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AI-based Clustering of Similar Issues in GitHub’s Repositories

Hamzeh Eyal Salmana,∗

aDepartment of Software Engineering, Mutah University, 61710 Al-Karak, Jordan

Abstract

Issues are highly prevalent on GitHub due to the increasing scale of its software repositories. These issues
are submitted to the issue tracking system for several reasons: reporting a bug, asking a question, or other
maintenance activities. The attractive repositories on Github receive a large number of issues daily. As-
signing similar issues individually to different developers for validating and fixing introduces inconsistencies
when asynchronously independent developers fix them, in addition to slowing the fixing process. However,
grouping similar issues into clusters and assigning each cluster to the same and appropriate developer/team
speeds up the fixing process. In this paper, a machine learning algorithm-based approach has been proposed
to support issue management on GitHub by grouping similar issues together. For validity, the proposed
approach was applied to 13 software components from different and large repositories. Findings reveal that
the proposed approach identifies similar clusters of issues with promising results using widely used evaluation
measures in this subject: Precision, Recall, and F-measure.

Keywords: Issues, Issues Management, Similarity, GitHub, Machine Learning, Maintenance, Clustering

1. Introduction

In the software development life cycle, the maintenance phase is crucial for several reasons that form the
motivation for this phase. Firstly, maintenance activities accommodate the users’ demands for improvement
and extension via adding new features or modifying the existing ones. Secondly, the source code should be
free from any potential flaw that badly impacts the performance or correctness [1]. Finally, maintenance5

activities help facilitate future maintenance efforts such that the maintainer spends a little time and effort
for understanding software artifacts to achieve different maintenance activities with the least cost [1].

Maintenance efforts on GitHub, the most popular social coding platform, escalated. This is because it
hosts a huge number of repositories with a huge number of contributors, more than 100 million developers
working on over 352 million repositories in November 2022 [2][3]. On GitHub, a contributor creates issues10

in a repository for several maintenance reasons [4]: adding new features, reporting bugs to be fixed, or
asking a question about the capability of the software. The core team members of the repository should
respond to these issues to keep the contributors engaged in the improvement process of their software
project. However, when the software project grows, the number of contributors and thus the number of
issues grows incrementally, too. For example, Elastic-search project receives daily and monthly 25 and 76015

issues, respectively [5]. These issues differ in their nature and quality (asking for support, for improvement
of a functionality, bug reporting). Therefore, the issues management in such cases will be harder.

Assigning similar issues individually to different developers for validating and fixing introduces inconsis-
tencies when asynchronously independent developers fix them, in addition to slowing the fixing process [6].
However, grouping similar issues together into clusters and assigning each cluster to the same and appro-20

priate developer/team speeds up the fixing process. In this study, I suggest an approach to support similar
issues clustering on GitHub. This approach aims to group similar issues into clusters. Such a clustering
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mechanism has positive impacts on issue management and solves different problems as follows: (i) to speed
up the process of fixing issues and reduce the turnaround time for fixing, (ii) when related issues are grouped
together, this speeds up the assignment process by finding the appropriate reviewer(s) for a cluster instead of25

individual issues, especially, if the assignment process is done manually [6], (iii) to consolidate similar issues
into a single, well-defined issue that covers all the variations and aspects of the problem. To the best of my
knowledge, clustering similar issues on GitHub is seldom considered in the literature, and many approaches
were proposed to identify only duplicate issues. The difference between similar and duplicate issues is that
the former refers to a set of issues with some common characteristics or are closely related, but they are not30

necessarily exact duplicates. For example, if users are encountering slightly different issues while using the
same feature of a software application, these issues might be considered similar. The latter refers to copies
of the same issue submitted by different users with/without the same descriptions.

The issue tracking system (ITS) in GitHub is an important maintenance tool to manage issues. This
tracking system allows contributors to provide descriptive information for issues such as title and description.35

Also, it is working as a labeling system. Labels are meta-data assigned to issues for different purposes.
Namely, labels give information about the topic of issues, their priority, their objectives, etc. Moreover, they
support core team members of the project in classifying and triaging. Liao et al. [7] studied the impact of
labeled or tagged issues on their management using six popular repositories. They found that the labeled
issues were immediately addressed while unlabeled ones could be opened for a long time. However, labeling40

issues in GitHub are scarcely used and sometimes with wrong labels [8][9]. Therefore, issue labels can not
be trusted to assign issues to reviewers.

The proposed approach takes, as input, issues from a given repository. Then, it computes the textual
similarity among these issues. This similarity is computed based on the textual information, which includes
the title and description of each issue. Such information embeds the intent and object of the contributor45

who submits the issue. This textual information represents features to help machine learning algorithms to
cluster similar issues together. Next, the Agglomerative Hierarchical Clustering (AHC) algorithm is used to
cluster similar issues. To evaluate the efficiency of the proposed approach, the obtained results are evaluated
using the well-known metrics in this subject: Precision, Recall, and F-Measure.

The remaining section of this article is structured as follows. In Section 2, a detailed background is50

presented to understand the proposed approach. In Section 3, a literature review related to the research
work of this article is surveyed. The proposed approach is detailed in Section 4 followed by the experimental
results and discussion in Section 5. Finally, conclusions and future work are presented in Section 6.

