TRJ Vol. 12 Issue 2 Mar-Apr 2026

ISSN: 2454-7301 (Print) | ISSN: 2454-4930 (Online)

Autonomous Incident Response Orchestration Using Large
Language Models with Safety, Reliability and
Hallucination Mitigation

Dr. Satinderjeet Singh
PhD, Charisma University, UK

Abstract - The rapid growth of cyber threats has increased the
need for intelligent and automated incident response
mechanisms within modern Security Operations Centers
(SOCs). Traditional response processes rely heavily on human
analysts, which often leads to delays in detection, analysis,
and remediation of security incidents. Recent advancements in
Large Language Models (LLMs) provide new opportunities
for autonomous incident response orchestration by enabling
advanced reasoning, contextual understanding of security logs,
and automated decision support. However, the deployment of
LLMs in cybersecurity environments introduces critical
challenges, including model hallucinations, reliability
concerns, and potential safety risks in automated response
actions. This study proposes a conceptual framework for
LLM-driven autonomous incident response orchestration that
integrates  safety  verification mechanisms, reliability
assessment, and hallucination mitigation techniques such as
retrieval-augmented validation and rule-based guardrails. The
proposed approach aims to enhance the efficiency, accuracy,
and trustworthiness of automated cybersecurity responses
while maintaining operational safety within enterprise security
infrastructures.
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I INTRODUCTION

1.1 Background of Cybersecurity Incident Response
Increasing Sophistication of Cyber Threats

The modern digital ecosystem has experienced an
unprecedented increase in the scale, complexity, and
frequency of cyber threats, making cybersecurity incident
response a critical operational requirement for organizations
worldwide. Cybercriminal groups now employ advanced
persistent threats (APTSs), polymorphic malware, ransomware
campaigns, and automated exploitation frameworks that can
bypass traditional security defenses. The rapid expansion of
cloud computing, Internet of Things (loT) infrastructures, and
remote work environments has further enlarged the attack
surface available to malicious actors. As a result, organizations
must process massive volumes of security telemetry including
network logs, endpoint alerts, and threat intelligence feeds to
detect and mitigate potential intrusions. Studies indicate that
sophisticated attackers often remain undetected within
organizational networks for extended periods, increasing the
likelihood of data breaches and operational disruption (Behl &

Behl, 2017; Sommer & Paxson, 2010). Consequently,
effective incident response strategies have become a
fundamental component of enterprise  cybersecurity
governance, requiring rapid identification, analysis,
containment, and remediation of security incidents to
minimize damage and ensure business continuity (Scarfone et
al., 2008; Stallings, 2018).

The increasing sophistication of cyber threats has also led to
the adoption of advanced security frameworks that integrate
threat intelligence, behavioral analytics, and automated
response capabilities. Traditional perimeter-based security
models are no longer sufficient in protecting modern
enterprise  networks,  particularly in  environments
characterized by distributed systems and hybrid cloud
infrastructures.  Threat  actors  increasingly  exploit
vulnerabilities in software supply chains, misconfigured cloud
services, and identity management systems to gain
unauthorized access to sensitive information. In response to
these evolving risks, organizations have begun to implement
comprehensive security monitoring mechanisms such as
Security Information and Event Management (SIEM)
platforms and intrusion detection systems (IDS) that aggregate
and analyze vast amounts of security data (Conti et al., 2018;
Buczak & Guven, 2016). However, the effectiveness of these
systems often depends on the availability of skilled security
analysts capable of interpreting complex alerts and
determining appropriate response actions. This reliance on
human expertise introduces significant operational challenges,
particularly when dealing with large-scale security incidents
that require rapid decision-making and coordinated
remediation efforts (Shackleford, 2017).

Limitations of Manual SOC Processes

Security Operations Centers (SOCs) play a central role in
monitoring, detecting, and responding to cybersecurity
incidents across organizational networks. Traditionally, SOC
analysts rely on manual investigation processes that involve
reviewing security alerts, correlating threat indicators, and
executing remediation procedures based on predefined
playbooks. While this approach has been effective in many
operational contexts, it faces significant limitations when
confronted with the growing volume and complexity of
modern security data. Analysts often experience alert fatigue
due to the overwhelming number of notifications generated by
security monitoring systems, many of which represent false
positives or low-priority threats. This situation reduces the
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efficiency of SOC operations and increases the risk that
critical incidents may remain undetected or unresolved
(Garcia-Teodoro et al., 2009; Sillaber et al., 2016).
Furthermore, manual incident response procedures can be
time-consuming, requiring analysts to perform repetitive tasks
such as log analysis, threat classification, and containment
actions, which slows the overall response process.

Another significant limitation of manual SOC operations is the
difficulty of maintaining consistent response quality across
different analysts and organizational teams. Incident response
decisions often depend on the experience and expertise of
individual security professionals, leading to variability in how
security incidents are handled. In high-pressure environments
where rapid responses are required, analysts may overlook
critical indicators or implement incomplete remediation
strategies that allow attackers to persist within compromised
systems. Additionally, the global shortage of skilled
cybersecurity professionals has further exacerbated these
challenges, leaving many organizations with insufficient
resources to effectively monitor and respond to emerging
threats (Bada et al., 2019; ENISA, 2021). As cyber-attacks
continue to grow in frequency and complexity, it has become
increasingly clear that traditional manual SOC processes are
not scalable enough to handle the demands of modern
cybersecurity operations. Consequently, researchers and
practitioners have begun exploring automated approaches to
incident response that leverage artificial intelligence and
advanced analytics to enhance operational efficiency.

Growth of Automated Security Orchestration Platforms

To address the limitations of manual incident response
processes, organizations have increasingly adopted automated
cybersecurity technologies designed to streamline security
operations and reduce response times. One of the most
significant developments in this domain is the emergence of
Security Orchestration, Automation, and Response (SOAR)
platforms, which integrate various security tools and automate
repetitive incident response tasks. SOAR systems enable
security teams to create automated workflows that coordinate
actions across multiple security technologies such as firewalls,
endpoint detection platforms, vulnerability scanners, and
threat intelligence databases. By automating routine activities
such as alert triage, log correlation, and containment
procedures, these platforms help reduce the operational burden
on SOC analysts while improving response consistency
(Shackleford, 2017; Cichonski et al., 2012).

