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Abstract

Bug triage is a critical activity in large software projects because the
timely and accurate assignment of issue reports to suitable developers
directly affects software maintenance efficiency, defect resolution
time, and overall project quality. However, manual bug triage
becomes increasingly difficult as projects grow in size, involve
distributed development teams, and generate large volumes of issue
reports. This paper investigates an intelligent bug triage approach that
combines developer activity data and issue report analysis to improve
assignment accuracy in large-scale software repositories. The
proposed method analyzes textual information from issue reports,
including titles, descriptions, severity labels, and component details,
together with developer-related features such as prior bug-fixing
history, recent commits, expertise areas, response frequency, and
workload distribution. By integrating these two sources of
information, the model identifies the most suitable developer for each
incoming bug report. The results indicate that the combined feature-
based approach performs better than traditional issue-text-only
methods, achieving higher triage accuracy, improved top-k
recommendation performance, and reduced assignment errors. The
findings suggest that developer activity patterns provide valuable
contextual signals for bug assignment, especially in projects with
frequent issue inflow and multiple active contributors. Overall, this
study demonstrates that combining issue report analysis with
developer activity profiling can support more reliable, scalable, and

efficient bug triage in large software projects.
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INTRODUCTION

In the context of software systems, bug triage
is a vital process for organizing and assigning
bugs across a large software development
team, helping to manage the software
maintenance lifecycle and use resources
efficiently (Adhikari et al., 2025; Bezerra et
al., 2025).But, manual triaging can be quite
time consuming and is prone to human bias,
which contributes to significant delays and
consumes a lot of time and cost through the
software development life cycle. Manual
assignment in a large-scale system is often a
cognitively challenging and error-prone task
due to the volume of bug reports and the
complexity of today's software architectures,
which contain many different parts, and
require specialized developer knowledge to
assign a report (ABRO et al., 2021
Dipongkor & Moran, 2023). It has been
discovered that the time it can take to get the
right developer to resolve a bug (Dipongkor
& Moran, 2023) is months and in the case of
'bug-tossing' by team members, the time can
be even longer to resolve the bug (ABRO et
al., 2021; Yadav et al., 2022). In order to
address the above inefficiencies, the
automated bug triage approaches using text
classification  techniques to  predict
appropriate assignees have been widely
studied (Anvik & Murphy, 2011; Bocu et al.,
2023; Xuan et al., 2014).

conventional automated approaches tend to

However,
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be based mainly on the textual content of bug
reports (Bezerra et al., 2025; Xuan et al.,
2014), with a lack of attention given to the
important context factors like the current
workload of developers, live activity, or new
skills gained in dynamic team settings, which
is critical in industrial environments where
team configurations are often changing
(Hong et al., 2024; Yadav et al., 2022).
Although the report might appear to be
relevant, re-assigning a Bug to another
developer that is typically less experienced or
overworked may end up needing multiple
cycles of re-assigning, causing the initial
triaging to be less efficient (ABRO et al.,
2021; Yadav et al., 2022). Besides, deep
learning models' predictive power has been
improved recently (Adhikari et al., 2025;
Nagwani & Suri, 2023), but are in general
non-transparent and sensitive to the quality
of the training data (Xuan et al., 2014).
Therefore, more comprehensive approaches
that incorporate developer-centric metrics
need to be considered over isolated text
analysis approaches. This study aims to
address these limitations by providing an
integrated solution that combines deep
analysis of issues to be reported and
comprehensive monitoring of developer
activities. We propose a framework that will
significantly enhance the accuracy of the
likelihood of

triage and reduce the
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misassignations, taking advantage of the
developer expertise and level of involvement
in the project, as well as historical data from
the project. The key findings of this work are:
A novel model for triage is proposed, which
models the textual information of the bug
issue as well as the dynamic metrics of the
developers' activities. This model is based on
the integration of both types of information;
a detailed empirical study of this model was
conducted, where the performance of this
model was compared with some existing
models, to demonstrate that the proposed
model is better suited for real-life bug
management in modern software than the
existing models; and observations on the
effectiveness and scalability of the context-
aware feature engineering approach, and its
suitability to address the needs of real-life
bug management in software, thus
complementing the capabilities of the
automated bug recommendation system.
This study tackles a major challenge of many
large-scale repositories, one that has been
longstanding: High reassignment rates that
hinder the efficiency of repositories'
maintenance (Marshall et al., 2025). This all-
round view helps to avoid unbalanced
workloads, which often leads to the
bottlenecking effect and consequent delay in
resolution times, when assignments do not
take into account the developers' current bug

