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Introduction

In the digital era, cybersecurity has turned out to be one of the most important issues associated with people, companies, or the
states. As the digital platforms, mobile devices, and cloud computing continue to grow, the way cyber attackers are taking
advantage of the vulnerabilities becomes more elaborate. The traditional rule based and signature-based security systems have a
lot of difficulties in detecting the new and zero-day attacks because such systems are heavily dependent on the predetermined
patterns (Sommer & Paxson, 2010). This has given way to incorporating data science methods into cybersecurity models, which is
a paradigm shift of switching defensive mechanisms to active and predictive security (Salo et al., 2019).

Interdisciplinary Data science is an area that combines statistics, artificial intelligence, and computational approaches in an
attempt to find insights in large volumes of data. In cybersecurity, it allows the systems to use data to learn, identify patterns, and
anomalies that show possible threats. Growing access to big data in network logs, user actions analytics, and system activities has
enabled the use of algorithms to be trained to perform the four functions: detect intrusions, malware, phishing attacks, and
fraudulent transactions (Kaur and Singh, 2022). Consequently, machine learning and deep learning have become effective in the
creation of intelligent threat detection systems.

Cybersecurity uses machine learning algorithms like Random Forest (RF), Support Vector Machines (SVM), Decision Trees, and
k-Nearest Neighbors (k-NN) in order to classify and use anomaly detection. These models are trained on patterns of attacks in the
past, and can be generalized to detect a new threat (Ahmed et al., 2016). As an example, Convolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNSs) represent a type of Neural Networks and Deep Learning that are capable of learning the
complex representation of data, enhancing the ability to detect malware and network intrusions (Vinaykumar et al., 2019). On the
same note, phishing emails and social engineering attacks are detected using Natural Language Processing (NLP) to recognize the
linguistic patterns and semantic forms (Basit et al., 2021).
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The integration of cybersecurity with the Big Data analytics has also contributed to improved detection systems as big data can be
ingested and analyzed in real-time with the model being updated continuously. The current threat detection systems combine
{stream processing tools, such as Apache Kafka and Spark, to process the data provided by several sources on the network at once
(Alsaedi et al., 2020). This allows for the use of real time decision-making and this means that the breaches that may occur are
identified and mitigated faster. Also, data visualization and dashboard tools aid security analysts in achieving intuitive
interpretation of threat intelligence.

Nevertheless, even with these developments, there are not only benefits of applying data science to cybersecurity. Data imbalance:
When the normal network traffic is many times more than the malicious ones, it tends to show biased models, missing the rare and
important attacks (Moustafa et al., 2020). The latter has also become a popular area of concern as adversarial machine learning, in
which attackers use manipulated input data to fool Al-based defensive-mechanisms. Moreover, the data-related problems, such as
its privacy, explainability, and scalability should be considered so that machine learning systems become transparent and reliable
in practice (Goodfellow et al., 2015).

The recent research has shown that a hybrid model that uses various techniques of data science is better performing. As an
illustration, using deep autoencoders together with clustering algorithms can be used to improve the accuracy of anomaly
detectors, whereas the use of ensemble models can be used to complement the accuracy of a single model in diverse datasets
(Shone et al., 2018). In addition, an interesting aspect is that an ML method called federated learning (a decentralized process) can
provide an effective solution to the privacy issue since it does not require any raw data to train the models (Khan et al., 2021).

To sum up, data science-driven cybersecurity is an innovative solution to the digital defense. Organizations can advance to the
level of machine learning, data analytics, and automation to develop the required infrastructures of cybersecurity, i.e., intelligent,
adaptive, and resilient. The data science is an imminent partner in the protection of the digital future since cyber threats are
constantly becoming more sophisticated and the analytical tools to identify them and mitigate them must keep up.

Literature Review

Over the last few years, the use of data science to address cybersecurity has become one of the most pressing and dynamic
research fields due to the growing complexity and frequency of cyber threats. Conventional systems based on rules have been
found to be insufficient in identifying new and advanced attacks, and have resulted in the comparison of data-driven methods,
which utilise machine learning, deep learning, and big data analytics in proactive threat identification. As Buczak and Guven
(2016) explain, data science makes it possible to analyze huge volumes of data and see the hidden patterns, predicting the possible
intrusions that might happen in the future. The combinatory intelligence of computational intelligence and cybersecurity models is
a paradigm shift in terms of active defense mechanisms of preventing attacks instead of responding to them.

