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Dear editor,
GitHub1) is a web-based project hosting plat-
form which was launched in 2008 and has be-
come one of the premier open-source development
sites [1]. During the software development pro-
cess of GitHub projects, issue reports, as an im-
portant development knowledge, are likely to be
related as they contain relevant information. One
of the manifestations is that many open issues in
a project get linked to related issues by URL ref-
erencing. For a given issue, we refer to its related
issues as linkable issues, or L-issues. Informing
developers about L-issues can help them find sim-
ilar bugs, useful resources, and critical informa-
tion, which are helpful for quickly and efficiently
resolving issues. This is especially true for new-
comers who have just begun getting involved in
the development process. Identifying L-issues can
help them gain insights into the relationships be-
tween known issues, comprehend development re-
quirements, and avoid duplicate work.

Unfortunately, information regrading L-issues
are not readily available; developers often miss
them during the issue resolution process. Espe-
cially for the large projects, developers might have
to investigate a large number of issues, make the
connection from the description of the issue(s) in
the issue report to the L-issues. This manual link-
ing process costs time and effort, depending on the
experience and knowledge of the developers. Al-
though GitHub provides an issue search engine,

we initially tried to use it and found that the cur-
rent search engine of GitHub does not allow one
to conveniently find L-issues. Often, many of the
top results are not the appropriate L-issues. Thus,
providing an automated approach is necessary for
locating L-issues to help developers save costs and
let them focus on the knowledge related to a par-
ticular issue.

Our approach. Our approach works by gener-
ating and comparing distributed vectors of differ-
ent dimensions for issue textual contents. First,
we extracted the text information from all is-
sue data. Then, for each issue report, we com-
bined its title and description into a single doc-
ument. Next, we preprocessed those issue doc-
uments via the following steps: (1) extracting
all the words from each issue document; (2) re-
moving stop words, numbers, punctuation marks,
and other non-alphabetic characters; and (3) us-
ing Lancaster Stemmer method to transform the
remaining words to their root forms, for reducing
the feature dimensions and unifying similar words
into a common representation.

Based on the preprocessed issue documents, we
trained three vector representation models:

• Term frequency-inverse document frequency
(TF-IDF) model. As the basic model, we wish
to capture the relationship of word frequency be-
tween two issue documents. TF-IDF is one of
the most popular information retrieval techniques.
The main idea of TF-IDF is that if a term appears
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several times in one document and a few times in
other documents, the term can be used to differen-
tiate between the documents. Thus, the term has
a high TF-IDF value. In our approach, we com-
puted the word frequency similarity score (i.e., wf-
score) between two issue documents using cosine
similarity, which is a popular method that works
well for TF-IDF vectors.

• Word embedding (WE) model. We aim
to represent the relationship of words, contex-
tually between issue documents. In this study,
we used the skip-gram technique [2] to obtain
the word embedding vectors. To learn a tar-
get word’s representation, this model exploits the
notion of context, where a context is defined as
a fixed number of words surrounding the tar-
get word. To this end, for a given sequence
of words, {w1, w2, . . . , wn}, the target word, wi,
whose representation must be learned, and for the
length of the context window, k, the objective of
the skip-gram model maximizes the log-likelihood:∑n

i=1 logPr(wi−k, . . . , wi+k|wi). wi−k, . . . , wi+k

are the context of the target word wi. The
probability Pr(wi−k, . . . , wi+k) is computed as∏

−k6j6k,j 6=0 Pr(wi+j |wi). Here, the context
words and target word are assumed to be inde-
pendent. Furthermore, Pr(wi+j |wi) is defined as

exp(wi·w
′

i+j)∑
w∈W exp(wi·w) , where w and w

′ are the input

and output vectors of word w and W is the vocab-
ulary of all the words. By training a whole cor-
pus, all words in the vocabulary of the corpus can
be represented as a δ-dimensional vector. Then,
each word can be transformed into a fixed-length
vector. Each issue document can then be repre-
sented as a matrix, in which each row represents
a word. Note that different issue documents can
have different numbers of words, we transformed
the document matrix into a vector by averaging all
word vectors in the document. In particular, given
a document matrix with n rows, we denote the i-
th row of the matrix as ri and the transformed

document vector generated as
∑n

i=1
ri

n
. Finally,

given two word embedding vectors, we used cosine
similarity to measure their word context similarity
score (i.e., wc-score).

• Document embedding (DE) model. Our
goal is to further compare the relationship be-
tween two issue documents by considering their
document-level contextual information. In this
study, we used paragraph vector-distributed bag
of words [3], which is capable of learning rep-

resentations of arbitrary length word sequences
such as sentences, paragraphs, and large docu-
ments. Specifically, given a set of documents,
D = {d1, d2, . . . , dN} and a sequence of words,
W (di) = {w1, w2, . . . , wk}, sampled from docu-
ment di ∈ D, this model learns δ-dimensional em-
bedding vectors of document di and each word, wj ,
sampled from W (di) (vdi

∈ Rδ, wj ∈ Rδ). The
model works by considering a word, wj ∈ W (di),
to be occurring in document di and maximizes the
log-likelihood,

∑k
j=1 logPr(wj |di). The probabil-

ity, Pr(wj |di), is computed as
exp(vdi

·wj)∑
wj∈W

exp(vdi
·wj)

,

where W is the vocabulary of all words across all
documents in D. During model training, we added
the issue submitter name to the vectors as a con-
text label. Then, given two document embedding
vectors, we calculated their similarity score of the
document context (i.e., dc-score) using cosine sim-
ilarity.