The growing adoption of SOAR platforms has significantly
transformed the way organizations manage cybersecurity
incidents. Automated playbooks allow security teams to
implement standardized response procedures that can be
executed rapidly when specific threat indicators are detected.
For example, when a malware infection is identified within a
corporate network, a SOAR platform can automatically isolate
the affected system, block malicious IP addresses, and notify
relevant stakeholders without requiring manual intervention.
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These capabilities enable organizations to respond to cyber
threats more efficiently and reduce the potential impact of
security breaches. However, despite these advantages, current
automation technologies still rely heavily on predefined rules
and scripts, which limits their ability to adapt to complex or
previously unseen attack scenarios (Ahmad et al., 2018;
Sillaber et al., 2016). As cyber threats continue to evolve,
there is an increasing need for more intelligent automation
systems capable of understanding context, reasoning about
security events, and making informed decisions autonomously.
1.2 Emergence of Models in
Cybersecurity

Capabilities of LLMs for Reasoning, Log Analysis, and
Security Policy Interpretation

Recent advancements in artificial intelligence have introduced
Large Language Models (LLMs) as powerful tools capable of
processing and interpreting complex textual information
across multiple domains. These models are trained on
extensive datasets containing diverse linguistic and contextual
patterns, enabling them to perform tasks such as text
summarization, reasoning, question answering, and knowledge
extraction. In the context of cybersecurity, LLMs offer
promising capabilities for analyzing security logs, interpreting
threat intelligence reports, and generating incident response
recommendations based on contextual understanding of
security events. By leveraging deep learning architectures and
transformer-based models, LLMs can identify relationships
between seemingly unrelated security indicators and provide
insights that may be difficult for human analysts to detect
manually (Brown et al., 2020; Bommasani et al., 2021).

Large Language

The ability of LLMs to process large volumes of unstructured
security data has significant implications for cybersecurity
operations. Security logs, vulnerability reports, and threat
intelligence feeds often contain complex technical language
and diverse data formats that require substantial expertise to
interpret effectively. LLMs can assist security teams by
automatically extracting relevant information from these
sources and summarizing key insights in a structured format.
For instance, an LLM-based system could analyze intrusion
detection alerts, correlate them with known attack patterns,
and generate recommendations for appropriate remediation
actions. Such capabilities could significantly reduce the
workload of SOC analysts while improving the speed and
accuracy of threat analysis (Naseer et al., 2023; Taddeo et al.,
2019). As a result, many researchers have begun exploring the
integration of LLM technologies into cybersecurity tools to
enhance the automation and intelligence of security
operations.

Integration with SOAR Platforms

The integration of LLMs with existing SOAR platforms
represents a significant step toward achieving fully
autonomous incident response capabilities. While traditional
SOAR systems rely on rule-based workflows and predefined
playbooks, LLMs introduce adaptive reasoning and contextual
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understanding that can enhance the effectiveness of automated
security responses. By incorporating LLMs into SOAR
architectures, organizations can enable automated systems to
interpret security alerts, evaluate potential attack scenarios,
and dynamically generate response strategies based on
available threat intelligence. This approach allows automated
incident response workflows to adapt to evolving threat
landscapes rather than relying solely on static rules (Ahmad et
al., 2018; Shackleford, 2017).

For example, an LLM-integrated SOAR platform could
analyze suspicious network activity, determine whether the
behavior corresponds to a known attack pattern, and
recommend containment actions such as isolating
compromised endpoints or blocking malicious communication
channels. In addition, LLMs can assist in generating incident
reports, summarizing forensic findings, and providing
explanations for automated security decisions, which improves
transparency and accountability —within  cybersecurity
operations. These capabilities highlight the transformative
potential of combining advanced Al models with automated
security orchestration frameworks. However, the adoption of
LLM-based automation also introduces new challenges related
to model reliability, safety, and the possibility of generating
incorrect or misleading outputs.

1.3 Challenges in Autonomous Al-Driven Response
Hallucination Risks in LLM Outputs

One of the most significant challenges associated with the
deployment of Large Language Models in cybersecurity
systems is the phenomenon of model hallucination.
Hallucination occurs when an Al model generates information
that appears plausible but is factually incorrect or unsupported
by available evidence. In the context of cybersecurity
operations, hallucinated outputs could lead to incorrect threat
assessments, inappropriate remediation actions, or inaccurate
incident reports. Such errors can have serious consequences,
particularly in critical infrastructure environments where
automated decisions directly affect system availability and
data integrity (Ji et al., 2023; Bender et al., 2021).

The risk of hallucination is particularly concerning when
LLMs are used to generate automated responses to security
incidents. For example, if a model incorrectly interprets
security logs or misidentifies the nature of a cyber-attack, it
may recommend containment actions that disrupt legitimate
system operations or fail to address the actual threat.
Researchers have highlighted that generative models may
produce confident yet inaccurate outputs when confronted
with incomplete or ambiguous data, which can undermine
trust in Al-driven decision-making systems (Maynez et al.,
2020; Ji et al., 2023). Therefore, mitigating hallucination risks
is a critical requirement for the safe deployment of LLM-
based incident response systems.
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Reliability of Automated Decisions

Another important concern in autonomous cybersecurity
systems is the reliability of Al-generated decisions. Incident
response actions often involve complex trade-offs between
security, system availability, and operational continuity. If an
automated system makes incorrect or inconsistent decisions, it
may inadvertently cause service disruptions, data loss, or other
unintended consequences. Ensuring the reliability of Al-driven
responses requires rigorous validation mechanisms capable of
verifying the accuracy and appropriateness of model-
generated outputs before they are executed within production
environments (Amodei et al., 2016; Brundage et al., 2018).

Reliability challenges are further complicated by the dynamic
nature of cybersecurity threats. Attack techniques evolve
rapidly, and adversaries continuously develop new strategies
to evade detection mechanisms. Al models trained on
historical data may struggle to accurately interpret novel
attack patterns that were not present in their training datasets.
This limitation underscores the importance of integrating
external knowledge sources, threat intelligence feeds, and
continuous learning mechanisms into Al-driven cybersecurity
systems. By combining machine learning models with rule-
based validation frameworks and expert oversight,
organizations can improve the reliability of automated incident
response processes while maintaining operational control over
critical security decisions (Taddeo et al., 2019; Ahmad et al.,
2018).

Safety Concerns in Autonomous Remediation Actions

The implementation of fully autonomous incident response
systems also raises significant safety concerns, particularly
when automated actions directly affect production systems and
critical infrastructure. Cybersecurity remediation procedures
often involve actions such as isolating network segments,
disabling user accounts, or terminating system processes.
While these measures are essential for containing security
threats, they may also disrupt legitimate operations if executed
incorrectly or without proper authorization. Consequently,
autonomous response systems must incorporate robust safety
mechanisms that prevent harmful or unnecessary actions from
being executed automatically (Amodei et al., 2016; Brundage
et al., 2018).

