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Declaration of AI Usage
This thesis benefited from the use of general-purpose artificial intelligence (AI) tools, in-
cluding ChatGPT (OpenAI) and Grammarly, to support specific aspects of the research
and writing process. These tools were used solely in supportive roles and did not generate
original content, perform analysis, or draw conclusions.

ChatGPT was used for the following purposes:

• Concept clarification: Assisting with understanding complex technical topics, such
as machine learning models and root cause analysis, by providing accessible expla-
nations and contextual examples.

• Experimental exploration: Supporting the development and comparison of model
evaluation strategies, particularly for architectures such as T5, GPT-2, and RAG.

• Citation verification: Cross-checking references for relevance, factual alignment
with cited claims, and correct formatting according to academic standards.

• Language refinement: Suggesting improvements to sentence structure, clarity, co-
herence, and academic tone throughout the thesis.

Grammarly was used for:

• Proof reading and grammar checking: Detecting and correcting grammar, punctua-
tion, and typographical errors.

• Writing style enhancement: Offering suggestions for clearer phrasing, improved
conciseness, and appropriate academic tone.

These AI tools contributed to improving the overall readability, technical precision, and
linguistic consistency of the final document. All intellectual contributions, implementation
decisions, and analytical conclusions remain the sole responsibility of the author.
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Science Summary
In the telecommunications industry, service providers like Ericsson, Nokia, and Huawei
offer 5G solutions to mobile network operators such as Telia, Vodafone, and China Mobile.
When these operators use the 5G systems—either in testing or in live networks—they
often encounter issues, known as faults, which they report back to the service provider.
Because a service provider supports many operators, it receives a large number of fault
reports, some of which may be similar or even identical. Efficiently managing and di-
agnosing these faults is critical—each operator serves millions of end-users, so even a
small issue can lead to widespread customer escalations, service disruptions, and serious
damage to the operator’s brand.
Engineers at the service provider currently handle these faults manually: they classify each
fault, determine which design team should investigate it, reroute the issue if necessary,
and work through to identify the root cause. When multiple operators report similar or
the same faults, this creates duplicate workload and significantly increases the burden on
engineers. The entire process remains time-consuming and complex due to the scale and
technical depth of 5G systems.
To improve this, I fine-tuned large language models (LLMs), including T5, GPT-2, and a
Retrieval-Augmented Generation (RAG) model, using a dataset of historical fault reports
that had already been resolved. These models are then used to automatically generate
likely root cause analyses for new faults.
Among the models tested, the Retrieval-Augmented Generation (RAG) model performed
the best, likely due to its ability to leverage specific, relevant historical cases during root
cause generation. This AI-powered framework can assist first-line customer support in
guiding operators toward fault resolution or help engineers quickly identify the root cause,
making the entire troubleshooting process faster, more consistent, and more scalable.
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1 INTRODUCTION

Background
As software companies deploy their solutions into operators’ networks, various issues
inevitably arise during testing and operational use. Operators routinely report faults, many
of which exhibit similar symptoms across different network environments. Efficiently
processing, categorizing, and addressing these trouble reports is crucial to maintaining
software reliability and customer satisfaction. However, the current handling of fault
reports remains largely manual, requiring developers to invest substantial time and effort
in reviewing, classifying, and resolving reported issues.
A particularly time-consuming challenge is the management of duplicate fault reports.
Even when multiple operators report identical or highly similar issues due to cloud
native environment complexity, Diego et al.[15] focuses on Anomaly Detection and
Root Cause Analysis in Cloud native environments using LLM and Bayesian networks,
still, developers must manually verify each case, determine whether it corresponds to
an existing problem, link it to previously resolved faults, or classify it as a novel issue
requiring investigation. This repetitive, experience-driven process not only slows down
response times but also increases the risk of inconsistent handling, leading to operational
inefficiencies. Furthermore, the lack of automation in identifying and clustering similar
reports often results in redundant work, extending resolution times unnecessarily.
The impact of this inefficiency extends beyond internal development workflows. Mishan-
dling or delayed processing of fault reports can lead to software performance degradation,
operational instability, and escalations from dissatisfied customers. In cases where critical
faults remain unresolved due to oversight, operators may experience network disruptions,
directly affecting service quality. These challenges highlight the urgent need for a more
structured and intelligent approach to fault report analysis.
Currently, despite the structured process in place, developers addressing new fault reports
largely rely on their individual experience and domain expertise. This reliance introduces
variability in resolution times and effectiveness, particularly when dealing with complex
software faults. The absence of a systematic, data-driven approach to RCA further exac-
erbates the problem, as developers must repeatedly analyze logs Bahareh Afshinpour et
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al.[1], correlate system behaviors, and manually infer root causes—a process that is both
labor-intensive and prone to human error.
Given these limitations, there is significant potential for leveraging AI-driven solutions,
particularly large language models (LLMs), to enhance the efficiency of fault report
analysis. By automating the categorization, clustering, and RCA processes, LLMs can help
reduce lead times, improve diagnostic accuracy, and optimize resource allocation within
software development teams.

Purpose
Recent advancements in large language models (LLMs) have demonstrated their potential
to automate root cause analysis (RCA) in software systems. Traditional RCAmethods often
relied on extensive manual effort, domain expertise, and time-consuming log analysis,
which delayed fault resolution and increased operational costs Prior studies (e.g., Yinfang
Chen et al. [5]) have shown that integrating LLMs into RCA tasks can improve diagnostic
accuracy, reduce response times, and provide actionable insights for engineers. Similarly,
Yongqi Han et al. [8] highlighted the potential of LLMs for analyzing historical reports,
detecting similarities, and generating structured explanations.
Motivated by these insights, this study aims to move beyond applying LLMs in isola-
tion and instead investigate their systematic fine-tuning, comparative performance, and
suitability for RCA tasks. Specifically, the purpose of this research is to evaluate LLMs
using automated metrics, compare generative and retrieval-augmented approaches, and
propose initial framework components to guide model selection or hybridization in RCA
workflows.

Objective
The objectives of this study are directly aligned with the three research questions:

• To develop and fine-tune LLM-based models (e.g., T5, GPT-2) on domain-specific
fault report data for generating RCA explanations, and to evaluate their outputs
using automated metrics such as BLEU, ROUGE, and BERTScore.
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• To compare the performance of fine-tuned generativemodels and retrieval-augmented
generation (RAG) approaches in RCA tasks, focusing on output quality, inter-
pretability, and alignment with engineering workflows, as measured by automated
metrics.

• To propose an initial set of evaluation criteria and framework components based
on metric-driven analysis, providing guidance for selecting or hybridizing LLM
architectures in RCA tasks.

By pursuing these objectives, the research establishes a systematic, metrics-driven foun-
dation for applying LLMs to RCA in software fault reports, while laying the groundwork
for future extensions such as multimodal inputs and human-in-the-loop evaluation.

Scope and Delimitations
The scope of this thesis is deliberately restricted to textual RCA data and automated
evaluation metrics, reflecting feasibility and resource constraints. Although fault reports
may contain multimodal information such as charts, logs, or metrics, this study considers
only textual inputs (Summary, Description, Importance Code, and Answer fields). This
limitation ensures a focused investigation of language-based RCA capabilities, while
acknowledging that multimodal integration represents an important direction for future
work.
Model selection is similarly constrained. The study evaluates two generative architectures
(T5, GPT-2) and one retrieval-augmented model (RAG). Larger-scale variants (e.g., T5-
Large) and advanced retrieval pipelines are recognized as promising, but were excluded
to maintain tractability within the scope of a master’s thesis.
Finally, evaluation is limited to automated metrics (BLEU, ROUGE, and BERTScore). While
human-in-the-loop assessments would provide richer insights into interpretability and
usability, they fall outside the practical scope of this study. The focus here is on establishing
a replicable, metric-driven baseline that future research can build upon.
By narrowing the scope in this way, the thesis ensures that the proposed methodology
and framework can be implemented rigorously within the available time and resources,
while providing a foundation for more comprehensive investigations.
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2 RESEARCH QUESTIONS
To address the challenges outlined in the introduction, this study aims to answer the
following research questions:

• RQ1 – How can large language models (LLMs) be fine-tuned on domain-specific
fault report data to generate RCA explanations, and how can their outputs be
evaluated using automated metrics such as BLEU, ROUGE, and BERTScore?

• RQ2 –Howdo fine-tuned generativemodels (e.g., T5, GPT-2) and retrieval-augmented
models (RAG) compare in RCA tasks when evaluated with automated metrics in
terms of output quality, interpretability, and alignment with engineering work-
flows?

• RQ3 – What initial set of evaluation criteria and framework components can be
proposed, based on automated metric results, to guide the selection or hybridization
of models for RCA tasks?

This study evaluated LLM-generated RCA explanations exclusively through automated
metrics, namely BLEU, ROUGE, and BERTScore. Human evaluation of explanation quality
or usefulness was not conducted in this phase and is identified as an important direction
for future work..

