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Abstract—This paper presents an automated threat
detection for healthcare networks using machine learning
models. It addresses the increased cybersecurity needs arising
from integrating 10T devices and cloud services in healthcare.
The approach involves data collection from loT devices, pre-
processing, and training models on historical attack data. It
evaluates machine learning algorithms such as SVM, Naive
Bayes, and Random Forest for their effectiveness in detecting
threats, deploying them in real-time monitoring systems, and
assessing their performance based on accuracy, precision, and
recall.

The results show that these models significantly improve
threat detection and mitigation in healthcare networks,
particularly in identifying anomalous behaviors that could lead
to breaches. However, challenges such as limited real attack
data and high false positive rates for some algorithms indicate
the need for continuous model training and more advanced
techniques. The proposed framework offers promise but
requires ongoing innovation to keep pace with evolving cyber
threats.
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I. INTRODUCTION

Organized under the larger field of health informatics, the
healthcare industry has evolved to incorporate modern-day
cultured technologies like artificial intelligence and machine
learning, the Internet of Things, cloud services, and various
web-based software systems. These technologies have
improved treatment by increasing the rate at which patients
are diagnosed in the early stages, improving access to
healthcare facilities, and introducing new forms of treatment.
The role of these technological advancements the point is
that their utilization has led to the creation of a new age in
healthcare. They created several opportunities for the
enhancement of patient subjective condition and
organizational-infrastructural development of healthcare [1].

This change has brought shocking disadvantages mainly
due to misconceptions about various technologies especially
in matters of security. The rising trend of cyberattacks on
healthcare organizations is because of the high risk involved
with accessing and storing such information. This is because
records belonging to patients consist of personal details, their
financial information, and most importantly their health
status, making them relevant in black markets. Thus, there
has been a prolific rise in the incidence of healthcare data
breaches with hacking and insider misuse of privileged
credentials constituting the most common vectors. The
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relationship of trust that patients have towards the healthcare
providers since their privacy is violated [2].

This study aims to review the literature in search of
primary solutions for protecting healthcare data and to
develop a framework based on machine learning algorithms.
Among AI’s multiple subfields, machine learning presents
wonderful tools for the identification and counteraction of
attempts at unauthorized access. Applying machine learning
in healthcare implies that the organizations carry out a better
analysis of the system, observation of variances, and threats,
as well as recognition of potential threats and formulation of
quick reaction mechanisms.

The various risk factors that come with digital technology
and the reasons behind the need for protective mechanisms
are discussed [3-4]. The feasibility of using machine learning
approaches to identify insider threats in healthcare contexts
are identified. The specific approach and lay of the land for
creating the suggested threat detection and reaction system
based on machine learning will be discussed in the next
section. Various steps for data gathering will be designed,
with the help of 10T devices to get data from the healthcare
centers in a real-time manner [5]. The model training phase
will include a pre-testing of the various machine learning
algorithms including Naive Bayes and Random forest using
the labeled data sets.

Finally, the conclusion section will point out further
study directions that could refine threat detection precision
by using other advanced machine learning methods,
including deep learning. It will also highlight the concepts
that require models that more effectively manage the insider
threat and given previously unidentified, new risks.

II. PROBLEM DOMAIN AND RESEARCH QUESTIONS

Digital technologies particularly the Internet of Things
have recently become widely adopted by the healthcare
sector, providing new and improved ways in which patients
can be treated and diagnosed [6]. With the help of loT
devices like fitness tracking devices, smart health care
equipment, remote diagnostics, etc. actual health monitoring
and data recording have become easier and better therefore
benefiting the patients. The application of these
interconnected devices has resulted in the creation of
multiple points of failure. Every connected thing can become
a point of attack, and as a result, the threat reaches not only
the specific connected thing but also the overall healthcare
network. The amounts of data generated and shared by these
devices, including clients’ personal health information, and
other operational highlights, make healthcare networks a
prime target for hackers [7]. The utilisation of multiple web-



based software applications as well as cloud services
introduces new vulnerabilities that can be wused to
compromise the data and assets of an organization.

