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Abstract—The information a developer seeks to aid the com-
pletion of a task typically exists across a range of artifacts. For
example, for a task that requires upgrading to a new version
of an API component, a developer may seek information in the
APD’s official documentation, check community discussions about
the newer version, and so on. To aid developers in locating
the portion of the text that might be useful in these artifacts,
prior work has used syntactic properties of the text, and an
artifact’s meta-data, to automatically identify relevant text for
particular kinds of artifacts. Although effective, these techniques
rely on assumptions about an artifact’s structure or content that
prevent applying them across the different types of artifacts that
a developer may come across in their daily work. In this paper,
we investigate whether techniques building on approaches to
interpret the meaning, or semantics, of the text help to overcome
these limitations. Particularly, we introduce six semantic-based
techniques and evaluate that they can identify up to 58% of the
text that developers deem relevant to Android development tasks.
When compared to a state-of-the-art approach, we find that our
techniques achieve comparable recall values, identifying 63% of
the small fraction of the task-relevant text of Stack Overflow
artifacts, but without the need for artifact-specific information.

Index Terms—Empirical Software Engineering, Software
Tasks, Natural Language Artifacts

I. INTRODUCTION

Performing a task on a software system, like fixing a
bug or adding a feature, typically requires a developer to
consult a number of different kinds of artifacts, such as
API documentation, bug reports, community forums and web
tutorials. When consulting these artifacts, a developer must
identify, from the large amount of text in these documents,
just the fraction of text relevant to the task-at-hand.

Unfortunately, developers tend to struggle with identifying
the relevant text and when they are unable to locate all,
or most, of it, they may produce incomplete or incorrect
solutions [1]. To aid developers in this situation, researchers
have proposed various techniques and tools to identify likely
relevant text. For example, Krec [2] identifies text that a devel-
oper cannot afford to ignore when reading an API document.
Although effective, this and other techniques (e.g., [3] or [4])
target specific types of artifacts, limiting their use across the
many different kinds of artifacts developers encounter daily in
their work.

If one technique could identify relevant text across all kinds
of artifacts a developer encounters, the technique could apply
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in all situations and may be more adoptable in industry as a
result. Guided by recent success using techniques that interpret
the meaning, or semantics, of text for a variety of development
activities, such as for finding who should fix a bug [5],
searching for comprehensive code examples [3], or assessing
the quality of information available in bug reports [6], we
consider whether semantic-based techniques might also aid in
identifying task-relevant text in software artifacts.

To investigate this hypothesis, we introduce six possible
techniques that incorporate the semantics of words and sen-
tences. The first two use word embeddings [7] to identify
likely relevant text via semantic similarity, word2vec, and
via a deep neural network, BERT. Sentence-level techniques
are filters that we apply (or not) on top of the word embedding
techniques generating four additional techniques. These tech-
niques use frame semantics [8] to obtain entities (frames) that
summarize a sentence’s meaning. One of our sentence-level
techniques, frame—elements, finds task-relevant text based
on a set of key frames. The other, frame—-associations,
matches frames found in a task and an artifact to determine
the text’s relevance.

Evaluating these techniques requires a dataset that com-
prises software tasks with associated artifacts and an iden-
tification of the text within those artifacts that is pertinent for
completing the task. As no such dataset is available, we created
one that comprises 50 software tasks about Android develop-
ment for which human annotators identified pertinent text per
task across a variety of kinds of software artifacts, including
API documentation, Stack Overflow answers, GitHub issue
discussions and other web pages for a total of 133 distinct
artifacts.

Using this dataset, we then sought to answer two ques-
tions: 1) how do these semantic-based techniques compare
to a state-of-the-art technique that is artifact-specific and 2)
which of these six techniques provides the best results? To
answer the first question, we restrict our comparison to a
subset of the dataset restricted to Stack Overflow artifacts,
which is the target of the AnswerBot technique to which
we compare. To answer the second question, we consider
a range of software artifacts in the dataset. From this as-
sessment, we find that BERT with no filters and BERT with
frame-associations have recall comparable to Answer-
Bot, identifying 63% of the small fraction of the text in the



artifacts that human annotators indicated as relevant to a task.

