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Abstract
Understanding software faults is fundamental to empirical research
on software development and maintenance. Traditional fault analy-
sis, although effective, typically relies on multiple human expert-
driven steps, including software fault information collection, fil-
tering, manual investigation, and classification. These processes
are labor-intensive and time-consuming, creating significant bottle-
necks for large-scale fault studies in complex and critical software
systems with abundant faults and limiting iterative empirical re-
search amid rapid software evolution.

In this paper, we decompose empirical software fault studies
into three key phases and conduct an exploratory study on ap-
plying large language models (LLMs) to support fault analysis in
open-source software. Our results show that LLMs can substantially
improve analysis efficiency, reducing processing time to approxi-
mately two hours compared to weeks of manual effort. While LLMs
demonstrate promising performance in identifying bug-related is-
sues, they remain limited in accurately classifying fault categories.
These findings highlight both the potential and current challenges
of using LLMs to automate empirical software fault studies.

CCS Concepts
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Figure 1: Workflow of empirical studies on software faults.
1 Introduction
Empirical software fault studies are critical for research and practice
but remain highly labor-intensive, relying onmanual data collection
and annotation by experts. As modern software systems generate
large volumes of issues under frequent updates, this manual process
creates a major scalability bottleneck, limiting the timeliness and
impact of fault analysis [4].

Recent advances in large language models (LLMs) offer new
opportunities to address this challenge. Prior studies show that
LLMs can effectively understand natural language and source code,
enabling the automation of research tasks traditionally performed
by human experts [2, 7, 11]. These capabilities have given rise to
auto-research, where LLM-powered frameworks automate domain-
specific research workflows [8]. Empirical software fault studies are
particularly suitable for such automation, as they follow structured
workflows and emphasize consistent judgment rather than novel
algorithm design, aligning well with the strengths of LLMs [12].

Motivated by this observation, we propose an exploratory pipeline
that integrates LLMs into core stages of empirical software fault
studies. The pipeline decomposes the process into three phases:
research definition, data preparation, and fault analysis. We eval-
uate LLM outputs against expert-established ground truth from
prior studies [3, 6, 9, 10]. Using a representative empirical study, we
show that the LLM-driven pipeline completes in approximately two
hours, achieving a 20× speed-up over manual analysis. While LLMs
demonstrate strong potential in identifying fault-related issues,
their accuracy in fine-grained fault classification remains limited,
highlighting both their promise and current limitations. To support
reproducibility, we release our code on the project website [1].

2 Automated Software Fault Analysis
As shown in Figure 1, we decompose empirical software fault anal-
ysis into three stages and contrast human-driven practices with
LLM-enabled alternatives, illustrating how it can be automated.

Stage I: Research Definition. Usually, human experts define
the research scope, select representative software systems, and
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Figure 2: Overall performance of different LLMs across the three stages.

formulate research questions based on domain knowledge, which
requires familiarity with the target ecosystem and common fault
types. In our design, this expert-driven process is augmented by
LLMs: given high-level research goals, LLMs help identify relevant
repositories and suggest candidate research questions, supporting
conceptual and exploratory tasks.

Stage II: Fault-Related Issue Selection. Conventionally, re-
searchers manually screen large collections of issues or commits to
identify fault-related cases by applying predefined inclusion and ex-
clusion criteria. This process is highly labor-intensive and depends
on expert judgment to distinguish true fault reports from non-fault
issues. In our pipeline, candidate issues are first collected automat-
ically, while the screening task is delegated to LLMs. Guided by
expert-defined criteria, LLMs analyze issue metadata to identify
fault-related cases, replacing manual inspection while remaining
consistent with established empirical methodologies.

Stage III: Fault Taxonomy Classification. Traditionally, fault
taxonomy classification requires experts to interpret issue descrip-
tions and assign fault symptoms and root causes based on prede-
fined taxonomies, demanding substantial domain expertise. In this
study, we adopt fixed taxonomic frameworks from prior literature
to preserve expert knowledge. LLMs are then used to map fault-
related issues to corresponding taxonomy categories, automating
expert annotation while maintaining alignment with established
classifications. We leave the construction and refinement of tax-
onomies through multi-agent LLM reasoning as future work.
3 Preliminary Experiment
Experiment Setup.We evaluate the proposed pipeline using an
established empirical fault study [5, 9]. Following the original study,
we construct a balanced subset of 500 issues by sampling 250 fault-
related and 250 non-fault cases from 3,859 candidates. For Stage III,
we use the full set of 684 issues with expert-labeled fault symptoms
and root causes as ground truth. We evaluate five state-of-the-art
LLMs (Gemini-2.5-Flash, Claude-3.7-Sonnet, OpenAI o3, DeepSeek-
Chat, GPT-4o-mini) and report accuracy as the primary metric to
compare LLM outputs against expert annotations.

Performance Across Stages. As shown in Figure 2, LLMs ex-
hibit distinct performance characteristics across the three stages. In
Stage I, they can identify well-known representative projects and
formulate reasonable research questions, but tend to focus on promi-
nent repositories and overlook smaller or third-party projects. In
Stage II, all evaluated LLMs achieve promising results in identifying
fault-related issues, substantially improving efficiency over manual
screening despite some false positives. In contrast, Stage III remains

challenging. Even with predefined taxonomies, LLMs struggle with
fine-grained fault classification, achieving at most around 50% ac-
curacy for root cause identification. Our results suggest that while
LLMs are effective at automating early-stage screening, precise
fault categorization still requires deeper semantic understanding.

4 Future Plans
Our preliminary results highlight both the potential and current
limitations of LLM-driven automation for empirical fault analysis.
We plan to extend this work in two directions.

Comprehensive Benchmark Construction. We plan to build
a comprehensive benchmark for automated empirical fault stud-
ies by aggregating and replicating datasets from recent top-tier
software engineering research. This benchmark will provide stan-
dardized, expert-annotated data to support reproducible evaluation.

Multi-Agent Systems for Automated Empirical Studies.We
aim to develop a multi-agent LLM system in which specialized
agents collaboratively perform fault screening, taxonomy-based
classification, and iterative analysis refinement, enabling more scal-
able and end-to-end automated empirical studies.
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