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Abstract

The presence of duplicate bugs in defect tracking systems creates an additional burden on software
engineering specialists, potentially causing delays in fixing critical bugs. The use of automated
methods for detecting duplicates relieves this burden and reduces the time and cost associated with
their processing. Detecting duplicate bug reports in large databases is a challenging task that requires
a balance between computational efficiency and prediction accuracy. Traditional approaches either
rely on resource-intensive searches or use classification models that, while highly accurate,
compromise performance. This paper proposes a new approach to automatic duplicate bug detection
based on a two-level analysis of text features in reports. The first stage involves vectorising text data
using BERT (Bidirectional Encoder Representations from Transformers), MiniLM (Miniature
Language Model) and MPNet (Masked and Permuted Pre-training for Language Understanding)
transformer models, which determine the semantic similarity between defect descriptions. This
reduces the number of potential duplicates and the volume of reports that need to be compared. The
second stage involves classifying pairs of potential duplicates using machine learning algorithms,
including XGBoost (eXtreme Gradient Boosting), SVM (Support Vector Machines) and logistic
regression. The models are trained on vector representations of text to assess the degree of similarity
between errors. The combination of transformer models with classical classification algorithms
ensures high accuracy in detecting duplicates while significantly reducing query processing time.
The results of the experiments confirm the effectiveness of the approach, demonstrating its ability to
reduce the number of required comparisons, cut the cost of analysing defect reports, and achieve
sufficient accuracy in duplicate detection.

Keywords: duplicate detection; deep learning; transfer learning; natural language processing;
computational efficiency

1. Introduction

Modern software development involves the active use of bug tracking systems that document
defects detected during both testing and operational use. These systems enable the storage, analysis
and coordination of defect fixes, ensuring continuous improvement in product quality [1-4]. Each
bug report contains both structured metadata (software version, component, author, timestamps)
and unstructured text descriptions, which play a key role in the process of diagnosing and
troubleshooting problems [5,6].
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However, as projects grow in scale and the number of users increases, the proportion of
duplicate reports, i.e. cases where the same bug is reported repeatedly under different formulations,
increases sharply. According to empirical studies, such duplicates create a significant additional
burden on development and testing teams [2]. At the same time, they sometimes contain additional
details that help to localise the problem more accurately, so the task is not only to remove them, but
also to recognise and combine them in a timely manner [3]. Such repetition of reports complicates the
reproducibility of analytics and the comparative nature of methods, which necessitates standardised
data sets for the correct evaluation of approaches [7,8].

Duplicate identification has traditionally been performed using information retrieval methods
that compare text representations of reports by keywords, TF-IDF vector similarity, or lexical metrics
[5,6]. Subsequent work focused on improving the quality of ranking potential duplicates and
enriching text features, which increased accuracy without a noticeable increase in computational
costs [9,10]. Such methods use various combinations of text features and metadata, as well as result
ranking mechanisms, which later became the basis for modern hybrid systems.

With the further development of natural language processing methods, researchers focused on
improving the semantic sensitivity of models, reducing dependence on superficial text similarity.
During the transition phase, vector representations of words such as Word2Vec were actively used,
which made it possible to model latent semantic relationships between terms in reports and thus
improve the quality of duplicate search while maintaining acceptable computational costs [11].
Further advances in deep learning ensured the transition to automatic feature extraction: neural
networks based on convolutional and Siamese architectures learned to detect similarities even with
minimal lexical matches and exceeded the accuracy of classical information retrieval models [12,13].
Concurrently, solutions began to take into account the structural and behavioural characteristics of
systems: in particular, the relationships between artefacts and stack traces, which allow for broader
modelling of the project context [14,15].

At the same time, significant attention has been paid to improving the quality of the candidate
search stage, which largely determines the overall effectiveness of the process. Approaches have been
developed for reformulating queries and optimising text descriptions of bug reports, which makes it
possible to obtain more relevant results already at the initial stage of processing [16-18]. Together,
these studies laid the foundation for the emergence of modern semantic search methods capable of
combining high accuracy with scalability [19-21].

In this context, pre-trained transformer models—BERT [22], Sentence-BERT [23], MiniLM [24],
and MPNet [25] — play a special role, providing context-rich vector representations of text. Thanks
to such representations, it is possible to quickly find semantically similar reports in a large database
using approximate neighbour search methods in multidimensional space, and then refine the result
using a classification module.