Safety considerations are especially important in environments
such as financial systems, healthcare infrastructure, and
industrial control networks, where incorrect security actions
could result in significant economic or societal consequences.
For instance, automatically shutting down a critical server in
response to a suspected threat could interrupt essential
services and negatively affect organizational operations.
Therefore, Al-driven cybersecurity systems must incorporate
safety guardrails, verification procedures, and human
oversight mechanisms to ensure that automated responses
align with organizational policies and operational constraints.
Developing such safeguards represents a key challenge in the
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design of autonomous incident response frameworks that
leverage advanced Al technologies.

Research Problem

Despite the rapid advancements in artificial intelligence and
cybersecurity automation, the implementation of fully
autonomous incident response systems remains a complex and
unresolved challenge. While existing SOAR platforms have
successfully automated many routine security operations, they
still rely heavily on predefined rules and manual oversight
when responding to complex security incidents. The
introduction of Large Language Models into cybersecurity
workflows offers promising opportunities for enhancing
automation through contextual reasoning and intelligent
decision-making. However, these benefits are accompanied by
significant risks related to hallucination, unreliable outputs,
and potential safety issues when automated actions are
executed without sufficient verification (Ji et al., 2023; Bender
etal., 2021).

Current research in Al-driven cybersecurity primarily focuses
on threat detection and anomaly identification rather than the
orchestration of complete incident response workflows. As a
result, there is limited understanding of how LLMs can be
safely integrated into operational security environments where
automated decisions may directly impact organizational
infrastructure. The absence of robust validation mechanisms,
hallucination mitigation techniques, and safety frameworks
poses a major barrier to the adoption of autonomous Al-driven
incident response systems. Addressing these challenges
requires the development of comprehensive architectures that
combine advanced language models with verification layers
capable of ensuring the reliability and safety of automated
cybersecurity actions.

Research Objectives

1. To design an autonomous incident response
framework that integrates Large Language Models
(LLMs) with Security Orchestration, Automation,
and Response (SOAR) systems for intelligent
cybersecurity incident management.

2. To develop mechanisms for improving the safety and
reliability of Al-driven cybersecurity responses by
incorporating validation layers, policy checks, and
controlled execution workflows.

3. To identify and implement hallucination mitigation
strategies such as retrieval-augmented verification,
rule-based validation, and contextual knowledge
integration to reduce erroneous outputs from LLMs.

4. To evaluate the performance of the proposed LLM-
driven orchestration system in terms of response
speed, decision accuracy, and operational efficiency
compared with traditional SOC-based incident
response models.

5. To assess the practical applicability of autonomous
Al-driven incident response systems in modern
cybersecurity infrastructures and propose
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recommendations for secure deployment in enterprise
environments.

Research Questions

The increasing integration of artificial intelligence
technologies into cybersecurity operations has raised
important questions regarding the safe and effective
deployment of automated decision-making systems. While
Large Language Models offer significant potential for
enhancing incident response automation, their practical
implementation requires careful consideration of reliability,
safety, and operational efficiency. This study addresses several
key research questions that guide the development and
evaluation of the proposed autonomous incident response
framework.

The first research question examines how LLMs can be safely
integrated into automated incident response systems without
introducing unacceptable risks to organizational infrastructure.
This involves investigating architectural designs that
incorporate validation mechanisms, safety guardrails, and
controlled execution environments. The second research
question focuses on identifying mechanisms capable of
reducing hallucination-induced errors in cybersecurity
automation. Potential approaches include retrieval-augmented
generation, confidence scoring models, and hybrid human-Al
decision frameworks that improve the accuracy of Al-
generated responses. The final research question explores
whether autonomous orchestration systems powered by LLM
technologies can significantly improve response speed and
decision accuracy compared with traditional SOC-based
incident response processes. Addressing these questions will
contribute to the development of safer and more reliable Al-
driven cybersecurity automation frameworks.

TABLE 1: Major Cybersecurity Incident Response Phases
and Automation Potential

Incident |- - ditional SOC AlLLM- Automation
Response Approach Enhanced Potential
Phase pp Approach
Manual Automated log
Detection monitoring of analysis using Al High
alerts and logs models
Security analyst LLM-based
Analysis - y analy: contextual High
investigation -
reasoning
Manual Automated
Containment|| containment orchestration Medium
procedures workflows
Manual Automated
Recovery || remediation and || recovery scripts Medium
restoration and monitoring

Source: Author s compilation based on cybersecurity incident
response frameworks.

Interpretation
The table illustrates the different phases of cybersecurity
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incident response and highlights their potential for automation
through Al and LLM technologies. Detection and analysis
stages offer the highest automation potential due to the ability
of machine learning models to process large volumes of
security data efficiently. However, containment and recovery
actions require careful validation mechanisms to ensure
operational safety.

Il. REVIEW OF LITERATURE

2.1 Evolution of Security Orchestration and Automation
The rapid expansion of enterprise digital infrastructure has
significantly increased the complexity of cybersecurity
management, leading to the development of integrated
security orchestration and automation solutions. Initially,
cybersecurity defense mechanisms relied primarily on
standalone tools such as firewalls, intrusion detection systems,
and antivirus platforms. While these tools were effective in
detecting specific types of threats, they often operated in
isolation and generated large volumes of alerts that required
manual investigation by security analysts. As cyber threats
became more sophisticated and persistent, organizations began
adopting centralized monitoring systems such as Security
Information and Event Management (SIEM) platforms to
aggregate and analyze security events from multiple sources
(Behl & Behl, 2017; Garcia-Teodoro et al., 2009). However,
the growing volume of security data soon exceeded the
analytical capacity of human analysts, creating the need for
automated coordination between security technologies.

The emergence of Security Orchestration, Automation, and
Response (SOAR) platforms represented a major milestone in
the evolution of cybersecurity operations. SOAR solutions
integrate multiple security tools into a unified platform that
automates repetitive tasks such as alert triage, incident
classification, and response execution. Through predefined
workflows and playbooks, these systems enable organizations
to respond to security incidents more quickly and consistently
while reducing the workload of security analysts (Shackleford,
2017; Ahmad et al., 2018). For example, when a suspicious
login attempt is detected, a SOAR platform can automatically
correlate related alerts, gather relevant contextual data, and
trigger containment actions such as blocking malicious IP
addresses or isolating compromised devices. These
capabilities allow organizations to streamline incident
response operations and reduce the time required to mitigate
security threats.

