Journal of Reliable Intelligent Environments
https://doi.org/10.1007/s40860-024-00226-y

ORIGINAL ARTICLE l‘)

Check for
updates

A survey: contribution of ML & DL to the detection & prevention of
botnet attacks

Yassine EL Yamani'® - Youssef Baddi? - Najib EL Kamoun'

Received: 30 November 2023 / Accepted: 11 June 2024
© The Author(s), under exclusive licence to Springer Nature Switzerland AG 2024

Abstract

Machine Learning (ML) and Deep Learning (DL) are transforming the detection and prevention of botnets, significant threats
in cybersecurity. In this survey, we highlight the shift from traditional detection methods to advanced ML and DL techniques.
We demonstrate their effectiveness through case studies involving classification algorithms, clustering techniques, and neural
networks. We also explore innovative strategies like federated learning and meta-learning models that enhance proactive
defenses, including predictive analytics, real-time systems, and automated responses. Our paper discusses challenges such as
data privacy, model overfitting, and the need for adaptability to sophisticated botnet structures. We emphasize the importance
of ongoing research and collaboration across disciplines to keep pace with fast-evolving cyber threats, offering insights for

developing intelligent cybersecurity defenses.
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1 Introduction

The digital world faces increasing threats from botnets,
which are networks of hijacked devices controlled by cyber-
criminals to carry out various cyberattacks. These attacks
threaten both personal and corporate data, as well as the sta-
bility of essential services. Botnets have evolved from simple
spam tools to complex entities capable of large-scale Dis-
tributed Denial-of-Service (DDoS) attacks, highlighting the
limitations of traditional security measures and the need for
more adaptable solutions [1].

As botnet structures become more complex, incorporating
devices from the Internet of Things (IoT) to cloud tech-
nologies, traditional cybersecurity methods are no longer
sufficient. This gap has led to the adoption of Machine Learn-
ing (ML) and Deep Learning (DL) in cybersecurity. These
technologies enhance the detection and prevention of botnets
by analyzing large datasets to predict and counteract threats
more effectively than traditional methods [2, 3]. Additionally,
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advanced communication frameworks in IoT environments
support these efforts by providing scalable and efficient data
transfer mechanisms [4]. However, implementing ML and
DL also presents challenges, such as high computational
demands and concerns about data privacy and model overfit-
ting [5-7].

Our paper is organized as follows. Section 2 provides
a detailed overview of botnets, discussing their defini-
tion, functionality, and recent developments, along with a
review of recent incidents and their impacts. Section 3
examines traditional methods for detecting botnets, their lim-
itations, and how ML and DL are beginning to address these
issues. Section 4 explores the application of ML and DL
in cybersecurity, describing various algorithms like classifi-
cation, clustering, and neural networks, and evaluating how
advanced techniques like deep learning can strengthen cyber-
security defenses. This section also highlights the importance
of datasets, the challenges in applying ML and DL, and the
evaluation of these models in the cybersecurity field.

Section 5 details the specific roles and contributions of ML
and DL in detecting botnets, categorizing different machine
learning techniques and deep learning approaches, and high-
lighting hybrid and innovative detection methods. Section
6 covers proactive measures for preventing botnet attacks
using ML and DL, outlining strategies such as incremental
learning, meta-learning, and real-time detection to improve
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cybersecurity. Finally, Section 7 discusses the current chal-
lenges and future directions for using ML and DL in botnet
detection and prevention, emphasizing the need for adapt-
ability and continuous model updates. Section 8 concludes
with a summary of the findings and suggestions for future
research.

2 Botnets: an overview
2.1 Definition and functioning of botnets

What are Botnets ? Botnets, a blend of “robot” and “network,”
are intricate networks of devices compromised by cyber-
criminals. These devices range from personal computers to
Internet of Things (IoT) gadgets, all infected with malware
that turns them into tools for malicious activities. Botnets
are commonly used for various harmful operations, includ-
ing Distributed Denial-of-Service (DDoS) attacks, data theft,
and spreading additional malware [8, 9].

Command-and-control architecture: The operation of a
botnet revolves around its command-and-control (C&C)
architecture. This system allows cybercriminals to control the
compromised devices. Through C&C servers, cybercrimi-
nals send commands that organize complex attacks or quietly
steal data. Understanding this central command mechanism
is essential for knowing how botnets work and finding ways
to disrupt them [8, 9].

Challenges posed by Botnets: As botnets become more
sophisticated, they present ongoing challenges to tradi-
tional cybersecurity measures, which often struggle to adapt
quickly enough to address such dynamic threats effectively.
The increasing complexity of botnets shows the need for con-
tinually developing cybersecurity strategies to keep up with
these advanced threats [9].

Additionally, insights from the detection mechanisms of
ransomware attacks, which are discussed extensively in [10],
highlight the importance of adaptive and robust detection
systems in countering botnet threats.

2.2 Trends in botnet evolution

Botnets have significantly evolved, mirroring technological
advancements and expanding their influence across the dig-
ital landscape. Originally simple tools for spamming and
basic Distributed Denial-of-Service (DDoS) attacks, botnets
have transformed into complex systems capable of executing
sophisticated cybercrimes.

Early Botnets to advanced DDoS attacks: Initially used
for spamming, botnets like Gameover Zeus have developed
into complex peer-to-peer (P2P) networks, showing signifi-
cant improvements in their capabilities [11]. This evolution
highlights their adaptation to better cybersecurity defenses
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and the ongoing need for advancements in security strate-
gies.

1oT device vulnerability and the Mirai Botnet: The Mirai
botnet exploited vulnerabilities in IoT devices to launch
massive DDoS attacks in 2016 [1, 12, 13]. This incident
demonstrated the potential for large-scale disruptions and
marked a shift towards targeting the widespread but often
insecure IoT devices, often managed by less experienced
developers.

Emergence of mobile Botnets: With the rise of smart-
phones, mobile botnets like Andbot have emerged, using
mobile-specific command and control tactics to increase
stealth and resilience [14]. This development highlights the
expanding threat landscape as cybercriminals exploit the
widespread use of mobile devices.

Vehicular ad hoc networks (VANETS) and Botnet threats:
The advancement of VANETSs brings new security chal-
lenges, posing risks to both digital and physical safety. Efforts
like SHIELDNET aim to mitigate these threats, showing the
continuous evolution of botnet challenges in vehicular con-
texts [15].

