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Abstract- The increasing sophistication of cyber
threats has propelled artificial intelligence (Al) to the
forefront of cybersecurity innovation. This paper
explores the transformative potential of next-
generation Al technologies, including deep learning,
reinforcement learning, and hybrid models, in
addressing the dynamic cybersecurity landscape. It
examines practical applications in malware
detection, intrusion detection systems, endpoint
protection, and threat intelligence platforms,
highlighting Al's ability to enhance predictive and
real-time defenses. Furthermore, the discussion
addresses ethical concerns, adversarial risks, and
evolving challenges, emphasizing the necessity of
collaborative eorts among researchers,
policymakers, and industry stakeholders to ensure
secure and ethical Al deployment. The implications
for national security are profound, with Al proving
indispensable in protecting critical infrastructure,
safeguarding economic systems, and maintaining the
integrity of democratic institutions. As Al redefines
cybersecurity, the article calls for sustained
innovation, ethical governance, and strategic
investments to harness its full potential.

Indexed Terms- Cybersecurity, Artificial
Intelligence, Deep Learning, Reinforcement
Learning, Hybrid Models, Malware Detection,
Threat Intelligence, National Security, Ethical Al,
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l. INTRODUCTION

The cybersecurity space in 2024 demonstrates a
marked increase in the sophistication and prevalence
of cyber threats, demanding innovative and proactive
measures to protect critical systems. In 2023, the
cybersecurity industry's spending reached
approximately 80 billion U.S. dollars. Forecasts
predict that by 2024, the market will surpass 87 billion
U.S. dollars, continuing the trend of increasing global

IRE 1706610

expenditure on cybersecurity that began in 2021
(Statista, 2024). A 2024 global survey of cybersecurity
professionals revealed that 32 percent of organizations
experienced ransomware aacks due to exploited
vulnerabilities. The second-most common cause was
credential compromise, followed by malicious emails,
which ranked third (Statista, 2024). According to data
collected by SonicWall Capture Labs, there were 34
million 10T malware aacks in 2019. This number
increased by 66% in 2020, and by 2023, 10T malware
aacks had surged by 400% (Jeyalakshmi &. Krishnan,
2024). Statista’s Market Insights projects that the
worldwide financial impact of cybercrime will
escalate significantly over the next four years,
increasing from $9.22 trillion in 2024 to an estimated
$13.82 trillion by 2028.

Cybercrime Expected
To Skyrocket

Estimated annual cost of cybercrime worldwide
(in trillion U.S. dollars)

13.82

2018 2019 2020 2021 2022 2023 2024 2025 2026 2027 2028

statista”a

Fig 1: Estimated Annual Cost of Cybercrime
Worldwide (in Trillion U.S Dollars)
Source: Statista Market Insights

High-profile incidents highlight the critical nature of
cybersecurity. The Twier data breach in early 2024
exposed sensitive information of over 200 million
users (Saer, 2023), while the LoanDepot ransomware
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aack compromised personal data of nearly 17 million
customers (Kapko, 2024). These breaches, often
facilitated by credential abuse or software
vulnerabilities, showcase the evolving tactics of
cybercriminals. The increasing trend of cyber-aacks
being oered as a service indicates a shift towards
automation for wider impact. Exploiting weaknesses
in hardware, software, and communication layers
amplifies the damage potential, highlighting the urgent
need for robust cybersecurity defenses (Mallicket al.,
2024). Emerging threat vectors, including dark web-
facilitated ransomware campaigns and newly
identified system vulnerabilities, significantly amplify
the challenges faced by cybersecurity professionals
(Olubudo Paul, 2024).

Al technologies have become critical in addressing
these dynamic threats, oering unparalleled capabilities
in detecting, analyzing, and responding to cyber
incidents. By automating threat intelligence and
leveraging advanced machine learning algorithms,
organizations can detect anomalies in real time,
enhance endpoint protection, and mitigate risks with
greater precision. These advancements safeguard
national security and economic stability and help
protect democratic institutions from increasingly
sophisticated cyber adversaries.

This article explores Al's transformative role in
cybersecurity, examining its latest advancements,
emerging trends, and practical applications. By
highlighting Al-driven technologies' potential to
address current and future challenges, this discussion
aims to explain their critical importance in ensuring a
secure digital environment for all.