We also find that, for the different types of artifacts in this

dataset, semantic-based techniques can identify up to 58% of

the text identified as relevant to a task in a software artifact.
In summary, this paper makes three contributions:

« it provides a unique dataset [9] with 50 Android tasks and
associated textually-based artifacts that includes annota-
tions of which text in the artifacts is deemed pertinent to
these tasks;

« it reports on the precision and recall of the six semantic
techniques we introduce using the newly created dataset;
and

« it shows that semantic approaches have recall comparable
to state-of-the-art approaches tailored specifically to cer-
tain kinds of artifacts; recall is the preferred measure to
ensure as much of the relevant text as possible is returned.

We begin by describing related work (Section II) and

detailing the semantic-based approaches that we explore (Sec-
tion III). We then describe our novel dataset (Section IV) and
how we use it to evaluate the techniques (Section V). We
conclude with threats to the validity of our study (Section VI),
implications of our findings (Section VII), and a summary of
our work (Section VIII).

II. RELATED WORK

Software engineering researchers have made use of the
natural language text appearing in different kinds of artifacts
associated with software development in many different ways.
Many of the approaches to use this text rely on lexical and
syntactic properties of the text. We review various studies
that have been taken using these approaches, honing in on
studies that help identify text relevant to a task-at-hand.
More recently, researchers have also started to use semantic
approaches; we also provide an overview of these approaches
to provide background of how semantics can be useful to
support software development activities.

A. Using Lexical and Syntactic Properties of Text

Early uses of textual information in artifacts relied on the
frequency of co-occurrence of words or phrases. For example,
Maarek and Smadja’s used lexical relations to index soft-
ware libraries [10]. Since this early use, software engineering
researchers have continued to leverage advances in natural
language processing (NLP) approaches, such as when De
Lucia et al. applied Vector Space Model (VSM) to support
identification of human labelled source code components [11].

Interpretation, manipulation and extraction of text in soft-
ware artifacts have been employed for many different purposes
to improve software development. We review some of the
approaches to give a sense of the breadth of the approaches
in terms of different kinds of artifacts that have been common
targets.

A number of approaches target bug reports and GitHub
issues, largely focusing on summarizing information within
these artifacts. These summaries aim to represent key infor-
mation that may help a developer complete their task. For
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example, Rastkar et al. proposed a set of logistic regression
classifiers to summarize bug reports based on textual properties
inferred from the conversational nature of these artifacts [12].
As another example, Lotufo et al. propose a tool that automates
the identification of sentences that a developer would first
read when inspecting bug reports [13]. Others have focused
on assessing the text rather than summarizing it. For example,
Chaparro et al. have used a set of linguistic patterns to identify
whether a new bug report contained steps to reproduce the bug
or the system’s expected behaviour, which they then used as
a means to suggest improvements in the quality of the bug
report description [14].

Other approaches target web artifacts in the form of tutorials
or question and answer sites, such as Stack Overflow!, often
combining information from web sources with other artifacts.
For example, Ponzanelli et al. [15] take the text available in
the code and documentation that a developer inspects in an
IDE and use lexical similarity approaches to identify Stack
Overflow answers that might help a developer understand that
code. As other examples, Nadi and Treude defined a set of
linguistic patterns to identify relevant information in a Stack
Overflow answer [16] while Jiang et al. propose FITSEA [17]
to augment API documentation with information extracted
from tutorials, where the tool finds segments of the tutorial
that mention an API element based on textual matching and
term frequencies.

While many of the approaches described above rely on
largely lexical aspects or patterns in text, researchers have also
made use of structured textual information in the artifacts
[18]-[20]. For example, recognizing the value of structured
data available on Stack Overflow, Ponzanelli et al. proposed
a summarization technique that mixes natural language text
and structured data to produce more accurate summaries for
Stack Overflow answers [18]. Using similar data, Treude and
Robillard proposed SISE, a tool that augments API documen-
tation with relevant information extracted from Stack Overflow
answers [20].

A smaller number of approaches have focused on the
problem that is the focus of this paper, namely identifying
text in artifacts related to a specific task-at-hand. Chhetri
and Robillard have created a tool, called Krec, that identifies
relevant information, such as caveats or threats, in API docu-
mentation applying a series of NLP approaches, such as part
of speech tagging and shallow parsing, to determine which of
the sentences in the API documentation are relevant [2].

