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ABSTRACT

The rapid digitization of healthcare has introduced cybersecurity, legal, and
telemedicine challenges, necessitating mathematical modeling for enhanced
security, optimized telemedicine, and regulatory compliance. This study
explores cryptographic algorithms, risk assessment models, and predictive
analytics to mitigate cyber threats and protect patient data. Techniques such
as stochastic modeling, game theory, and machine learning are examined for
identifying vulnerabilities and improving system resilience, with case studies
showcasing their effectiveness in cyberattack prevention, secure data
transmission, and telemedicine optimization. Additionally, Al and blockchain
are highlighted for their role in strengthening security and compliance.
Despite these advancements, challenges like scalability, interoperability, and
ethical concerns persist, emphasizing the need for interdisciplinary
collaboration among healthcare professionals, cybersecurity experts, and
policymakers. By integrating mathematical modeling with cybersecurity and
legal frameworks, healthcare institutions can build secure, efficient, and
regulation-compliant digital systems, reinforcing the essential role of
mathematical frameworks in the future of digital healthcare security.

Keywords: Mathematical modeling, cybersecurity, digital healthcare,
telemedicine security, cryptography, Al in healthcare, blockchain.
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Introduction

The digital transformation of healthcare
has revolutionized patient care, data
management, and medical research. However,
this transition has also introduced significant
vulnerabilities in cybersecurity, legal
compliance, and telemedicine security. The
increasing reliance on electronic health records
(EHRs), artificial intelligence  (Al)-driven
diagnostics, and remote patient monitoring
underscores the need for robust security
frameworks to protect sensitive medical
information (Kumar et al., 2021). As healthcare
systems become more interconnected, the risk
of cyberattacks targeting patient data and
hospital infrastructure has escalated
(Raghupathi & Raghupathi, 2014).

Cybersecurity breaches in healthcare
have severe consequences, including financial
losses, compromised patient safety, and
regulatory penalties. High-profile incidents, such
as the 2017 WannaCry ransomware attack,
demonstrated the vulnerabilities of outdated
hospital IT systems (Kopp et al., 2017).
Additionally, unauthorized access to patient
data raises ethical and legal concerns, requiring
strict compliance with regulatory frameworks
like the Health Insurance Portability and
Accountability Act (HIPAA) in the United States
and the General Data Protection Regulation
(GDPR) in Europe (McGonigle & Mastrian,
2018).

Telemedicine, a key component of
modern healthcare, presents unique security
challenges. As virtual consultations and remote
monitoring expand, ensuring secure
communication channels, protecting patient
confidentiality, and preventing cyber intrusions
have become paramount (Scott & Mars, 2015).
The COVID-19 pandemic accelerated
telemedicine adoption, further highlighting the
necessity of secure digital healthcare
infrastructure (Gajarawala & Pelkowski, 2021).
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Mathematical mod eling has emerged as a
powerful tool for addressing these challenges
by providing quantitative approaches to
cybersecurity risk assessment, encryption
protocols, and compliance optimization (Baker
et al, 2019). This study explores how
mathematical frameworks enhance digital
healthcare security, improve telemedicine
infrastructure, and ensure regulatory
adherence.

Mathematical modeling has played a
critical role in healthcare security since the early
1980s. Pioneering studies applied probabilistic
models to assess system vulnerabilities
(Denning, 1982), laying the groundwork for
modern risk assessment techniques. Over time,
advancements in computational mathematics
have enabled the development of robust
encryption  protocols, intrusion detection
algorithms, and regulatory compliance models
(Schneier, 1996). Mathematical models help
qguantify cybersecurity risks, predict potential
attacks, and optimize defense mechanisms.
Cryptographic techniques, such as RSA
encryption (Rivest et al., 1978) and elliptic curve
cryptography (Miller, 1985), provide secure data
transmission in healthcare networks. More
recently, machine learning algorithms have
been integrated into anomaly detection systems
to identify unauthorized access attempts
(Buczak & Guven, 2016).

Game theory has been applied to model
adversarial interactions between cybercriminals
and healthcare security systems, allowing for
strategic defense planning (Roy et al., 2010).
Additionally, blockchain technology,
underpinned by mathematical principles,
enhances the integrity of electronic health
records by ensuring tamper-proof data storage
(Kuo et al., 2017).