Thus, this paper proposes a combined approach to duplicate detection in bug tracking systems,
which combines the efficiency of vector search with the accuracy of classification models. At the
search stage, semantic encoding of reports is used with the MiniLM and MPNet models, which
ensures the formation of compact vectors and a quick search for candidates in multidimensional
space. The resulting pairs are checked by a classifier, which refines the result and minimises the
number of false matches. This approach facilitates a balance between performance and accuracy,
increasing the practical applicability of artificial intelligence methods to support defect management
in large software projects.

2. Related Works

The detection of duplicate error reports has evolved considerably, progressing from simple
heuristic solutions to complex models based on deep learning and modern language technologies.
Early approaches combined information retrieval methods, such as BM25 ranking, with vector
representations of words to improve the search for similar reports [26]. This helped to overcome
simple differences in wording between reports, but proved insufficient for understanding their full
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meaning or context. With the development of technology, Siamese neural networks began to be used,
which automatically learned to extract semantic features from text [27]. Convolutional neural
networks were also used toidentify important phrases and forme a holistic understanding of the
content of the report [28]. However, such neural approaches required significant computational
resources and had limited scalability. In addition, research on evaluation methods [29] showed that
the effectiveness of many early approaches was overstated due to the use of limited datasets that did
not reflect real-world conditions. This highlights the importance of conducting experiments on large
real-world datasets to obtain more reliable and practically relevant results.

Recent studies have also focused on the use of hybrid architectures that combine semantic vector
representations of sentences with fast vector similarity search methods, as well as the subsequent
application of machine learning classifiers to improve the accuracy of duplicate error report
detection. In particular, one study [30] used the BERT model to construct meaningful vector
representations of reports, which are then analysed by a multilayer perceptron, allowing for more
accurate detection of duplicates, taking into account their key details and subtle semantic differences.
Another work [31] combined vector representations of sentences with Faiss, a high-performance
library for vector similarity search, significantly improving the scalability of the system. Yet another
study [32] implemented a hybrid approach with a two-step process: first, a quick search for
candidates is performed using vector similarity, and then the results are refined using a trained
classifier to effectively balance detection accuracy and computational efficiency.

Retraining vector representations of sentences on specific error report data [33] showed
improvement in the ability to distinguish subtle semantic variations, which contributed to more
accurate duplicate identification. Finally, the potential of large language models such as GPT was
explored in [34], where ChatGPT was used to extract enriched semantic representations of reports.
While this approach improved accuracy, it also increased computational requirements, which may
limit its practical application.

Despite these successes, challenges remain in balancing scalability, computational cost, and
semantic accuracy. Methods based solely on vector representations sometimes fail to distinguish
between lexically similar but semantically different reports, and large transformer models are not
always practical for real-time operation. This is what motivates the research of a hybrid method that
combines compact transformer models without the need for additional training for fast candidate
search and an easy classification stage to improve accuracy, ensuring scalability, easy integration,
and suitability for use in real-world conditions.

3. Materials and Methods

The proposed duplicate error detection system uses a structured approach that integrates search
and classification models, ensuring efficient and accurate identification of duplicate errors. A visual
representation of the algorithm is shown in Figure 1. The system consists of the following key steps:

1. Preliminary report processing

Each new error undergoes minimal pre-processing, during which the title and description are
extracted and combined into a single text block. In previous works, these fields were used as the main
signal sources for text search and similarity [18], as well as in modern two-stage candidate selection
systems [32]. Preliminary experiments were conducted to find the optimal way to represent the text.
Vectorisation of only the title, only the description, and combined vectorisation of the title and
description were evaluated, as well as additional pre-processing steps such as stop word removal,
lemmatisation, and stemming. The results showed that combining the title and description provides
the most informative representation, as it covers both the general summary of the problem and its
detailed description. Further text normalisation had a minimal impact on performance, as the
transformer models considered in the next step are capable of handling these aspects on their own.

2. Generation of vector representations
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The processed text blocks of errors are converted into dense vector representations using pre-
trained transformer models. For the i -th error report with the title 7, and description D, the

vectors are calculated using the formula:
E,:f(TZ-@D,-)a 1)
where f — is the text vectorisation transformer model, and @ denotes concatenation.

