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Abstract: Nowadays, software systems are very complex
which make software maintenance, especially bug fixing,
very challenging. Identifying an appropriate developer
to handle a new reported bug is very difficult and error-
prone which results in a lengthy bug fixing process. In
this paper, we propose a new developer recommendation
approach, CLUBA, for assigning relevant developers to
fix new bugs. The approach is based on clustering and it
recommends a varying list of candidate developers based
on their experience. The effect of choosing different
percentages of terms from the corpus on clustering quality
is carefully evaluated by applying one of the best feature
selection methods. Then, similar bug reports are grouped
together using the K-means clustering technique. After
that, developers are ranked in each cluster based on their
experience. We have validated CLUBA on four real open
source projects and showed the feasibility of the approach
by experimental evaluation.

Keywords: Bug assignment, Developer recommendation,
Mining bug repositories, Software maintenance.

I. INTRODUCTION

Software repositories are available for most software projects.
These repositories contain precious information about these
software projects. The progress of software projects can be
guided and managed by utilizing this information. Researchers
have mined these software repositories to support software
developmentand evolution (i.e., improve the design, refactoring,
and maintenance). Bug Tracking System (BTS) is considered
one of the important software repositories to guide maintenance
activities. It allows both developers and users to submit bugs,
propose enhancements, and comment on bug reports.

Bug fixing, one of the tasks in software maintenance, is an
important laborious task. Bug triaging is an important software
maintenance activity that involves assigning bug reports to
experienced developers to fix them. However, it is usually
performed manually. Manual bug triaging suffers from several
problems. BTS usually receives a vast number of bug reports
daily. For the Eclipse project, about 200 bugs are reported to its
BTS daily near its release dates [5]. Each new reported bug must
be assigned to an appropriate developer to fix it. In addition, a
lot of bug reports were assigned incorrectly to developers. As
a result, these reports need to be reassigned to other developers
which lead to increasing the time of bug fixing.

In practice, due to the frequent changes of software development
teams, it is difficult to identify an appropriate developer who
has relevant experience in fixing similar bugs using manual
triage process [3]. To solve these problems, some machine
learning algorithms are employed to conduct automatic bug
assignment [2, 3, 16, 26, 35]. Most of the bug assignment
approaches are based on text categorization [3]. Most of these
approaches predict only one developer. However, bug fixing is
a collaborative process in which several developers contribute
their knowledge and advice to solve the bug. Therefore, we
propose CLUBA, an approach to automate the recommendation
of developers who have the relevant experience to newly
submitted bugs by utilizing the textural contents of bug reports
and the comments made on them.

To summarize, we make the following key contributions in this
work:

e We conduct a comprehensive study on using different
term percentages to evaluate their effectiveness on im-
proving the clustering performance.

e We formulate the bug assignment problem as a clustering
task. The approach clusters similar bug reports and ranks
experienced developers in each cluster based on two fac-
tors namely number of fixed bugs and number of contrib-
uted comments.

e We validate CLUBA on four real open source projects
and show the feasibility of the approach by experimental
evaluation.

The rest of the paper is organized as follows: Section 2 presents
some background knowledge necessary to this work. Section 3
describes the CLUBA approach. The experimental evaluation
and discussions are presented in Section 4. Section 5 discusses
the threat to validity. Section 6 discusses related work. Section
7 concludes the paper.
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Fig. 1: The CLUBA Approach
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II. BACKGROUND

In this Section, we briefly introduce some background material
related to CLUBA.

A. Clustering

Document clustering is one of the main text mining techniques
that are widely used to summarize and organize text documents.
Clustering organizes large documents into meaningful
clusters. Document clustering is defined as follows: given a
set of documents, we would like to partition them into a pre-
specified or an automatically calculated number of clusters
whereas documents in each cluster are more like each other
than documents in other clusters. In other words, documents in
one cluster share the same topic while documents in different
clusters represent different topics [24]. The document feature
space is usually of very high dimensionality. In addition, not
all features are important for document clustering. Some of the
features may be redundant or irrelevant and may even misguide
the clustering result. Therefore, it is desirable to reduce the
dimensionality of documents by applying feature selection
techniques before clustering them. Feature selection not only
reduces the high dimensionality of the feature space but also
provides a better data understanding, which improves the
clustering result [23].

B. Bug Reports

Abug report is made of several predefined fields, free-form text,
attachments, comments, and dependencies. These predefined
fields represent attributes of a bug. The text description of a bug
report refers to the natural language contents, including the title
of the bug report and a full description of the bug. To create a
list of developers who helped in fixing a bug report, we extract
from each report: the textual summary, the developer who fixed
the bug and developers who added comments to the bug report.