Many researchers have since proposed tools (e.g., [3]
or [21]) that use information such as whether a post has
an accepted answer or the number of votes a post has to
generate answers to a developer’s task. Among these, our work
is closest to AnswerBot’s relevant and salient text selection
algorithm [4]. AnswerBot uses this algorithm to identify
relevant text based on the content of the text, of the task
and the structured data available on each of the paragraphs
of answers in a Stack Overflow post. Although this is one
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of the three steps that AnswerBot uses to produce an answer
summary to a developer’s task, such algorithm also applies to
identifying task-relevant textual information, as we show as
part of our evaluation (Section V).

All of these existing approaches are specific to one kind of
artifact and use properties of the kind of artifact. In contrast,
the techniques we investigate in this paper seek to identify
task-relevant text across different artifact types.

B. Interpreting the Semantics of Text

We use the term semantics to refer to having access to a
meaning for words, phrases or sentences appearing in text.
Semantic-based approaches build a meaning by establishing
relationships between terms, for instance words, based on
the context in which these terms appear. For example the
terms ‘car’ and ‘automobile’ are likely to co-occur in different
phrases with terms like ‘motor’ and ‘wheel’ and thus, semantic
approaches indicate that these terms are likely similar in
meaning [22].

As an example of the usage of semantics in software
engineering researcher, Marcus and Maletic applied Latent
Semantic Indexing (LSI) to help cluster software components
to aid program comprehension of a software systems [23].
Ye et al.’s study on the usage of word embeddings [24] was
among the first to use the language models in the software
engineering domain [7].

Researchers have also developed approaches to interpret
the meaning of sentences in software engineering documents.
Maalej and Robillard have developed a knowledge taxon-
omy [25] using grounded theory to analyze documentation in
open-source systems and then, they validated their taxonomy
on documentation units sampled from the Java SDK 6 and
.NET 4.0. Arya et al’s have determined information types
in open-source issue discussions [26], Di Sorbo et al. have
created an approach to classify emails based on a developer’s
intentions [27] and Marques et al. have investigated the use of
frame semantics [8]. The techniques we propose in this paper
build on these earlier findings.

III. SEMANTIC TECHNIQUES

Each semantic technique takes as input a task description
and an artifact. The technique then identifies sentences in the
artifact pertinent to the task. The output from the technique is
a ranked set of sentences (from the artifact) from most likely
to be helpful for solving the task to the least helpful.

We introduce and assess six semantic techniques. Three of
the techniques use word2vec [7] as a base for determining a
ranked list of similar sentences between an artifact and a task
description and three use BERT [28]. One of the techniques
using word2vec simply returns the results of word2vec; a
second technique based on word2vec filters the ranked artifact
sentences—with a filter we call frame-elements—by applying
frame semantics to each sentence and retaining only those
that include certain frames; the third technique filters—with a
filter we call frame-associations—by keeping sentences with
certain co-occurrences of frame semantics between the task
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description sentences and the artifact sentence. The same set
of filters—mno filter, frame-meanings and frame-associations—
are used to produce three techniques using BERT, as shown in
Table 1. We describe word2vec, BERT and the filters in turn
to explain the six techniques.

A. Identifying Task-relevant Text with word2vec

To form the base of the first three techniques, we use
word semantics via word2vec in conjunction with informa-
tion retrieval approaches. Information retrieval techniques are
usually applied to look for documents relevant to a query
prompted by a user [22], where the relevance of a document to
a query is based on some function that indicates how similar
the document’s content is to that query [29]. Given the right
similarity function, information retrieval techniques can be also
applied to identify sentences within a document, artifact in our
problem formulation, that are relevant to a task.

We use the Skip-gram model [7], also referred to as
word2vec, to define such a similarity function. The Skip-gram
model exploits Harris’ distributional hypothesis [30]—which
states that words that appear in a similar context tend to have
similar meanings—and builds vector representations, namely
word embeddings, for each of the words in a text corpus. With
a significantly large text corpus, the model associates similar
vector embeddings to words that are similar in meaning [24].

