consequences 

Ransomware MES, ERP, laboratory 

systems 

Production downtime,

 batch 

delays 

Drug shortages, 

delayed treatments 

GMP violations, 

production suspension 

IP theft and 

espionage 

RCD databases, process 

control systems 

Loss  of  proprietary 

knowledge 

Counterfeit or 

substandard products 

Breach of data protection 

and 

IP laws 

Supply chain 

attacks 

Vendor software, 

firmware, remote access 

tools 

System compromise 

across facilities 

Widespread product 

integrity risks 

Cross

 organizatio

nal compliance failures 

Insider threats ICS, quality control 

systems 

Process 

manipulation, data 

tampering 

Undetected quality 

deviations 

Audit failure, legal sanctions 

 

 

Figure1. Growth trend of reported cyber incidents in healthcare and pharmaceutical sectors 
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Figure 1 illustrates a sustained and accelerating increase in reported cyber incidents affecting healthcare and 

pharmaceutical sectors over the last decade, underscoring the growing exposure of digitally integrated manufacturing 

environments to cyber threats. 

4. Methodology and Framework Design 

The methodology underpinning the proposed AI-enabled cybersecurity framework is designed to address the 

complex, heterogeneous, and safety-critical nature of medical and pharmaceutical manufacturing ecosystems. These 

environments are characterized by the tight integration of information technology, operational technology, industrial 

control systems, and increasingly intelligent manufacturing assets. As a result, conventional perimeter-based or 

signature-driven cybersecurity solutions are insufficient to provide robust protection against evolving threats. This 

section explains how the framework is conceptually conceived, structured, and operationalized, with particular 

emphasis on design principles, data inputs, and the artificial intelligence techniques employed. 

4.1 Design Principles 

The proposed framework is guided by three foundational design principles: defense-in- depth, Zero Trust alignment, 

and AI governance with interpretability. These principles collectively ensure resilience, adaptability, and regulatory 

acceptability in highly regulated medical and pharmaceutical manufacturing contexts. 

❖ Defense-in-Depth: Defense-in-depth forms the core architectural principle of the 

framework. Rather than relying on a single protective mechanism, the framework integrates multiple, mutually 

reinforcing security layers across network, system, and application levels. This layered approach is particularly critical in 

manufacturing environments where legacy systems, proprietary protocols, and real-time process constraints limit the 

feasibility of frequent patching or system replacement (Stouffer et al., 2011; Stouffer et al., 2023). 

In the proposed framework, defense-in-depth is implemented through coordinated monitoring and protection across 

network traffic, device behavior, and manufacturing process states. Network-level controls focus on traffic 

inspection, segmentation, and communication pattern analysis, while system-level controls monitor device integrity 

and access behavior. At the process level, security mechanisms assess deviations in manufacturing parameters 

that may indicate cyber-physical manipulation. This multi-layered structure reduces the likelihood that a single point of 

failure can compromise production continuity or patient safety, which is a key requirement in pharmaceutical and 

medical manufacturing environments (European Commission, 2011; Drake C Lamb, 2025). 

❖ Zero Trust Alignment: The framework is explicitly aligned with Zero Trust Architecture 

principles, which assume that no user, device, or process should be inherently trusted, regardless of its location within 

the network perimeter (Rose et al., 2020). This assumption is particularly relevant in modern manufacturing ecosystems 

where remote access, cloud-based analytics, and third-party vendors are integral to operations. 

Zero Trust alignment is operationalized through continuous authentication, authorization, and behavior validation of 

all entities interacting with manufacturing systems. Rather than granting static access privileges, the framework 

evaluates contextual signals such as device health, communication patterns, and historical behavior to dynamically 

assess trust levels (Chandramouli C Butcher, 2023). This approach limits lateral movement by adversaries and mitigates 

the risk of credential compromise, which has been identified as a major attack vector in healthcare and industrial 

environments (Al-Sada et al., 2024; Shahzadi et al., 2025). 

By embedding Zero Trust principles within AI-driven monitoring and decision-making components, the framework 

moves beyond policy-level Zero Trust adoption and enables continuous, data-driven enforcement tailored to 

manufacturing-specific operational constraints. 

❖ AI Governance and Interpretability: Given the high-stakes nature of medical and 

pharmaceutical manufacturing, AI governance and interpretability are treated as first-class design requirements 

rather than optional enhancements. Regulatory frameworks governing these sectors require transparency, 

traceability, and accountability in decision-making processes, particularly when automated systems influence production 

quality, compliance, or safety outcomes (Keatley, 2000; Sharma et al., 2025). 
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The framework therefore emphasizes the use of interpretable or partially interpretable AI models where feasible, as 

well as structured documentation of model assumptions, training data, and decision logic. This design choice aligns with 

established concerns regarding black-box models in safety-critical and regulated environments (Rudin, 2019). In 

addition, the framework is designed to conform with emerging AI governance standards, including the NIST Artificial 

Intelligence Risk Management Framework, which emphasizes reliability, transparency, and risk awareness 

throughout the AI lifecycle (Tabassi, 2023). 

Human oversight is incorporated through decision-support interfaces that allow security analysts and 

manufacturing engineers to review AI-generated alerts, risk scores, and recommended responses before critical 

actions are executed. This human-in-the-loop approach balances automation efficiency with accountability and 

regulatory compliance. 

4.2 Data Sources and System Inputs 

Effective AI-driven cybersecurity depends on the availability of diverse, high-quality data streams that capture both 

cyber and physical aspects of manufacturing operations. The proposed framework integrates three primary categories of 

data inputs: network telemetry, device logs, and manufacturing process data. 

