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ABSTRACT

As cyber threats are becoming increasingly complex and scaled, it is difficult for traditional security mechanisms to keep pace in terms
of timeliness, context awareness, and adaptiveness. The emergence of LLMs, particularly transformer-based architectures, has expanded
the horizons for cybersecurity, thereby enabling appropriate threat detection, real-time analysis, and response automation. This study
discusses several practical use cases of Al-driven security with the help of LLMs in three major verticals: financial services, healthcare,
and critical infrastructure. Each illustrates unique but successful approaches toward implementing LLM-enabled threat analysis. In the
financial sector, a cloud-based LLM anomaly detection system demonstrated a 45% reduction in false positives and improved incident
response time by 60%. In the case of healthcare, the integration of LLMs with SIEM systems demonstrated a 38% avoidance of
undetected phishing attempts and dwell time reduced by 30%. Critical infrastructure operators demonstrate proactive defense against
zero-day vulnerabilities with the potential to achieve mitigation rates up to 70% faster through the use of LLM-powered threat
intelligence. Through a comparison of these implementations, this research paper underlines how LLMSs, when combined with other
cybersecurity frameworks, can turn security operations into proactive, adaptive, and efficient processes. Key findings support Al-driven
threat detection as a significant enabler of resilient digital ecosystems in the light of pervasive cyber risk.
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I. INTRODUCTION

This research paper explores the practical application of LLMs in

The digital transformation of modern organizations has led to an
exponential increase in the volume, velocity, and variety of cyber
threats. Traditional rule-based security systems, while effective
against known attack vectors, are increasingly inadequate against
sophisticated threats characterized by advanced persistent attacks,
polymorphic malware, and social engineering tactics [1]—[3].
Simultaneously, the shortage of skilled cybersecurity
professionals and the growing complexity of enterprise IT
infrastructures have created gaps that adversaries exploit with
increasing frequency [4].

Artificial Intelligence (Al), particularly in the form of machine
learning, has emerged as a critical tool for augmenting traditional
cybersecurity approaches [5], [6]. Most recently, Large Language
Models (LLMs) such as OpenAl’s GPT series, BERT, and their
domain-adapted variants have demonstrated remarkable
capabilities in language understanding, anomaly detection, and
contextual analysis [7], [8]. LLMs’ ability to parse, interpret, and
synthesize large volumes of unstructured and semi-structured
data positions them as valuable assets for threat detection,
incident response, and security automation [9].

cybersecurity, focusing on three distinct sectors—financial
services, healthcare, and critical infrastructure. Each sector faces
unique threat landscapes and compliance mandates but shares a
common imperative: to leverage intelligent systems for creating
adaptive, resilient, and proactive security postures [10], [11]. The
significance of this study lies in demonstrating how LLMs can
transform security operations centers (SOCs) from reactive, alert-
driven environments to strategic, insight-driven teams capable of
anticipating and neutralizing threats in real time [12], [13].

The primary objective of this paper is to analyze and compare
real-world LLM-based cybersecurity implementations across
these domains. It highlights their technological frameworks,
methodologies, and key performance outcomes, providing an
integrated view of how Al-driven threat detection is reshaping the
future of digital security.

II. DATA SOURCES AND COLLECTION
Textual and Event Data Collection
The core data sources for LLM-based threat detection comprise
logs, network traffic captures, email content, chat transcripts, and
security alerts generated from enterprise environments [14], [15].
In the financial case study, Security Information and Event
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Management (SIEM) platforms aggregate logs from firewalls,
intrusion detection systems (IDS), transaction databases, and user
endpoint telemetry. Healthcare environments additionally collect
electronic health record (EHR) activity logs and clinical
communication data. Critical infrastructure operators source data
from operational technology (OT) systems, SCADA logs, and
threat intelligence feeds [16].

Data Preprocessing Pipelines

Raw data undergoes a series of preprocessing steps tailored to the
requirements of LLMs: tokenization, entity recognition,
normalization, and anonymization to ensure privacy compliance
[17]. Techniques such as log parsing, vectorization of network
flows, and context window generation are applied to structure
semi-structured and unstructured data for model input.

