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 A B S T R A C T

Context: Large language models have been increasingly applied to semantic representation of bug reports due 
to their deep understanding of natural language. Fine-tuning large language models using bug report text is a 
common practice to enable models to learn domain-specific knowledge. However, the varying quality of the 
bug reports can introduce noise, leading to poor performance in downstream tasks.
Objective: To improve the quality of semantic representation for bug reports, we propose Keys4BR, a key 
sentences-based model fine-tuning for better semantic representation of bug reports.
Method: Specifically, we use keywords that help accurately localize bugs as anchors, designing and applying 
a key sentences selection strategy to choose portions of the text containing these keywords as the key 
information. Then we select the lightweight fine-tuning approach to fine-tune the large language model.
Results: Experiments on bug reports from five open-source projects demonstrate that Keys4BR significantly 
improves the performance of four downstream tasks. The results indicate that Keys4BR achieves superior 
semantic representation of bug reports compared to the VSM model, the model pre-trained on the general 
corpus, and the model fine-tuned on original bug reports, with an average F1 score improvement of 9%, 9%, 
and 6%, respectively. Additionally, we further validate the effectiveness of the key sentences selection and 
fine-tuning strategies.
Conclusion: Keys4BR can effectively extract key semantic information from bug reports, thereby enhancing the 
representation capability and generalization performance of large language models in bug report management 
tasks.
. Introduction

Bug reports are crucial information carriers that enable develop-
rs to comprehend, locate, and fix software bugs [1]. Influenced by 
actors such as the increasing complexity of software systems and the 
volving nature of bug feedback mechanisms (e.g., transitioning from 
nternal team submissions to publicly accepting bug reports from any 
ser), software projects are facing new challenges. Currently, software 
rojects, especially mainstream open-source projects, typically need 
o process a large number of bug reports under limited human and 
aterial resources. For instance, the Mozilla project received up to 
0,000 software bug reports within just two months [1]. Under manual 
rocessing, projects like ArgoUML and PostgreSQL have a median bug 
eport closure time of nearly 200 days [2]. To reduce the burden on 
evelopers in managing bug reports and improve processing efficiency, 
esearchers have proposed various automated bug report management 
echniques, such as severity prediction, priority prediction, and bug 
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localization [3]. Among these, the accurate understanding and repre-
sentation of the problem semantics in bug reports are pivotal to the 
success of such technologies.

Traditional methods for semantic representation or extraction of 
bug reports typically include the Vector Space Model (VSM) and topic 
models [4–6], which are insufficient in capturing the contextual seman-
tics of bug reports. Given the deep semantic understanding capabilities 
demonstrated by large language models (LLMs) in natural language 
text [7], some researchers have begun to incorporate large models 
such as BERT [8] into the process of semantic representation of bug 
reports. By enhancing the semantic representation of bug reports, the 
performance of downstream bug report management techniques can 
be improved [9,10]. However, since large models are usually trained 
on massive general corpora like Wikipedia, they may not adequately 
capture knowledge specific to the software engineering domain [3]. 
Therefore, before directly using large models to represent the semantics 
of bug report text, a common strategy to enhance the performance 
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of these models is to fine-tune them with domain-specific data from 
bug reports. The quality of the domain data used for fine-tuning sig-
nificantly impacts the final effectiveness of the fine-tuned model [11]. 
Existing research has found that the quality of bug reports is often 
variable, and using their full text content for model fine-tuning does 
not always improve the performance of downstream tasks [3,12]. How 
to denoise bug report data and utilize the enhanced quality bug report 
data to fine-tune large models, thereby improving downstream tasks, is 
an important issue worthy of research.

In response, this paper proposes Keys4BR, a key sentences-based 
model fine-tuning for better semantic representation of bug reports. The 
core idea of Keys4BR is to denoise the original bug reports by extracting 
key information that truly reflects the semantics of software issues, 
and then use this key information to fine-tune large models, thereby 
improving the performance of bug report management techniques. The 
main challenges to be addressed in this research are how to extract 
this key information and how to fine-tune the large models. Regarding 
the extraction of key information, this paper uses keywords that help 
accurately localize bugs as anchors, designing and applying a key sen-
tences selection strategy to choose portions of the text containing these 
keywords as the key information. The acquisition of these keywords is 
primarily achieved through the combined use of the genetic algorithm 
and keyword optimization heuristic rules. Once the key information is 
obtained, it is input into the large model for fine-tuning. To reduce 
the cost of fine-tuning, a lightweight fine-tuning strategy is employed 
(i.e., only a small number of parameters are fine-tuned). The fine-
tuned large model is then used to semantically represent the content 
of the original bug reports for downstream tasks. And the bug report 
management model is established based on this semantic representation 
to handle bug reports.

Under the constraint of limited resources, to handle bug reports 
as efficiently as possible, researchers have developed a range of bug 
report management (BRM) techniques [13]. These techniques cover 
multiple aspects, including bug localization, bug severity prediction, 
bug priority prediction, as well as bug fix time prediction. This section 
focuses on the bug severity prediction, bug priority prediction, bug 
reopened prediction, and bug field reassignment prediction that we 
have involved in our research, which have also been highly recognized 
by software practitioners [13,14]. These techniques provide us with 
a purer perspective to evaluate the effectiveness of the Keys4BR in 
representing the semantics of bug reports. The core advantage lies 
in the fact that these techniques are mainly based on the analysis 
of the summaries and descriptions of bug reports, thereby avoiding 
the potential interference from interactions between bug reports and 
other software artifacts, as well as the impact of imprecise processing 
steps such as bug-code linking that are common in other bug report 
management techniques. During the evaluation phase, we extract the 
semantic representation vectors of bug reports using the fine-tuned 
large model and input these vectors into the classifier. Subsequently, 
we use the trained classifier to classify the test data of bug reports and 
evaluate its performance.

The experimental dataset consists of bug report data from five open-
source projects, totaling 21,691 software bug reports, of which 4,338 
reports are designated as the test set for Keys4BR, with the remaining 
bug reports used for fine-tuning the large model and constructing 
the classification model. The experimental results demonstrate that 
the key information extraction strategy proposed in this study is in-
deed effective. The large model fine-tuned based on bug key infor-
mation significantly improves downstream bug report management 
tasks compared to two semantic representation baseline techniques 
(i.e., fine-tuning the large model using original bug reports and using 
the traditional Vector Space Model for semantic representation). In the 
four downstream tasks, the F1 scores show substantial increases over 
the baseline, with an average absolute improvement of 0.09 and 0.08. 
To better understand the technical performance of Keys4BR, this paper 
also compared the effectiveness of different key sentences selection 
strategies and model fine-tuning strategies.

In summary, this study makes the following contributions:
2 
(1) This study proposes a bug report semantic representation
method, Keys4BR, based on fine-tuning with key bug infor-
mation. The method suggests fine-tuning a large model using 
denoised key semantic information from bug reports, thereby 
enhancing the semantic representation of bug reports and further 
improving downstream bug report management tasks.

(2) This study designs a key information extraction scheme that 
combines keyword extraction and key sentences selection. This 
scheme effectively aids in extracting key text information that 
truly embodies the semantics of software issues, providing a 
valuable technical reference for denoising the content of bug 
reports.

(3) This study evaluates the effectiveness of Keys4BR through four 
downstream bug report management tasks across five open-
source projects. The experimental results confirm that Keys4BR 
technology brings performance improvements to downstream 
tasks compared to three baseline techniques, and also validate 
the importance of the key sentences selection strategy and the 
fine-tuning strategy.

2. Background & related work

In this section, we first introduce the information fields contained 
in a bug report. Next, we summarize the main semantic representation 
methods employed in BRM tasks. Finally, we provide a brief overview 
of the classification models used in four typical downstream BRM 
classification tasks for evaluating Keys4BR. Details are as follows.

Bug reports play a crucial role in bug analysis by providing detailed 
information about bugs encountered during software development and 
use. A bug report typically includes fields such as bug ID, status, 
importance, summary description, and detailed description.2 The bug 
ID is a unique number used to identify a bug in the software system. The 
summary description is usually a brief sentence that describes the bug, 
while the detailed description provides comprehensive information 
about it. This detailed information often includes observed behavior, 
expected behavior, steps to reproduce the bug, etc. The status field 
indicates the current status of the bug report,3 such as ‘Closed’, ‘Fixed’, 
‘Resolved’, ‘Reopened’, etc. In some cases, closed bug reports may 
get reopened, and some may get reassigned to different products or 
components during their lifecycles (from reporting to closure). And 
the importance field is divided into two parts: priority and severity. 
Generally speaking, the higher the severity of a bug, the higher its 
corresponding priority.