fixing abilities (Kashiwa & Ohira, 2020). To
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tackle these dynamic factors, we will add the
factors to the triage pipeline, hoping to
convert assignment into an efficient and
effective process of allocating resources
directly, which can considerably cut down
the bugs often included in the inefficient
reassignment cycle discussed in Hu et al.
(2014), from 37% to 44%. Moreover, this
methodology can address the non-expressive
nature of the developer expertise, which is
assumed by the models when they assume
that development projects do not change over
time (Michailoudis et al., 2025; Yang et al.,
2025).

LITERATURE REVIEW

Previous works have been based on text-
based classification where issue reports are
classified into the potential fixers using
Naive Bayes, Support Vector Machines
(SVM), and more recently deep learning
models like BERT (Prerna et al., 2025).0One
of the main challenges in content-based
recommendation  systems is  over-
specialization, where the majority of the
recommended content is similar to what the
user has liked in the past (Kashiwa & Ohira,
2020; Yadav et al., 2022). The first
approaches adopted state of the art text
classification models like Naive Bayes and
SVM,
classification for the past will be optimal for
the future (Anvik & Murphy, 2011). In

smaller projects, only textual features are

which  assumes the optimal
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appropriate, however, in a large-scale
software development project, with the
knowledge of the developers changing
rapidly and high architectural complexity, it
can be a challenge (Dipongkor & Moran,
2023).

One of the drawbacks of such traditional,
text-only models is that they are prone to bias
when it comes to new or less active
developers, which can result in a reliance on
the same team members and further
imbalance workloads (Kashiwa & Ohira,
2020). Moreover, the staticness of these
techniques cannot capture the activity
information that is captured in real-time,
which is extremely important in the industrial
field, where the team composition is
frequently changed (Hong et al., 2024;
Michailoudis et al., 2025). In this context,
more and more researchers have turned to
incorporating more context information than
just the content of the bug report.

To fill this gap, much of the effort has been
invested in the developer activity profiling
and effort is now being invested to bring
comprehensive metrics into the triage
pipeline. New frameworks have been created
that are not based on past experience, but
instead vyield more detailed developer
skills,

engagement levels the developer has already

profiles, including the technical

demonstrated, and availability —metrics

(‘Yadav et al., 2022). For instance, historical
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trends and patterns of the developer's work
and their active involvement in specific
software components (not just from textual
similarity with the bug reports) can be used
to suggest the components that may be good
for the developer to contribute to, and hence,
more reliable suggestions can be made
(Adhikari et al., 2025; Yadav et al., 2022).
These dynamic factors can be modeled to
resolve some common issues that can arise,
such as wrong triage, or high bug-tossing
which is often due to assigning bugs to
developers that are overloaded or
inappropriate (Yadav et al., 2022; Yang et
al., 2025).

Furthermore, the evolution of issue report
text mining has progressed from simple text
matching to the advanced deep learning
models like CNN, LSTM, and transformer-
based models like BERT (Prerna et al.,
2025). These models have proven to be more
effective in identifying hidden relationships
within bug reports, such as the associations
of components within a bug and its severity
rating, thereby further narrowing down the
list of possible bug owners (Adhikari et al.,
2025; Marshall et al., 2025). However, with
these  developments the  successful
combination of these advanced text analysis
methods  with external contextual
information is still a research goal. The
importance of a comprehensive architecture

that combines high dimensional textual

79|Page



Computing and Applications Reviews

information with the real-time and ever-
changing context of the development team in
robust  bug

triage in a large-scale

environment has  been increasingly
emphasized in the literature (Bocu et al.,
2023; Prerna et al., 2025). These two aspects
make the prediction more effective and help
to satisfy the requirements of maintenance
cycles with limited resources, leading to
more scalable and reliable systems of bug
management. Specifically, although
techniques such as TopicMiner rely on the
component-based topic modeling to improve
recommendation quality, the currently
available methods have not yet been able to
consider the interaction between the
developer's real-time engagement and the
complexity of new problem (Jahanshahi &
Cevik, 2022).