. LITERATURE REVIEW

Historical Context: The Evolution of Al in
Cybersecurity

The integration of artificial intelligence into
cybersecurity has seen progressive evolution,
progressing from simple rule-based systems to the
advanced machine learning and deep learning
algorithms utilized today. The role of machine
learning in cybersecurity dates back to the 1990s,
when it was first used to develop anomaly detection
systems (ADS) and intrusion detection systems (IDS)
(Jada & Mayayise, 2024). According to Wang et al.
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(2020), Al technologies are crucial in strengthening
cybersecurity defenses by allowing the automated
real-time analysis of large volumes of data (Kaur et al.,
2023). Machine learning algorithms enhance intrusion
detection systems by identifying paerns and anomalies
that suggest malicious activities within network traic.
Additionally, Al-driven solutions support proactive
threat intelligence analysis, allowing organizations to
anticipate and prevent potential cyber threats
(Thapaliya & Bokani, 2024). Technologies like
Support Vector Machines (SVMs) and decision trees
were among the first Al tools for intrusion detection.
In recent years, neural networks and reinforcement
learning have further enhanced the ability to predict
and respond to cyberaacks (Samia et al.,2024).

Current State of Cybersecurity

The cybersecurity landscape is evolving rapidly as
organizations face increasingly sophisticated threats
and complex digital environments. With the digital
transformation  accelerating  across  industries,
businesses and individuals are more connected than
ever, but this interconnectedness has amplified
vulnerabilities. The current state of cybersecurity
reflects a duality: significant advancements in security
technologies on one hand, and an ever-growing variety
of threats on the other.

Cybersecurity threats have become more diverse and
impactful, ranging from ransomware aacks and
phishing schemes to advanced persistent threats
(APTs) and supply chain compromises. According to
recent reports, ransomware alone has accounted for
billions of dollars in damages annually, disrupting
operations across healthcare, finance, manufacturing,
and other sectors. In addition, the rise of state-
sponsored cyberaacks has introduced geopolitical
dimensions to cybersecurity challenges, further
complicating response and mitigation strategies.

One of the most pressing challenges is the widening
skills gap in the cybersecurity workforce. Despite
increasing demand for cybersecurity professionals,
there is a global shortage of skilled experts capable of
combating sophisticated aacks. According to data
from the Al investment platform Altindex.com, the
global cybersecurity workforce expanded to 5.4
million in 2024. However, this increase has not kept
pace with the escalating demand for skilled
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professionals, leaving a shortfall of 4.7 million.
Alarmingly, the workforce gap has grown at a rate 190
times faster than the growth of the workforce itself,
underscoring a severe shortage of cybersecurity
expertise in the industry. Furthermore, legacy systems
in many organizations are ill-equipped to handle
modern threats, leaving them wvulnerable to
exploitation. The sheer volume of data generated daily
also poses challenges for real-time threat detection and
mitigation.

Organizations today are deploying a range of tools to
protect their assets, including firewalls, intrusion
detection and prevention systems (IDPS), and
endpoint protection platforms (EPP). However, these
traditional measures often struggle to keep pace with
the dynamic nature of cyber threats. Compliance with
cybersecurity standards such as ISO/IEC 27001 and
frameworks like the National Institute of Standards
and Technology (NIST) Cybersecurity Framework
remains critical, but adherence alone does not
guarantee immunity from aacks.

Traditional tools are increasingly inadequate for
modern cyber threats due to their sheer volume,
complexity, and adaptability, rendering manual and
rule-based systems obsolete (Cen et al., 2024).
Ransomware aacks rose by over 72% in 2023
(Grossman & Smith, 2024), becoming more
sophisticated and frequently bypassing traditional
detection mechanisms (Beaman et al., 2021).
Likewise, the proliferation of 10T devices has
introduced new vulnerabilities that conventional tools
struggle to manage (Ogundare, 2024). This gap
emphasizes the critical need for advanced
technologies capable of scaling with the evolving
threat world.

Organizations that adopt a combined defense strategy
significantly enhance their threat detection and
response capabilities, streamline incident
management, and reduce security-related costs. This
approach leads to greater resilience against
cyberaacks, improved adaptability to emerging
threats, and a more proactive security posture (Dorcas,
2024).