C. Bug Report Comments

Bug tracking systems allow developers to give their feedback
and comment on bug reports. Developers usually provide
comments on bug reports they have experience in. On the same
hand, it is common for developers to discuss the best ways to
fixing a bug [19]. Almost all large software development teams
work in a geographically distributed development environment
in which these discussions are frequently reflected as comments
in the bug report. Developers’ comments are considered a vital
major player in the life-cycle of a bug report, and most of them
are related to how to resolve the bug. Those developers, who
commented on the bug, often possess some expertise in fixing
the bug [4].

I1I. Tue CLUBA AprPROACH

CLUBA depends on the availability of an open bug repository
for a software project for a period. The textual content of bug
reports is unstructured and contains many irrelevant words

provides an overview of CLUBA. CLUBA is divided into
five main steps. The first step of CLUBA is to split the textual
contents of bug reports into terms and filter out unnecessary
terms. The second step in CLUBA is to create a corpus by
representing bug reports as feature vectors where each feature
represents a term. The third step is to choose distinct terms
from the corpus by applying one of the best feature selection
methods. The fourth step is to group similar bug reports together
by using one popular partitioning algorithm. The fifth step is to
rank developers in each cluster based on their experience. The
following sections explain these steps in detail.

A. Tokenization and Filtering

In BTS, the textual contents of bug reports are represented by
two separate fields namely summary and description. In this
work, we use only the summary field as the textual representation
of a bug report for twofold: 1) the description of bug reports has
too many terms that are unrelated to the actual functionality of
bug reports; 2) the summary of bug report consists of terms that
are directly related to the functionality of bug report [20].

To reduce the size of the corpus, the set of the words can be
reduced by tokenization and filtering. Tokenization is the
isolation of word-like units from a text. It is a process in which
text stream is breaking down into words called tokens. Filtering
is the process of removing unnecessary tokens, tokens that do
not add a new meaning to sentences they involve in. Filtering
removes white-spaces, punctuation, numbers, and stop-words.

B. Vector Space Representation

After processing the textual content of bug reports, each bug
report is represented by a vector of two dimensions: a term and
its frequency. The terms are weighted by Term Frequency (TF)
[25]. Despite its simple representation, the vector space model
enables efficient analysis of documents and has been widely
used in text mining approaches. Fig. 2 shows an example of a
bug-term matrix (Corpus) representation.

ty t ts t,
by | 1 1 0 1
b. | 0 0 2 1
bs | 1 3 1 0
bs | 2 0 0 0
bs | O 0 1 0

Fig. 2: An Example of a Bug-Term Matrix

C. Term Selection

Term selection methods are widely used to select the
most representative terms from a corpus and to reduce
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the dimensionality. It is also known to enhance document
clustering [21, 22]. In this work, Chi-Square (X°) is used to
select distinctive terms from a corpus. X2 is widely used to
select features in document clustering [23, 22]. In statistics, the
X test is used to examine the independence of two events. The
events, X and Y, are assumed to be independent if P(XY) =
P(X)P(Y). In term selection, the two events are the occurrence
of the term and the occurrence of the class. Terms are ranked
with respect to the following equation [25]:

N t,e Et c)
=y y W Bl (1)
te{o,1} ¢ 2%
Where, N is the observed frequency and E is the expected
frequency for each state of term t and class c. X? is a measure
of how much expected counts E and observed counts N deviate
from each other.

D. Clustering

Bug assignment problem has been formulated previously
as a classification task [3, 4]. In this work, we formulate the
bug assignment problem as a clustering task. Clustering
similar reports gives us more recommended developers than
classification and allows for ranking these developers based on
their collaborative effort in fixing these bugs. Although a bug
report is fixed by only one developer, a group of developers
has contributed their ideas and advice to fix the bug. Thus, this
bug is fixed with the collaborative contribution made by the
group of developers (commenters). This phase compromises
the following steps:

1. Group (cluster) similar bug reports together.

2. Determine the developers who fixed these bugs.

3. Assign a newly coming bug reports to one of the groups.
4

Recommend potential developers from that group to fix

it.
The first step in this phase is to cluster bug reports based on
their textual similarity. Bug reports in each cluster are more
similar to each other than bug reports in different clusters. In
other words, each cluster represents a topic or a bug category.
The second step is to determine the active developers in that
group by examining the assigned to field in these bug reports.
Since these developers have fixed similar bug reports, they are
considered qualified to fix new bug reports similar to the bugs
in this group. The third step is to assign a newly coming bug
report to the closest cluster by measuring the similarity between
the bug report and clusters. The last step is to rank developers
in each group based on their experience, then assign a newly
coming bug report to the top-ranked candidate developers.
For clustering, we use the K-means clustering technique. The
following section discusses the clustering approach used in this
work.

i. K-Means Clustering

There are two main clustering categories namely hierarchical
and partitioning methods. We choose one of the partitioning

methods (K-means) for the following reasons: 1) the
partitioning clustering methods are known to be very suitable for
clustering large documents because of their low computational
requirements [11, 41]; 2) hierarchical methods do not provide
the reallocation of documents which may have been wrongly
classified in the early phases of the text analysis [15]; and
3) K-means performs better than hierarchical clustering in
document clustering [29].

K-means clustering is a technique commonly used to
automatically partition a dataset into K groups in which each
instance belongs to the cluster with the nearest mean. The first
step in K-means is to select K bug reports as centers. Then, each
instance (bug report) is assigned to its closest cluster center.
After that, each cluster center is updated to be the mean of its
constituent instances. The algorithm converges when there is
no further change in assignment of instances to clusters. In
K-means, the number of clusters (K) needs to be specified in
advance. K-means method is known to be very sensitive to K,
therefore K should be selected carefully. There is a number of
methods of how to specify K. To specify the number of clusters
(K), we use the following commonly used equation [1]:
K- m X n
[

Where, m is the number of bug reports, n is the number of
terms, and ¢ is the number of non-zero entries in the bug-term
matrix. The idea here is that if the number of nonzero entries is
increased, the similarity among bug reports is increased which
leads to a smaller number of clusters.

(@)

In K-means, a distance measure should be defined in order to
measure the similarity between the bug report and the cluster
centers in an iterative fashion. The Cosine similarity is widely
used for that purpose [13, 14] and it is defined as follows:

" A x B,
Cosine(A, B) = =L 3)

VIR (A xS (B)?

Where, A and B represent the vector space representation of
two bug reports. The resulting similarity ranges from 0 to 1,
since the term frequencies are only positive.

ii. Ranking Developers

After clustering similar bug reports into K clusters, we need
to rank developers in each cluster based on their collaborative
effort on fixing these bug reports. Two factors are considered to
rank developers namely number of fixed bugs (i.e., number of
bug reports in the cluster that assigned to that developer) and
number of contributed comments (i.e., number of comments
made by that developer on bug reports in that cluster). The
following equation represents the ranking criteria:

a x fixed bugs + (1 — o) X contributed comments 4

The parameter o is introduced in order to investigate which
factor should be given more weight.
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IV. EXPERIMENTS AND DISCUSSION

In this Section, we report the results of applying the CLUBA
approach on real datasets. A description of the datasets used in
this work is presented in Section A Results and discussions are
shown in Section B.

A. Datasets and Prepossessing

We evaluate CLUBA based on bug repositories of Mandriva',
Freedesktop?, NetBeans®, and Samba®. We collect the bug
reports that have the status of [Closed, Verified, and Resolved]
and the resolution of [Fixed]. For each bug report, we extract
the bug ID, the assignee, the summary, and the commenters.
For Mandriva, we choose 9199 bug reports from April 1%, 2008
until December 25”’, 2012. For Freedesktop, we choose 9981
bug reports from January 1*, 2011 until December 25" 2012.
For NetBeans, we choose 7444 bug reports from January 1%,
2012 until December 25”1, 2012. For Samba, we choose 2114
bug reports from January 1%, 2008 until December 25", 2012.
Table I shows statistics about the selected datasets.

TABLE I: STATISTICS ABOUT THE DATASETS

Name # Bugs From To
Mandriva 9199 | Apr, 01,2008 | Dec 25,2012
Freedesktop 9981 |Jan, 01,2011 | Dec 25,2012
NetBeans 7444 | Jan, 01, 2012 | Dec 25, 2012
Samba 2114 | Jan, 01, 2008 | Dec 25, 2012

We want to refine the training set further to remove reports that
are assigned to inactive developers (i.e., developers who no
longer work on the project or developers who have only fixed a
small number of bugs) or reports that do not have sufficient words
to describe a meaningful description. We eliminate bug reports
that have less than four words since they give no meaningful
description and too short to hold relevant information. To
determine active developers, we consider developers who
have fixed at least 15 bug reports in the dataset. Regarding
comments, we exclude developers who only commented once
on a bug report. We consider this as a noisy source of data. We
divide the data into training and testing in which bug reports in
the last four months are considered as testing instances. Table 11
shows a summary of the refined datasets.

