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Abstract- The increasing sophistication of cyber
threats necessitates a comprehensive evaluation of
cybersecurity approaches. This study assesses the
effectiveness of signature-based detection, anomaly-
based detection, artificial intelligence-driven
methods, and hybrid models in mitigating cyber
threats. A mixed-methods approach is employed,
combining quantitative analysis of threat detection
rates, response times, and false positive rates with
qualitative insights from expert interviews and case
studies. The findings reveal the strengths and
weaknesses of each approach, highlighting the
importance of context-dependent cybersecurity
strategies. This research provides actionable
recommendations for organizations to enhance their
cybersecurity posture, informing the development of
adaptive threat mitigation frameworks that integrate
multiple approaches. The study's results contribute
to the advancement of cybersecurity practices,
enabling organizations to better protect themselves
against evolving cyber threats.

Indexed Terms- Cybersecurity Approaches, Threat
Mitigation, Effectiveness Evaluation, Signature-
Based Detection, Anomaly-Based Detection,
Artificial Intelligence-Driven Methods, Hybrid
Models.

L INTRODUCTION

The increasing sophistication of cyber threats poses
significant challenges for organizations, necessitating
a comprehensive evaluation of cybersecurity
approaches (Kolias et al., 2017; Al-Gburi et al., 2020).
The consequences of cyber-attacks can be devastating,
ranging from financial losses (Kshetri, 2019) and data
breaches (Roman, 2013) to reputational damage
(Kumar et al., 2020) and operational disruption (Al-
Garadi et al., 2020). However, cyber threats have
evolved to become more complex, stealthy, and
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targeted, making it essential for organizations to adopt
effective cybersecurity strategies to protect their assets
and data (Humayun et al., 2020; Ahmad et al., 2019).

Signature-based detection, anomaly-based detection,
artificial intelligence (AI)-driven methods, and hybrid
models are some of the most commonly used
cybersecurity approaches (Kumar et al., 2019; Xin et
al., 2018). Signature-based detection relies on
predefined signatures to identify known threats, while
anomaly-based detection identifies unusual patterns
and behaviors that may indicate unknown threats
(Garcia et al., 2014). Al-driven methods utilize
machine learning and deep learning algorithms to
detect and predict threats, and hybrid models combine
multiple approaches to leverage their strengths (Xin et
al., 2018).

Despite the importance of cybersecurity, there is a lack
of comprehensive studies that evaluate the
effectiveness of different cybersecurity approaches in
mitigating cyber threats (Humayun et al., 2020). This
study aims to address this gap by assessing the
effectiveness of signature-based detection, anomaly-
based detection, Al-driven methods, and hybrid
models in mitigating cyber threats.

This study aims to evaluate the efficacy of different
cybersecurity approaches in preventing cyber threats.
This study seeks to provide organizations with
actionable insights to inform their cybersecurity
strategies by analyzing the strengths and weaknesses
of various cybersecurity measures.

II. RELATED WORKS
2.1 Signature-based Detection Approach

Signature-based detection is a widely used
methodology in cybersecurity that identifies potential
threats by recognizing patterns or "signatures" of
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known threats (Kumar et al., 2019). Signature-based
detection operates by comparing incoming network
traffic or files to a database of known malicious
signatures. These signatures are unique patterns or
identifiers, such as byte sequences in network traffic
or specific instruction sequences used by malware
(Kumar et al., 2019; Xin et al., 2018). When a match
is detected, the system sends an alert or takes action to
prevent the threat (Roesch, 1999; Paxson, 1998).
Signature-based approach detection is highly effective
against known threats, allowing for quick
identification and response. Its strengths include
(Kumar et al., 2019; Xin et al., 2018) the approach can
promptly pinpoint intruding entities when they match
a stored signature (Roesch, 1999). The approach uses
specific signatures for known threats, signature-based
detection can reduce false positives (Paxson, 1998).