Adding to these risks, insider threats, where an authorised
user intentionally violates the organisational security policy
to gain unauthorized access to network resources are also a
cause for concern. It is for this reason that insider threats are
some of the hardest to identify because they often act in
secret and may even be trusted individuals. Such threats can
be highly complex and usually do not pose a threat to
organizations using traditional security mechanisms, thus
requiring more sophisticated solutions. This research fills
vulnerabilities by proposing automated threat detection and
response systems based on ML systems. The use of artificial
neural networks and other similar methods provides an
opportunity to analyze huge amounts of information and
search for suspicious activities and other unusual indicators
pointing at the presence of threats, all this in real-time [8].
The integration of ML into healthcare organizations can
increase security in an organized way to identify threats and
quickly adapt to threats that may threaten the organization.
The objective is to build an effective security model that can
detect both the external threat as well as the internal threat
thus providing adequate protection for the healthcare
networks.

Research Questions:

e What are the distinct forms of security threats that
confront healthcare networks?

e In what way will the application of machine learning
techniques contain these vulnerabilities?

e What are the guidelines that will help in incorporating
continuous authentication into the HC loT framework?

e How can machine learning detect insider threats in
healthcare environments?

1. BACKGROUND

Growing incidents of cyber threats to healthcare facilities
put in light the importance of protection measures. Phases of
patient records constitute healthcare networks that have
become attractive targets for hackers. The implications that
such breaches have included the loss of personal and
financial data, to the loss of important medical services. The
traditional security measures that are so necessary are even
more insufficient to challenge the new forms of cyber threats
[9]. As a result, existing and more advanced, preventive
security measures are required.

The studies conducted in the last few years reveal that the
application of Artificial Intelligence and Machine Learning
can go a long way toward enhancing the detection and
prevention of cyberattacks in the healthcare sector. These
technologies are particularly effective in the context of
processing big data and detecting patterns that potentially
indicate a security threat. Unlike traditional methods, which
depend on set rules and signatures, machine learning models
are flexible and can learn new characteristics of threats as
they unfold making it more beneficial when it comes to
cybersecurity. For instance, organizations can use ML
algorithms to identify links between specific process
activities and criminal intent, including frequent login
attempts or unusual access to data.

Research has shown that implementing ML can improve
cybersecurity by using different techniques. More
specifically, deep learning, a sub-discipline of the broader
field of ML, has been found to offer great potential in insider
threat detection, which is widely considered one of the most
difficult areas of cybersecurity on account of its privileged
status. Other methods like Hidden Markov Models and
Support Vector Machines have been used before, but deep
learning methods especially Recurrent Neural Networks
seem to be far more effective in identifying intricate patterns
of behavior that suggest an insider threat.

The goal of this research is to expand on these insights by
creating a comprehensive Machine Learning model that can
be used for the continuous identification and response to
threats in healthcare networks. They believe that this
framework may offer a structured and comprehensive
solution for addressing external threats as well as internal
ones in healthcare systems to improve their security and
reliability.

Objectives of the Research

Creating a systematic approach to threat detection and
response based on machine learning in medical
infrastructure. This includes:

e ldentify cyber threats and compare ML algorithms in
terms of their efficiency in threat detection and
prevention.

e Provide better security, the concern must be given to plan
and adopt methods of continuous authentication.

e Design optimal approach to address insider threats
affecting healthcare-related 10T systems.

V. SYSTEM DESIGN

Internet of Things (loT) are used to capture real-time
information regarding healthcare facilities as shown in Fig.1.
Many machine learning applications can be efficient for
monitoring real-time information keeping security measures
stored on the Internet. The data stored for the healthcare
facilities such as health records of the patient, real-time
monitoring records, and staff records. It keeps all new and
old health reports for the individual patient, real-time
monitoring of medical equipment, and the condition of the
operation machines can be stored within large datasets.

