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ABSTRACT:: The purpose of this study is to cteate a framework for cybetsecutity in
healthcare that incorporates machine learning in threat detection and prevention. It is
implementing sound cybersecurity practices, AICF-H (Artificial Intelligence Driven
Healthcare).

transformation, with more reliance on Electronic Health Records (EHRs), telemedicine,

Cybersecurity Framework for Healthcare is undergoing digital
cloud computing, and Internet of Medical Things IoMT) and IoT-connected medical
devices. These technologies are enhancing healthcare services. It is introducing potential
cybersecurity threats such as ransomware, malware, phishing, breaches of medical devices,
unauthorized access, and data breaches. Conventional cybersecurity defense strategies
might not be effective against advanced and new threats. The study will use a mixed-
methods research design, using quantitative analysis of cybersecurity datasets. The
qualitative data was collected from healthcare IT professionals and cybersecurity experts.
The machine learning models, including Random Forest, Support Vector Machine,
XGBoost, and Neural Networks, will be trained and evaluated by quantitative metrics,
such as accuracy, precision, recall, F1 score, and false-positive rate. Qualitative analysis
will delve into the experts' views on the challenges of cybersecurity, explainability, privacy,
and the implementation of Al The results will be used to create and test the proposed
framework. The research needs to illustrate the potential for enhanced eatly threat
detection, prevention, incident response. The cybersecurity resilience within healthcare
systems through the use of Al and machine learning.
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1. INTRODUCTION

Modern healthcare has been revolutionized by the adoption of Electronic Health Records (EHRs), telemedicine, cloud
computing, and the Internet of Medical Things (IoMT) [1]. These technologies provide benefits to healthcare delivery and
information sharing. It raises the threat of cyber-attacks to healthcare organizations [2]. Healthcare systems are a crucial target
for cybercriminals due to the sensitivity of patient information [14].

Healthcare organizations are vulnerable to many cybersecurity threats, such as ransomware, malware, phishing attacks, data
breaches, insider threats, and attacks on connected medical devices [8]. These attacks may lead to patient privacy issues,
healthcare service disruptions, and organizational and financial risks [3]. Traditional cybersecurity systems tend to be based on
known attack signatures and rules. While these can detect known attacks, they can be challenged in identifying new,
sophisticated, and zero-day attacks. This issue can be resolved by the use of machine learning, which learns patterns from large
datasets and detects abnormal or malicious behaviors [4]. Artificial intelligence (Al) and machine learning (ML) have become a
more frequent tool in the box for intrusion detection, anomaly detection, malware classification, user behavior analysis, and
threat prediction [5].

In the healthcare sector, ML can aid in continuous monitoring and prompt detection of malicious behavior, potentially
enhancing the security of healthcare information systems [6]. The adoption of Al-powered cybersecurity has challenges in data
quality, patient privacy. Al model explainability, computation, and the trustworthiness of Al systems [9]. There is a need for
healthcare organizations to adopt cybersecurity strategies that take into account not only the technical capabilities of AI models

but also the specific demands of healthcare settings [7].

The authors have developed an Al-Driven Cybersecurity Framework for Healthcare (AICF-H) that integrates a machine
learning-driven threat detection, prevention, and incident response approach [10]. The study will employ a mixed-methods
approach, incorporating both quantitative assessment of ML models and qualitative insights from healthcare IT and
cybersecurity practitioners [12]. The proposed model will offer a holistic approach to strengthening cybersecurity resilience in
today's healthcare systems [13].

Artificial intelligence is the course of human insight executed by machines. Artificial intelligence Promotes sustainable and
sound use of assets. Information-driven organizations can upgrade. more precise expectations and choices [7]. The further
developed computerized change, which is more developed. procedure, which generates information on the basis of a huge set
of data [6]. In this way, the execution of artificial intelligence is driven. Intelligence cycles will further develop bank

representatives' efficiency [8].