To reduce the time developers spend handling bugs, researchers 
have proposed various automated methods to support bug-report man-
agement tasks, such as bug severity/priority prediction and reopened-
bug prediction [13]. Most of these techniques involve the semantic 
representation of bug reports (BRs). Among them, information retrieval 
models are most widely adopted, with the Vector Space Model (VSM) 
being the predominant approach, while topic models such as LDA 
are sometimes also used to capture the semantic information of bug 
reports [15–17]. The Vector Space Model assigns weights to each 
word in a document through, e.g., Term Frequency-Inverse Document 
Frequency (TF-IDF) weighting strategy [18], thereby representing the 
document as a vector [15]. Topic Models like LDA generally take a 
document as a mixture of topics, and would represent a document as a 
probabilistic distribution over latent topics [19].

Both VSM and LDA take documents as a bag of words without taking 
their contextual semantics into account. To mitigate this limitation, 
some deep learning models, more specifically, pre-trained models like 
Word2Vec [20], BERT [8] and its variants (trained on general website 

2 https://bugs.eclipse.org/bugs/show_bug.cgi?id=155972
3 https://wiki.documentfoundation.org/QA/Bugzilla/Fields/Status/

RESOLVED
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contents like Wikipedia and Google News), are gradually adopted by 
researchers to facilitate bug report management tasks [3]. All these pre-
trained models would transform a bug report into an N-dimensional 
semantic vector and are expected to better capture deep semantic 
information within bug reports. To improve the performance of pre-
trained models, domain-specific data can be used to fine-tune the 
model. Currently, the state-of-the-art pre-trained model, namely Rep-
resentThemAll [21], is trained on a large-scale dataset of bug reports 
using deep learning networks.

The above-mentioned pretrained models are universal representa-
tion approaches that aim to learn general semantic representations 
that are independent of downstream tasks, thereby providing a uni-
fied semantic feature input applicable across multiple BRM tasks. Our 
Keys4BR also falls into this category, aiming to fine-tune the general 
pre-trained model RoBERTa using denoised key information from bug 
reports. Actually, besides these universal representation approaches, 
there are also task-specific approaches designed to address a single 
BRM task, which typically optimize task-specific labels by employing 
sophisticated models like graph convolutional networks to capture task-
relevant features. The PPWGCN [22] for priority prediction is such 
an example. These models are generally tightly coupled to associated 
BRM tasks. In this study, we focus primarily on universal models and, 
accordingly, compare Keys4BR mainly against existing approaches of 
this type.

To evaluate our Keys4BR, we selected four typical BRM classifica-
tion tasks that mainly involve content analysis of bug reports, namely 
Bug Severity Prediction, Bug Priority Prediction, Bug Reopen Predic-
tion, and Bug Reassignment Prediction. These tasks generally use the 
aforementioned semantic representation methods to extract semantic 
features from bug reports, then apply machine learning algorithms 
to build corresponding BRM models. As for the machine learning 
algorithms used, bug-priority prediction has evolved from traditional 
methods (e.g., NB, decision trees) to neural networks and, more re-
cently, to popular deep learning techniques (e.g., CNN, DNN) [17,23]. 
For severity prediction, most existing studies still rely on traditional 
machine learning approaches, though some have begun to explore deep 
learning–based prediction methods [17,24,25]. For the bug reopen 
prediction task, existing studies have primarily employed traditional 
machine learning algorithms such as decision trees (C4.5), Naïve Bayes, 
and ensemble methods like bagging [26,27]. For the bug reassignment 
prediction task, leveraging multi-label learning algorithms has been 
a common approach, with techniques such as ML-KNN and its vari-
ant Im-ML.KNN being utilized to effectively handle the inherent class 
imbalance [28].

3. Methodology

This study proposes Keys4BR, a semantic representation method for 
bug reports based on fine-tuning with key information. As illustrated 
in Fig.  1, Keys4BR comprises three modules: (1) key information ex-
traction, model fine-tuning, and model evaluation. For key information 
extraction module, Keys4BR first takes bug reports and source code files 
as input, and extracts keywords by combining the genetic algorithm 
and the keyword optimization rules. Subsequently, three types of key 
sentences selection strategies are introduced to select key sentences 
from the bug report text as the key information. In the model fine-
tuning module, the extracted key information is used as domain-specific 
data to fine-tune a LLM. An efficient lightweight fine-tuning strategy is 
adopted, which adjusts only a small number of parameters in the LLM 
to achieve a model with superior performance. The model evaluation 
module applies the fine-tuned LLM to the semantic representation of 
four downstream bug report management tasks and constructs classifi-
cation models based on this representation. The performance of these 
models on these tasks is used to evaluate the effectiveness of Keys4BR. 
Each module of Keys4BR is detailed below.
3 
3.1. Key information extraction

Key information extraction consists of two main components: the 
extraction of bug localization keywords and the selection of key sen-
tences. The goal is to effectively extract key information from bug 
reports that truly reflects the actual problems.

3.1.1. Bug localization keyword extraction
This study combines a genetic algorithm with keyword optimization 

rules to extract localization keywords from bug reports that can help 
accurately locate the corresponding bugs. If a set of keywords performs 
well in the bug localization task, it indicates their strong correlation 
with bug-related code segments, implying successful capture of the core 
semantic information. Using these localization keywords as anchors, 
appropriate bug texts containing localization keywords (detailed in 
Section 3.1.2) are selected to fine-tune large language models (LLMs), 
thereby enhancing the performance of downstream bug report man-
agement tasks. This module references previous research [29] and 
mainly includes the following two steps: First, a genetic algorithm is 
used to obtain an initial set of localization keywords; then, keyword 
optimization rules are employed to refine this set, resulting in the final 
set of keywords.

Initial Keywords Extraction. During the initial keyword extraction 
phase, a genetic algorithm is employed to obtain the initial set of 
localization keywords. In the evolutionary process, the genetic algo-
rithm generates a set of keywords. These keywords replace the original 
bug report and are input into the Lucene4 search engine to retrieve 
a list of related code files. If the truly buggy code file corresponding 
to the bug report ranks higher in the list, then these keywords are 
considered more effective in bug localization. Through this approach, 
the genetic algorithm attempts to generate a query that places the 
truly buggy file at the top of the recommendation list. The algorithm 
iteratively evolves the initial population through selection, crossover, 
and mutation operations until it reaches the optimal fitness score (E 
value of 1) or 30,000 generations. Following the execution of the 
genetic algorithm, each bug report will obtain a set of initial keywords 
for querying, which can achieve nearly optimal results in the retrieval 
process.

Keyword Optimization. Despite the good performance of the ini-
tial keywords in retrieving buggy code files (that is, the median effec-
tiveness metric value for each project in the bug localization task is 1), 
there may still be some noise. To ensure that the extracted keyword set 
is as noise-free as possible while maintaining retrieval performance, we 
apply keyword optimization rules to remove noise from the keywords. 
Specifically, if adding a word to the query reduces retrieval effective-
ness, that word is likely to be a noise word. In this study, the summary 
and description of the bug report are considered complete text T. 
We use text window selection to construct subtexts from consecutive 
sentences and compare the retrieval effectiveness of subtexts to identify 
noise words. To ensure that the retrieval performance of the final 
keywords is not lower than that of the initial keywords, the following 
steps are taken. First, we compare the E metric values of the best sub-
keywords and the initial keywords, and regard the keyword set with 
better performance as the initial best keywords. Next, we remove all 
previously identified noise words and evaluate the performance of the 
keywords after removal. If there is improvement, these keywords will 
be returned as the best keywords. If not, this indicates that some of the 
removed noise words may contain pseudo-noise words. In this case, 
the previously removed noise words are added back to the keyword 
set one by one to assess the changes in retrieval performance. This 
process helps to identify any pseudo-noise words that may have been 
mistakenly removed. The keywords with the best performance during 
this process will be returned as the best keywords and used as the final 
keywords to locate.