3. Indexing and searching in ChromaDB

The generated vector representations are stored in ChromaDB, a vector database that enables
efficient search for approximate nearest neighbours for large-scale selection, as demonstrated in [31].
ChromaDB provides fast search for potential duplicates by organising vector representations into a
structured index optimised for similarity search. For a new bug report E, the system retrieves the

K most similar reports based on cosine similarity:

Similarity(E, E, ) = W )
q J

where E; represents the vectors stored in ChromaDB.

4. (lassification and refinement

Selected candidates are further analysed using machine learning classification models to
determine whether they are true duplicates. The classifier is trained on unlabelled pairs of bug
reports, with vector representations of text blocks concatenated as follows

C(E,.E,)=¢(E, ®E,), 3)
where g — is the classification model.

5. Final decision

If the system detects a duplicate with high confidence, the error report is linked to an existing
issue. If no duplicate is found, the report is not associated with any of the existing errors. The
proposed hybrid approach, combining semantic search and classification, ensures scalability and
accuracy in duplicate detection, effectively handling the variability of error descriptions.

CREATING TEXT EMBEDDINGS
FOR PROCESSED ERROR
DESCRIPTION USING BERT/
MINILM / MPNET MODELS

PRE-PROCESSING DEFECT
DESCRIPTION

ADDING AN ERROR
REPORT TO THE SYSTEM

SELECTING THE MOST
RELEVANT DUPLICATES OF

RETRIEVING TOP-K

FINALIZING

DUPLICATE
DUPLICATES OF THE ERROR REPORT USING CANDIDATES IN THE
THE INCOMING CLASSIFIERS CHROMADB

REPORT DATABASE

Figure 1. Algorithm for searching for duplicate input errors.

The dataset used in this study is BugHub, a large-scale collection of bug reports obtained from
several open-source projects. It contains structured metadata, including titles, descriptions,
timestamps, components, and references to duplicates. BugHub is a well-suited dataset for duplicate
detection research because it contains labelled duplicate relationships, allowing for the evaluation of
both search and classification models.

Each bug report contains the following fields selected for analysis:

e Bug ID: A unique identifier for each report;
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e  Title: A short text description of the problem;

e  Description: A detailed explanation of the problem, including steps to reproduce, relevant
versions, and a comparison of expected and actual behaviour;

e  Duplicated Issue: An indication of whether this bug has been marked as a duplicate and the
number of the corresponding pair.

This study focuses on five key projects in BugHub: Mozilla Core, Firefox, Thunderbird, Eclipse
Platform, and JDT. These projects cover a variety of domains, from web browsers to integrated
development environments, ensuring that our findings are generalisable to different types of
software. Figure 2 provides an overview of the dataset, including the total number of reported issues
and the number of confirmed duplicates for each project.

250,000
205,069
200,000
150,000
115,814
100,000 85.156
50,000 45,296
32,551
. 14,404
12,501 0 7,688
0
MOZILLA CORE FIREFOX THUNDERBIRD ECLIPSE PLATFORM IDT

u TOTAL AMOUNT OF REPORTS mDUPLICATED REPORTS

Figure 2. Data collection statistics for selected projects.

To prepare the dataset for experiments, we form a diverse and representative set of pairs of bug
reports. This combination covers a wide range of similarity levels, from identical duplicates to closely
related but distinct reports, as well as completely dissimilar bugs. Accordingly, the following three
types of relationships are combined:

e  duplicates within a single duplicate group — reports that are explicitly marked as relating to the
same issue;

e  duplicates from different groups within a single project — pairs originating from separate
duplicate groups within a single project. They may be semantically similar but not marked as
exact duplicates, which helps the classifier learn to distinguish between similar and unrelated
reports;

e non-duplicates — randomly selected reports from the same project that have no duplicate
connections.

