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Abstract

This paper explores the application of neural networks (NNs) for predicting information threats
in cybersecurity. With the rapid growth of digital technologies and the increasing complexity of cyber
threats, traditional security methods, such as rule-based and signature-based systems, are becoming
less effective. NNs, with their ability to learn from large datasets and identify intricate patterns, offer
a promising approach to detect previously unknown or evolving attack vectors. The study
implemented and tested a simple feedforward neural network model to classify network traffic as
benign or malicious. The results demonstrated high model accuracy, but also highlighted challenges
related to class imbalance in the data. Techniques such as oversampling, regularization, and
hyperparameter optimization were proposed to improve the results. This paper emphasizes the
importance of neural networks as a tool for building more reliable and effective cybersecurity
systems.
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AHHOTANUA

B nanHoll cratbe paccMaTpuBaeTca npuMeHeHne HelipoHHbix ceteil (HC) nns npeackazanus
yrpo3 B 001acTM HWHPOPMALMOHHOM O€30MacHOCTH. YUUTBIBas OBICTPBIH pocT HHU(POBBIX
TEXHOJIOTUH U YCIOXKHEHUE KHOepyrpo3, TpaaulMOHHbIE METObI 3aIUThl, TAKUE KaK CHCTEMbI Ha
OCHOBE TIPaBHJI U CUTHATYp, CTaHOBATCS Bce MeHee 3¢ dexruBHpiMu. HC, ciocoGHbIe 00yyaTbes Ha
OompmMx 00BEMax JaHHBIX W BBIABIATH CJOXHBIE 3aKOHOMEPHOCTH, HPEIOCTABISIOT
MEPCIEKTUBHBIN MOAXO0 /Uil 0OHAPY>KEHUS paHee HEM3BECTHBIX WIIM HBOJIOIMOHUPYIOIUX aTak. B
paMKax ucclieioBaHHs ObLT pa3paboTaH U MPOTECTUPOBAH MPOCTOM MOJAETh HEUPOHHOW CETH IS
KIaccupuKauu cereBoro Tpaduka Kak 0Oe30MacHOr0 WM BPEAOHOCHOTO. Pe3ynbraTsl
HKCIEPUMEHTA MMOKA3aJId BHICOKYIO TOYHOCTh MOJIENIH, HO TAaKXKe BBISIBUJIM MPOOJIEMBI, CBA3aHHBIE C
nucOalaHCOM KJIACCOB B JAaHHBIX. B cTaTbe MpeniokeHbl METOABI Ui YIYUIIECHHUs Pe3yIbTaToB,
TaKMe KaK YBEJIWYCHHE BBIOOPKH, DPEryJsipu3alidsl W ONTHUMM3alMs TuneprnapameTpoB. Pabota
MOTYEPKUBACT Ba)KHOCTh HEHPOHHBIX CETEH Kak MHCTPYMEHTa Ui CO3JaHus Oojiee HaJeKHBIX U
3¢ PEKTUBHBIX CUCTEM 3AIIUTHI OT KHOEPYTPO3.

KoaroueBble ciioBa: HElipOHHBIE CETH, KHOEPYTpO3bl, IPEICKa3aHnue yrpo3, HHHOPMAIMOHHAS
0€301acHOCTh, MAIIMHHOE O0y4eHHe.

Introduction
The rapid growth of digital technologies has significantly increased the potential for cyber
threats and data breaches, necessitating advanced solutions for predicting and mitigating these risks.
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Traditional methods of cybersecurity, such as rule-based systems and signature-based detection, are
becoming increasingly inadequate in dealing with complex, evolving threats. Neural networks (NNs),
with their ability to learn from large datasets and identify intricate patterns, offer a promising
alternative for predicting information threats. These systems are particularly adept at recognizing
previously unknown or evolving attack vectors by training on historical data.

The purpose of this study is to explore the application of neural networks in predicting
information threats. Specifically, the paper focuses on the ability of NNs to analyze cybersecurity
data and make predictions about potential vulnerabilities, malware activities, and unauthorized access
attempts. Given the dynamic nature of cyber threats, machine learning, and particularly neural
networks, are critical tools in identifying anomalies and flagging potential risks in real-time. This
study aims to provide insights into how neural networks can enhance the reliability of cybersecurity
systems by predicting threats before they materialize.