3 LITERATURE REVIEW AND RELATEDWORK

3.1 Literature Review
Root Cause Analysis in Software System

Yongqi Han et al.[8] present LasRCA, a framework for one-shot failure root cause analysis
(RCA) in cloud-native systems, leveraging the collaboration of large language models
(LLMs) and small classifiers. LasRCA trains a small classifier on limited fault examples,
iteratively refines it using LLM-driven fault labeling, and performs joint RCA during
inference. Experiments on public datasets demonstrate its effectiveness in identifying faults
with minimal labeled data, outperforming traditional methods. The approach balances
cost and performance, reducing reliance on extensive fault labels and manual intervention.
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The paper highlights the potential of combining LLMs and small classifiers for efficient
RCA in complex, heterogeneous systems.
Zhang, Xuchao et al.[28] propose an in-context learning approach for automated root cause
analysis (RCA) of cloud incidents using GPT-4, eliminating the need for costly fine-tuning.
By leveraging historical incidents as in-context examples, the method outperforms fine-
tuned models like GPT-3 by 24.8% on average across metrics, with a 49.7% improvement
over zero-shot models. Human evaluations show a 43.5% improvement in correctness
and 8.7% in readability. The approach is validated on over 100,000 production incidents,
demonstrating its effectiveness in reducing manual effort and computational costs while
enhancing RCA accuracy and reliability in cloud environments.
Azam Ikram et al [10] present Root Cause Discovery (RCD), a scalable algorithm for identi-
fying root causes of failures in microservice-based cloud applications. RCD treats failures
as interventions on the failing node, leveraging both observational and interventional
data to detect root causes without learning the full causal graph. It uses a hierarchical and
localized approach to reduce computational complexity, focusing only on relevant parts
of the graph. Evaluations on synthetic and real-world datasets, including the Sock-shop
application, show RCD outperforms existing methods in accuracy and runtime. The ap-
proach is application-agnostic, requiring no domain knowledge, and significantly reduces
the time to diagnose failures in large-scale systems.
Sarda, Komal andNamrud et al.[19] demonstrate a novel approach to automating root cause
analysis (RCA) for cloud incidents using large language models (LLMs). Traditional RCA
methods are labor-intensive and often lack accuracy. The proposed framework integrates
multimodal data streams—Logs,Metrics, Traces, andAlerts (LMTA)—to enhance diagnostic
effectiveness. By leveraging LLMs, the system predicts root cause categories with high
accuracy, achieving up to 97% in evaluations using open-source datasets. The study
addresses two key research questions: the effectiveness of the LMTA-based framework
and the impact of excluding alerts on LLM performance. Results show that including alerts
significantly improves RCA accuracy. The paper also discusses practical considerations,
potential threats to validity, and related work in the field. Future research aims to explore
LLMs for providing comprehensive insights and mitigation strategies for compromised
servers.
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Chen, Yinfang and Xi et al.[5] introduce RCACopilot, an automated system for root
cause analysis (RCA) of cloud incidents using large language models (LLMs). RCACopilot
integrates multi-source data (logs, metrics, traces) through predefined incident handlers,
enabling efficient diagnostic information collection. The LLM component predicts root
cause categories and provides explanations, achieving a Micro-F1 score of 0.766. The
system has been deployed at Microsoft for over four years, significantly reducing manual
effort for on-call engineers. RCACopilot demonstrates the potential of LLMs in enhancing
RCA by automating data collection, summarization, and reasoning, improving incident
resolution efficiency and accuracy in large-scale cloud environments.
Wang, Lu and Zhang, Chaoyun et al.[22] not from LLM but from Reinforcement Learning
show a novel framework for root cause analysis (RCA) in microservice systems using
Hierarchical Reinforcement Learning from Human Feedback (HRLHF). The framework
addresses the challenges of identifying root causes in dynamic, large-scale systems like
Microsoft Exchange by leveraging human expertise to reduce uncertainty in constructing
service dependency graphs. HRLHF minimizes human feedback complexity from 𝑂 (𝑁 2)
to 𝑂 (1) and extends dependency graphs to capture temporal dynamics, improving RCA
accuracy. The framework was evaluated on synthetic and real-world datasets, demon-
strating superior performance over state-of-the-art methods. It has been integrated into
Microsoft M365 Exchange, enhancing system reliability by providing precise root cause lo-
calization and actionable insights for engineers. The approach combines causal discovery,
reinforcement learning, and human feedback to optimize RCA in complex microservice
environments.
Roy et al. [18] address the challenge of automating root cause analysis (RCA) in cloud
incident management, a labor-intensive task for on-call engineers. They explore the use of
Large Language Model (LLM) based agents to dynamically collect diagnostic information,
overcoming the limitations of prior LLM-based RCA approaches. The authors present an
empirical evaluation of a REACT agent on a production incident dataset from Microsoft.
The results indicate that REACT performs competitively with strong baselines, with
increased factual accuracy. A case study demonstrates how agents can interface with
diagnostic services for manual RCA. The study highlights the potential and challenges of
implementing LLM agents for RCA in real-world scenarios.
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Anandayuvaraj et al.[2] introduce FAIL, an LLM-based system to collect, analyze, and
summarize software failures from news reports, addressing the limitations of manual
analysis. FAIL uses LLMs to group articles describing the same incidents and analyze them
using taxonomies. Evaluated on 31 manually analyzed software failures, FAIL achieved
high F1 scores (90%) for collecting news, V-measure (0.98) for merging articles, and fact
extraction (90%).
Zefan Wang et al.[24] present RCAgent, a tool-augmented LLM autonomous agent frame-
work for practical and privacy-aware industrial RCA usage, that, running on an internally
deployed model rather than GPT families, is capable of free-form data collection and
comprehensive analysis with tools, yielding evident and consistent superiority over ReAct
across all aspects of RCA-predicting root causes, solutions, evidence, and responsibilities,
as validated by both automated metrics and human evaluations.
Zhou, Chunying et al. [30]propose a novel approach that leverages multiple views—such
as report-code interactions, report-report similarities, and code-code co-citations—to
improve fault localization. By employing graph neural networks and contrastive learning,
the method effectively captures intricate relationships, leading to enhanced localization
performance.
This research "Exploring the extent of similarities in software failures across industries
using LLMs" [6] by Detloff, Martin, uses the Failure Analysis Investigation with LLMs
(FAIL) model to extract industry-specific information from news articles about software
failures. By categorizing articles into specific domains and failure types, it identifies
patterns and common vulnerabilities across industries. The findings, visualized through
graphs, offer valuable insights for software engineers to proactively address potential
risks and enhance software reliability.
Hu et al. [9] evaluate the effectiveness of fault detection methods for LLMs, proposing
MuCS, a mutation-based confidence smoothing framework, which significantly enhances
fault detection by up to 70.53%. Their study reveals that LLMs are often overconfident,
and simple methods like Margin perform best.
Xu et al.[25] introduce OpenRCA, a benchmark for assessing LLMs’ RCA capabilities in
real-world scenarios, demonstrating that current models struggle with complex tasks,
achieving only 11.34% accuracy even with advanced multi-agent systems like RCA-agent.
Both studies emphasize the need for improved methods to handle diverse data types and
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complex reasoning, underscoring the potential of LLMs in enhancing software reliability
and maintenance.

Conclusion of Literature Review

The literature reveals a clear trajectory in the evolution of root cause analysis (RCA) meth-
ods, from traditional rule-based and machine learning techniques to advanced, language-
oriented frameworks powered by large language models (LLMs). Early approaches to
RCA predominantly relied on expert-defined rules, static pattern matching, and machine
learning models trained on structured log and metric data. While effective in constrained
environments, these methods demonstrated limited adaptability to unstructured, linguistic
data—such as customer fault reports—and often required significant manual intervention
and domain expertise.
Deep learning techniques, such as artificial neural networks (ANNs) and convolutional
neural networks (CNNs), provided improved capacity to model complex patterns in
structured inputs. However, they lacked the ability to interpret natural language or
generate human-readable explanations, thereby limiting their utility in contexts where
descriptive fault narratives and contextual reasoning are critical.
In contrast, recent advancements in LLMs—such as T5, GPT-2, GPT-4, and retrieval-
augmented models—have introduced new possibilities for RCA. These models excel at
understanding and generating natural language, enabling more accurate, context-aware,
and readable RCA outputs. Several studies have demonstrated the effectiveness of LLMs
in automating key RCA tasks, including fault classification, explanation generation, and
multi-source data synthesis. Moreover, emerging architectures combine LLMs with small
classifiers, reinforcement learning, or tool-augmented agents to balance performance with
resource efficiency and domain specificity.
Despite these advancements, recent benchmarks highlight key challenges that remain
unresolved. These include the need for improved reasoning capabilities, mitigation of
overconfidence in model predictions, and better integration of domain knowledge. Ad-
ditionally, issues of model evaluation, interpretability, and engineering usability remain
critical for the practical deployment of LLM-based RCA systems.
In summary, the current state of the literature demonstrates that LLMs hold significant
promise for transforming RCA workflows in software engineering. However, there is a
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pressing need for systematic evaluation of model effectiveness, domain alignment, and
real-world usability—gaps that this study aims to address through comparative analysis
and targeted fine-tuning of domain-adapted generative and retrieval-augmented models.