4 https://lucene.apache.org/

https://lucene.apache.org/
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Fig. 1. The overall framework of Keys4BR.
3.1.2. Key sentences selection strategies
After obtaining the optimized keywords, a key sentence selection 

strategy is required to extract the key information, which is presented 
in the form of sentences containing these keywords. This section pro-
poses two key information selection strategies: the basic key sentences 
selection strategy and the stack information processing strategy. Among 
them, the basic key sentence selection strategy is an indispensable core 
strategy for extracting key information from bug reports. It includes 
two specific sub-strategies: The Top Strategy and the At Least Strategy. 
In contrast, the stack information processing strategy plays a supple-
mentary and expansive role, encompassing three sub-strategies that can 
enhance the extraction of basic key sentences from bug reports to a 
certain extent, thereby making the finally extracted key information 
more accurate and effective.

Basic Key Sentences Selection Strategy. The basic key sentences 
selection strategy encompasses two distinct sub-strategies: At Least 
Strategy and The Top Strategy. The following sections elaborate on the 
fundamental principles of these two strategies and how each of them 
extracts basic key sentences containing critical information from bug 
report texts.

(1) At Least Strategy: The core objective of the At least Strategy 
is to select sentences from the bug report that contain at least a 
specified number n of standard keywords as basic key sentences. 
Specifically, the first step relies on the semantic keywords in the 
bug report to count the number of keywords contained in each 
sentence. Subsequently, based on the predefined hyperparameter
n, sentences that meet this criterion are filtered out of all sen-
tences. These selected sentences are then regarded as the basic 
key sentences of the bug report. This strategy emphasizes the 
coverage of keywords in the sentences to ensure that the selected 
sentences comprehensively reflect the core problem description 
of the bug report. This provides a higher-quality textual basis 
for subsequent bug localization or semantic representation tasks. 
This strategy sets a threshold n, and when the number of key-
words in the sentence reaches this threshold, the sentence will 
be considered as key information.

(2) The Top Strategy: This strategy aims to select the k sentences 
with the highest number of keywords in the bug report as the 
basic key sentences. Unlike the At Least Strategy, which sets 
a lower bound on the number of keywords contained in the 
sentences, the Top Strategy directly restricts the number of basic 
4 
key sentences to be selected. Specifically, the Top Strategy also 
relies on the semantic keywords in the bug report to perform a 
statistical analysis of the number of keywords in each sentence. 
Subsequently, the sentences are sorted in descending order based 
on the number of keywords they contain, and the k sentences 
with the most keywords are selected according to the predefined 
hyperparameter k. These sentences are regarded as the basic 
key sentences under the Top Strategy. Compared to the At Least 
Strategy, the Top Strategy places greater emphasis on selecting 
representative sentences, thereby retaining the key information 
of the bug report within a limited number of sentences.

Stack Trace Processing Strategy: To better handle the common 
stack information issues in bug reports, three strategies are further 
proposed that specifically target stack information. These strategies 
aim to address the challenges of excessive text length and significant 
format differences of stack information compared to natural language 
text. They also reduce the complexity for models processing bug report 
texts and avoid exceeding the maximum text length limit of LLMs. The 
specific strategies are as follows:

(1) Direct Removal Strategy: The core idea of this strategy is to 
remove all stack information from the bug report directly, treat-
ing it as redundant content. Stack information typically contains 
numerous method details, such as method call chains and file 
paths. Although these details may be valuable for manual debug-
ging, they tend to increase the complexity and interference of 
models during semantic understanding and text representation 
tasks. By eliminating stack information, the text complexity of 
the bug report can be significantly reduced, allowing the model 
to focus more effectively on processing the natural language text 
portion.

(2) Exception Name Replacement Strategy: The first line of stack 
information typically contains the exception or error name en-
countered during code execution, which is crucial for bug local-
ization and analysis. This strategy extracts the exception or error 
name from the stack information and replaces the entire stack 
information with it. In this way, the most critical information is 
retained while substantially reducing the complexity of the text. 
On the one hand, it significantly reduces redundant content and 
prevents the stack information from occupying the processing 
capacity of large language models; on the other hand, by focus-
ing on the exception or error name, it provides the model with 
more direct and clear clues for understanding the problem.
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(3) Template Rewriting Strategy: To express stack information in 
natural language, this strategy designs a predefined template to 
rewrite stack information into a description that more closely 
reflects the natural language style. The template format is: "The 
[method name] method of [class name] encountered [exception 
or error name] in [file name]’’. Specifically, the first step is 
to extract key information such as class name, method name, 
file name, and exception name from the stack information. The 
extracted information is then filled in the corresponding posi-
tions in the template according to the type of information. If 
some fields (such as method name) cannot be successfully ex-
tracted, a simplified template can be used, namely "Encountered 
[exception or error name]’’. Through template rewriting, the 
originally obscure and lengthy stack information is transformed 
into a direct expression of the core problem. This not only 
makes the bug report more intuitive and understandable, but 
also provides higher-quality input for subsequent model analysis 
and task execution.

3.2. Model fine-tuning

During the model fine-tuning process, we employ lightweight fine-
tuning techniques to update the parameters of the LLM (i.e., the 
RoBERTA5 with 125 million parameters in this study), that is, only 
updating the weights of some rather than all parameters. Although 
full-parameter fine-tuning is computationally feasible, we intentionally 
choose the lightweight parameter-efficient fine-tuning (PEFT) strategy 
by considering the following aspects. First, bug reports from open-
source projects often vary in quality and frequently contain noise [29,
30]. While we try to replace original bug reports with key information, 
residual noise may persist in low-quality reports. Lightweight fine-
tuning methods (e.g., LoRA, AdaLoRA) have been demonstrated to 
enhance robustness against such noise, reducing overfitting and often 
achieving performance comparable to, or even surpassing, that of full 
fine-tuning [31–33]. In addition, these methods substantially reduce 
memory and runtime costs while producing reusable adapters, making 
them more suitable for practical deployment scenarios that require 
frequent updates or migration.

Keys4BR primarily employs the AdaLoRA method for efficient fine-
tuning [32]. To validate the effectiveness of AdaLoRA, we also compare 
it with two other common lightweight fine-tuning approaches dur-
ing the experimental process: the bottom-frozen fine-tuning and the 
LoRA [31]. The bottom-frozen fine-tuning involves freezing the pa-
rameters of the model’s bottom layers, and allowing only the top 
three layers’ parameters to be adjusted, thereby reducing computa-
tional load while maintaining the model’s basic semantic representation 
capabilities. The LoRA can achieve efficient parameter updates by 
fixing most parameters and introducing low-rank matrices to adjust a 
small number of model weights, thereby reducing training time and 
memory consumption while ensuring improved model performance. 
AdaLoRA is a variant of LoRA, which can adaptively adjust the rank 
of the LoRA matrix, flexibly allocating resources for parameter updates 
according to the specific needs of the task, balancing model accuracy 
and computational efficiency.

After obtaining the key information from the bug report through 
the key information extraction module, it is used to fine-tune the LLM 
using AdaLoRA. The large language model selected for fine-tuning in 
this paper is RoBERTa [34], a model pre-trained on large-scale general 
corpora like Wikipedia and book corpora. We selected RoBERTa as our 
backbone model mainly because: (1) As an encoder-only architecture, 
RoBERTa is well-suited for natural language understanding tasks [35], 
enabling it to effectively capture the semantics of textual key sen-
tences in bug reports; (2) Adopting RoBERTa could help us avoid the 

5 https://huggingface.co/FacebookAI/roberta-base
5 
additional decoder overhead present in encoder–decoder models like 
T5-base [36], leading to reduced memory and training costs [37]; (3) 
Compared to other encoder-only models such as DeBERTa [38,39], 
RoBERTa offers a more favorable balance between performance and 
training stability, particularly in resource-constrained scenarios [40]; 
and (4) RoBERTa is widely supported by modern parameter-efficient 
fine-tuning tools including AdaLoRA, which facilitates stable and effi-
cient adaptation. The task used for fine-tuning the model is the Masked 
Language Modeling (MLM) task. MLM is a self-supervised learning task 
that involves randomly masking some words in the input text and 
requiring the model to predict the masked words based on the con-
text, thereby improving the model’s ability to understand context-rich 
sentences. After fine-tuning, the model is able to capture fine-grained 
key information, thereby better representing the semantic information 
of the bug report.

When the text of a bug report is input into the fine-tuned model, 
the model generates a 768-dimensional embedding vector, which con-
denses the deep semantic information of the entire bug report. This 
vector representation takes into account the lexical, syntactic, and 
semantic information of the bug report, providing a more comprehen-
sive understanding of the text. This vector can serve as a semantic 
foundation for downstream bug report management tasks (e.g., sever-
ity and priority prediction), thereby helping to enhance the model’s 
performance on these downstream tasks.