Mathematical models assist in ensuring
compliance with legal frameworks by optimizing
security policies and auditing procedures.
Compliance risk assessment models use
probabilistic decision-making to evaluate
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adherence to HIPAA, GDPR, and other
regulations (Baumer, 2013). Furthermore,
automated algorithms analyze large datasets to
detect non-compliant activities and generate
reports for regulatory authorities (Moore et al.,
2018). The rapid expansion of telemedicine has
necessitated secure communication channels,
prompting the development of cryptographic
protocols for encrypted video consultations and
data sharing (Al-Abdullah et al., 2020).
Queueing theory and optimization algorithms
have been employed to enhance telemedicine
resource allocation and reduce service
bottlenecks (Zhang et al., 2021).

Al-driven predictive analytics models
identify potential cybersecurity threats in
telehealth systems by analyzing patterns of
fraudulent activity and network anomalies
(Nguyen et al.,, 2022). Additionally, Al-based
identity  verification systems use facial
recognition and biometric authentication to
secure patient access to telemedicine platforms
(Mollah et al., 2017).

This study aims to investigate the role of

mathematical modeling in enhancing
cybersecurity in digital healthcare systems,
explore  how  mathematical frameworks

contribute to legal compliance and regulatory

adherence, analyze the application of
mathematical techniques in securing
telemedicine platforms, and identify key

challenges and future directions for integrating
mathematical models into healthcare security
frameworks. This research covers cybersecurity
threats in digital healthcare, legal compliance
frameworks, and telemedicine  security
challenges, analyzing their impact on
healthcare security. Additionally, real-world
case studies of cyberattack mitigation,
regulatory  compliance  automation, and
telemedicine optimization are examined. By
integrating  mathematical modeling  with
cybersecurity, legal, and telemedicine
strategies, this research aims to develop
comprehensive frameworks for securing digital
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healthcare systems in an
interconnected world.

increasingly
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Figure 1: Telemedicine information network

The Telehealth Database  Server
Architecture depicted in the figure 1 illustrates a
distributed computational framework that
enables remote healthcare monitoring and data
processing through interconnected devices and
communication networks. This infrastructure
mirrors the computational modeling of
electroosmotic fluid flow in renewable energy-
powered microplastic filtration systems, where
real-time data acquisition and mathematical
simulations optimize transport phenomena.
Similar to how healthcare facilities utilize VPN-
based remote access for secure data retrieval
(Smith et al., 2021), electroosmotic-assisted
filtration systems rely on sensor-based data
input to regulate electric field strength,
temperature variations, and solute
concentration levels dynamically (Chen & Zhao,
2022). Furthermore, the use of barcode
scanners for patient authentication parallels
automated tracking mechanisms in microplastic
filtration, ensuring accurate parameter
validation and efficient system control
(Gonzalez et al., 2023).



Additionally, the wireless transmission of
health data via 3G/4G networks and local Wi-Fi
highlights  the significance of real-time
monitoring and automation, an essential aspect
of electrokinetic-assisted microplastic removal
(Johnson et al., 2020). The integration of
supporting servers with the telehealth database
reflects parallel computing methodologies used
in solving complex differential equations
governing heat and mass transfer (Zhang & Liu,
2019). Moreover, the distributed nature of the
telehealth system, which reduces dependency
on centralized infrastructure, aligns with the
decentralized deployment of renewable energy-
powered filtration  systems,  minimizing
operational costs and enhancing scalability
(Patel et al., 2022). Therefore, the telehealth
system serves as an analogous framework for
smart filtration technologies, where
interconnected components and computational
intelligence enhance process efficiency and
sustainability.

Mathematical Formulation

e Mathematical Foundations for
Healthcare Security

Mathematical modeling plays a crucial role
in securing digital healthcare systems by
providing structured frameworks for risk
mitigation and regulatory ~ compliance.
Cryptographic algorithms, such as RSA
encryption (Rivest et al., 1978) and elliptic curve
cryptography (Miller, 1985), ensure secure
patient data transmission, while risk
assessment models help quantify potential
threats and optimize defense mechanisms
(Buczak & Guven, 2016). These mathematical
foundations  strengthen  cybersecurity by
enabling healthcare institutions to detect,
prevent, and respond to evolving cyber threats
effectively.
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e Cryptographic Algorithms and Risk
Assessment Models

