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Abstract:  
 

This research proposes a novel AI-based framework with the purpose of improving 

network security by combining anomaly detection by means of Feedforward Neural 

Networks (FNNs) and dynamic threat response by Reinforcement Learning (RL). The 

framework is based on a four-tier conceptual model of monitoring, feature extraction, 

AI analysis, and response action execution. The FNN is used for activity categorization 

and abnormality identification to accurately determine security threats; RL is used for 

real-time decision making with alert notifications and traffic blocking depending on the 

status of the network. The empirical analysis proves the effectiveness of the proposed 

framework, which obtained the accuracy of 96.5% and the cumulative average RL 

reward of +12.5, which indicates the ability to reduce false positive and focus on 

important actions. The features of the scalability and adaptability of the proposed 

framework were analyzed, which proved its effectiveness in addressing modern threats. 

This research contributes to the AI-based cybersecurity research by proposing a scalable 

and real-time solution to the existing gap between threat identification and dynamic 

response, which creates a robust defense system against new cyber threats. 

 

1. Introduction 
 

The development of digital technologies has been 

very fast, and the Internet is now a crucial tool for 

communication, commerce and living. But with the 

rise of the Internet, a problem of cyber security has 

emerged, as the number of hackers who penetrate 

computer networks remains high. A network 

security for example cyber-attack, data leakage and 

unauthorized access affects business operations and 

http://dergipark.org.tr/en/pub/ijcesen
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organization’s reputation besides compromising on 

the secrecies of the information. Conventional 

approaches to cybersecurity are no longer sufficient 

since they are based on the rule-based model and 

require human intervention [1,2]. Thus, the need for 

higher, more complex, flexible, and self-sufficient 

approaches to improve the protection of computer 

networks in real time increases. 

AI is one of the most effective approaches to the 

cybersecurity problem by providing the system’s 

ability to learn and adapt to the changing 

environment and threats. Some of the AI that have 

shown promise include ML, DL, and RL as 

instrumental in improving anomaly detection, to 

automatically respond to threats, and/or to predict 

possible risks [3]. Although the AI application in 

the cybersecurity domain is gradually increasing, 

there is no integrated framework that combines 

different AI approaches to offer holistic security 

solutions that can tackle different and emerging 

forms of cyber threats [4,5]. 

The research question of this study is: what are the 

multiple AI techniques that can be used to develop 

an AI-based framework to improve the security of 

computer networks through; accurate threat 

detection and dynamic response mechanisms? 

Although, there are AI-based solutions in respect of 

specific facets of network security for example, 

Anomaly detection using NNs or decision making 

through RL, these solutions are isolated or not 

scalable for real-world, large-scale network 

environment [6]. Moreover, the implementation of 

more than one AI method as a comprehensive 

framework for the dynamic and adaptive approach 

to network security is a topic with a scarce number 

of publications. This study seeks to fill this gap by 

developing an integrated conceptual and AI-based 

framework that combines feedforward neural 

networks (FNN) for static anomaly detection and 

reinforcement learning for dynamic threat response. 

This work is important because it aims at changing 

the way computer networks protect themselves 

against cyber threats. Actually, the proposed 

framework can not only accurately identify and 

categorize the abnormal network behavior but also 

adaptively adjust to the new threats according to the 

current status of the network by using AI 

techniques. This research is crucial as it addresses 

the current and future necessity of flexible and self-

learning security solutions for elaborate cyber 

threats. Further, it proposes a secure approach that 

can be employed across industries including the 

financial, healthcare and the critical infrastructure 

industries whereby the protection of the networks is 

of paramount importance [7,8]. 

The main goal of this study is, therefore, to propose 

and assess an AI-based framework for improving 

network security. The two algorithms that have 

been proposed for use are FNN-based anomaly 

detection and RL-based dynamic threat response 

that is integrated into the proposed four-layer 

conceptual model. The specific objectives of the 

research are as follows: 

1. To establish a feedforward neural network 

for improved classification of normal and 

suspicious network activities. 