3.3. Model evaluation

To evaluate the effectiveness of the fine-tuned model, we apply 
it to four downstream tasks in the field of bug report management. 
Firstly, the fine-tuned model is used to generate semantic vectors for 
bug reports. These vectors serve as features of the bug reports and 
are input into the classifier. The performance of the classification will 
reflect the effectiveness of the fine-tuned model. The four downstream 
tasks selected to evaluate our Keys4BR are bug severity prediction, bug 
priority prediction, bug reopen prediction, and bug reassignment pre-
diction. These tasks are typical bug report management tasks, involving 
mainly the analysis of a bug report’s content. They are generally taken 
as classification tasks by the academic community. After obtaining 
the semantic features of a bug report, we further need to determine 
its labels in individual tasks, so that we can build classifiers based 
on labeled datasets. During the labeling process, we mainly refer to 
the available raw metadata recorded in the corresponding information 
items (e.g., ‘‘P1’’ for Priority item, ‘‘Block’’ for Severity item) of each 
bug report in the issue tracking system (e.g., Bugzilla6). Based on the 
collected metadata, we follow the mainstream practice in prior studies 
to label each bug report correspondingly. Labeling details for the four 
tasks are as follows.

(1) Bug Severity Prediction Task aims to predict the severity level 
of a bug report, indicating the seriousness of the corresponding 
bug issue. According to the settings of bug tracking systems 
(e.g., Eclipse and Apache), the severity field of a bug report can 
include seven values: Blocked, Critical, Major, Normal, Minor, 
Trivial, and Enhancement. Following previous research [5,41,
42], we categorize bug reports into two classes based on the 
value of severity field: severe and non-severe. Specifically, bug 
reports with severity values of Blocked, Critical, and Major are 
classified as severe, while those with severity values of Minor, 
Trivial, and Enhancement are classified as non-severe.

(2) Bug Priority Prediction Task aims to automate the predic-
tion of bug report priority, addressing the time-consuming and 
error-prone issues inherent in manual assignment processes. The 
priority field of a bug report contains five levels, namely P1, P2, 

6 https://www.bugzilla.org

https://huggingface.co/FacebookAI/roberta-base
https://www.bugzilla.org
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P3, P4, and P5. Specifically, P1 represents the highest priority, 
while P5 represents the lowest priority. Referencing previous re-
search [43,44], we divide these five levels into three categories:
high (including P1 and P2 levels), medium (including P3 level), 
and low (including P4 and P5 levels) priority.

(3) Bug Reopen Prediction Task refers to those bugs that have 
been marked as closed by developers but are later reopened. For 
each resolved bug report, by checking the content of its history 
item, if its historical status has ever been changed to reopened, 
it is classified as reopen; otherwise, it is classified as non-reopen.

(4) Bug Reassignment Prediction Task aims to predict in advance 
which fields in a bug report might be reassigned. For each 
resolved bug report, we first check whether the values of its 
status, component, product, priority, severity, operating system, 
and version fields have changed after initial assignment [3]. If 
any of the above fields have changed, the bug report is classified 
as reassign; otherwise, it is classified as non-reassign.

4. Experimental setup

This section firstly describes how to construct the dataset for the 
experiments, then introduces the metrics used to evaluate the perfor-
mance of Keys4BR, and finally proposes four research questions that 
this study aims to address.

4.1. Experimental dataset

In the experiments of this study, it is necessary to construct a dataset 
of key information for model fine-tuning. Subsequently, datasets cor-
responding to four downstream bug report management tasks need to 
be built to evaluate the effectiveness of the methods proposed in this 
paper. We mainly leverage the dataset kindly shared by Ye et al. [45] 
and widely used by the academic community [46–49]. This dataset 
comprises over 20,000 bug reports from five representative open-source 
projects (such as AspectJ and JDT) of the Eclipse Foundation, each asso-
ciated with its corresponding buggy code files. Within the dataset, 80% 
of the bug reports are randomly selected for the fine-tuning of the LLM 
and the construction of the training set for downstream software tasks. 
The remaining 20% of the bug reports are used to test the effectiveness 
of the techniques proposed in this paper. In this study, we chose to 
pool all bug reports before the data split mainly by considering two 
aspects. First, it allows us to evaluate the cross-project generalization 
capability [6,12] of Keys4BR, which is crucial for projects with limited 
or no historical bug reports for fine-tuning. Second, pooling to some 
degree helps mitigate data sparsity and imbalance problems, as shown 
in Table  1, e.g., AspectJ with only 593 reports, where project-wise 
splits would provide insufficient samples for stable training in the high-
dimensional 768-d RoBERTa feature space [6]; a larger, more balanced 
dataset enables fairer and more stable training and comparison.

All bug reports require preprocessing before they can be used for 
model fine-tuning, classifier training and testing. The preprocessing 
steps are as follows: First, we will extract the summary and the de-
scription from each resolved bug report. Then, the tokenization will 
be performed on the text, where the camel-case and dot-separated 
words will be split into individual words. Non-alphabetic characters are 
removed from the text, and all words are converted to their lowercase 
form. In addition, a standard English stop words list [42] is used to 
eliminate words that frequently appear but contribute little to under-
standing the text. Finally, the Porter tool will be used to convert words 
to their stem form. After preprocessing, the bug reports can serve as 
the foundation for the construction of the key information dataset and 
the downstream task datasets. The specifics are as follows.

The bug report dataset provided in literature [45] we used includes 
not only bug reports but also the truly buggy code files related to 
fixing these bugs. This provides a data foundation for the application 
of the genetic algorithm and keyword optimization rules to extract and 
6 
Table 1
The number of bug reports for five open 
source projects.
 Project name Number of bug reports 
 AspectJ 593  
 Birt 4,178  
 Eclipse.Platform.UI 6,495  
 JDT 6,274  
 SWT 4,151  

optimize keywords in this paper. By analyzing the buggy code files 
for bug fixing, it is found that some bugs were fixed solely by adding 
new code files, without modifying existing code files. In such cases, we 
removed these bug reports (i.e., a total of 310) from the dataset, as they 
could not be used to locate the buggy code files to be fixed through 
bug localization tools. Ultimately, 21,691 bug reports were obtained, 
and their data distribution is shown in Table  1.

For the randomly selected 80% of the bug reports, key information 
needs to be extracted for fine-tuning the LLM. The detailed steps 
are as follows: First, the source code files need to be preprocessed, 
following the same preprocessing steps as for the bug reports. And the 
preprocessed bug reports and source code files will be input into the 
genetic algorithm and keyword optimization rules to obtain the bug 
report localization keywords. After applying the key sentences selection 
strategies (detailed in Section 3.1.2) with the extracted localization 
keywords, the key information corresponding to each bug report can 
be obtained, and the key information constitutes the domain dataset 
for fine-tuning the LLM. During the extraction of localization keywords, 
referring to the settings of existing research [50], the parameters of the 
genetic algorithm in this paper are set as follows: Population size: 500, 
Crossover probability: 0.9, Mutation probability: 1/n (where n is the 
number of terms in the bug report), Maximum number of evolutionary 
generations: 30,000.

4.1.1. Construction of datasets for downstream tasks
For all bug reports from the five open-source projects, labels need to 

be assigned to the bug reports according to different downstream tasks 
(the labeling method is detailed in Section 3.3). The label categories 
and instance numbers corresponding to each downstream task are 
shown in Table  2. As can be seen from Table  2, there is a significant 
issue of data imbalance in some of the datasets for downstream tasks. 
Training directly on this imbalanced dataset could lead to severe biases 
in classifier performance. To address this, we attempt to employ data 
augmentation techniques to generate new training instances through 
synonym replacement, aiming to achieve a balance in the proportion 
of minority and majority class instances.