The dataset is divided into a training set of 10,000 pairs of error reports and a test set of 2,000
pairs, with carefully balanced ratios of duplicates and non-duplicates. In the training set, duplicates
and non-duplicates are distributed evenly (50% duplicates, 50% non-duplicates), which ensures
uniform training of the classifier. However, the test set reflects the real conditions of error tracking,
where duplicates occur much less frequently. As a result, only 20% of test pairs are duplicates, while
80% are not. This deliberate imbalance ensures that the classifier is evaluated under realistic
conditions, making it more robust to deployment in situations where unrelated errors significantly
outweigh true duplicates.
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Since the task of detecting duplicates involves finding reports that are similar in content, special
attention was paid to transformer models that allow for the construction of contextually rich vector
representations of text. BERT [22], MiniLM [24], and MPNet [25] were selected because they provide
a different balance between speed and accuracy. BERT is a powerful base model that forms multi-
valued text representations, but it is resource-intensive and not optimised for semantic search.
MiniLM, thanks to its compactness, speeds up computations without significant loss of quality.
MPNet demonstrates improved ability to model text semantics, which is especially important for
recognising rephrased error descriptions.

Several traditional machine learning algorithms were considered for classifying potential
duplicates: logistic regression, support vector machines, and XGBoost. Logistic regression allows for
effective estimation of the probability that two reports describe the same problem, making it a simple
and interpretable baseline model. The support vector machine (SVM) method was tested due to its
ability to work with high-dimensional spaces and find nonlinear relationships. To increase speed and
adaptability to complex data distributions, XGBoost was used. Leveraging gradient boosting
mechanisms, it takes into account previous errors and improves classification results.

The combination of transformer models for obtaining vector representations and classical
machine learning algorithms for classification made it possible to develop an effective system for
searching for duplicate error reports. This approach takes into account both the accuracy of detecting
similar records and the speed of processing, which is critical for integration into real workflows.

Several key metrics are used to evaluate search and classification performance: Recall@k,
Accuracy, Precision, Recall, F1-measure and ROC curve (Receiver Operating Characteristic).

Recall@k, or search completeness, determines the proportion of relevant items that appear in the
first found k results, which is especially important when only the most relevant results are
considered. It is calculated using the formula:

number of relevant elements in the top 1%

Recall@k = 4
@ total number of relevant elements @)

Accuracy reflects the overall correctness of the classification model by measuring the ratio of
correctly classified cases (both positive and negative) to the total number of cases. The formula is

given below:

TP+TN

Accuracy = >
TP+TN+ FP+FN

()

where:

e TP — true positive predictions (correctly classified positive cases);
e TN — true negative predictions (correctly classified negative cases);
e FP — false positive predictions (incorrectly classified as positive);
e FN — false negative predictions (incorrectly classified as negative).

Precision, or positive predictive value, measures the accuracy of positive predictions by
determining the ratio of true positive predictions to the total number of predicted positive cases,
calculated as follows

TP
Precision=———. (6)
TP+ FP

Recall, or the true positive prediction rate, assesses the model's ability to identify all relevant
cases:
TP

Recall =——. )
TP+ FN
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F1l-measure is a harmonic mean of Precision and Recall, providing a single metric that balances
accuracy and completeness. It is particularly useful when classes are unevenly distributed in a
dataset. The following formula is:

PrecisionX R
F =2 7 ecision X Re call

Precision+ Recall ®)
However, to fully evaluate the model's performance, it is important to consider not only the
balance between accuracy and completeness, but also the relationship between sensitivity and
specificity at different classification thresholds, which is best demonstrated on the ROC curve.
Sensitivity is another name for the Recall metric and is presented in the formula. Specificity
measures how well the model recognises unique reports while avoiding false positive predictions. It
is calculated using the formula:

TN

Specificity = —— .
pecificity TN + FP

©)

4. Experiment and Results

Tables 1-5 show the results of a comparative evaluation of the BERT, MiniLM, and MPNet
models using the (4) Recall@K metric (where K = 10, 50, 100) for the task of identifying duplicates
within five software projects: Eclipse JDT, Eclipse Platform, Mozilla Core, Mozilla Firefox, and
Mozilla Thunderbird.

Table 1. The effectiveness of separation in the Eclipse JDT project.

Model/Metric Recall@10 Recall@50 Recall@100
BERT 0.1425 0.2412 0.3023
MiniLM 0.4509 0.6930 0.7543
MPNet 0.5388 0.7343 0.7949

Table 2. The effectiveness of separation in the Eclipse Platform project.

Model/Metric Recall@10 Recall@50 Recall@100
BERT 0.1725 0.2365 0.3136
MiniLM 0.5354 0.7232 0.7809
MPNet 0.5827 0.7467 0.8077

Table 3. The effectiveness of separation in the Mozilla Core project.