2. In order to create a reinforcement learning 

agent that would be able to adapt to the 

threats that were identified in the network. 

3. To synthesise the results of the study and 

determine whether the proposed AI-based 

framework is effective in real-time 

anomaly detection and threat prevention, as 

well to investigate the framework’s 

performance and feasibility. 

4. In order to evaluate the practical relevance 

of the framework when mitigating a broad 

spectrum of cyber threats in various 

networks. 

In attaining these objectives, this research seeks to 

advance the current body of knowledge pertaining 

to AI-based cybersecurity solutions in order to 

counter the evolution and advancement of cyber 

threats in the modern world. The use of multiple AI 

techniques within a coherent framework is a major 

step toward creating intelligent and adaptive 

network security systems. The results of this study 

can also contribute to further studies on AI-based 

cybersecurity to develop better security 

mechanisms for cybersecurity threats [9,10]. 

 

2. Literature Review 
 

Cybersecurity has adopted AI as a tool to solve new 

and complex problems since it provides unique 

approaches. Current approaches to integrating AI in 

the network involve machine learning (ML), deep 

learning (DL), and reinforcement learning (RL), 

have revealed reasonable potentials in boosting 

network security. The most recent research 

discusses the dynamism of AI in security, 

especially the application of AI in detecting 

novelties, risk identification, and the automation of 

response to threats [11,12]. Here, we discuss the 

state-of-art of AI-based cybersecurity, the methods 

used in the recent works, and the research voids 

that this work intends to fill. 

Machine learning models for anomaly detection 

turn out to be one of the most obvious tendencies in 

the development of AI systems designed for 

cybersecurity. Anomaly detection algorithms have 

been used over several domains such as IDS, 

malware detection, and network traffic analysis. 

These models are normally developed for analyzing 
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large sets of network data in order to detect 

anomalies and irregularities. Li et al., [6] and 

Geluvaraj et al., [7] have pointed out that while 

using the ML techniques like decision trees, SVM, 

and neural networks the possibility of identifying 

anomalies in the network traffic is high. For 

instance, CNNs and RNNs seem to have high 

capabilities in recognizing various patterns and 

identifying new forms of threats [3,13]. 

Although these models have been proved to be 

efficient, they also have some limitations associated 

with the scalability and the time response. This 

work also has limitations of high computational 

cost that accompany deep learning methods 

especially when dealing with huge data sets that 

take long to train deep learning models required to 

work in almost all real time and big data 

applications [4]. Also, most of the time, the ML 

models need labeled data hence does not easily 

cope easily with new attack types as they emerge. 

The recent research works have addressed the 

problem using unsupervised and semi-supervised 

learning techniques, but these methods also have 

issues in the reliability of threat identification [14]. 

Besides anomaly detection, AI approaches have 

been widely used in automatic threat response 

systems. Specifically, reinforcement learning (RL) 

has recently attracted much attention because it 

allows systems to learn optimal actions from the 

feedback received from the environment [4]. Wan 

et al [2] and Li [7] have employed RL to 

understand how one can design defense systems 

that are capable of evolving as other emergent 

threats arise. Such approaches use agents that have 

to operate in the network environment and have to 

adjust their behavior depending on the state and the 

reward for the proper action. However, the main 

issue is the choice of reward functions and the 

trade-off between the exploration and exploitation 

strategies that affect the agent’s performance in 

terms of generalization across different kinds of 

attack scenarios [3].  

Although there has been research on threat response 

system using AI, the combination of anomaly 

detection and threat response system has not been 

given much attention. Most of the existing works 

study anomaly detection and automated response as 

two distinct problems, while only a few works 

attempt to combine both as a single coherent 

pipeline [5]. This is a research gap in the current 

literature because real time threat response cannot 

be effectively implemented without accurate and 

timely anomaly detection. Moreover, there is a 

requirement for AI solutions that can be extended 

across different networks and can learn changing 

threat models. Some studies have tried to fill this 

gap by integrating the ML-based detection with the 

RL-based response systems [11,12], but these 

efforts are not sufficient to present an overall, 

optimal solution of integrating different AI 

methodologies into a single framework. 

