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Abstract

This assignment focuses on adopting AR and VR in the DevOps process to improve the developer
experience and the DevOps process chain. The goal is to understand what these enhanced interfaces might
offer and how, in turn, they can solve problems, alleviate inefficiencies, and improve organizational
communication that allows for more streamlined and efficient workspaces. Techniques include exploring
current research on the use of AR/VR in software technology and using case studies showing how this
technology may help in some actual scenarios. The main findings include the fact that AR and VR play a
valuable role in improving the efficiency of visual debugging, providing various opportunities for remote
collaboration, and optimizing the training and onboarding of developers. However, problems exist, such as
high implementation costs, demand for special equipment, and user adaptation. To address these issues,
some recommendations include a gradual approach to AR/VR applications, user training, and using cloud-
based solutions. Based on the above analysis, it is possible to conclude that both AR and VR have great
potential for changing the field of DevOps; however, to accomplish this task, it is necessary to plan and
implement them systematically and support their application effectively.

Introduction

Al and ML are two of the most indispensable sciences in cybersecurity and have revolutionized
how organizations approach security and the confrontation of cyber threats and events. Al in cyber defense
includes using algorithms and models to handle threats in cyberspace and make gains in security
mechanisms (Amershi et al., 2019). Threats and countermeasures should also be detected before they
happen to prevent them through machine learning to solve such problems using big data (Rothenhaus et al.,
2018).

Its crucial to say that these are necessary improvements since they allow the integration of tasks
and the erasure of human factors contributing to security threats. Al cybersecurity technologies are built to
accumulate knowledge concisely and, therefore, can re-program their handling of perceived threats based
on past experiences. The positive approach is crucial in the contemporary field since cyberspace threats
evolve in depth and frequency (Rausch & Dustdar, 2019). Moreover, Al and ML help handle incidents by
prioritizing the alert and speeding up the incident response while helping identify threats (Fitsilis et al.,
2018).
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In this assignment, the application and integration of Al and machine learning will be discussed

about cyberspace and incident response. It aims to identify the fields of utilization, evaluate the burdens

associated with these technologies, and identify the ways and means of overcoming existing organizational

challenges to enhance cyber security. It will also incorporate live examples and demonstrations in the given
field to show how Al and ML are valuable and essential in the required field.

Simulation Reports

The simulations demonstrated where and how Al can be used in cyberspace security and incident
handling, particularly in identifying abnormal network traffic, possible miscreants, and prejudice-checking
pre-set activities for handling such intrusions. This was done according to the supervised learning approach
in which the algorithms were trained using samples of network traffic log files with both regular and
malicious traffic. As noted similarly, the given dataset contains almost all the cyberattacks, such as
Distributed Denial of Services (DDoS), brute force, and network infiltration, using the well-known
CICIDS2017 dataset (Rothenhaus et al., 2018). Since the Random Forest classifier does not depend on
variance in the data distribution and can work with the imbalanced data typical for the cybersecurity domain
(Amershi et al., 2019), we use it in our work. The procedure involved in this training and the testing was
that they used 70% of the data for training while the remaining 30% was used for testing. Then, the measures
are used to assess the performance of the metrics.

Simulations were written in Python, and significant libraries such as Scikit-learn were used to
create the model, Pandas to manipulate the data, and Matplotlib to visualize the data. Furthermore,
TensorFlow was used to validate other high-level machine learning algorithms, such as CNNs, for multi-
level pattern identification to illustrate the applicability of other Al strategies in threat identification
(Rausch & Dustdar, 2019). The simulation environment was carried out using Jupyter Notebooks to create
an interactive environment and change the model on the go.

Some of the simulation outcomes that were deemed crucial showed that Al models enhanced the
identification of cyber threats by huge margins. Overall, the Random Forest model had a 96% classification
accuracy regarding deciding on anomalies and a recall rate of 92%, which presents a high True Positive
Rate. The deep learning models were slightly slower, but the results indicated they could identify faint
patterns that accurate models may miss. Note we achieved an F1 score of 0.89.