❖ Network Telemetry: Network telemetry provides real-time and historical visibility into 

communication patterns within and across manufacturing networks. This includes packet-level metadata, flow 

records, protocol usage, and communication frequency between devices, controllers, and external services. Such data 

are essential for detecting reconnaissance activity, command-and-control communication, and unauthorized data 

exfiltration attempts (Sommer C Paxson, 2010; Xin et al., 2018). 

In industrial and pharmaceutical environments, network telemetry is particularly valuable for identifying deviations 

from highly regular and deterministic communication patterns typical of industrial control systems. Prior research 

has demonstrated that AI-based analysis of industrial network traffic can effectively distinguish between normal 

operational behavior and malicious activity without requiring deep packet inspection, which is often infeasible due 

to proprietary protocols or encrypted traffic (Kim et al., 2024; Mathur C Tippenhauer, 2016). 

❖ Device Logs: Device logs constitute the second major data source and include system 

events, authentication records, firmware changes, configuration updates, and error messages generated by 

programmable logic controllers, sensors, human- machine interfaces, and manufacturing execution systems. These 

logs provide critical context for identifying insider threats, unauthorized access attempts, and persistence mechanisms 

deployed by adversaries (Cichonski et al., 2012; Boyens et al., 2022). 

In the proposed framework, device logs are correlated with network telemetry to construct a unified behavioral profile 

for each asset. This correlation enables the detection of subtle attack patterns that may not be visible in isolation, 

such as compromised devices that exhibit legitimate network behavior but anomalous internal state changes. Such 

cross-layer visibility is essential for securing complex, interconnected manufacturing environments (Lee et al., 2023). 

❖ Manufacturing Process Data: Manufacturing process data capture the physical state 

and operational performance of production systems, including sensor readings, control signals, batch records, and 

quality metrics. In pharmaceutical manufacturing, these data are closely tied to product quality, regulatory compliance, and 

patient safety, making them a critical component of cybersecurity monitoring (European Commission, 2011; van 

Vroonhoven, 2020). 

The inclusion of process data allows the framework to detect cyber-physical attacks that aim to subtly manipulate 

production parameters rather than cause immediate system disruption. Prior studies have shown that AI-based analysis 

of process data can reveal attack-induced anomalies that bypass traditional IT-focused security controls (Taormina 

et al., 2018; Sikder et al., 2023). By integrating process-level insights with cyber indicators, the framework supports a 

holistic view of security that reflects the realities of modern smart manufacturing. 

4.3 AI Techniques Employed 

The framework adopts a hybrid AI strategy that combines supervised learning, unsupervised anomaly detection, and 
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integrated hybrid models. This combination is designed to address the diverse threat landscape and data characteristics 

of medical and pharmaceutical manufacturing systems. 

❖ Supervised Learning: Supervised learning techniques are employed for known attack 

detection and classification tasks where labeled datasets are available. These models are trained on historical incident data 

to recognize patterns associated with specific attack types, such as ransomware activity, unauthorized access, or protocol 

misuse (Buczak C Guven, 2016; Sarker, 2021). 

In the proposed framework, supervised models are particularly useful for high- confidence alert generation and rapid 

response scenarios. However, their reliance on labeled data limits their ability to detect novel or evolving threats, which 

are increasingly prevalent in targeted attacks against healthcare and pharmaceutical organizations (Li et al., 2025). 

❖ Unsupervised Anomaly Detection: To address the limitations of supervised 

approaches, the framework incorporates unsupervised anomaly detection techniques that learn baseline system 

behavior directly from operational data. These models identify deviations from normal patterns without requiring prior 

knowledge of attack signatures, making them well-suited for detecting zero-day exploits and stealthy attacks 

(Chandola et al., 2009; Sommer C Paxson, 2010). 

Unsupervised methods are especially effective in manufacturing environments where operational behavior is highly 

structured and repetitive. By modeling normal communication, device behavior, and process dynamics, the framework 

can flag subtle anomalies that may indicate early-stage attacks or misconfigurations (Kim et al., 2024; Sikder et al., 2023). 

❖ Hybrid Models: The final component of the AI strategy involves hybrid models that 

integrate supervised and unsupervised techniques. These models leverage the strengths of both approaches by 

combining anomaly detection with contextual classification and risk scoring. Hybrid models enable adaptive threat 

detection that evolves over time as new data become available, while still benefiting from the precision of supervised 

learning for known threats (Aslam et al., 2025; Biggio C Roli, 2018). 

Hybrid modeling also supports continuous learning and resilience against adversarial manipulation, which is a 

growing concern in AI-based security systems (Carlini C Wagner, 2017). By cross-validating outputs from multiple model 

types, the framework reduces false positives and increases robustness in complex, real-world manufacturing settings. 

5. PROPOSED AI-ENABLED CYBERSECURITY FRAMEWORK 

This section presents the core contribution of the study: an AI-enabled cybersecurity framework specifically 

designed to secure medical and pharmaceutical manufacturing ecosystems. Unlike conventional 

cybersecurity architectures that rely primarily on static rules and perimeter-based defenses, the proposed framework 

integrates artificial intelligence, zero trust principles, and regulatory awareness to address the complex cyber physical 

nature of modern manufacturing environments. These environments are characterized by the convergence of 

information technology, operational technology, industrial control systems, and interconnected supply chains, all of 

which introduce dynamic and evolving attack surfaces (Stouffer et al., 2023; Rose et al., 2020). 

The framework is designed to provide continuous visibility, adaptive threat detection, predictive risk assessment, 

and compliant response mechanisms while maintaining alignment with established cybersecurity, safety, and 

regulatory standards such as NIST SP 800-207, IEC 62443, FDA cybersecurity guidance, and Good Manufacturing 

Practice requirements (Boyens et al., 2022; European Commission, 2011; U.S. Food and Drug Administration, 

2025). 