Complexity of P2P Botnets: P2P botnets, such as Gameover
Zeus, present considerable challenges due to their decen-
tralized command structures that blend with legitimate traf-
fic, making detection more difficult [11]. This complexity
requires more advanced detection techniques to effectively
identify and counter these threats.

Social network Botnets (SnBs): SnBs exploit social net-
works to manipulate information and spread malware. This
trend illustrates how cybercriminals leverage social plat-
forms to reach large audiences, posing unique challenges for
detection and management [16].

2.3 Recent botnet incidents and their evolving
impact

Botnets continue to evolve and pose increasing threats to
cybersecurity. For instance, the Trickbot botnet highlights the
vulnerabilities of Internet of Things (IoT) devices, exploiting
them to conduct DDoS attacks, identity theft, and large-
scale data breaches. This botnet has significantly impacted
the financial sector, demonstrating the urgent need for better
detection and prevention methods [17].

Additionally, the emergence of the Meris botnet marked a
substantial increase in attack severity. In September 2021, it
caused unprecedented DDoS incidents affecting major plat-
forms like Yandex and Cloudflare [13]. This situation further
exposed critical weaknesses in [oT security, especially the
unencrypted nature of most IoT traffic, leading to significant
security breaches [18].
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3 Detection of botnets: traditional
approaches

3.1 Conventional methods for botnet detection

The fight against botnets uses a range of established detec-
tion techniques, each targeting different aspects of these
cyber threats. Key methods include signature-based detec-
tion, anomaly detection, and network traffic analysis. These
strategies are the pillars of traditional cybersecurity defenses.
Table 1 below outlines how each method functions and the
challenges they face, providing a clear perspective on how
they contribute to securing networks from botnet intrusions.

3.2 Limitations of traditional techniques

Traditional botnet detection techniques, while foundational,
face considerable challenges in addressing the sophistication
of modern threats, especially in IoT and complex networks.

Adaptability to new threats: Traditional approaches like
signature-based detection often fall short in recognizing new
and unknown botnet behaviors. This is a major limitation in
IoT settings where botnet activities are unique and rapidly
changing [19, 20]. Research highlights the dynamic and
decentralized nature of IoT botnet threats, pointing to the
need for more flexible detection frameworks [22, 23].

High false positive rates: Systems based on anomaly
detection frequently encounter high false positive rates,
incorrectly flagging unusual but non-malicious activities as
threats. This problem is worse in complex scenarios, such as
distinguishing between benign and malicious DNS queries,
which remains a significant challenge [21, 28, 29].

Reactive nature: Traditional methods, which are predom-
inantly reactive, struggle against new or rapidly evolving
botnet strategies. Their effectiveness diminishes in a land-
scape where botnet structures and attack techniques are
constantly evolving [25, 30, 31].

Resource intensity and scalability: Anomaly-based detec-
tion requires continuous monitoring, which is resource-
intensive and often does not scale well in large or complex
networks, especially those with numerous IoT devices [24,
32].

Lack of comprehensive solutions: Existing methods tend
to target specific elements of botnet threats and do not pro-
vide a holistic approach to comprehensively tackle the full
range of botnet activities, particularly within the diverse IoT
environment [20, 26, 27].

3.3 Bridging traditional gaps: the emergence of ML
and DL

Traditional botnet detection methods face challenges such as
adaptability issues, high false positive rates, and a reactive

approach. Machine Learning (ML) and Deep Learning (DL)
provide a transformative upgrade by learning from complex
datasets and shifting cybersecurity from a reactive to a proac-
tive stance.

Revolutionizing detection with ML and DL: By analyz-
ing real-time data, ML and DL enhance the accuracy of
traditional detection methods and significantly reduce false
positives, greatly improving cybersecurity effectiveness.

Enhancing conventional methods: Integrating ML and DL
with traditional techniques refines detection accuracy. For
example, ML algorithms enhance anomaly-based systems to
better distinguish between legitimate anomalies and actual
threats. In network traffic analysis, they help uncover com-
plex botnet patterns that conventional methods might miss.

Confronting loT challenges: In the diverse and decentral-
ized IoT environment, ML and DL are particularly effective.
Their ability to adapt and learn from varied data makes them
powerful tools against the dynamic threats in IoT contexts.

Integrating ML and DL with traditional detection methods
not only addresses existing challenges but also establishes
a proactive, dynamic cybersecurity framework. Subsequent
sections will delve into the specific roles and contributions
of ML and DL, highlighting their transformative potential in
cybersecurity strategies.

4 ML and DL in cybersecurity
4.1 Harnessing ML algorithms in cybersecurity

Machine Learning (ML) plays a crucial role in strength-
ening cybersecurity. In this subsection, we explore how
ML algorithms enhance digital defenses by providing adap-
tive intelligence that evolves in response to emerging cyber
threats. These algorithms transform cybersecurity strategies
by leveraging data-driven insights to detect and mitigate
vulnerabilities effectively. Batta Mahesh’s comprehensive
analysis [33] highlights the significant impact of ML in devel-
oping resilient and intelligent cybersecurity measures.

4.1.1 Classification algorithms

Classification algorithms, essential to supervised learning,
analyze labeled data to classify and predict the nature of
new, unseen data. They are crucial in cybersecurity for
distinguishing between normal operations and malicious
activities. These algorithms range from simple decision trees
to complex neural networks, accommodating different data
complexities to tailor solutions for specific cybersecurity
challenges [34, 35].
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e Versatility in applications: These algorithms range from
simple decision trees to complex neural networks, accom-
modating different data types and complexities. They
offer tailored solutions for specific cybersecurity chal-
lenges [34, 35].

e Robust anomaly detection: Classification algorithms are
effective at identifying unusual patterns, making them
vital for systems such as botnet detection, intrusion detec-
tion systems (IDS), and malware identification [36, 37].

e Algorithm varieties: Common types include Decision
Trees, Support Vector Machines (SVM), Naive Bayes,
K-Nearest Neighbors (KNN), and Neural Networks [35].

e Adaptability and continuous learning: Many algorithms
support incremental learning, allowing them to adapt to
new threats and evolve with the dynamic cybersecurity
environment [38].

e Challenges and considerations: Challenges include deal-
ing with imbalanced datasets and the need for extensive,
accurately labeled training data. Addressing these issues
often involves techniques like synthetic data generation
to enhance model accuracy and robustness [39].