Specifically, for each label category of the downstream tasks, 80% 
of the bug reports are randomly selected as the training set, and the 
remaining 20% are used as the test set. For the minority class in 
these 80% training instances, new instances are generated by randomly 
selecting instances and replacing 50% of the words with synonyms. The 
synonym replacement operation is carried out using a RoBERTa model 
fine-tuned on the original bug reports, ensuring that the selected words 
are neither stopwords nor standard keywords. This instance construc-
tion process is repeated until the minority class instances are expanded 
to three times their original size. If the instance number of the ex-
panded minority class is still fewer than the majority class, the random 
undersampling (RUS) is performed on the majority class to equalize 
the numbers. Conversely, if the minority class has more instances 
after expansion, the majority class is subjected to the same instance 
expansion process until its size matches that of the expanded minority 
class. The final experimental dataset, after imbalance processing, the 
final instance distribution for each label category is as shown in Table 
3. It is important to note that in this study, the imbalance processing 
is only applied to the training set, while the test set retains its original 
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Table 2
The sample distribution in the original dataset.
 Dataset type Bug severity prediction Bug priority prediction Bug reopen prediction Bug reassignment prediction
 Severe Non-severe High Medium Low Reopen Non-reopen Reassign Non-reassign  
 Training Set 2,898 2,190 2,180 14,954 218 1,402 15,950 5,910 11,443  
 Test Set 725 547 545 3,739 55 351 3,988 1,477 2,861  
 Full Dataset 3,623 2,737 2,725 18,693 273 1,753 19,938 7,387 14,304  
Table 3
The sample distribution in the balanced dataset.
 Dataset type Bug severity prediction Bug priority prediction Bug reopen prediction Bug reassignment prediction
 Severe Non-severe High Medium Low Reopen Non-reopen Reassign Non-reassign  
 Training Set 6,570 6,570 654 654 654 4,206 4,206 17,730 17,730  
 Test Set 725 547 545 3,739 55 351 3,988 1,477 2,861  
imbalanced state, so that we can truly reflect the performance of each 
downstream classification model in real-world application scenarios. 
The finally constructed training and testing datasets would be used 
in all subsequent analyses about the overall performance of Keys4BR 
and the ablation experiments over the impact of individual Keys4BR 
components.

4.2. Performance metrics

The following metrics are used to evaluate the performance of 
Keys4BR.

(1) Precision: Precision measures the proportion of true positive 
results among all positive results predicted by the classifier.

(2) Recall: Recall measures the proportion of true positive results 
among all actual positive results.

(3) F1 Score: F1 Score is the harmonic mean of precision and recall, 
providing a balance between the two.

These metrics have been widely applied in previous research [43,
44] for model performance assessment.

4.3. Research questions

This study aims to deeply understand the overall performance of 
Keys4BR and the role of its key technical components by addressing 
the following three research questions:

(1) RQ1: How does Keys4BR perform on the four downstream tasks?
(2) RQ2: What impact do different key sentences selection strategies 

have on the performance of Keys4BR?
(3) RQ3: What impact do different lightweight fine-tuning strategies 

have on the performance of Keys4BR?

5. Experimental results

5.1. RQ1. How does Keys4BR perform on the four downstream tasks?

In this research question, we aim to evaluate the semantic repre-
sentation effectiveness of Keys4BR. Specifically, we integrate Keys4BR 
into the classification model and apply the resulting classifier to four 
downstream tasks. The performance of the model on these downstream 
tasks serves as a measure of Keys4BR’s effectiveness. To comprehen-
sively examine the performance of Keys4BR with different classification 
models, we select three classification models: the Support Vector Ma-
chine (SVM), the classification layer, and the Convolutional Neural 
Network (CNN). SVM is a commonly used machine learning model 
that has been shown to achieve good performance in some bug report 
management tasks [12]. Adding a classification layer on top of the large 
language model is the most direct and common approach for applying 
a large language model to specific classification tasks. Meanwhile, CNN 
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is one of the most frequently used classification models in bug report 
management research.

Additionally, we select three semantic representation baselines for 
comparison with Keys4BR. The first baseline method (abbreviated as 
VSM) uses the traditional vector space model to represent the se-
mantics of bug reports, where the vector elements are the weights of 
words calculated as their TF-IDF values. This semantic representation 
method is often used in conjunction with machine learning classi-
fiers and has been shown to achieve good representation performance 
in certain tasks. The second baseline method utilizes the RoBERTa 
model fine-tuned on the general corpus to represent the bug reports 
(abbreviated as PT), which is readily available and has undergone 
pretraining, demonstrating strong performance in text representation. 
The third baseline method involves fine-tuning the RoBERTa with 
the original bug report text to represent the semantics of the bug 
reports (abbreviated as FT). When applying pretrained models to bug 
report domain tasks, researchers typically fine-tune them on bug report 
texts to help the model learn domain-specific knowledge. Therefore, 
we also use FT for comparison with Keys4BR. The semantic feature 
vectors obtained from all baselines are used as text features to train 
the classification model, resulting in the corresponding classification 
model.  Note that, for completeness, we have also compared Keys4BR 
with the state-of-the-art RepresentThemAll (RTA) [21], a large-scale 
pre-trained model trained on over 200,000 raw bug reports. Since RTA 
and Keys4BR are trained on datasets of vastly different sizes (200K+ 
vs. 18K-) and cannot be aligned under identical fine-tuning settings, 
this comparison is excluded from the main results. The supplementary 
results show that Keys4BR achieved comparable performance with RTA 
while using 10×less data, demonstrating its efficiency and robustness 
under small-data, noisy-report conditions. Detailed results are provided 
in Appendix.

Table  4 shows the comparison results of the classification perfor-
mance of Keys4BR with three semantic representation baselines across 
the four downstream bug report management tasks. From the table, 
we can find that, among the combinations of Keys4BR with three 
classifiers, the best F1 score could reach 91% for bug severity pre-
diction (achieved by Keys4BR+CNN), 61% for bug priority prediction 
(achieved by Keys4BR+SVM), 81% for bug reopen prediction (achieved 
by Keys4BR+SVM), and 74% for bug reassignment prediction (achieved 
by Keys4BR+CNN), respectively, with the optimal classifiers varying 
across different tasks. Specifically, in the bug severity prediction task, 
the CNN classifier performs the best, with an F1 score that is 12% and 
1% higher than that of SVM and the classification layer, respectively. In 
the bug priority prediction task, the combination of the SVM classifier 
and Keys4BR achieves the best performance, with an F1 score that 
is 9% and 14% higher than that of the classification layer and CNN, 
respectively. In the bug reopen prediction task, the SVM classifier also 
performs the best, with an F1 score that is 3% higher than that of both 
the classification layer and CNN. In the bug reassignment prediction 
task, the CNN performs best, and the classification layer obtains almost 
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Table 4
The comparison results of Keys4BR and three baseline methods.
 Task Method SVM Classification layer CNN

 F1 score Precision Recall F1 score Precision Recall F1 Score Precision Recall 
 
Bug Severity
Prediction

VSM 68% 76% 61% – – – – – –  
 PT 66% 74% 60% 85% 85% 86% 90% 89% 90%  
 FT 69% 77% 63% 86% 88% 86% 90% 91% 89%  
 Keys4BR 79% 69% 92% 90% 89% 90% 91% 90% 91%  
 
Bug Priority 
Prediction

VSM 55% 55% 55% – – – – – –  
 PT 42% 42% 42% 35% 35% 35% 37% 37% 37%  
 FT 48% 48% 48% 47% 47% 47% 41% 41% 41%  
 Keys4BR 61% 61% 61% 52% 52% 52% 47% 47% 47%  
 
Bug Reopen 
Prediction

VSM 73% 77% 70% – – – – – –  
 PT 68% 72% 64% 70% 66% 75% 72% 68% 77%  
 FT 70% 75% 65% 74% 70% 77% 74% 67% 83%  
 Keys4BR 82% 79% 85% 79% 76% 82% 79% 81% 78%  
 Bug
Reassignment
Prediction

VSM 64% 79% 54% – – – – – –  
 PT 65% 61% 70% 70% 81% 62% 72% 79% 65%  
 FT 68% 59% 82% 71% 81% 63% 72% 77% 67%  
 Keys4BR 69% 55% 93% 74% 81% 67% 74% 82% 67%  
the same results as the CNN, both of which have F1 scores 5% higher 
than that of SVM.

Furthermore, by comparing the results of Keys4BR with three se-
mantic representation baseline techniques, namely VSM, PT, and FT, 
we find that the classifiers that perform best with Keys4BR in different 
tasks often also perform best with other semantic representation models 
(except on the bug reopen prediction task that for Keys4BR, SVM is 
optimal, while for others, CNN is best). The consistent performance of 
different classifiers across various semantic representation methods, to 
some extent, provides guidance for developers in selecting the most 
suitable classifiers for their specific types of bug report management 
tasks. For example, SVM would be their optimal classifier for bug pri-
ority prediction, and CNN is more preferred for bug severity prediction 
and bug reassignment prediction tasks.