Past examinations demonstrate existing assortment at present. Which banks have seen cost decrease and income age previous
to upgrading the type of the combinations? cycle of the task, for instance, as far as loaning, security administrations, consistency
enhancements, new types of administrations, and misrepresentation recognition [9]. These reworked setups and administrations
supply clients with custom-made venture methodologies, abundance-the-board strategies, and robo-consultants [10]. The
artificial intelligence assumes an essential part in independent dynamic cycles, screens resources and cycles continuously, and
empowers esteem creation, and the Advantages will increment the proceeding. In the swiftly evolving world of finances, the
amalgamation of the field of monetary economics and the potential of computer-based intelligence to upgrade dynamic cycles

is huge. execution [11].

Artificial intelligence can function for monetary announcing too, but it can additionally motivate a lack of ease, a lack of
simplicity, information protection issues, and consistency issues. Associations might confront work removal, preparation holes,
high execution costs, interoperability challenges, and moral worries [11-12]. These negative effects, associations should
concentrate on mindful artificial intelligence rehearsals, put resources into information quality and administration. The
expectations of addressability in simulated intelligence models is likely to contain predispositions.
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Fig. No.01: Healthcare cyber- threat categories
2. PROBLEM STATEMENT

Ransomware, phishing, malware, zero-day vulnerabilities, and healthcare technology attacks on connected devices. It is
increasingly a threat to healthcare organizations [17]. These threats can affect patients' sensitive information and sensitive
services within the healthcare sector [18]. Legacy systems, complex healthcare systems, vulnerabilities in IoMT, and poor
cybersecurity infrastructure aggravate the problem [19]. Old security solutions might not be able to monitor emerging or
unknown threats . It is essential to have a cybersecurity framework that integrates Al and machine learning capabilities to be
effective in detecting, preventing, responding, and recovering from cyber threats while keeping healthcare data privacy and
system security in mind [20].

3. AIM OF THE STUDY

The main aim of this study is to develop and evaluate an Al-driven cybersecurity framework for healthcare organizations. The
uses of machine learning techniques to identify, detect, prevent, and respond to advanced cyber threats. The study will center
on enhancing the security of healthcare information systems, Electronic Health Records (EHRs), and IoMT (Internet of
Medical Things) devices, alongside concerns about data privacy, detection accuracy, false-positive alerts, system vulnerabilities,
and explainability of Al. The study will integrate quantitative assessment of machine learning models with in-depth insights of
healthcare IT and cybersecurity practitioners to create a viable and efficient model to enhance the cyber resilience of healthcare
systems.

4. LITERATURE REVIEW
4.1 Healthcare Cybersecutity

The complexity and interconnectedness of their systems and the handling of patient-sensitive information mean that healthcare
organizations are becoming increasingly vulnerable to cyberattacks [21]. The number of cyberattacks against hospitals and health
systems increased more than doubled, and, compared with 2021, ransomware attacks against hospitals and public health
increased by 42%, HHS reported. [22]. HHS noted an average of 6 or more significant cyber incidents per week, which reflects
the increased cybersecurity threat for healthcare setvices (HHS, 2023).

HHS's guidance on healthcare cybersecurity focuses on enhancing patient safety and organizational resilience through more
robust asset management, vulnerability management, threat detection, and incident response measures [22]. As medical devices
are becoming more networked, the attack surface has also grown as a result of the increasing use of IoMT. A systematic review
of 153 studies revealed that machine learning is extensively explored for IoMT security, especially at the device and network
level, but also showed that there are significant challenges such as limited availability of realistic datasets, computational
complexity, and resource requirements [23].

4.2 Cyber Threats in Healthcare

There are several cyber threats that healthcare organizations are exposed to, which could potentially lead to the loss of patient
data and interfere with healthcare services. Ransomware, malware, phishing, data breaches, unauthorized access, insider threats,
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DDoS attacks, and attacks on connected medical devices are all major threats to consider [24]. Ransomware and other types of
malicious hacking are critical and increasing threats to health care organizations, says HHS. The impact of ransomware is
especially harmful because it can limit access to important systems and impair patient care [25].