Supplementary Data Sources

Threat intelligence feeds—including indicators of compromise
(I0Cs), MITRE ATT&CK techniques, CVE bulletins, and cyber
news—are integrated to enrich model context and augment
detection accuracy [18]. Feedback from security analysts and
incident response teams is used to refine model outputs and
reduce false positives.

Data Quality Management

Data integrity is preserved through real-time validation,
deduplication, and correlation across sources. Privacy and
compliance requirements (e.g., GDPR, HIPAA) are enforced
through automated redaction and access controls [19]. LLMs are
fine-tuned on curated, domain-specific datasets to prevent bias
and ensure operational relevance.

This multi-source, multi-layered data collection architecture
enables LLMs to deliver accurate, context-aware, and scalable

threat detection and analysis for diverse cybersecurity
applications.
1. METHODOLOGY

Data Ingestion and Preprocessing

A comprehensive data ingestion framework is deployed to
capture logs, alerts, and communication artifacts from enterprise
networks. Preprocessing steps include:

. Log normalization and time synchronization across
disparate sources.

. Anonymization of sensitive fields (e.g., personally
identifiable information).

. Context window construction for event correlation in

LLM inputs [20].
Tokenization is performed using domain-adapted vocabularies to
optimize LLM performance in parsing cybersecurity-specific
language and artifacts.

LLM-Based Model Development
Multiple LLM architectures are explored:

. Transformer-based models (e.g., BERT, RoBERTa)
fine-tuned for threat classification and anomaly
detection tasks [21].

. Generative models (e.g., GPT-3, T5) adapted for
incident summarization, alert triage, and automated
report generation [22].

. Retrieval-Augmented Generation (RAG) models for
integrating external threat intelligence.

Supervised and semi-supervised learning paradigms are utilized,
with labeled datasets comprising known attack patterns and
synthetic adversarial samples [23]. Hyperparameter optimization
leverages grid search and Bayesian methods to maximize metrics
such as detection accuracy, precision, recall, and F1-score.

Model Deployment and Integration

Models are containerized using Docker and orchestrated via
Kubernetes for scalable inference across edge and cloud
environments [24]. LLM-based services are integrated with SIEM
platforms, Security Orchestration, Automation, and Response
(SOAR) tools, and ticketing systems to enable end-to-end
automation.

Role-based access, explainability modules, and continuous
monitoring are embedded to ensure operational transparency and
regulatory compliance.

This methodology ensures reliable, scalable, and interpretable
LLM-based threat detection tailored to complex, real-world
cybersecurity environments.

IV. SYSTEM ARCHITECTURE
Data Acquisition and Integration Layer
At the foundation, log aggregators, endpoint agents, and network
sensors capture security-relevant data. These sources are
normalized, encrypted, and streamed to central processing units
via secure protocols (Syslog, TLS, REST APIs) [25].

LLM Processing and Analysis Layer
Central to the architecture, LLMs parse and analyze inputs for:

. Threat classification and anomaly detection.
. Phishing and social engineering pattern recognition.
. Automated natural language querying and contextual

incident analysis [26].
This layer leverages GPU-accelerated inference and distributed
model serving for high-throughput, low-latency analysis.

SOC Interaction and Automation Layer

Custom dashboards, alerting interfaces, and chatbots built atop
the LLM layer enable analysts to interactively query, investigate,
and respond to incidents [27]. Integration with SOAR platforms
automates containment and remediation workflows.

Security, Privacy, and Scalability Considerations
End-to-end encryption, differential privacy, and federated
learning are employed to safeguard sensitive data and ensure
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scalability across multi-tenant environments [28], [29]. Model
audit trails and explainability features support compliance with
cybersecurity regulations.

This layered architecture empowers organizations to deploy
robust, flexible, and scalable LLM-enabled threat detection
platforms within diverse operational contexts.

V. EXPERIMENTAL RESULTS
Dataset Description
Evaluations were conducted on real-world datasets aggregated
over twelve months from three sectoral environments:

Table I summarizes dataset characteristics.

. Financial Sector: 150 million transaction logs, 12
million email and chat records, 500,000 security alerts.
. Healthcare: 80 million EHR access logs, 5 million

clinical communication transcripts, 250,000 phishing
simulation results.