2. Background

In this section, a necessary background to understand the issue report structure on GitGub, issues man-55

agement through the issue tracking system, and agglomerative hierarchical clustering algorithm is presented.
Also, a motivational example is provided in this section to support this research work.

2.1. GitHub
Nowadays, social coding platforms attract developers and end users as these platforms provide a huge

number of free open-source projects. One of the most famous social coding platforms is GitHub. In November60

2022, there are more than 100 million developers working on over 352 million repositories [2][3]. GitHub
is established on top of the Git version control system. Therefore, it provides different development and
maintenance activities such as parallel development and integration, repository management, issue reporting,
tracking, and fixing, etc. In GitHub, there are two main social distinct artifacts: pull-request (PR) and issue
reporting. These artifacts are produced by two different processes: development and testing. The issue is65

used by testers to inform a repository’s owner(s) about discovering a buggy code or any other type of issues
and how to generate them. PR is used by developers or maintainers to merge their code changes to the main
branch of a given repository. These code changes may fix an issue, add feature(s), enhance performance, or
any other development activity [10]. Therefore, issues usually are linked to PRs to show their fixing progress
in GitHub.70
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Figure 1: An overview of Issue Tracking System in GitHub [4].

The issue tracking system (ITS) provided by GitHub is a lightweight web-based application to manage
and maintain a list of issues and track their progress. Figure 1 shows an overview of the workflow of the
issue tracking system in GitHub [4]. This overview consists of the following steps. Firstly, as shown, when
a tester discovers an issue in a particular repository, he opens or creates an issue report to report this issue
via ITS. It typically asks him to provide elementary information to describe this issue in addition to other75

structured fields that should be filled in to submit such a report. Secondly, to fully grasp the issue, the
repository’s owner(s) and contributor(s) have a discussion about it after receiving the issue report. Thirdly,
this issue is labeled with meta-data such as its category, priority, etc. Finally, based on this labeled data,
the issue is assigned to the appropriate developer to fix.

Each issue on GitHub has a title, description, number, and status (either closed or open). The title and80

description include implicit useful information about the issue’s objectives and context. The description may
include a code snippet to refer to and detail the buggy code. Also, each issue has other different information
such as labels, comments, assignees, contributors, milestones, etc. Issues may be linked to pull requests
that resolve them. Labels give different important information about the issue type (bug), the severity
(inconvenient), and others. All these labels are important for issue management.85

2.2. Motivational Example
Four similar issues are presented in Figure 2 to motivate the need to cluster these similar issues together.

These issues1,2,3, 4 are selected from Scrapy repository on GitHub.
As shown in this figure, there are four issues with similar titles and descriptions. The titles of these

issues indicate that they are about cookie handling in the Scrapy project. Also, the description of these90

issues contained shared keywords, such as spider, cookie, handling, middleware, and request. By referring
to the description of these issues, it is noticed that they are related and cover different aspects of cookies
in Scrapy. Moreover, the description explicitly indicates that these issues are related (see blue boxes in the
figure). For example, issue number 5431 indicates that this issue is related to issue numbers 2124 and 5841,
respectively.95

1https://github.com/scrapy/scrapy/issues/5930
2https://github.com/scrapy/scrapy/issues/5431
3https://github.com/scrapy/scrapy/issues/2124
4https://github.com/scrapy/scrapy/issues/5841
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Figure 2: An example of four similar issues from Scrapy repository on Github.
4



2.3. Clustering Algorithm
Clustering is an essential activity in unsupervised machine learning (ML) [11]. Generally, clustering

aims to find similar unlabeled data instances and group similar instances into groups. Each group is called
a cluster. Such similarity is computed based on features embedded in the data. In the literature, there are
different clustering algorithms such as K-Means, BIRCH, DBSCAN, agglomerative hierarchical clustering100

(AHC), etc. The choice of which clustering algorithm should be applied depends mainly on two reasons.
Firstly, the number of clusters that should be defined in prior. For example, the applications of K-Means and
BIRCH require a predefined number of clusters to be known, while DBSCAN and AHC do not. The second
one is the need to build a generalized prediction model for incoming future unlabeled data instances. For
example, K-Means and BIRCH allow building prediction models for future use, while DBSCAN and AHC105

do not allow building such models. All clustering algorithms require ground truth clusters to be available
prior to evaluate their efficiency. In this study, the AHC algorithm is used as there is no predefined number
of similar issue clusters, and thus it is fit for the purpose of this research work.

The AHC algorithm is a bottom-up hierarchical clustering where each individual data instance forms
a single cluster [12]. The nearest data instances according to some similarity measure (either semantic or110

lexical similarity measure) are merged together to form a new cluster. This initial binary merging of data
instances and later of emerging clusters continues until all data instances in the problem space belong to
only one cluster, and the resulting hierarchy called dendrogram tree. Finally, this tree structure is cut
horizontally to produce a specific number of clusters. The cutting point is driven by a distance threshold
or by other methods, such as Elbow method. When the cutting point goes up or down in the dendrogram115

tree, the number of classes decreases or increases, respectively.