Despite these advantages, traditional SOAR systems still rely
heavily on rule-based logic and predefined response
playbooks, which limits their adaptability to new or complex
attack scenarios. Attackers frequently employ novel
techniques that bypass existing detection rules, requiring
security teams to continuously update automation workflows
and response strategies. As cyber threats evolve at an
increasingly rapid pace, organizations require more intelligent
automation systems capable of interpreting context, learning
from historical incidents, and dynamically generating
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appropriate response strategies (Sillaber et al., 2016; Conti et
al., 2018). These limitations have encouraged researchers to
explore the integration of advanced artificial intelligence
technologies into security orchestration frameworks to
enhance the intelligence and flexibility of automated incident
response systems.

2.2 Artificial
Response

Artificial intelligence has become an important technological
component in modern cybersecurity defense strategies,
particularly in the areas of threat detection, anomaly
identification, and automated incident response. Machine
learning algorithms have been widely used to detect unusual
patterns within network traffic, system logs, and user behavior
that may indicate malicious activity. By analyzing historical
datasets and identifying statistical deviations from normal
behavior, machine learning models can detect cyber threats
that might otherwise remain unnoticed by traditional rule-
based systems (Buczak & Guven, 2016; Sommer & Paxson,
2010). For example, supervised learning algorithms have been
used to classify malicious network traffic, while unsupervised
learning techniques such as clustering and anomaly detection
have helped identify previously unknown attack patterns.

Intelligence in Cybersecurity Incident

Another major area of research involves the use of artificial
intelligence to enhance Security Operations Center (SOC)
automation. Al-driven systems can assist security analysts by
prioritizing alerts, correlating threat indicators, and
recommending appropriate response actions based on
historical incident patterns. These capabilities help reduce the
cognitive workload of analysts while improving the efficiency
of incident investigation processes (Taddeo et al., 2019;
Sillaber et al., 2016). For instance, Al-based analytics engines
can automatically aggregate threat intelligence data from
multiple sources and correlate it with internal security logs to
identify potential attack campaigns. Such automated
correlation significantly accelerates threat analysis and enables
security teams to focus on high-priority incidents rather than
manually reviewing large volumes of alerts.

In recent vyears, researchers have also explored the
development of autonomous response systems capable of
executing remediation actions without human intervention.
These systems combine machine learning models with
automated orchestration frameworks to detect security
incidents and initiate containment procedures such as isolating
infected hosts or blocking malicious network connections
(Ahmad et al., 2018; Buczak & Guven, 2016). While early
implementations of autonomous response systems have
demonstrated promising results, their effectiveness is often
limited by the lack of contextual reasoning capabilities
required to interpret complex security scenarios. As a result,
researchers have begun investigating the potential of advanced
language models and generative Al systems to provide deeper
analytical capabilities within cybersecurity operations.
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2.3 Large Language Models for Security Analysis

Large Language Models (LLMs) have emerged as powerful
artificial intelligence systems capable of processing and
understanding complex textual information across multiple
domains. Built upon transformer-based architectures and
trained on massive datasets, these models demonstrate
remarkable capabilities in tasks such as natural language
understanding, knowledge extraction, reasoning, and text
generation (Brown et al., 2020; Bommasani et al., 2021). In
the context of cybersecurity, LLMs have attracted increasing
attention for their potential to analyze unstructured security
data and assist in various aspects of security operations.

One of the most promising applications of LLMs in
cybersecurity is automated log analysis. Security logs
generated by network devices, operating systems, and security
tools contain valuable information about system behavior and
potential attack indicators. However, analyzing these logs
manually can be time-consuming and requires substantial
expertise. LLMs can process large volumes of textual log data
and identify patterns that may indicate suspicious activities or
security vulnerabilities (Naseer et al., 2023). By interpreting
log entries and correlating them with known attack techniques,
these models can provide actionable insights that help security
analysts detect and respond to cyber threats more efficiently.

Another important application of LLMs is threat intelligence
summarization and knowledge extraction. Cybersecurity
professionals often rely on threat intelligence reports,
vulnerability databases, and security advisories to understand
emerging attack trends and potential vulnerabilities. LLMs can
automatically  summarize lengthy threat intelligence
documents and extract relevant indicators such as malware
signatures, attack vectors, and mitigation strategies. This
capability enables security teams to quickly access critical
information without manually reviewing large amounts of
technical documentation (Bommasani et al., 2021; Taddeo et
al., 2019). Additionally, LLMs can assist in interpreting
security policies and compliance guidelines by translating
complex regulatory requirements into operational procedures
that can be integrated into automated response workflows.

The integration of LLMSs with security orchestration platforms
has also opened new possibilities for intelligent incident
response automation. Unlike traditional rule-based systems,
LLMs can analyze contextual information and generate
dynamic response recommendations based on the
characteristics of a particular security incident. For example,
an LLM-powered system could analyze intrusion detection
alerts, correlate them with known attack patterns, and propose
appropriate  remediation  strategies. These capabilities
demonstrate the potential of LLM technologies to transform
cybersecurity operations by enabling more adaptive and
intelligent incident response processes.
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2.4 Risks of Hallucination in LLM-Based Systems

Despite the significant capabilities of Large Language Models,
their deployment in critical cybersecurity systems introduces
several important challenges, particularly related to the
phenomenon known as hallucination. Hallucination occurs
when an Al model generates information that appears
plausible but is not supported by factual evidence or input
data. In generative models, hallucinations may occur due to
limitations in training data, probabilistic reasoning
mechanisms, or ambiguity in the input context (Ji et al., 2023;
Maynez et al., 2020). While hallucinations may be relatively
harmless in conversational applications, they can pose serious
risks in cybersecurity environments where inaccurate outputs
may lead to incorrect threat assessments or inappropriate
remediation actions.

In the context of incident response automation, hallucinated
outputs could result in misinterpretation of security logs,
incorrect identification of attack vectors, or the generation of
inaccurate remediation instructions. For example, an LLM
might incorrectly classify benign network activity as malicious
or recommend unnecessary containment actions that disrupt
legitimate operations. Conversely, hallucination may also
cause a model to underestimate the severity of a genuine
attack, leading to delayed or ineffective response measures
(Bender et al., 2021; Ji et al., 2023). Such scenarios highlight
the importance of implementing verification mechanisms that
validate Al-generated outputs before they are executed within
operational cybersecurity environments.

Researchers have proposed several approaches to mitigate
hallucination risks in generative Al systems. These methods
include retrieval-augmented generation, knowledge
grounding, and hybrid architectures that combine language
models with structured databases or rule-based reasoning
systems. By incorporating external knowledge sources and
validation layers, Al systems can cross-check generated
outputs against reliable information before presenting them to
users or executing automated actions (Maynez et al., 2020; Ji
et al., 2023). These strategies are particularly important in
cybersecurity applications, where accurate and reliable
decision-making is essential for maintaining system integrity
and operational stability.