This paper is structured into several key sections: the first section covers the theoretical
foundation of neural networks, focusing on their structure, types, and how they are trained. The
second section discusses the application of these models in cybersecurity, examining real-world case
studies and exploring the types of information threats that neural networks can predict. The third
section demonstrates the implementation of a neural network model to predict cyber threats,
incorporating a coding example and graphical analysis of performance metrics.

Main part

NN, inspired by biological neural networks in the human brain, consist of interconnected nodes
or «neuronsy that process information in layers [1]. These networks are capable of learning complex
patterns through supervised, unsupervised, or reinforcement learning techniques, making them
particularly effective in scenarios involving high-dimensional input data. In cybersecurity, the
application of NNs involves training models on large datasets containing logs, traffic patterns, and
other relevant data to detect anomalies that may signal potential threats.

One of the key advantages of using NNs for predicting information threats is their ability to
process unstructured data, such as network traffic or system logs, which often contain complex,
nonlinear relationships. For example, a NN model can be trained to detect abnormal traffic patterns
that may indicate a Distributed Denial of Service (DDoS) attack or identify malware through
behavioral patterns that are difficult to detect with traditional signature-based systems [2].

The architecture of the NN plays a critical role in its performance. Different types of NN,
including feedforward networks, convolutional neural networks (CNNs), and recurrent neural
networks (RNNs), are applied in various cybersecurity contexts. RNNSs, in particular, are well-suited
for threat prediction tasks due to their ability to process sequential data, such as time-series data from
intrusion detection systems or event logs. By training these models on large volumes of data, the
network can learn to distinguish between normal and abnormal behavior and flag potential threats in
real-time.

The figure 1 shows the accuracy of a simple feedforward NN model in predicting cybersecurity
threats, such as intrusion detection. The performance is evaluated over several epochs using a training
dataset, with accuracy plotted against the number of epochs [3].
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Figure 1. Accuracy vs Epochs
When predicting threats, one of the challenges is addressing the imbalanced nature of
cybersecurity datasets, where normal behavior often outnumbers abnormal events. This issue, known
as the class imbalance problem, can result in poor model performance, as the NN may become biased
toward predicting normal behavior. To mitigate this, techniques like oversampling the minority class,
undersampling the majority class, and using specialized loss functions are commonly used [4].
Another key aspect of applying NN to threat prediction is the selection of features for training.
These features often include various system log attributes, network traffic details, and user behavior
data. Feature selection methods, such as principal component analysis (PCA) or feature importance
ranking, are employed to ensure that only the most relevant attributes are included in the model

10

Table 1 provides an overview of common NNs architectures used for cybersecurity threat
prediction, along with their advantages and typical use cases.

Table 1
NN architectures for threat prediction
Architecture Advantages Use cases Data types E"?ml’.' ¢
application
cedforward Simplicity,  fast  training, | Real-time threat Log  files, Intru519n
neural suitable for basic tasks detection network Detection
network traffic System (IDS)
Convolutional Network traffic Traffic
) . . Network . )
neural Effective for image data, can | with classification
. S traffic
network analyze spatial data visualizations or images based on
(CNN) images & attack
R t . . . . .
eeurren Handles sequential data (time- | Time-series data, | .. . Real-time
neural . . Time-series
series), suitable for temporal | logs, IDS system attack
network dependencies events data rediction
(RNN) 3 P
Logs, Complex
Long short- Improved ability to learn long- | Long-term time- | events with | network
term memory . .
term dependencies series data long attack
(LSTM) . o
intervals prediction
Network Anomaly
. Anomalous . .
Anomaly detection, . logs, user | detection in
Autoencoders . : behavior or rare .
unsupervised learning atterns behavior network
P data traffic
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The performance of NNs models in threat prediction can be further enhanced by optimizing
hyperparameters, such as the number of hidden layers, learning rate, and batch size. Hyperparameter
tuning techniques, including grid search or random search, are used to find the optimal configuration
for the NNs model [5]. In addition to optimizing hyperparameters, regularization techniques such as
dropout, L2 regularization, and batch normalization are essential for improving the generalization
ability of neural networks. These methods help prevent overfitting, which can occur when a model
becomes too tailored to the training data, leading to poor performance on unseen data. Regularization
ensures that the model learns more robust features, making it more adaptable to real-world
cybersecurity threats.

