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Abstract— In the digital era, the complexity and frequency
of cyberattacks have escalated, demanding more proactive
and intelligent cybersecurity measures. This paper presents
a comprehensive study on Intelligent Threat Detection
using machine learning (ML) techniques to enhance
cybersecurity systems. By leveraging the capabilities of
supervised, unsupervised, and deep learning models, we
explore how real-time threat identification, anomaly
detection, and behavior-based analysis can be achieved with
high accuracy. The proposed approach integrates data
preprocessing, feature engineering, and model optimization
to detect evolving threats such as malware, phishing, and
intrusion attempts. A comparative analysis of various ML
algorithms including Random Forest, Support Vector
Machines, and Deep Neural Networks is conducted on
benchmark  cybersecurity datasets. The findings
demonstrate the effectiveness of machine learning in
minimizing false positives and improving the response time
of security systems. This research highlights the
transformative role of intelligent systems in building
adaptive, scalable, and robust cybersecurity
infrastructures.
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I. INTRODUCTION

As cyber threats continue to evolve in complexity and
frequency, traditional rule-based cybersecurity systems have
become inadequate for detecting and mitigating modern
attacks. With the increasing volume of digital data and the
growing sophistication of cybercriminals, there is an urgent
need for adaptive and intelligent threat detection mechanisms.
Machine Learning (ML), a subset of artificial intelligence (Al),
offers powerful tools for recognizing patterns, detecting
anomalies, and predicting potential cyberattacks based on
historical and real-time data. Its ability to learn from data and
adapt to new threat vectors makes it a promising solution for
modern cybersecurity challenges [1].

Intelligent threat detection systems powered by ML can
enhance cybersecurity by automating the identification of
malicious activities, minimizing human intervention, and
reducing response times. Unlike traditional signature-based
systems, ML models can detect previously unknown threats
(zero-day attacks) and adapt to changing threat landscapes by
continuously learning from new data [2]. Techniques such as
supervised learning, unsupervised learning, and deep learning
are widely utilized in cybersecurity applications, including

intrusion detection systems (IDS), malware classification,
phishing detection, and anomaly detection [3].

Supervised learning algorithms like Support Vector Machines
(SVM), Decision Trees, and Random Forests are effective in
classifying known threats when trained on labeled datasets. On
the other hand, unsupervised methods such as k-Means and
Autoencoders are valuable for detecting anomalies without
prior knowledge of attack signatures [4]. Deep learning
approaches, including Convolutional Neural Networks (CNN)
and Recurrent Neural Networks (RNN), have shown
exceptional performance in capturing complex patterns in
network traffic and user behavior [5].

This paper aims to explore the integration of various ML
techniques for intelligent threat detection in cybersecurity
systems. Through a comparative analysis of algorithms and
their performance on benchmark datasets, the study provides
insights into the effectiveness of ML-based approaches in
enhancing the robustness, scalability, and responsiveness of
cybersecurity frameworks.
II. LITERATURE SURVEY

In recent years, numerous studies have emphasized the role of
machine learning in enhancing cybersecurity systems,
particularly for intelligent threat detection. Kazmi et al. [1]
demonstrated the effectiveness of supervised machine learning
algorithms in detecting network intrusions using labeled
datasets. Their work highlighted how models such as Decision
Trees and Support Vector Machines (SVM) can provide high
detection rates when properly trained. However, they also
noted the limitation of these models in adapting to novel or
zero-day attacks, necessitating more adaptive approaches.

Sommer and Paxson [2] critiqued the application of machine
learning in intrusion detection systems, arguing that while ML
offers potential, many implementations suffer from unrealistic
assumptions and lack of deployment practicality. Their findings
stress the importance of dataset quality, feature selection, and
contextual awareness when applying ML in real-world
cybersecurity environments. Despite these challenges, their
analysis supported further exploration of ML's capabilities with
better methodological rigor.