In general, the simulations demonstrate the main beneficial effect of Al in expanding the
possibilities of improving cybersecurity and managing incidents. They show how there can be more
advanced and adaptive security. This paper stressed the need for continued future research and
developments to enhance the utility of these technologies for stream- and real-world applications
(Vermesan & Bacquet, 2019; Rausch & Dustdar, 2019). This work is helpful for researchers as it offers
real-world ideas for implementing Al in cybersecurity and contributes to developing new ideas.

Real-Time Scenarios

Real-life examples and cases of usage explore further the idea of Al and deep learning applied in
the cybersecurity and event management domain. The above applications demonstrate that applying

305



m © INTERNATIONAL JOURNAL FOR RESEARCH PUBLICATION & SEMINAR
SRS ISSN: 2278-6848 | Volume: 12 Issue: 04 | October - December 2021
Peer Reviewed and Refereed Journal

different Al methods is fast in new and unknown threats. Therefore, such applications are valuable tools

for organizations that need to enhance the security aspects of their businesses (Vermesan & Bacquet, 2019).

A second dynamic and well-known use of Al in confronting cyber threats is in Security
Information and Event Management (SIEM) systems. The methods employed by the machine learning
algorithms embedded in the currently evolving Al-integrated SIEMs assist in searching for other security-
related information for any indication of activities that may be deemed abnormal or an indicator of intrusion
(Rothenhaus et al., 2018). For instance, a system will easily consider actions like log-in or data transfer as
malicious as it fully understands what is allowed in the network. It can provide the response time and close
the window for the threats to reveal the evil inside them and significantly increase the organization's defence
tomography (Amershi et al., 2019).

Another example of Al-assisted IDS is Al-aided IDS, which benefits from deep learning structures
such as CNNs and RNNs to improve inspection accuracy for emerging threats (Rausch & Dustdar, 2019).
The concept of such systems is that they can learn from experience, including the constant flow of network
traffic, and distinguish between normal and abnormal behaviour. For example, IDS based on deep learning
used in a financial institution was discovered to have a lower false positivity of 30% compared to when
rule-based systems were used; it enabled security analysts to concentrate on real threats (Fitsilis et al.,
2018). This reduction in false alarms is beneficial in cases where time and resources are sometimes minimal,
such as in emergencies.

Moreover, the use of Al emerged in the automation of incident response. For instance, artificial
intelligence-based automated help aids, such as Security Orchestration, Automation, and Response (SOAR)
platforms, employ intelligent algorithms to triage events and suggest response measures consequently
depending on past activities and conditions (Aceto, Persico & Pescapé, 2019). These platforms can provide
automatic responses following the set response templates, including what actions have to be taken, e.g.,
isolation of compromised systems or launching, i.e., threat hunting, which significantly reduces the overall
time that an organization takes to respond to a cyber incident and the impacts resulting from the incident.
A case study with a telecommunications company showed that after adopting a SOAR platform, the time
taken to respond to incidents was cut by 40 per cent, meaning that threats could be addressed and prevented
more effectively (Rodriguez et al., 2019).

Further, newer behavioral analysis has emerged as an aspect of Al rapidly revolutionizing endpoint
security. The Al-driven endpoint protection solutions can identify and address unknown threats since they
constantly analyze activities at the endpoint in real-time. For example, an Al-based system integrated at a
broad healthcare organization detected and prevented a new kind of ransomware by analyzing that stopped
following standard endpoint behavioural patterns (Ebert, 2018). This proactive defence approach halts the
threat initially and offers valuable information at the beginning of the attack, helping improve the following
defences.