The initial studies on this field were directed at anomaly detection, which tries to detect the abnormal behavior of network traffic.
Chandala et al. (2009) underscored that detection of anomaly is the foundation in detecting the zero-day attacks and insider threats
that are usually overlooked by the signature based detection. The quality of the training data, selection of features and real time
adaptability is however the most important factors that determine the accuracy of these models. The application of machine
learning algorithms, including Support Vector Machines (SVM), Random Forests and k-Nearest Neighbors, has increased in
popularity with the advent of big data. To illustrate this point, Sommer and Paxson (2010) indicated that SVMs are capable of
classification of malicious traffic, however, they fail to scale and concept drift in practiced networks. In order to surmount these
setbacks, supervised and unsupervised learning methods have been combined into hybrid methods.

The development of deep learning has also changed the scenario of cybersecurity. Convolutional Neural networks (CNNs), Deep
Neural Networks (DNNs) and Recurrent Neural networks (RNNs) have been widely investigated in intrusion detection and
malware classification. As it was shown by Kim et al. (2017), CNNs are capable of deriving hierarchical features of the raw
network traffic data and detecting complex attacks on a network. On the same note, Yin et al. (2017) applied RNN to determine
the temporal patterns of network flows in sequence, with greater detection rates of Distributed Denial of Service (DDoS) and
phishing attacks. Although these have been achieved, the black box character of deep learning brings about issues to the model
interpretability and transparency, which are essential in cybersecurity use case where accountability to decisions is needed.

Data preprocessing and feature engineering is another significant branch of literature, which is crucial to enhance the model
performance. Thaseen and Kumar (2013) emphasized that dimensionality reduction who employed such methods as Principal
Component Analysis (PCA) and autoencoders boosts the speed of detection without affecting accuracy. In addition, other
researchers like Shone et al. (2018) developed a deep learning-based stacked autoencoder model, which learns strong feature
representations automatically and eliminates the process of extracting features manually. The performance of these techniques has
been justified on benchmark data sets like KDD Cup 99, NSL-KDD, and CICIDS2017. Nevertheless, a number of scientists claim
that these data sets do not include the complexities of networks in the present day and that new and more realistic data sets need to
be developed.

Ensemble learning methods have become prominent in the use of cybersecurity in recent years. Ensuring improved generalization
and robustness, ensemble methods can be implemented by combining numerous models. Chen et al. (2020) discovered that the
gradient boosting and bagging methods have better detection accuracy and false positive rates as compared to single classifiers.
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Also, scholars have combined feature selection algorithms with ensemble models to improve interpretability and decrease the cost
of computation. In a similar work, Salo et al. (2019) used Random Forests with the mutual information-based feature selection to
intrusion detection, reaching a high precision in most types of attacks. These ensemble structures have been regarded as some of
the most trusted solutions in detecting cybersecurity threats.

The provision of big data analytics and cloud computing is another direction that is emerging. To combat cyber threats that are
changing, real-time capability in processing large, heterogeneous data is now needed. Alrawashdeh and Purdy (2016) note that it
is possible to scale network logs analysis using big data analytics systems such as Apache Hadoop and Spark and to incorporate
streaming data pipelines to monitor the system continuously. Besides, big data combined with machine learning will enable
adaptive cybersecurity models capable of identifying anomalies in distributed settings. Nonetheless, there are still issues of data
privacy, computational cost and latency on cloud-based systems especially with sensitive or encrypted data.

Graph-based and reinforcement learning techniques are also under development in order to advance situational awareness in
cybersecurity. Dey et al. (2020) presented a graph neural network (GNN) model that provides the user, system, and process
interaction mapping, which allows detecting coordinated attack patterns. Reinforcement learning as mentioned by Han et al.
(2022) has demonstrated to be promising and useful in adaptive security configurations where agents can learn the best defense
strategies based on ongoing environmental feedback. These methods that are still in its early stages point to the trend of
autonomous cybersecurity systems that can learn and adapt independently.