Since word2vec represents words through a vector space,
the similarity of two words 7 and j can be obtained computing
the cosine similarity [29] between the corresponding vectors
of each word, i.e., w; and w;:
wiT (5

(e))

stmwi w5) = Mg

In turn, the similarity of two sentences can be obtained
by first computing a vector representation for the entire
sentence and then, by measuring the cosine angle between
the obtained sentence vectors. To obtain sentence vectors, we
follow Conneau et al.’s guidelines [31] and we average the
sum of the embeddings for each word in a sentence.

Following these procedures, we use a Skip-gram model
with word embeddings trained for the software engineering
domain [32] to compute the semantic similarity, or relevance,
of the sentences {a1, as,...,a,} within a pertinent artifact A
and the sentences {¢1,t2,. .., ¢, } in a task T". As both entities
have multiple sentences, the semantic similarity of a sentence
a; € A is the maximum value obtained for this sentence and
each of the sentences in a task.

After we compute the semantic similarity of all the sen-
tences in an input artifact with regards to an input task, we
sort the obtained values from highest to lowest, outputting
the top-n sentences with highest similarity as the ones likely
relevant to an input software task.

B. Identifying Task-relevant Text with BERT

In the Skip-gram model, context refers to the sentences used
to train the model. This approach to context does not allow the
model to disambiguate words based on their surrounding text.



TABLE I: Summary of semantic-based approaches for automatically identifying task-relevant text

Identifier Sentence filters Description
no filter Uses the Skip-gram model to identify relevant sentences as the sentences most semantically similar to a task
word2vec w/ frame-elements Modifies the output of the word2vec base approach according to whether sentences contain meaningful frame elements
L Modifies the output of the word2vec base approach according to whether sentences contain meaningful task-artifact
w/ frame-associations .
frame pairs
no filter Fine-tunes BERT to predict the sentences that are likely relevant to an input task
BERT w/ frame-elements Modifies the output of the BERT base approach according to whether sentences contain meaningful frame elements

w/ frame-associations .
frame pairs

Modifies the output of the BERT base approach according to whether the sentences contain meaningful task-artifact

In other words, a Skip-gram model will have a single vector
representation for a word such as ‘company’ even when it
can have different meanings, i.e., a business organization or
being with someone. In contrast, the Bidirectional Encoder
Representations from Transformers (BERT) [28] provides
different representations for the same word based on the
sentence in which a word appears. This additional layer allows
the model to perform more complex operations, leading to
state-of-the-art results in several tasks [28].

Typically, BERT is trained on a massive amount of data.
During training, a percentage of the tokens in a sentence—
usually 15%—are replaced with a special token and the model
is optimized to predict these replaced, or masked, tokens.
The model relies on a mechanism, called attention [33] that
correlates and weights all non-replaced tokens in the input so
that the model maximizes predictions. To fully train a BERT
model, one first creates a base model using a large amount
of text and the general token prediction task. Then, this base
model is fine-tuned to specific tasks, such as text classification,
using a dataset specific to the fine-tuning steps. The procedures
of training and fine-tuning allow using the model even when
training data is scarce and the model transfers what it learned
during training steps to the fine-tuning steps [28].

We posit that BERT’s attention mechanism and fine-tuning
procedures can be used to train the model to classify sentences
in a natural language artifact as likely relevant to software task.

The second group of three techniques use a BERT model
to classify if a sentence is relevant or not to a task. To this
end, we take the sentences {a1,as, ..., a,} within a pertinent
artifact A and the sentences {1, ta,. .., ¢y} inatask 7" and we
feed them to the model as task-artifact input pairs alongside
binary labels representing whether that sentence is relevant.
Using training data, the model’s attention mechanism will
learn associations between each pair such that it can predict if
a sentence is relevant for the task provided. We use up to 10
epochs to train BERT, setting both batch size and a sequence
length to 64. Cross-Entropy is our loss function, and the model
is trained to minimize it using the Adam optimizer at a learning
rate of /e-5 with early stopping.

Following these procedures, we take a fully trained model
and we compute the relevance of a sentence a; € A as
the most commonly predicted label for this sentence when
we pair it to each of the sentences in a task 7'. Similar to
the word2vec approach, we predict the relevance of all the
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sentences in an input artifact with regards to an input task and
we use prediction probabilities to select the top-n sentences
with highest probability as the relevant ones.