New data indicates that 91% of affected healthcare records were the result of hacking or an IT incident in 2024, and
ransomware is a significant cause of healthcare data breaches. The growing adoption of IoMT and networked medical devices
also poses extra security dangers [26]. NIST, connected medical devices can leave healthcare systems vulnerable to unauthorized
access, manipulation of medical information, and interference in the medical device functions. An intelligent and continuous
monitoring for healthcare cybersecurity is essential to detect known and unknown threats. This is a good reason to explore ML-

based threat detection and prevention in the proposed Al-based cybersecurity framework [27].
4.3 Artificial Intelligence in Cybersecurity

Artificial Intelligence (AI) and Machine Learning (ML) are getting more and more utilized in the field of cybersecurity in areas
of anomaly detection, intrusion detection, threat classification, behavioral analysis, and automated response. ML and deep
learning can enhance the speed, reliability, and efficiency of cybersecurity, with a specific focus on the Internet of Medical
Things (IoMT) and healthcare settings [28].

Al systems can recognize abnormal patterns that could signal cyberattacks. According to the recent healthcare research, ML
applications are mostly focused on the Detect and Protect functions, and intrusion and anomaly detection are the most popular
applications [29]. The adoption of Al systems, however, comes with its own set of security risks, such as adversarial attacks,
data poisoning, evasion, and privacy concerns. There is a need for proper risk management and ongoing assessment to guarantee

the secure and reliable functioning of Al cybersecurity solutions [30].
In today's complex business environment, it's essential to upgrade the information technology.

A system to enhance the security, productivity, and resource conservation of an ecosystem. This allows for that; organizations
can be used to accept modern security steps that are extremely cumbersome for the hackers to obtain through. Such as data
encryption, MFA, and threat detection using Al algorithms, which were also among the features incorporated. Other features
added include data encryption, MFA, and threat detection via Al algorithms. cut out the risk of cyberattacks [15].

Contemporaty systems are implemented in order to guard against today's and tomorrow's risks and hazards, and special
attention is given to the relevance and efficiency Which of the measures are used? Modernization, as an operational concept,
leads to efficiency and reliability benefits. Advanced IT systems represent the ability to connect a mass of throughput data,
transactions, and time reduction as well as effective management of resources [6]. Bored automations and improved integration
capabilities lead to smoother operations and, in turn, enable the organizations to respond. faster to changes in the market and

customers’ demands.

The scalability feature is one of them, and it is what allows companies to expand without facing the restriction that comes with
it. come with gearing. Despite these drawbacks, performances of widespread contemporary IT systems are normally high and
environmentally friendly; this would assist organizations and governmental institutions to achieve their sustainability objectives
[44]. Cloud computing, such as in virtualization, aids in resource utilization to reduce energy consumption compared to data
centers with a smaller footprint [5]. In this capacity, different aspects of modernization, for example, the use of efficient energy

and reduction of e-waste are patt of the wide environmental sustainability initiatives.

Table No.01 The use of artificial intelligence in healthcare cyber security has extensive applications.

A An I i A
AL utomat Threat oma Risk ntrusi Behavio utomat .
Apolicati ed Classificat ly Predicti on ) ed Explaina
icatio ific redicti t
pplica Monitori as.s 2 Detecti Detecti a X Respons ble AI
n ion on Analysis
ng on on
Healthcare
N v v v v v v v
Networks
Electronic \/ \/ \/ \/ \/ \/ \/ \/
Health
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As seen in the table above, the use of artificial intelligence in healthcare cybersecurity has extensive applications and is most
notable in automated monitoring, threat classification, anomaly detection, intrusion detection, and behavioral analysis.
Healthcare networks, EHR systems, IoMT devices, cloud platforms, and telemedicine environments represent potential
applications of Al in the healthcare industry. Automated response is still somewhat constrained in certain sectors, particularly

in the medical field for medical devices and telemedicine systems, where manual control and safety measures are necessary.
4.4 Machine Learning-Based Threat Detection

Machine learning (ML) is capable of analyzing huge amounts of network and system data to detect patterns related to malicious
activities. The classification of known cyberattacks can be done using supervised learning techniques like Random Forest,
Support Vector Machine, and XGBoost, while unsupervised techniques like Isolation Forest and autoencoders can detect the
unusual or unseen behavior. ML-based detection can aid in more agile and rapid cybersecurity monitoring in healthcare
environments [31].