5.1 Framework Architecture Overview 

The proposed AI-enabled cybersecurity framework adopts a layered and modular architecture to ensure 

scalability, interoperability, and regulatory compatibility across heterogeneous manufacturing environments. The 

architecture is structured around four tightly integrated layers: the data collection layer, the AI analytics engine, the 

decision and response layer, and the compliance and monitoring layer. 

At the foundation of the framework is the data collection layer, which aggregates heterogeneous data streams 

generated across medical and pharmaceutical manufacturing operations. These include network traffic, device telemetry, 
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sensor outputs, programmable logic controller logs, manufacturing execution system events, and security logs from 

endpoint and access control systems (Stouffer et al., 2011; Kim et al., 2024). By consolidating both IT and OT data 

sources, the framework ensures comprehensive situational awareness across cyber and physical domains. 

The AI analytics engine forms the intelligence core of the framework. It processes raw and preprocessed data to identify 

anomalous behaviors, detect malicious activities, and infer latent threat patterns that may not be visible through 

signature-based or rule-based methods (Buczak C Guven, 2016; Xin et al., 2018). This engine supports multiple 

learning paradigms, including supervised, unsupervised, and hybrid approaches, enabling adaptability to evolving 

threat landscapes. 

The decision and response layer translates AI-generated insights into actionable security decisions. This layer 

supports both automated and human-in-the-loop responses, allowing organizations to balance operational continuity 

with security enforcement, which is particularly critical in safety sensitive pharmaceutical production environments 

(Cichonski et al., 2012). 

Finally, the compliance and monitoring layer ensures that all security activities, decisions, and responses are 

continuously logged, auditable, and aligned with regulatory obligations such as 21 CFR Part 11, HIPAA, and GMP Annex 

11 (Keatley, 2000; European Commission, 2011; U.S. Food and Drug Administration, 2024). This layer bridges the 

persistent gap between cybersecurity operations and regulatory compliance. 

 

Figure 2. Architecture of the AI-Enabled Cybersecurity Framework for Medical and Pharmaceutical 

Manufacturing 

Rationale: This figure provides conceptual clarity by visually demonstrating how analytical intelligence, operational 

decision making, and regulatory compliance are integrated into a unified cybersecurity architecture rather than treated as 

isolated functions. 

5.2 AI-Driven Threat Detection Layer 

The AI-driven threat detection layer is responsible for identifying cyber threats that target interconnected manufacturing 

systems. Traditional intrusion detection systems often struggle in medical and pharmaceutical environments due to 

high system heterogeneity, encrypted communications, and the prevalence of proprietary protocols (Sommer C 

Paxson, 2010). To overcome these limitations, the proposed framework employs AI-based detection mechanisms 

capable of learning normal operational behavior and identifying deviations indicative of cyber attacks. 

Unsupervised learning techniques such as clustering and autoencoders are used to model baseline operational 

patterns within industrial networks and manufacturing workflows (Chandola et al., 2009; Sikder et al., 2023). 

These models are particularly effective in detecting zero-day attacks and stealthy intrusions that lack known 
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signatures. Supervised learning models complement this approach by classifying known attack patterns using 

labeled historical data, including ransomware campaigns, supply-chain compromises, and insider misuse scenarios 

(Aslam et al., 2025; Shahzadi et al., 2025). 

The framework also accounts for adversarial machine learning risks, recognizing that attackers may attempt 

to manipulate AI models through data poisoning or evasion techniques (Biggio C Roli, 2018; Carlini C Wagner, 

2017). To mitigate these risks, the detection layer incorporates model robustness checks, ensemble learning strategies, 

and periodic retraining using validated datasets. 

5.3 Predictive Risk Assessment and Decision Support 

Beyond real-time threat detection, the framework introduces a predictive risk assessment capability that enables 

proactive cybersecurity management. This component evaluates the likelihood and potential impact of cyber threats 

before they fully materialize, which is essential in environments where disruptions can compromise product quality, 

patient safety, and regulatory compliance (van Vroonhoven, 2020). 

Predictive models analyze historical incident data, system vulnerabilities, and contextual operational information to 

generate risk scores for assets, processes, and production lines (Stoneburner et al., 2002). These risk scores are 

dynamically updated as new data become available, allowing decision makers to prioritize mitigation efforts based on both 

cyber risk and operational criticality. 

The decision support functionality integrates AI-generated risk insights with zero trust access control principles, 

enabling adaptive enforcement of authentication, authorization, and segmentation policies (Rose et al., 2020; 

Chandramouli C Butcher, 2023). By combining predictive analytics with policy-based controls, the framework supports 

informed and timely security decisions that minimize operational disruption. 

5.4 Automated and Semi-Automated Response Mechanisms 

Effective cybersecurity in pharmaceutical manufacturing requires rapid response capabilities while preserving 

human oversight for safety critical decisions. The proposed framework supports tiered response mechanisms that 

range from fully automated actions to semi-automated, analyst-approved interventions. 

Automated responses include actions such as network isolation of compromised devices, access revocation, and 

process throttling when high-confidence threats are detected (Cichonski et al., 2012). These responses are particularly 

valuable in containing fast-moving attacks such as ransomware propagation. Semi-automated responses, on the other 

hand, involve human validation before execution, ensuring compliance with operational safety requirements and 

regulatory constraints. 

All response actions are logged and contextualized within the compliance layer, ensuring traceability and post-incident 

analysis. This design aligns with secure software development and incident response best practices outlined in NIST SP 

800-61 and SP 800-218 (Souppaya et al., 2022). 