More so, the approach does not require significant
computational resources (Kumar et al., 2019). Though
the approach works but has some limitations in that it’s
ineffective against new previously unknown threats or
zero-day attacks that do not match existing signatures
(Xin et al., 2018). Also, attackers can use tactics like
encryption or obfuscation to evade detection in the
approach and maintaining up-to-date database of
signature can be challenging due to the constant
emergence of new threats (Paxson).

Anomaly-based Detection Cybersecurity Approach

Anomaly-based detection is a cybersecurity approach
that identifies potential security threats by detecting
unusual patterns or behaviors in network activity.
Unlike traditional signature-based detection methods,
anomaly-based detection doesn't rely on known threat
patterns, making it effective in identifying unknown
and emerging threats (Neeraja H, 2025).
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Figure 1: How anomaly-based detection works

In anomaly-based detection, gathering and
normalizing network traffic data for consistency is
essential in data collection and preparation, then, the
baseline is established by using historical data or
statistical measures to define normal behaviour. In
anomaly-based detection algorithms are selected to
identify deviations from baseline, flagging potential
security incidents. Then, regular updates of the system
to adapt to new threats and maintain effectiveness,

The limitation of this approach is that it legitimate
activities may be flagged as suspicious, leading to
unnecessary  investigations., and  continuous
monitoring and analysis require  significant
computational power and storage. Also, the approach
requires substantial data and can be influenced by the
quality and completeness of the data.

Artificial Intelligence-Driven Approach

Artificial Intelligence (Al)-driven methods are
increasingly being used in cybersecurity to detect and
prevent complex threats. These methods utilize
machine learning (ML) and deep learning (DL)
algorithms to analyze data and identify patterns that
may indicate potential security threats 0Xin et al.,
2018). Data are collected from various sources such as
traffic, system logs, and user behaviour. These data are
cleaned, and prepare the data for analysis. Then, the
ML/DL models are trained using labelled datasets to
recognize patterns and anomalies, the trained models
are deployed to detect potential security threats in real-
time.
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Figure 2: How Al-based Approach works

Source: GeeksforGeeks

2.2 Signature-Based Approach

Signature-based detection is a widely used
cybersecurity approach that identifies potential threats
by recognizing patterns or "signatures" of known
threats (Kumar et al., 2019; Xin et al., 2018). This
approach relies on a database of predefined signatures,
which are used to identify and block malicious
activity. A database of known threat signature is
maintained and updated regularly, then, network
traffic or system activity is analyzed for matches
against the signature database and lastly, when a match
is detected, the system alerts or blocks the malicious
activity. The approach is highly effective against
known threats, allowing for quick identification and
response (Roesch, 1999). Also, by using specific
signatures for known threats, signature-based
detection can reduce false positives (Paxson, 1995).
Meanwhile the approach is limited by not identifying
the unknown threats and attackers can use tactics like
encryption or obfuscation to evade detection as
claimed by Kumar et al., 2019.

III. METHODOLOGY

this study employs a mixed-methods approach,
combining quantitative and qualitative methods,
quantitatively, we evaluate threats detection rates,
response times, and false rates for each approach.
Expert interviews and case studies provide context-
dependent insights into the effectiveness of each
approach. Comparative analysis of each cybersecurity
approach is carried out in Table 1. The table shows the
strengths, weaknesses, and qualitative requirements of
each approach.
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3.1 Comparative analysis of cybersecurity approaches
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Approach Strengths Weaknesses Qualitative
Requirement
Anomaly-Based Detects unknown threats, May generate high Reqguires expert
Detection identifies unusual patterns | false positive rates. It analysis to define
and behaviours requires baseline normal behaviour,
establishment identify anomalies and
adjust thresholds
Artificial Excel at detecting complex Requires significant Regquires expertise in
Intelligence-Based threats, it can learn from data and machine learning and
data, and improve over computational data analysis and
time. resources, may be continuous menitering
vulnerable to o ensure model
adversarial attacks accuracy
Signature-based Effective against known Limited by reliance on Relies on expert
detection threats, low false positive | predefined signatures, knowledge to create
rate, and efficient ineffective against and update signatures,
detection unknown threats reguires continuous
menitoring to stay up-
to-date
Hybrid Combines strengths of May increase Requires expertise in
multiple approaches, complexity, requires multiple cybersecurity
offers balanced detection MOre résources, approaches, carsful
capabilities. integration and tuning. |