C. Filtering Task-relevant Text with Frame Semantics

Although word2vec and BERT have provided significant
improvements to a diverse set of natural language tasks, they
still capture semantics at the word level. If we seek to infer a
sentence’s meaning, an alternative would be to consider frame
semantics [8].

Frame semantics is based on how readers comprehend the
roles that words take in a sentence with respect to events of
interest. These events are defined as frames while the parts of
a sentence that assist a reader in understanding each event are
defined as frame elements. For instance, Figure 1 shows the
results of a frame analysis for a sentence giving instructions on
how to push user notifications in an Android app—You need
to have implement a BroadcastReceiver and declare it in the
AndroidManifest.xml*. In the figure, frames are highlighted (in
gray) while frame elements (fe), and the parts of the sentence
associated to them, are enclosed by square brackets. Through
frame analysis, we can use the frame ‘Required event’ as a
proxy to the sentence’s meaning.

You [need]gequized event [t0 have implement a BroadcastReceiver

and declare it in the AndroidManifest.xml} fe:Required situation

Fig. 1: Frame analysis example

We define two filters using frame semantics that can be
applied with either the word2vec or BERT base techniques as
a post-processing step to identify sentences potentially relevant
to a task based on the frame elements that the SEFrame tool
identifies [34]. For that, we implement a set of filters that
can be applied to the previous techniques as a post-processing
step [29]. A filter takes the output of a technique O and
produces output O’ where a sentence must match the filter’s
relevance criteria. For both filters, we use SEFrame [35] to
assign frames relevant to software engineering text.

Frame-elements: This filter considers sentences identified
with frames giving instructions, describing required events,
explaining system procedures, and others as likely to contain
information of interest. The rationale for the set of frames

Zhttps://stackoverflow.com/questions/24313539



identified is based on findings from related work that have
shown that the meaning of the text is an indicator of its
relevance to a software task [34]. This filter takes a sentence
a; € A and checks whether any of the frame elements of
this sentence match one meaningful frame f € F' from a pre-
established set’.

F = {being obligated, causation, . .. required event, using}  (2)
1, if frames(a;)N F # @
frame-elements(a;) = ! . (a:) 7 3)
0, otherwise

Frame-associations: This filter considers that the relevance
of a sentence depends on the intentionality of a task. For
example, for a task that requires diagnosing an error, sentences
in a bug report that describe success or failure of an action
are likely relevant. This rationale is represented by a set of
associated frame pairs, where each element represents a frame
originating from a task and another frame originating from
a sentence. This filter checks if a task-artifact frame pair
obtained from an input artifact and input task appear in a
pre-established set of pairs>.

P = {(execution, being obligated), . .. (questioning, using)}  (4)

1’
0’

if pair(a;, T)N P # &

frame-associations(a;, T) = .
otherwise

()

We identify frame-pairs p € P using association rule
mining [36], which identifies frame elements that co-occur in
a task’s title and in the text marked as relevant in the artifacts
associated to each task. We mine pairs using the apriori
algorithm [37] with a minimum support level—the minimum
number of times the frame element pairs must appear across
the data—of 0.10. Section V further details the data used to
identify rules.

IV. DATASET

Our evaluation requires a dataset that contains software
tasks, associated artifacts and text in the artifacts marked by
human annotators as relevant to the tasks considered. We
create this dataset because, to the best of our knowledge,
existing datasets (e.g., [16], [34] or [38]) comprise tasks with
only a single, or a small number, of types of artifacts.

Figure 2 summarizes the process we use to create the
dataset, which we call DS-android. We randomly sample
a set of 50 Android development tasks from two common
task sources, GitHub and Stack Overflow. For each of these
tasks, we use the Google search engine to find potential
artifacts that likely contain relevant information for that task.
We then gather task-relevant sentences from these artifacts
from experienced developers.

3See full list in our replication package [9]
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We focus our dataset on Android development because the
Android SDK constantly evolves due to functionality, secu-
rity and performance-related improvements [39], [40]. These
improvements impact its development community, requiring
them to often seek information regarding changes in the
SDK [41]-[43]. For example, over 35,000 developers have
used Q&A forums to discuss tasks covering 87% of the classes
in the Android API [44]. Section VI discusses threats related
to the creation of the dataset.