Existing Al Applications in Cybersecurity
Al technologies are already playing a crucial role in
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cybersecurity.  Machine learning models are
extensively used for threat detection, analyzing vast
datasets to identify anomalies and suspicious paerns
(Bello et al., 2023). Deep learning algorithms help in
identifying malware variants (Aslan et al., 2021),
while natural language processing (NLP) improves
phishing detection by analyzing email content for
malicious intent (Jonker et al., 2021). Moreover, Al-
driven automation tools enhance incident response
processes, cuing down reaction times and managing
damage during active threats (Kalogiannidis et al.,
2021). To lessen the human workload, Al researchers
consistently update technological standards, creating
networked digital data that must be securely managed.
Al advancements have improved our capacity to
address critical problems and perform tasks that
typically require human intelligence, such as decision-
making, analysis, and matching (Ramasubramanian et
al., 2021). Companies like Darktrace and CrowdStrike
have led the way in using Al for real-time threat
detection and automated response systems.

Gaps in Research

Despite these advancements, significant gaps remain
in the application of Al in cybersecurity. Current
systems often rely on labeled datasets for training,
which limits their ability to detect novel threats.
Adversarial aacks on Al models, where aackers
manipulate inputs to deceive detection systems,
present a significant challenge (Barik & Misra, 2024).
There is also a lack of strong, explainable Al solutions
that provide transparency in decision-making, a
critical need for ensuring trust in automated systems
(Kovari, 2024). Addressing these gaps is essential for
next-generation Al technologies to fully realize their
potential in safeguarding digital ecosystems.

1. EMERGING Al TECHNOLOGIES IN
CYBERSECURITY

Deep Learning

A study conducted by the Capgemini Research
Institute revealed that more than half of organizations
adopting Al-driven cybersecurity solutions primarily
leveraged them for threat detection, underscoring the
critical function of deep learning techniques in
identifying cyber risks as of 2021. Furthermore, 69%
of surveyed executives indicated that the integration of
Al significantly enhanced the eiciency of their
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cybersecurity teams, streamlining threat analysis and
response eorts within their organizations. The U.S.
deep Learning Market is growing consistently. In
2022, the global market for deep learning was
estimated to be worth approximately $49.6 billion,
with projections indicating a compound annual growth
rate (CAGR) exceeding 33.5% from 2023 to 2030.
This rapid growth is largely aributed to significant
improvements in data center infrastructure, the
availability of advanced computational resources, and
the technology's capacity to execute complex tasks
autonomously, minimizing the need for human
intervention.

Fig 2: U.S Deep Learning Market
Size, by Application, 2020 - 2030 (USD Billion)

U.S. Deep Learning Market

Size, by Application, 2020 - 2030 (USD Elllon
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Source: www.grandviwerresearch.com

Deep learning has revolutionized cybersecurity by
oering advanced paern recognition and anomaly
detection capabilities. Leveraging neural networks,
deep learning models analyze large-scale datasets to
identify deviations from normal behavior, which are
indicative of potential cyber threats (Shiney et al.,
2024). This technology excels at uncovering
previously unknown malware variants by studying
their behavioral paerns rather than relying solely on
known signatures. Deep learning algorithms
consistently achieve high accuracy and low false
positive rates, making them exceptionally eective in
detecting polymorphic malware, which evolves to
evade traditional detection methods (Redhu et al.,
2024). These models excel at extracting intricate and
subtle features within malware samples, a task that is
challenging for rule-based or signature-based systems.
By automating this process, deep learning
significantly reduces the time required to identify and
mitigate novel threats.