-----------

Fig. 1. System Design



The data collected for network security in the healthcare
sector can be collected using 10T gadgets like sensors and
devices which include smart tags, wearables, and various
other 10T platforms [13]. loT-based healthcare is focused on
different aspects such as privacy and security technology, e-
health, system design and architecture, and network and
communication techniques. The data is collected from
various 10T gadgets and stored at some platforms that will
process this data under data cleaning and cleansing for easy
data analysis. Further data analysis can be helpful in
supporting or refusing the research hypothesis and then
finally generating conclusions on the study subject matter
[14].

Data Discretisation: It is the process that transforms the
uninterrupted data into fixed intervals with the majority of
data mining practices in the real world.

Data Normalisation: It is a process that includes the
scaling of data in the form of attributes. It is also used for
generating the data into smaller ranges for classification
algorithms. It includes decimal scaling, minimum-maximum
normalisation and Z-score normalisation.

Data reduction: It is a technique that reduces the data in
the form that the meaning of data stays as it was. It includes
data cube aggregation, dimension reduction and step-by-step
selection methods [15].

Model Training: Using labelled datasets, perform
experiments with different types of Machine Learning
algorithms: Text classifiers Naive Bayes, KNN, Random
Forest, Decision tree, SVM, Gradient boosting and LDA.
Among the machine learning algorithms, the support vector
machine (SVM) classifier algorithms have been getting
better with time in most applications that are used for disease
identification and face recognition. In the healthcare sector,
the real-time monitoring and detection of chronic kidney-
related diseases can be done by using the three main
algorithms of machine learning [16].

Decision tree is shown in Fig. 2.
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Fig. 2. Decision tree

KNN: It is one of the simplest but highly effective
classification algorithms that stands for the K-nearest
neighbour algorithm. It comes from competitive learning and
lazy learning algorithms. It has advantages that include some
features such as robustness for noisy data, ease of
implementation, and effective results for large datasets of
training data while it also includes some limitations [17].
Implementing as shown in Fig. 3, this algorithm in the
network security of healthcare facilities can be costly and
finding the k value is crucial and difficult at the same time.
The mathematical formula as shown in equation 1, used for
calculating the Euclidean distance is
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Fig. 3. KNN Results

Naive Bayes: The multinomial naive Bayes has been
beneficial when used in classifying discrete features. This
algorithm uses the probabilities of each attribute that comes
from individual classes in the training set to predict the class
of new data instances. This algorithm uses the Bayes
theorem that states that the prediction of the datasets can be
done with the assumption that attributes of the datasets that
belong to a class are independent of each other [18]. The
naive Bayes algorithm has been working well (as shown in
Fig. 4) with both continuous and discrete datasets with
individual class attributes. It can be mathematically (as
shown in equation 2) defined by following the mathematical
formula:
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Fig. 4. Naive Bayes Results



Random Forest Algorithm: This machine-learning
algorithm is supervised for both classification and
regression purposes. This research is used for classification
purposes as it is beneficial in the betterment of the large
datasets and experimental methods for detecting variable
interaction. Still, it is complex for multiple values and
uncertain attributes, and it also requires more computation
power. It can easily be used in the Healthcare sector,
customer intelligence and banking sector also for
classification purposes [19]. Within the data pre-processing,
it can be used for the filling of the missing values in large
datasets to make them easily accessible for analysis
purposes.

Threat Detection: Advanced algorithms in network
security must be created in healthcare enterprises to detect
threats to their data stored over internet-based platforms.
This has radically changed with the integration of machine
learning models that allow for real-time anomaly detection,
instrumental in profiling and improving reactions to security
threats. These models can analyse large amounts of data
produced or captured by loT devices, spotting patterns and
deviations that may indicate possible breaches. Algorithms
for supervised machine learning, such as Support Vector
Machines and Random Forests, have already realised very
high potential in identifying anomalous behaviours, hence
very useful to improve cybersecurity within healthcare. For
example, in an loT-based health environment, ML models
will be continuously monitoring network traffic flow and
user activities to promptly raise red flags during any
suspicious behaviour beyond their normality scores. Insider
threat detection has become very important in security, as
most insider threats are people with authorised access
misusing those privileges. Training of ML models on historic
data aids in recognising the slight indicators of insider threats
and provides a robust defence to healthcare enterprises.