Model/Metric Recall@10 Recall@50 Recall@100
BERT 0.1113 0.1689 0.2030
MiniLM 0.4643 0.6318 0.6955
MPNet 0.5583 0.7115 0.7478

Table 4. The effectiveness of singling out in the Mozilla Firefox project.

Model/Metric Recall@10 Recall@50 Recall@100
BERT 0.1441 0.2201 0.2602
MiniLM 0.5093 0.7046 0.7698
MPNet 0.5929 0.7833 0.8409

Table 5. The effectiveness of separation in the Mozilla Thunderbird project.

Model/Metric Recall@10 Recall@50 Recall@100
BERT 0.0679 0.1471 0.2218
MiniLM 0.4504 0.6680 0.7619
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MPNet 0.5185 0.7525 0.8337

Tables 6-10 present a comparison of the performance of three classification models — Logistic
Regression, SVM, and XGBoost — for five different software projects: Eclipse JDT, Eclipse Platform,
Mozilla Core, Mozilla Firefox, and Mozilla Thunderbird. The evaluation is based on four basic
metrics: Accuracy (5), Precision (6), Recall (7), and F1-score (8).

Table 6. The effectiveness of classification in the Eclipse JDT project.

Model/Metric Accuracy Precision Recall F1-score
Logistic Regression 0.74 0.86 0.74 0.79
SVM 091 0.94 0.92 0.92
XGBoost 0.91 0.93 0.91 0.92

Table 7. The effectiveness of classification in the Eclipse Platform project.

Model/Metric Accuracy Precision Recall F1-score
Logistic Regression 0.67 0.85 0.67 0.73
SVM 0.92 0.95 0.92 0.93
XGBoost 0.91 0.94 0.91 0.92

Table 8. Classification performance in the Mozilla Core project.

Model/Metric Accuracy Precision Recall Fl-score
Logistic Regression 0.83 0.84 0.84 0.84
SVM 0.93 0.94 0.93 0.93
XGBoost 0.94 0.95 0.94 0.95

Table 9. The effectiveness of classification in the Mozilla Firefox project.

Model/Metric Accuracy Precision Recall F1-score
Logistic Regression 0.76 0.84 0.76 0.79
SVM 0.93 0.94 0.94 0.94
XGBoost 0.92 0.93 0.92 0.93

Table 10. Classification performance in the Mozilla Thunderbird project.

Model/Metric Accuracy Precision Recall F1-score
Logistic Regression 0.74 0.87 0.74 0.78
SVM 0.94 0.96 0.94 0.95
XGBoost 0.93 0.95 0.93 0.94

Figure 3 presents a comparative analysis of ROC curves for three classification models —
Logistic Regression, Support Vector Machine, and XGBoost — using five software projects as
examples: Eclipse JDT, Eclipse Platform, Mozilla Core, Mozilla Firefox, and Mozilla Thunderbird. For
each model, the classification quality is evaluated based on the area under the ROC curve (AUC),
which allows analysing their ability to distinguish between positive and negative classes at different
classification thresholds. To construct ROC curves, the values of Sensitivity (7) and Specificity (9)
were calculated at different classification thresholds.

Additionally, a system has been developed that provides a convenient graphical interface for
users to automatically detect duplicate error reports. To demonstrate how the proposed system
works, we use a subset of Mozilla Firefox error reports that contain recurring errors that are difficult
to detect manually. Figure 4a shows the system preparation process, including data set loading,
model selection, and classifier training. Figure 4b shows the duplicate search stage, where the user
enters a new report and the system automatically finds the most similar errors.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1068.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 November 2025 d0i:10.20944/preprints202511.1068.v1

9 of 15

2 2 06
= =
’G ’Q
» ? 04
0.2 o —— Logistic Regression (AUC = 0.65) 0.2 o —— Logistic Regression (AUC = 0.65)
SVM (AUC = 0.97) SVM (AUC = 0.97)
/ —— XGBoost (AUC = 0.95) —— XGBoost (AUC = 0.95)
0.0 *” 0.0 *”
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity 1 - Specificity
(a) (b)
Z G
; =
0.2 —— Logistic Regression (AUC = 0.67) 0.2 —— Logistic Regression (AUC = 0.61)
: SVM (AUC = 0.95) SVM (AUC = 0.94)
) —— XGBoost (AUC = 0.95) —— XGBoost (AUC = 0.92)
0.0 ** 0.0 **
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity 1 - Specificity
(0) (d)

Sensitivity

0.2 ,"/ —— Logistic Regression (AUC = 0.72)
. SVM (AUC = 0.98)
—— XGBoost (AUC = 0.96)

0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

(e)

Figure 3. Comparison of ROC curves and AUC values for different classification models for each project: (a)

Eclipse JDT; (b) Eclipse Platform; (c) Mozilla Core; (d) Mozilla Firefox; () Mozilla Thunderbird.