. Critical Infrastructure: 40 million OT/SCADA event
logs, 3 million threat intelligence entries, 100,000
incident response tickets.

Table I: Sectoral Datasets for LLM-Based Threat Analysis

Sector Data Volume Key Artifacts Time Span
Financial 150M logs Transactions, emails 12 months
Healthcare 80M logs EHR, comms, phishing 12 months
Critical Infra 40M logs OT events, TI feeds 12 months

Model Evaluation

LLM models were benchmarked against traditional statistical and

ML-based security solutions. Key results:

. Financial Sector: LLM-based anomaly detection achieved
96.2% accuracy, with precision and recall of 94.7% and
95.8% respectively, reducing false positives by 45% over
legacy SIEM rules [30].

Table II: LLM Model Performance vs. Baseline

Sector LLM Accuracy Baseline Accuracy
Financial 96.2% 87.4%
Healthcare 93.5% 82.1%
Critical Infra 94.8% 79.6%

Operational Impact
Deployment of LLM-driven SOC automation led to:

. 60% reduction in mean incident response time (financial
sector).

. 38% reduction in wundetected phishing attempts
(healthcare).

. Proactive mitigation of 3 zero-day vulnerabilities within

hours (critical infrastructure).

Challenges and Mitigation
. Data  Imbalance: Addressed with  synthetic
oversampling and adversarial data augmentation [31].
. Latency: Mitigated via edge deployment and model
quantization.
. False Positives: Human-in-the-loop feedback and active
learning loops reduced alert fatigue.
Experimental results substantiate the effectiveness of LLMs in
enhancing threat detection, operational efficiency, and cyber
resilience.

. Healthcare: LLM-powered phishing detection reached
93.5% accuracy and decreased average dwell time from 8
days to 5.6 days, a 30% improvement.

. Critical  Infrastructure: LLM-enhanced  threat
intelligence enabled 70% faster zero-day mitigation and
reduced manual investigation workload by 55%.

FP Reduction Incident Response Improvement
45% 60% faster
38% 30% faster
41% 70% faster

VI. IMPLEMENTATION DETAILS
Data Acquisition Modules
Log collectors, email gateways, and endpoint agents are
configured to forward security events in real time. Data is
encrypted at rest and in transit, with strict access controls
enforced.

Preprocessing and Feature Engineering
Data pipelines implemented in Python and Spark perform
cleaning, normalization, and feature extraction. Custom
tokenizers and parsers are developed for domain-specific log
formats and communication protocols [32].

LLM Model Training and Tuning

Models are built using HuggingFace Transformers and
TensorFlow, with fine-tuning on sectoral datasets.
Hyperparameters (learning rate, sequence length, batch size) are
optimized using Bayesian search. Table III details model
configurations.
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Table III: LLM Model Configurations

Model Params Fine-Tune Dataset Optimizer Max Seq. Length
BERT-base 110M Financial logs AdamW 512
GPT-3 Small 125M Healthcare comms Adam 1024
RoBERTa-large 355M OT/SCADA logs AdamW 512

Edge-Cloud Hybrid Deployment

Latency-sensitive detection tasks are deployed on edge
appliances within SOC environments, while large-scale analytics
and continuous learning are managed in the cloud. Docker and
Kubernetes ensure scalability and fault tolerance [33].

User Interfaces and Analyst Tools

Custom dashboards (Grafana, Kibana) present alerts, incident
summaries, and recommended actions. Natural language query
interfaces enable analysts to investigate incidents via
conversational Al

Security and Compliance

All components adhere to NIST, GDPR, and sectoral regulatory
standards. Model inference is auditable, with explainability
modules (e.g., LIME, SHAP) provided for analyst review [34],
[35].

This integrated implementation approach delivers a robust,
scalable foundation for LLM-enabled cybersecurity operations.