4.1.2 Clustering algorithms

Clustering algorithms, essential in unsupervised learning,
organize data into groups based on similarity and play a cru-
cial role in cybersecurity [40]. They help identify patterns
and anomalies within large datasets using techniques like
K-Means, Hierarchical clustering, and DBSCAN, which are
tailored for specific data distributions and applications.

e Anomaly and pattern detection: Clustering algorithms are
vital for anomaly detection in cybersecurity. By grouping
similar data points, they help identify unusual patterns
such as unrecognized botnet behaviors and new malware
signatures [36].

e Application in cybersecurity: These algorithms are essen-
tial for detecting botnet communication patterns and
isolating suspicious network traffic. They are particularly
effective when attack signatures are not well-defined or
are constantly evolving [41, 42].

e Challenges and considerations: Challenges include select-
ing the optimal number of clusters and the appropri-
ate distance measure. The effectiveness of clustering
depends on data characteristics and algorithm parame-
ters, which are crucial for successful anomaly detection
in cybersecurity [40].

4.1.3 Neural networks

Neural Networks are fundamental in Machine Learning
for modeling complex data relationships and significantly

enhancing cybersecurity. These networks, mimicking the
human brain’s structure, consist of interconnected nodes that
process and learn from input data, excelling in identifying
complex patterns crucial for detecting sophisticated cyber
threats [43].

e Foundation for advanced models: They underpin spe-
cialized architectures such as Convolutional Neural Net-
works (CNNs) for image-related tasks [44] and Recurrent
Neural Networks (RNNs) for processing sequential data
[45].

e Cybersecurity applications: Neural networks help build
systems that effectively detect and respond to cyber
threats, enhancing overall security measures [46].

e Deep learning foundations: They form the basis for
Deep Learning, involving networks with multiple layers
that model complex processes to improve cybersecurity
defenses [43].

e Data and computational demands: Their effectiveness
relies on substantial data and computational power,
necessitating high-quality data management and resource
allocation [47].

e Network security: Protecting neural networks against
adversarial attacks is crucial to prevent manipulations
that compromise their functionality [47].

4.1.4 Ensemble methods

Ensemble Methods enhance machine learning predictions by
combining multiple models, known as “weak learners,” into a
collective framework. This approach surpasses the accuracy
and robustness of any single model. These methods leverage
the strengths of various models through techniques like bag-
ging and boosting, which merge predictions to reduce errors
and stabilize outcomes [48].

e Varieties of ensemble methods:

— Bagging: Reduces variance by combining outputs
from models trained on different data subsets.

— Boosting: Increases accuracy by focusing on instances
misclassified by previous models.

e Cybersecurity applications: Ensemble methods excel in
detecting complex threats like botnet attacks. They iden-
tify subtle malicious patterns that single models might
miss [49].

e Challenges: Despite their effectiveness, ensemble meth-
ods require significant computational resources and a
diverse array of models to optimize performance [50].

e Botnet detection: Their ability to enhance network
security against advanced botnets demonstrates their
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effectiveness in countering sophisticated evasion tactics,
thereby strengthening cybersecurity defenses [49].

4.1.5 Reinforcement learning (RL)

Reinforcement Learning (RL) stands out in Machine Learn-
ing for its unique decision-making process, which involves
interacting with an environment to achieve specific goals.
This method uses a reward system that reinforces optimal
behaviors, making it particularly effective for tasks requir-
ing sequential decisions, such as navigation and real-time
strategy games [51].

Agent—environment interaction: RL involves an agent
learning decision-making by interacting with its envi-
ronment to maximize cumulative rewards [51].

e Reward feedback: At the core of RL is the reward signal,
which guides the agent’s actions to maximize the total
received rewards [51].

e Sequential decision making: RL excels in tasks requiring
sequential decisions, such as navigation and real-time
strategy games [51].

e Exploration vs. exploitation: RL balances trying new
strategies (exploration) with using known successful
strategies (exploitation) [51].

e Policy and value functions: RL involves learning policies

for action selection and value functions to estimate future

rewards, which are critical for guiding decisions [51].

4.2 DL in cybersecurity: fortifying digital bastions

Deep Learning (DL) is reshaping cybersecurity by intro-
ducing advanced models that identify complex patterns and
anomalies with remarkable accuracy. This shift towards pre-
dictive and proactive defense strategies is highlighted in the
comprehensive survey by Pouyanfar et al. [52]. DL’s role
is crucial in adapting to the rapidly changing cyber threat
environment.

4.2.1 Convolutional neural networks (CNNs)

Convolutional Neural Networks (CNNs) excel in process-
ing visual data, automating feature extraction to enhance
accuracy in tasks such as identifying important features for
image-based tasks [44].

e Convolutional layers: These layers apply filters to cap-
ture spatial relationships in data.

e Pooling layers: These layers follow convolutional lay-
ers to reduce the size of feature maps while preserving
essential information.
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e Fully connected layers: These layers perform high-level
reasoning in the network after the convolutional and pool-
ing layers.

e ReLU activation function: This function adds non-
linearity to the network, allowing it to learn complex
patterns.

e Applications in cybersecurity: CNNs are effective for
malware classification, anomaly detection, and network
intrusion detection, efficiently recognizing malicious
activities [53, 54].

4.2.2 Recurrent neural networks (RNNs)

Recurrent Neural Networks (RNNs) are highly effective for
processing sequential data, such as in natural language pro-
cessing and time series analysis. Their architecture retains
information for analyzing temporal behaviors [45].

e Memory: RNNs maintain an internal state to incorporate
historical context into their predictions [55].

e Parameter sharing: They use the same parameters across
different inputs, reducing the model’s complexity and
enhancing its ability to handle various sequence lengths
[43].

e Sequential data processing: Designed specifically for
sequential input, RNNs are ideal for tasks where order
and context matter [56].

o Advanced variants: Modifications like LSTMs [45] and
GRUs [17] help manage long-range dependencies and
mitigate issues like the vanishing gradient problem.

e Cybersecurity applications: RNNs analyze network traf-
fic dynamics to detect anomalies and cyber threats, such
as botnets [3, 17, 57]. They minimize the need for man-
ual feature engineering by learning from raw data like
network packets and system logs, making them versatile
against various attack types [58].