3. Related Work

To the best of our knowledge, there is no research work in the literature addressing the problem of cluster-
ing similar issues into groups in GitHub. In the literature, there are many approaches proposed to discover
duplicate issues. These approaches are mainly organized into three categories based on the methodology120

being used: natural language processing (NLP), information retrieval (IR), and machine learning (ML).
However, NLP and IR-based approaches are limited to detecting duplicate issues due to textual and vocab-
ulary mismatches in the text describing these issues [13][14]. Also, ML-based approaches suffer from a lack
of large and quality data, generalized prediction model, and data imbalance [13]. In this section, the most
recent and relevant works in these categories are presented.125

3.1. IR and NLP-based Approaches
The idea behind using IR and NLP is to find textual overlapping between bug report queries and already

existing report queries in the repository. In [15], Runeson et al. built a vector space model (VSM) of bug
report textual information (summary and description fields) to detect duplicate bug reports. Then, different
similarity measures are used to find the similarity between the query bug reports and the already existing bug130

reports: Jacard, cosine, and dice measure. In [16], Wang et al. improved the work proposed by Runeson et
al. by considering execution traces available in bug reports in addition to the textual information. However,
these traces are not always available in bug reports. In [17], Amoui et al. proposed to use IR to retrieve
a ranked list of top-k similarity bug reports in an industrial use case (BlackBerry Systems). The ranked
list is computed based on three features extracted from the report of these systems: Summary, Description,135

and First_Email. This ranked list allows triggers to compare the incoming bug report with this list to
discover the duplication. In [18], Thung et al. used VSM to find duplicate bug reports based on the title
and description of bug reports.

Topic-based modeling has an important impact on detecting duplicate bug reports. In [19], Nguyen et
al. proposed to combine IR and topic models (semantic information in bug reports) to detect duplicate bug140

reports. In [20], Akilan et al. proposed to combine Latent Dirichlet Allocation (LDA) and word embedding
technique (called GloVe) to detect duplicate bug reports. In [21], Hindle et al. calculated the similarity
between the title, description, product feature, component feature, bug category, priority, and version to
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determine whether the bug report is duplicate or not using the textual, categorical, and contextual similarity
metrics.145

3.2. ML-based Approaches
In [22], Rodrigues et al. proposed a novel approach called Soft Alignment Method for Bug Deduplication

(SABD). Their approach is based on deep learning and uses two sub-neural networks. One network deals
with categorical fields in bug reports (version, component name, etc.), and the other deals with free textual
information. Their approach receives two bug reports: query report (new report) and a candidate one150

(previously submitted report). The outputs of the two sub-networks are concatenated to determine whether
the candidate bug report is duplicated or not. In [23], Deshmukh et al. proposed a deep learning architecture
consisting of CNN and Siamese LSTM to detect duplicate bug reports. Three different types of encoders
are used to encode different bug report features. The outputs are concatenated to represent the bug report.
In [24], He et al. used a dual-channel convolutional neural network (DC-CNN) with the word2vec (semantic155

weighting mechanism) to detect duplicate bug reports. In [25], Haering et al. combined BERT and deep
learning for bug report detection.

In [26], Sun et al. used the support vector machine (SVM) to detect duplicate bug reports. In their work,
a discriminative model is built to check whether two bug reports are duplicated or not based on probability
scores. In [27], Klein et al. investigated different machine-learning algorithms to classify duplicate bug160

reports. These classifiers are Random Forest, KNN, Decision Tree, Linear SVM, Naive Bayes, and RBF.
All the above-mentioned approaches in this section are designed to detect only duplicate issues and

ignore detecting similar issues that are not duplicated. The proposal presented in this article is to detect
and cluster similar issues together.

4. The Proposed Approach165

The clustering process in this research work is guided by two important features extracted from the
issue’s report. These features are the title and body of each issue. When a contributor submits an issue,
the issue tracking system asks the contributor to provide title, body, and label of the submitted issue. These
features serve as clues to link similar issues together. The issue’s title and label is a brief text and includes
valuable, and precise words about the issue. The issue’s body is descriptive text to detail the issue with170

technical steps and code snippets (see Figure 2). In this study, title and body features are only considered
during the clustering process while Label is ignored as it is repetitive and missed in many issues.

Figure 3 displays a holistic view of the proposed approach to cluster similar issues together. For a given
GitHub’s repository, the issues with all their contents (title, body, label, etc.) are gathered using GraphQL
API. This content is parsed and only the features of interest are selected for each issue individually. Then,175

The text of the extracted features are pre-processed. Next, each issue is vectorized and weighted. Finally,
the AHC algorithm is applied to group similar issues together. The obtained clusters are compared to
reference clusters to evaluate the effectiveness of the proposed approach.

4.1. Parsing and Feature Selection
Feature selection is a process to remove unneeded features that could increase the computation cost and180

degrade the results of the clustering model. Therefore, in this step, the textual content of each individual
issue is parsed to keep only the important features and discard the rest. As mentioned above, these important
features are the title and body of each issue.

4.2. Data Preprocessing
In this step, standard pre-processing tasks in natural language processing (NLP) are followed. These185

include removing special characters and punctuation marks, splitting the issue’s text into tokens with lower
casing, removing stop words, and stemming.

6



Figure 3: Clustering process overview.
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4.2.1. Special Characters Removing
This task aims to remove numbers, symbols, punctuation marks, parentheses, and HTTP links from the

title and body of each issue. To complete this cleaning task, an appropriate regular expression has been190

applied using "re" library in Python.