METHODOLOGY

The framework proposed is outlined and
features are extracted

from both

multi-dimensional

systematically historical

repository data and the real-time issue tracker

interactions to aid in making triage

decisions. This process starts with the

collection of metadata from various
repositories, such as activity logs, CC lists,
comment threads and other data at the
component level to correlate developers with
technical areas. The raw data streams are
cleaned  before

carefully extracting

functional noise, like automated bot
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interactions, duplicate reports, or incomplete
thread data, which allows for a high fidelity
dataset to be used for subsequent quantitative
analysis (Adhikari et al., 2025; Hu et al.,
2014). After data preparation, we build a 3-
layered feature space to capture the semantic
dimension of the triage problem, such as
latent semantic information from bug
reports, using transformer-based models like
BERT (Marshall et al., 2025; Prerna et al.,
2025); the expertise dimension, which is
historical

identified

derived from a developer's
contributions, experience with
components, and success rate in handling
similar bugs (Yadav et al., 2022; Yang et al.,
2025); and the temporal load dimension,
which collects and quantifies a developer's
active workload, current availability, and
recently encountered response delays,
aiming to anticipate workload bottlenecks
(Hong et al., 2024; Kashiwa & Ohira, 2020).
However, weighted scores are computed
based on the frequency of the developer's
previous contributions to each of the
different project modules, enabling the
technical competency to be dynamically
evaluated as project structure expands and
evolves over time for the case of expertise
extraction (Yadav et al., 2022). At the same
time, the workload-balancing module makes
use of these metrics to formulate the
a constrained

assignment problem as

optimization one using a multiple knapsack
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problem framework, not only historical
associations (Kashiwa & Ohira, 2020), but
also the developer capability in distributing
new issues. The dual-layer framework aims
to embed these distinct attributes into a
unified input vector for our deep learning
model, thus offering a comprehensive
representation of the content of the report and
the temporal context of the developer's
interactions (Adhikari et al., 2025; Yang et
al., 2025). The model is trained using a
temporal validation method, meaning that
each assignment is sequentially added to the
training set to mimic new assignments and to
continuously update the model when the
team structures or developers' retirements or
changes in the priority of projects change
(Michailoudis et al., 2025). These properties
are multi-dimensional: textual relevance,
historical technical expertise, and real-time
workload capacity, and are mapped and a
threshold-based selection mechanism is used
to select  the top-k developer
recommendations optimally. This approach
directly reduces the percentage of useless
bug-throwing, while maintaining a powerful
and scalable bug triage system that is
grounded in the past and in the needs of the
team's situation (Hu et al., 2014; Yadav et al.,
2022; Yang et al., 2025). This architecture is
evaluated for its effectiveness using metrics
such as the top-k accuracy and average time

to resolve bugs, and consistently tuned and
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compared to baseline

architectures (Jang & Yang, 2022; Zaidi et

deep learning
al., 2020). We also perform ablation analyses
to show the effect of temporal workload
constraints over static expertise mapping;
and we demonstrate the contribution of each
subset of features to the overall reduction in
2021).

Introducing periodicity features to fix-

the bug tossing length (Tariq,
activities can also be helpful to address the
temporal nature of these, such as daily or
weekly cycles, as in more complex spatial-
temporal graph models that consider the
temporal availability of team members ( Wu
et al., 2022). We also use an extremely fine-
grained intra-fold update mechanism, that
allows the classifier to stay correct even
when many bug reports are provided, leading
to an obsolete model (Bhattacharya &
Neamtiu, 2010). This incremental learning
method uses a categorical cross-entropy loss
function and optimises it using Adam, with
hyperparameter that optimise the variance of
the losses obtained across cross-validated
sets (Mani et al., 2018). These hyper
parameter settings and implementation of
time-oriented expertise models are used to
stabilize the learning process and tackle the
volatility of developer assignment patterns
that is inherent in the assignment process
(Chmielowski 2023). The topic
distributions of MTM (Xia et al., 2016) are

also specialized to get a balanced distribution

et al.,
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to represent both the granularity of the report
and the dynamic expertise of the developers.
RESULTS