In all four downstream bug report management tasks, Keys4BR 
demonstrates superior classification performance compared to the base-
line methods of VSM, PT and FT, with average F1 score improvements 
of 8%, 13%, and 9%, respectively. Notably, under the optimal classi-
fiers corresponding to each task, Keys4BR achieved higher F1 scores 
than the baselines of VSM, PT, and FT, further substantiating its su-
periority. Specifically, in the bug severity prediction task, although 
the PT and FT baselines achieved a high F1 score of 90% using the 
optimal CNN classifier, Keys4BR still managed to increase it by 1%. 
In the bug priority prediction task, with SVM as the classifier, the 
Keys4BR F1 score was increased by 6%, 19%, and 13% compared to the 
baselines VSM, PT and FT, respectively. In the bug reopen prediction 
task, using SVM as the classifier, the Keys4BR F1 score was elevated 
by 9%, 14%, and 12% compared to the VSM, PT, and FT baselines, 
respectively. In the bug reassignment prediction task, based on the 
better-performing classification layer and CNN classifiers, Keys4BR’s F1 
score was improved by 2% to 4% compared to the PT and FT baselines. 
Compared to other tasks, the performance improvement brought by 
Keys4BR in the bug reassignment prediction task is relatively limited. 
Such a difference may lie in that other three tasks largely rely on 
the textual content of bug report itself (hence better textual semantic 
capture leads to better performance improvements); while for the bug 
reassignment prediction task which aims to predict whether the values 
of certain meta items would get reassignment, the role of textual 
content is relatively weaker, other factors like reporters’ misbehavior in 
filling these values may contributed larger to the reassignment results.

We further perform a statistical analysis using the Wilcoxon Rank 
Sum test [51] along with Cliff’s Delta effect size [52] to assess whether 
the performance (F1 scores) differences observed between Keys4BR and 
the three semantic representation baselines are statistically significant, 
and to quantify the magnitude of these differences. Table  5 presents 
8 
Table 5
Overall Wilcoxon rank-sum test results and Cliff’s delta effect sizes in terms of 
F1 score differences between Keys4BR and three baselines.
 Comparison pair wilcoxon_pvalue cliffs_delta Difference magnitude 
 Keys4BR vs VSM 0.25 0.625 large  
 Keys4BR vs PT 0.00049 0.368 medium  
 Keys4BR vs FT 0.00049 0.299 small  

the statistical results across all downstream tasks, obtained by run-
ning the statistical tests on the pooled F1 scores of the four tasks. 
This aggregated analysis provides an overall view of the advantages 
of Keys4BR over the baselines in general bug report management 
scenarios. Table  6 complements this by examining the effect size for 
each individual task, offering a more fine-grained perspective on where 
Keys4BR achieves the most substantial improvements and where its 
benefits are less pronounced. This dual-level analysis – combining 
global and task-specific perspectives – ensures a more comprehensive 
and reliable interpretation of the performance differences. Note that for 
each task, since each technique has only three F1 score values, which 
makes the Wilcoxon test results unreliable [53], only Cliff’s delta is 
reported in Table  6.

The overall comparison results in Table  5 indicate that Keys4BR 
significantly outperforms VSM, PT, and FT in most cases, with 𝑝-values 
less than 0.001 and effect sizes ranging from small to large. Specifically, 
Keys4BR has a larger effect size compared to VSM (Cliff’s 𝛿 = 0.625), 
while the effect sizes are moderate when compared to PT (𝛿 = 0.368) 
and FT (𝛿 = 0.299).

From Table  6, we can find that Keys4BR achieved better perfor-
mance than the baseline methods across all tasks, particularly in the 
priority and reopen tasks, where Cliff’s 𝛿 values all reached 1 against 
VSM, PT, and FT, except for the 0.667 against FT in the reopen task, 
indicating a large effect size. In the reassignment task, Keys4BR also 
reached a large performance difference compared with VSM (Cliff’s 𝛿
= 1.000), PT, and FT (Cliff’s 𝛿 = 0.556 for PT and FT), as measured 
by Cliff’s delta effect size. In the severity task, according to Cliff’s 𝛿, 
the difference magnitudes between Keys4BR and VSM, PT, and FT are 
large, medium, and medium, respectively. This suggests that, despite 
variations in the degree of performance difference across different 
tasks, Keys4BR consistently outperformed three baselines.

5.2. RQ2. What impact do different key sentences selection strategies have 
on the performance of Keys4BR?

To better understand which strategy can extract key information 
that is more helpful for the model to learn the representation of bug 
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Table 6
Cliff’s delta effect sizes in terms of F1 score differences between Keys4BR and three baselines 
within each BRM task.
 Task Comparison Pair cliffs_delta Difference Magnitude 
 
Bug Severity Prediction

Keys4BR vs VSM 1.000 large  
 Keys4BR vs PT 0.444 medium  
 Keys4BR vs FT 0.444 medium  
 
Bug Priority Prediction

Keys4BR vs VSM 1.000 large  
 Keys4BR vs PT 1.000 large  
 Keys4BR vs FT 0.667 large  
 
Bug Reopen Prediction

Keys4BR vs VSM 1.000 large  
 Keys4BR vs PT 1.000 large  
 Keys4BR vs FT 1.000 large  
 
Bug Reassignment Prediction

Keys4BR vs VSM 1.000 large  
 Keys4BR vs PT 0.556 large  
 Keys4BR vs FT 0.556 large  
report text, we also compare the strategy of selecting sentences that 
contain at least n localization keywords (i.e., At Least Strategy), the 
strategy of selecting the top k sentences with the highest number of 
keywords (i.e., Top Strategy), and the stack trace processing strategy. 
The details of separate selection strategies are below. Note that during 
the analysis, we used the SVM as the default classifier for Keys4BR fine-
tuned using AdaLoRA, given its overall superior performance in RQ1. 
For consistency, we adopted a linear kernel with the regularization 
parameter C set to its default value, avoiding extensive hyperparameter 
tuning to ensure fair and efficient comparison between different key 
sentences selection strategies. The details are as follows.

(1) Strategy of selecting sentences containing at least n localization 
keywords (At Least Strategy): This strategy sets a threshold for 
the number of keywords contained in the sentence, and the sen-
tence is considered as a key sentence only when the number of 
keywords in it reaches this threshold n. In this research question, 
the performance variation of Keys4BR in classification tasks will 
be investigated when the threshold n takes different values. Ta-
ble  7 shows the performance changes of Keys4BR when different
n values (i.e., 1, 2, 3) are used in the At Least Strategy. As can 
be seen from Table  7, as the n value gradually changes from 1 
to 3, the performance of Keys4BR on the four downstream tasks 
shows a trend of first increasing and then decreasing. Among 
them, when the n value is 2, Keys4BR performs the best. When 
the n value is 3, Keys4BR performs better on priority prediction, 
reopen prediction, and reassignment prediction tasks than when 
the n value is 1. This indicates that when the n value is too small, 
the selected key sentences may still contain noise, which can 
affect the model during the learning process, leading to a biased 
representation of the bug report text.

(2) Strategy of selecting the top k sentences with the highest num-
ber of keywords (Top Strategy): Unlike the At Least Strategy 
which sets a minimum threshold for the number of keywords 
within a sentence, the Top Strategy limits the final number of 
key sentences selected. This strategy ranks sentences based on 
the number of keywords they contain and selects the top k
sentences with the highest keyword counts as key information. 
In this study, we also investigated the performance of Keys4BR 
on four downstream tasks when the number of key sentences,
k, takes on different values (i.e., 1, 2, 3). Table  8 shows the 
performance changes of Keys4BR under different k values for 
the Top Strategy. From the table, it can be observed that in the 
severity prediction and reassignment prediction tasks, Keys4BR 
performs best when k is 1. Meanwhile, in the priority prediction 
and reopen prediction tasks, Keys4BR performs better when k
is 2. In addition, by comparing Tables  7 and 8, it can be found 
that under the At Least Strategy, the performance of Keys4BR 
is superior to that under the Top Strategy. This suggests that 
when selecting key information, setting a limit on the number of 
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Table 7
The performance variations of Keys4BR with different values of 𝑛 in the At 
Least Strategy.
 Task 𝑛 Value F1 Score Precision Recall 
 
Bug Severity Prediction

1 78% 69% 89%  
 2 79% 69% 92%  
 3 75% 74% 77%  
 
Bug Priority Prediction

1 57% 57% 57%  
 2 61% 61% 61%  
 3 58% 58% 58%  
 
Bug Reopen Prediction

1 74% 63% 91%  
 2 82% 79% 85%  
 3 80% 86% 75%  
 
Bug Reassignment Prediction

1 61% 83% 49%  
 2 69% 55% 93%  
 3 63% 81% 51%  

keywords can help select information that better promotes the 
model’s ability to represent the text of bug reports. Therefore, 
compared to the Top Strategy, using the At Least Strategy can 
lead to better performance of the model.