4.2.2. Tokenization and Lower Casing
This task aims to split the title and body text of each issue into separate words called tokens. This

splitting task is based on space (as a separator) and camel case notation. This task is completed using the
"word_tokenize" function from the NLTK (the Natural Language Toolkit) library in Python. Then, each195

identified token is lowered case.

4.2.3. Stop Word Removing
After the tokenization task has been completed, not all resulting tokens are viable. Therefore, in this

step, stop words (of, the, on, while, etc.) are removed. These words appear frequently in the title and body
of each issue and are not important to find textual similarity among issues. To achieve this step, the NLTK200

library in Python is used.

4.2.4. Stemming
Tokens extracted from all issues are the base to compute textual similarity among issues’ vectors. There-

fore, tokens must be returned back to their base forms (stems) in a process called stemming. In this step,
the most widely used stemming algorithm in English is used and called "Porter stemmer". This algorithm205

is implemented by NLTK library in Python.

4.3. Vectorization and Weighting
To easily compare issues, a vector with tokens is created for each issue in a process called vectorization.

Each token in the issue’s vector has a weight to represent the importance of that token in that vector (issue).
In this study, a well-known term weighting metric in NLP is used called TF-IDF (Term Frequency Inverse210

Document Frequency) [28]. In this metric, a global weighting score is assigned to each token in the issue
corpus, which consists of all tokens extracted from all feature texts for all issues. This score takes into
account not only the frequency of a token in individual issues but also across all issues. The weight score
rises when a token appears more frequently in a certain issue, but it decreases when the token appears more
frequently in different issues. Additionally, this score reveals the significance of a token in a particular issue;215

higher TF-IDF scoring tokens are better in expressing the issue’s content. To complete this step, a TF-IDF
matrix is built. In this matrix, all tokens in the issues’ corpus are rows, all issues’ vectors are columns, and
the cell at the intersection of a selected token and the issue’s vector indicates to TF-IDF weight of that
token in that vector. The TF-IDF weight score is computed using the equations 1 - 3 and this victorization
process is achieved using the "TfidfVectorizer" function implemented in the "scikit-learn" library.220

TFIDF (t, d) = tf(t, d) ∗ log N

(df + 1)
(1)

tf(t, d) =
count of t in d

number of words in d
(2)

df(t) = occurrence of t in N document (3)

Where N is the number of issues’ vectors in the corpus. tf and df are term frequency and document
frequency (vector frequency), respectively. t and d are token and document (vector), respectively.
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4.4. Building Clustering Model using AHC
Any clustering algorithm relies on some measure of similarity to group similar data points in the space

together. In this study, cosine similarity is adopted as a similarity measure to build a clustering model using225

AHC. It is a widely used metric over others working on textual artifacts in different software engineering
tasks. In this research work, it is used to compute the textual similarity between any two issues’ vectors in
the TF-IDF matrix (built in the previous step). It works by computing the cosine of the angle between these
vectors. Its score takes a range between [0, 1] as it is computed only over the positive space. According to
this measure, 0 refers to weak similarity, while 1 refers to strong similarity between issues’ vectors. These230

cosine scores are computed using the equation 4.

Cosine(V1, V2) = cos(θ) =

−→
V1.
−→
V2

∥
−→
V1∥∥

−→
V2∥

(4)

The next subsections explain the main two steps in the AHC algorithm to build a clustering model that
groups similar issues’ vectors into clusters based on their cosine similarity scores.

4.4.1. Clustering and its Visualization
The general application of AHC algorithm requires building the dendrogram tree of initial singleton235

clusters. In this research work, a dendrogram tree of TF-IDF vectors is built (issues’ vectors) according to
the Algorithm 1. The input of this algorithm is all issues’ vectors in TF-IDF matrix, and the output is a
nested dendrogram tree of these vectors. The algorithm starts with a set of singleton clusters, where initially
each issue’s vector is a singleton cluster. Then, the most similar vectors are merged together to form a new
cluster replacing them (in each round of the while-loop (lines 2–7). This nested binary merging proceeds240

through while-loop rounds to finally get a single cluster including all issues’ vectors.
Figure 4 demonstrates a simple example to build a dendrogram tree of a set of issue vectors (15 issue

vectors). In this figure, the number of these vectors is placed on the x-axis, while distance scores (cluster
distance) are placed on the y-axis. As shown in this tree structure, the initial level (seed or bottom level)
consists of 15 single clusters. When you go up in the tree, each closest pair of child issues is merged together245

to form a parent of these children. This binary merging process continues until a single cluster (parent)
consisting of all issues is obtained.

Figure 4: An example of dendrogram tree with cutting line.
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Algorithm 1: General Algorithm for Building Dendrogram Tree
Input: ISs //IS Vectors
Output: dendgro //Dendrogram Tree

1 stack seeds ← ISs
2 while ( |seeds| > 1) do
3 (Clu1,Clu2) ← mostSimilarClusters(seeds)
4 Pop(Clu1, seeds) //Clu1: Cluster 1
5 Pop(Clu2, seeds) //Clu2: Cluster 2
6 Clu3← Combine(Clu1, Clu2)
7 Push(Clu3, seeds)
8 end
9 dendgro ← seeds

10 return dendgro

4.4.2. Extracting Clusters of Similar Issues
In the AHC algorithm, the dendrogram tree is built without a prior assumption about the number of

clusters. Therefore, the dendrogram tree should be horizontally cut to produce a set of interested clusters.250