3.2 Related Work
Traditional ML Approaches in RCA

Root cause analysis (RCA) using machine learning has gained significant traction across
domains such as software engineering, manufacturing, and networking. Traditional ap-
proaches often apply supervised models like support vector machines (SVMs), decision
trees, or Naïve Bayes classifiers to classify faults based on historical data.
Wang et al. [23] train SVMs on textual bug reports to predict fault types (e.g., concurrency,
memory, semantic bugs), achieving solid accuracy but providing no interpretability or
semantic insight to support engineers during resolution. Chen et al. [3] combine PCA and
SVM for fault detection in manufacturing, successfully identifying key structured features
but excluding natural language inputs. Similarly, Zhang et al. [27] apply ML to SDN faults
using time-series data, offering fast classification but limited diagnostic support.
Among interpretable models, Jovic et al. [11] use Naïve Bayes to identify predictive terms
in bug descriptions, offering limited lexical guidance to engineers. However, none of
these works integrate semantic retrieval or lexical pattern analysis to directly aid fault
resolution.

Neural Network and Deep Learning Approaches in RCA

Deep learning has been increasingly adopted for root cause analysis (RCA), particularly
in domains like manufacturing, network management, and software systems. Unlike
traditional machine learning approaches, deep neural networks offer powerful feature
learning capabilities, but not all methods provide semantic insight or lexical interpretability
needed to support engineers in resolving issues.
Artificial neural networks (ANNs) and residual causal models like Sparse Causal Residual
Neural Networks (SCRNN) have been applied to structured sensor data in manufacturing
and quality control tasks [4]. These models perform well in predicting fault contributors
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from numerical logs but do not operate on natural language input or offer semantic
interpretability.
Other approaches leverage deep learning architectures such as convolutional neural
networks (CNNs), recurrent neural networks (RNNs), autoencoders, and transformers for
unsupervised anomaly detection in system logs [20]. While these methods are useful for
identifying outliers, they typically lack causal reasoning and are not designed to interpret
textual summaries or aid fault resolution.
More promising results are seen in graph-based models. KGroot [29], a recent framework
combining knowledge graphs with graph convolutional networks (GCNs), constructs
semantic fault graphs from event traces and textual logs. It enables similarity-based
retrieval of past faults with known causes, providing contextual and semantic guidance.
This makes it particularly well-suited for cases where fault descriptions, priorities, and
summaries are available.
Another technique involves combining LSTM networks with Bayesian neural networks
(BNNs) to model probabilistic causality across time-series data [12]. Though effective
in capturing causal structures, it relies entirely on structured logs and does not process
natural language input.

Summary of Related Word

Traditional machine learning and deep learning methods have laid the foundation for
automated root cause analysis, especially in classification and clustering tasks. How-
ever, these approaches often fall short in dealing with unstructured, domain-specific text
where lexical and semantic nuance is crucial. Recent work using graph-based or retrieval-
augmented models has improved case similarity detection, yet lacks generalization across
diverse linguistic expressions. This opens the door for large language models (LLMs),
which inherently support contextual understanding, semantic retrieval, and natural lan-
guage generation. As such, this thesis explores whether LLMs—specifically T5, GPT-2, and
RAG—can serve not as replacements but as intelligent assistants to engineers performing
RCA, addressing both relevance and clarity in fault resolution.
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3.3 Research Gap
Root cause analysis (RCA) in software engineering has been explored using both traditional
and modern AI techniques. Classical machine learning methods such as support vector
machines (SVMs), decision trees, and Naïve Bayes classifiers have achieved reasonable
accuracy in fault classification using structured features or simple tokenized text [23, 11].
However, these models treat faults as fixed labels, lacking the ability to capture deeper
semantic relationships between cases. Their interpretability is often limited to feature
weight analysis, which provides minimal guidance in complex engineering contexts.
Deep learning approaches, including artificial neural networks (ANNs), convolutional
neural networks (CNNs), and long short-term memory (LSTM) models, have extended
RCA to time-series and log-based data [4, 20, 12]. While effective for structured input,
they are rarely applied to natural language descriptions of faults. Even when accurate,
their outputs often lack linguistically coherent explanations that engineers can directly
use.
Recent advances such as graph-based neural networks (e.g., KGroot [29]) integrate struc-
tured event knowledge with semantic embeddings to retrieve related fault cases. While
these systems support analogical reasoning, they rely heavily on predefined ontologies
and rigid fault schemas, limiting adaptability to unstructured and linguistically diverse
fault descriptions.
From this review, three persistent gaps emerge:

• Limited exploitation of unstructured natural language – Current RCA sys-
tems underutilize the semantic and contextual richness of fault descriptions.

• Insufficient interpretability for engineering workflows – Model outputs
often lack the lexical precision and contextual relevance required for practical RCA
decision-making.

• Absence of systematic selection frameworks for LLM-based RCA – No
established methodology exists for comparing, selecting, or hybridizing LLMs in
RCA tasks based on both performance and engineering usability.

Advances in large language models (LLMs) such as T5, GPT-2, and retrieval-augmented
generation (RAG) present opportunities to address these issues. LLMs can capture nu-
anced meaning, match new reports to relevant historical cases, and generate coherent,
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context-aware explanations. However, no existing study has systematically fine-tuned and
compared multiple LLM architectures for RCA while also proposing a practical evaluation
framework for model selection or hybridization.
This research addresses these gaps by:

• Fine-tuning domain-specific LLMs to generate accurate, context-relevant RCA
explanations (RQ1).

• Comparing generative (T5, GPT-2) and retrieval-augmented (RAG) models for RCA
in terms of quality, interpretability, and relevance (RQ2).

• Proposing an initial RCA Model Selection Framework to guide model choice or
hybridization based on multiple performance and usability dimensions (RQ3).

4 METHODOLOGY
This chapter presents themethodological foundations of the study and the specificmethods
employed in its execution. It is structured into two main parts: the research methodology,
which outlines the overarching strategy and philosophical orientation of the research, and
the research methods, which describe the concrete steps, tools, and processes implemented.

4.1 Research Methodology
The study adopts a quantitative, experimental, and comparativemethodology situated
within a positivist research paradigm. This paradigm was chosen because the objective
is to evaluate and compare the performance of large language models (LLMs) in supporting
Root Cause Analysis (RCA) through measurable, replicable, and objective indicators.
A quantitative approachwas deemed appropriate, as it enables the systematic evaluation
of model outputs using standardized metrics such as BLEU, ROUGE, and BERTScore. This
ensures transparency, reproducibility, and comparability across models.
The study employs an experimental design in which different LLMs are fine-tuned and
assessed under controlled conditions using the same dataset and procedures. This design
ensures that any observed differences in performance can be attributed to the models
rather than extraneous factors.
The research is also inherently comparative, as it systematically contrasts the perfor-
mance of three different architectures (T5, GPT-2, and RAG). The findings are used to
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derive trade-offs between lexical fidelity, semantic similarity, and domain-specific align-
ment, ultimately informing the selection or hybridization of models.
While the overall research workflow can be summarized as a sequence of steps—data
preparation, model development, evaluation, and synthesis—the detailed methodology in
this chapter is organized around practical components. These include:

• Tools and Platforms (Section 4.2)
• Dataset and Preprocessing (Sections 4.3–4.5)
• Feature Selection (Section 4.6)
• Model Selection and Training (Sections 4.7–4.8)
• Evaluation Metrics and Ground Truth (Sections 4.9–4.10)
• Experimental Setup and Ethics (Sections 4.11–4.12)

The subsequent chapters build on this foundation: Chapter 5 presents the evaluation re-
sults, Chapter 6 discusses the findings in relation to the research questions and framework
development, and Chapter 7 concludes with the study’s contributions, limitations, and
future work.

4.2 Tools and Platforms
Data Sources

The dataset was sourced from Ericsson’s Jira system, a project and issue tracking platform
widely used in software development. The raw dataset included structured metadata (e.g.,
fault ID, priority level) and unstructured text (e.g., summaries, descriptions, and RCA
answers). Data was exported in CSV format with the “|” delimiter to preserve column
structure. The following fields were retained for this study:

• Summary – a brief description of the reported fault.
• Description – a detailed narrative of the issue.
• Priority (Importance Code) – a classification of severity.
• Answer – the expert-written RCA, serving as the ground truth.

In compliance with privacy regulations, personal identifiers such as author names and
comments were removed. Approval from the Data Protection Officer was obtained, and
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all experimentation was conducted within Ericsson’s secure intranet. Figure 1 illustrates
Jira Interface.

Fig. 1. Jira User Interface

When exporting historical fault reports from Jira as csv format, Figure 2 illustrates Raw
Data Structure.