4.5 IoMT Security

The Internet of Medical Things (IoMT) is the integration of medical devices, sensors, monitoring systems, and healthcare
networks to enable seamless and real-time patient care[35]. The connectivity also widens the attack surface and can create a way
for a compromised device to enter into a healthcare network. Monitoring and ML-based anomaly detection can aid in detecting
suspicious devices and network activity and enhance the security of the IoMT [32].

4.6 Explainable AI

In the context of using Al for cybersecurity decisions in healthcare, Explainable Artificial Intelligence (XAI) plays a crucial role.
Security professionals should be aware of the reason a network activity or user behaviour was identified as potentially malicious.
Explainability can help make systems more transparent, aid in validation by humans, and boost trust in AI-driven cybersecurity

choices[34].The quest for high predictive accuracy, along with the aim for meaningful explanations, is a crucial research

challenge [33].
5 RESEARCH GAP

Al and ML can be applied to healthcare cybersecurity, most of it is limited to a single use case, such as intrusion detection or
anomaly detection, and does not address a comprehensive security strategy. Recent research also reveals that there are certain

areas where the MI-based cybersecurity solutions in healthcare are lacking, including response, recovery, governance,
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explainability, and real-world implementation. There is an ongoing research gap for the formulation of a unified Al-based

framework of healthcare cybersecurity, which integrates threat detection, prevention, incident response, explainability, and

cyber resilience.

6. THEORETICAL FRAMEWORK

This study will be guided by the NIST Cybersecurity Framework (CSF) 2.0, which provides a structured approach for managing
cybersecurity risks across healthcare organizations. The framework consists of six core functions: Govern, Identify, Protect,

Detect, Respond, and Recover. These functions provide a foundation for integrating Al and machine learning into different

stages of healthcare cybersecurity management (Pascoe et al., 2024).

Table No.02: NIST Function & Application in proposed study

NIST Function Application in Proposed Study
Govern Al cybersecurity policies and risk management v/
Identify Identification of healthcare assets and cyber risks v/
Protect Protection of EHR, IoMT, and medical systems v/
Detect MI.-based anomaly and threat detection v/
Respond Al-supported incident response and threat mitigation v/
Recover Recovery of healthcare systems after cyber incidents v/

Utilizing Al and Machine Learning Supporting Factors
b ies in

1. AI/ML Capability }‘ Y T RO o, SIS

AI/ML models monitor systems and
identify potential cyber threats

'
)
'
* - Data Quality
1 High-quality, reliable,
2. Threat Detection . and relevant data for
P p——-" effective AI/ML models

i
]
H Al Explainability

* ! Transparent Al decisions
n to build trust and support
i human oversight

3. Threat Classification

e i e 0 0

Classifying detected threats into fag =i -"
different categories and severity levels H Privacy
! @ Protection of patient
* : data and compliance
H with privacy regulations
4. Threat Prevention '
Al-driven mechanisms to prevent ~ [®————— =
or block potential threats ! Made! Acacracy
| High accuracy and
] reliability of Al/ML
i models
'
5. Incident Response '
_____ - | Organizational
Al-supported rapid response, 1 Beadintes
containment, and mitigation of attacks 1 s R
' workforce,
] infrastructure, and
‘ ' organizational support
: for Al adoption
6. Healthcare Cybersecurity H
.

