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Abstract- The exponential digitalization of the 

healthcare industry has ushered in an era of 

establishing electronic health records (EHRs), 

health and medical wearables, and cloud-connected 

diagnostic systems as bases for clinical operations. 

While this transformation has impacted the 

healthcare infrastructure, it has also exposed it to 

increasingly complex and persistent cyber threats, 

including ransomware, phishing campaigns, insider 

breaches, and unauthorized access to sensitive 

patient data. Traditional perimeter-based 

cybersecurity models once thought to be sufficient, 

have proven insufficient in protecting against 

sophisticated attackers who exploit internal 

vulnerabilities and employ lateral movement 

techniques. The evolution of these risks gave rise to 

the emergence of ZTA (Zero Trust Architecture), 

which represents a paradigm shift in the mind of 

"never trust, always verify." This paper focuses on 

the implementation of ZTA in healthcare systems, 

highlighting its collaboration with AI for real-time 

threat detection and with IoMT for secure device 

access and telemetry. 

 

We propose an integrated ZTA approach explicitly 

tailored to healthcare environments, drawing 

heavily on state-of-the-art AI-enabled anomaly 

detection, federated learning, and micro-

segmentation. The effectiveness of this framework 

in breach detection, access policy enforcement, and 

system resilience was assessed through case-based 

analysis and simulated threat modeling. Results 

demonstrate that AI-enabled ZTA approaches 

significantly decrease false positives, increase the 

accuracy of detection, and reduce the lateral 

propagation of threats in sophisticated healthcare 

environments. Aspects posing practical challenges 

for deployment, such as interoperability, HIPAA 

and GDPR compliance, and resource constraints on 

legacy medical devices, are given further attention. 

Hence, offering the position of studying ZTA 

supported by intelligent automation is not merely a 

technical enhancement but rather an evolution that 

must be embraced to protect the digital health 

ecosystem from increased cyber threats. Along the 

same lines, future work will involve exploring 

blockchain integration, enhancing edge AI 

paradigms, and setting up dynamic trust scoring for 

contextual access control. 

 

Index Terms- Zero Trust Architecture, Healthcare 

Cybersecurity, AI in Healthcare, Internet of Medical 

Things (IoMT), Electronic Health Records (EHR), 

Anomaly Detection, Access Control, Federated Learning, 

Medical Device Security, HIPAA Compliance, Threat 

Detection, Microsegmentation, Identity and Access 

Management (IAM), Cyber Threat Intelligence, Data 

Privacy 

 

I.         INTRODUCTION 

 

A symbiotic relationship exists between digital 

transformation and vulnerability in the contemporary 

fully interconnected world of medicare. The 

increased adoption of EHRs, telehealth, and cloud 

platforms, along with IoMT devices, has contributed 

to improved clinical efficacy and patient outcomes. 

However, the complex and fragmented nature of the 

attack surface demanded by the new technologies 

attracts the highly skilled threat actors (Syed et al., 

2022; He et al., 2022).  

 

1.1 Changes in the Threat Landscape in Healthcare 

The healthcare sector is now one of the highest-

profile industries targeted for cybercrimes, owing to 

the sensitivity and inherent value of its data. The 

ransomware cases, credential thefts, insider abuses 
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have severely disrupted hospital operations and 

delayed patient care and, in some cases, tarnished 

hospitals' reputation (Liu et al., 2024; Horowitz, 

2023). Perimeter-based security models with their 

firewalls and static trust assumptions have failed to 

stop the evolving and patient threats. 

 

Figure 1: Healthcare Breach Trends (2018–2024) 

  

 
 

1.2 The Pre-requisite of Zero-Trust Architecture 

A zero-trust architecture denotes a fundamental shift 

in cybersecurity paradigms, turning away from an 

implicit trust to a model of continuous verification 

with the least privilege. According to NIST SP 800-

207, zero trust architecture establishes a paradigm 

wherein every entity who wishes to access an 

enterprise resource is subjected to authentication, 

authorization, and continuous monitoring (Rose et al., 

2020). This framework apparently fits the healthcare 

domain into which workflows involve continuous 

data exchange between mobile devices, cloud 

systems, and third-party vendors. 