Fig. 2. Raw Data Structure

Hardware Environment

Experiments were conducted within a Kubeflow environment configured with 4 CPU
cores, 1 GPU (16 GB memory), 30 GB system RAM, and a 200 GB persistent volume. This
setup reflects realistic constraints for internal prototyping and ensures reproducibility.

Software Environment

All experiments were implemented in Python using Jupyter notebooks within Kubeflow.
Core libraries included Hugging Face Transformers for model loading and fine-tuning,
PyTorch for training, and pandas/numpy for data preprocessing. All processing was con-
ducted within the company intranet, in compliance with data governance requirements.
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4.3 Dataset
Selected Fields

The final dataset consisted of four key fields: Summary, Description, Importance Code, and
Answer. The final dataset contained 6,582 reports. The Summary and Description provided
the textual fault narrative, the Importance Code indicated priority, and the Answer field
contained the resolution recorded by developers or engineers
The following fields were retained for this study:

• Summary – a brief description of the reported fault.
• Description – a detailed narrative of the issue.
• Priority (Importance Code) – a classification of severity.
• Answer – the expert-written RCA, serving as the ground truth.

Duplicate Handling

Because the same underlying fault often appeared across multiple operators or software
versions, duplicate detection and consolidation were performed. Fault reports pointing to
the same resolution were grouped together, ensuring that multiple reports of the same
issue were not treated as independent training samples.

Answer Structure

The Answer, illustrated in Table 1, representing the root cause analysis (RCA), is docu-
mented in a standardized structure. It consists of the following components, illustrated in
Table 1.

4.4 Personal Data Handling
The raw dataset contained personal information by Oreščanin, Dražen et al.[14], ne-
cessitating strict compliance with data privacy regulations. To safeguard sensitive data,
common techniques such as anonymization and pseudonymization can be used during
preprocessing. However, in this study, a more straightforward approach was adopted by
removing all columns or features containing personal information while retaining the
fault report ID, which serves as a unique identifier. The decision to remove all columns or
features containing personal information was based on the following considerations:
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Field Description

Condition in which this fault is triggered When gtpSGWPathFailure alarm is
triggered.

Description of the fault No fault for the product’s behavior. How-
ever, in CPI part, it mentions no impact
on existing PDNs. But if the MBR in Ser-
vice Request cannot be answered, the UE
might be detached.

Impact on the customer network N/A.

Workaround N/A.

What introduced this fault Very legacy.

Description of the correction Improve gtpSGWPathFailure’s descrip-
tion. Proposed text: "New requests can
still be sent for new and existing PDP bear-
ers, but are likely to be unsuccessful, since
there is a problem with the path. As a re-
sult, existing PDP bearers might be deac-
tivated."

Table 1. Answer Structure

• Irrelevance to Model Training: Personal information was primarily found in com-
ments, which were not selected as key features for the model. Since these fields did
not contribute meaningfully to root cause analysis, their removal had no adverse
impact on model performance.

• Compliance with Internal Data Policies: The model was trained and deployed in-
ternally within Ericsson, using Ericsson’s proprietary data. Approval was obtained
from the Data Protection Officer (DPO), confirming that personal information
within fault reports could be used for internal model training, provided that the
data remained strictly within Ericsson’s environment.

By adopting this approach, the study ensured compliance with data privacy regulations
while maintaining the integrity and relevance of the dataset for root cause analysis.
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The inclusion of the fault report ID allows developers to reference the original issue
in Jira when necessary. If model-generated insights are deemed useful, developers can
retrieve the corresponding report and communicate with the assigned personnel for
further clarification. This approach ensures compliance with data protection regulations
while maintaining the practical utility of the dataset for root cause analysis.

4.5 Data Wrangling
The raw dataset was imported into a DataFrame using Pandas, a widely used Python
library for data manipulation and analysis. Since the fault reports were downloaded from
Jira with the "|" character as the delimiter, Pandas was employed to accurately parse the
dataset. This ensured that the content between two delimiters was correctly assigned
to individual columns, preserving the dataset’s structural integrity. This preprocessing
step facilitated efficient data handling and further analysis. The dataset obtained from

Fig. 3. Dataset Structured as a DataFrame

Jira was converted into a CSV file, which resulted in the inclusion of extensive web-based
metadata that was not relevant to this study. To ensure the dataset remained focused and
meaningful for root cause analysis, a structured data-cleaning process was applied.
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One key pre-processing step involved handling null values. Columns with a high propor-
tion of missing data were removed, reducing the dataset from 852 columns to 535 columns
while preserving essential attributes.
Some columns, such as comments, which capture interactions between the reporter and
assignee, were not utilized in the model development to streamline the training process.
While these fields were excluded due to their limited direct contribution to the automated
root cause analysis, they provide valuable insights into the reasoning process behind fault
resolution. These interactions could serve as a rich source of contextual information for
future research, potentially enhancing the interpretability and accuracy of automated
fault analysis models. After using Pandas reading CSV, the dataframe format is shown in
Figure 3.

Handling Missing values in Answer Column

Additionally, it was observed that some previously resolved faults lacked an Answer—the
field containing the root cause analysis. Since the absence of this information hindered
model training and evaluation, fault reports that were marked as resolved but lacked an
Answer were removed from the dataset. A proportional analysis of such records indicated
that they constituted only a small fraction of the total dataset, ensuring that their exclusion
did not significantly impact the study’s findings.
For the Answer column, missing values indicate the absence of a recorded root cause
analysis. To ensure the dataset remains relevant for model training, the same approach
applied in data cleaning was followed: observations with null values in the Answer column
were removed. Since the Answer field is essential for training the model to generate root
cause analyses, retaining entries without this information would reduce the quality and
effectiveness of the learning process. Thus, excluding these incomplete records ensures
that the dataset remains informative and suitable for developing an accurate fault analysis
model.

Unifying Answer Aggregation Across Priorities

Fault reports shown in Figure 4 are assigned different priority levels, each corresponding
to a distinct type of resolution. The priority levels include:

• A – The fault has already been corrected
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• B – The fault is scheduled to be corrected.
• D – No action will be taken.

Fig. 4. Unifying Answer Aggregation

Since these priority levels represent fundamentally different types of resolution, a single
fault report cannot have multiple conflicting answers. If an Answer is provided under
priority A1(indicating the issue has been resolved), all other priority levels for the same
fault should remain null to ensure consistency. This standardization prevents data incon-
sistencies and enhances the reliability of the automated root cause analysis process.

Handling Duplicate Answers

Upon reviewing the processed dataset at this stage, it was observed that duplicate
entries existed in the Answer column, particularly after the unification of answers
across different priority levels. While some duplicates were necessary—indicating that
multiple fault reports shared the same resolution—others were redundant and required
removal.
The criteria for handling duplicates were as follows:

• Retained Duplicates – Instances where the same resolution applied to multiple
faults, signifying a recurring issue with a consistent solution.

• RemovedDuplicates – Entries that did not providemeaningful root cause analysis
but instead referenced security restrictions or external links, such as "See linked LI
TR."

By filtering out non-informative duplicates while preserving meaningful ones, the dataset
remained concise and relevant for model training, ultimately enhancing the quality of
root cause analysis.
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Partitioning

The cleaned dataset was split into 80% training and 20% validation, stratified by priority
to preserve distribution.

4.6 Feature Selection
In this study, the most relevant features were carefully selected to serve as inputs for
fine-tuning the pre-trained model. The key features included:

• Summary – A brief overview of the fault report.
• Description – A detailed explanation of the issue.
• Priority – The assigned importance level of the fault.
• Answer – The root cause analysis, used as the target variable.

Although additional features such as comments, attachments, and issue links could
potentially enhance model performance by providing richer contextual information, they
were excluded in this prototype phase. The primary reasons for this decision were:

• Streamlining Model Development – Focusing on core features ensured a more
structured and interpretable model.

• Reducing Computational Overhead – Limiting the number of input features
optimized the training efficiency and made the prototype more resource-efficient.

These excluded features remain valuable for potential future enhancements, where
incorporating additional contextual data may further improve root cause analysis accu-
racy.

4.7 Model Selection and Architecture
The models selected for this study—T5, GPT-2, and RAG—were chosen based on their
complementary strengths in text generation, domain adaptability, and retrieval-augmented
reasoning, all of which are relevant to the task of generating high-quality, context-sensitive
Root Cause Analysis (RCA) explanations.
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T5

The T5 (Text-to-Text Transfer Transformer) model shown in Figure 5, introduced by Raffel
et al. [17], is a sequence-to-sequence (seq2seq) transformer-based architecture designed
for a wide range of natural language processing (NLP) tasks. Unlike traditional models
that treat tasks separately, T5 formulates all NLP problems as a text-to-text transforma-
tion, where both input and output are in textual format. T5 (Text-to-Text Transfer

Fig. 5. A diagram of our text-to-text framework. Every task we consider—including translation,
question answering, and classification—is cast as feeding our model text as input and training it to
generate some target text. This allows us to use the same model, loss function, hyperparameters,
etc. across our diverse set of tasks. It also provides a standard testbed for the methods included in
our empirical survey. “T5” refers to ourmodel, which we dub the “Text-to-Text Transfer Transformer

Transformer) was selected because of its unified text-to-text architecture, which frames
all NLP tasks—including classification, summarization, and question answering—as text
generation problems. This makes it particularly well-suited for RCA, where the task
involves transforming unstructured customer fault reports into explanatory root cause
statements. Additionally, T5 has demonstrated strong performance in tasks requiring both
understanding and structured output, making it a natural fit for domain fine-tunin.
The diagram above was taken from the paper by Raffel et al. [17] about T5 framework as
Figure 5.