Cryptographic algorithms provide the backbone
of data security in healthcare by ensuring

confidentiality, integrity, and authentication
(Schneier, 1996). Advanced encryption
techniques, including homomorphic encryption
and blockchain-based cryptography, enhance
data privacy while maintaining usability (Kuo et
al., 2017). Risk assessment models, such as
Bayesian networks and Markov decision
processes, facilitate real-time threat analysis
and vulnerability prediction, helping healthcare
organizations optimize cybersecurity strategies
(Baumer, 2013).

e Stochastic Modeling and Game Theory
Applications in Cybersecurity

Stochastic modeling is essential in predicting
cyberattacks and assessing the probability of
security breaches in healthcare systems
(Denning, 1982). Game theory, particularly
Nash equilibrium models, has been widely used
to model adversarial interactions between
cybercriminals and security systems, enabling
strategic defense planning (Roy et al., 2010).
These mathematical approaches improve
decision-making processes in healthcare
cybersecurity by analyzing potential attack
scenarios and formulating optimal security
policies.

e Predictive Analytics for Threat
Detection and Mitigation

Predictive analytics leverages machine
learning and statistical algorithms to detect
anomalies in healthcare networks, enabling
early threat detection and mitigation (Buczak &
Guven, 2016). Al-driven intrusion detection
systems use predictive models to identify
unauthorized access attempts and enhance
real-time cybersecurity responses (Nguyen et
al.,, 2022). By integrating predictive analytics,
healthcare organizations can proactively defend



against cyber threats and
resilience.

improve system

These mathematical models for each concept
above provide a robust foundation for securing
digital healthcare infrastructure, ensuring data
confidentiality, integrity, and resilience against
cyber threats, incorporating additional depth,
clarity and real-world applications.

Cryptographic Model: RSA Encryption with
Secure Key Management

Encryption plays a fundamental role in
protecting healthcare data. The RSA (Rivest-
Shamir-Adleman) encryption model ensures
confidentiality and secure patient data
transmission.

Given two large prime numbers p and g, we compute:

n=pxgq
dp(n)=@P-1x(@-1)

Choose a public exponent e, such that:

l1<e<¢(n) and gecd(e ¢p(n)) =1

Compute the private key:

d=e ' mod ¢p(n)

Encryption & Decryption:

Ciphertext:

C =M¢®
Plaintext Recovery:

M=C% modn
Quantum-resistant cryptography: Lattice-based
cryptography techniques and Homomorphic
encryption: Allows computation on encrypted
data without decryption. Encrypting patient
records in telemedicine platforms to prevent
unauthorized access.

mod n
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Risk Assessment Model: Bayesian Network
for Cyber Risk Prediction

A Bayesian Network (BN) models the
probability of cyber threats based on observable
risk factors in healthcare security.

Mathematical Model:

Let X;,X,,..., X, represent cyber risk factors
(e.g., phishing attacks, outdated software). The
probability of a security breach B is:
P(Xy,X5,...,X, | B)P(B)

P(X., X5, ..., X

BNs allow real-time updates as new

threats emerge and Integrating machine
learning refines risk prediction. Predicting
potential cyberattacks in hospital information
systems.

P(B Xy, X3,....Xp) =

Stochastic Model: Markov Chain for
Cyberattack Progression

Markov Chains model state transitions in
cyberattacks on healthcare systems.

System States
S, (Secure), S; (At Risk), S, Bre [21 s,
(Recovering)

Transition Probability Matrix : [3]

POO P01 POZ P03
P10 Pll P12 P13
PZO P21 P22 P23

Cla 3

Modeling ransomware spread within hospital
networks.



Game Theory Model: Nash Equilibrium for
Cybersecurity Strategies

Game theory models the strategic interactions
between attackers (A) and defenders (D).

Payoff Matrix U:
D, D,

A (ag1,d11)  (ag2,d12)
Ay (az1,dy) (azpdy;)

Nash Equilibrium Condition:

uy(A*,D*) = uy(4,D), wup(A*,D*) =up(A4*,D)

Where A%, D* are optimal strategies.

Mixed Strategy Solution: If pure strategies do not exist,
mixed strategies assign probabilities:

P(A4) =x;, P(Dj)=y;

Optimizing resource allocation for cybersecurity
defenses.