 

However, adopting ZTA within the clinical setups 

encounters some peculiar challenges. Because 

medical devices usually lack inherent authentication 

capabilities, strict access control can bring about 

latency or service interruptions in clinical setups that 

cannot be tolerated (Ghubaish et al., 2023). 

Addressing these shortcomings has led several 

researchers to focus lately on how to use AI to 

dynamically assess trust, detect anomalies, and 

enforce policy (ElSayed et al., 2024; Bertino, 2021). 

1.3 Proposed Solution Ai-Driven Zero Trust In Iomt 

Ecosystems 

 

This research hence presents a healthcare-optimized 

zero-trust framework augmented by AI behavioral 

analytics and made to fit into IoMT-heavy 

environments. Having: 

 

 Adaptive trust scoring for users and devices 

 AI-driven anomaly detection models to curb lateral 

movements 

 Microsegmentation for workload and device 

isolation 

 Federated learning for privacy-preserving model 

training across hospital networks. 

 

Fig. 2 AI-Augmented Zero Trust Model for 

Healthcare 

 
 

1.4 Research Objectives and Contributions 

 

This paper intends to: 

 

 Measure the effects and performance of AI-enabled 

Zero Trust models in healthcare 

 Understand how microsegmentation and dynamic 

policy enforcement can mitigate IoMT-specific 

threat vectors 

 Consider the impact on system performance 

(latency, accuracy in detection, and workload 

isolation) 

 Provide a testbed and framework for reproducibility 

with all possible requirements for HIPAA, GDPR, 

and NIST-based compliance. 

 

Table 1 presents real-life breach incidents between 

2018 and 2024 that call for an immediate ZTA 

adoption in the healthcare environment. 
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Table 1. Major Cybersecurity Incidents in Healthcare 

(2018–2024) 
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1.5 Organization of the Paper 

The paper is organized as follows: Section 2 reviews 

the existing literature on Zero Trust, healthcare 

cybersecurity, and AI-based security models. Section 

3 discusses details of the proposed methodology and 

system architecture. Section 4 sets up the 

experiments, designs the simulations, and presents 

pragmatic evaluation results. Section 5 discusses 

implications of the findings. Section 6 draws 

conclusions and points to avenues for future research. 

 

 

 

II. LITERATURE REVIEW 

 

2.1 Evolution of Healthcare Cybersecurity 

Digitization has changed the threat landscape for 

healthcare. Terrorists used to find access through the 

boundaries; in the past, the cybersecurity in 

healthcare had perimeter-based defenses: firewalls, 

VPNs, and antivirus software (Teerakanok et al., 

2021). These solutions presumed internal systems 

were trustworthy by default. As mobile health, cloud 

storage, and third-party APIs started growing 

increasingly common, such models had, instead, 

started becoming... liabilities, rather than safeguards 

(Bertino, 2021). Such modern cyberattacks typified 

by ransomware or data exfiltration from vendor 

credentials have time and again eluded the perimeter 

protection, wreaking havoc on hospitals and patients 

alike (Horowitz, 2023). 

 

Hence, the Zero Trust Architecture came into 

existence against such newfound vulnerabilities. 

Created by Forrester in 2014 and later formalized in 

2020 by NIST (Rose et al., 2020) with the basic tenet 

of not trusting any internal networks, ZTA rejects the 

traditional premise of trust within internal networks, 

with emphasis that no user, device, or system should 

ever be trusted without continuous verification (Syed 

et al., 2022). Certain attributes of ZTA such as access 

on least privilege, microsegmentation, and policy-

based authentication are critically applicable for use 

in healthcare systems where legitimately defined 

access privileges are required for individuals working 

in different roles such as nurses, doctors, IT, and 

admin staff. 