TABLE II: SUMMARY OF THE DATASETS

Name Training Testing | # Developers
Mandriva 7862 8 99
Freedesktop 7074 1016 113
NetBeans 3070 2661 50
Samba 1703 172 16

"https://qa.mandriva.com/
2https://bugs.freedesktop.org/
3http://netbeans.org/bugzilla/ 4https://bugzilla.samba.org/

B. Results

This Section presents the results of CLUBA and discusses
them. The clustering results are presented in Section i and the
bug assignment results are shown in Section ii.

i. Clustering Results

We first investigate the effect of using different number of terms
obtained by X* on the performance of clustering. Different
percentages of the terms (10% to 50%) are considered. Tables
I, IV, V and VI show the clustering results of Mandriva,
Freedesktop, NetBeans, and Samba respectively where ADC
denotes the average number of developers per cluster, ACS
denotes the average cluster size, TW represents the total within-
cluster sum of squares, BE represents the between-cluster sum
of squares, and K represents the number of clusters. The results
indicate that the best results are achieved when the percentage
of terms is 10% for all datasets. TW is insignificant compared to
BE which indicates that bug reports in each cluster are similar
while bug reports in different clusters are not.

TaBLE III: MANDRIVA CLUSTERING RESULTS

# Terms ADC | ACS ™ BE K
All Terms | 3.43 | 4.59 | 18225.83 | 21957.15 | 1713
10% 3.08 | 10.16 | 1105.67 | 7258.06 | 774
20% 2.77 | 6.64 | 195735 | 9636.96 | 1184
30% 234 | 553 | 2860.26 | 11206.18 | 1421
40% 2.65 | 537 | 5044.99 | 13056.55 | 1465
50% 333 | 593 | 8785.86 | 1500691 | 1326
TABLE I'V: FREEDESKTOP CLUSTERING RESULTS

# Terms ADC | ACS ™ BE K
All Terms 249 | 3.84 | 17393.28 | 21640.25 | 1841
10% 2.60 | 8.27 | 1024.76 | 6672.84 | 856
20% 2.39 | 5.67 | 2130.14 | 9092.10 | 1247
30% 2.55 1499 | 3666.36 | 11198.91 | 1416
40% 243 | 4.85 | 5587.35 | 1276593 | 1459
50% 3.05 | 5.12 | 8935.10 |14549.49| 1381

ii. Bug Assignment Results

Each dataset is divided into training and testing. The training
set is clustered into several groups. Then each bug report in
the testing set is assigned to potentially experienced developers
after it is assigned to one of the clusters. We investigate the
effect of predicting different number of developers ranging
from one to five on the bug assignment accuracy.
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TABLE V: NETBEANS CLUSTERING RESULTS

# Terms ADC | ACS ™ BE K
All Terms 220 | 2.89 | 5531.55 | 11709.84 | 1064
10% 2.52 | 6.87 | 756.85 | 3359.07 | 447
20% 244 | 5.08 | 1342.84 | 4638.76 | 604
30% 230 [4.18 | 1722.58 | 5548.06 | 734
40% 2.41 3.86 [2304.30 | 6487.08 796
50% 2.42 3.68 [2940.72 | 7498.37 835

TABLE VI: SAMBA CLUSTERING RESULTS

#Terms | ADC | ACS ™ BE K
All Terms 1.90 2.88 3515.45 5674.97 592
10% 1.56 5.05 117.32 1471.20 337
20% 1.49 3.69 278.29 2033.84 | 461
30% 1.60 3.45 560.99 2669.78 | 493
40% 1.95 3.80 1300.01 3276.38 | 448
50% 2.13 3.95 1991.54 3646.46 | 431

. Recomm. Developers N Actual Developers
Precision =

Recomm. Developers

(%)

Rocall — Recomm. Developers N Actual Developers
Actual Developers

(6)
Poscore — 2 & Precision x Recall
Precision + Recall

(7

For measuring the accuracy of bug assignment using CLUBA
we use Precision, Recall, and F-score. Precision is the per-
centage of recommended developers who truly helped in fix-
ing the bug report. Recall is the percentage of developers who
helped on solving the bug who were truly suggested. F-score
represents the harmonic mean of Precision and Recall.