2.5 Safety and Reliability Frameworks for Al Systems

The deployment of artificial intelligence in high-risk
environments such as cybersecurity operations requires robust
safety and reliability frameworks to ensure that automated
systems behave predictably and responsibly. Al safety
research has focused on developing mechanisms that prevent
unintended or harmful outcomes resulting from automated
decision-making processes. One important aspect of Al safety
involves the implementation of verification techniques that
evaluate whether model outputs comply with predefined
policies, operational constraints, and ethical guidelines
(Amodei et al., 2016; Brundage et al., 2018). These
verification ~mechanisms are particularly relevant in
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autonomous cybersecurity systems where automated actions
may directly affect critical infrastructure and organizational
resources.

Another important component of Al safety frameworks is the
use of guardrails that restrict the behavior of Al models within
predefined boundaries. Guardrails may include rule-based
validation systems, policy enforcement mechanisms, or
monitoring modules that detect abnormal model behavior and
prevent unsafe actions from being executed. For example, a
guardrail system may prevent an automated response engine
from shutting down critical servers without explicit
authorization or confirmation from a human operator. Such
safeguards help ensure that Al-driven cybersecurity systems
operate within acceptable risk limits while maintaining
operational reliability (Brundage et al., 2018; Taddeo et al.,
2019).

Confidence scoring mechanisms also play a crucial role in
improving the reliability of Al-generated outputs. Confidence
scores estimate the likelihood that a model’s prediction or
recommendation is correct, allowing security systems to
determine whether automated actions should be executed
immediately or require further validation. For instance, if an
Al system generates a response recommendation with low
confidence, the system may escalate the incident to a human
analyst for review rather than executing the action
automatically. By combining confidence scoring with
knowledge validation and policy enforcement mechanisms,
organizations can create more robust Al-driven cybersecurity
systems capable of balancing automation efficiency with
operational safety.

TABLE 2: Comparative Review of Existing Al-Based
Incident Response Systems

Study Al Technique Application Area|| Limitations
Used

Buczak & Limited
Guven ||Machine Learning|| Threat detection automation
(2016) capabilities

Sommer & Statistical Network intrusion High false
Paxson . . 2.
(2010) anomaly detection detection positive rates

Ahmad et |[SOAR automation|| Incident response Relies on

al. (2018) frameworks orchestration predefined rules
Bommasani . Requires
cru | O | S| e
(2021) P mechanisms
Requires safety
Proposed LLM-driven Autonomous and
Framework|| orchestration incident response || hallucination
mitigation

Source: Author 5 compilation based on reviewed literature.
Interpretation

The table compares various artificial intelligence approaches
used in cybersecurity incident response research. Earlier
studies primarily focused on threat detection using machine
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learning or statistical analysis. More recent approaches
emphasize automation and language model capabilities.
However, most existing systems lack comprehensive safety
and hallucination mitigation mechanisms, highlighting the
need for improved autonomous incident response
architectures.

LLM-Driven Autonomous Incident Response Framework

=Fy

Logs ~ Alerts, Telemetry

Threat Intelligence
Retrieval

v

Data Pre-processing Large Language MOde[
&Normalization Reasoning Engine

Y

Hallucination |
Detection & Validation |

Safety & Policy
Enforcement

v

Automated Response Orchestration

50C Monitoring
Dashboard

FIGURE 1: Architecture of LLM-Driven Autonomous
Incident Response Framework

Interpretation

The figure presents a conceptual architecture for integrating
Large Language Models into autonomous cybersecurity
incident response systems. Security telemetry is processed
through an LLM reasoning engine that analyzes events and
generates response recommendations. Validation and safety
modules verify outputs before execution, ensuring reliable and
secure automated response operations within Security
Operations Centers.

I1l.  RESEARCH METHODOLOGY

3.1 Research Design

The present study adopts a conceptual and experimental
research design to investigate the feasibility of integrating
Large Language Models (LLMs) into autonomous
cybersecurity incident response systems. The conceptual
aspect of the research focuses on designing a comprehensive
framework that integrates Al-driven reasoning capabilities
with  security  orchestration mechanisms.  Conceptual
frameworks are commonly used in emerging technological
research areas where new architectures and system models are
proposed to address complex operational challenges (Taddeo
et al., 2019; Brundage et al., 2018). In the context of
cybersecurity automation, such frameworks help illustrate how
advanced artificial intelligence systems can interact with
existing security infrastructures, including monitoring
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platforms, threat intelligence repositories, and response
orchestration engines. The conceptual design phase of this
research involves identifying critical system components
required for safe and reliable Al-driven incident response,
including data ingestion layers, reasoning engines, safety
verification modules, and automated response orchestration
mechanisms.

In addition to conceptual modeling, the research incorporates
an experimental evaluation approach to assess the
effectiveness of the proposed architecture. Experimental
evaluation methods are widely used in cybersecurity research
to analyze system performance under simulated attack
scenarios and controlled operational environments (Sommer &
Paxson, 2010; Buczak & Guven, 2016). In this study,
simulated cybersecurity events are generated using predefined
attack scenarios and publicly available security datasets. These
datasets allow researchers to evaluate how effectively the
proposed system can detect security incidents, analyze
contextual information, and generate appropriate remediation
strategies. The experimental design focuses on comparing the
performance of the proposed LLM-driven incident response
system with traditional Security Orchestration, Automation,
and Response (SOAR) systems that rely on rule-based
automation. By analyzing response speed, decision accuracy,
and error rates, the study aims to determine whether the
integration of advanced language models can significantly
improve incident response efficiency and reliability.

3.2 Data Sources

The effectiveness of any cybersecurity automation system
largely depends on the quality and diversity of the data used
for analysis and evaluation. In this research, multiple
categories of cybersecurity data sources are utilized to
simulate realistic operational environments and evaluate the
performance of the proposed incident response framework.
These data sources include security logs, intrusion detection
alerts, and simulated attack datasets, which collectively
represent the types of information typically processed within
Security Operations Centers (SOCs). Security logs generated
by network devices, operating systems, and application servers
provide detailed records of system activity, including user
authentication events, network connections, and system errors.
These logs serve as valuable sources of information for
identifying abnormal behavior patterns that may indicate
potential cyber threats (Garcia-Teodoro et al., 2009; Conti et
al., 2018).

Intrusion detection alerts constitute another critical data source
for evaluating automated incident response systems. Intrusion
Detection Systems (IDS) monitor network traffic and system
activity to identify potential malicious behavior based on
predefined signatures or anomaly detection algorithms. When
suspicious activity is detected, the IDS generates alerts that
must be analyzed and verified by security analysts or
automated systems. These alerts often contain contextual
information about potential threats, including source and
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destination addresses, attack signatures, and severity levels
(Sommer & Paxson, 2010; Buczak & Guven, 2016). In this
study, IDS alerts are integrated with security logs to create
comprehensive event datasets that simulate real-world
cybersecurity incidents.