The interaction begins with loading a dataset containing previous reports, their descriptions,
and information about possible duplicates. After importing the data, the user can view it in a table
and choose an approach to duplicates analysis:

e  Accurate method (SVM + MPNet) — provides maximum accuracy using powerful deep vector
representations of text and non-linear classification methods.

e  Fast method (XGBoost + MiniLM) — offers a compromise between speed and accuracy using
efficient but less resource-intensive models.

After selecting an approach, the programme prepares a vector database that allows you to
quickly search for similar reports and trains a classifier that determines whether two reports are true
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duplicates. The user can track the progress of the preparation process thanks to a logging system that
shows the key stages of configuration in real time.

When the system is ready, the user can add a new report by specifying its title and description.
The programme automatically searches the vector database, finds the most similar reports, and then
classifies which ones are true duplicates. The results are displayed as a list of the most similar reports,
allowing the user to check them manually and confirm the duplicates.

Bug Duplicate Finder x Bug Duplicate Finder

System Setup | Find Duplicates. System Setup| Find Duplicates
Upload a dataset of bug reports to set up duplicate retrieval and classification. Enter bug information
Bug Title:
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Figure 4. Description of the programme interface: (a) system interface at the preparation stage; (b) system

interface at the duplicate search stage.

Thus, the system significantly reduces the workload on testing teams, helping them quickly find
duplicates without the need for lengthy manual analysis. This speeds up the processing of bug
reports, increases the efficiency of development teams, and helps optimise software defect
elimination processes.

5. Discussion

The search results demonstrate the significant advantages of using models pre-trained for
semantic similarity. MPNet consistently achieves the highest completeness score for all projects,
confirming its effectiveness in semantic search tasks. MiniLM shows slightly lower results, but
provides comparable performance with reduced computational load, making it a good choice for
cases where processing speed is a priority.

In contrast, BERT shows significantly lower results, once again confirming the importance of
using models optimised for semantic similarity search. It is also worth noting that the performance
of the models depends on the structure and terminology of the error reports. For example, in the
Mozilla Core project, the scores are lower, probably due to more diverse and less structured error
descriptions.

An analysis of the dependence of accuracy on the K parameter in the Recall@K metric showed
that accuracy increases significantly as K increases. The result is consistent with expectations, as a
larger candidate set increases the probability of finding a true duplicate. However, the study also
found that after a certain K threshold, the efficiency increases less significantly, and an excessively
large value can lead to the inclusion of irrelevant reports. The optimal value of K = 100 was
determined experimentally as a compromise between achieving high recall and minimising
unnecessary computations.

The key conclusion of this stage of the research is that using pre-trained models for semantic
search outperforms over training your own models from scratch. MiniLM and MPNet demonstrate
that by using pre-trained models specifically optimised for sentence comparison, high search
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accuracy can be achieved without the need for additional training. Furthermore, our results confirm
that general-purpose language models such as BERT are not effective enough for search tasks without
additional training, as they cannot effectively rank semantically similar bug reports. The integration
of MPNet for high search accuracy and MiniLM as a lightweight alternative, combined with
ChromaDB for efficient vector search, forms a robust and scalable mechanism for detecting duplicate
errors.

The results demonstrate the superiority of SVM and XGBoost in duplicate detection, with SVM
achieving the highest F1 score in most datasets, making it the most accurate model for distinguishing
true duplicates from similar ones. In particular, SVM achieves an F1 score >= 0.94 for Mozilla
Thunderbird and Mozilla Firefox, making it the best model for these datasets. XGBoost, in turn,
shows the highest F1 score on Mozilla Core, demonstrating its effectiveness on structured report sets
containing well-defined recurring errors. High precision and recall values for both models indicate
that they successfully identify true duplicates while minimising false positives, providing a balance
between duplicate detection and classification. However, XGBoost's ability to effectively balance
precision and recall suggests that it may be a better choice for large-scale projects, providing faster
processing than SVM with similar F1 performance.