5.5 Integration with Compliance and Audit Systems 

A distinguishing feature of the proposed framework is its native integration with compliance and audit 

systems, which is essential in regulated medical and pharmaceutical environments. Rather than treating 

compliance as an after-the-fact documentation exercise, the framework embeds regulatory awareness directly into 

cybersecurity operations. 

Security events, AI decisions, and response actions are continuously recorded in tamper- evident audit logs that 

support regulatory inspections, internal audits, and forensic investigations (Keatley, 2000; Park, 2026). The 

framework aligns with regulatory requirements such as 21 CFR Part 11 by ensuring data integrity, access control, 

and traceability for electronic records (Sharma et al., 2025). 

This integration also facilitates alignment with international standards, including ISO 27001, ISO 14971, and IEC 62443, 

enabling organizations to demonstrate compliance while maintaining robust cybersecurity postures (Villa-Gallón et 

al., 2024; Drake C Lamb, 2025). 
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Figure 3. AI-Based Cybersecurity Lifecycle in Manufacturing Ecosystems 

Rationale: This figure illustrates the adaptive and self-improving nature of the framework, highlighting how learning 

feedback loops enhance long-term resilience against evolving cyber threats. 

6. RESULTS AND ANALYSIS 

This section evaluates the proposed AI-enabled cybersecurity framework through conceptual validation using 

realistic threat scenarios and a comparative analysis against traditional cybersecurity approaches. 

Rather than relying on proprietary or sensitive industrial datasets, which are often inaccessible in regulated medical 

and pharmaceutical environments, the evaluation adopts a scenario-based and metrics- driven approach 

consistent with prior cybersecurity and industrial control system research (Chandola et al., 2009; Sommer C Paxson, 2010; 

Stouffer et al., 2023). The analysis focuses on detection capability, response efficiency, and operational resilience. 

6.1 Conceptual Validation Using Real-World Threat Scenarios 

To validate the practical relevance of the proposed framework, representative cyber threat scenarios commonly reported in 

medical and pharmaceutical manufacturing ecosystems were examined. These scenarios were derived from 

documented healthcare cyber incidents, industrial control system attack studies, and MITRE ATTCCK for ICS 

techniques (Al-Sada et al., 2024; Shahzadi et al., 2025; Stouffer et al., 2011). 

Scenario 1: Ransomware Propagation Across Manufacturing Networks 

In this scenario, a ransomware attack enters the manufacturing environment through a compromised endpoint, 

such as a vendor-maintained workstation connected to a manufacturing execution system. Traditional security 

systems relying on signature-based detection often fail to detect novel ransomware variants until encryption activity is 

well underway (Buczak C Guven, 2016). By contrast, the proposed AI-enabled framework identifies abnormal lateral 

movement and deviations in process communication patterns at an early stage using unsupervised anomaly detection 

techniques. This enables containment actions before operational disruption escalates. 

Scenario 2: Intellectual Property Exfiltration via Insider Threats 

Pharmaceutical manufacturing environments handle proprietary formulations and process parameters. Insider threats, 

whether malicious or negligent, pose significant risks that are difficult to detect using rule-based monitoring alone (Boyens 

et al., 2022). The AI-enabled framework continuously profiles user and system behavior, allowing it to detect subtle 

deviations in data access patterns and command sequences. This capability aligns with prior findings that 

behavioral analytics outperform static access controls in identifying insider-driven security incidents (Chandola et al., 

2009; Xin et al., 2018). 

Scenario 3: Manipulation of Industrial Control Signals 

Attacks targeting programmable logic controllers or supervisory control systems can alter process variables, leading to 



Journal of Information Systems Engineering and Management 
2024, 9(4s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 

 

 

 

 3787 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

product quality degradation or safety hazards (Mathur C Tippenhauer, 2016; Kim et al., 2024). In this scenario, the 

proposed framework correlates network-level anomalies with process-level inconsistencies, enabling early detection of 

stealthy manipulation attempts. Such cross-layer analysis is difficult to achieve with traditional siloed security tools 

and represents a key advantage of AI-driven approaches. 

Across these scenarios, the conceptual validation demonstrates that the proposed framework improves situational 

awareness, early threat detection, and decision support, particularly in environments characterized by complex 

cyber-physical interactions. 

6.2 Comparative Analysis with Traditional Cybersecurity Approaches 

A comparative evaluation was conducted to assess how the proposed AI-enabled framework performs relative to 

conventional cybersecurity methods typically deployed in medical and pharmaceutical manufacturing environments. 

Traditional approaches often rely on perimeter defenses, static rules, and signature-based intrusion detection systems 

(Sommer C Paxson, 2010; Stouffer et al., 2011). While these methods remain valuable, their effectiveness is limited in 

detecting zero-day attacks, advanced persistent threats, and low- and-slow intrusions. 

Table 3 summarizes the comparative analysis across key evaluation criteria relevant to regulated 

manufacturing environments. 

Criterion Traditional methods AI-enabled 

framework 

Observed improvement 

Threat detection approach Signature-based and 

rule-driven 

Behavioral and

 anomaly- 

based 

Improved detection of novel and 

zero-day threats 

Adaptability to evolving 

threats 

Limited, manual updates 

required 

Continuous learning and 

model adaptation 

Faster response to emerging attack 

patterns 

False positive rate High in complex OT 

environments 

Reduced through 

contextual 

analysis 

Lower alert fatigue for security 

teams 

Response time Reactive and often 

delayed 

Predictive and near real-

time 

Faster containment and mitigation 

Visibility across IT and OT Fragmented monitoring Integrated

 cross

-layer 

visibility 

Improved situational awareness 

Scalability Constrained by manual 

tuning 

Scalable through 

automated 

learning 

Better support for large 

manufacturing ecosystems 

 

The comparative analysis indicates that the AI-enabled framework provides measurable advantages in adaptability, 

accuracy, and operational efficiency. These findings are consistent with prior research demonstrating the limitations of 

static detection mechanisms in dynamic industrial environments (Aslam et al., 2025; Sikder et al., 2023). 