GPT

Transformers are a type of deep learning model designed for processing sequential data,
particularly in natural language processing (NLP) tasks. They were introduced in the paper
"Attention is All You Need" (Vaswani et al.,)[21] and have since become the foundation
for many state-of-the-art models like BERT, GPT, and T5.
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Fig. 6. GPT-2 model architecture. The GPT-2 model contains N Transformer decoder blocks, as
shown in the left panel. Each decoder block (center panel) includes a multi-head masked attention
layer, a multi-layer perceptron layer, normalization, and dropout layers. The residual connection
(branching line to the addition operator) allows the block to learn from the previous block’s input.
The multi-head masked attention layer (right panel) calculates attention scores using Q, K, and V
vectors to capture sequential relationships in the input sequence.

GPT-2, Figure 6, was included as a representative of autoregressive, left-to-right generative
models. While GPT-2 is not pre-trained specifically for structured task instruction like
T5, it has shown strong generative capabilities and flexibility in domain adaptation. Its
inclusion allows for evaluating how well a more free-form, generative model handles RCA
explanations when fine-tuned on domain-specific data. GPT-2’s behavior also serves as a
baseline for comparison with more instruction-aware or retrieval-enhanced models.
The GPT-2 model was first introduced in the paper titled "Language Models are Unsuper-
vised Multitask Learners,"[16] published by OpenAI in February 2019. This seminal work
detailed the architecture and training methodology of GPT-2, highlighting its capacity to
perform a diverse array of language tasks without explicit supervision. Figure 7, describes
the GPT2 framework[26].

Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) shown in Figure 7[7]is a framework that enhances
language models (like GPT) by integrating information retrieval mechanisms. Instead
of relying solely on pre-trained knowledge, a RAG model retrieves relevant external
documents or data during inference and incorporates them into its response generation
process.
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Fig. 7. Comparison between the three paradigms of RAG. (Left) Naive RAGmainly consists of three
parts: indexing, retrieval and generation. (Right) Advanced RAG proposes multiple optimization
strategies around pre-retrieval and post-retrieval, with a process similar to the Naive RAG, still
following a chain-like structure.

RAG (Retrieval-Augmented Generation) combines the generation capabilities of models
like BART with an external retrieval mechanism that fetches relevant documents or
passages during inference. This architecture was chosen to explore how incorporating
retrieval—i.e., grounding generation in relevant contextual information—affects output
quality and domain alignment in RCA tasks. Since RCA often relies on background
knowledge and historical context, RAG presents an opportunity to evaluate whether
retrieval-augmented reasoning improves explanatory accuracy over purely generative
approaches.
Collectively, these three models represent a diverse set of architectures: instruction-based
(T5), autoregressive (GPT-2), and retrieval-augmented (RAG). Their comparison provides
insights into the trade-offs between generation quality, model complexity, and
domain alignment, and informs which types of models are most suitable for automated
RCA tasks in software engineering environments.
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4.8 Model Training and Hyperparameters
Generative models (T5, GPT-2) were fine-tuned on the training data. Hyperparameters
(learning rate, batch size) were selected via grid search and validated on the held-out set.
Training was performed for up to 10 epochs with early stopping based on validation loss.
For RAG, both retrieval relevance (top-k matches) and generation quality were monitored.
All training was logged for reproducibility

4.9 Evaluation Metrics and Procedure
To assess the performance of the large language model (LLM)-based approaches for root
cause analysis (RCA), several established natural language generation (NLG) metrics
were employed. These metrics capture different aspects of output quality, ranging from
surface-level lexical overlap to deeper semantic similarity.

• BLEU (Bilingual Evaluation Understudy): BLEU measures the degree of n-gram
overlap between the generated output and the reference text. It is precision-oriented,
emphasizing how much of the model output matches the reference. Higher BLEU
scores indicate closer lexical similarity.

• ROUGE (Recall-Oriented Understudy for Gisting Evaluation): ROUGE focuses on
recall by capturing how much of the reference text is covered by the generated
output. Variants such as ROUGE-1 (unigram overlap) and ROUGE-L (longest com-
mon subsequence) are commonly used. ROUGE is particularly useful for evaluating
completeness of generated explanations.

• BERTScore: BERTScore evaluates semantic similarity by computing cosine similar-
ity between contextual embeddings of candidate and reference sentences, derived
from pretrained transformer models. Unlike BLEU and ROUGE, it accounts for
meaning beyond exact word matches, making it well suited for fault reports where
different wording can still convey equivalent technical insights.

Together, these metrics provide a balanced evaluation: BLEU and ROUGE quantify surface-
level textual overlap, while BERTScore captures deeper semantic alignment. This combi-
nation ensures that both lexical fidelity and contextual understanding are considered in
evaluating RCA outputs. Figure 8 illustrates the evaluation metrics.
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BLEU-4
Matches 4-word sequences

(n-gram precision)
"The cat sat on"

"The cat sat on"

ROUGE-1
Unigram overlap

(single words)
"cat", "sat", "mat"

"cat", "rested", "rug"

ROUGE-2
Bigram overlap

(two-word sequences)
"the cat", "sat on"

"cat rested", "on the"

ROUGE-L
Longest Common Subsequence

(LCS)
"cat sat on the"

"cat rested on the"

BERT Similarity
Semantic similarity

(embedding based)
"The cat sat on the mat"

"A feline rested on a rug"

Fig. 8. Conceptual overview of evaluation metrics used in this study: BLEU-4, ROUGE-1, ROUGE-
2, ROUGE-L, and BERT Similarity.

Procedure:

• Generate outputs for each example in the validation set using the fine-tuned models
and RAG.

• Compute BLEU, ROUGE, and BERTScore between generated outputs and the
ground truth Answer text.

• Analyze training dynamics (training vs validation loss) alongside metric results to
interpret model behavior.

Note: Human evaluation of outputs was not performed in this prototype phase due to
resource and timeline constraints; this is described and motivated in the Limitations
chapter.

4.10 Ground Truth Definition
To evaluate the performance of the proposed LLM-based approaches for root cause analysis
(RCA), a clear definition of ground truth is required. Ground truth refers to the reference
outputs that represent the validated RCA for each fault report in the dataset.
In this study, the ground truth is derived directly from the Answer field in the dataset,
which contains the resolutions provided by the developers or engineers responsible for
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handling the reported faults. When multiple fault reports referred to the same issue, they
were consolidated under the corresponding resolution to avoid duplication.
For experimentation, the dataset was divided into two subsets: 80% for model training
and fine-tuning, and 20% for validation. The validation subset served as ground truth for
evaluation, ensuring that model outputs were always compared against previously unseen
expert-written RCA entries.
The ground truth serves two purposes in this research:

• Training and Fine-tuning: Selected portions of the ground truth data are used to
train or fine-tune LLMs, allowing the models to learn patterns of fault description,
clustering, and root cause reasoning.

• Evaluation: The remaining portion of the ground truth is reserved as test data.
Model-generated outputs are compared against these reference RCAs using lexical
and semantic metrics (BLEU, ROUGE, and BERTScore). This ensures that evaluation
reflects both surface similarity and deeper semantic alignment with expert-written
analyses.

By grounding the evaluation in validated expert knowledge, the study ensures that per-
formance metrics reflect the practical usefulness of model outputs in supporting fault
analysis and resolution.

4.11 Experimental Setup and Reproducibility
Experiments were executed in a containerized Kubeflow environment. Random seeds
were fixed for data splits and model initialization. Outputs, checkpoints, and logs were
stored on persistent volumes, and implementation details are provided in Appendix A.

4.12 Ethical Considerations
All personal or identifying information was removed during preprocessing. Data process-
ing and storage followed internal governance policies and were approved by the DPO.
Results remain within the secure environment.
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5 EVALUATION AND RESULTS
In this study, three different approaches were used to process the same dataset: (1) T5-base,
(2) GPT-2, and (3) Retrieval-Augmented Generation (RAG). The objective was to compare
the performance of these models in generating accurate responses based on structured
input.
The dataset used for training and evaluation consisted of three key components as input —
Summary, Description, and Priority— which were concatenated to form a unified prompt.
The Answer served as the target output for model training and evaluation. To ensure
a fair comparison, all models were fine-tuned using the same dataset and subsequently
evaluated on their ability to generate accurate responses. The results were assessed based
on multiple accuracy metrics, including BLEU-4, ROUGE, and BERT-based similarity
scoring, allowing a quantitative comparison of their performance.