The horizontal cutting point represents the cluster’s distance threshold specified by the repository owner.
When this cutting point goes down or up in the dendrogram, the number of clusters increases or decreases,
respectively. Each child branch formed below the horizontal cutting line represents a disjoint individual
cluster. Therefore, this cutting point should be specified by the repository owner who is aware and can
evaluate which issues are similar. In this research work, this cutting point is set after many tries to find255

reasonable similar issue clusters based on title and description matching.
Algorithm 2 is proposed to extract potential clusters of similar issues based on the depth-first search

(DFS) algorithm. The algorithm has two inputs: the constructed dendrogram tree (dend), and the cluster
distance threshold (DisT). The essence of this algorithm is to compare the cosine similarity of right and
left child clusters starting from the parent root of the dendrogram, where each child cluster is considered a260

single vector. If the computed similarity score is less than the distance threshold (DisT), the search goes
down in the dendrogram tree to the next immediate branches. Otherwise, the parent cluster is added to an
accumulator of potential clusters (called IsClusters) as a potential cluster of similar issues. This searching
process in the dendrogram tree continues until all potential clusters of similar issues are identified.

By referring again to the dendrogram tree presented in Figure 4, the red horizontal line in this tree265

represents the cutting point which is defined based on a distance threshold score equal to (60%). Based on
this cut point, there are five potential clusters of similar issues identified: [10,12], [11,13,7,14], [8,4,0,1], [5,6],
and [3,2,9]. The issues/nested clusters with the same height belong to the same clusters.

5. Experimental Results and Evaluation

In this section, the effectiveness of the proposed approach is evaluated using a ground-truth dataset.270

In the beginning, the dataset used for evaluation is described. Then, research questions and evaluation
procedures are listed. After that, the experimental results are presented with discussion. Finally, the
threats to validity are refuted.

5.1. Dataset
To evaluate the effectiveness of the proposed approach, it should be applied to a ground-truth dataset275

in the subject. However, such a dataset does not exist yet. Therefore, the proposed approach is evaluated
using a dataset of duplicate clusters of issues, as 100% duplicate issues are similar issues, too.

The proposed approach is applied to a public dataset of duplicate issues from different GitHub repositories
and software projects called BugRepo (freely available on https://github.com/logpai/bugrepo). Randomly,

10



Algorithm 2: Identifying Similar Clusters of Issues
Input: dend, DisT // a dendrogram tree of FRs and distance threshold
Output: IsClusters // a set of issues clusters

1 stack heap // heap is a stack
2 heap.push(root(dend))
3 while (|heap|> 0) do
4 parent← heap.pop()
5 Clu1← getLeftCluster(parent, dend)
6 Clu2← getRightCluster(parent, dend)
7 Sim← cosSim(Clu1, Clu2)
8 if (Sim > DisT ) then
9 IsClusters.add(Clu1)

10 IsClusters.add(Clu2)

11 else
12 heap.push(Clu1)
13 heap.push(Clu2)

14 end
15 end
16 return IsClusters

different numbers and sizes of duplicate clusters with two or more issues are chosen from different software280

components (as shown in Table 1). These chosen clusters are used as ground-truth clusters to evaluate
the proposed approach in this study. As shown in this table, these clusters are diverse to ensure free-bias
evaluation.

The ground-truth clusters used in the evaluation are described statistically in Table 1. It shows, for each
project/software component, the total number of duplicate issues (#ISs), as well as the number and size285

of ground-truth duplicate clusters of issues (#GTC). This table demonstrates that there are 13 projects
with 399 issues and 99 clusters that are taken into account during the evaluation process. These clusters
represent ground-truth clusters in the evaluation process.

During this section, box-plots are used to better understand the obtained results. This type of plotting
visualizes the results as boxes to show their distribution and centrality. The box consists of different290

statistical measures: min, lower quartile (Q1), median, upper quartile (Q3), and max.

5.2. Research Questions and Evaluation Procedures
In this subsection, the research questions to answer are listed with the evaluation metrics.

5.2.1. RQ1: To what extent are the identified issue clusters correct?
This research question aims to measure the correctness of each identified cluster of issues. This means295

to what extent the member issues of a cluster are related to each other (similar). To address this research
question, a measure from information retrieval (IR) is adapted to answer it. This measure is called Precision
(P) and is adapted as follows:

Precision =
|EXC ∩GTC|
|EXC|

× 100% (5)

Where EXC and GTC are extracted cluster of issues and ground-truth cluster of issues, respectively. GTCs
are obtained by referring to a ground-truth dataset in the subject (see the dataset subsection). Precision300

values take a range of [0-1]. The higher Precision value you have, the higher correctness cluster is identified,
and vice-versa. The procedure below is followed to answer this research question:
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Table 1: Statistical information of ground-truth clusters with their duplicate issues.