Predictive Analytics Model: Machine
Learning for Intrusion Detection

Machine Learning (ML)  detects
anomalies in healthcare network security and
logistic Regression Model for Intrusion
Detection:

Given features X (e.qg., login time, IP address,
user behavior), the probability of an attack is:
1

1 + e~ (Bo+B1X1++PnXn)

PY=11X)=

Decision Rule:

If P(Y=1]X)>0.5, classify as attack, else,
classify as normal activity. Deep learning (CNN,
LSTMs) for complex patterns and support
Vector Machines (SVMs) for binary intrusion
detection. Identifying unauthorized access to
Electronic Health Records (EHRS).

The Mathematical models [1], [6], [7], [9]
and [12] for securing digital healthcare, making
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tho... .. _. P - |
world cybersecurity, legal, and telemedicine
challenges. These models enhance security,
optimize resource allocation, and reduce risks
in digital healthcare. The eight fully displayed
equations, carefully refined for clarity and
proper mathematical representation:

[9] Purpose in

Mathem_ Healthcare
Concept Model Security
1 RSA RSA, Secure patient
Cryptographic Homomornhie data encryption
Security Encryptic [10]
2 Cyber Risk Bayesial. Predict
Assessment Networks likelihood of
cyber threats
3 Cyberattack Markov Chains  Model
Progression 11 cyberattack
[11] progression
4 Strategic Nash Optimize
Cybersecurity Equilibrium cybersecurity
Planning defense
strategies
5 Intrusion Machine Al-based real-
Detection Learning time intrusion
detection

The equations are converted into Partial
Differential Equations (PDEs) and Ordinary
Differential Equations (ODESs) by reformulating
them in terms of continuous time evolution and
dynamic state changes.

3.Cryptographic Security (RSA Encryption) - ODE
Form

En) = p(0) (O + 4(0) 2 (®
Description: Models the evolution of the RSA modulus
n(t) = p(t) - q(t) over time as prime numbers are
dynamically generated.
3.Bayesian Risk Assessment Model - PDE Form

Description: A diffusion-based PDE (Fokker-Planck
equation) that predicts how cybersecurity risks
propagate over time.



3.Markov Chain for Cyberattack Progression - ODE

Form
Z P;W;; — P; z W

Description: Kolmogorov forward equat|on that models
the probability evolution of different cyberattack states
over time.
3.Game Theory (Nash Equilibrium for Cybersecurity) -
ODE Form

dxi
dt

= x| W) - ) %o

j
Description: A replicator equation that describes the
evolution of cybersecurity strategies in response to
attacks.
3.Machine Learning for Intrusion Detection - PDE
Form

P
- = DV?P + f(P,X)
Description: A heat equation-based PDE that models

how machine learning adapts dynamically to cyber
threats.

Numerical Methodology

ODEs when modeling discrete decision-
making (e.g., game theory, Markov chains) and
PDEs when modeling continuous probability
distributions (e.qg., risk propagation, Al learning).
Numerical solution or a simulation in Maple for
these equations. To solve the equations
numerically, we use finite difference methods
(FDM).

Ordinary Differential Equations (ODESs)
These equations involve derivatives with
respect to a single independent variable (e.g.,
time t).

(1) RSA Encryption Model (ODE)

d
Cn =p® T+ 0L
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(2) Markov Chain for Cyberattack Progression
(ODE - Transition Matrix)

aP; 15]
G = v el Wy

] ]
(3) Game Theory for Nash Equilibrium (ODE -
Replicator Dynamics)

dx;
rri x| u;(x) — z x; u;(x)

j
Partial Differential Equatic -~ ‘""DES)
These equations invo 2rivatives  with
respect to multiple indepenaent variables (e.g.,
time t and space x).
(4) Bayesian Risk Model (PDE - Diffusion-
Advection Equation)

)
==V (P(B,t)V(B)) + DV2P(B,t)

Cybersecurity in Digital Healthcare: Threat

Landscape, Mathen [17] Modeling,
Blockchain & Al, Le, Compliance,
Telemedicine, Challenges, and Future
Directions

e Threat Landscape in Healthcare

Cybersecurity

The healthcare industry has become a prime
target for cyberattacks due to its reliance on
digital systems and the sensitivity of patient
data. Cyberattacks can disrupt operations,
compromise patient safety, and lead to data
breaches. Healthcare systems store vast
amounts of personal health information (PHI),
making them highly vulnerable to threats such
as ransomware, phishing attacks, insider
threats, and data breaches. These attacks can
lead to severe consequences, including
financial loss, damage to reputation, and even
loss of life in critical cases.

e Case Studies on Cyberattack
Prevention Us (181 Mathematical
Modeling

Mathematical models have been developed to
predict, detect, and mitigate cybersecurity
threats in healthcare. A popular approach is the



game-theoretic  model, which  simulates
interactions between attackers and defenders in
a digital healthcare environment. The model
can identify optimal defense strategies and
predict attacker behavior. For example, the
Stackelberg game model has been applied to
healthcare IT security, where healthcare
organizations adopt strategies to mitigate risks
while considering the potential strategies of
attackers.