VII. CASE STUDIES
Financial Sector: LLM-Driven Anomaly Detection
A global financial institution deployed an LLM-based anomaly
detection system to combat sophisticated fraud and insider
threats. The system ingested transaction logs, email
communications, and SIEM alerts. BERT-based models
identified suspicious patterns, enabling real-time triage and
contextual investigation. Automated incident reports were
generated for analysts, reducing manual workload by 50%.
Results included a 45% reduction in false positives and a 60%
improvement in mean time to respond (MTTR). This enabled
proactive risk mitigation and compliance with evolving
regulatory requirements.

Table I'V: Financial Sector LLM Implementation — Key Features

Feature

Details

Data Types
LLM Platform
Impact
Integration
Compliance

Healthcare: LLM-Enhanced Phishing and Insider Threat
Detection

A large healthcare provider integrated LLMs into its SIEM
pipeline to address phishing, credential misuse, and regulatory
risks. LLMs parsed clinical communications, EHR access logs,
and simulated phishing campaigns. GPT-based language models

Table V: Healthcare LLM Implementation — Key Features
Feature
Data Types
LLM Platform
Impact
Integration
Compliance

Critical Infrastructure: LLM-Powered Threat Intelligence

Operators of critical infrastructure (energy, water) leveraged
LLMs to synthesize threat intelligence from OT logs, SCADA
alerts, and external feeds. RoBERTa-based models correlated

Transactions, emails, SIEM logs
BERT-based anomaly detection

45% FP reduction, 60% faster response
SIEM, SOAR, ticketing

PCI DSS, GDPR

flagged suspicious messages and summarized incident context for
security teams.

Outcomes included a 38% reduction in undetected phishing
attempts, a 30% decrease in dwell time, and enhanced HIPAA
compliance.

Details

EHR logs, clinical communications
GPT-3-based phishing detection

38% less undetected phishing, 30% faster
SIEM, EHR, analyst dashboard

HIPAA, HITECH

anomalous OT events with MITRE ATT&CK TTPs and
generated automated playbooks for incident responders.

This approach resulted in a 70% faster mitigation rate for zero-
day threats and a 55% reduction in analyst investigation time.
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Table VI: Critical Infrastructure LLM Implementation — Key Features

Feature

Details

Data Types
LLM Platform
Impact
Integration
Compliance

DISCUSSION

The case studies demonstrate that LLMs outperform traditional

security technologies in several key dimensions:

. Contextual Understanding: LLMs excel at synthesizing
diverse, unstructured data sources, enabling nuanced threat
detection and root cause analysis.

. Automation: Automated report generation, alert triage,
and incident playbooking reduce manual workload and alert
fatigue for SOC analysts.

. Adaptability: Transfer learning and continual fine-tuning
allow LLMs to adapt rapidly to new attack vectors and
threat intelligence.

. Explainability: Integration of explainability modules
increases analyst trust and regulatory compliance.

However, challenges remain:

. Adversarial Attacks: LLMs are susceptible to prompt
injection and adversarial text manipulation, necessitating
robust input sanitization [36].

. Data Privacy: Ensuring anonymization and secure model
inference is critical, especially in regulated industries.

. Resource Requirements: LLMs are computationally
intensive, requiring careful orchestration for real-time SOC
integration [37].

I. Despite these challenges, the operational gains in detection
accuracy, speed, and SOC efficiency strongly support
broader adoption of LLMs in cybersecurity.

X111. CONCLUSION

The proliferation of sophisticated cyber threats demands a
paradigm shift in how organizations detect, analyze, and respond
to security incidents. This paper has demonstrated that Large
Language Models, when integrated with robust data pipelines and
SOC workflows, deliver transformative improvements in threat
detection and operational resilience. Across financial services,
healthcare, and critical infrastructure, LLMs have proven capable
of reducing false positives, accelerating incident response, and
enabling proactive defense against evolving threats.

Future research should explore federated learning for cross-
organizational threat intelligence sharing, adversarial robustness,
and explainable Al frameworks tailored for SOC environments.
As LLMs continue to evolve, their role in safeguarding digital
ecosystems will become indispensable, heralding a new era of
intelligent, adaptive cybersecurity.
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OT logs, SCADA, threat intelligence
RoBERTa-based threat synthesis

70% faster mitigation, 55% less workload
SOAR, MITRE ATT&CK, OT monitoring
NIST, CISA
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