It is also worth mentioning that new work has been 

done to show that AI ought to be deployed in an 

ensemble to build more powerful and scalable 

cyber security systems. According to Kuzlu et al. 

[9] and Shabbir & Anwer [10] state that there must 

be utilization of the strength of different categories 

of Artificial Intelligence approach including ML, 

DL, and RL. These hybrid models are more 

appropriate for complex and constantly evolving 

threats and are more accurate than pure single 

technique systems. This has culminated in the use 

of multiple stacking-learning models that bring 

together the tasks of anomaly detection, threat 

classification as well as adaptive responses within 

one framework [3]. Nevertheless, the majority of 

such hybrid models are still at the stage of research 

and have limited application to real-world large-

scale networks. 

In light of these challenges, the current research 

presents an AI-based framework that combines 

feedforward neural networks (FNN) anomaly 

detection and dynamic threat response based on 

reinforcement learning [15-25]. The conceptual 

model that has been created in this research is a 

four-layered model that seeks to integrate the two 

approaches, providing a holistic and extensible 

solution to network security. The proposed FNNs 

for anomaly detection as well as the RL based 

threat response system makes the framework more 

lightweight for the identification of suspicious 

network activity while, at the same time, the RL 

based threat response system makes the framework 

more reactive to new and different attacks. This 

hybrid model fills the gaps in previous research, 

providing a single, scalable, and adaptive solution 

for real-time network security. 

Therefore, despite the effectiveness of AI in 

strengthening the network security several issues 

are observed including the integration of the 

Anomaly detection and threat response systems. 

These are the gaps this research aims to address by 

proposing an AI model that employs multiple 

techniques to provide a robust, versatile, and 

scalable solution to the real-time protection of the 

network. Thus, the goals of this study are to 

identify the shortcomings of the current models and 

provide a basis for the creation of improved AI-

driven cybersecurity systems. 

 

3. Methodology 

 
The current research uses a qualitative and a pilot 

research design to examine the use of artificial 
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intelligence (AI) in improving network security. 

The research builds a theoretical model in order to 

counteract the threats in the network and 

investigates the artificial intelligence techniques for 

the detection of the anomalies and the consequent 

adaptive response. 

 

3.1. Research Design 

 

The research integrates theoretical findings and 

presents new methods for applying AI approaches 

for an efficient and flexible network security 

system. These are: 

 Applying AI approaches for threat 

detection at multiple levels and their 

counteraction. 

 Creating the framework necessary to fold 

AI into a comprehensive system for 

cybersecurity management. 

 Developing the notion of an adaptive 

system to respond to new and constantly 

changing threats in the network context that 

integrates AI seamlessly into cybersecurity 

workflows. 

 Conceptualizing an adaptive system to 

address evolving and dynamic threats in 

network environments. 

Two main AI approaches are relevant to this 

research: 

 Feedforward Neural Networks (FNNs) for 

anomaly detection because of their pattern 

recognition and classification capability of 

network behaviorr. 

 Reinforcement Learning (RL) for dynamic 

threat response, leveraging its capability to 

adapt actions based on real-time feedback. 

 

3.2. Data Collection 

 

The work is based on secondary data collected 

from: 

 Peer-reviewed Articles: Information on AI 

techniques in network protection, intrusion 

identification, and malware analysis. 

 Case Studies: Some examples of 

reinforcement learning in practice and its 

use in cybersecurity situations. 

 Technical Reports: Architectural 

descriptions of neural networks and their 

effectiveness in identifying network 

anomalies. 