Another mathematical approach is predictive
modeling based on machine learning, which
can analyze historical data to predict future
threats. A study by Zuech et al. (2019) used
predictive analytics and optimization techniques
to create a model that proactively identifies
potential cyber threats in healthcare systems,
reducing the likelihood of breaches.

¢ Role of Blockchain and Al in Securing
Patient Data

Blockchain Technology: Blockchain offers a
decentralized and immutable ledger, which can
be used to secure patient data and prevent
unauthorized access or tampering. The use of
blockchain in healthcare ensures that patient
records are kept secure and transparent,
enhancing trust. Blockchain technology has
been integrated into Electronic Health Records
(EHR) systems to prevent unauthorized data
modifications. For example, blockchain-based
systems like MedRec (MIT's blockchain-based
EHR system) ensure secure sharing of patient
data while maintaining patient privacy.

Artificial Intelligence (Al): Al plays a significant
role in healthcare cybersecurity by automating
threat detection, improving authentication
systems, and enhancing data protection
measures. Al-driven solutions can identify
anomalous behavior in healthcare systems,
which helps in early detection of cyberattacks.
Machine learning models are used to develop
more sophisticated intrusion detection systems,
enabling faster responses to potential threats.
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Example: In Al-powered security systems for
healthcare, Al algorithms are trained on large
datasets to detect irregular patterns of behavior
in real-time. This can include unusual access
patterns to medical records or attempted
breaches, thus allowing for immediate
countermeasures.

Legal and Compliance Frameworks

e Regulations Governing
Healthcare Security:

Digital

HIPAA (Health Insurance Portability and
Accountability Act): HIPAA mandates strict security
and privacy standards for healthcare data, ensuring
that patient information remains confidential and
protected from unauthorized access. Healthcare
organizations must implement physical, administrative,
and technical safeguards to comply with HIPAA,
including encryption and access control.

GDPR (General Data Protection Regulation):
GDPR governs the use of personal data within the
European Union (EU), including data collected in the
healthcare sector. GDPR provides patients with
greater control over their data, including the right to
access, correct, and erase their information. For
healthcare organizations, it imposes stringent
requirements for data protection, including the need for
consent before processing sensitive data.

e Legal Implications of Cybersecurity
Breaches in Telemedicine:

Telemedicine involves the remote provision
of healthcare services through digital platforms,
making it particularly vulnerable to cybersecurity
breaches. Breaches can result in significant
legal consequences, including lawsuits, fines,
and damage to reputations. Under both HIPAA
and GDPR, healthcare organizations can be
held liable for failing to protect patient data in
telemedicine environments. A notable case
involved a ransomware attack on a



telemedicine provider, which exposed patient
data and led to lawsuits and regulatory fines.

e FEthical Considerations in Al-driven

Healthcare Security:

Al in healthcare raises ethical concerns
regarding patient privacy, data misuse, and
algorithmic biases. Ethical issues arise when Al
systems make decisions based on biased data,
potentially leading to discriminatory practices.
Additionally, Al-driven cybersecurity systems
must ensure that patient data is used only for
legitimate purposes and that patients' rights to
privacy are upheld.

Telemedicine and Secure Infrastructure

Mathematical Optimization Models for Secure
Telemedicine Platforms: Mathematical
optimization plays a key role in ensuring secure
and efficient telemedicine platforms.
Optimization techniques can be applied to
network configurations, resource allocation, and
security protocols to improve the overall
performance of telemedicine systems while
maintaining high security standards. Models
such as integer programming and linear
programming can optimize network security
while minimizing latency in video consultations.

Encryption Techniques for Secure Data
Transmission: Encryption is fundamental to
securing sensitive data transmitted over

telemedicine platforms. End-to-end encryption
ensures that data, including patient health

information and communication between
healthcare providers, remains private.
Homomorphic  encryption,  which  allows

computations to be performed on encrypted
data without decrypting it, is becoming more
common in telemedicine to ensure that
sensitive data is protected during transmission
and analysis.