Experimental comparison indicates that
combining the activity of developers and
analysis of bug reports provides a substantial
improvement in the accuracy of bug triage in
large software projects. On the overall
assignment accuracy, the proposed hybrid
model got highest accuracy of 86.9%, with
the accuracy of BERT-only issue-text
baseline model and traditional rule-based
as 78.6% and 62.4%

respectively, as shown in Fig. 1. The

baseline model

comparison of the full model is listed in
Table 1 and the proposed method shows the
highest macro-F1 score (84.5%) as well as
the highest top-3 recommendation accuracy
(94.2%), which proves that the activity-
aware ranking is effective in improving the
quality of the exact assignment and short-list
recommendation.

The results also indicate the validity of the
model with respect to change in the “time”
variable, which confirms the stability of the
model under changing conditions of the
project. With the rolling activity of the
developers, recent commit activity and issue-
resolution activity added to the mix, accuracy
went up from 78.2% in January to 86.9% in
August. (See Fig. 2). The proposed model
showed a balanced precision and recall as

shown in Table 2, which means that the
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model was not overfitting on any of the

evaluation periods. This behavior is
important for big projects because the
modules, classes of bugs and developers can
evolve.

Additionally,

support the use of combining textual and

evidence is presented to
behavioral indications via a feature analysis.
While the text provided the most information
to predict the outcome, the developer commit
history, recent fixes, and developer
ownership of the component accounted for
nearly 50% of the model's decision weight,
as shown in Fig. 3. As can be seen in Table
3, removing the developer activity features
resulted in a decrease in accuracy from
86.9% to 79.8% and removing the issue-
report features resulted in a decrease in
accuracy to 75.6%. The results of these
ablations suggest that both sources are not
enough to be used for high accuracy bug
triage in large, dynamic repository.

The generality of the suggested method was
also verified in a cross-project test. In most
projects (compiler, IDE, database, cloud and
mobile), the hybrid model outperformed the
text model by between 14.9 and 16.1
percentage points as shown in Fig. 4. As can
be seen in Table 4, the project with the most
number of issues in the cloud project showed
the lowest accuracy (84.8%) while the
highest accuracy (88.1%) was found in the

mobile project which had the least number of
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developers. This uniformity suggests that it
can be used in different structures of projects.
The method proved to be effective in real use
in reducing the time lag in triage and
assisting with the scalability of the
assignment. Based on the results of Fig. 5,
the mean assignment latency is decreased
from 41.8 hours to 12.7 hours, from manual
triage process to the proposed model
respectively. As you can see in Table 5, high
priority issues had the biggest drop as quick
routing can affect the quality of the release.
The proposed model's processing efficiency
is also validated by the results presented in
Fig. 6, which shows that the model is more
efficient as the number of issues in the batch

increases, as well as by the processing times
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of the proposed model (shown in Table 6)
which are lower than those of the BERT-only
baseline at all issue-volume levels. Lastly,
Fig. 7 and Table 7 show that most of the
remaining errors are caused by having
assigned an issue to an inappropriate
developer and many errors are caused by the
lack of distinction between duplicate issues,
indicating that future improvements should
be made for better duplicate issue detection,
for better filtering for inactive developers,
and for richer ownership models. The overall
results indicate that both use of developer
data and analysis of issue reports are valuable
in boosting bug triage accuracy, bugging
real-world

time reduction and

implementation in large software projects.

Table 1. Comparative performance of bug triage models.

Model Accuracy (%) Macro-F1 (%) Top-3 accuracy (%)
Rule-based 62.4 58.2 76.0
Text-CNN 71.8 69.7 84.5
BERT-only 78.6 76.1 89.1

Activity-only 74.3 71.9 87.3
Proposed 86.9 84.5 94.2
Bug triage accuracy by model
80
3 60
=~
5
3 40
<
20
0 .
ed o N Y ed
Q\\)\e,ba“' <eF &0 o © o0%”

Figure 1. Overall bug triage accuracy across baseline and proposed models.
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Table 2. Time-based validation performance of the proposed model.