Fig. 3 shows the F-score of bug assignment where the x-axis
represents varying o from 1 to 0.4 and the y-axis represents the
F-score with different number of recommended developers. For
Mandriva, the best F-score (0.571) is obtained when o equals
to 1 and the number of predicted developers equals to 1. When
a is 1, the F-score gives the best results. For Freedesktop, the
best F-score (0.211) is obtained when a equals to 0.9 and the
number of predicted developers equals to 3. The best F-score is
obtained when a is 0.9 for all number of predicted developers
except when predicting one developer. For NetBeans, the
best F-score (0.179) is obtained when o equals to 0.9 and the
number of predicted developers equals to 2. The best F-score
is obtained when a equals to 0.9. For Samba, the best F-score
(0.259) is obtained when a equals to 0.9 and the number of
predicted developers equals to 5. The best F-score is obtained

when o equals to 0.8 for all except when predicting 5
developers.

Fig. 3 indicates that the best results are obtained when o ranges
from 0.8 to 1 which give an evidence that both factors contribute
in ranking developers. In addition, the number of fixed bugs
factor should be given more weight (i.e., when o = 0.9, the
weight for the number of fixed bugs factor is 0.9 while the
weight for the number of contributed comments factor is 0.1).
Furthermore, predicting 2 or 3 candidate developers shows a
promising results.

V. THREATS TO VALIDITY

In this work, we only use the textual representation to represent
bug reports; other meta-data are available and can be used to
represent bugs such as priority and severity. As we mentioned
before, K-means is very sensitive to the number of clusters. In
our work, we fixate K but in future work, we will investigate the
effect of using different K's on the results. Bug report’s comments
are considered a noisy source of data. In order to remove casual
developers, we removed commenters with only one comment.
We use this as indication that they do not have prominent
levels of activity and are not key members of the collaborative
group. While this means that we remove some members from
our analysis, their low collaborative participation implies that
these participants have little impact. We have applied CLUBA
on open source bug repositories only; commercial projects may
have different characteristics that may require some changes. In
addition, we only use Bugzilla bug reports. Other bug tracking
systems are available such as Gnats, Trac and Jira that model
bug reports differently. Therefore, CLUBA should be applied
on other projects in order to generalize the results.

VI. RELATED WORK

Bug assignment and triaging is a time-consuming and error-
prone activity, and can significantly affect project duration.
Projects” managers need to assess developers competency
and productivity level after assessing the bug validity before
deciding to assign the bug to a certain developer. As the project
size increases bug triaging becomes a more complex process
with critical effects on the project’s duration. Bug triage
has been for a long time been done using traditional manual
approach. Nowadays, machine learning algorithms and social
network analysis can be used to automate or semi-automate the
bug triage process.

Automatic bug triage can reduce the probability of re-assignment
and reduce triagers time by recommending the most appropriate
assignees [38]. Numerous studies have been carried out to find
candidate developers for resolving new bug reports. According
to the different techniques, these studies have been classified
in [38] into five category, namely, machine learning-based
recommender, expertise model-based recommender, tossing
graph-based recommender, social network-based recommender
and topic model-based recommender.
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Fig. 3: F-Score by Varying a with Different Number of
Recommended Developers

A. Machine-Learning-Based Recommender

Machine learning techniques are proven to be useful is
various domains for better decision making, this includes bug
assignment decisions. Cubranic and Murphy [10] proposed to
use machine learning techniques to assist in bug triage. They

used supervised Bayesian learning to train a classifier with the
textual content of resolved bug reports. Then this classifier is
used to classify newly incoming bug reports with accuracy rate
of 30%, considering Eclipse as a case study.

Anvik et al. [3, 6] have employed several different machine-
learning algorithms, e.g., NaiveBayes, C4.5 and SVM, to
recommend a list of appropriate developers for fixing a new
bug and improve the performance of automatic bug triage. They
were able to improve the precision by up to 97% for Eclipse
and 70% for Firefox by utilizing component-based developer
recommender.

Xuan et al. [35] proposed a semi-supervised learning approach
with a weighted recommendation list for bug triage to solve
the problem of low quality of bug reports. Their approach
improved the classification accuracy of bug triage by up to 6%
on the Eclipse project.

Xiaet al. [33] proposed DevRec approach for recommending the
bug fixers. DevRec combined two kinds of analysis, including
bug reports-based analysis and developer based analysis. Based
on Multi-Label KNN, bug report based analysis can find the
k-nearest bug reports to a new given bug by using the features
(i.e., terms, product, component and topics) of bug reports. For
developer based analysis, the distance between a developer and
a selected feature is measured.