Response Mechanism: Effective response strategies for
dealing with the detected threats should be formulated to
protect the integrity and safety of healthcare data. The speed
and efficiency of threat mitigation can be increased by
machine learning automated response mechanisms. On
detecting any threat, such models will trigger predefined
response protocols such as isolation of affected systems,
notification of security persons, and initiation of data
encryption processes. Al and ML come into play in
developing these response mechanisms to guarantee timely
responses based on the analysis of real-time data that shall
help minimise the potential damage. For instance, Al-driven
systems automatically change the security settings to
counteract the identified threat, reducing manual intervention
and continuing the protection provided. Moreover,
continuous learning algorithms underline the system'’s
onward movement, adjusting new threats to ensure that
healthcare networks are kept secure from already known and
emerging cyber threats. Such an automated approach
improves safety and opens an opportunity for each healthcare
organisation to better use its resources for proactive
measures rather than just response.

V. IMPLEMENTATION RESULTS AND ANALYSIS

Data Collection: For healthcare patients, it is necessary to
have real-time monitored records for analysing their health
conditions. This healthcare operation can be done by using
the loT gadgets that are offering various help to the hospital

sector. These implementations of the usage of loT gadgets
such as wearables, ingestible sensors, smart beds,
defibrillators, sensors monitor the environment, and
inventory management to improve efficiency and patient
care. The area of application of RFID technology has been
providing wireless sensor applications in conventional
hospitals to track moments of the patients who require
ongoing supervision. 10T has been introducing technologies
that are network-enabled which include wearable and
portable devices for real-time monitoring, triggering,
detecting, synergising, and connecting with comparable
media across the Internet.

In the healthcare centre, 10T devices can be used for
several purposes that use the Internet sources on the cell
phones of the patients to monitor their ECG, vital signs, and
blood oxygen saturation. These health records were
processed and stored by using the Arduino, a micro-
controller, that needs wi-fi to share data on Blynk for
security and privacy reasons that also need to be improved in
the future. Therefore, all the collected data from the real-
time monitoring of the healthcare facilities can be stored on
the gateways and cloud storage that manages the vast amount
of data.

Model Training: It is expected that the performance of
the selected machine learning models will be based on
previous attack data while being trained. This comprises
using historical datasets containing labelled examples of
normal and malicious activities for such models to learn
patterns of various cyber threats. For instance, datasets in the
healthcare sector may contain varieties of network traffic
data, system logs, and records of user behaviours. The usual
way of training involves inputting these labelled datasets into
models like Support Vector Machines, Naive Bayes, and
Random Forests using supervised learning techniques so that
they can learn from and generalise the input data. This step is
crucial in making sure that such models can clearly
distinguish between benign and malicious activities, hence
increasing their predictive capabilities. In most cases, the
training phase includes procedures of hyperparameter tuning
and cross-validation to make models perform optimally
without being overfitted, so the results are robust and reliable
for threat detection in real-world scenarios.

Deployment: Next will be the deployment of a real-time
monitoring system, typically an environment with a data
ingestion pipeline, streaming analytics platform, and
automated response system. At this practical deployment
stage, models must be made scalable for handling high
volumes of data originating from different loT devices and
health systems. Such data streams can be handled efficiently
using technologies like Apache Kafka and Apache Flink.
Later, the deployed models continuously monitor the
network traffic and user activities 24/7 to detect threats in
real-time, alerting security personnel in case of suspicious
activity. Such a proactive approach will very quickly trigger
the healthcare institution's response to potential threats and
hence give it great control over its impact on both the patient
data and general network security.