(3) Strategy of Processing Stack Trace: To ensure that model learn-
ing is not adversely affected by stack trace characteristics, we 
propose three stack trace processing strategies: directly remov-
ing stack trace (abbreviated as Removal), replacing the stack 
trace with the corresponding exception/error name (abbrevi-
ated as Replacement), and rewriting the stack trace using the 
predefined template (abbreviated as Rewriting) (detailed in Sec-
tion 3.1.2). Table  9 shows the performance of Keys4BR in the 
four downstream tasks when applying each of these three stack 
trace processing strategies. For comparison purposes, the perfor-
mance of the model without any stack trace processing (abbrevi-
ated as Origin) is also included. The results in the table indicate 
that Keys4BR performs best when using the name replacement 
strategy, followed by the strategy of directly deleting stack trace 
from the bug report text. This suggests that the special format 
of stack trace is likely to have a negative impact on the model’s 
learning, leading to poor performance in the final downstream 
tasks. Therefore, it is necessary to appropriately process stack 
trace in the bug report text.

The comparative experimental results clearly demonstrate that the 
key sentences selection strategies and stack trace processing strategies 
proposed in this study have had a positive impact on how the model 
learns to represent bug report text. These strategies not only enhance 
the model’s ability to capture, understand, and represent key informa-
tion in complex text but also effectively reduce the interference caused 
by noise in bug reports, thereby improving the model’s focus on core 
semantic information.
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Table 8
The performance variations of Keys4BR with different values of 𝑘 in the Top 
Strategy.
 Task 𝑘 Value F1 Score Precision Recall 
 
Bug Severity Prediction

1 78% 75% 82%  
 2 74% 59% 99%  
 3 76% 85% 69%  
 
Bug Priority Prediction

1 48% 48% 48%  
 2 59% 59% 59%  
 3 55% 55% 55%  
 
Bug Reopen Prediction

1 79% 84% 75%  
 2 82% 95% 72%  
 3 80% 84% 77%  
 
Bug Reassignment Prediction

1 67% 50% 100%  
 2 64% 79% 53%  
 3 62% 83% 51%  

Table 9
The performance of Keys4BR on different stack trace processing strategies.
 Task Strategy F1 Score Precision Recall 
 
Bug Severity Prediction

Origin 77% 74% 80%  
 Removal 77% 75% 79%  
 Replacement 79% 69% 92%  
 Rewriting 75% 73% 78%  
 
Bug Priority Prediction

Origin 52% 52% 52%  
 Removal 59% 59% 59%  
 Replacement 61% 61% 61%  
 Rewriting 58% 58% 58%  
 
Bug Reopen Prediction

Origin 78% 82% 75%  
 Removal 80% 80% 81%  
 Replacement 82% 79% 54%  
 Rewriting 80% 78% 82%  
 
Bug Reassignment Prediction

Origin 61% 58% 65%  
 Removal 66% 63% 70%  
 Replacement 69% 55% 93%  
 Rewriting 62% 60% 64%  

5.3. RQ3. What impact do different lightweight fine-tuning strategies have 
on the performance of Keys4BR?

The fine-tuning strategy used by the model is also one of the key 
factors affecting the performance of Keys4BR. Therefore, it is neces-
sary to explore and compare different fine-tuning strategies. In this 
study, three different lightweight fine-tuning strategies are compared: 
the frozen bottom-layer fine-tuning strategy (abbreviated as Frozen), 
the LoRA strategy, and the AdaLoRA strategy (with AdaLoRA being 
the strategy chosen for Keys4BR). This research question also uses a 
controlled variable approach to compare the performance of Keys4BR 
when using different fine-tuning strategies. That is, similar to RQ2, 
we used the SVM (with a linear kernel and default value setting for 
its regularization parameter C) as the classifier for Keys4BR; the key 
sentences strategy used is the At Least Strategy with n=2, and name 
replacement strategy for processing Stack Trace (as they have been 
found to perform best in RQ2).

As shown in Table  10, among the three different fine-tuning strate-
gies, the AdaLoRA strategy performs the best, while the other two 
strategies result in slightly worse performance. Specifically, in the bug 
severity prediction task, when using the AdaLoRA strategy, the model’s 
F1 score is the same as when using the LoRA strategy, and is improved 
by 3% compared to using the Frozen strategy. In the bug priority 
prediction task, the model’s F1 score under the AdaLoRA strategy is 2% 
higher than when using the Frozen fine-tuning strategy, and 3% higher 
than when using the LoRA strategy. In the bug reopen prediction task, 
the model’s F1 score under the AdaLoRA strategy is 7% higher than 
when using the Frozen strategy, and 6% higher than when using the 
LoRA strategy. In the bug reassignment prediction task, when using the 
AdaLoRA strategy, the model’s F1 score is improved by 4% compared 
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Table 10
The performance of Keys4BR after applying different fine-tuning strategies.
 Task Strategy F1 Score Precision Recall 
 
Bug Severity Prediction

Frozen 76% 76% 77%  
 LoRA 79% 77% 81%  
 AdaLoRA 79% 69% 92%  
 
Bug Priority Prediction

Frozen 59% 59% 59%  
 LoRA 58% 58% 58%  
 AdaLoRA 61% 61% 61%  
 
Bug Reopen Prediction

Frozen 75% 79% 71%  
 LoRA 76% 74% 79%  
 AdaLoRA 82% 79% 85%  
 
Bug Reassignment Prediction

Frozen 65% 60% 71%  
 LoRA 68% 58% 82%  
 AdaLoRA 69% 55% 93%  

to when using the Frozen strategy, and by 1% compared to when using 
the LoRA fine-tuning strategy.

The comparative results mentioned above indicate that for the area 
of bug report management, the AdaLoRA integrated into our Keys4BR is 
indeed more suitable for fine-tuning large language models, compared 
to another two commonly-used strategies. With AdaLoRA, our Keys4BR 
could perform best in understanding and representing the semantics 
of bug reports across four downstream bug report management tasks. 
The relatively better improvements of AdaLoRA over LoRA and Frozen 
strategies may lie in that AdaLoRA can adaptively adjust the updates of 
model parameters and flexibly allocate resources according to the spe-
cific needs of each task. This flexibility enables the AdaLoRA strategy 
to effectively enhance the model’s semantic representation capabilities 
when dealing with different types of text classification tasks, thereby 
improving the model’s performance. Its ability to reduce computa-
tional cost while maintaining model performance during the fine-tuning 
process is of great significance for resource optimization in practical 
applications.

6. Discussion

In this section, we mainly discuss the potential and practical consid-
erations of Keys4BR, as well as the threats to the validity of our study. 
Details are as follows.

6.1. Potential and practical considerations of Keys4BR

Lightweight, Interpretable Fine-Tuning under Bug Reporting 
Noise. Keys4BR achieves a lightweight design by updating only a small 
subset of parameters during fine-tuning, which lowers computational 
requirements. Its interpretability stems from using bug-localizing key-
words to extract contextually complete, bug-relevant information. By 
leveraging denoised, high-quality bug information, Keys4BR consis-
tently outperforms mainstream baselines such as VSM-based methods 
or direct fine-tuning on raw reports of varying quality, demonstrating 
its effectiveness, efficiency, and practical value in noisy environments—
even when only small amounts of data are available.

Offline, One-Time Keyword Extraction Enabling Efficient De-
ployment. The genetic-algorithm-based keyword extraction can be 
performed offline and only needs to be done once. It can also be par-
allelized across bug reports, making it a practical and non-bottleneck 
step. Organizations or individuals with moderate computational re-
sources can collect a batch of bug–code data and fine-tune the model 
for general application. Once fine-tuned, the model can be directly 
used on new projects without repeating large-scale keyword extraction. 
Additionally, optional offline extraction on a subset of historical re-
ports allows further project-specific fine-tuning, enhancing adaptability 
while maintaining low resource requirements.