4.2.3 Generative adversarial networks (GANs)

Generative Adversarial Networks (GANs), developed by
Goodfellow et al. [59], use two neural networks—the genera-
tor and the discriminator—in adversarial training to enhance
their ability to detect complex patterns, such as those in bot-
net activities.

e Data simulation by the generator: The generator creates
data that mimics network traffic associated with botnets,
generating varied examples of potential threats.

e Authenticity assessment by the discriminator: The dis-
criminator learns to distinguish between genuine and
simulated traffic, continuously improving its ability to
identify real threats.
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e Adversarial training: The ongoing competition between
the generator and the discriminator sharpens the system’s
ability to detect botnet activities [60, 61].

4.2.4 Deep Boltzmann machines (DBMs)

Deep Boltzmann Machines (DBMs) extend traditional Boltz-
mann Machines by adding multiple layers, enhancing their
ability to model complex data representations unsupervised.
This is valuable in cybersecurity for capturing high-level data
abstractions [62].

e Multiple layers: Facilitate the modeling of complex data
structures and hierarchical representations [63].

e Stochastic units: Both visible and hidden units in DBMs
operate based on probabilistic distributions, adding a fun-
damental probabilistic nature to the model [62].

e Energy-based framework: DBMs employ an energy-
based framework where the goal is to minimize the
system’s energy to stabilize observed data configurations
[63].

e Undirected connections: These connections allow the
model to capture bidirectional relationships in data [62].

e Complex inference and learning: The processes are com-
putationally intensive, often requiring techniques like
Markov chain Monte—Carlo (MCMC) and variational
methods [64].

4.2.5 Deep belief networks (DBNs)

Deep Belief Networks (DBNs) are advanced neural network
models that excel in learning multi-level data representations,
making them highly effective in cybersecurity for detecting
complex patterns and potential threats [65].

e Layered architecture: DBNs consist of multiple layers of
hidden units, allowing them to abstract data representa-
tions at different levels [65].

e Greedy layer-wise training: This method initializes
weights effectively, providing a strong foundation for
additional fine-tuning [66].

e Generative model: DBNs can generate new data samples
that resemble the training data. This is achieved through
their deep architecture and ability to learn the joint prob-
ability distribution of input data [65].

e Fine-tuning with supervised learning: DBNs are initially
trained in an unsupervised manner, then fine-tuned with
supervised methods to improve performance on specific
tasks [67].

e Wide application: Their robust learning capabilities make
DBNSs suitable for a variety of applications, from image
recognition to cybersecurity [65—67].

4.2.6 Variational autoencoders (VAEs)

Variational Autoencoders (VAEs) combine the architec-
ture of traditional autoencoders with variational inference,
excelling in data compression and generation. This makes
them highly effective for anomaly detection in cybersecurity
[68, 69].

e Probabilistic latent space: VAEs encode inputs into dis-
tributions, providing a probabilistic approach to handling
data variability and uncertainty [68, 69].

e Reconstruction and regularization: They balance accu-
rate input reconstruction with regularizing the latent
space to ensure generalization [68].

e Generative capabilities: VAEs can generate new data
similar to the input data, which is useful for data aug-
mentation and simulation [68, 69].

e Handling imbalanced datasets: They are effective in
creating synthetic samples to improve performance in
scenarios with imbalanced data, such as intrusion detec-
tion tasks [69].

4.3 Importance of datasets in ML/DL for
cybersecurity

In cybersecurity, the success of Machine Learning (ML)
and Deep Learning (DL) relies heavily on the quality and
breadth of the datasets used for training. These datasets
are fundamental because they determine the ability of these
technologies to accurately detect, classify, and predict cyber
threats. Data quality, diversity, and representation are criti-
cal to developing models that are accurate and robust against
continuously evolving cyber threats.

Dataset diversity and quality: A diverse dataset that
includes various attack vectors, normal behaviors, and
anomalies is essential for training models that perform effec-
tively in real-world scenarios. The quality of the data—its
cleanliness, relevance, and accuracy—directly influences the
learning process of models, impacting their performance in
identifying and mitigating threats [70, 71].

Challenges in dataset procurement and preparation: Col-
lecting comprehensive and balanced datasets is challenging
in cybersecurity. Novice developers, in particular, may strug-
gle with these tasks, impacting the effectiveness of ML
and DL models [12, 72]. Additionally, the sensitive nature
of cybersecurity data complicates its collection and use,
demanding strict data handling and processing standards to
address privacy and ethical concerns [73].

The role of public and synthetic datasets: Public datasets
like NSL-KDD, CICIDS2017, and CTU-13 are vital for
research and benchmarking within the cybersecurity commu-
nity, allowing for the assessment and comparison of various
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models [74, 75]. Synthetic data generation can also supple-
ment datasets, particularly for rare attack types, enhancing
the models’ ability to generalize and adapt to new threats
[39].

4.4 Challenges in application within cybersecurity

While Machine Learning (ML) and Deep Learning (DL) have
revolutionized cybersecurity, their implementation faces sig-
nificant challenges.

Data privacy and ethical concerns: The use of ML and DL
in botnet detection raises significant data privacy and ethical
issues. Ensuring data security and addressing concerns such
as bias and discrimination are crucial. Ethical governance is
necessary to prevent ML and DL models from perpetuating
societal inequities or infringing on privacy, especially for
novice developers who may struggle with these complexities
[5, 12, 76]. Incorporating frameworks like ISO 27001 and
NIST CSF provides standardized guidelines and controls to
enhance these efforts [77].

Computational resource demands: ML and DL models
require significant computational resources, which can be
a barrier for smaller organizations. These models increase
complexity and may strain system resources, necessitating a
balance between performance and resource allocation [7].

Overfitting and model generalization: Overfitting is a
major challenge in cybersecurity. ML models often perform
well on training data but fail to generalize to new, unseen
datasets. This limitation is critical in cybersecurity, where
adaptability to evolving threats is essential [6, 78, 79].

Adapting to evolving threats: Cyber threats, especially
sophisticated botnets like Gameover Zeus, are continually
evolving. ML and DL models need to be regularly updated
to keep pace with new tactics and resistances [11].

Advanced ensemble techniques for complex IoT data: In
IoT environments, complex and voluminous data require
advanced techniques for effective threat detection. Meta-
learner models that integrate various deep learning and
machine learning approaches can enhance detection accu-
racy and address the diverse challenges of IoT security [80].

4.5 Evaluating ML and DL models in cybersecurity

In cybersecurity, the deployment of Machine Learning (ML)
and Deep Learning (DL) models is increasingly critical.
However, their effectiveness relies on rigorous evaluation,
as shown in Table 2. These evaluations are essential not only
for understanding the models’ capabilities in detecting and
mitigating cyber threats but also for guiding their continuous
improvement.