Addressing Interoperability Challenges in
Healthcare Networks: Interoperability remains a
significant challenge in healthcare networks due
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to the wide range of systems and technologies
in use. Mathematical models, such as graph
theory, are used to map the relationships
between different systems and identify areas
where data exchange can be improved. Efforts
to standardize data formats and protocols, such
as FHIR (Fast Healthcare Interoperability
Resources), are also essential to improving
interoperability in healthcare.

Challenges and Future Directions

Scalability Issues in Cybersecurity Frameworks:
One of the key challenges facing the healthcare
industry is the scalability of cybersecurity
frameworks. Healthcare organizations must
design systems that can grow with the
increasing volume of data and users while
maintaining security. This requires continuous
innovation in cloud security and distributed
systems.

Ethical Concerns in Al-powered Healthcare
Security: As Al is integrated into healthcare
cybersecurity, ethical concerns around data
usage, patient consent, and privacy must be
addressed. Al systems must be transparent,
explainable, and accountable, especially when
they are involved in decisions that affect patient
outcomes.

Future Research Directions in Mathematical
Modeling for Digital Healthcare: Future research
in  mathematical modeling for healthcare
cybersecurity will focus on improving predictive
models, optimizing security protocols, and
enhancing data privacy protection. Key areas of
research include the use of machine learning
for threat detection, game theory for
cybersecurity strategy optimization, and the
development of advanced cryptographic
methods.

Conclusion and Summary of Key Findings

Digital healthcare faces numerous cybersecurity
challenges, from data breaches to privacy
concerns. Mathematical modeling, blockchain,



and Al offer promising solutions for improving
security and ensuring compliance with
regulations. Legal frameworks like HIPAA and
GDPR are essential for protecting patient data,
but breaches can have significant legal
implications. Telemedicine, a growing segment
of healthcare, requires robust encryption
techniques and optimized infrastructure to
secure patient data.

Policy Recommendations and Practical

Implementations:

i.  Healthcare organizations should invest in
Al-driven cybersecurity systems and
adopt blockchain for data protection.

ii. Regulatory compliance should be an

ongoing priority, with continuous updates

to align with emerging threats.

Future research should focus on

developing scalable, interoperable, and

ethically sound cybersecurity frameworks
for digital healthcare.

Findings (Insights, and Best Practices)

Mathematical Modeling for Securing Digital
Healthcare highlights the critical role of
advanced mathematical  techniques in

enhancing cybersecurity, legal compliance, and
telemedicine security. Key findings indicate that
healthcare systems face increasing cyber
threats, necessitating robust encryption
methods like RSA and homomorphic
encryption, as well as risk assessment models
such as Bayesian networks and Markov chains
to predict cyberattacks. Game theory optimizes
defense strategies against cyber threats, while
Al-driven predictive analytics improves intrusion
detection in hospital networks. Additionally,
compliance with regulations like HIPAA and
GDPR is strengthened through blockchain

technology, which ensures secure, tamper-
proof patient data storage. Telemedicine
security is enhanced using cryptographic

protocols for encrypted communication,

10

OMANARP INTER JN&A SCI. VOL. 1,2. Pp19

gueueing theory for resource optimization, and
Al-based authentication for patient identity
verification.

Despite these advancements, challenges such
as scalability, interoperability, and ethical
concerns in Al-driven security remain. The rise
of quantum computing threatens traditional
encryption methods, requiring the development
of quantum-resistant cryptography. Future
directions emphasize integrating Al for real-time
cybersecurity monitoring, leveraging blockchain
for secure digital healthcare infrastructure, and
using mathematical modeling to inform policy
and legal frameworks. By implementing these
best practices, healthcare institutions can build
resilient, efficient, and regulation-compliant
digital systems, ensuring the security and
privacy of patient data in an increasingly
interconnected world.

Future Outlook on Integrating Mathematical
Modeling for Secure and Compliant Digital
Healthcare

The integration of mathematical modeling into
cybersecurity frameworks for digital healthcare
will enhance the ability to predict and mitigate
cyber threats. Future advancements in Al,
blockchain, and cryptographic techniques will
continue to evolve, offering better solutions for
securing patient data and also solving the
partial differential equations computationally as
the solution to the ordinary differential equations
is shown in figure 2.

Data Availability

The data supporting this meta-analysis are from
previously reported studies and datasets, which
have been cited
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