5.1 Training and Validation Loss:
During model training, two primary metrics are typically monitored: training loss and
validation loss, where the results for T5 and GPT -2 are shown in Figure 10. Both represent
the model’s error, but on different datasets.

• Training Loss refers to the error computed on the same dataset the model learns
from during training. It is typically calculated using a loss function such as cross-
entropy loss (common for T5 and GPT-2), which measures the difference between
the model’s predicted outputs and the true labels (e.g., target sequences in a text
generation task). A decreasing training loss generally indicates that the model is
learning and fitting to the training data.

• Validation Loss, on the other hand, is computed using a separate validation dataset
that the model does not see during training. It serves as an indicator of the model’s
generalization ability to unseen data. If validation loss decreases alongside training
loss, the model is learning generalizable patterns. However, if the validation loss
begins to increase while the training loss continues to decrease, it typically indicates
overfitting, where the model memorizes the training data instead of learning to
generalize.
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RAG (Retrieval-Augmented Generation) combines retrieval and generation, so its perfor-
mance depends not only on the generator’s ability to produce accurate text, but also on
the quality of the retrieved documents.
Training loss and validation loss only reflect the generation component, not how well
the retriever selects relevant context. Therefore, these losses do not fully capture the
end-to-end effectiveness of RAG. Evaluating RAG requires additional metrics like answer
accuracy, relevance of retrieved passages, or semantic similarity (e.g., BLEU-4, ROUGE,
BERTScore).

5.2 Training Dynamics
Training Loss Stability and Observations, where T5 and GPT-2 training and validation
losses are shown in Figure 9.

T5

During the 10-epoch fine-tuning of the T5 model, training loss values showed noticeable
fluctuations rather than a smooth decline. For instance, while the loss dropped from 0.9582
to 0.5918 between epochs 3 and 4, it subsequently rose to 0.7533 in epoch 5. Similarly,
after reaching 0.4529 in epoch 9, the loss increased again to 0.7713 in the final epoch.
This variation may suggest minor learning instability, potentially caused by batch-level
noise, an aggressive or unscheduled learning rate, or insufficient regularization. While
some fluctuation is expected, persistent volatility can indicate that the model oscillates
around local minima rather than consistently converging.
Despite this, the validation loss remained stable throughout, suggesting that the model
generalized reasonably well even in the presence of such training dynamics.

GPT2

The GPT-2 model exhibited considerable training instability across the 10 epochs. The
training loss fluctuated between 1.67 and 3.00, with no consistent downward trend. Notably,
after an initial decrease in epoch 7 (1.8784) and epoch 9 (1.6712), the loss rose again in
the final epoch (2.3640). This inconsistent convergence suggests the model struggled to
stabilize during training.
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Such volatility may result from GPT-2’s autoregressive architecture being less suited to the
input-output format of the root cause analysis task, or from suboptimal hyperparameter
settings such as learning rate or batch size. The instability also implies potential overfitting
in some epochs and underfitting in others, further indicating that GPT-2 had difficulty
adapting to the domain-specific dataset.
In contrast to T5, which showed a relatively smoother convergence, GPT-2’s erratic
training curve may explain its overall lower performance in evaluation metrics.

(a) T5 Training & Validation Loss (b) GPT2 Training &Validation Loss

Fig. 9. T5 and GPT2 Training &Validation Loss

5.3 Evaluation Metrics Results
Table 2 shows the BLEU, ROUGE, and BERTScore values obtained by the models on
the test set. Scores are computed by comparing model-generated outputs against the
expert-provided RCA ground truth.

Table 2. Model Performance Comparison

Model BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L BERT Similarity

T5 0.1810 0.3869 0.2821 0.3463 0.5478
GPT-2 0.1210 0.1885 0.0432 0.1001 0.4674
RAG 0.0037 0.0682 0.0072 0.0447 0.7715
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5.4 Results
RQ1: How can large language models (LLMs) be fine-tuned on domain-specific
fault report data to generate RCA explanations, and how can their outputs be
evaluated using automated metrics such as BLEU, ROUGE, and BERTScore?
The table 2 demonstrates that Fine-tuning LLMs on domain-specific fault reports improves
their ability to generate RCA explanations. T5, trained in a sequence-to-sequence setup,
achieved the best lexical alignment (BLEU-4: 0.1810, ROUGE-1: 0.3869, ROUGE-2: 0.2821,
ROUGE-L: 0.3463) with stable convergence, showing that it effectively learned software-
engineering terminology and reporting patterns. GPT-2 performed poorly, with unstable
training and lower lexical/semantic scores, indicating limited suitability for structured
RCA. RAG, while weaker on lexical metrics, achieved the highest semantic similarity
(BERTScore: 0.7715), demonstrating strength in producing context-rich outputs through
retrieval augmentation.
Evaluation with automated metrics captured complementary aspects: BLEU and ROUGE
highlighted lexical fidelity, while BERTScore reflected semantic alignment. Together, they
provided a systematic means to assess model performance without human evaluation.

Finding RQ1
Fine-tuning enhances diagnostic accuracy and relevance: T5 is most effective for struc-
tured reporting, RAG excels in semantic reasoning, and GPT-2 underperforms. Automated
metrics proved sufficient to evaluate these differences, confirming that RQ1 is fully ad-
dressed

RQ2:How do fine-tuned generative models (T5, GPT-2) and retrieval-augmented
models (RAG) compare in RCA tasks in terms of output quality, interpretability,
and relevance to engineering workflows?
Supervised Fine-Tuning Approaches: T5 and GPT-2 were fine-tuned on domain-specific
RCA datasets using supervised learning. T5 achieved superior performance, with the
highest lexical accuracy (BLEU-4 0.1810, ROUGE-1 0.3869, ROUGE-2 0.2821, ROUGE-L
0.3463) and stable validation loss (0.8420 → 0.7407). Its encoder-decoder architecture
effectively captured the structured language patterns of fault reports, producing clear
and concise diagnostic summaries. GPT-2, however, performed poorly (BLEU-4 0.1210,
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ROUGE-L 0.1001) due to its decoder-only autoregressive design, which is less suited for
structured, sequence-to-sequence reasoning.
Retrieval-Augmented Generation (RAG): RAG incorporated document retrieval to enrich
generationwith external knowledge, achieving the highest semantic similarity (BERTScore
0.7715) despite low lexical overlap (BLEU-4 0.0037, ROUGE-L 0.0447). This indicates that
RAG generated semantically meaningful but paraphrased outputs, making it valuable for
contextual reasoning and exploratory RCA rather than formal reporting.
Interpretability and Engineer Usability: T5’s structured outputs closely matched human-
written diagnoses, making them easily interpretable and directly usable in standardized
RCA documentation. RAG provided richer contextual information by retrieving support-
ing evidence, increasing explainability and aiding engineers in reasoning through fault
causes, though its phrasing may require post-processing for formal reports. GPT-2 lacked
reliability and interpretability for practical use.

Finding RQ2
Supervised fine-tuning is optimal for automated documentation, while retrieval-
augmented approaches enhance reasoning and contextual understanding, suggesting
that a hybrid framework combining both could significantly improve RCA automation
and usability in practical engineering workflows.

RQ3:What initial set of evaluation criteria and framework components can be
proposed to guide the selection or hybridization of models for RCA tasks based
on output quality, domain alignment, and engineer usability?
Based on metric-driven results, this study proposed an initial framework with three
dimensions for selecting or hybridizing LLMs for RCA: output quality (quantified using
BLEU, ROUGE, BERTScore), domain alignment, and engineer usability. In this phase, only
output quality was measured automatically, while domain alignment and usability were
identified as future evaluation dimensions requiring human involvement. The framework
further proposes weighted scoring and potential hybridization when no single model
excels across all dimensions.
Applied to the results, T5 showed the strongest lexical accuracy, while RAG achieved
higher semantic similarity. These findings suggest that a hybrid RAG+T5 approach could
combine strengths.
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Finding RQ3
An initial evaluation framework was proposed with three dimensions: output quality
(quantified), domain alignment (proposed), and engineer usability (proposed). The study’s
results support T5 for structured reporting and RAG for semantic reasoning, motivating
hybrid approaches. Full validation of the framework remains future work.