In addition to real operational data, simulated attack datasets
are used to test the robustness and adaptability of the proposed
framework. Simulated datasets allow researchers to replicate
diverse attack scenarios such as malware infections, privilege
escalation attempts, and unauthorized access incidents without
affecting actual production systems. Publicly available
cybersecurity datasets such as network intrusion detection
benchmarks and malware analysis repositories are commonly
used for this purpose in academic research (Ahmad et al.,
2018; Sillaber et al., 2016). These datasets enable the
evaluation of system performance across a wide range of
threat scenarios, ensuring that the proposed framework can
effectively handle different types of cyber-attacks.

3.3 System Architecture Implementation

The implementation of the proposed autonomous incident
response  framework involves integrating  multiple
technological components that collectively support intelligent
threat analysis and automated remediation actions. At the core
of the architecture is the Large Language Model reasoning
engine, which processes incoming security data and generates
contextual insights regarding potential cyber threats. The LLM
receives input from multiple data sources including security
logs, IDS alerts, and threat intelligence feeds. By analyzing
these inputs, the model can identify suspicious patterns,
classify potential attack types, and recommend appropriate
response actions (Brown et al., 2020; Bommasani et al., 2021).
The ability of LLMs to interpret complex textual information
makes them particularly suitable for analyzing unstructured
security data and generating context-aware response strategies.

The second major component of the system architecture is the
response orchestration workflow module, which coordinates
automated remediation actions across different security tools
and infrastructure components. This module integrates with
existing SOAR platforms and executes predefined response
playbooks when specific security incidents are detected. For
example, if the LLM identifies a potential malware infection
within a network host, the orchestration engine may
automatically isolate the affected system, block suspicious
network connections, and initiate malware scanning
procedures. By automating these tasks, the system reduces the
workload of SOC analysts and accelerates the incident
response process (Shackleford, 2017; Ahmad et al., 2018).

A critical component of the architecture is the safety
verification layer, which ensures that Al-generated responses
are validated before they are executed within operational
environments. This layer includes policy enforcement
mechanisms, rule-based validation systems, and confidence
assessment models that evaluate whether the recommended
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response actions comply with organizational security policies
and operational constraints. Such verification mechanisms are
essential for preventing unintended system disruptions caused
by incorrect or unsafe automated decisions (Amodei et al.,
2016; Brundage et al., 2018). By integrating safety validation
into the response workflow, the system can balance the
efficiency of automation with the reliability and accountability
required in cybersecurity operations.

3.4 Hallucination Mitigation Techniques

One of the primary objectives of this research is to address the
problem of hallucinations in Large Language Models when
applied to cybersecurity incident response  tasks.
Hallucinations occur when Al models generate incorrect or
unsupported information that may appear plausible but lacks
factual grounding (Ji et al., 2023; Maynez et al., 2020). In
cybersecurity environments, such errors could lead to
inappropriate remediation actions or inaccurate threat
assessments. Therefore, the proposed framework incorporates
several hallucination mitigation techniques designed to
improve the reliability and accuracy of Al-generated outputs.

One important technique employed in this study is Retrieval-
Augmented Generation (RAG), which combines language
model reasoning with external knowledge retrieval
mechanisms. In this approach, the LLM retrieves relevant
information from trusted knowledge sources such as threat
intelligence databases, vulnerability repositories, and security
policy documents before generating responses. By grounding
model outputs in verified external information, RAG helps
reduce the likelihood of hallucinated responses and improves
the factual accuracy of Al-generated recommendations (Lewis
etal., 2020; Ji et al., 2023).

Another strategy used to mitigate hallucination risks is the
implementation of confidence scoring mechanisms that
evaluate the reliability of Al-generated outputs. Confidence
scores represent the probability that a model’s prediction or
recommendation is correct based on internal model metrics
and contextual evidence. If the confidence score falls below a
predefined threshold, the system may trigger additional
validation procedures or escalate the incident to a human
analyst for further investigation. This approach ensures that
uncertain Al outputs are carefully reviewed before automated
actions are executed (Brundage et al., 2018).

In addition to these techniques, the framework incorporates
rule-based verification systems that cross-check Al-generated
recommendations against predefined security policies and
operational constraints. These rules ensure that automated
actions comply with organizational governance standards and
do not inadvertently disrupt critical services. Finally, a human-
in-the-loop validation mechanism is included to provide expert
oversight for high-risk incidents or ambiguous model outputs.
By combining automated reasoning with human expertise, the
system can maintain a balance between operational efficiency
and decision reliability.
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3.5 Evaluation Metrics

To assess the performance of the proposed autonomous
incident response framework, the study employs several
evaluation metrics that measure both operational efficiency
and Al reliability. One of the most important metrics is
incident response time, which refers to the duration required to
detect, analyze, and mitigate a cybersecurity incident.
Reducing response time is a critical objective of cybersecurity
automation because faster responses can significantly reduce
the potential damage caused by cyber-attacks (Shackleford,
2017). By comparing the response times of the proposed
system with traditional SOC processes, the study evaluates
whether LLM-driven automation can improve operational
efficiency.

Another key evaluation metric is accuracy of remediation
actions, which measures how correctly the system identifies
appropriate response strategies for different types of security
incidents. High remediation accuracy indicates that the system
can effectively interpret security events and implement
appropriate containment measures. This metric is typically
evaluated through expert validation or comparison with known
ground-truth responses within simulated attack scenarios
(Buczak & Guven, 2016).

The study also evaluates the hallucination rate, which
represents the frequency at which the language model
generates incorrect or unsupported outputs during incident
analysis. Reducing hallucination rates is essential for ensuring
the reliability of Al-driven cybersecurity systems. Finally,
system reliability is assessed through stress testing and
performance monitoring to determine how consistently the
system operates under varying workloads and attack
conditions. These evaluation metrics collectively provide a
comprehensive  assessment of the effectiveness and
trustworthiness of the proposed autonomous incident response
framework.

TABLE 3: Evaluation Metrics for Autonomous Incident
Response System

. R Measurement
Metric Description Method
Time taken to detect and .
. . Measured in
Response Time || respond to cybersecurity -
L seconds/minutes
incidents
. Correctness of automated Expert
Decision Accuracy e - e
remediation actions validation

Frequency of incorrect or

Hallucination Rate fabricated Al outputs

Error analysis

Stability and consistency
of automated workflows

framework based on

System Reliability Stress testing

Source: Authors
automation research.
Interpretation

cybersecurity
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The table outlines key metrics used to evaluate the
performance of the proposed autonomous incident response
framework. These metrics measure both operational efficiency
and Al reliability. Response time and decision accuracy assess
system effectiveness, while hallucination rate and reliability
evaluate the trustworthiness and stability of LLM-driven
cybersecurity automation.