Quantitative evaluation metrics: The effectiveness of ML
and DL models in cybersecurity is measured using sev-
eral key metrics. These metrics include accuracy, precision,
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recall, and F-measure, each providing insights into different
aspects of model performance. Table 2 details these metrics,
explaining how they are calculated and their relevance in
model evaluation.

Limitations and real-world application: While these met-
rics provide fundamental insights, they can be misleading in
imbalanced datasets where threat instances are much rarer
than normal events. Metrics like accuracy might not fully
capture the model’s performance under such conditions [81].
Balancing precision and recall is particularly crucial; focus-
ing too much on reducing false positives can lead to high
rates of missed detections, which is critical in cybersecurity
[82].

5 Contribution of ML and DL in botnet
detection

In this section, we explore various ML strategies, illustrat-
ing their application through selected studies that reflect
recent advances and innovative approaches in combating
cyber threats.

5.1 Machine learning techniques in botnet detection

Machine Learning (ML) plays a pivotal role in enhancing
cybersecurity by providing a variety of algorithms adept at
processing complex datasets. These techniques are crucial for
detecting and mitigating botnet activities, effectively adapt-
ing to evolving cyber threats. The following Table 3 offers a
detailed overview of the key ML techniques applied in recent
studies to combat botnet threats.

5.2 Deep learning techniques in botnet detection

Deep Learning (DL) has dramatically shifted the landscape
of botnet detection with its advanced capabilities in analyzing
and modeling complex data structures. This section presents
aseries of deep learning techniques that have been instrumen-
tal in identifying and countering botnet threats, highlighting
the significant impact of these technologies in strengthening
cybersecurity.

The following Table 4 encapsulates the scope and depth of
DL applications in botnet detection, providing a clear view of
the innovations and methodologies that are shaping modern
cybersecurity strategies.

5.3 Hybrid and combined detection techniques

In the rapidly evolving field of cybersecurity, hybrid and
combined detection techniques integrate Machine Learning
(ML) and Deep Learning (DL) with other computational
strategies. This sophisticated amalgamation enhances the
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Table 2 Metrics used to quantify model performance [72, 81]

Metric

Definition

Formula

True positive
False positive
True negative
False negative
Precision
Recall
F-measure

Accuracy

Instances where the model correctly identifies a cyber threat

When the model fails to detect an actual cyber threat

The model’s ability to detect all relevant instances of threats

Occurs when the model incorrectly identifies normal activity as a threat

Cases where the model correctly identifies an activity as benign

The ratio of correctly predicted positive observations to total predicted positives

Balances precision and recall, useful when false negatives and positives have different costs

Overall effectiveness of the model in classifying both threats and non-threats

TP
FP
TN

FN

TP

TP+FP
_TIr__

TP+FN

2 xPrecision xRecall

Precision+Recall
TP+TN

TP+FP+TN+FN

Table 3 Comprehensive overview of ML techniques in Botnet detection

Category

ML technique

Year

Key findings and contributions

Classification algorithms

Clustering algorithms

Neural networks

Ensemble methods

Reinforcement learning

Decision trees for efficient IoT Botnet
detection [83]

Tree-based models in Mirai detection [2]

KNN and SMOTE for IoT Botnet
detection [84]

K-means and K-medoids clustering [41]

Hierarchical clustering for DGA-based
Botnet detection [42]

Mirai botnet detection using AA-dense
RNN [85]

Enhanced Mirai malware detection using
ANN and random forest [86]

Smart anomaly-based intrusion detection
using GWO-PSO-RF [87]

Precision-driven botnet detection with
combined forest model [88]

Detection zero-day malware attacks on
IoT with reinforcement learning [89]

Evasion generative adversarial network
for botnet detection [90]

2018

2021

2021

2016

2021

2021

2021

2021

2021

2022

2023

Demonstrated the efficacy of decision
trees in IoT botnet detection with a
reduced feature set, achieving high
accuracy

Showcased Kitsune NIDS’s proficiency
with ‘Coarse Tree’ models in efficiently
identifying Mirai botnet attacks

Ilustrated the combined use of KNN and
SMOTE in enhancing detection
accuracy, underlining the importance of
dataset balance

Showcased the proficiency of K-means
and K-medoids in segregating botnet
traffic from regular activities

Applied hierarchical clustering with ML
techniques to identify DGA-based
botnets effectively

Introduced a neural network-based
approach, primarily trained on normal
traffic, for highly accurate botnet attack
detection

Highlighted the integration of ANN with
ensemble methods, particularly random
forest, for Mirai malware detection

Combined Grey Wolf optimization and
particle swarm optimization for feature
selection with random forest classifier,
achieving high detection accuracy in IoT
networks

Introduced a ‘Combined Forest” model for
distinguishing various botnet activities
through traffic-flow analysis

Presented a novel intrusion detection
model that synergizes supervised and
adversarial learning for zero-day attack
detection

Introduced RELEVAGAN, integrating
deep reinforcement learning with
generative adversarial networks for
botnet detection
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Table4 Summary of deep learning techniques in botnet detection

Category DL technique Year Key findings and contributions
Convolutional neural networks Anomaly detection in IoT networks using 2022 Addressed vulnerabilities in IoT networks
CNN [91] to botnet attacks using CNNs enhanced
by regularization techniques
Detecting android botnet applications 2023 Highlighted the efficacy of CNNs in
using CNN [92] addressing botnet threats on Android
platforms, analyzing colored images
transformed from application byte code
files
Recurrent neural networks BLSTM-RNN and word embedding for 2018 Combined BLSTM-RNN with word
IoT botnet detection [57] embedding techniques to significantly
enhance packet-level botnet detection in
IoT devices
Advanced classification of DGA domain 2019 Utilized LSTM with attention
names [3] mechanisms for advanced classification
of DGA domain names
Detection of IoT botnets with GRU 2023 Explored GRU networks for precise
networks [17] botnet detection in IoT devices,
demonstrating proficiency in managing
sequential data
Deep neural networks Deep autoencoder-based [oT botnet 2018 Introduced deep autoencoders for efficient
detection [93] network traffic analysis and anomaly
identification in IoT devices
LS-DRNN: memory-efficient deep 2021 Showcased a memory-efficient deep
learning method for botnet attack learning method, integrating LAE,
detection [94] SMOTE, and DRNN for botnet attack
detection in IoT networks
DNNBoT: DNN-based botnet detection 2022 DNNBoT models, optimized through
and classification [95] advanced techniques, exhibited
exceptional accuracy in detecting and
classifying botnet attacks
Generative adversarial networks CL-GAN: GAN for generating and 2023 Introduced CL-GAN, employing a GAN
detecting AGDs [60] for identifying algorithmically generated
domains, emphasizing continuous
adaptability to new DGA patterns
Anomaly detection using DCGAN in the 2023 Introduced a pioneering ensemble model
internet of things [61] combining DCGAN with Bi-LSTM
networks for identifying a range of
botnet-driven attacks in IoT
Deep belief networks DBN-based framework for malware 2018 Presented a DBN-driven framework that
detection in android systems [67] adeptly combines high-level static and
dynamic analyses for feature extraction
Intrusion detection based on DBNs [65] 2022 Highlighted the use of DBNs for botnet
detection, particularly in NIDS,
emphasizing their prowess in identifying
complex data representations
Chronological salp swarm algorithm 2022 Introduced a novel approach combining