Anvik and Murphy [4] have presented two approaches for
determining who has the implementation expertise for a bug
report by utilizing data from two types of repositories: The
source repository check-in logs and The bug repository. They
have found that different repositories are useful in different
situations, based on what is required.

Matter et al. [26] represented a developer’s expertise using
the vocabulary found in the developer’s source code. They
recommend experienced developers by extracting information
from new bug reports and looking it up in the vocabulary. Their
approach does not require a history of bug reports and was tested
on 130,769 Eclipse bug reports. They achieved 33.6% top-1
precision and 71.0% top-10 recall using eight years of Eclipse
project. On the other hand, Banitaan and Alenezi [7] proposed
TRAM, an approach with the aim of increasing the prediction
accuracy of bug triage by using the most discriminated terms of
bug reports, the components in which the bugs belong to, and
the reporter who filed the bug. Their experimental evaluation
showed that TRAM outperforms many existing machine
learning-based approaches in terms of classification accuracy.

B. Expertise Model-Based Recommender

A model that captures the developer’s expertise based on his
historical bug-fixing data is developed. For instance, [26] has
built the expertise model based on the vocabularies used by
developers and documented in their source code files. The terms
appearing in the bug report are then compared to the developed
expertise model and accordingly discover or recommend
the suitable developer. Similarly, fuzzy set and cache-based
modelling of the bug-fixing expertise of developers has been
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developed in [30]. A ranked list of developers, in terms of
expertise in specified map locations, is developed in [28] where
the code changes history and the location of bugs are used to
build the expertise model.

C. Tossing Graph-Based Recommender

Developer networks can be used to discover team structure
where it can find suitable assignees for a bug-fixing task. Such
network is called a tossing graph that captures bug tossing
history and introduced in [17]. Several studies, later on, tried
to improve the accuracy of bug triage and reduced tossing path
lengths and tested the resulted improvements on Mozilla and
Eclipse where results showed great improvement, for more
information refer to [12, §, 9].

D. Social Network-Based Recommender

Social network technique has been used to find the potentially
experienced assignees for fixing each new reported bug in
[18]. Using social networks is a convenient way to analyze
the relationship between developers in the bug-fixing process.
The developers experience on fixing bugs can be understood
based on the analysis of the commenting activities among
developers, hence the candidate assignees for a new bug can be
found. Several studies have used the same technique to assign
bugs. For instance, Zhang and Lee [37] proposed a developer
recommendation method for assigning appropriate developers
to fix bugs. Their approach was based on social network and
experts’ feedback to recommend some candidate developers.
They considered the fixing efficiency and the experience of
these candidate developers to rank them. They achieved F-score
of 40% when the candidate list is 3. For more examples, refer
to [36, 31].

E. Topic Model-Based Recommender

Topic-model recommender works to find historical bug reports
similar to a new bug report, which share the same topic(s). The
scholars expect to introduce a topic model for improving the
accuracy of automatic bug triage. Studies [34, 27, 39] adopted
topic model to recommend the best developers for fixing the
given bugs. Zhang ef al. [40] modeled developer’s interest in a
topic based on their comments. They proposed an approach with
the name of En-LDA that recommends a ranked list of developers
who are potentially appropriate to handle the bug. Xia et al. [32]
proposed a specialized topic modeling algorithm for bug triaging.
In their work, they proposed an incremental learning method to
assign an appropriate fixer to the newly reported bug.

VII. CoNCLUSIONS

This paper proposed, CLUBA, an approach to recommend
highly experienced developers to contribute to resolving newly
submitted bug reports. After clustering bug reports based on
their distinctive terms, CLUBA ranks candidate developers
based on their collaborative effort on fixing bug reports. For
newly coming bug report, CLUBA assigns it to a relevant

cluster and recommends potential developers from that cluster
to solve it. Experimental evaluations were conducted on four
datasets. The clustering results indicated that the best fitness
criteria are achieved when the percentage of terms is 10% for
all datasets. We investigated the use of two different factors
in ranking developers. Both factors contributed unequally in
ranking developers where the contribution of the number of
fixed bugs factor is significantly larger than the contribution of
the number of contributed comments factor.

In future, we will examine the performance of CLUBA on other
bug repositories in order to generalize the results. In addition,
we would like to investigate the effect of using different
similarity measures on clustering results. Moreover, we would
like to examine the effect of utilizing other ranking criteria such
as the average fixing time.
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