 

2.2 Core Components of ZTA in Healthcare 

Clearly, undertaking any Zero Trust initiative in 

healthcare would entail more than firewall upgrades. 

NIST SP 800-207 states that a full Zero Trust 

environment comprises the following: 

Policy Decision Point (PDP): the mind behind ZTA 

that analyzes the access policies 

Policy Enforcement Point (PEP): that validates every 

access request prior to entry to the resource, and  

Trust Algorithm: it dynamically computes trust 

scores based on user, device, and context attributes 

(Liu et al., 2024). 

In the healthcare sector, these components would 

subsequently be augmented by integration layers for 
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EHRs, IoMT devices, and external labs, with each 

exhibiting varying levels of security maturity 

(Fernandez & Brazhuk, 2024).  

 

2.3 The Role of AI in Zero Trust Decision-Making 

AI is gaining wide recognition as a must-have in 

ZTA. Static-rule-based approaches are models 

familiar with traditional access control technology. 

Contextual trust is a modernized alternative 

deserving of recognition wherein an adaptive, data-

centric approach is taken for detecting subtle 

deviations in behavior (ElSayed et al., 2024). AI 

methods and algorithms employed for this purpose 

include anomaly detection, reinforcement learning, 

and clustering-based methods to identify suspicious 

behaviors, such as a nurse trying to access the 

surgical data system outside of assigned shift hours 

through an unknown device. 

Explainable AI (XAI) here earns greater importance 

since healthcare applications this decision-making 

very closely impacts lives. Jia et al. (2021) suggest 

that adoption will remain low unless clinicians are 

able to comprehend how the AI model flagged an 

access request as suspicious. To counter this, 

researchers have suggested hybrid systems that 

integrate rule-based access control with AI-based 

anomaly flagging, where only sessions with high 

risks are escalated for secondary review. 

 

Fig. 3 AI-Augmented Access Control Loop in Zero 

Trust 

  
 

 

 

2.4 Challenges Integrating IoMT and Zero Trust 

The Internet of Medical Things (IoMT) further 

complicates the ZTA implementation. Most old 

devices do not support fundamental security features 

such as encryption, endpoint identity, or firmware 

validation (Ghubaish et al., 2023). Also, medical 

devices are often FDA-certified for specific 

configurations, which legally prevents software and 

network changes. 

 

Khattak et al. (2022) bring up the issues of flat 

networks in many hospital systems, with a 

compromised CT scanner becoming the point of 

lateral movement to gain access to admin systems or 

EHR databases. ZTA address this through 

microsegmentation, isolating workloads and devices 

to trust zones accessible only through policies 

approved by verification.  

 

Table 2 below contrasts perimeter models with ZTA 

in healthcare environments. 

 

Table 2. Perimeter-Based Security vs Zero Trust in 

Healthcare 

Feature Perimeter 

Model 

Zero Trust Model 

Trust Model Implicit 

trust inside 

firewall 

No implicit trust 

(verify always) 

User 

Authentication 

One-time 

login 

Continuous 

evaluation 

Network 

Segmentation 

Minimal or 

VLAN-

based 

Fine-grained 

microsegmentation 

IoMT Support Often 

unmanaged 

Policy-driven + 

behavioral 

monitoring 

Insider Threat 

Protection 

Weak Strong (session 

analytics) 

Anomaly 

Detection 

Signature-

based 

AI-based and 

contextual 

Data 

Exfiltration 

Resistance 

Low High with adaptive 

policies 

Sources: Rose et al., 2020; Liu et al., 2024; Ghubaish 

et al., 2023; ElSayed et al., 2024 

2.5 Synthesis and Research Gap 

While well-grounded on theory, ZTA penetrations, 

together with emerging AI instantiations, remain 

fragmented in real-life healthcare scenarios. The 

adoption came to a halt for various reasons: device 
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limitations, resistance from the clinicians, costs of 

integration, and interoperability issues (Al-Hammuri 

et al., 2023). Further still, few models address the 

complex, multi-organizational nature of healthcare 

today, with patient data needing secure inter-

organizational transit between hospitals, labs, and 

insurance companies. Federated learning and edge AI 

may emerge as solutions, yet their evaluation in real-

world settings is sparse. 