Unlike XGBoost and SVM, logistic regression is significantly inferior in terms of performance,
as its F1 score does not exceed 0.80 in most cases. This confirms that duplicate detection is a non-
linear problem that requires models capable of finding complex decision boundaries. The low
accuracy and precision values for logistic regression indicate that it does not distinguish well between
duplicates and non-duplicates, leading to both false positives and false negatives. Although
including logistic regression in the analysis as a baseline model is useful, its poor performance
confirms that simple linear models are not suitable for classifying duplicate errors.

Confirmation of the conclusions can be seen in the ROC curves, which illustrate the effectiveness
of the models at different decision threshold values (Figure 4). SVM demonstrates the highest area
under the curve (AUC =0.94-0.98), confirming its superiority in classification accuracy, especially for
the Mozilla Thunderbird and Firefox sets. XGBoost (AUC = 0.92-0.96) also shows consistently high
results, yielding only slightly to SVM. Logistic regression (AUC = 0.61-0.72) lags significantly behind,
confirming its inability to adequately separate duplicates from non-duplicates. The high AUC values
for SVM and XGBoost demonstrate their effectiveness in finding the optimal compromise between
sensitivity and specificity, which is critical for the task of duplicate detection.

Also, an interesting discrepancy is observed when comparing the effectiveness of retrieval and
classification in different projects. Mozilla Core, which had the lowest completeness value at the
search stage, achieves the highest F1 value for XGBoost (0.95), indicating that despite the difficulty in
obtaining correct duplicate candidates, it is easier to classify them correctly after the search. This
probably means that Mozilla Core contains strong duplicates of bug reports, but their wording is
inconsistent, which complicates the search stage but simplifies classification. Once the correct
candidates are found, the classifier has no difficulty distinguishing true duplicates from non-
duplicates, which explains the high classification efficiency for Mozilla Core, despite weaker results
at the candidate extraction stage.

A comparison with current research demonstrates the key advantages of our chosen approach.
Article [35] uses an analytical hierarchical process (AHP) to optimise the selection of optimal
algorithms. However, unlike the specialised MPNet and MiniLM models, AHP does not have the
ability to perform semantic embedding.

In [36], Shannon's entropy method is used for pre-processing data. But the complexity of its
adaptation and the need for significant modifications to work correctly with high-dimensional vector
representations of natural language make it less effective. While the predictive models in [37] focus
on predicting changes in numerical indicators over time, our approach has a fundamental advantage
for solving the problem of duplicate detection. Another common method is Bayesian analysis [38],
but it requires significant resources to ensure the accuracy of the research results. Thus, our two-stage
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approach is both specialised and technologically superior, as it is specifically designed to solve the
complex problem of semantic similarity in error datasets, ensuring high accuracy and scalability.

These results emphasise that the effectiveness of error duplicate detection depends not only on
the selected search and classification models, but also on the structure of the dataset itself. Some
datasets may contain vaguely formulated duplicates, which complicates search but facilitates
classification, while others contain subtle differences between duplicates, which, conversely,
complicates classification. Future research may consider hybrid approaches that dynamically adjust
search thresholds and classification models depending on the characteristics of the dataset. In
addition, domain adaptation techniques can be used to fine-tune models for specific software
ecosystems, ensuring reliable performance in different bug tracking environments.

6. Conclusions

The proposed approach combines semantic search based on contextual vector representations
with classification refinement, which allows for effective detection of duplicate bug reports.
Experiments have shown that MPNet provides the highest completeness in search, while MiniLM
offers the optimal balance between speed and quality. For classification tasks, SVM achieves the
highest accuracy, especially with MPNet embeddings, while XGBoost provides faster computation
without sacrificing result quality. The optimal combination for practical application is MiniLM for
search and XGBoost for classification, as it provides fast processing and high accuracy. For critical
tasks with a priority on accuracy, the best choice is MPNet in combination with SVM. Thus, the choice
of models must take into account the system requirements for speed or accuracy. The proposed
solution also combines the use of ready-trained models, enabling high efficiency with minimal
configuration and implementation effort.
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