During our testing, we used the trained TF-IDF,
WE, and DE models to calculate three similar-
ity scores (i.e., wf-score, wc-score, and dc-score)
for the query issue and each of the pending is-
sues. Although all three scores can represent two
issues’ semantic similarity, they are complemen-
tary: (1) wf-score was generated by the TF-IDF
model, which focuses more on issues’ word fre-
quencies across the whole corpus; (2) wc-score was
generated by the WE model, which focuses on the
contextual information of words; and (3) dc-score
was generated by DE model, which focuses more
on the latent relevance of document contexts. Fi-
nally, we added them up to produce a final score
to better recommend linkable issues. Note that a
higher score indicates that the semantic similarity
of the corresponding pair of issues is greater.

Experiment setup. For our experiments, we col-
lected more than 6000 actual linked issue pairs
from two well-known GitHub projects: jquery2)

and request3). The baseline approach was ob-
tained via GitHub’s issue search engine4). We used
the query, “search/issues?q=[Query]+type:issue+
repo:[Repo]” and ranked the results by “rele-
vance”. Our ground truth was based on actual
issue links posted in the issue comments. As with
our previous approach [4], we extracted all link
information using the “cross-referenced” GitHub
API endpoint5).

Regrading the evaluation metrics, we used top-
k recall rate (Rr@k) to check whether a top-k
recommendation was useful. If one of the actual

2) https://github.com/jquery/jquery.
3) https://github.com/request/request.
4) https://developer.github.com/v3/search/#search-issues.
5) https://developer.github.com/v3/issues/timeline/.
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links of a given issue was within the top-k list, we
counted it as a hit. Otherwise, we considered it
a miss. In our experiments, in addition to Rr@1,
we considered Rr@5 because many developers were
willing to check top-5 results in bug localization
tasks [5]. To consider the cases of an issue with
multiple links, we also measured mean average pre-
cision (MAP) and mean reciprocal rank (MRR).
These metrics are commonly used for recommen-
dation system evaluations in software engineering
tasks [6, 7].

In our experiments, we used an Intel(R) Core
(TM) I5 2.6-GHz PC with 8-GB RAM running
Windows 8 OS (64-bit). All actual linked issues
in our dataset were regarded as query issues. We
applied our models using the Python package, gen-
sim6). In this study, we mainly used the default
values of gensim for all parameters. Specifically,
for WE and DE models, we set the context win-
dow size, s, as 5. The initial learning rate, α, was
set as 0.025, and the dimension of the vector, d,
was set as 200.

Our results. Table 1 presents the exper-
imental results showing the relative improve-
ments our approach achieved over the base-
line approach, i.e., GitHub’s issue search engine.
The Rr@1, Rr@5, MAP, and MRR values of
our approach achieved 0.228/0.194, 0.435/0.375,
0.161/0.140, and 0.266/0.226, in the jquery
project and the request project, respectively.
The relative improvements achieved by our
approach from GitHub’s search engine were
165.1%/133.7%, 302.8%/200.0%, 163.9%/122.2%,
and 192.3%/143.0% for Rr@1, Rr@5, MAP, and
MRR, respectively. These results demonstrate
that our approach is more effective than GitHub’s
issue search engine.

Table 1 Performance comparison results. GH’s SE:
GitHub’s search engine; IPM: improvements

Project Metric Our approach GH’s SE IPM (%)

Jquery

Rr@1 0.228 0.086 165.1
Rr@5 0.435 0.108 302.8
MAP 0.161 0.061 163.9
MRR 0.266 0.091 192.3

Request

Rr@1 0.194 0.083 133.7
Rr@5 0.375 0.125 200.0
MAP 0.140 0.063 122.2
MRR 0.226 0.093 143.0

The average Rr@1 value was only 0.211, and
the average Rr@5 value was 0.405. In the initial
analysis, we observed that many cases that failed
when our approach was used involved issues whose
essential information was presented as a picture or

a code snippet. In future work, we plan to fur-
ther investigate the failure reasons using qualita-
tive analysis.

Furthermore, we only considered k = 1, 5 for
the top-k recommendations. We expect to find
even more linkable issues if we consider a larger k.
We leave these investigations for future work.

Conclusion. This study proposed a novel ap-
proach for recommending semantically linkable is-
sues (L-issues) in GitHub projects. Given a query
issue, this approach considered issues’ word corre-
lation and contextual information, and output a
ranked list of L-issues. The preliminary evalua-
tion results demonstrated that this approach can
achieve better performance compared to GitHub’s
default issue search engine. Generally, we con-
sidered the application and further development
of modern and powerful automatic approaches for
recommending linkable issues as an emerging and
promising area. Our approach can serve as a foun-
dation for more complicated and specific tasks,
such as duplicate issue detection, issue lifetime
prediction, concurrency issue categorization, issue
classification, issue localization, and issue triaging.
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