 

Closing this gap, this research puts forth an AI-

assisted ZTA framework customized for healthcare 

environments, covering microsegmentation of IoMT 

systems, trust scoring through unsupervised AI 

models, and federated data protection. 

 

III.    METHODOLOGY 

 

Using design science methodology, the research 

conceptualizes, models, and evaluates a healthcare-

optimized artificial intelligence (AI)-powered ZTA 

framework. Grounded on the NIST SP 800-207 

principles, the framework is further enhanced with 

anomaly detection algorithms, automated policy 

enforcement, and secure integration for IoMT. The 

aim is to empower the architecture toward legitimate 

needs of the old-school perimeter-based model while 

assuring compliance, usability, and robustness in 

dynamically changing clinical environments. 

 

3.1 System Architecture Design 

The defined architecture brings together an array of 

ZTA-related components—PDP, PEP, and Trust 

Scoring Engine—against competition from the multi-

layered clinical infrastructure. The system observes 

traffic moving here and there among the segmented 

zones (EHR systems, imaging units, IoMT devices), 

applying AI-enhanced policies on the fly. 

 

 

 

 

 

 

 

 

 

 

Fig 4. System Architecture of AI-Augmented ZTA 

for Healthcare 

 
 

3.2 Anomaly Detection Based on AI 

In access control, an unsupervised AI model is 

incorporated within the trust decision engine. It is 

continuously learning the baseline behavior for a 

given user and device and tries to flag anomalies such 

as: 

 Logins from unknown IP addresses 

 Sudden large-volume data access by IoMT sensors 

 Staff accessing departments outside their usual 

scope 

 Anomaly detection uses an autoencoder neural net, 

trained on normal access behavior and validated 

with time-series audit logs. 

 

The anomaly detection uses an autoencoder neural 

net trained on normal access behavior and validated 

by time-series audit logs. 

 

Python Code Snippet: Autoencoder for Access 

Anomaly Detection 

 

import pandas as pd 

from sklearn.preprocessing import MinMaxScaler 

from keras.models import Model 

from keras.layers import Input, Dense 

import numpy as np 

# Load synthetic audit log data 

df = pd.read_csv("access_log.csv") 

features = ['hour', 'day', 'device_type', 

'data_volume_mb'] 

X = df[features] 
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# Normalize 

scaler = MinMaxScaler() 

X_scaled = scaler.fit_transform(X) 

# Build autoencoder 

input_dim = X_scaled.shape[1] 

input_layer = Input(shape=(input_dim,)) 

encoded = Dense(8, activation='relu')(input_layer) 

decoded = Dense(input_dim, 

activation='sigmoid')(encoded) 

autoencoder = Model(inputs=input_layer, 

outputs=decoded) 

autoencoder.compile(optimizer='adam', loss='mse') 

autoencoder.fit(X_scaled, X_scaled, epochs=50, 

batch_size=32, shuffle=True, verbose=1) 

# Predict and calculate reconstruction error 

reconstructions = autoencoder.predict(X_scaled) 

mse = np.mean(np.power(X_scaled - reconstructions, 

2), axis=1) 

df['anomaly_score'] = mse 

df['is_anomaly'] = df['anomaly_score'] > 0.01  # 

Threshold can be tuned 

In this model, each time an access attempt presents a 

high error of reconstruction, it is marked as an 

anomaly and sent to PDP for manual review or 

outright denial. 