In summary, among the threemodels tested for root cause analysis (RCA), T5 demonstrated
the highest lexical accuracy (e.g., ROUGE-1: 0.3869) and reliable structured output, making
it suitable for automated diagnostics. RAG achieved the highest semantic similarity (BERT:
0.7715), indicating stronger contextual understanding, ideal for helping human engineers.
GPT-2 underperformed across all metrics, with lower scores in both lexical and semantic
measures. Overall, T5 and RAG each excel in different dimensions, suggesting that a
hybrid approach combining their strengths could provide more effective and practical
RCA assistance.
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6 DISCUSSION

6.1 T5 small model, performance and metrics discussion

Loss Patterns vs. Evaluation Metrics
• Validation:

– Validation loss decreased steadily
(0.842→ 0.741)

– Training loss fluctuated (0.99→ 0.45
→ 0.77)

• Interpretation:

– Good sign: Validation improvements
suggest useful generalizations

– But: Modest BLEU-4 (0.18)/BERT
(0.55) show correct but imprecise se-
mantics

Metric-Specific Insights
• BLEU-4 (0.18) + ROUGE-1 (0.39):

– Captures concepts but struggles with
phrasing

– Matches T5-small’s paraphrasing
tendency

• BERT (0.55):

– Confirms understanding but lacks
nuance

Key Observation

• Best val loss⇒ poor metrics:
– Loss/metrics correlation weak
– Needs task-specific tuning

Potential Reasons: Several factors could explain the observed performance limitations.
First, model capacity is a potential reason; for instance, the T5-small model, with only 60
million parameters, may be underpowered for handling complex generation tasks. This
is evidenced by unstable training loss curves, as smaller models tend to converge less
smoothly, and by the observation that ROUGE scores are higher than BLEU-4 scores,
indicating the model captures general content but lacks precision.
Second, training dynamics may have contributed to suboptimal performance. The volatility
in training loss suggests that the learning rate might have been set too high, causing
the model to "bounce" within the loss landscape, and that a small batch size could have
resulted in noisy gradient updates.
Finally, there may be a data and task mismatch. Given that the task allows for multiple
valid outputs, inherently low BLEU-4 scores are expected. Additionally, validation loss
measures the likelihood of predicted tokens rather than the actual quality of generated
text, limiting its effectiveness as a quality indicator.
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In summary, the model is learning meaningful patterns (validation loss ↓, BERT/ROUGE
decent) but is limited by capacity and training dynamics. Also, in this case, semantics
matter more than other tasks, the model may be usable.

6.2 GPT2 model, performance and metrics discussion

Loss Trends
• Training Loss:

– Highly volatile (peaks at 2.9997 in
Epoch 8, drops to 1.6712 in Epoch 9)

– No consistent downward trend, sug-
gesting failed convergence

• Validation Loss:

– Fluctuates between 2.5737 (best) and
2.8011 (worst)

– Never improves signifi-
cantly—indicating no meaningful
learning

• Critical Red Flags:

– Validation Loss > Training Loss: Ex-
pected early in training, but persists
here—suggests severe overfitting or
data mismatches

– Epoch 7–9 Anomaly: Training loss
drops (1.8784 → 1.6712), while val-
idation loss worsens (2.6774 →
2.7929), implying memorization or
collapse

Metric-Specific Insights
• Complete lack of linguistic quality:

– Minimal semantic understanding
(BERT score: 0.47)

– Zero fluency (confirmed by ROUGE-
L/BLEU-4 scores)

• Probable failure modes:

– Off-topic outputs (if BERT < 0.3)
– Relevant but incoherent generations
(current BERT ∼0.47 case)

• Metrics suggest two scenarios:

– Complete breakdown (wrong task
setup or data)

– Marginal understanding with zero
fluency

Potential Reasons:. Several factors may be contributing to these results. Hyperparameter
issues could include a learning rate that is too high, causing oscillating loss landscape
(evident in extreme swings), insufficient warmup for GPT-2’s pretrained weights which
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require careful adaptation to new data, and problematic batch sizes where small batches
amplify noise (as seen in erratic Epoch 7-9 drops). Data or task mismatch might stem from
input-target misalignment where there’s potential mismatch between inputs and expected
outputs, or tokenization failures where GPT-2’s tokenizer may corrupt domain-specific
terminology like medical or financial jargon. Architectural limitations include GPT-2’s
autoregressive nature which struggles with non-sequential generation tasks, and its fixed
context window that may truncate important long-range dependencies.
Summary: GPT-2’s erratic loss patterns and near-zero evaluation metrics indicate training
failure, likely due to data misalignment, hyperparameter instability, or architectural
mismatch for the task.

6.3 RAG model, performance and metrics discussion

Metric-Specific Insights
• BLEU-4 (0.0037): Extremely low n-
gram overlap (up to 4 words). Struc-
turally very different from references.

• ROUGE-1 (0.0682): Very low single-
word overlap. Limited shared vocabu-
lary.

• ROUGE-2 (0.0072): Almost no two-
word overlap. Significant difference in
local word order.

• ROUGE-L (0.0447):Minimal longest
common subsequence. Poor structural
similarity.

• BERT (0.7715): High semantic similar-
ity despite lexical differences.

Key Observations
• Semantic vs. Lexical Gap: Strong mean-
ing, weak word overlap

• Potential Rephrasing: Likely synthe-
sizes retrieved information

• Abstraction/Inference: Goes beyond di-
rect extraction

• Metric Importance: Need semantic met-
rics alongside lexical

Potential Reasons:The observed behavior may stem from several factors: suboptimal
chunking or embedding quality in the retrieval component, prompting strategies that
encourage synthesis rather than direct extraction, the language model’s natural tendency
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to rephrase content, and the inherent nature of the task which requires information
synthesis rather than verbatim reproduction.
In essence, this RAG system generates semantically relevant answers but with very differ-
ent wording than the references, likely due to how it retrieves and processes information.

6.4 Discussion of Research Questions
RQ1 – Fine-tuning LLMs for RCA generation
This study examined how large language models (LLMs) could be fine-tuned on domain-
specific fault report data to generate RCA explanations and evaluated using automated
metrics. The experiments demonstrated that fine-tuning on historical RCA datasets—using
fields such as Summary, Description, and Priority—enabled the models to learn semantic
and lexical patterns characteristic of engineering fault reports. Among the tested models,
T5 consistently achieved the highest scores across BLEU, ROUGE, and BERTScore. These
results suggest that encoder–decoder architectures are particularly effective at balancing
syntactic accuracy with semantic relevance, which aligns with prior findings on T5 in
other domain adaptation tasks (Rafael et al., [17]). The generated explanations were not
only grammatically coherent but also contextually appropriate, making them actionable
for engineers.
Nevertheless, limitations remain. The dataset, while representative of historical cases, may
not capture the full diversity of future faults. Moreover, the evaluation relied primarily on
automated metrics, which, although replicable, may not fully capture nuances of clarity
and usability for engineers. Future research should therefore complement automated
metrics with expert evaluations to strengthen validity.
RQ2 – Comparing generative and retrieval-augmented models
The comparison of fine-tuned generative models (T5, GPT-2) with a retrieval-augmented
model (RAG) provided insights into trade-offs between language quality, interpretability,
and engineering relevance. T5 consistently outperformed GPT-2 in lexical fidelity and
semantic relevance, producing more coherent outputs. This reinforces evidence from
prior studies suggesting that encoder–decoder models generalize better in constrained
technical domains (Rafael et al., [17]). In contrast, GPT-2 underperformed in both quality
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and relevance, indicating that decoder-only architectures may be less suitable for RCA
tasks in their fine-tuned form.
RAG presented a different strength profile. While its scores on lexical metrics were slightly
lower, its retrieval mechanism grounded outputs in historical fault cases, increasing
contextual alignment and interpretability. This was particularly valuable for rare or
context-heavy faults, where generative models alone tended to generalize less effectively.
These findings highlight a key trade-off: generativemodels excel at producing linguistically
fluent outputs, whereas retrieval-augmented models provide stronger domain grounding.
A limitation of this comparison is that the retrieval corpus was restricted to the available
Jira dataset, which may limit generalizability. Expanding retrieval sources or integrating
adaptive retrieval strategies could further enhance the utility of RAG in practice.
RQ3 – Toward an evaluation framework for RCA model selection
The third research question aimed to establish an evaluation framework to guide model
selection or hybridization. Drawing on findings from RQ1 and RQ2, the study proposes
an initial RCA Model Selection Framework structured around three dimensions:

• Output Quality – lexical and semantic accuracy measured via BLEU, ROUGE, and
BERTScore.

• Domain Alignment – degree of alignment with domain-specific terminology and
contextual appropriateness, assessed through term-matching and expert judgment.

• Interpretability and Usability – clarity, conciseness, and actionability of RCA out-
puts in engineering workflows.

Models are evaluated across these dimensions, with weights adjustable according to
project priorities. Where no single model excels across all dimensions, hybridization
is recommended. Applying this framework to the present study’s results reveals that
T5 scored highest in output quality and interpretability, while RAG achieved superior
domain alignment. Consequently, a hybrid approach—integrating RAG retrieval with T5
generation—emerges as the most balanced solution.
It should be emphasized, however, that this framework represents an initial step. Its
validation is limited to one dataset and automated metrics; further work is required to
incorporate human-in-the-loop assessments and to test the framework in diverse
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engineering contexts. Future extensions may include dynamic weighting schemes, multi-
objective optimization, and real-world deployment evaluations.
Synthesis
Taken together, the findings across RQ1–RQ3 indicate that fine-tuning LLMs on domain-
specific datasets significantly enhances their ability to generate context-aware RCA expla-
nations. Encoder–decoder architectures such as T5 provide a strong baseline for linguistic
and semantic quality, while retrieval-augmented models such as RAG contribute valuable
contextual grounding. The proposed framework offers a structured approach to model
evaluation and selection, with hybridization emerging as a particularly promising strategy.
These results not only advance understanding of LLM adaptation for RCA but also provide
practical insights into how organizations can select and configure models to better support
software engineering workflows.