based dbn for intrusion detection [66]

deep learning with optimized algorithms
for enhanced intrusion detection in
cloud environments
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Table 4 continued

Category DL technique Year Key findings and contributions
Deep Boltzmann machines Malware attack detection using EDRBM 2023 Investigated the application of deep
[64] Boltzmann machines for botnet
detection in large networks, leveraging
statistical features from flowsets
Variational autoencoders Deteccdo de Ataques de Botnets em IoT 2022 Employed variational autoencoders to
via VAE [68] detect botnet attacks in IoT devices,
focusing on the N-BaloT dataset
ML with VAE for Imbalanced datasets in 2022 Introduced a machine learning framework

intrusion detection [69]

combining a VAE with a multilayer
perceptron model for intrusion detection

Table 5 Comprehensive overview of hybrid and combined techniques
in botnet detection

Technique Year Key findings and

contributions

Enhancing botnet detection 2014
with SVM and AFSA [96]

Introduced a hybrid system
that utilizes SVM and the
Artificial Fish Swarm
Algorithm to optimize
feature selection,
significantly enhancing
botnet detection in LAN
environments

Enhanced P2P botnet 2018 Combined decision trees

Table 6 Cutting-edge innovations in botnet detection techniques

Innovative approach

Year Key findings and
contributions

Backtracking for botnet
detection in wired
networks [100]

Federated learning for
botnet detection in IoT
[101]

detection using decision
trees and neural networks

[97]

Hybrid decision tree and
random forest approach
for IoT DDoS attack
detection [98]

2020  Merged decision tree and

with multilayer neural
networks to analyze TCP
control packet headers,
offering a refined method
for detecting decentralized
P2P botnet activities

2018  Introduced a backtracking
method evaluating
network parameters to
effectively distinguish
legitimate from malicious
traffic in wired networks

2023 Implemented federated
learning in IoT networks
to enhance privacy and
efficiency, allowing local
data processing while
integrating host and
network intrusion
detection systems for
comprehensive security
enhancements

random forest algorithms
to improve accuracy in
detecting DDoS attacks in

5.4 Innovative approaches in botnet detection

IoT networks,
highlighting the
effectiveness of using
multiple ML techniques

XGBoost and advanced ML 2022
algorithms [99]

Explored the integration of
XGBoost with DL models
like RNNs, LSTMs, and
CNNSs to provide
adaptable and highly
effective solutions for IoT
network security

detection capabilities against diverse botnet threats by lever-
aging the strengths of multiple methodologies to effectively
tackle the complexities of modern cyber threats.

The following Table 5 provides a succinct overview of key
hybrid and combined detection techniques, outlining their
significant contributions to advancing botnet detection strate-
gies.

In this subsection, we explore recent innovative research in
Machine Learning (ML) and Deep Learning (DL) applied
to botnet detection. It focuses on adaptive learning and
federated learning models, which promise to advance cyber-
security with their adaptability and privacy-preserving capa-
bilities, effectively tackling sophisticated botnet threats.

The following Table 6 provides a comprehensive overview
of pioneering studies that push the boundaries of botnet
detection through innovative ML and DL techniques, indicat-
ing the year of implementation and summarizing their core
innovations and significant contributions.

5.5 Discussion and conclusions

This chapter highlights the extensive research in Machine
Learning (ML) and Deep Learning (DL) for botnet detec-
tion, focusing on innovative methodologies that enhance
cybersecurity strategies. The insights discussed provide a
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comprehensive view of the cutting-edge techniques and
significant advancements that shape modern cybersecurity
measures.

Innovations and synergies in botnet detection: ML and
DL have broadened the scope of cybersecurity, particularly
in detecting and neutralizing sophisticated botnet activities.
Classification algorithms [84] and neural networks [44, 45]
play key roles in extracting complex patterns and distin-
guishing between benign and malicious activities. Ensemble
methods [87, 88] integrate various algorithms to improve
accuracy and adaptability, addressing the dynamic and com-
plex nature of cyber threats, especially in IoT environments.

Challenges: evolving threats and technological demands:
The continuous evolution of botnet tactics requires that ML
and DL models adapt swiftly to maintain effectiveness. The
reliance on comprehensive and high-quality data for training
these models introduces challenges related to data privacy,
ethical considerations, and computational demands. Ensur-
ing the integrity and confidentiality of data while managing
the logistical aspects of deploying sophisticated models in
real-time scenarios is crucial.

Collaborative research and interdisciplinary approaches:
Addressing the multifaceted challenges of botnet detection
demands a collaborative approach that spans multiple disci-
plines. By integrating expertise from various fields, including
computer science, data analysis, and ethics, cybersecurity
strategies can be robust, innovative, and ethically sound.
Interdisciplinary collaborations enrich the development pro-
cess and foster holistic solutions.

Ethical considerations and the path forward: As ML and
DL technologies become integral to cybersecurity, address-
ing ethical concerns is imperative. Practices that ensure
data privacy, model transparency, and responsible Al usage
are essential. These ethical practices must be woven into
the fabric of cybersecurity strategies to align technological
advancements with societal values and norms [34, 52].

The exploration of ML and DL in botnet detection show-
cases a domain characterized by innovation and adaptability.
The integration of advanced analytical techniques, alongside
a commitment to ethical practices and interdisciplinary col-
laboration, is vital for developing effective defenses that align
with both technological needs and ethical standards.