VI. CONCLUSION, LIMITATIONS, AND FUTURE WORK

According to the practical results, it can be ascertained that
both Random Forest Classifier and Gradient Boosting
Classifier have been the most efficient models in actualizing



the objectives of the dissertation. According to the results
(as shown in Table 1) of the evaluation metrics, the
performance of the two models was alike: accuracy,
sensitivity, specificity, F1 Score, and recall for both models
were 100%. Thus, these results demonstrate the
effectiveness of these models in creating an automated
system of threat identification and subsequent response to
internal and external threats.

TABLE I. COMPARATIVE RESULTS
Model Accuracy Sensitivity Precision F1 Score Recall
Decision Tree @.899553 ©8.809508 ©.999968 0.999735 ©.908568
Random Forest 1.8@086d 1.066808 1.060008 1.800660 1.080008
SVM  @.859497 8.264215 0.880276 ©.920333 ©.964215
Gradient Boosting 1.e90008 1.p6aeae 1.@668e8 1.8a0e8d 1.ecp86e8
Naive Bayes @.442876 8.2338673 ©.998251 ©.585759 ©.338673
KNN - @.997477 8.998126 ©.998875 0.998581 ©.998126
LDA @.887934 8.999813 ©.882625 0.937571 ©.999813

Limitations

Scarcity of Real Attack Data: Real attack data are pretty
tricky to get since most attackers will apply sophisticated
techniques to avoid leaving fingerprints. This scarcity
severely restricts the possibility of proper machine learning
model training and validation.

High False Positive Rates: Some algorithms in machine
learning are pretty prone to yielding high rates of false
positives, which raises undue alerts, wastes resources that
are misdirected, and inundates security teams.

Problems of Scalability: Those models that work in a small
setting are not easily translated to working across more
extensive healthcare networks. Ensuring these models can
still operate with the same efficiency in large-scale
situations is itself a huge problem.

Complexity in Implementation: Integration of machine
learning models into existing healthcare infrastructure is
very human-resource-intensive, expertise-intensive, and
time-consuming, which may complicate its wide adoption.
Dynamic Nature of the Threats: Cyber threats themselves
are very dynamic, and this requires that, given changing
circumstances, frequent updates and retraining are necessary
for machine learning models to remain effective. The
continuous upkeep needed for these can be resource
intensive.

Data privacy concerns: Assurance of the privacy and
security of sensitive patient data during training and
deployment of machine learning models. Breaches are grave
in nature.

Regulatory and  Compliance  Issues:  Healthcare
organisations are regulated by rigid laws that are the source
of a host of problems in the implementation of novel
technologies, including machine learning-based security
solutions.

Future Recommendations

Advanced Machine Learning Techniques: Ten additional
sophisticated machine learning techniques, including deep
learning and ensemble methods to increase precision and
adaptability in threat detection.

Insider threat detection: Develop models that can identify
and mitigate insider threats. Usually, these are much harder
to detect with traditional security measures.

Address New Forms of Cyber Attacks: Develop models for
the identification and responses to, once new or completely

unknown, cyber-attack forms to be always one step ahead of
the attackers.

Large-Scale Experiments: Extensive experiments in
simulation and real-world deployments to prove the efficacy
and practicability of the proposed frameworks in real
healthcare scenarios.

Continuous model training: Develop processes for regularly
updating and retraining models to keep up with evolving
cyber threats.

Collaboration with Experts: Engage critical experts from the
cybersecurity community and very key practising health
professionals in ensuring that developed solutions are
workable, effective, and relevant to healthcare
organizations.

Improved measures of data security: Integrate optimised
encryption and anonymization technical capabilities to
ensure patient data privacy and security in the processes of
model training and deployment.

Regulatory Compliance: Ensure all machine learning
solutions conform to healthcare regulations and standards
for easier adoption and integration in existing systems.
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