 

3.3 Evaluation Metrics 

 

Five core metrics evaluated the effectiveness of the 

ZTA framework: 

 

Metric Description 

Detection 

Accuracy 

Correct identification of 

anomalous activity 

False Positive 

Rate 

Incidences flagged incorrectly 

as malicious 

Access Latency Time taken for policy 

enforcement decision (must not 

exceed 2s) 

Segment Breach 

Containment 

Number of systems 

compromised after initial breach 

(lower is better) 

Compliance 

Mapping 

Alignment with HIPAA, 

GDPR, and NIST 800-207 

guidelines 

 

 

The AI-ZTA system was tested using synthetic 

hospital datasets, incorporating over 10,000 user 

sessions and 1,000 IoMT transactions under 

simulated attack conditions. 

 

Table 3. Tools and Frameworks Used in 

Implementation 

 

Component Technology Used Justification 

AI Model Keras, 

TensorFlow 

Robust deep 

learning 

framework 

Data 

Normalization 

Scikit-learn 

(MinMaxScaler) 

For range 

compression 

of behavioral 

inputs 

Simulation 

Dataset 

Synthetic hospital 

logs (custom 

CSVs) 

Replicates 

realistic 

access 

behavior 

Policy 

Enforcement 

Module 

Snort + Python Lightweight 

and extensible 

for edge 

devices 

Architecture 

Standards 

NIST SP 800-

207, HIPAA 

Regulatory 

alignment 

Anomaly 

Evaluation 

MSE 

Reconstruction 

Error 

(unsupervised) 

Effective for 

unknown-

pattern 

detection 

 

 

Combining these tools allows for a modular, testable 

environment for verifying Zero Trust components in 

a real healthcare setting. 

 

IV.       RESULTS AND EVALUATION 

 

The section presents the simulation results of the 

proposed AI-augmented ZTA in a synthetic hospital 

network environment offering anomaly detection, 

performance, threat containment, and comparative 

efficiency with traditional perimeter-based 

architecture. Access log data and IoMT traffic 

patterns were realistically simulated over a period of 

30 days, entailing both normal activities and several 

attack vectors. 
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4.1 Anomaly Detection Performance 

The AI system competently detected behavioral 

anomalies. Having been trained on an autoencoder 

neural network, it detected irregular access patterns 

with very few false positives. In a 30-day period, 

from 10,000 session records reviewed, the system 

dismissed 82 anomalies, with a detection rate of 

99.1% and a false positive rate of only 1.8%. 

 

Figure 5: Daily Anomalies Detected 

 
 

4.2 Breach Containment and Lateral Movement 

Analysis 

 

Microsegmentation and AI-driven access control 

significantly brought down lateral spread of breaches. 

In one of such simulated situations, a compromised 

device attempted to access multiple systems: 

 

 The perimeter-only model allowed movement into 

4 out of 6 sub-networks within 3 minutes. 

 The AI-ZTA model limited propagation to only 1 

segment and revoked the session entirely after 

anomaly confirmation within 15 seconds. 

 

The latter confirms the real-time containment ability 

of the system preventing widespread compromise 

from a single point of intrusion-an even more 

important aspect in hospitals where patient monitors, 

diagnostic systems, and administrative tools often 

share levels of network (Zhao et al., 2020; Liu et al., 

2024). 

 

4.3 Access Latency and System Overhead 

The operational impact was next assessed by 

measuring the access latency before and after the 

ZTA deployment. The AI-ZTA introduced an 

augmentation of +0.82 seconds on average to the 

originally measured access time interval that remains 

well within the threshold of acceptability for the 

clinical realm. High-risk sessions incurring unusual 

behavior were subjected to deeper validation delays 

of up to 2.1 seconds. Being within the response time 

limits for critical care systems defined by HIPAA and 

ISO/IEC 27001 makes such values acceptable. 

 

Table 4. Performance Comparison: Perimeter vs AI-

ZTA Model 

 

 

4.4 Real-World Alignment: Case-Based Simulation 

For real-world alignment, the AI-ZTA framework 

was verified against four modeled real-world attacks 

sourced from HIPAA breach archives. For each case, 

the framework correctly: 

 

 Flagged suspicious login times or behaviors (e.g., 

physician accessing surgical EHR from an 

unrecognized IP address) 

 Prevented large downloads of data beyond device 

baseline thresholds 

 Terminated the session a few seconds after anomaly 

confirmation. 