Reinforcement Learning (RL)
A 2021 study examining the role of reinforcement
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learning (RL) in cybersecurity highlighted that among
various RL techniques, deep reinforcement learning
(Deep RL) utilizing "actor-critic" algorithms achieved
superior performance in simulated cyber-aack
environments.  Specifically, these algorithms
demonstrated a success rate of 0.78, outperforming
other methods such as deep Q-learning (DQN) and
traditional Q-learning. This underscores the potential
of advanced, adaptive RL strategies in addressing
dynamic and complex cyber threats, emphasizing the
critical need for selecting appropriate RL algorithms
to enhance the eectiveness of cybersecurity solutions.
Reinforcement learning (RL) represents a promising
frontier in real-time adaptive threat response
(Olasekemi, 2024). In dynamic cyber defense,
reinforcement learning (RL) algorithms can model and
predict aacker behavior, enabling the creation of
adaptive defense strategies. By simulating aack
scenarios and learning from them, RL systems identify
optimal defense actions in real time, minimizing the
impact of cyberaacks. Unlike static models, RL
algorithms learn optimal responses to evolving threats
through interaction with dynamic environments
(Bharat & Bhargava Maddireddy, 2024). This
approach is particularly eective in automated intrusion
detection systems, where RL models identify and
neutralize threats as they occur. Reinforcement
Learning (RL) algorithms enable adaptive and
responsive cyber defense strategies by modeling
aacker behavior and learning from simulated aack
scenarios. Singh et al. (2024) demonstrated a deep
reinforcement learning (DRL) approach for intrusion
detection that adapts to changing network conditions,
learning to distinguish between normal and anomalous
behaviors over time. Experimental results showed
superior detection performance compared to
traditional methods, highlighting DRL's potential in
building robust and proactive cybersecurity defenses.
This adaptability is critical in combating advanced
persistent threats (APTs), which are designed to
infiltrate and remain undetected in systems for
extended periods.

Al-Driven Automation

Al-driven automation streamlines routine
cybersecurity tasks, such as vulnerability scanning,
log analysis, and patch management. By automating
HR processes, organizations can allocate human
resources to more complex tasks, thereby increasing
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operational eiciency. This automation brings
numerous benefits, such as improved accuracy,
compliance, and employee satisfaction (Vijai &
Mariyappan, 2023). Consequently, HR professionals
can focus on strategic initiatives and value-added
tasks, resulting in beer talent management and overall
organizational success. Also, Al-based systems
significantly reduce incident response times and limit
damage from cyber threats, contributing to a much
stronger cybersecurity infrastructure.

By enabling real-time analysis and rapid execution of
countermeasures, Al enhances the eiciency and
eectiveness of threat management (Olasekemi, 2023).
Automated threat response systems such as Endpoint
Detection and Response (EDR) systems collect and
analyze extensive endpoint data using machine
learning and behavioral analysis to identify suspicious
activities. They oer detailed visibility into endpoint
activities for quick anomaly detection and incident
response, integrate with other security tools to bolster
overall security, and provide comprehensive
protection by isolating infected devices from the
network within seconds to minimize damage (Kaur et
al., 2024). Companies like Palo Alto Networks and
FireEye have successfully integrated Al automation
tools into their cybersecurity platforms, demonstrating
the practical benefits of this technology.

Hybrid Al Models

Hybrid Al, which merges symbolic (rule-based) and
non-symbolic Al (machine  learning), is
revolutionizing artificial intelligence by combining the
strengths of logical rule-based systems and machine
learning to enhance overall cybersecurity eiciency.
This approach enables real-time decision-making and
creativity, creating user-friendly systems that enhance
human-digital interactions. Symbolic Al adds
semantic understanding for beer decision-making,
while non-symbolic Al uses vast training data for
accurate predictions, making it a powerful tool for
dynamic threat detection and adaptive responses
(Leeway Hertz, 2024). In their 2022 study, Al-Taleb
and Saqib introduced a hybrid Al model to enhance
cybersecurity in smart city environments, addressing
challenges like real-time data classification and high
false-positive  rates. The model integrates
convolutional neural networks (CNNs) and quasi-
recurrent neural networks (QRNNS), leveraging their
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complementary strengths for beer cyber threat
intelligence (CTI). Tested on datasets such as BoT-10T
and TON_IoT, the hybrid approach outperformed
existing methods in terms of detection accuracy and
response speed. Its ability to process large-scale 10T
data in real time makes it particularly eective in
managing vulnerabilities in interconnected smart city
systems, where the risks of cyberaacks are heightened
due to extensive data generation and transmission (Al-
Taleb & Sagib, 2022).