6 Proactive botnet defense with ML & DL

Building on the insights from Sect. 5 on ML and DL in botnet
detection, Sect. 6 advances into proactive measures for bot-
net prevention. It emphasizes how these technologies extend
beyond mere detection to predict and prevent threats, show-
casing a shift from traditional reactive measures to a proactive
cybersecurity approach. In this chapter, we explore how pre-
dictive modeling and real-time monitoring are essential in
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today’s digitally integrated world, highlighting various stud-
ies that underline the critical role of ML and DL in actively
shaping cybersecurity defenses.

6.1 Machine learning as a vanguard in botnet
defense

Machine Learning (ML) plays a crucial role in cyber-
security, equipping systems with the necessary tools to
proactively counter and mitigate evolving botnet threats.
By integrating various ML techniques such as classifica-
tion algorithms, neural networks, and ensemble methods,
cybersecurity frameworks are strengthened, enhancing both
threat prediction and prevention capabilities. This strategic
deployment of ML not only addresses current cybersecurity
challenges but also anticipates potential threats, ushering in
a new era of advanced digital defense mechanisms.

The following Table 7 encapsulates a selection of ML tech-
niques pivotal in the proactive prevention of botnet attacks. It
highlights the implementation years and summarizes the core
achievements and contributions of each technique, illustrat-
ing how ML has become an indispensable asset in enhancing
network security.

6.2 DL: deciphering and disarming advanced threats

Deep Learning (DL) stands at the forefront of cybersecurity,
utilizing sophisticated models like Recurrent Neural Net-
works (RNNs) and Deep Neural Networks (DNNs) to ana-
lyze and neutralize complex cyber threats. These advanced
DL techniques play a pivotal role not only in detecting but
also in predicting and preemptively countering botnet strate-
gies. This approach highlights DL’s crucial role in evolving
cybersecurity defenses, shifting from reactive responses to
proactive threat management and prediction.

The following Table 8 encapsulates key DL approaches
in botnet threat mitigation, illustrating the transformative
impact of these technologies in fortifying digital infrastruc-
tures against sophisticated cyber-attacks.

6.3 Frontier technologies in proactive defense

Exploring the frontier of cybersecurity, we delve into
advanced technologies that are reshaping proactive defense
strategies. This section highlights how Meta-Learning, Incre-
mental Learning, and Online and Real-Time Detection Tech-
niques are advancing cybersecurity, setting new standards for
dynamic and effective threat mitigation.

The following Table 9 encapsulates the innovative tech-
niques transforming the landscape of botnet prevention. It
illustrates cutting-edge approaches that not only react to
threats but also predict and neutralize them in real-time,
thereby significantly bolstering cybersecurity infrastructure.
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Table 7 ML-driven strategies

for botnet attack prevention Category ML technique Year Key ﬁqdlngs and
contributions
Classification algorithms Random forest for DNS 2018 Employed random forest to

Neural networks

query analysis [102]

analyze DNS queries,
leading to a sophisticated
classifier with over 90%
accuracy in real-time

monitoring
ARNN for collective 2023 Introduced ARNN,
classification [103] demonstrating

Ensemble methods

Optimized ML models for 2021
Kitsune NIDS [2]

Combined forest approach 2021
[88] pre-processed decision

unparalleled accuracy in
predicting botnet
activities and adaptability
to both traditional and
incremental learning

Amalgamated

trees into a *Combined
Forest’ model for
identifying botnet
communication patterns
and early detection

Explored the efficacy of
ensemble machine
learning algorithms in
optimizing Kitsune NIDS
for Mirai Botnet malware
detection

Table8 DL innovations in

L Categor
botnet attack mitigation oy

DL technique

Year Key findings and contributions

RNNs

DNNs

GRU for [oT PdM systems [104] 2019

DBoTPM for botnet attack 2023
prediction [105]

Utilized gated recurrent unit
models to predict the remaining
useful life of machinery,
demonstrating resilience against
FDIA

Introduced DBoTPM, a deep
neural network model for
predicting botnet attacks in IoT
infrastructures with high
accuracy and computational
efficiency

6.4 Discussion on effectiveness and challenges

In the dynamic realm of cybersecurity, ML and DL have
initiated a transformative era in preemptively countering bot-
net threats. This section evaluates the effectiveness of these
technologies and the challenges they encounter, emphasizing
their pivotal role in advancing cybersecurity.

Unveiling the efficacy of ML and DL in botnet preven-
tion: ML and DL have proven effective in botnet prevention,
as evidenced by various empirical studies. Classification
algorithms and neural networks, such as those described in
[102] and [103], excel in detecting and preventing threats
by analyzing extensive data sets with high precision. These

advanced methodologies not only detect but also predict
potential threats, facilitating a shift from traditional reactive
measures to proactive security strategies.

Confronting the challenges: technological and ethical
implications: The application of ML and DL in cyberse-
curity faces significant challenges. The evolving nature of
cyber threats requires these models to continually adapt,
demanding ongoing enhancements to maintain efficacy. The
effectiveness of these systems heavily relies on the qual-
ity and breadth of the training data, which brings additional
ethical concerns regarding privacy and data integrity. Tech-
nological challenges include the need for sophisticated
algorithm tuning and the integration of these systems within
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Table9 Advanced techniques in botnet attack prevention

Category ML technique

Year Key findings and contributions

Incremental learning techniques
online learning [106]

Meta-learning
models [80]

Online learning techniques
[107]

Real-time detection techniques
monitoring [108]

AA-dense RNN with incremental 2022

Meta-learning with deep learning 2023

AADRNN with online learning 2023

ML for real-time network

Revolutionized botnet prevention
in IoT networks through
AA-dense RNN equipped with
incremental online learning
capabilities

Harmoniously integrated RNN,
LSTM, and CNN supported by
LR, MLP, SVM, and XGBoost
for high accuracy in detecting
botnets

Introduced AADRNN mastering
both offline and online learning,
providing a comprehensive
solution to cybersecurity
challenges

2023 Employed advanced ML
methodology for expedited
network traffic analysis,
achieving substantial detection
accuracy within one-second
intervals

existing cybersecurity infrastructures without compromising
operational integrity or privacy.

Forging the path forward: a multidisciplinary approach:
Addressing the complexities of utilizing ML and DL in cyber-
security necessitates a comprehensive approach that spans
technological innovation, ethical considerations, and regu-
latory compliance. This approach should include refining
algorithmic accuracy, ensuring robust data protection prac-
tices, and fostering a culture of ethical Al use. Collaboration
across sectors and disciplines is crucial to develop resilient,
effective, and ethically responsible cybersecurity solutions.