6.3 Performance Implications for Detection Accuracy and Response Time 

The performance implications of adopting an AI-enabled cybersecurity framework are assessed using commonly 

reported cybersecurity metrics, including detection accuracy, false positive reduction, and response time. 

Although precise numerical values depend on deployment context and dataset characteristics, relative performance 

trends can be inferred from existing empirical studies and industrial testbeds (Sommer C Paxson, 2010; Xin et al., 2018; 

Kim et al., 2024). 

❖ Detection Accuracy: AI-driven models consistently demonstrate higher detection accuracy 

compared to traditional methods, particularly for previously unseen attacks. By learning normal operational 
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patterns, the framework identifies subtle anomalies that signature-based systems often miss. This aligns with findings 

from industrial anomaly detection research, which show improved detection rates in complex control systems when 

machine learning techniques are applied (Chandola et al., 2009; Aslam et al., 2025). 

❖ False Positive Reduction: High false positive rates are a well-known challenge in 

industrial cybersecurity, leading to alert fatigue and delayed responses (Sommer C Paxson, 2010). The proposed 

framework reduces false positives by correlating network behavior with process-level data and historical context. 

This multi- dimensional analysis enables more precise threat classification and prioritization. 

❖ Response Time: Traditional cybersecurity responses are often reactive, requiring manual 

investigation and rule updates. In contrast, the AI-enabled framework supports near real-time decision-making by 

combining predictive analytics with automated or semi-automated response mechanisms. This significantly 

shortens the time between threat detection and mitigation, which is critical in environments where operational 

downtime and safety risks must be minimized (Stouffer et al., 2023). 

 

Figure 4. Comparative Improvement in Cybersecurity Performance Metrics 

This bar chart compares traditional cybersecurity approaches with the proposed AI-enabled framework across key 

performance metrics. The AI-enabled framework demonstrates higher detection accuracy, substantial reduction in 

false positives, and significantly improved response time, highlighting its effectiveness in securing medical and 

pharmaceutical manufacturing ecosystems. 

Overall, the results and analysis demonstrate that the proposed AI-enabled cybersecurity framework offers 

substantial conceptual and comparative advantages over traditional approaches. By enhancing detection 

accuracy, reducing false positives, and accelerating response times, the framework addresses critical security and 

operational challenges in medical and pharmaceutical manufacturing ecosystems. These findings provide a strong 

foundation for the subsequent discussion of implications, limitations, and future research directions. 

7. DISCUSSION 

This section interprets the implications of the proposed AI-enabled cybersecurity framework and situates its contribution 

within the broader landscape of cybersecurity research and practice for medical and pharmaceutical manufacturing 

ecosystems. The discussion emphasizes how the framework addresses operational realities, aligns with established 

standards and regulations, advances prior academic and industry work, and responds to concerns around 

interpretability, trust, and governance in high-stakes environments. 

7.1 Security and Operational Implications 

The proposed framework demonstrates significant implications for both cybersecurity posture and operational 

continuity in medical and pharmaceutical manufacturing environments. Unlike traditional perimeter-based or rule-
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driven security approaches, the AI- enabled framework introduces adaptive, context-aware protection that is better suited 

to the dynamic and heterogeneous nature of modern manufacturing ecosystems. These environments combine 

legacy industrial control systems, connected medical devices, manufacturing execution systems, and enterprise IT 

platforms, each with distinct risk profiles and availability requirements (Stouffer et al., 2011; Stouffer et al., 2023). 

From a security perspective, the integration of anomaly detection and predictive analytics enables earlier identification of 

abnormal behavior that may indicate cyber intrusions, insider threats, or supply-chain compromises. This 

capability is particularly critical in pharmaceutical manufacturing, where cyber incidents can disrupt production 

processes, compromise intellectual property, or introduce risks to product integrity and patient safety (Boyens et al., 2022; 

Shahzadi et al., 2025). By shifting from reactive incident response to proactive risk anticipation, the framework reduces 

dwell time and limits the cascading effects of cyber attacks across interconnected systems. 

Operationally, the framework is designed to minimize disruption to time-sensitive and safety-critical 

manufacturing processes. Automated or semi-automated response mechanisms are scoped to the severity and 

confidence level of detected threats, allowing human oversight where necessary. This approach helps balance security 

enforcement with operational resilience, addressing a key concern in industrial and healthcare settings where excessive false 

positives or aggressive isolation strategies can be as damaging as the attacks themselves (Sommer C Paxson, 2010; Kim et al., 

2024). As a result, the framework supports continuity of operations while enhancing overall cyber resilience. 

7.2 Alignment with Existing Standards and Regulations 

A central strength of the proposed framework is its explicit alignment with widely recognized cybersecurity standards and 

regulatory requirements governing medical and pharmaceutical systems. The architectural principles are consistent 

with Zero Trust concepts, emphasizing continuous verification, least-privilege access, and segmentation across IT and 

operational technology domains (Rose et al., 2020; Chandramouli C Butcher, 2023). This alignment ensures that AI-

driven security functions are embedded within accepted security models rather than operating as standalone or 

opaque mechanisms. 

The framework also maps effectively to NIST guidance for industrial control systems and operational technology 

security, particularly with respect to risk management, continuous monitoring, and incident response (Stouffer et al., 2011; 

Stouffer et al., 2023). In regulated manufacturing contexts, such as pharmaceutical production, compliance with 

standards such as IEC 62443, ISO 14971, and EudraLex Annex 11 is essential. The framework’s layered design supports 

these requirements by incorporating auditability, traceability, and documented risk controls into its monitoring and 

response processes (European Commission, 2011; van Vroonhoven, 2020). 