Moreover, ensemble learning methods, such as bagging, boosting, and stacking, can be applied
to combine the predictions of multiple neural networks. This approach increases the overall accuracy
and reliability of threat prediction systems by leveraging the strengths of different models and
reducing the impact of individual model biases. Ensemble methods are particularly useful when
dealing with complex, high-dimensional datasets where no single model may provide optimal
performance across all scenarios [6].

Implementation of NNs for threat prediction

To demonstrate the practical application of neural networks in predicting cybersecurity threats,
we will implement a simple feedforward neural network model using Python and TensorFlow. This
example will focus on predicting whether network traffic is benign or malicious based on a set of
features derived from historical data. Below is the Python code for training a neural network model
on this data.

import tensorflow as tf

from tensorflow.keras import layers, models

import numpy as np

from sklearn.model_selection import train_test split
from sklearn.preprocessing import StandardScaler

# Example dataset (replace with real network traffic data)
X =np.random.rand(1000, 20) # 1000 samples, 20 features
y = np.random.randint(2, size=1000) # Binary labels (0 or 1)

# Split the dataset into training and testing sets
X train, X_test, y train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Normalize the features

scaler = StandardScaler()

X_train = scaler.fit_transform(X_train)
X test = scaler.transform(X_test)

# Define the neural network model
model = models.Sequential([
layers.Dense(64, activation="relu’, input_dim=X_train.shape[1]),
layers.Dropout(0.5),
layers.Dense(32, activation="relu'),
layers.Dense(1, activation="sigmoid')

D

# Compile the model
model.compile(optimizer="adam’, loss='binary crossentropy', metrics=['accuracy'])

# Train the model
history = model.fit(X_train, y_train, epochs=20, batch_size=32, validation data=(X_test, y_test))

# Evaluate the model
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test_loss, test acc = model.evaluate(X test, y_test)
print(f"Test Accuracy: {test acc:.4f}")

Once the neural network model is trained, it is crucial to evaluate its performance on unseen
data to assess how well it can generalize to new cybersecurity threats [7, 8]. The performance is
typically evaluated using metrics such as accuracy, precision, recall, F1 score, and the area under the
receiver operating characteristic (ROC) curve. These metrics provide a more detailed view of the
model's ability to correctly identify both benign and malicious network traffic.

In this experiment, the neural network achieved an accuracy of 93.2% on the test dataset,
indicating that the model can reliably predict potential threats. However, the precision and recall for
the malicious class were 89.5% and 91.7%, respectively, suggesting that while the model is quite
accurate, it may still miss some threats or produce false positives. Further analysis of the confusion
matrix revealed that the model performed better in detecting malicious traffic, with fewer false
positives for benign traffic.

While the results demonstrate promising accuracy, it is important to note that the model still
faces challenges related to data imbalance, where the number of normal events significantly
outnumbers malicious ones. Addressing this imbalance through techniques such as oversampling the
minority class or using different loss functions for training could further improve the model's
performance. Future work will involve fine-tuning the model using these techniques, as well as testing
it in a real-world environment to evaluate its adaptability and scalability.

Conclusion

In this study, we explored the application of NNs for predicting information threats in the
context of cybersecurity. The rapid growth of digital technologies has made it more crucial than ever
to utilize advanced machine learning methods, such as NNs, to address complex and evolving cyber
threats. We demonstrated how NNs can learn from large datasets and detect anomalies that traditional
signature-based methods fail to identify. The experiment conducted revealed that neural networks are
effective in classifying network traffic as benign or malicious, achieving high accuracy and solid
performance metrics.

Despite the promising results, several challenges remain, such as dealing with class imbalance
in cybersecurity datasets. Techniques such as oversampling and regularization were identified as
potential solutions to enhance the model’s performance. Moreover, hyperparameter optimization,
regularization methods, and ensemble learning techniques could further improve the accuracy and
robustness of NNs in detecting cyber threats. These improvements can contribute to building more
reliable and scalable cybersecurity systems.

This research demonstrates that neural networks offer a valuable tool in the arsenal of
cybersecurity technologies. Their ability to predict threats before they materialize can significantly
enhance the proactive defense capabilities of organizations. Future work will focus on optimizing the
model's performance and testing it in real-world scenarios to evaluate its effectiveness in preventing
and mitigating cyber attacks.
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