Influence of Project-Specific Historical Data on Keys4BR’s Adap-
tation. Although Keys4BR is designed as a pre-trained model that can 
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be applied to any project – even in the absence of historical bug reports 
and fixes – its performance can benefit from further project-specific 
fine-tuning when historical data is available. Leveraging such data 
allows Keys4BR to better adapt to the unique characteristics, patterns, 
and distributions of bugs in a given project, potentially improving the 
quality of its semantic representations.

Keyword Extraction Sensitivity to Bug Report Quality. Keys4BR 
relies on the quality of the keywords extracted from bug reports as 
its initial input. If the bug reports contain substantial noise or lack 
sufficient detail, the extracted keywords may not accurately reflect the 
underlying software issue, and in some cases, the genetic algorithm may 
not be able to extract any qualified keywords. This, in turn, could limit 
the effectiveness of the fine-tuned model. Fortunately, prior work [29] 
that introduced the keyword extraction method adopted in our study 
has shown that over 90% of bug reports from popular open-source 
projects yield high-quality keywords. Nevertheless, we acknowledge 
that this may vary in other contexts.

6.2. Threats to validity

Internal Validity. Our study faces four primary threats to internal 
validity. The first stems from the genetic algorithm and heuristic rules 
used for keyword extraction. Although we followed established prac-
tices [29], the algorithm’s performance is sensitive to hyperparameters 
such as population size and mutation rate, and any sub-optimal tuning 
could degrade the quality of the extracted keywords.

A second threat arises from the data-balancing procedure. Syn-
onym replacement and under-sampling may inject synthetic noise or 
discard informative instances, thereby influencing classifier behavior. 
While we compared several balancing strategies and retained only the 
best-performing configuration, the intrinsic bias introduced by these 
techniques remains a potential limitation.

A third threat lies in the choice of AdaLoRA as the fine-tuning strat-
egy. Our decision was guided by empirical comparisons against Frozen, 
LoRA, and full fine-tuning, yet we cannot guarantee that AdaLoRA 
is universally superior to other PEFT variants or to full fine-tuning 
on unseen tasks or models. We acknowledge this limitation and en-
courage future studies to re-evaluate our conclusions under alternative 
fine-tuning regimes.

A fourth threat concerns the quantification of Keys4BR’s compu-
tational cost. In this study, we mainly provided a qualitative clarifi-
cation of the efficiency of keyword extraction and fine-tuning based 
on their underlying principles and some supportive evidence from 
prior studies. Due to insufficient prior planning, some quantitative 
measurements, such as per-report keyword extraction time, fine-tuning 
time for AdaLoRA versus LoRA versus full fine-tuning, or peak memory 
usage, were not collected during the experiments. We recognize this 
as a limitation and suggest that future work systematically assess these 
computational costs.

External Validity. The generalizability of Keys4BR is threatened 
by several factors. First, our study was conducted on five Java projects 
that are frequently used in the research community for bug report han-
dling tasks [46–49], facilitating alignment and comparability with prior 
work. Although these projects span different domains (e.g., aspect-
oriented programming, business intelligence and reporting, and user 
interface frameworks) and vary in size and functionality, providing a 
certain degree of diversity, the findings may still not fully generalize to 
projects developed in other languages, operating in different domains, 
or adhering to distinct development cultures.

Second, our evaluation was restricted to four BRM tasks: sever-
ity, priority, reopen, and reassignment prediction. Whether Keys4BR 
remains effective in tasks such as duplicate detection or assignee rec-
ommendation remains to be verified. We therefore plan to broaden the 
task spectrum in subsequent studies.

Finally, our findings are tied to the specific combination of RoBERTa 
as the base LLM and SVM/CNN/Classification Layer as downstream 
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classifiers. Alternative models (e.g., CodeBERT, DeBERTa) or classifiers 
(e.g., Random Forest, Transformer-based architectures) might produce 
divergent outcomes. While we observed consistent trends across multi-
ple classifiers, we cannot preclude the possibility that other modeling 
choices could challenge our conclusions.

7. Conclusion

This paper introduces Keys4BR, a key sentences-based model fine-
tuning for better semantic representation of bug reports. Initially, 
Keys4BR constructs a set of bug localization keywords using the genetic 
algorithm and heuristic rules for keyword optimization, which is adept 
at capturing the essential semantic information within bug reports. Sub-
sequently, various key sentences selection strategies and lightweight 
fine-tuning techniques are employed to extract key information from 
bug reports and fine-tune the large language model, enabling them 
to better comprehend and represent the deep semantic information of 
bug reports. By comparing the classification performance of Keys4BR 
with several baseline methods across four bug report management 
tasks, the effectiveness of the proposed Keys4BR technique and the 
significance of its main technical components are validated. To further 
enhance the generalizability of the proposed technology, future work 
will involve validating the effectiveness of Keys4BR on additional bug 
report management tasks, such as bug report assignment and duplicate 
bug report detection, and refining Keys4BR based on task feedback.
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Appendix. Performance comparison between Keys4BR and Repre-
sentThemAll

In this part, we further conduct a comparison between our Keys4BR 
and the state-of-the-art semantic representation model RepresentThe-
mAll [21] pretrained on a large dataset of over 200,000 raw bug 
reports. We include this comparison in the appendix to provide ad-
ditional insight into how Keys4BR performs relative to a large-scale 
pretrained model, even though the two are trained on datasets of 
vastly different sizes (18,000- vs. 200,000+ bug reports) and cannot be 
aligned under identical fine-tuning conditions (due to the unavailability 
of the corresponding bug–code data for the 200,000 bug reports of 
RepresentThemAll).

Specifically, we first use Keys4BR and RepresentThemAll to sep-
arately generate semantic representations for the test bug reports of 
our projects, and then build and evaluate the classification models 
under different classifier choices for the four downstream bug report 
management tasks. Table  A.11 presents the detailed performance of 
Keys4BR and RepresentThemAll (RTA).

https://github.com/wmmjj/Keys4BR.git
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Table A.11
The comparison results of Keys4BR and RepresentThemAll (RTA).
 Task Method SVM Classification layer CNN

 F1 score Precision Recall F1 score Precision Recall F1 score Precision Recall 
 Bug Severity 
Prediction

RTA 81% 71% 94% 92% 90% 93% 92% 90% 92%  
 Keys4BR 79% 69% 92% 90% 89% 90% 91% 90% 91%  
 Bug Priority 
Prediction

RTA 62% 62% 62% 55% 55% 55% 50% 50% 50%  
 Keys4BR 61% 61% 61% 52% 52% 52% 47% 47% 47%  
 Bug Reopen 
Prediction

RTA 83% 75% 92% 80% 78% 82% 81% 83% 79%  
 Keys4BR 82% 79% 85% 79% 76% 82% 79% 81% 78%  
 Bug Reassignment 
Prediction

RTA 69% 67% 72% 76% 86% 68% 75% 84% 67%  
 Keys4BR 69% 55% 93% 74% 81% 67% 74% 82% 67%  
From the table, we can find that RTA slightly outperformed our 
Keys4BR in the four downstream tasks by 0–3 percent in terms of F1 
scores. Our further Wilcoxon test results indicated that these observed 
performances have statistical significance at the 𝑝-value <0.001 (𝑝-
value = 0.00098). However, by further checking Cliff’s delta effect size 
over the F1 scores of Keys4BR and RTA, we find that the observed 
performance differences are negligible, with a Cliff’s delta effect size 
= −0.146.

RTA is a universal bug report framework pre-trained on over
200,000 raw, undenoised reports using two carefully designed objec-
tives: a dynamic masked language model and a contrastive learning ob-
jective. In contrast, Keys4BR focuses on fine-tuning large models with 
denoised, high-quality bug information and designed a concrete and 
practical way of extracting key bug-related information to denoise raw 
bug reports. By using a much smaller dataset for fine-tuning, Keys4BR 
achieved performance comparable to RTA, demonstrating its unique 
advantages of being lightweight, efficient, and interpretable in the 
‘‘small data + noise’’ scenario. More importantly, the paradigm of using 
denoised, high-quality bug information to enhance LLM fine-tuning is 
generalizable. We believe that applying denoised key information to 
RTA could further enhance its performance, while scaling up the fine-
tuning dataset for Keys4BR would also improve its results. Given that 
our primary contribution lies in proposing the denoising-based fine-
tuning paradigm, we leave the use of larger-scale denoised datasets to 
fine-tune Keys4BR to future organizations or researchers interested in 
deploying and extending Keys4BR.

Data availability

Data will be made available on request.
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