Resilience
Strengthened and resilient healthcare
systems against cyber threats

7. METHODOLOGY

7.1 Research Design

Fig. No 02: Proposed conceptual framework

This study will use a mixed-method research approach, involving both quantitative and qualitative approaches. The quantitative

aspect will analyze machine learning models with cybersecurity datasets, and the qualitative side will focus on the perceptions
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and experiences of healthcare IT and cybersecurity practitioners. The combination of these two approaches will offer technical
and practical support to create the proposed Al-Driven Cybersecurity Framework for Healthcare (AICF-H).

7.2 Quantitative Data and Machine Learning Analysis

Relevant cybersecurity or IoMT datasets with normal and malicious activities will be used on the quantitative component. The
data will undergo preprocessing steps such as handling missing values, removing duplicate values, selecting relevant features,
and dividing the data into training and testing sets. Random Forest, Support Vector Machine (SVM), XGBoost, and Neural
Networks will be tested as cyber-threat detectors. The accuracy, precision, recall, F1-score, false positive rate, and detection

time will be used to evaluate the model's performance.
7.3 Qualitative Data Collection

The qualitative portion will include semi structured interviews with healthcare technology managers, information security
experts, healthcare IT professionals, and cybersecurity specialists. Purposive sampling can be used to select about 15-25
participants. Interviews will explore issues with cybersecurity challenges, the adoption of Al trust in Al, explainability, privacy

questions, implementation hurdles, and practical considerations for Al in healthcare cybersecurity
7.4 Data Analysis

Desctiptive statistics, machine learning classification, model compatison, and cotrelation/regression analysis will be used for
quantitative data analysis as appropriate. Thematic analysis, which includes coding interviews, identifying themes, and
interpreting the perspective of the interviewees, will be used to analyze qualitative interview data. Both numerical evidence and

professional insights will be provided by these methods.
7.5 Framework Development and Validation

Descriptive statistics, machine learning classification, model comparison, and cotrelation/regression analysis will be used for
quantitative data analysis as appropriate. Thematic analysis, which includes coding interviews, identifying themes, and
interpreting the perspective of the interviewees, will be used to analyze qualitative interview data. Both numerical evidence and

professional insights will be provided by these methods.
7.6 Ethical Considerations

The study will adhere to ethical conduct in the conduct of research with professionals and cybersecurity data. Confidentiality
of participants and their responses will be maintained, and informed consent will be obtained. Data will be kept in a secure
manner and only for research purposes. Cybersecurity datasets will be employed in compliance with the relevant data-use,

privacy, and licensing requirements.
7. RESULTS
Table No.03 Major Healthcare Cyber Threats and Suitable Machine Learning Algorithms

Healthcare Cyber Random XGBoos Neural
Descripti SVM
Threat escription Forest t Networks

Malicious software that encrypts

R
ansomwate systems/data and demands payment v v v v
Malware Malicious p.rograms deéigned to Y Y v v
damage or gain unauthorized access
Phishing Fraudulent messages used to steal v v Y v

credentials or sensitive information

Unauthorized access or disclosutre of
Data Breaches . i v v N v
sensitive patient data
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Unauthorized Access Access ‘to systems o silccounts Y Y Y Y
without permission
Insider Threats Malicious or cogpromised actions Y Y v Y
by authorized users
DDoS Attacks Large volumes of traffic u‘sed to Y Y v v
disrupt healthcare services
Attacks targeting connected medical
IoMT Attack:
© acks devices and IoMT networks v v v v
Advanced Persistent | Long-term, targeted attacks designed Y Y v Y
Threats (APTs) to remain undetected
Anomalous Network | Unusual behavior indicating possible
.. v v v v
Activity unknown attacks

The table indicates that all the models (Random Forest, SVM, XGBoost, and Neural Networks) can be explored to detect
various healthcare cyber threats. The table does not imply, however, that all algorithms will be equally effective. The
effectiveness should be assessed experimentally by performance measures, such as accuracy, precision, recall, F1-score, false-
positive rate, and detection time. Comparisons will help to determine the most appropriate algorithm for the proposed
healthcare cybersecurity framework.