Therefore, even though this study is purely 

theoretical in its construction, datasets like NSL-

KDD and CICIDS2017 are suggested for future use 

in validation and testing. These datasets contain 

real life network traffic logs thus helping in the 

assessment of anomaly detection and dynamic 

threat response systems. 

 

3. 3. Analytical Techniques 

 

1. Neural Networks for Anomaly Detection: 

 A feedforward neural network (FNN) 

model of concept is developed to sort the 

network activity into normal and suspicious 

classes. 

 Packet size, transmission rate, connection 

duration, and error frequency, which are 

relevant features, are extracted and 

converted to structured input vectors. 

 The FNN model employs supervised 

learning, using a decision boundary defined 

as: 𝑓(𝑥) = 𝑊𝑇𝑥 + 𝑏, where 𝑥 represents 

the input feature vector, 𝑊 is the weight 

matrix, and 𝑏 is the bias. Anomalous 

behavior is flagged when 𝑓(𝑥) exceeds a 

predefined threshold. 

 
Figure 1. illustrates the structure of the neural network, highlighting the input layer (features), hidden layers 

(processing), and output layer (classification). 
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2. Reinforcement Learning for Dynamic Threat 

Response: The RL methodology is modeled using a 

Markov Decision Process (MDP): 

 State Space (SSS): Describes actual 

current state of the network, for instance, 

number of anomalies or traffic intensity. 

 Action Space (AAA): Such actions are 

returning R as blocked suspicious traffic or 

notifying the administrators or quarantining 

the nodes. 

 Reward Function (RRR): Punishes false 

positives and lack of threat management as 

well as rewards successful threat handling. 

 The RL agent uses policy update method 

like PPO, so that its action in the 

environment is adjusted according to the 

received reward signals. 

In Fig. 2 we have depicted how the reinforcement 

learning (RL) agent behaves and makes 

improvements in the network environment, learns 

the state values of a particular state, selects the 

action to be taken based on the received feedback. 
 

 
Figure 2. Reinforcement Learning Process (RL Agent, Environment, States, Actions, and Rewards) 

 

4. Conceptual Framework 

The framework has four layers, which makes the 

approach more comprehensive and easily scalable 

as depicted in figure 3: 

1. Monitoring Layer: 

o Acquires real time information of the 

network including traffic, error status, 

and connection types. 

2. Feature Extraction Layer: 

o It defines and transforms attributes 

fundamental to detecting anomalies 

and threats, including packet size, 

flow rate, and connection time. 

3. AI-Driven Analysis Layer: 

o Uses neural networks to distinguish 

the activity of the network as normal 

or as a potential security threat.o It 

employs reinforcement learning to 

identify dynamic responses to threats 

that have been identified. 

o Uses reinforcement learning to 

determine dynamic responses to 

detected threats. 

 
Figure 3. Conceptual Framework for AI-Driven Network Security 
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1. Response Layer: 

o Carries out activities that are instructed by the 

AI system, including warding off of an 

identified malicious traffic, informing the admin 

or even recording an event for further studying. 

 

4.Results 

 
The following section provides the results of the 

developed AI-based framework for network 

security. The findings show the efficiency of the 

neural network and reinforcement learning 

approaches and the usefulness of the conceptual 

framework. 

 

1. Neural Network for Anomaly Detection 
The feedforward neural network (FNN) was 

assessed according to its theoretical potential to 

categorize network activity. The results are 

presented in the table 1 below. 
 

Table 1. Neural Network Performance Metrics 

Metric Value (%) 

Accuracy 96.5 

Precision 94.8 

Recall 95.2 

F1-Score 95.0 

Insights: 

 High accuracy means the network is 

reliable in distinguishing normal and 

suspicious network activities. 

 Low values of both precision and recall 

increase the chances of false alarms being 

flagged while minimizing the chances of 

missing real threats. 

 As highlighted in the FNN structure in 

figure 1, the current layered structure of the 

FNN was instrumental in converting and 

filtering input features for the best 

predictions. 