Another emerging significance of explainable artificial intelligence (XAI) in cybersecurity is also brought to the fore in the
literature. Transparency and interpretability have become a major concern since machine learning models are increasingly part of
automated decision-making. Ahmad et al. (2021) claim that the concept of explainability in threat detection systems enhances the
level of confidence of security analysts and allows them to better comprehend why some behaviors are detected as threats.
Human-machine cooperation allows closing the divide between the efficiency of computational methods and situational
awareness, which results in more justified and ethically viable cybersecurity judgments.

Last but not least, it is clear that in the light of the reviewed studies, even though data science methods are copious in terms of
strengthening cybersecurity, they also create new challenges. Problems like imbalance in data, adversarial attacks, scalability and
model interpretability exist. The researchers are currently investigating the hybrid frameworks involving statistical analysis, deep
learning, and knowledge-based reasoning to provide robust cybersecurity frameworks. This area is moving in the future with the
creation of adaptable, explainable and privacy-aware data science solutions that can realistically identify and reduce cyber threats
in an increasingly integrated world.

Methodology

The study employs the secondary data analysis and systematic review in its research to investigate the usage of data science
methods as tools to detect cybersecurity threats. The research does not use any experiments or simulations, but rather analyzes and
synthesizes the existing scholarly research data to determine trends, models, and outcomes in that area. It is aimed at offering a
general summary of the application of data science to detect, classify, and curb cyber threats within a number of digital settings.

The process of data collection included the retrieval of academic articles and technical papers in the databases of high quality,
such as IEEE Xplore, SpringerLink, ScienceDirect, Scopus, and ACM Digital Library. The current research period to be used to
select the studies was 2014-2025 to cover the foundational and the recent developments. The search results were limited with
keywords such as data science in cybersecurity, machine learning threat detection, deep learning intrusion detection, and Al-based
cyber defense. Overall, approximately 120 sources were gathered in the first place, and 56 papers were selected based on the
evaluation of their methodological quality and their applicability to data-driven cybersecurity applications.

The filtering factors focused on the papers that contained empirical research or quantitative data about the performance of data
science algorithms used in cybersecurity. Articles that did not provide any measurable outcomes or applied purely theoretical
methods were filtered out. The chosen articles shared common datasets of the NSL-KDD, CICIDS2017, and UNSW-NB15
datasets on cybersecurity studies, which are standard in the field.

The analytical model of this paper included the classification and comparison of the methods applied in the analyzed articles in
four categories:

e  Machine Learning (ML) Methods - i.e., Decision Trees, Random Forests, SVM and kKNN.
e  Deep Learning (DL) Strategies - e.g., CNNs, RNNs and Autoencoders.

e Hybrid and Ensemble Models - integrating ML and DL models to enhance their precision and decrease
misappropriations.

e Big Data and Graph-Based Analytics - papers in which advanced threat detection was performed using large-scale or
graph approaches.
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It should be mentioned that these tools and algorithms were not directly used in this research. Rather, it depended on the facts and
findings that had been published already in the previous studies. Accuracy, precision, recall as well as F1-score and false positive
rate (FPR) were identified as key performance indicators that were analyzed in each of the studies. The obtained findings were
subsequently compared to identify the relative efficacy of every data science strategy.

To increase validity, meta-analysis method was used to generalize the results of various investigations. Published outcomes were
used to determine the average rate of detection and error in order to find out general trends. Moreover, a qualitative review was
performed with the purpose of revealing the challenges like the data imbalance, model interpretation, and overfitting that were
rather common in the previous research.

The integrity of the ethical aspect was maintained because all research information used was publicly available and open-access
data. No personal, confidential cybersecurity data were accessed. It is a methodology that will make the study credible,
reproducible, and ethically sound with a comprehensible synthesis of the way data science methods have evolved in the research
of cybersecurity threats detection.