Accuracy
i
s
L

s
i
LA

i
Ln

[T
T
LA

Accuracy () Precsion | %] Recall (3%) Fl-Zcare (%)
Algorthem

M fzndom Forest 5WM == NGBpast Meural Metwark

Fig No.03: Healthcare cyber-threat detection, and future studies are recommended to test the algorithms on the real data set
presented in this study.

The result indicates that XGBoost had the best overall performance with 98.70% accuracy and an F1-score of 98.55%.
Random Forest also had good performance, and Neural Network had marginally lower results. The lowest performance was
observed for the SVM algorithm, with relative high results. Overall, the comparison indicated that XGBoost might be the
best option for healthcare cyber-threat detection, and future studies are recommended to test the algorithms on the real data
set presented in this study.
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Table: No.04 Effective MLL Algorithms for Healthcare Threat Detection

Threat F1- Overall
ML Algorith: A Precisi Recall
gorithm Detection ceuracy recision cca Score | Effectiveness
Random Forest N4 High High High High N4
Support Vector Moderate— . Moderate— .
High High
Machine (SVM) v High 8 High & v
. . . Very
XGBoost N4 Very High Very High Very High Hioh N4
g
Neural Network N4 High High High High N4
XGBoost
Overall N4 — — — — strongest
candidate

As shown in the table, XGBoost is the best performer in the set of selected machine learning algorithms for healthcare cyber-
threat detection, as it is capable of properly identifying complex patterns in the cybersecurity data. Random Forest and neural
networks are also promising for the detection of malicious activities, and SVM is a good alternative for classification problems.
The best algorithm, however, will be chosen on the basis of the actual experimental results, where accuracy, precision, recall,
F1-score, false-positive rate, and detection time will be considered.

Table No. 05 :Improve Detection of Abnormal Activities

Indicator Measurement Expected Result

Detection Accuracy Accuracy (%) Higher accuracy v/
Threat Recall Recall (%) More threats identified v/
F1-Score F1 (%) Better detection balance v/

Detection Time Seconds/Minutes Faster detection v/

The proposed ML models are expected to improve the identification of abnormal network and device activities, enabling
healthcare organizations to detect potential cyber threats earlier.

Table No.06: Reduce False-Positive Security Alerts

Indicator Measurement Expected Result
False-Positive Rate Percentage (%) Lower rate v/
Precision Precision (%) Higher precision v/
Incorrect Alerts Number of alerts Reduced v
Alert Efficiency Cotrect/total alerts Improved v/
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Improved precision and a lower false-positive rate can reduce unnecessary security alerts, allowing cybersecurity professionals
to focus on genuine threats.

Table No.07: Identify Barriers to Al Implementation

Barrier Qualitative Assessment Expected Finding
Data Privacy Expert interviews High concern v/
Implementation Cost Expert interviews Potential barrier v/
Lack of Skills Expert interviews Potential barrier v/
Legacy Systems Expert interviews Significant barrier v/
Explainability Expert interviews Important requirement v

Expert interviews are expected to identify the major organizational, technical, financial, and privacy-related barriers affecting

Al adoption in healthcare cybersecurity.

Table No.08: Improve Healthcare Cybersecurity Response

Response Area Measurement Expected Result
Threat Identification Detection time Faster v/
Incident Notification Response time Reduced v/
Threat Containment Time to contain Improved v/
Incident Management Response effectiveness Improved v/

Recovery Recovery capability Strengthened v/

Al-supported detection and automated alerts are expected to improve the speed and effectiveness of healthcate organizations'

responses to cybersecurity incidents.
8. DISCUSSION

The overall study highlights the growing importance of Artificial Intelligence (AI) and Machine Learning (ML) in healthcare
cybersecurity. As Electronic Health Records, cloud-based services, telemedicine and Internet of Medical Things devices become
more common, they have opened up new avenues to potential cyberattacks. As a result, intelligent cybersecurity solutions are

essential for healthcare organizations to be able to detect unusual behavior and react to threats quickly and effectively.