In addition, the framework is compatible with healthcare-specific regulatory expectations, including FDA cybersecurity 

guidance for medical devices and electronic records under 21 CFR Part 11 (U.S. Food and Drug Administration, 2024; 

U.S. Food and Drug Administration, 2025). By integrating compliance monitoring and reporting into the cybersecurity 

lifecycle, the framework reduces the burden of post-hoc documentation and facilitates regulatory inspections and 

audits. This standards-aligned design enhances the practical viability of AI- enabled cybersecurity in highly regulated 

environments. 

7.3 Comparison with Prior Academic and Industry Studies 

Compared with prior academic research, the proposed framework extends existing work on machine learning and anomaly 

detection for cybersecurity by embedding these techniques within a holistic, system-level architecture tailored to 

medical and pharmaceutical manufacturing. Many studies focus on isolated detection algorithms or specific datasets, 

such as network traffic or sensor data, without addressing integration into operational decision-making or regulatory 

contexts (Chandola et al., 2009; Xin et al., 2018; Aslam et al., 2025). The present framework builds on these foundations by 

situating AI techniques within a structured lifecycle that includes risk assessment, response coordination, and continuous 

learning. 

In contrast to industry threat intelligence reports and security maturity models, which often emphasize descriptive analyses 

of attack trends, the framework provides a prescriptive and implementable design that links threat detection directly to 

operational and compliance outcomes (Al-Sada et al., 2024; Lee et al., 2023). This distinction is important for 
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manufacturing organizations that require actionable guidance rather than high-level awareness. Furthermore, while 

traditional industrial security frameworks rely heavily on static rules and manual configuration, the proposed approach 

leverages adaptive learning to address evolving threat landscapes and system configurations (Biggio C Roli, 2018; Rudin, 

2019). 

The framework also advances the emerging literature on Pharma 4.0 and digital manufacturing security by explicitly 

addressing the cybersecurity implications of increased automation, data integration, and platform convergence (Phiri et 

al., 2025). By bridging insights from cybersecurity, industrial engineering, and regulatory compliance, the 

framework contributes a multidisciplinary perspective that is often lacking in siloed academic or industry studies. 

7.4 Interpretability, Trust, and Governance Considerations 

Despite the advantages of AI-enabled cybersecurity, interpretability and trust remain critical concerns in medical and 

pharmaceutical manufacturing contexts. Decisions related to threat classification, system isolation, or process 

interruption can have significant safety, financial, and regulatory consequences. Black-box AI models that cannot be 

adequately explained may undermine stakeholder confidence and hinder adoption, particularly in environments 

subject to strict oversight (Rudin, 2019). 

The proposed framework addresses these concerns by emphasizing interpretable and auditable AI components, as 

well as clear human-in-the-loop mechanisms for high-impact decisions. Risk scores, alerts, and recommended actions 

are designed to be traceable to underlying data features and model logic, supporting transparency and post-incident 

analysis. This approach aligns with emerging guidance on responsible and trustworthy AI, including the NIST Artificial 

Intelligence Risk Management Framework (Tabassi, 2023). 

Governance considerations are also integral to the framework’s design. Clear accountability structures, role definitions, and 

documentation practices are necessary to ensure that AI- driven security functions operate within organizational and 

regulatory boundaries. By integrating governance controls into the cybersecurity lifecycle, the framework supports 

ethical use, data protection, and continuous oversight, addressing privacy and compliance concerns in healthcare and 

pharmaceutical settings (Haufe, 2025; Park, 2026). 

8. POLICY AND PRACTICAL IMPLICATIONS 

The adoption of AI-enabled cybersecurity frameworks in medical and pharmaceutical manufacturing ecosystems has 

implications that extend beyond technical performance into policy formulation, regulatory compliance, operational 

governance, and strategic investment. Unlike conventional cybersecurity tools, AI-driven approaches influence how 

organizations anticipate threats, allocate resources, and demonstrate compliance in highly regulated environments. This 

section translates the proposed framework into actionable insights for key stakeholders, including manufacturers, 

healthcare providers, regulators, and policymakers. 

8.1 Implications for Pharmaceutical Manufacturers 

Pharmaceutical manufacturers operate complex cyber-physical production environments that integrate industrial 

control systems, manufacturing execution systems, enterprise resource planning platforms, and increasingly, IIoT-

enabled devices. The proposed AI- enabled cybersecurity framework offers manufacturers a shift from reactive 

security postures toward predictive and adaptive risk management, which is particularly critical given the high 

economic and public health consequences of production disruptions and intellectual property theft (Phiri et al., 2025; 

Stouffer et al., 2023). 

From an operational perspective, AI-driven anomaly detection enables earlier identification of deviations in process 

behavior, network traffic, and device communications that may indicate cyber intrusions or insider threats (Kim et al., 

2024; Chandola et al., 2009). This capability supports manufacturing continuity by reducing downtime and 

preventing cascading failures across production lines. In addition, predictive risk scoring allows manufacturers to 

prioritize security interventions based on potential impact on product quality, safety, and regulatory compliance rather 

than on generic threat severity metrics (Aslam et al., 2025). 

From a governance standpoint, the framework supports alignment with Good Manufacturing Practice requirements and 

computerized system validation obligations by embedding continuous monitoring and auditability into 
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cybersecurity operations (European Commission, 2011; Sharma et al., 2025). AI-supported logging, traceability, and 

automated reporting can strengthen evidence generation for regulatory inspections and internal quality audits. As 

pharmaceutical organizations increasingly pursue Pharma 4.0 strategies, integrating AI-enabled cybersecurity 

becomes a foundational enabler rather than an optional add-on (Phiri et al., 2025). 