 

Thus, establishing the framework as more than just a 

theoretical framework but one that can be practically 

implemented as a security layer in clinical 

environments where real-time considerations matter. 

 

Metric Legacy 

Perimeter 

Model 

AI-ZTA 

Framework 

Anomaly 

Detection 

Accuracy 

72.4% 99.1% 

False Positive 

Rate 

10.2% 1.8% 

Breach 

Containment 

Time 

>3 minutes <15 

seconds 

Lateral 

Movement 

Allowed 

4 of 6 

systems 

1 of 6 

systems 

Avg. Access 

Latency Added 

+0.1 sec +0.82 sec 

Compliance 

Readiness 

(HIPAA/NIST) 

Partial Full 
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4.5 Observations on Scalability and Modularity 

The modular nature of the proposed ZTA allows 

hospitals to scale components progressively: 

 

The AI modules can first operate as passive monitors 

before becoming active 

 

 Microsegmentation may be applied to high-risk 

areas initially (e.g., IoMT devices, billing systems) 

 Federated training of models allows privacy to be 

preserved as more hospitals join a permissioned 

learning system 

 

This enables gradual onboarding of operations with 

minimal changes in hospital workflows; a 

disadvantage that cannot be afforded in an 

environment that cannot risk downtime or township 

retraining. 

 

In conclusion, the results demonstrate that AI-

augmented Zero Trust model implementations can 

substantially enhance anomaly detection, breach 

containment, and policy enforcement within the 

healthcare domain. The minor latency trade-offs pale 

in comparison to enormous security and regulatory 

incentives. 

 

V. DISCUSSION 

 

5.1 Interpreting the Results: Security Efficacy in 

Clinical Environments 

Results arrived at by previous sections serve to 

demonstrate how the healthcare sector stands to be 

changed by the application of ZTA coupled with AI. 

The AI-ZTA model basically trumped the traditional 

perimeter-based frameworks under almost every 

metric of importance: anomaly detection accuracy, 

breach containment, policy granularity, and so on. 

The ability of the system to halt lateral movement 

just within seconds post-compromise has arguably 

become the most notable aspect in improving 

network resilience, an area where healthcare has 

struggled traditionally (Syed et al., 2022; Liu et al., 

2024). 

 

The results affirm that a well-implemented ZTA can 

become a true architectural reset for healthcare 

cybersecurity. Instead of reacting to the threats post-

breach, ZTA considers only pre-breach, proactive, 

context-aware decision-making processes based on 

machine learning algorithms. The move away from 

static defense mechanisms is a much deeper 

philosophical change in security posture: assuming 

the network is safe versus assuming the network is 

always under attack. 

 

But technical achievement is just one part of this 

discussion. Real-world ZTA deployments will 

depend as much on usability, policy alignment, issues 

on cost-benefit evaluation, adaptability of staff, and 

long-term governance. 

 

5.2 Security Despite Usability Constraints 

The struggle to protect patient privacy and preclude 

medical malpractice cannot hinder the clinical 

efficiency and care. One of the highest risks in setting 

an access control mechanism in place is interlocutor 

friction. Should they feel obstructive toward their 

workflow, be it a physician or nurse, the user may 

seek ways to bypass the barriers–such as shared 

credentials, offline data backup, or just plain 

switching off endpoint protection (Fernandez & 

Brazhuk, 2024). 

 

To minimize trade-off, the AI-ZTA model allows 

low-risk sessions to go unchallenged and elevates 

only high-risk activities for verification and review. 

In this way, the selective enforcement is similar to an 

early-warning system in security triage. Clinicians 

will be seldom interrupted for an actual intrusion 

detection. Aligning with existing usability 

frameworks, including NIST Usable Cybersecurity 

guidelines, advocates for security enforcement 

sensitive to the context (Rose et al., 2020). 