IV. PRACTICAL APPLICATIONS OF NEXT-
GENERATION Al TECHNOLOGIES
Malware Detection

Al technologies are leading the way in modern
malware detection, oering unmatched capabilities in
identifying and neutralizing advanced threats. The
field has evolved significantly, leveraging cuing-edge
technologies such as artificial intelligence, machine
learning, behavioral analysis, and anomaly detection
to stay ahead of cyber adversaries (Vasani et al., 2023).
Malware is a continuously evolving cybersecurity
threat, and traditional detection technologies often fail
to keep pace with the rapid emergence of new types.
Signature-based methods, in particular, struggle to
identify new malware variants, including polymorphic
and zero-day threats (Redhu et al. 2024). In contrast,
by leveraging Al technologies such as machine
learning, deep learning, and natural language
processing, cybersecurity systems can swiftly detect
and analyze anomalous behavior, zero-day
vulnerabilities, and advanced persistent threats
(APTSs), providing faster and more accurate responses
to cyber threats (Joseph, 2024). A comparative
analysis shows that Al models can improve malware
detection  rates,  significantly  outperforming
conventional systems in speed and accuracy
(Emmanuel, 2024). For example, cybersecurity firms
such as Cylance utilize predictive Al to prevent
malware execution, establishing a proactive defense
strategy (Demkovych, 2024).

Intrusion Detection

Al-powered intrusion detection systems (IDS) have
revolutionized the ability to detect and respond to
unusual network activity. Al-based intrusion detection
methods enhance accuracy and are highly eective
against advanced persistent threats (APTs) by using
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algorithms that learn from historical data to identify
deviations from normal network behavior, though
research has primarily focused on detecting aacks
rather than classifying individual aack types (Sowmya
& Anita, 2023; Paul, 2024). For example, Alwhbi et
al. (2024) demonstrated how machine learning
techniques, especially unsupervised models, can
analyze encrypted network traic without decryption.
This method enhances security by maintaining data
privacy while eectively identifying threats. The study
emphasizes anomaly detection and classification,
showing the potential of machine learning to reduce
false positives and detect zero-day vulnerabilities by
ensuring both security and privacy.

Endpoint Protection

Endpoints, often the weakest link in an organization's
cybersecurity chain, benefit immensely from Al-
driven solutions. EDR excels at detecting various
types of malware on endpoints through machine
learning techniques, heuristic analysis, sandbox
analysis, and signature-based detection, providing
deep visibility into endpoint behavior. Network deep
scanning and the integration of ML-based strategies
enhance these capabilities by oering real-time
monitoring, anomaly detection, and centralized
management, ensuring comprehensive protection and
improving endpoint security measures (Althamir et al.,
2024). Hitachi Consulting implemented SentinelOne’s
Endpoint Protection Platform (EPP) across 6,000
endpoints to enhance security against threats like zero-
day exploits, malware, and ransomware. This solution
provided real-time visibility, automated threat
mitigation, and minimized maintenance eorts,
significantly boosting their cybersecurity resilience
and operational eiciency (SentinelOne, 2023).

ThreatIntelligence Platforms

Al-driven threat intelligence platforms aggregate and
analyze vast amounts of data from diverse sources,
providing actionable insights into potential threats.
Natural Language Processing (NLP) enhances the
analysis, detection, and mitigation of cybersecurity
incidents by processing unstructured data. It reduces
response times and improves accuracy by generating
human-like  responses.  Techniques such as
summarization and text generation help convert raw
incident data into structured reports, aiding
stakeholders in quickly understanding incidents
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without manual interpretation (Ogundairo et al.,
2024). Implementations include IBM’s QRadar, which
uses Al to correlate threat data and prioritize alerts.
IBM QRadar Threat Intelligence uses STIX and
TAXII formats to pull in threat intelligence feeds,
enabling the creation of custom rules for correlation,
searching, and reporting. It allows users to import
dangerous IP address collections from IBM X-Force
Exchange and create rules to increase the severity of
oenses involving these IPs. With version 2.0.0, users
can browse various threat collections and view IBM
Advanced Threat Protection Feeds. Additionally, it
oers seings to scan the QRadar environment for
potential threats identified in the X-Force Exchange
collection (IBM, 2024).

FUTURE TRENDS AND CHALLENGES

Evolving Cyber Threat Landscape

As Al technologies become integral to cybersecurity,
aackers are adapting by developing strategies to evade
Al-based defenses, including adversarial aacks that
manipulate, deceive, and evade machine learning
models (Kaur et al.,2023; Kethireddy & Reddy, 2022).
These evolving tactics necessitate  stronger
countermeasures that anticipate and neutralize new
threats. For instance, aackers now exploit Al systems'
dependence on large datasets by introducing deceptive
inputs. Adversarial aacks mislead models with crafted
inputs, while data poisoning manipulates the training
set, compromising the system. These threats result in
incorrect predictions, biased decisions, and potential
system failures by exploiting Al model vulnerabilities
(Ravindar, 2024).