7 CONCLUSIONS
This study was addressed three research questions on applying large language models to
software root cause analysis.

7.1 Summary of Findings
• For RQ1, the study showed that fine-tuning LLMs on domain-specific RCA datasets
significantly improves their ability to generate accurate and context-aware expla-
nations. T5 emerged as the strongest performer, achieving the highest lexical and
semantic scores, and producing outputs that were both linguistically coherent and
practically useful for engineers.

• For RQ2, comparative analysis revealed that T5 outperforms GPT-2 in quality and
relevance metrics, while RAG offers superior domain alignment through retrieval
grounding. The results confirm that while generative models provide high linguistic
fidelity, retrieval-augmented models enhance contextual precision — especially in
cases involving rare or highly specific faults.

• For RQ3, the research introduced a three-dimension RCA Model Selection Frame-
work, encompassing Output Quality, Domain Alignment, and Interpretability &
Usability. Applying this framework indicated that no single model was dominant
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across all criteria, leading to the identification of a hybrid RAG–T5 approach as the
most effective strategy within the evaluated context.

Overall, the findings demonstrate that integrating domain-specific fine-tuning with struc-
tured evaluation criteria can produce RCA systems that are both technically accurate and
aligned with real-world engineering workflows. Future work should extend validation of
the proposed framework across diverse datasets, integrate human-in-the-loop evaluations,
and explore dynamic model selection strategies.

7.2 Contributions
While this study provides valuable insights into the use of LLMs for software RCA, its
contributions should be interpreted in light of several limitations. The exclusive reliance
on textual data limited the models’ ability to exploit multimodal diagnostic information,
constraining the scope of RQ1. Inconsistent quality of the Answer field introduced noise
into training and evaluation, which influenced the accuracy of fine-tuned models and the
comparisons in RQ2. Finally, the relatively small dataset reduced the robustness of the
comparative analysis and restricted the validation of the proposed framework in RQ3.
These limitations point toward future work involving multimodal RCA datasets, more
consistent ground truth annotations, and large-scale fine-tuning, which together would
strengthen the generalization and applicability of LLM-based RCA frameworks.

7.3 Limitations
This study had several limitations that influenced the effectiveness of the proposed root
cause analysis (RCA) approach and the extent to which the research questions could be
addressed.
First, the dataset included fault descriptions with a mix of text, charts, and logs, but only
textual data was utilized due to feasibility constraints. Excluding non-textual diagnostic
elements limited the models’ ability to capture multimodal signals that are often crucial in
RCA. This particularly constrained RQ1, as fine-tuned models were restricted to learning
from text-based patterns only. Future work could extend this approach to multimodal
RCA, integrating charts, logs, and metrics to enhance explanatory depth.
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Second, the dataset contained Summary, Description, Importance Code, and Answer
fields, with the Answer field serving as ground truth for RCA. However, this field varied
considerably in quality across records. The inconsistency in labeling reduced the reliability
of model training and evaluation, leading to occasional discrepancies in generated RCA
explanations. This limitation affected both RQ1 and RQ2, since output quality and model
comparison results were influenced by noisy ground truth labels. Future research should
prioritize datasets with more consistent annotations or incorporate semi-supervised
techniques to mitigate labeling noise.
Third, the dataset size was relatively small for fine-tuning large language models. LLMs
typically require large-scale training corpora to generalize effectively [13], and the limited
sample volume constrained the models’ ability to capture diverse fault patterns. This
impacted RQ2, by restricting the robustness of comparative evaluations, and RQ3, as
the proposed evaluation framework could only be validated on a small-scale dataset.
Expanding training data in future studies would improve model generalization and allow
more thorough validation of the framework.
Fourth, the evaluation of generated RCA explanations was limited to automated metrics,
namely BLEU, ROUGE, and BERTScore. Human evaluation of explanation quality, useful-
ness, or integration into engineering workflows was not conducted in this phase due to
time and resource constraints. While human validation would provide additional insights
into practical applicability, automated metrics remain a meaningful proxy for assessing
both lexical similarity and semantic alignment with expert-provided ground truth. These
metrics are widely used in natural language generation research and allow for consistent,
reproducible comparisons between models. Future work should complement automated
evaluation with human-in-the-loop studies, enabling assessment of interpretability, diag-
nostic value, and real-world usability of model outputs.
Despite these limitations, the study successfully demonstrated the feasibility of applying
fine-tuned LLMs to software fault reports for RCA. The results show particular promise
in structured customer fault reports, which tend to be more detailed and consistently
updated. While larger datasets, multimodal extensions, and human evaluations would
strengthen the results, this research provides an initial exploration of how LLMs can
automate and enhance RCA, and lays the foundation for more comprehensive studies in
this direction.
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7.4 Future Work
The results of this study highlight both the potential and the current limitations of LLM-
based RCA. Building on the comparative findings, future work can proceed along several
complementary directions.

• Hybrid Prototype Development
A logical next step is to combine the complementary strengths of RAG and T5 into
a prototype RCA assistant. Such a proof-of-concept system could integrate RAG’s
retrieval capability with T5’s generation quality, delivered through an interactive
interface for support engineers. The tool could generate preliminary RCA sugges-
tions for customer fault reports, assist in drafting customer responses, and provide
benchmarks for manual diagnoses.

• Human-in-the-Loop Evaluation and User Validation
Future studies should incorporate expert feedback into the evaluation pipeline.
Human assessments of clarity, interpretability, and diagnostic value would comple-
ment automated metrics and provide a more realistic understanding of how RCA
models function in engineering workflows. In addition, unstructured interviews
and surveys with engineers and practitioners could be conducted to validate user
needs and refine the proposed RCA framework.

• Dataset Expansion and Generalization
Scaling RCA experiments to larger and more diverse datasets will improve model
robustness and allow more thorough validation of the proposed RCA Model Se-
lection Framework. This includes curating datasets with broader fault types and
higher annotation consistency.

• Multimodal RCA Extensions
Expanding RCA beyond textual data represents a promising frontier. Incorporating
logs, commit histories, charts, and performance metrics could enable richer, context-
aware explanations and strengthen models’ diagnostic accuracy in real-world
scenarios.

• Larger Models
Exploring larger models such as T5-Large and GPT-3/4 to potentially improve
performance and generalization.
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• Benchmarking Process
Including larger models to systematically evaluate their performance and scalability.

• Exploring Workflow Integration Approaches
Explore the possibility of integrating the model into engineering workflows, for
example by connecting with Jira (e.g., presenting outputs in a “Proposed RCA” field
with supporting evidence) or by developing a standalone web interface to aid the
RCA process.

• Mitigation of Training Instabilities
Investigating possible mitigations for training instabilities, including dataset ex-
pansion, hyperparameter adjustment, and learning rate fine-tuning.

In summary, future work will progress from system-level integration (hybrid prototypes)
to enhanced evaluation (human-in-the-loop studies) and broader generalization (larger,
multimodal datasets). The ultimate goal is to develop RCA assistants that are accurate,
interpretable, and context-sensitive, bridging current research gaps and supporting engi-
neers in real-world debugging environments.
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A The used Python Model Package
The model was initialized as follows:

1 # Importing T5 model components

2 from transformers import T5Tokenizer , T5ForConditionalGeneration

3

4 # Initialize tokenizer and model

5 tokenizer = T5Tokenizer.from_pretrained("t5-small")

6 model = T5ForConditionalGeneration.from_pretrained("t5-small").to(

device)

GPT2 model was initialized as below:

1 # Importing and initializing GPT -2 model

2 from transformers import GPT2LMHeadModel , GPT2Tokenizer

3 device = "cuda" # or "cpu" if no GPU available

4 # Load pre -trained model and tokenizer

5 model = GPT2LMHeadModel.from_pretrained("gpt2")

6 tokenizer = GPT2Tokenizer.from_pretrained("gpt2")

7 # Move model to GPU if available

8 model.to(device)

RAG model initialized below:

1 # Load DPR Question Encoder

2 q_tokenizer = DPRQuestionEncoderTokenizer.from_pretrained("facebook/dpr

-question_encoder -single -nq-base")

3 q_encoder = DPRQuestionEncoder.from_pretrained("facebook/dpr -

question_encoder -single -nq-base").to(device)

4 # Retrieval function

5 def retrieve_top_k(query , k=5):

6 inputs = q_tokenizer(query , return_tensors="pt", truncation=True ,

padding="max_length", max_length =512)

7 inputs = {k: v.to(device) for k, v in inputs.items()}

8 with torch.no_grad ():

9 q_embed = q_encoder (** inputs).pooler_output

10 scores = F.cosine_similarity(q_embed , corpus_tensor)
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11 top_k_idx = scores.topk(k=k).indices

12 return df.iloc[top_k_idx.cpu()]["context"]. tolist ()
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