In conclusion, the examples of real-time situations highlight the possible and significant advantages
of Al and deep learning in cyber protection and event handling. The use of big data, swift analysis, threat
recognition of the highest degree of efficiency, and the capacity for automatic responses undoubtedly rank
artificial intelligence as beneficial for cybersecurity efforts. Hence, Al technologies could enhance an
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organization's protection against cyber threats, which is imperative in preserving valuable resources and
organizational operations (Mulyadi, Sucita, & Purnama, 2019). All these cases serve to illustrate the need
for incorporating artificial intelligence into cybersecurity strategies, given the advanced cyber threats
crippling organizations and companies today.

Graphs and Data Visualization

Table 1: Accuracy of Al Models

Model Accuracy
Random Forest 96
CNN 94
RNN 93

Figure 1: Accuracy of Al Models

The graph illustrates the accuracy of different AI models used in cyber defense.
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Table 2: Precision of AI Models

Model Precision
Random Forest 95
CNN 92
RNN 90

Figure 2: Precision of Al Models

This graph compares the precision of different Al models in detecting threats.
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Table 3: Recall of Al Models

Model Recall
Random Forest 92
CNN 91
RNN 89

Figure 3: Recall of AI Models

This graph shows the recall rates of various Al models used in incident management.
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Challenges and Solutions
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Several natural limitations must be considered to improve Al and machine learning while applying

them to cyber defense and proactive observability. Among the fundamental difficulties is the
implementation of Al solutions in networks with diverse structures and their integration at the edge points
responsible for real-time decisions (Vermesan & Bacquet, 2019). The downstream architecture of the edge
computes is generally resource-constrained, adversely affecting the Al models' performance, which initially
needs large amounts of computing resources. One proposed solution is the concept of distributed
intelligence, where computations are shifted and performed by more capable nodes in the network,
improving the performance of Al applications without burdening edge devices (Rausch & Dustdar, 2019).

The lack of skilled personnel to manage Al and cybersecurity systems, which requires human skills
in both fields, remains a significant hurdle in its implementation (Fitsilis, Tsoutsa, & Gerogiannis, 2018).
Implementing training programs that focus on the competencies that are still shortfall and introducing Al
into the VET curricula will prepare future professionals to work with Al-based systems and manage their
functioning (Mulyadi et al., 2019). Also, DevOps can help advance Al and data analytics by integrating
similar practices to accelerate the distribution of such solutions (Rothenhaus et al., 2018).

Existential and central challenges emerge due to ethical aspects and unbiased Al models, where
creating safeguards ensures that these systems are not programmed to practice biased actions (Amershi et
al., 2019). These risks imply the need for clear Al development, testing, and validation processes on various
datasets to control their impact. Also, organizations need to respect and follow the protocols, policies,
ethics, and regulations set in the industry to deploy and function the Al systems for monitoring and
controlling its societally undesirable outcomes (Aceto, Persico, & Pescapé, 2019).

Other technical issues include providing database and data processing functions for organizing,
storing, analyzing, and displaying information. Al models need to be trained on high-quality and abundant
data. Still, data availability and quality challenges emanating from data privacy and constantly evolving
threats in the cyber domain make it difficult to gather Al models. This challenge will likely be solved by
federated learning, which allows neural networks to be trained using multiple data sets without necessarily
leading to data sharing. Besides strengthening data defense, this approach also increases the stability of Al
models by synthesizing data with different types (Ebert, 2018).

Conclusion

This assignment has discussed the role of Al and machine learning in cyber defense and proactive
observability. It has been established that Al and machine learning can revolutionize threat detection,
response, and overall security. Significant findings highlight that distributed intelligence and edge
computing are resources for Al and address the need to prepare people for Al and mainstream Al
competencies into curricula.

In the future, human-technology combinations of humans, artificial intelligence, and edge
computing are believed to be pushing future progress in cyber security to create dynamic and protective
systems that predict and simultaneously counter new threats. However, to get the most from these
opportunities, examining the drawbacks, such as data management issues, an ethical perspective, and the
demand for qualified personnel for implementing the processes, is crucial. Through understanding and
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eradicating these barriers, using not only technical organizational but also ethical solutions, it will be
feasible to achieve the full potential of Al and enhance its use in cybersecurity operations.
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