The rise of adversarial Al poses risks, Adversarial
aacks exploit Al and ML vulnerabilities by inpuing
carefully crafted data to trick the system into incorrect
decisions, like misclassifying a stop sign as a speed
limit sign, which could have dire consequences in
contexts like autonomous driving. Understanding
these aacks is crucial, as they expose weaknesses in Al
learning mechanisms and pose significant risks for
security measures reliant on Al and ML (lvezic and
Luka, 2023). The integration of Al into decision-
making processes raises ethical concerns about bias,
responsibility, societal impact, data privacy, and the
lack of transparency. Ethical frameworks must evolve
alongside Al advancements to ensure responsible and
equitable integration (Osasona et al., 2024).
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Opportunities for Innovation

Despite challenges, Al technologies hold promise for
breakthroughs in predictive analytics, enabling
organizations to forecast and mitigate threats
proactively. Future advancements in autonomous
defense systems and real-time threat analysis could
redefine the cybersecurity space. Integrating Al into
decision-making processes raises ethical concerns
about bias, responsibility, societal impact, data
privacy, and the lack of transparency. Research eorts
are focusing on hybrid Al models and explainable Al
(XAl) to enhance system transparency and eiciency,
ensuring responsible and equitable integration
(Dimple, 2024).

V. IMPLICATIONS FOR NATIONAL
SECURITY

Protection of Critical Infrastructure

In the modern digital age, critical infrastructure like
energy grids, healthcare systems, transportation
networks, and financial institutions are increasingly
vulnerable to sophisticated cyber threats. The integrity
of these systems is vital for a global society, yet they
frequently face targeted cyber-aacks (Tobiloba, 2023).
Machine learning analyzes large data volumes to
detect real-time anomalies and potential threats.
Advanced ML models continuously monitor network
traic, user behavior, and system logs to identify
deviations from normal paerns and respond to threats,
minimizing the risk of system disruptions (Ofoegbu et
al., 2023). Al-driven predictive analytics also help
anticipate and mitigate potential aacks before they
occur (Chowdhury et al., 2024).

Economic Interests

Al algorithms, including machine learning and natural
language processing, enable financial institutions to
analyze large data sets in real-time, identifying
fraudulent behavior paerns. Integrating Al-powered
fraud detection with blockchain-based networks
enhances security and transparency, ensuring
transaction integrity and traceability while providing
advanced analytics and predictive capabilities
(Odeyemi et al., 2024).

Safeguarding Democratic Institutions

Al has the potential to transform the electoral system
by enhancing polls, campaign methods, and voter
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registration, but it also poses challenges to election
integrity. By mitigating threats like election
interference, deepfake  disinformation, and
cyberaacks, Al can strengthen public trust in
democratic processes through secure communication
and fraud detection (Chennupati, 2024). Al systems
play a central role in the disinformation phenomenon
by creating realistic fake content and facilitating its
dissemination to targeted audiences, raising ethical
and human rights concerns. Proactive use of Al for
monitoring social media and online platforms can curb
the spread of disinformation, preserving democratic
integrity, while other Al systems are developed to
detect and regulate disinformation online (Bontridder
etal., 2024).

CONCLUSION

Al technologies have demonstrated immense potential
in transforming cybersecurity and addressing
challenges posed by rapidly evolving threats. From
malware  detection to safeguarding critical
infrastructure, Al-driven solutions oer unparalleled
capabilities for predictive and autonomous defenses.
However, the dynamic nature of cyber threats and
ethical considerations surrounding Al emphasize the
need for continued innovation and vigilance.
Collaborative eorts among researchers, industry
leaders, and policymakers are vital to harness the full
potential of Al while ensuring security, privacy, and
ethical integrity in its applications. Integrating Al with
existing cybersecurity frameworks and encouraging a
culture of continuous improvement and learning are
essential to stay ahead of sophisticated cyber threats.
By leveraging the collective expertise and resources of
the global cybersecurity community, we can build
more resilient and secure systems that protect the
digital future for all. The path forward involves
technological advancements and a steadfast
commitment to ethical standards and collaborative
governance to resolve the complexities of Al in
cybersecurity eectively.
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