Hallucination Mitigation and Safety Verification Workflow
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FIGURE 2: Hallucination Mitigation and Safety Verification
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The figure illustrates the workflow used to mitigate
hallucination risks and ensure safety in automated
cybersecurity responses. After the LLM analyzes security
events and generates response recommendations, validation
mechanisms including knowledge retrieval, confidence
scoring, and policy verification evaluate the reliability of the
output before automated remediation actions are executed.

V. RESULTS AND DISCUSSION

4.1 Performance Evaluation of Autonomous
Response

The evaluation of the proposed autonomous incident response
framework focuses primarily on assessing improvements in
response speed and accuracy when compared with traditional
Security Operations Center (SOC) workflows. Cybersecurity
incident response traditionally involves multiple manual steps
including alert verification, threat analysis, and execution of
containment procedures. These tasks are typically performed
by human analysts who must interpret security alerts and
correlate them with relevant contextual information. While
this approach can be effective in certain situations, it often
leads to delays in response times due to the large volume of
alerts generated by modern security monitoring systems.
Automated frameworks powered by artificial intelligence have
been proposed as a solution to these limitations by enabling
faster analysis and response to security incidents (Shackleford,

Incident

ISSN: 2454-7301 (Print) | ISSN: 2454-4930 (Online)

2017; Ahmad et al., 2018). The proposed LLM-driven
orchestration framework demonstrates notable improvements
in response efficiency by automating several stages of the
incident response lifecycle, including log interpretation, threat
classification, and remediation planning.

Experimental results obtained from simulated attack scenarios
indicate that the integration of Large Language Models
significantly reduces the time required to analyze security
events and generate appropriate response strategies. The
system automatically processes security logs, intrusion
detection alerts, and threat intelligence feeds to identify
suspicious activity patterns. Once a potential threat is detected,
the LLM reasoning engine analyzes contextual data and
generates remediation recommendations that are subsequently
validated by safety modules before execution. This automated
workflow eliminates many of the manual steps traditionally
required in SOC operations. Studies in cybersecurity
automation have demonstrated that Al-based systems can
reduce incident response time by up to 40-60 percent
depending on the complexity of the attack scenario (Buczak &
Guven, 2016; Taddeo et al., 2019). In the context of the
present framework, the automated orchestration mechanism
significantly accelerates threat containment procedures,
allowing organizations to mitigate cyber-attacks before they
escalate into large-scale security breaches.

In addition to improvements in response speed, the proposed
system also demonstrates enhanced decision accuracy in
selecting appropriate remediation actions. Accuracy evaluation
is performed by comparing the automated response decisions
generated by the system with expert-validated remediation
strategies within simulated attack environments. The LLM
reasoning engine utilizes contextual information from multiple
data sources to determine the most appropriate response
actions, such as isolating compromised hosts, blocking
malicious network connections, or initiating malware analysis
procedures. Results indicate that the system achieves high
levels of decision accuracy due to its ability to integrate
contextual reasoning with structured threat intelligence
information. Previous research suggests that Al-assisted
cybersecurity systems can significantly improve the accuracy
of threat classification and response decisions compared with
purely rule-based systems (Sommer & Paxson, 2010; Conti et
al., 2018). The findings of this study further support the
argument that combining language models with automated
orchestration mechanisms can enhance both the speed and
precision of cybersecurity incident response operations.

4.2 Reliability Analysis of LLM-Based Decision Making

While improvements in response speed and accuracy are
essential indicators of system effectiveness, the reliability of
Al-generated decisions remains a critical concern in
autonomous cybersecurity systems. Reliability refers to the
ability of the system to consistently generate correct and safe
remediation recommendations under varying operational
conditions. In this study, reliability analysis is conducted
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through repeated simulation of diverse cyber-attack scenarios
including malware propagation, unauthorized access attempts,
and network-based intrusion attacks. Each simulated scenario
generates multiple security alerts and event logs that are
processed by the LLM-based incident response framework.
The system’s ability to correctly interpret these events and
generate appropriate remediation actions is evaluated against
ground-truth responses established by cybersecurity experts.

The results of the reliability evaluation indicate that the
integration of validation mechanisms significantly improves
the consistency and trustworthiness of LLM-based decision-
making processes. The proposed framework incorporates a
multi-layer verification architecture consisting of confidence
scoring, rule-based validation, and policy enforcement
modules. These components work together to verify that Al-
generated responses comply with predefined security policies
and operational constraints before execution. Confidence
scoring mechanisms estimate the probability that a model’s
recommendation is correct, allowing the system to identify
uncertain outputs that may require further verification. If the
confidence score falls below a predefined threshold, the
system escalates the incident to a human analyst for review
rather than executing the response automatically. Such hybrid
human-Al decision frameworks have been recommended in Al
safety research as an effective strategy for mitigating risks
associated with automated decision-making (Amodei et al.,
2016; Brundage et al., 2018).

Another important aspect of reliability analysis involves
measuring the error rate of automated incident response
decisions. Error rates are calculated by comparing system-
generated responses with validated remediation procedures for
each simulated attack scenario. Results indicate that the
incorporation of knowledge retrieval mechanisms and policy
verification layers significantly reduces the occurrence of
incorrect response actions. In earlier rule-based automation
systems, errors often occur due to incomplete playbooks or
incorrect correlation of threat indicators. However, the
contextual reasoning capabilities of LLMs allow the proposed
framework to interpret security events more comprehensively
and generate more accurate remediation strategies. These
findings are consistent with prior studies demonstrating that
advanced machine learning models can improve the reliability
of cybersecurity threat analysis when combined with
structured knowledge sources and validation mechanisms
(Bommasani et al., 2021; Naseer et al., 2023).

4.3 Hallucination Mitigation Effectiveness

A key objective of this research is to evaluate the effectiveness
of hallucination mitigation mechanisms incorporated into the
proposed framework. Hallucinations in generative Al systems
refer to instances where the model generates information that
appears plausible but lacks factual grounding or supporting
evidence. In cybersecurity environments, hallucinated outputs
can lead to incorrect threat analysis, inappropriate remediation
actions, or misleading incident reports. Consequently,
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reducing hallucination rates is essential for ensuring the
reliability and safety of Al-driven cybersecurity automation (Ji
et al., 2023; Maynez et al., 2020).