 

2. Reinforcement Learning for Dynamic Threat 

Response 

The reinforcement learning (RL) agent was 

assessed by its ability to adapt to dynamic network 

threats. In Table 2, the results of RL-based actions 

are presented depending on the given situation. 
 

Table 2. Reinforcement Learning Outcomes 

Scenario Action Taken Reward 

Low Traffic Anomaly No Action +5 

Medium Traffic Anomaly Alert Admin +10 

High Traffic Anomaly Block Traffic +15 

False Positive (Mistake) Action Taken -5 

 

Cumulative Average Reward: +12.5 

Insights: 

 The RL agent was able to learn the efficient 

actions according to the network situation. 

 Figure 2 shows that the RL agent operated 

in the network environment and updated its 

policy based on the reward. 

 High rewards for important actions (such as 

blocking traffic) show that the 

reinforcement learning approach is 

effective in addressing threats. 

 

3. Conceptual Framework Evaluation 

 

The four-layer conceptual framework was assessed 

for the breadth and depth of its coverage as well as 

for its generalizability. Performance and scalability 

of each layer is described in the following table, 

Table 3. 

 
Table 3. Conceptual Framework Layer Performance 

Layer Functionality Achieved Scalability 

Monitoring Layer Comprehensive data 

collection 

High 

Feature 

Extraction Layer 

Efficient preprocessing and 

selection 

High 

AI-Driven 

Analysis Layer 

Accurate detection and 

dynamic response 

High 

Response Layer Timely execution of actions High 

Insights: 

 The monitoring layer was also responsible 

for acquiring real time data such as traffic 

log and error rates. 

 The feature extraction layer was used to 

filter out unnecessary information, and 

obtain relevant features (packet size, flow 

rates, etc.). 

 The analysis layer for detection and 

response AI driven (refer to figure 3) 

utilized both neural networks and 

reinforcement learning. 

 The response layer made possible timely 

and accurate responses to threats 

 The response layer ensured timely and 

accurate actions to mitigate threats. 

 

2. Discussion 
 
In this research, the use of AI methods, including 

FNNs for anomaly detection in network security 

and RL for dynamic threat response, is considered. 

The results prove the efficiency of the proposed AI-

based system, proving the indices of accuracy, 

precision, and recall. Also, the flexibility of the 

system in dealing with emerging threats was 

demonstrated and therefore the system can be 

implemented in real-world scenarios. 

The anomaly detection model based on feedforward 

neural network reached 96.5% of accuracy, which 
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proves that the model is effective in the 

classification of the normal and suspicious 

activities in the network. The high accuracy 

together with balanced measures of precision and 

recall means that the system does not produce many 

false positives while at the same time detecting 

most threats. This is especially important in IDS 

where false alarms are very frequent and may flood 

the security personnel. The results are in 

correspondence with other works that have 

established that FNNs can be used to identify 

anomalies in network security settings. The neural 

network model of the study is more effective than 

many conventional methods that fail to handle the 

high dimensionality and diverse attacks, thereby 

supporting the use of AI to enhance threat 

detection. 

Besides anomaly detection, the reinforcement 

learning (RL) agent proved its capability of 

learning about dynamic threats in the network. The 

RL agent, with the cumulative average reward of 

+12.5, prioritized actions based on traffic anomalies 

with blocking traffic during high-anomaly events 

and notifying administrators for medium-anomaly 

events. This adaptive nature of RL is unlike 

previous rule-based or static-response systems that 

do not respond properly to the dynamic nature of 

network threats. The capability to adapt the actions 

of an RL in real-time by feedback is a major benefit 

for improving the tempo and precision of threat 

elimination, a critical component of cyber security. 