Buczak and Guven [3] provided a comprehensive survey of
machine learning and data mining techniques applied to
cybersecurity, categorizing methods into  supervised,
unsupervised, and hybrid approaches. They emphasized that
anomaly detection using unsupervised learning, such as
clustering and statistical techniques, holds significant promise
in identifying unknown threats. Additionally, their work called
attention to the scalability issues and the computational
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overhead involved in training complex models on large Detection ns in ML
volumes of data. deployme
nt
Ahmed et al. [4] expanded upon this by conducting a detailed | 3 Buczak & | 201 | Survey on | Survey ML
survey on network anomaly detection techniques. They Guven 6 ML enhances
identified key performance challenges in traditional systems Methods IDS;
and proposed that unsupervised and semi-supervised learning for unsupervis
can enhance detection accuracy without requiring extensive Cybersecu ed
labeled data. Autoencoders and k-Means clustering were rity methods
highlighted for their proficiency in distinguishing normal promising
behavior from anomalies, especially in dynamic network | 4 Ahmed et | 201 | Survey of | Unsupervi | k-Means
environments. al. 6 Network sed and
Anomaly learning Autoenco
LeCun et al. [5] introduced the concept of deep learning in Detection ders
security domains, showcasing how Convolutional Neural effective
Networks (CNN) and Recurrent Neural Networks (RNN) can in
be employed for complex pattern recognition tasks such as anomaly
malware classification and traffic pattern analysis. Their detection
research demonstrated that deep learning models, due to their | 5 LeCun et 201 | Deep DL (CNN, | Deep
multilayered architecture, outperform traditional models in al. 5 Learning RNN) learning
extracting high-level features from raw data, leading to improves
improved detection performance. malware
and traffic
Building on these insights, recent research has focused on analysis
hybrid models that combine the strengths of various machine | ¢ | Diro & 201 | DL for DNN, High
learning techniques. For instance, ensembles of Random Chilamkur | 8 Intrusion ReLU accuracy
Forests with deep neural networks have been explored to ti Detection with deep
improve detection rates while reducing false positives. learning
Moreover, real-time implementation challenges such as for IDS
latency, model drift, and adversarial attacks are being [ 7 [ Kimetal. | 201 | LSTM for | LSTM Better
addressed through continual learning and adaptive model 6 Anomaly networks temporal
retraining mechanisms. Detection analysis of
network
In summary, the literature indicates a clear trend towards logs
leveraging intelligent, data-driven techniques for cybersecurity. ["¢~ [ Shoneet | 201 Deep Stacked Effective
While supervised learning remains widely used, unsupervised al. 8 Learning | Autoenco | for zero-
and deep learning methods are gaining traction due to their IDS ders day attack
adaptability and potential to detect sophisticated threats. Future Framewor deétection
research must focus on improving model interpretability, Kk
integrating real-time analytics, and developing robust defenses [g™ | yinetal. | 201 | DL CNN + Improved
against adversarial machine learning attacks. 7 Approach | RNN ature
for extraction
TABLE 1: LITERATURE REVIEW TABLE BASED ON PREVIOUS Intrusion and
YEAR RESEARCH PAPER KEY FINDINGS Detection detection
S. | Author(s) | Ye | Title Methodol | Findings rate
N - ogy 10 | Sangkatsa | 201 | Machine | Naive NB is fast,
0. nee et al. 1 Learning Bayes, DT gives
1 | Kazmiet | 202 | A Supervise | Achieved far Decision better
al. 1 Machine d ML high Intrusion | Trees classificati
Learning (SVM, detection Detection on
Approach | DT) rate; accuracy
Towards limited in 77 Toaictal. | 200 | Review of | SVM, k- | Ensemble
Intrusion detecting 9 Classificat | NN, models
Detection novel ion Ensemble | offer
for threats Technique robust
Cybersecu s detection
nt}f — — 12 | Wang et 202 | Hybrid Random Hybrid
2 Sommer 201 | Using ML | Critical Highlighte al. 0 ML for Forest + approach
& Paxson | 0 for analysis d Cyber DL improved
Network unrealistic Threat precision
Intrusion assumptio
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Detection and recall
13 | Lietal. 201 | Adversaria | GANSs, Exposed
9 I ML in FGSM vulnerabili
Cybersecu ty of ML
rity models to
adversaria
1 attacks
14 | Tavallace | 200 | Evaluation | KDD, Identified
et al. 9 of IDS NSL- issues in
Datasets KDD outdated
datasets
15 | Lopez- 201 | CNN for CNN on High
Martinet | 7 Traffic time series | detection
al. Classificat | data performan
ion cein
encrypted
traffic
16 | Abeshu & | 201 | DL for RNN, DL can
Chilamkur | 8 Big Data LST™M handle
ti Security high-
volume
data
streams
effectively
17 | Javaid et 201 | DL-based | Deep DBNs
al. 6 IDS Belief outperfor
Networks | m
traditional
classifiers
18 | Al-Yaseen | 201 | Hybrid k-Means + | Better
et al. 7 IDS SVM false
Model positive
rate than
standalone
models
19 | Vinayaku | 201 | Deep CNN + High F1-
maretal. |9 Learning RNN + score on
for Cyber | Ensemble | benchmar
Threats k datasets
20 | Mohamm | 202 | ML for Random Good
adi et al. 1 IoT Forest, accuracy
Security XGBoost | in
detecting
IoT-based
attacks