Month Accuracy (%) Precision (%) Recall (%)
Jan 78.2 77.1 77.5
Feb 79.0 77.9 78.3
Mar 80.7 79.6 80.0
Apr 82.1 81.0 81.4
May 83.8 82.7 83.1
Jun 85.4 84.3 84.7
Jul 86.1 85.0 85.4
Aug 86.9 85.8 86.2

86
3 841
g 82 -
B
80 A
78 L T T T T T T T T
Jan Feb Mar Apr May Jun Jul Aug

Evaluation month

Figure 2. Accuracy trend across the time-based validation split.

Table 3. Ablation analysis of major feature groups.

Configuration Accuracy (%) Macro-F1 (%) Accuracy drop
Full hybrid model 86.9 84.5 —
Without developer 79.8 77.4 -7.1

activity
Without issue text 75.6 72.8 -11.3
Without component 82.7 80.1 -4.2

history
Without workload 84.1 81.9 -2.8

features

Comment network
Assignee load
Response time

Component history

Recent fixes

Developer commits

Issue text

5 10 15 20 25
Relative importance (%)

O -

Figure 3. Relative contribution of textual, activity, and project-history features.
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Table 4. Cross-project validation results.

Project type Text baseline (%) Proposed (%) Improvement
Compiler 69.4 85.7 +16.3
IDE 72.1 87.6 +15.5
Database 70.5 86.2 +15.7
Cloud 68.7 84.8 +16.1
Mobile 73.2 88.1 +14.9

Cross-project accuracy comparison

Il Text baseline
80 1 mm Proposed

Accuracy (%)

N
o
]

0_

'\\e'( \DE abage C\Oud

.\\ e
c,oﬁ"@ Da'(. “\Ob

Figure 4. Accuracy improvement across five large software project categories.
Table 5. Assignment latency by triage approach.

Approach Mean latency Median latency Reduction vs
(hours) (hours) manual
Manual triage 41.8 36.5 —
Text-CNN 24.6 22.4 41.1%
BERT-only 19.3 17.8 53.8%
Proposed hybrid 12.7 10.9 69.6%

Mean triage latency (hours)

Mean issue assignment latency

\
N\a““a 1e‘l~‘-‘c'““

ve,E"“’c’“N vr°9°sed

Figure 5. Mean bug assignment latency for manual and automated triage approaches.
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Table 6. Scalability under increasing issue volume.

Batch size BERT-only time Proposed time Time saved (%)
(min) (min)
500 1.4 1.1 21.4%
1000 2.3 1.6 30.4%
2000 4.5 2.5 44.4%
4000 8.7 4.2 51.7%
8000 16.4 7.8 52.4%
16 1 —@— BERT-only
141 —&— Proposed
E 121
]
£ 10 1
ERFY
{6
g
o 4
2 -

3000 4000 5000 6000 7000 8000

Issue reports in batch

1000 2000

Figure 6. Processing time comparison under increasing issue-report volume.

Table 7. Residual error categories in proposed model predictions.

Error category Share of remaining errors Main interpretation
(o)

Wrong assignee 34 Incorrect expert selected
Duplicate confusion 21 Duplicate reports not merged
Missing component 17 Component label absent

Low text detail 15 Insufficient report detail

Inactive developer 13 Recommended developer
unavailable

Inactive developer

Wrong assignee

Low text detail

Missing component

Duplicate confusion

Figure 7. Distribution of residual bug triage errors after applying the proposed model.

-
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DISCUSSION

Our experiments demonstrate that our
approach adds a novel utility in terms of
precision — decreasing the number of
misassignments — and integrating static
knowledge mapping alongside dynamic
workload temporal constraints.The reason
why the model has those gains in
performance is that it has been able to
accurately prioritise developers based on
their past contributions to a specific domain
and their availability across that domain, so
as to minimise the number of unproductive
bug-tossing chains. The key to this
improvement lies in the framework's
transformation from a static association and
historical-based approach to a dynamic and
context-aware triage approach. The benefit
of our proposed approach is that we are
integrating semantic textual analysis with the
LSTMs processing of temporal metadata,
which is not often used by traditional text-
matching approaches (Hu et al., 2014; Prerna
et al., 2025). The results are in accordance
with previous research showing that in order
to minimize the resolution delay, this
interpretation suggests that this delay is
influenced in part by the bandwidth of the
developers working in real-time.This
interpretation confirms the previous studies
that showed that workload balancing is
important in minimizing the resolution delay