 

Yet, staff training, change management, and clinical 

feedback sessions are imperative and cannot ever be 

downplayed. For ZTA to work, the code and the 

policies are less important than the people using 

those codes and interacting with those policies. 

 

5.3 Limitations and Constraints 

Even with the best fit of an AI-ZTA model, its 

limitations and challenges should be stated here: 

Legacy device incompatibility - Many present-day 

IoMT devices do not support encryptions, multi-

factor authentication, or behavioral telemetry. Such 

endpoints become blind spots in the ZTA 
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environment that can only be air-gapped isolation or 

cost shipping on ephemeral hardware upgrades 

(Khattak et al., 2022). 

 

Data labeling and model drift - Unsupervised models 

minimize the need for annotated training data, but 

they are not impervious to model drift. As time 

passes, norms change, especially in very dynamic 

clinical environments; thus, to maintain relevance, 

continuous retraining is expected and might require 

some heavy AI operation infrastructure for support 

(MLOps) (MLOps). 

 

Policy complexity - With growing ZTA systems, so 

do the policy definitions, exceptions, and role-

specific configurations. In the absence of clear 

interfaces and automation, managing these policy 

definitions will become burdensome, increasing the 

risk of misconfiguration (Teerakanok et al., 2021). 

Latency in emergency scenarios - While sub-2 s 

access latency is acceptable for most cases, it may 

not suffice for time-critical events such as code blue 

occurrences. Hence, edge-case handling and policy 

overrides for such high-priority emergency 

workflows need to be designed upfront. 

 

5.4 Governance, Compliance, and Interoperability 

Also crucial is the consideration of the regulatory and 

policy landscape. The AI-ZTA model, while fully 

aligned to HIPAA, GDPR, and NIST SP 800-207, 

must conform beyond that to the real-world definition 

of compliance. Given the legal nature of ZTA 

systems, the AI-ZTA model must also support: 

Auditability: Every decision made by the PDP must 

be logged, explainable, and legally defensible. 

Interoperability: Trust models must interoperate as 

patients move across hospitals and care networks. An 

EHR system enabled by zero-trust at Hospital A 

should validate, without breaking any data privacy 

Protocols, a request from a trusted provider at 

Hospital B. 

 

Vendor neutrality: Proprietary ZTA platforms largely 

contravene open data standards and pose concerns 

around vendor lock-in. The future of healthcare 

cybersecurity, at any rate, must lie in open, modular 

frameworks that evolve beyond institutional 

boundaries (Horowitz, 2023). 

 

5.5 The Strategic Role of Explainable AI (XAI) 

AI adds a layer of powerful context to ZTA, but it 

also adds an element of opacity, especially for 

clinicians and compliance officers. Why was a 

particular session flagged? When was the behavioral 

signal that triggered denial? In the absence of 

transparency, the decision almost always would be 

held in suspicion and outrightly resisted, irrespective 

of whether it is right or wrong. 

 

Explainable AI must, therefore, be urgently 

considered. By providing natural-language 

explanations or visual summaries of anomaly 

triggers, ZTA systems can nurture greater trust 

among non-technical stakeholders. For example, a 

PDP might say: 

"Access denied due to unusual login time (03:27 

AM) from unknown IP and abnormal data query size 

(5.2 GB), deviating from user's historical baseline." 

 

Such feedback enables accountability, reduces 

friction, and provides a foundation for appeal 

workflows, which are generally required in 

healthcare governance frameworks. 

 

5.6 Directions for Further Enrichment and Emerging 

Synergies 

The proposed AI-ZTA system—one that is still a 

nascent development—has plenty of facets for 

opportunities to be further refined: 

 

1. Blockchain Identity, Access Management 

Architectures: If one could add the logic for 

immutable audit trails and decentralized access 

control, integrity and accountability could be 

enhanced. 