As we advance, it’s evident that enhancing cybersecurity
measures against botnets with ML and DL involves a bal-
anced approach that aligns technological advancements with
ethical and societal values.

7 Challenges and prospects in botnet
defense

7.1 Current challenges in utilizing ML & DL against
botnets

Machine Learning (ML) and Deep Learning (DL) are crucial
in the fight against botnets, yet they face several challenges
that demand constant innovation and adaptation.

Adapting to sophisticated botnet structures: Contem-
porary botnets, such as Mirai, have grown increasingly
complex, requiring continual advancements in ML and DL
models to keep pace. The development of advanced models
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like DBoTPM [105] is essential for matching the sophistica-
tion of modern botnets.

Data privacy and ethical concerns: The use of ML and
DL in cybersecurity introduces significant data privacy and
ethical issues [5, 76]. Balancing technological effectiveness
with privacy protection remains a critical challenge.

Computational resource demands: High computational
demands limit the deployment of sophisticated ML and DL
models, especially for resource-constrained organizations
[7]. Efficiently managing these resources is crucial for effec-
tive technology deployment.

Overfitting and model generalization: Overfitting is a
major concern where models excel on training data but fail
on unseen data. Enhancing model generalization to effec-
tively handle new and diverse threats remains a significant
challenge [6, 78].

Real-time detection and adaptability: Models must detect
threats in real-time and adapt quickly to changing botnet tac-
tics, as demonstrated by AA-Dense RNN [106] and various
meta-learner models [80].

Balancing detection accuracy and false positives: It is
vital to maintain high detection accuracy without trigger-
ing false alarms, ensuring models differentiate effectively
between normal and malicious activities [102].

Addressing evolving threats: Continual updates to ML and
DL models are necessary to address the rapid evolution of
botnet strategies [11].
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7.2 Future prospects and potential for innovation

The future of botnet detection and prevention using ML
and DL holds great potential for breakthroughs and novel
methodologies. As cyber threats become more sophisticated,
our defensive strategies must evolve concurrently, leveraging
advanced models and incorporating emerging technologies
to stay ahead.

Innovative model development: Future research will focus
on developing innovative ML and DL models tailored to
modern botnet challenges. Investigations into models like
DBoTPM and AADRNN [105, 107] pave the way for sophis-
ticated solutions capable of adapting to complex botnet
behaviors.

Enhanced IoT security: The proliferation of IoT devices
increases the need for robust security solutions. Emerging
research, employing GRU networks [104] and meta-learning
[80], emphasizes fortifying IoT ecosystems against botnets,
with prospects for developing specialized models to effi-
ciently manage the diverse data landscape of IoT devices.

Cross-domain collaborations: Collaborative efforts across
various fields, as exemplified by Khetani et al. [109], promise
innovative botnet countermeasures by harnessing advance-
ments from domains such as healthcare and finance. This
interdisciplinary approach could significantly enhance cyber-
security, offering fresh perspectives and technologies to
counteract botnet threats.

Ethical Al and privacy considerations: The advancement
of ML and DL must prioritize ethical concerns, especially
regarding data privacy. Upholding high ethical standards [5,
76] will be essential for the successful integration of these
technologies into cybersecurity practices.

7.3 Adaptability and model updates in cybersecurity

In the fast-evolving field of cybersecurity, the adaptability
and regular updating of ML and DL models are crucial. As
botnets become more sophisticated, adopting adaptive ML
and DL models is vital for maintaining effective defenses.

Adaptability to emerging threats: The dynamic nature of
cyber threats, particularly botnets, requires models that can
evolve with new and changing tactics. Studies on models
like AA-Dense RNN [106] and DBoTPM [105] demonstrate
the ability of these technologies to adjust to shifting attack
patterns. Ongoing development is essential for effective pre-
emption and response to future threats.

Continuous model updates for effectiveness: The rapid
evolution of botnet strategies necessitates constant updates
to detection models. Research on real-time [oT botnet detec-
tion using Auto-Associative Deep Random Neural Networks
(AADRNN) [107] underscores the importance of continually
updating learning algorithms to keep pace with emerging bot-
net tactics.

Integrating new data sources: As botnet attacks grow in
complexity, enriching ML and DL models with diverse data
sources becomes increasingly important for improving detec-
tion capabilities. Research integrating DNS query analysis
and the ’Combined Forest” method [88, 102] shows how
varied data types can enhance the comprehensiveness and
effectiveness of threat detection.

Challenges in continuous learning: Continuous model
updating is essential but challenging, requiring substantial
computational resources and continual data collection. The
computational demands of advanced ML and DL models
necessitate efficient resource management to support ongo-
ing learning, as discussed in [7].

Future directions: The focus should shift towards devel-
oping self-updating models that operate in real-time, utilizing
the latest Al and data processing technologies. The potential
of federated learning, highlighted in [101], offers promising
decentralized learning capabilities that can swiftly adjust to
changes in network conditions.

8 Conclusion

The integration of Machine Learning (ML) and Deep Learn-
ing (DL) into cybersecurity has transformed how we tackle
botnet threats, offering significant advancements while fac-
ing challenges like evolving tactics, data integrity, and high
computational demands. Research focusing on autonomous
and adaptive ML/DL models, such as those discussed in [105]
and [107], promises to further enhance cybersecurity mea-
sures. Collaborative efforts across different sectors are vital
for a holistic defense strategy, combining technological and
methodological innovations to effectively counter emerging
threats [77].

Ethical considerations and data privacy, crucial for the
responsible application of Al, must be addressed to main-
tain public trust and ensure effective deployment, as noted
in references [5] and [76], particularly by supporting novice
developers in their roles [12]. The increasing frequency and
severity of botnet incidents, highlighted by attacks like the
Meris [13], underscore the urgency for continuous innovation
and vigilance.

As the landscape of cyber threats evolves, particularly
with botnets, the need for ongoing innovation, collabora-
tion among academia, industry, and government, and public
awareness about cybersecurity grows increasingly important.
By strengthening these areas, we can enhance our defensive
measures and maintain the integrity of our digital infras-
tructures. The path forward in cybersecurity is marked by a
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commitment to innovation and cooperation, ensuring robust
defenses against the sophisticated cyber threats of tomorrow.
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