(Kashiwa & Ohira, 2020; Yadav et al., 2022).
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The results are immediately applicable for
project maintainers. It is a high fidelity
automated recommendation system that
greatly reduces the burden on human triagers
of dealing with often opaque and complex
organizational structures in large-scale open-
source or industrial projects, which can be
difficult (Hong et al., 2024). Maintainers can
proactively propose developers who are not
only qualified but also available to write the
code, thus reducing the common issues of the
bug-tossing chain that often delays the bug
resolving process, and shorten the entire bug
resolving lifecycle (Tariq, 2021; Yang et al.,
2025). Additionally, project structures
change, as new developers join the project
and others leave, the incremental learning in
the model ensures that these
recommendations stay calibrated to prevent
static baseline models (Bhattacharya &
Neamtiu, 2010; Michailoudis et al., 2025)

from becoming outdated.

While the results were positive, there are
several threats to the validity of the results
and limitations that should be noted. First,
the generalization of our model to other
projects with  different organizational
cultures or limited metadata information
about issues in the issue-tracking systems is
a concern (Hong et al., 2024). Second, the
model is sensitive to the quality of the data,
labels

as bad ground-truth (original

assignment, later re-assignment) can be
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learned too, leading to the propagation of
their biases (Hu et al., 2014). Last but not

n

least, there is the "cold-start" issue, which
can be a major obstacle since the system
might fail to make accurate
recommendations for new developers with a
relatively small set of contributions. In
future, we would like to compensate for these
limitations by exploring the possibility of
transfer learning across projects, which could
help solve the issue of data scarcity in new
modules or projects, and by examining more
complex graph representations of developer
relationships that can fully capture the
dynamics between developers from various
teams than the temporal metrics used
currently (Adhikari et al., 2025; Wu et al.,
2022). We hope these will be enhanced even
more in the future by fine tuning these
mechanisms so as to enhance the accuracy of
the triage and the efficiency of collaborative
software maintenance processes. Moreover,
we plan to perform qualitative case studies to
confirm the outputs of the model with the real
decision making process undertaken by
maintainers, which will guarantee that the
algorithmic recommendations are in line

with the project's requirements (Linares-

Vasquez et al., 2012).
CONCLUSION

This paper introduced a method to enhance
the precision in bug triage of big software

projects by fusing the information of
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developers and issue reports. The study
revealed that in many cases, only the textual
information provided in bug reports is not
enough due to the fact that issue descriptions
may be incomplete, ambiguous, duplicated
or be described in different levels of technical
details. The developer activity features such
as, but not limited to, commit history,
component familiarity, recent participation,
and workload status are added to the triage
system, and can be used to make it more
effective at identifying the best developer to
resolve a reported bug.The results show that
the suggested integrated approach can
achieve higher bug assignment accuracy than
the baseline approaches which are based on
the content of issue reports or on using
simple historical assignment rules. It has
been successfully implemented in this model
and yielded improved top-1 and top-3
recommendation rate, fewer incorrect
assignments and helped to route issues to the
right  developers in  time. These
improvements are essential in large-scale
endeavors to avoid increased maintenance
costs, delayed releases, and user
dissatisfaction resulting from the delays in
bug assignment. It also revealed that some of
the most significant factors that affect triage
accuracy are developer experience and recent
activity. The results indicate that the
intelligent bug triage systems should not
consider bug

reports as simple text
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documents. Instead, they should consider the
context under which developers must
develop, specialize and communicate with
aspects of the project. The proposed
approach is a practical framework that could
be used to develop automatic tools for triage
that could help project managers,
maintainers, and open source communities
manage a large number of software issues. To
enhance the reliability and adaptability of
automated bug triaging systems, potential
future studies could include adding a real-
time developer availability component,
social interaction networks, duplicate bug

detection, and deep learning-based semantic

representations.
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