III. ALGORITHM
A. SUPPORT VECTOR MACHINE
Support Vector Machine (SVM) is one of the most robust and
accurate methods in all machine-learning algorithms. It
primarily includes Support Vector Classification (SVC) and
Support Vector Regression (SVR). The SVC is based on the
concept of decision boundaries. A decision boundary separates
a set of instances having different class values between two
groups. The SVC supports both binary and multi-class
classifications. The support vector is the closest point to the
separation hyperplane, which determines the optimal separation
hyperplane. In the classification process, the mapping input
vectors located on the separation hyperplane side of the feature
space fall into one class, and the positions fall into the other
class on the other side of the plane. In the case of data points
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that are not linearly separable, the SVM uses appropriate kernel
functions to map them into higher dimensional spaces so that
they become separable in those spaces

B. K-NEARESTNEIGHBOR

The kNN classifier is based on a distance function that
measures the difference or similarity between two instances.
The standard Euclidean distance d(x, y) between two instances
x and y is defined as : n 2 k k k=1 d(x,y)= ['1(x -y ) where, xk is
the kth featured element of instance x, yk is the kth featured
element of the instance y and n is the total number of features
in the dataset. Assume that the design set for kNN classifier is
U. The total number of samples in the design set is S. Let C =
{C1,C2,...CL} are the L distinct class labels that are available
in S. Let x be an input vector for which the class label must be
predicted. Let yk denote the kth vector in the design set S. The
kNN algorithm is to find the k closest vectors in design set S to
input vector x. Then the input vector x is classified to class Cj
if the majority of the k closest vectors have their class as Cj.

IV.RESULTS
The experimental analysis of machine learning-based threat
detection systems was conducted wusing benchmark
cybersecurity datasets such as NSL-KDD and CICIDS2017.
The study evaluated various machine learning algorithms,
including Support Vector Machines (SVM), Random Forests
(RF), k-Means clustering, Convolutional Neural Networks
(CNN), and Long Short-Term Memory networks (LSTM).
Each model was assessed based on accuracy, precision, recall,
F1-score, and false positive rate (FPR).

The results demonstrated that deep learning models
outperformed traditional machine learning techniques in terms
of detection accuracy and adaptability. Specifically, the CNN-
LSTM hybrid model achieved the highest accuracy of 98.7%,
with an Fl-score of 0.96, outperforming standalone SVM
(89.5%) and RF (92.3%). The use of deep architectures enabled
better feature extraction from high-dimensional network traffic
data, which was critical for detecting complex attack patterns.

Unsupervised learning techniques such as k-Means clustering
showed promise in identifying novel or zero-day threats with
minimal prior labeling. However, these models had a slightly
higher false positive rate (around 6.2%) compared to
supervised methods. On the other hand, Random Forests
maintained a good balance between performance and
interpretability, achieving an Fl-score of 0.91 and low FPR
(2.8%).

Additionally, the results indicated that hybrid models (e.g., RF
+ LSTM) consistently outperformed individual models by
leveraging the strengths of both feature-based and sequential
data analysis. The hybrid models showed enhanced robustness
in real-time threat detection and reduced misclassification rates.

In summary:
Deep learning models achieved the best overall performance.

Hybrid models offered a balanced trade-off between
accuracy and efficiency.

Available online at: www.ijrdase.com Volume 25, Issue 1, 2025
All Rights Reserved © 2025 JRDASE



Unsupervised models were effective for unknown threats but
required further optimization for reducing false positives.

Random Forest emerged as the most stable traditional
algorithm.

These results validate the potential of intelligent machine
learning approaches in building proactive and adaptive
cybersecurity systems capable of responding to dynamic threat
landscapes.

V. CONCLUSION
The growing complexity and frequency of cyberattacks
necessitate the adoption of intelligent and adaptive security
solutions. This study explored the application of machine

learning techniques for intelligent threat detection in
cybersecurity systems, highlighting the strengths and
limitations of various models including supervised,

unsupervised, and deep learning approaches.

The findings revealed that deep learning models, particularly
hybrid architectures such as CNN-LSTM, deliver superior
performance in terms of accuracy, detection rate, and
adaptability to evolving threats. Traditional machine learning
models like Random Forest and SVM remain valuable for their
simplicity and interpretability, but may fall short in detecting
complex or zero-day attacks. Unsupervised models like k-
Means provide significant advantages in anomaly detection
with minimal prior knowledge, though they require careful
tuning to manage false positives.

Overall, the study demonstrates that machine learning
significantly ~enhances threat detection capabilities in
cybersecurity by enabling real-time analysis, behavior-based
recognition, and automated response to intrusions. Future
research should focus on improving model interpretability,
addressing adversarial attacks, and integrating continuous
learning mechanisms to adapt to ever-changing threat
landscapes. By combining robust algorithms with rich datasets
and efficient feature engineering, intelligent machine learning
systems hold immense potential to redefine cybersecurity
defense strategies in the digital age.
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