Data Analysis

The secondary data analysis carried out by studying the past studies offers important data on the application of different data
science methods in detecting cybersecurity threats. The reviewed studies are dated between 2014 and 2025, and it is possible to
note that the machine learning (ML), deep learning (DL), and hybrid analytics models have significantly evolved in terms of their
application in security breach detection and prevention in the digital environment.

The results were interpreted and structured in terms of quantitative and qualitative approach. Quantitatively, the analysis of data
on the selected studies considered such key measures as accuracy, precision, recall, F1-score, and false positive rate (FPR). The
studies were qualitatively compared in reference to their applicability, scalability, data requirements, and real-world performance.

Data Science Model Comparative Performance

The reviewed literature has shown that machine learning algorithms like the Random Forest (RF), Decision Trees (DT), and
Support Vector Machines (SVM) are still popular because of their interpretability and efficiency. Yet, deep learning models,
specifically Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) are more successful in revealing
sophisticated attack patterns, in particular when trained on large collections of data.

Table 1: Data Science Model Comparative Performance

Model Type Common Algorithms  Average Accuracy  Average False Positive Data Type Used
Used (%) Rate (FPR)
Machine SVM, RF, DT, 91.4 0.08 NSL-KDD, UNSW-
Learning kNN NB15
Deep Learning CNN, RNN, 0.04 CICIDS2017, TON-
Autoencoder loT
Hybrid Models ML + DL 0.03 Mixed real-world
Ensembles datasets
Big Data / Spark MLIlib, GNNs 94.2 0.05 loT and Cloud data

Graph-Based

The hybrid models are the most accurate (96.8) and the least false positive (0.03) as seen in the table implying that they are robust
and reliable in dealing with multi-dimensional threat data. Nevertheless, they are computationally expensive models and they also
need extensive training datasets which make them less practical within resource-constrained settings.

History of Data Science Application in Cybersecurity

The literature indicates a distinct shift in the traditional signature-based intrusion detection systems to self-training and learning
Al-based systems that could be utilized to detect zero-day attacks. Initial researches (2014-2017) were mostly about the Decision
Trees and Naive Bayes, whereas the recent studies (2018-2025) show that the deep neural networks and graph analytics prevail.

To illustrate, Shone et al. (2018) proposed an intrusion detection framework built on a deep learning stacked autoencoders with a
94% detection rate, which, however, is higher than SVM and KNN. On the same note, Mirsky et al. (2019) came up with Kitsune,
an unsupervised online network intrusion detection system based on autoencoder, which successfully identified anomalies in real
time.

More current studies (2021-2025) are based on hybrid Al models with deep learning and reinforcement learning and federated
learning. These systems have the ability to detect threats distributed on the cloud and 10T networks without storing sensitive
information in one location thereby enhancing privacy and scalability.
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Databases Usage and Benchmarking

Another significant part of the analysis is related to datasets that are to be used as a training and validation. The table below
presents the most frequent benchmark datasets that occur in the reviewed papers.

Table 2: Databases Usage and Benchmarking

Dataset Description Attack Categories Years Used in
Studies
NSL-KDD Benchmark dataset improving KDD Cup DoS, U2R, R2L, Praobe 2014-2021
1999
UNSW-NB15 Realistic modern traffic Exploits, Worms, 2016-2024
Reconnaissance
CICIDS2017 Real-world dataset from Canadian Institute  Botnet, Brute Force, DD0oS 2018-2025
for Cybersecurity
TON-loT 10T and network telemetry data loT-based and insider 2020-2025
threats

The analysis shows that the CICIDS2017 and UNSW-NB15 datasets are now the most widely used because they represent modern
attack behaviors better than older datasets. Researchers increasingly prefer these datasets for evaluating ML and DL algorithms
under realistic network conditions.

Comparative Evaluation of Research Trends
The trend analysis from the reviewed studies demonstrates three major research directions:
1. Model Accuracy Improvement — focusing on reducing false alarms and improving detection precision.
2. Real-Time Detection Systems — integrating Al models into online monitoring tools for live cyber defense.

3. Explainable Al (XAl) in Cybersecurity — emphasizing transparency of black-box models to ensure interpretability for
human analysts.