The proposed framework employs multiple hallucination
mitigation  techniques, including retrieval-augmented
generation (RAG), rule-based validation, and confidence
scoring mechanisms. Retrieval-augmented generation enables
the LLM to access external knowledge sources such as threat
intelligence databases and vulnerability repositories before
generating responses. By grounding model outputs in verified
information sources, RAG significantly reduces the likelihood
of fabricated or unsupported responses. Experimental
evaluation demonstrates that the integration of RAG improves
the factual consistency of Al-generated outputs, particularly
when analyzing complex cybersecurity incidents that require
contextual understanding of threat intelligence data. Previous
research in natural language processing has shown that
retrieval-based  architectures can  effectively  reduce
hallucination rates by ensuring that model outputs are
supported by reliable knowledge sources (Lewis et al., 2020;
Jietal., 2023).

Quantitative  evaluation of  hallucination  mitigation
effectiveness is performed by comparing the hallucination rate
of the proposed system with that of baseline generative models
lacking validation mechanisms. The results indicate a
substantial reduction in hallucinated outputs when validation
layers are incorporated into the framework. In baseline models
that rely solely on generative reasoning, hallucination rates are
relatively higher due to the probabilistic nature of language
model predictions. However, when retrieval mechanisms and
policy verification layers are integrated into the response
generation process, the system is able to detect and correct
potentially incorrect outputs before they are executed. These
findings highlight the importance of combining generative Al
technologies with structured knowledge retrieval and
validation systems in high-risk applications such as
cybersecurity incident response.

4.4 Comparison with Traditional SOC Systems

To assess the practical value of the proposed framework, its
performance is compared with traditional Security Operations
Center workflows that rely primarily on manual analysis and
rule-based automation. Traditional SOC operations involve
multiple stages including alert monitoring, manual
investigation, and execution of remediation procedures based
on predefined playbooks. While these processes are widely
used in enterprise security environments, they often suffer
from inefficiencies caused by alert fatigue, limited analytical
capacity, and delays in decision-making (Garcia-Teodoro et
al., 2009; Sillaber et al., 2016).

The integration of LLM-based reasoning capabilities
significantly enhances the efficiency of cybersecurity incident
response processes. Unlike traditional automation systems that
depend on static rules, the proposed framework can interpret
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complex contextual information and dynamically generate
response strategies tailored to specific threat scenarios. This
capability allows the system to adapt to previously unseen
attack patterns and evolving threat landscapes. Additionally,
the automated orchestration engine enables rapid execution of
containment and remediation actions without requiring
extensive manual intervention. These features collectively
contribute to substantial improvements in operational
efficiency within cybersecurity environments.

Operational benefits of the proposed system extend beyond
response speed and automation efficiency. The use of Al-
driven analysis also enhances the analytical capabilities of
security teams by providing contextual insights and
recommendations that support decision-making processes. For
example, the system can automatically generate incident
summaries, correlate threat indicators across multiple data
sources, and recommend remediation actions based on threat
intelligence knowledge. Such capabilities help reduce the
cognitive workload of SOC analysts and allow them to focus
on strategic security tasks rather than routine operational
activities (Conti et al., 2018; Taddeo et al., 2019).

Furthermore, the inclusion of safety verification mechanisms
and human-in-the-loop validation ensures that automated
actions remain aligned with organizational policies and
operational constraints. This hybrid approach combines the
efficiency of Al-driven automation with the oversight and
expertise of human analysts, thereby reducing the risks
associated with fully autonomous decision-making systems.
Overall, the comparative analysis demonstrates that the
proposed LLM-driven incident response framework offers
significant improvements over traditional SOC operations in
terms of response speed, analytical capability, and operational
scalability. As cyber threats continue to evolve in complexity
and frequency, such intelligent automation frameworks are
likely to play a critical role in strengthening the resilience of
organizational cybersecurity infrastructures.

Comparative Performance of Traditional SOC vs LLM-Based Autonomous Response
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The figure compares traditional Security Operations Center
(SOC) systems with the proposed LLM-based autonomous
response framework across three key metrics: response speed,
detection accuracy, and automation level. The results indicate
that LLM-driven systems significantly reduce response time
while improving detection accuracy and automation capability,
highlighting the operational efficiency and scalability of Al-
assisted cybersecurity incident response mechanisms.

V. FINDINGS AND DISCUSSION

The findings of this study indicate that the integration of Large
Language Models (LLMs) into cybersecurity incident
response systems can significantly enhance the efficiency,
accuracy, and automation capabilities of modern Security
Operations Centers (SOCs). The experimental evaluation
demonstrates that the proposed LLM-driven autonomous
incident response framework reduces response time compared
to traditional SOC workflows, enabling faster identification
and containment of cybersecurity threats. Automated
orchestration combined with contextual reasoning allows the
system to analyze security logs, intrusion alerts, and threat
intelligence data more effectively than conventional rule-based
systems (Buczak & Guven, 2016; Conti et al., 2018).

Another important finding relates to the reliability and safety
of Al-driven response mechanisms. The incorporation of
validation layers such as confidence scoring, rule-based
verification, and policy enforcement significantly improves
the reliability of automated decisions. These mechanisms help
ensure that generated responses align with organizational
security policies before execution. Furthermore, the
implementation of hallucination mitigation techniques,
particularly retrieval-augmented generation (RAG) and
human-in-the-loop validation, substantially reduces the
occurrence of incorrect or fabricated outputs. Overall, the
results confirm that combining LLM reasoning capabilities
with safety verification frameworks can improve cybersecurity
incident response while maintaining operational reliability and
trustworthiness.

VI. CONCLUSION

This study explored the potential of Large Language Models
(LLMs) in enabling autonomous incident response
orchestration within modern cybersecurity infrastructures. The
proposed framework integrates LLM-based reasoning with
Security Orchestration, Automation, and Response (SOAR)
systems to improve the speed, accuracy, and efficiency of
incident management processes. The results demonstrate that
automated orchestration supported by LLMs can significantly
reduce response time and enhance threat detection capabilities
compared with traditional Security Operations Center (SOC)
workflows.

The research also highlights the importance of incorporating
safety and reliability mechanisms in Al-driven cybersecurity
systems. Techniques such as retrieval-augmented generation,
confidence scoring, rule-based verification, and human-in-the-
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loop validation were found to be effective in reducing

hallucination

risks and ensuring trustworthy automated

responses. Overall, the findings suggest that LLM-driven
autonomous incident response frameworks can strengthen

cybersecurity  defense

mechanisms  while  maintaining

operational safety. Future research should focus on real-world
deployment, scalability, and continuous improvement of Al
safety mechanisms in cybersecurity environments.
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