Cluster Size

Repository Name #ISs #Clusters (GTC) Min Max Avg

JTD-Core 34 7 3 8 4.85

JTD-UI 57 12 2 7 4.72

JTD-Debug 55 11 3 7 5

JTD-Doc 8 3 2 4 2.66

JTD-Text 20 9 2 4 2.66

EclipsePlatfrom-SWT 26 6 3 7 4.33

EclipsePlatfrom-UI 41 7 3 10 5.86

EclipsePlatfrom-Debug 26 7 2 5 3.71

EclipsePlatfrom-Doc 20 8 2 5 2.5

Thrunderbird-Security 10 4 2 3 3.5

Thrunderbird-General 32 10 2 5 3.2

Thrunderbird-Installer 23 7 2 6 3.28

MozillaFirefox-Search 47 8 2 12 5.88

1- For each extracted cluster (EXC), its corresponding ground-truth cluster is picked from the dataset.
A cluster from the dataset that shares a maximum number of issues with the extracted cluster is the
target and is called a ground-truth cluster.305

2- Then, the Precision equation is applied to compute the Precision value of that extracted cluster.

5.2.2. RQ2: To what extent are the identified issue clusters complete?
In this research, the goal is to investigate to what extent the member issues of each identified cluster

are complete (i.e., there are no missing relevant member issues in a given EXC). To address this research
question, a completeness measure from IR is adapted and used. This measure is called and is adapted as310

follows:

Recall =
|EXC ∩GTC|
|GTC|

× 100% (6)

Where EXCs and GTC are extracted cluster of issues and ground-truth cluster of issues, respectively.
Like Precision, GTCs are obtained by referring to a ground-truth dataset in the subject (see the dataset
subsection). Recall values take a range of [0-1]. The higher Recall value you have, the higher completeness
cluster is extracted, and vice-versa. The procedure below is followed to answer this research question:315

1- For each extracted cluster (EXC), its corresponding ground-truth cluster is picked from the dataset.
A cluster from the dataset that shares a maximum number of issues with the extracted cluster is the
target and is called a ground-truth cluster.

2- Then, the Recall equation is applied to compute the Recall value of that identified cluster.
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Table 2: Hyperparameters of AHC algorithm.

Hyperparameter AHC TfidfVectorizer
Stop-words - English
Max-Features None None
Affinity euclidean -
Linkage ward -
Distance_Threshold Calibrated -

5.2.3. RQ3: To what extent are the identified issue clusters accurate?320

This research question is designed to know to what extent the extracted cluster includes all relevant
issues and only those issues in the same cluster without interfering with issues from other clusters. To
address this research question, F-measure measure from IR field is used to compute the accuracy value for
each extracted cluster using the following formula:

F −measure =
2.P recision.Recall

Precision+Recall
× 100% (7)

F-measure makes a trade-off between Precision and Recall. The higher Precision and Recall value you325

have, the higher F-measure value you will obtain, and vice-versa. The F-measure takes a range of [0 - 1].

5.2.4. RQ4: How much the reviewing efforts could be saved?
This research question focuses on the reviewing effort saved when similar Issues are grouped together

and assigned to a single relevant reviewer or team. To address this research question, a measure from a
previous work [10] is used to quantify the saved effort of the reviewer(s) (see equation 8). According to this330

measure, if EXC consists of 10 issues, then SRE (saved reviewing effort) is 90% (1-(1/10)). However, if these
issues are distributed individually to different reviewers (for example 10 reviewers), the SRE value will be
reduced. The SRE value takes a range of [0–1]. The higher the SRE value you get, the higher saved effort
results.

SRE = 1− 1

|EXC|
× 100% (8)

5.3. Results335

To get answers to the proposed research questions, the AHC algorithm is applied to each reposi-
tory/software component in the dataset. AHC is implemented by "AgglomerativeClustering" method from
the "scikit-learn" library in Python. Also, TF-IDF matrix is built using "TfidfVectorizer" provided by the
"scikit-learn" library. The hyperparameters of "AgglomerativeClustering" and "TfidfVectorizer" methods
are shown in Table 2. In this table, the English dictionary of the "scikit-learn" library is used to remove stop340

words. The number of features used to build TF-IDF matrix is automatically selected by "TfidfVectorizer"
method. The affinity parameter is a metric to compute the distance among issue vectors and its value is
"euclidean". The linkage parameter is to determine which pair of clusters should be merged and its value is
"ward". The distance threshold determines a threshold above which, the clusters will not be merged. This
threshold is calibrated by the repository owner. Then, average Precision, Recall, and F-measure values of345

all EXCs from each repository are computed and placed in Tables 3, 4, and 5, respectively.

5.3.1. RQ1: To what extent are the identified issue clusters correct?
Table 3 shows Precision values of identified clusters of issues using the AHC algorithm based on selected

features (title and description). As shown in this table, Precision values on average take a good range
[0.67–0.92], with a maximum value always equal to 1.0. Obviously, according to the results of this table,350

the threshold distance can always be celebrated to get the number of EXCs equal to the its corresponding
number of GTCs regardless of the number of issues.
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Table 3: Precision values of the extracted clusters using AHC.