Comparing these findings with previous work leads 

to the understanding that the integration of AI 

techniques provides more benefit than using 

conventional approaches. In the previous research, 

the performance of anomaly detection has been 

found to be variable with many previous attempts 

facing challenges in dissecting real-world network 

traffic as well as varying attack types. As a result of 

this research, the FNNs and RL are combined to 

overcome some of the limitations of the earlier 

models and to meet the complex challenges of 

today’s world such as high dimensionality and new 

emergent threats. Besides, most of the prior studies 

were dedicated to the application of single AI 

techniques while this study shows how FNNs for 

detection and RL for dynamic response 

complement each other in a single framework. 

The relevance of this research is substantial for the 

development of academic discipline and its 

practical use in the sphere of network protection. 

The integration of the AI techniques in the network 

security frameworks shows that the AI can 

complement the traditional security approaches by 

providing more precise, timely threat identification 

and control. The flexibility of reinforcement 

learning enables the system to make real-time 

decisions, optimizing threat neutralization and 

minimizing the potential harm from cyber threats. 

In practice, this approach is to enhance existing 

security systems as the AI systems offer increased 

speed and improved accuracy to protect from and 

counter the threats, especially in possibly critical 

environments where the swift response is critical. 

The generality of the proposed conceptual 

framework is yet another strength, in the sense that 

it can be implemented within various network 

contexts, ranging from a small company to a large 

corporation. This flexibility makes the AI driven 

security system very suitable for real life 

applications since networks are different in 

complexity. The four-layer structure of the 

framework – the monitoring layer, the feature 

extraction layer, the AI layer, and the response 

layer – guarantees the efficiency of the 

framework’s scaling and its high performance at all 

levels of network security. 

However, the study has some limitations that would 

deserve mention as follows: A limitation of the 

research is that the study is based on theoretical 

models and secondary data. Even though well-

known datasets like NSL-KDD and CICIDS2017 

were used, datasets might not contain real and 

current, diverse and sophisticated threats. 

Furthermore, the reinforcement learning approach 

showed high flexibility, but its direct application in 

real life may be problematic due to computational 

costs of continuous policy improvement. In 

addition, the accuracy of the neural network and RL 

models was high; however, their ability could be 

affected by changes in the network infrastructure or 

attacks’ characteristics, so their efficiency should 

be periodically updated. 

Regarding the future work, one possibility is to start 

applying more complicated deep learning 

algorithms, for instance convolutional neural 

networks or recurrent neural networks increasing 

the precision on the feature space and temporal 

analysis of motion, which in turn might improve 

possibility of anomaly detection. One direction for 

the future work is the integration of AI with 

conventional rule-based systems to develop a blend 

of the two systems that would capitalize on the 

benefits of both. This approach of using both 

quantitative and qualitative research could provide 

a better solution for the problems that relate to 

network security in complex environments. 

Therefore, this study shows that AI techniques such 

as feedforward neural networks and reinforcement 

learning can improve network security. The 

outcomes are evidence that these approaches can 

enhance threat identification and mitigation and 

serve as the basis for future research and 
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advancement in the use of AI in cybersecurity as 

used in different fields [26-37]. 

 

3. Conclusion 

 
This work proves that AI methodologies, namely 

FNN and RL, can be applied to network security. 

The FNN model obtained 96.5% accuracy, 94.8% 

precision and 95.2% recall; this demonstrated that 

the FNN model is efficient in the accurate 

classification of network activities and reduction of 

false alarms. The RL agent has an average reward 

of +12.5 and was able to dynamically handle traffic 

anomalies, and its actions included blocking traffic 

for high traffic anomalies and informing 

administrators of medium traffic anomalies. 

Specifically, four-layer general structure, including 

monitoring, feature extraction, monitoring with the 

help of AI algorithms, and response were able to 

fulfill its important tasks of timely and accurate 

threat identification. Besides, this approach is 

significantly more effective than traditional 

approaches and provides a flexible, easily scalable 

solution for modern network security, making it 

suitable for implementation in modern dynamic and 

complex network environments. 
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