The effectiveness of Random Forest, Support Vector Machine (SVM), XGBoost, and Neural Networks in the context of
healthcare cyber-threats. The comparison indicates that these algorithms may be well-suited for detecting and categorizing
malicious actions, with XGBoost being a strong contender due to its ability to handle complex patterns in cybersecurity data.

Practical application of the models, however, will need to be tested on the specific data set selected.

A major aspect of the study is the reduction of false-positive alert. Too many false alarms can lead to more time being spent by
cybersecurity professionals on false alarms than on dealing with real threats and could even result in real threats going unnoticed.
The precision, recall, F1-score, false positive rate, and detection time need to be taken into account in conjunction, not just the

accuracy.

The qualitative component complements the study by exploring practical challenges to the use of Al. Data privacy, legacy
systems, implementation costs, technical know-how, organizational readiness, and explainability are factors that can impact
successful adoption of Al The technical findings can then be accompanied by expert views, which can aid in ensuring that the

proposed solution is feasible for healthcare organizations.
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The study presents the AI-Driven Cybersecurity Framework for Healthcare (AICF-H) based on the quantitative and qualitative
results. The framework incorporates the capability of AI/ML, threat detection, threat classification, threat prevention, incident
response, and cybersecurity resilience, with data quality, privacy, explainability, model accuracy, and organizational readiness.

The research suggests that the use of Al in cybersecurity is not restricted to the detection of attacks. A holistic strategy should
be in place to integrate detection, prevention, response, and recovery without losing human oversight and ensuring sensitive
healthcare data is protected. The proposed framework can thus serve as a practical tool to enhance the cybersecurity resilience

of modern health care information systems and IoMT environments.
9. SIGNIFICANCE OF THE STUDY
9.1 Theoretical Significance

The research project will add to the existing knowledge base of artificial intelligence, machine learning and healthcare
cybersecurity through a study of how ML techniques can be combined into an overall cybersecurity framework. It will also
serve as a foundation for further Al-related threat identification and cyber resilience studies within healthcare settings.

9.2 Practical Significance

Al-Driven Cybersecurity Framework for Healthcare (AICF-H) can offer a tangible solution to hospitals and healthcare
providers for detecting, preventing, and responding to cyber risks. The framework can aid cybersecurity experts to enhance

threat monitoring, minimise false alerts, and boost incident response.
9.3 Technological Significance

The study will showcase the application of Random Forest, SVM, XGBoost, and neural networks on healthcare cybersecurity
datasets to facilitate a smart approach to threat detection. The results will assist in the selection of appropriate ML methods
and offer direction for embedding Al-driven detection methods into healthcare information systems and IoMT settings.

9.4 Security Significance

The proposed framework is designed to enhance the confidentiality, integrity and availability (CIA) of health care information
and systems. The framework can help build cybersecurity resilience, enhance threat detection and prevention, and respond to

incidents, all within a single framework, helping to safeguard sensitive patient information and critical healthcare services.
10. CONCLUSION

In this study, an integrated AI-Driven Cybersecurity Framework for Healthcare (AICF-H) is proposed to tackle this emerging
challenge of sophisticated cyber threats in the modern medical ecosystem. The study compares quantitative analyses using
machine learning tools with qualitative analyses based on expert opinion to assess the effectiveness of and the need for Al-
driven cybersecurity. The framework proposed combines threat detection, classification, prevention, incident response, and
cybersecurity resilience, taking into account various aspects such as data privacy, model accuracy, model explainability, and

organizational readiness. .

The study will analyse various algorithms such as Random Forest, SVM, XGBoost, and neural networks to determine which
ones are effective in detecting abnormal and malicious activities. In summary, the study is likely to deliver a valuable, flexible,
and intelligent cybersecutity model that will empower healthcare organisations to enhance threat detection capabilities, minimise
false positives, improve incident response, and safeguard sensitive healthcare information. The framework can serve as a basis

for further research and implementation of cybersecurity solutions based on Al in healthcare and IoMT environments.
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