Precision
Repository Name #ISs #GTCs #EXCs Min Max Avg StdDev

JTD-Core 34 7 7 0.40 1.0 0.67 0.25

JTD-UI 57 12 12 0.60 1.0 0.92 0.13

JTD-Debug 55 11 11 0.38 1.0 0.79 0.21

JTD-Doc 8 3 3 0.6 1.0 0.87 0.18

JTD-Text 20 9 9 0.5 1.0 0.82 0.20

EclipsePlatform-SWT 26 6 6 0.56 1.0 0.88 0.18

EclipsePlatform-UI 41 7 7 0.45 1.0 0.92 0.19

EclipsePlatform-Debug 26 7 8 0.50 1.0 0.75 0.17

EclipsePlatform-Doc 20 8 8 0.50 1.0 0.90 0.18

Thrunderbird-Security 10 4 4 0.67 1.0 0.92 0.14

Thrunderbird-General 32 10 10 0.43 1.0 0.83 0.22

Thrunderbird-Installer 23 7 7 0.42 1.0 0.83 0.21

MozillaFirefox-Search 47 8 8 0.40 1.0 0.87 0.23

Figure 5 shows box-plots of Precision values for all identified clusters from each considered repository.
The Y-axis shows Precision values, the X-axis shows repository names, and for each repository, there is its
own box-plot. It is clear from this figure that (75%) of the identified clusters from each repository (except355

JTD-Core) have Precision values of more than 0.62 up to 1.0. Also, 25% of the identified clusters across all
repositories are either outliers or have a minimum value far from the box-plot. Moreover, there are different
repositories with short box-plots and minimum values are merged into the box-plots. This means that the
Precision values of identified clusters from these repositories are similar (Q1≈ Q2≈ median≈ Q3≈Q4).

5.3.2. RQ2: To what extent are the identified issue clusters complete?360

Table 4 demonstrates the average Recall results of issue clusters extracted from each repository. As seen
in the table, Recall values typically fall within the range [0.65 - 0.92], with always 1.0 as the maximum value.
Also, the results of this table clearly show that, regardless of the number of available issues, the threshold
distance can always be adjusted to obtain an equal number of EXCs and GTCs. Moreover, minimum
Precision values in some repositories are low, but these values are outliers, as we will see in box-plots next.365

Figure 6 shows box-plots of Recall values for all identified clusters from each separate repository. The
Y-axis displays Recall values, the X-axis displays repository names, and there is a separate box-plot for each
repository. In the most of considered projects, 75% of the Recall values of the extracted clusters are in a
range [70% - 100%]. Also, the minimum Recall values of extracted clusters across all projects are far from
the boxes or outliers.370

5.3.3. RQ3: To what extent are the identified issue clusters accurate?
Table 5 shows the results of F-measure for extracted issue clusters across all considered projects. The

results presented in this table demonstrate that average F-measure values fall in a high range [60% - 91%]
with a maximum value of 100%. Moreover, the minimum values take a reasonable range [40% - 80%]. As
seen in this table, the number of extracted clusters in each project is equal to the number of GTCs in that375
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Figure 5: Distribution of Precision values against each software project component.

Table 4: Recall values of the extracted clusters using AHC.

Recall
Repository Name #ISs #GTCs #EXCs Min Max Avg StdDev

JTD-Core 34 7 7 0.34 1.0 0.67 0.23

JTD-UI 57 12 12 0.60 1.0 0.91 0.13

JTD-Debug 55 11 11 0.5 1.0 0.74 0.15

JTD-Doc 8 3 3 0.25 1.0 0.67 0.31

JTD-Text 20 9 9 0.33 1.0 0.65 0.21

EclipsePlatform-SWT 26 6 6 0.50 1.0 0.80 0.17

EclipsePlatform-UI 41 7 7 0.40 1.0 0.80 0.21

EclipsePlatform-Debug 26 7 8 0.40 1.0 0.67 0.18

EclipsePlatform-Doc 20 8 8 0.50 1.0 0.88 0.21

Thrunderbird-Security 10 4 4 0.67 1.0 0.92 0.14

Thrunderbird-General 32 10 10 0.33 1.0 0.80 0.21

Thrunderbird-Installer 23 7 7 0.34 1.0 0.80 0.22

MozillaFirefox-Search 47 8 8 0.58 1.0 0.86 0.15
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Figure 6: Distribution of Recall values against each software project component.

project. Figure 7 shows box-plots corresponding to F-measures values of extracted clusters in each project.
From the shown boxes, 75% of F-measure values of extracted clusters, in the majority of projects, have a
high range [70% - 100%] while minimum values are far from the boxes or outliers.

5.3.4. RQ4: How much the reviewing efforts could be saved?
Table 6 displays the results of reviewing efforts that could be saved by using the proposed approach. In380

the last column in this table (SRE), these saved efforts values are presented. These values are computed for
extracted issue clusters that have the maximum number of issues in each considered project. It can be seen
in this table that the SRE value has a high range of [66.6% - 99.9%].

5.4. Discussion
The obtained experimental results, as shown in Figures 5, 6 and 7, firstly indicate that 75% of the385

Precision values of extracted clusters from each project fall in a range [61% - 100%] with median = Q3 =
max in the majority of them. However, Precision values of extracted clusters only from the "JTD-Core"
component take a range of [45% - 91%]. Secondly, 75% Recall values of the extracted clusters from the
majority of projects have a range of [60% - 100%] while, for other projects, such as "JTD-Text" and JTD-
Core, these values have a range of [50% - 83%]. Thirdly, F-measure results confirm that there is a minor390

degradation in the extraction of the duplicate clusters from "JTD-Core" and "JTD-Text" as their 75% F-
measure values have a range [53% - 72%] and [67% - 80%] with maximum values near to the box, respectively.
This minor degradation in the results of extracted clusters from "JTD-Core" and "JTD-Text" is due to the
following reasons: different vocabulary used and short issue titles.