2. Edge AI: Low-Latency Environments: Pushing 

anomaly detection to the edge (e.g., on the IoMT 

endpoints) helps to enhance low-latency and offline 

resilience. 

3. Zero Trust-as-a-Service (ZTaaS): A managed ZTA 

framework can democratize cybersecurity for 

smaller-sized clinics or rural health networks in the 

absence of deep internal expertise. 

4. Integration with Threat Intelligence Feeds: Threat 

data on emerging threats such as zero-day exploits 

or phishing campaigns can be ingested in real time, 

so policy engines can be updated dynamically. 
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5. Federated Learning for Collaborative Security: As 

proposed in this research, federated models allow 

multiple hospitals to train joint threat detection 

algorithms, without exchanging leaked patient data, 

effectively solving the privacy and generalization 

issues (Waheed et al., 2023). 

 

5.7 Strategic Recommendations 

 

Based on the findings, the following 

recommendations are given to healthcare institutions 

seeking to deploy ZTA: 

 

 Focus on Highest Risk Zones: Initiate micro-

segmentation with IoMT and administrative 

systems. 

 Invest in Behaviour-Aware AI: Do not fall back on 

static rules; allow AI to make behavior-based 

context decisions and adapt policies accordingly. 

 Allow Explainability from Day One: Explain access 

decisions to help adoption and reduce resistance. 

 Involve Clinicians in Design: The goal is to enable, 

not constrain, clinical workflows. 

 

Current and expected applications notwithstanding, 

ZTA and AI integrated together indeed offer a 

promising road ahead; however, success will realize 

only when the framework is governable, where 

access decisions can be explained, clinically friendly, 

and policy-aware; else it will end up on some dusty 

shelf, much like many other so-called "revolutionary" 

cybersecurity frameworks in healthcare. 

 

CONCLUSION AND FUTURE WORK 

 

Digitization of healthcare services has brought with it 

immense opportunities for growth and expansion in 

patient care, diagnostics, and health data 

management, but it simultaneously greatly amplified 

the attack surface for cyber threats. Perimeter-based 

models of security are no longer the way to go in the 

threatening mutating environments. In this work, the 

novel AI-augmented ZTA framework was hence 

presented, tailored to the working, regulatory, and 

clinical nuances of modern healthcare ecosystems. 

By synthesizing NIST-compliant Zero Trust 

principles with AI-powered anomaly detection, the 

framework presented has indeed enhanced detection 

accuracy, breach containment, and adaptive access 

control. AI experiments simulating real-life scenarios 

proved that the AI-ZTA model reduced lateral 

movement and insider threats while creating minimal 

disruption to the clinical workflows. These findings 

reinforced the possibility of realigning the healthcare 

cyber security paradigms toward trust minimizing, 

behavior-aware, and a continuously adaptive system. 

On top of the performance, the model reconciled 

against real-world constraints of legacy device 

limitations and alignment with compliance-

hyphenates such as HIPAA, GDPR, and usability 

under pressure. Features such as federated learning, 

microsegmentation, and explainable AI bolster the 

possibility of practical adoption. With cyberattacks 

becoming ever sophisticated in the healthcare sector, 

the time is now: replace static defenses with dynamic, 

smart, and policy-aware architectures. 

 

That is to say, then, that the road toward full maturity 

of ZTA implementation in healthcare is much less 

traveled. Future work should comprise blockchain-

based investigations toward decentralized identity 

management and investigations into edge AI for low-

latency threat mitigation, and frameworks for cross-

institutional collaborations through federated 

learning. Further, as AI systems become core to the 

implementation of access decisions, new problems 

arise that require contemplation of explainability, 

bias, and human-in-the-loop governance. 

 

At the end of the day, this work contends that new-

age healthcare security must be smartly invisible, 

tightly rigid, perfectly responsive, and seamless in 

disguise. Trust isn't guarded anymore once we go 

Zero Trust with AI. 
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