Table 1: showing comparative analysis of all the
cybersecurity approaches

By understanding the strengths and weaknesses of
each approach, organizations can develop effective
cybersecurity  strategies to  protect against

evolving cyber threats.
3.2 Findings

The study’s findings reveal the strengths, weaknesses,
and qualitative requirement of each approach as shown
in Table 1. Comparing each cybersecurity approach, it
is observed that each approach has its strengths,
weaknesses, and the qualitative requirements vary
accordingly. A hybrid approach may offer the most
comprehensive careful
integration and expertise. The hybrid approach scores
highest in effectiveness but expertise required, while
the Al-based approach scores high in effectiveness and
false positive rate reduction. The signature-based
approach s
requirements, but limited in effectiveness. The

solutions, but requires

efficient in terms of resource

anomaly-based approach is effective in detecting
unknown threats, but may generate high false positive
While
signature-based approach scores lowest in Expertise
required as shown in Table 2 below.

rates but high rate resource requirements.
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3.3 Evaluation of Cybersecurity Approaches using
percentage (%)

Approac | Effective | False | Resource | Expert

h ness Posit | Require ise
ive ments % | Requir

% Rate ed.

% Y%m4

Anomal | 80 40 70 80

y-Based

Detectio

n

Artificia | 90 85 40 90

1

Intellige

nce-

Based

Signatur | 70 80 90 60

e-Based

Detectio

n

Hybrid | 95 90 60 95

Table 2: showing the comparison of cybersecurity
Approaches using percentage rate as a measurement
tool.

IV. EVALUATION APPROACH DISCUSSION

This evaluation assesses four cybersecurity
approaches; Anomaly-Based Detection, Al-Based
Detection, Signature-Based Detection, and Hybrid
Model-based on their effectiveness, false positive
rates, resource requirements, and expertise needed.

The results show that:

Anomaly-Based Detection is 80% effective in
detecting unknown threats, but has a relatively high
false positive rate of 40%. It requires moderate
resources (70%) and significant expertise (80%). Al-
Based Detection is 90% effective in detecting complex
threats, with a low false positive rate of 15% (100-85).
It requires high resources (60% is low, so 40% is high)
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and advanced expertise (90%). Signature-Based
Detection is 70% effective against known threats, with
a very low false positive rate of 20% (100-80). It
requires low resources (90%) and moderate expertise
(60%) see Figure 4,

The Hybrid Model offers balanced detection
capabilities, with a high effectiveness rate of 95% and
a low false positive rate of 10% (100-90). It requires
moderate resources (60%) and advanced expertise
(95%). Each method has its strengths and weaknesses,
and the Hybrid Model appears to offer a
comprehensive solution with high effectiveness and
low false positives.

Chart of Comparative Analysis of Cybersecurity
Approach
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Figure 4: Chart showing the evaluation of
CONCLUSION

This study emphasizes the significance of tailoring
cybersecurity strategies to an organization's specific
needs and threat environments. It highlights the
benefits of combining multiple approaches to develop
flexible frameworks for mitigating threats. The
evaluation of different cybersecurity methods reveals
the strengths and weaknesses of each, with hybrid
models standing out as a comprehensive solution that
balances detection capabilities. However,
implementing hybrid models requires careful
planning, expertise, and resources. The findings can
guide organizations in selecting the most suitable
approach based on their unique requirements and
constraints. Ultimately, a well-informed and adaptive
cybersecurity strategy is essential for protecting digital
assets against evolving threats.
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