8.2 Implications for Hospitals and Medical Device Producers 

Hospitals and medical device producers face a distinct but related set of cybersecurity challenges characterized by 

heterogeneous device ecosystems, legacy systems, and direct patient safety implications. The proposed framework 

offers a structured approach to managing cyber risk across connected medical devices, clinical networks, and 

production environments by emphasizing continuous threat detection and rapid response (Li et al., 2025; Shahzadi et 

al., 2025). 

For hospitals, AI-enabled cybersecurity supports improved resilience against ransomware and service disruption 

attacks, which have become increasingly prevalent in healthcare settings (Shahzadi et al., 2025). Anomaly detection 

applied to network traffic and device behavior can identify lateral movement and command-and-control activities 

earlier than signature-based systems, thereby reducing the likelihood of widespread system outages (Sommer C 

Paxson, 2010). This has direct implications for patient safety, continuity of care, and institutional reputation. 

For medical device manufacturers, the framework aligns with regulatory expectations for secure-by-design and lifecycle-

based cybersecurity management. By integrating AI-driven monitoring into device development and post-market 

surveillance, manufacturers can better meet FDA cybersecurity guidance and international standards related to 

medical device risk management (U.S. Food and Drug Administration, 2025; van Vroonhoven, 2020). Importantly, the 

framework supports post-deployment vulnerability detection and coordinated response, which are increasingly 

emphasized by regulators as devices remain connected throughout their operational lifecycles. 

8.3 Guidance for Regulators and Standards Bodies 

Regulators and standards bodies play a critical role in shaping the adoption of AI-enabled cybersecurity by defining 

acceptable practices, compliance benchmarks, and accountability mechanisms. The proposed framework provides 

regulators with a reference architecture that demonstrates how AI can be systematically integrated into cybersecurity 

governance while remaining aligned with established standards such as Zero Trust Architecture, supply-chain risk 

management, and operational technology security (Rose et al., 2020; Boyens et al., 2022; Stouffer et al., 2023). 

From a policy perspective, the framework highlights the need for regulatory guidance that acknowledges adaptive and 

learning-based security mechanisms rather than relying exclusively on static controls. This aligns with emerging 

cybersecurity governance models that emphasize resilience, continuous assessment, and risk-based decision-

making, as reflected in the NIST Cybersecurity Framework 2.0 and the AI Risk Management Framework (National 

Institute of Standards and Technology, 2024; Tabassi, 2023). Regulators may leverage such frameworks to update 

compliance requirements and assessment methodologies to better reflect modern threat environments. 

Standards bodies may also use insights from the framework to refine sector-specific cybersecurity standards, 

particularly for industrial automation and medical technologies. Incorporating AI-related considerations such as 

model governance, explainability, and robustness into standards like IEC 62443 and ISO-based healthcare security 

guidance can help ensure that AI adoption enhances rather than undermines trust and safety (Drake C Lamb, 2025; 

Villa-Gallón et al., 2024). 

8.4 Cost, Scalability, and Adoption Challenges 

Despite its potential benefits, the implementation of AI-enabled cybersecurity frameworks presents practical challenges 

related to cost, scalability, and organizational readiness. Initial deployment costs may be significant, particularly for 

small and medium-sized manufacturers and healthcare providers with limited cybersecurity budgets. Expenses 

associated with data infrastructure, model development, and skilled personnel can act as barriers to adoption (Sarker, 

2021). 

Scalability remains a critical concern in environments characterized by heterogeneous systems and legacy 

infrastructure. Integrating AI-driven analytics across diverse OT and IT platforms requires careful system design and 
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interoperability planning to avoid introducing new vulnerabilities or operational bottlenecks (Stouffer et al., 2011; Souppaya 

et al., 2022). Furthermore, ensuring consistent performance across geographically distributed facilities and supply-chain 

partners poses additional technical and governance challenges. 

Organizational adoption also depends on trust in AI-based decision-making. Concerns regarding model 

transparency, explainability, and accountability may limit acceptance among operators, auditors, and regulators, 

particularly in safety-critical contexts (Rudin, 2019). Addressing these concerns requires complementary investments 

in explainable AI techniques, human-in-the-loop oversight, and clear governance structures. Without such measures, 

the practical benefits of AI-enabled cybersecurity may be constrained by resistance to change and regulatory 

uncertainty. 

G. Limitations and Future Research Directions 

Despite the conceptual rigor and practical relevance of the proposed AI-enabled cybersecurity framework, several 

limitations should be acknowledged. Recognizing these constraints is essential for accurate interpretation of the 

findings and for guiding future research aimed at strengthening cybersecurity resilience in medical and 

pharmaceutical manufacturing ecosystems. 

G.1 Data Availability and Quality Constraints 

One of the primary limitations of AI-driven cybersecurity solutions lies in the availability, completeness, and reliability 

of data used for model training and validation. Medical and pharmaceutical manufacturing environments generate 

heterogeneous data streams from IT systems, industrial control systems, sensors, and connected medical devices. 

However, such data are often fragmented across organizational silos, subject to strict regulatory controls, or limited 

by proprietary constraints, which can restrict access for cybersecurity analytics (Stouffer et al., 2023; FDA, 2025). 