- Different Vocabulary Used. After a manual investigation of the description of "JTD-Core" and395

"JTD-Text" issues, sometimes issue submitters use different vocabularies to define the submitted issues,
especially in the description field of the issue. This case normally occurs because the submitters have
different technical backgrounds and cultures.

- Short Issues Titles. Also, after manual investigation of issue titles of both "JTD-Core" and "JTD-
Text", some duplicate issues have short titles after removing stop words (i.e., titles with only two or400
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Table 5: F-measure values of the extracted clusters using AHC.

F-measure
Repository Name #ISs #GTCs #EXCs Min Max Avg StdDev

JTD-Core 34 7 7 0.40 0.75 0.60 0.12

JTD-UI 57 12 12 0.67 1.0 0.91 0.12

JTD-Debug 55 11 11 0.55 1.0 0.75 0.14

JTD-Doc 8 3 3 0.40 1.0 0.69 0.24

JTD-Text 20 9 9 0.40 1.0 0.70 0.16

EclipsePlatform-SWT 26 6 6 0.63 1.0 0.81 0.15

EclipsePlatform-UI 41 7 7 0.57 1.0 0.82 0.16

EclipsePlatform-Debug 26 7 8 0.50 1.0 0.70 0.16

EclipsePlatform-Doc 20 8 8 0.50 1.0 0.87 0.18

Thrunderbird-Security 10 4 4 0.80 1.0 0.90 0.09

Thrunderbird-General 32 10 10 0.40 1.0 0.80 0.19

Thrunderbird-Installer 23 7 7 0.67 1.0 0.86 0.13

MozillaFirefox-Search 47 8 8 0.50 1.0 0.84 0.16

Figure 7: Distribution of F-measure values against each software project component.
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Table 6: Values of saving reviewing efforts across all considered software projects.

Cluster Size

Repository Name #ISs #GTCs #EXCs Min Max Avg SRE

JTD-Core 34 7 7 2 8 4.86 87.5%

JTD-UI 57 12 12 2 8 4.75 87.5%

JTD-Debug 55 11 11 2 8 5 87.5%

JTD-Doc 8 3 3 1 5 2.7 80%

JTD-Text 20 9 9 1 4 2.22 75%

EclipsePlatform-SWT 26 6 6 2 9 4.33 88.8%

EclipsePlatform-UI 41 7 7 3 9 5.86 88.8%

EclipsePlatform-Debug 26 7 8 3 6 3.71 83.3%

EclipsePlatform-Doc 20 8 8 1 5 2.5 80%

Thrunderbird-Security 10 4 4 2 3 2.5 66.6%

Thrunderbird-General 32 10 10 2 7 3.2 85.7%

Thrunderbird-Installer 23 7 7 3 4 3.28 75%

MozillaFirefox-Search 47 8 8 2 11 5.88 90.9%

three words), especially in"JTD-Text" component. Whenever the input of the proposed is insufficient,
this leads to misleading the clustering algorithm used.

Obviously, the results displayed in Table 6 show that the amount of reviewing effort for issues that are
saved in a given repository depends on the size of the extracted issue clusters from that repository. When
the size of the correct extracted clusters (in terms of evaluation metrics) increases, SRE values rise, too.405

As a summary, the AHC algorithm can extract relevant similar issue clusters from GitHub repositories
depending on only two issue features: title and description. Also, the distance threshold used by AHC
can be easily calibrated to return a number of relevant issue clusters equal to the number of ground-truth
clusters. Moreover, Precision, Recall and F-measure values of extracted clusters are relatively high in the
majority of considered projects. This is depending on the results of Table 3, 4, and 5.410

5.5. Threats to Validity
As with any research work, this study has threats to validity. These threats are as follows:

- Internal threat. The internal threat refers to issues related to the computational steps of the
proposed approach and thus the results credability. In this study, when the issues submitter uses
different vocabularies in the issue text (title and description), the values of evaluation metrics may415

degrade. This is because the textual similarity among similar issues is missed, and thus they are
scattered across different clusters. However, this limitation is a common concern among all textual
similarity-based approaches.

- External threat. The external threat refers to concerns that hinder the obtained results generaliza-
tion. In this study, the proposed approach is targeted to find and cluster similar issues into clusters420

in each individual repository. However, there are similar issues across multiple repositories in the
same domain (e.g., Android applications) which are overlooked by the proposed approach. In fact,
the approach can be applied across repositories as it is a textual similarity-based approach and not an
application-based approach.
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6. Conclusion and Future Work425

In this paper, a machine learning-based approach is proposed to support the issue tracking system on
GitHub via grouping similar submitted issues together. The proposed approach helps to speed up the
assigning process of similar issues, and thus speed up fixing them, whereas assigning them individually to
different developers introduces inconsistencies in addition to slowing issues fixing. The approach takes, as
input, issues of a given repository. Then, it computes the textual similarity among these issues. Issues’430

titles and descriptions are exploited to find this similarity. This textual information represents features to
help machine learning algorithms to cluster similar issues together. Numerous software components from
different repositories have been used to evaluate the approach. Findings show that the proposed approach
identifies similar clusters of issues with promising results using widely used evaluation measures in this
subject: Precision, Recall, and F-measure.435

In future work, the results of using other issues’ features will be investigated using semantic similar-
ity measures in natural language processing such as BERT (Bidirectional Encoder Representations from
Transformers) [29].
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