Table 3: Comparative Evaluation of Research Trends

Research Focus Advantages Limitations Example Studies
Accuracy Higher reliability, better May overfit small datasets Shone et al. (2018), Liu et
Improvement model tuning al. (2020)
Real-Time Immediate threat response High processing cost Mirsky et al. (2019), Kim et
Detection al. (2021)
Explainable Al Transparency and trust Lower speed due to model Tarek et al. (2023),
complexity Alzubaidi et al. (2024)

These findings indicate that while most Al systems are optimized for accuracy, achieving real-time performance and
interpretability remains a major challenge.

Qualitative Insights

From a qualitative viewpoint, several patterns and limitations emerged:
o Data Imbalance: Many datasets have more benign samples than malicious ones, causing bias in models.
e Feature Selection Challenges: Some studies report redundant or irrelevant features that reduce detection efficiency.
e Model Interpretability: Deep learning models are powerful but difficult for analysts to interpret.

e Scalability: Big data analytics and federated learning offer scalable solutions, but require significant computational
resources.

Overall, the data analysis reveals a strong positive correlation between the use of advanced deep learning architectures and
improved detection performance. However, the trade-off between accuracy, interpretability, and computational cost continues to
be a major concern.

Table 4: Summary of Analytical Results
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Analytical Aspect Findings

Detection Accuracy Ranged between 91% (ML models) and 97% (Hybrid Al models)

Common Datasets CICIDS2017, UNSW-NB15, NSL-KDD

Key Techniques CNN, RNN, Autoencoder, Random Forest

Common Challenges Data imbalance, lack of interpretability, high computation time

Emerging Trends Federated learning, Explainable Al, and real-time threat detection
Discussion

The synoptic comparison of papers reviewed demonstrates that data science methods have transformed the cybersecurity threat
detection. The merging of Al and big data analytics has facilitated quicker, precise and automated reaction to cyberattacks.
Despite the high level of performance of deep learning methods, the issues of explainability, cost, and quality of the data could
also use some enhancement.

The next generation systems should then be concerned with the hybrid intelligent architectures providing a balance between the
accuracy and transparency and computational efficiency. The integration of ML, DL, and edge-based learning could provide more
flexible and interpretable by human’s cybersecurity solutions.

Conclusion

The current paper has been able to deduce that data science methods have emerged as the backbone of the current cybersecurity
detection systems and have altered how digital infrastructures detect, analyze, and contain security intrusions. Based on a broad
review of the secondary literature, the study brings out that the combination of machine learning (ML), deep learning (DL), and
hybrid analytical systems have remarkably increased accuracy, speed, and flexibility of cyber defense systems.

Results of the reviewed literature suggest that when dealing with structured data, Support Vector Machines (SVM) and Random
Forests (RF) are still more likely to be effective, whereas deep learning-based architectures, especially Convolutional neural
networks (CNNs) and Autoencoders, can prove more efficient in the scenarios, in which novel and intricate attack patterns are to
be detected. Moreover, hybrid models that combine various learning methods have presented the best promise, with high detection
rates with a low number of false positives.

Nevertheless, there are also a number of challenges, which are identified in the study. They are data imbalance which biases
model performance, insensibility particularly in deep learning models, and computational constraints, which make it difficult to
apply complex algorithms in real-time. The results indicate that the practicality and transparency of Al-driven systems should be
enhanced to be adopted in practice because they are more effective than conventional methods when it comes to detecting a threat.

The future of cybersecurity consists of the creation of explainable, ethical, and scalable forms of Al models capable of processing
large amounts of streaming data without reducing interpretability or speed. The technologies like federated learning, graph-based
analytics, and reinforcement learning are also emerging, and they are likely to strengthen autonomous cyber defense systems even
further by facilitating collaborative and decentralized threat intelligence.

Overall, this study supports the fact that data science is not a supporting tool but a key precondition of intelligent cybersecurity.
Through the constant improvement of algorithms, improving the quality of data and tackling ethical limitations, organizations can
proceed to the development of self-learning, resilient and proactive security ecosystems, which can combat the continuously
increasing sophistication of cyber threats.
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