In addition, cybersecurity datasets in industrial and healthcare contexts frequently suffer from class imbalance, 

incomplete labeling, and limited representation of rare but high- impact attack scenarios, such as advanced persistent 

threats or supply-chain compromises (Chandola et al., 2009; Buczak C Guven, 2016). These issues can degrade model 

performance, increase false positives, and reduce trust in automated decision-making systems. Future research 

should prioritize the development of standardized, privacy- preserving data-sharing mechanisms and synthetic data 

generation techniques that enhance model robustness while maintaining regulatory compliance (Souppaya et al., 2022; 

Tabassi, 2023). 

G.2 Generalizability Across Manufacturing Contexts 

Another limitation concerns the generalizability of the proposed framework across diverse medical and pharmaceutical 

manufacturing contexts. Manufacturing environments vary widely in terms of scale, process complexity, automation 

maturity, regulatory requirements, and threat exposure. AI models trained on data from a specific facility, production line, 

or regional context may not perform optimally when deployed in different operational settings without retraining or 

adaptation (Sommer C Paxson, 2010; Xin et al., 2018). 

Furthermore, legacy systems and heterogeneous industrial protocols remain prevalent in pharmaceutical and medical 

manufacturing, creating challenges for uniform AI integration and security enforcement (Stouffer et al., 2011; Drake C 

Lamb, 2025). While the framework is designed to be modular and standards-aligned, empirical validation across multiple 

real-world manufacturing scenarios is still required. Future studies should focus on cross-site evaluations, transfer 

learning approaches, and adaptive model architectures that enhance portability and scalability across varied 

manufacturing ecosystems (Aslam et al., 2025; Kim et al., 2024). 

G.3 Integration with Real-Time Monitoring and Digital Twins 

The proposed framework primarily emphasizes AI-enabled threat detection, prediction, and response based on historical and 

near-real-time data streams. However, full integration with real-time monitoring infrastructures and digital twin technologies 

remains an open research challenge. Digital twins of manufacturing systems offer significant potential for simulating 

cyber-physical interactions, forecasting attack impacts, and evaluating response strategies under controlled conditions (Lee 

et al., 2023; Phiri et al., 2025). 
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Implementing such integrations requires high-fidelity system models, low-latency data pipelines, and robust 

synchronization between physical assets and their digital counterparts. These requirements introduce technical 

complexity and computational overhead, which may limit adoption in resource-constrained environments. Future 

research should investigate lightweight digital twin architectures and real-time analytics frameworks that can complement 

AI-enabled cybersecurity without disrupting critical manufacturing operations or regulatory compliance (Taormina et al., 

2018; Sikder et al., 2023). 

G.4 Future Work on Explainable and Robust AI 

While AI techniques offer significant advantages in detecting complex and evolving cyber threats, their opacity and 

vulnerability to adversarial manipulation remain critical concerns, particularly in safety-critical and highly regulated 

domains. Black-box decision-making can undermine trust among operators, auditors, and regulators, limiting the 

practical adoption of AI-enabled cybersecurity solutions (Rudin, 2019; Biggio C Roli, 2018). 

Future research should therefore emphasize explainable artificial intelligence approaches that provide transparent, 

interpretable, and auditable security decisions. In parallel, greater attention is needed on robustness against adversarial 

attacks, data poisoning, and model evasion techniques that specifically target AI-based security systems (Carlini C 

Wagner, 2017; Goodfellow et al., 2015). Aligning these advances with emerging governance frameworks, such as the 

NIST AI Risk Management Framework, will be essential for ensuring that AI-enabled cybersecurity systems are not only 

effective, but also trustworthy and compliant with ethical and regulatory expectations (Tabassi, 2023). 

10. CONCLUSION 

10.1 Summary of Contributions 

This study has presented a comprehensive AI-enabled cybersecurity framework tailored to the unique requirements of 

medical and pharmaceutical manufacturing ecosystems. By integrating artificial intelligence techniques with 

established cybersecurity principles, industrial control system protections, and regulatory considerations, the 

framework addresses critical gaps in traditional security approaches. The proposed architecture supports proactive 

threat detection, predictive risk assessment, and coordinated response mechanisms across converged IT, OT, and IIoT 

environments. 

Through a structured analysis of the threat landscape and a comparative evaluation against conventional cybersecurity 

methods, the study demonstrates how AI-driven solutions can enhance detection accuracy, reduce response times, and 

improve overall system resilience in safety-critical manufacturing contexts. 

10.2 Strategic Importance of AI-Enabled Cybersecurity 

The strategic importance of AI-enabled cybersecurity in medical and pharmaceutical manufacturing extends beyond 

technical risk mitigation. Cyber incidents in these sectors have direct implications for patient safety, product integrity, 

intellectual property protection, and regulatory compliance. As manufacturing systems become increasingly digitalized and 

interconnected, static and rule-based security controls are no longer sufficient to counter sophisticated and adaptive 

cyber threats (Al-Sada et al., 2024; Shahzadi et al., 2025). 

AI-enabled cybersecurity offers a pathway toward resilient, adaptive, and intelligence-driven defense mechanisms that align 

with modern manufacturing paradigms, including Pharma 

4.0 and smart healthcare production. When combined with standards such as Zero Trust Architecture and international 

cybersecurity frameworks, AI-driven approaches can support long-term operational continuity and regulatory confidence 

(Rose et al., 2020; NIST, 2024). 

10.3 Final Remarks 

In conclusion, AI-enabled cybersecurity represents a critical enabler for securing the future of medical and pharmaceutical 

manufacturing ecosystems. While challenges related to data quality, generalizability, system integration, and model 

transparency remain, the framework proposed in this study provides a structured foundation for advancing both 

research and practice in this domain. Continued interdisciplinary collaboration among cybersecurity experts, AI 

researchers, manufacturers, and regulators will be essential to realize the full potential of intelligent, secure, and 
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trustworthy manufacturing systems in an increasingly complex threat landscape. 
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