A. Software Tasks

We start dataset creation by identifying software tasks for
which a developer will likely benefit from the use of additional
information to complete.

Two common places where Android tasks can be found
are: /) the description of an issue (e.g., a bug or feature
request) reported in an issue tracking system; or in 2) a post
in a community forum, development mailing lists, and others.
Several studies have used such sources for software tasks [4],
[16], [45] and, following the lead of these studies, we select
GitHub issues and Stack Overflow posts as the two sources
for the tasks in our dataset.

To select tasks from GitHub (e.g., a bug or feature request),
we are guided by studies that use stars as a proxy for a
project’s popularity [46], [47]. We selected 14 projects by
filtering the list of top-starred projects in GitHub to those
with the Java and Android tags. These projects range from
mail clients* to development frameworks® and we randomly
selected 25 distinct issues originating from them as the GitHub
tasks of our dataset. While selecting issues, we took care to
check that they had at least one follow-up comment and that
the issue title did not contain certain words (e.g., test or
ignore), that indicate issues typically created automatically
by scripts or bots—a common pitfall that researchers must be
aware of when mining GitHub [48].

We randomly select 25 Stack Overflow posts from a curated
list about Android development [38]. This list was built
by Baltes et al. using the Stack Overflow dump published
on June 5, 2018 [49], [50] and it contains 209,536 unique
posts with the Java and Android tags. We consider Stack
Overflow posts as software tasks because to answer a post,
a developer often needs to provide references supporting their
answer [51]. Finding these references in a timely manner and
writing the key information that helps a user understand the
provided solution encompasses many of the activities found in
a developer’s daily work, e.g., work-related browsing, coding,
debugging, reading, and writing [52].

B. Artifact Selection

Next, we require a set of artifacts with textual information
that helps a developer complete each of the tasks selected.
To select artifacts pertinent to a task in our dataset, we seek
to simulate everyday practices on how developers search the

“https://github.com/k9mail/k-9
Shttps://github.com/libgdx/libgdx



Task selection

android

projects on

) GitHub

Igl‘stack
overflow

Torrent

&
i

50 randomly sampled tasks

Artifact selection

— (4\ search query = task title
https://stackoverflow.com » questions » ...
https://developer.android.com» ...

https://support.google.com » pixelphone > ...
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Experts’ input on the relevant text
pertinent to the task

Fig. 2: Summary of procedures for dataset creation

web [53], [54]. Hence, we use a search engine to retrieve
artifacts that are pertinent to each task.

Since the total number of artifacts that may assist a de-
veloper is unknown and unbounded, we focus our selection
to well-known and studied artifact types [55], [56], namely
Android and Java SE API documentation, GitHub issues, Stack
Overflow answers, and web tutorials or blog posts on Java and
Android development.

We use a task’s title (i.e., Stack Overflow question or
GitHub issue title) as the seed to search for pertinent artifacts
within our selected artifact types. We use googlesearch
API [57] to get the results of a query adding site:domain
to search for artifacts only in (or outside) a given web
domain®—procedures similar to [4].

We request up to 5 resources per query, but we only include
up to one API document, one GitHub issue discussion, one
Stack Overflow answer, and two miscellaneous web pages in
the final artifact set for a task. When selecting results, we ex-
clude any entry that does not appear in the Amazon Alexa [58]
web traffic statistics for Java and Android development in the
period from April 2020 to March 2021. We apply this filter to
include software development artifacts and remove results such
as a tutorial about “stock swap” operations which was initially
fetched for a task discussing “left and right-hand swap’.

Limiting the number of artifacts up to a maximum of
5 artifacts per task relates to the time-consuming [59] and
cognitively demanding [60] nature the final step in the dataset
creation, i.e., asking annotators to carefully read, understand
and identify the text within the fetched artifacts that relevant
to a given task.

C. Relevant Text Detection

The final step in the dataset creation requires determining
which of the text in the gathered artifacts could provide
information that assists a developer in solving her task. To
produce this golden data, we ask experienced developers
to mark the text that they deem useful and that provides
information for tasks assigned to them [2], [16], [34]. We

See query templates in our replication package
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TABLE II: Android dataset summary

# of sentences # of sentences marked

total mean stdv total mean stdv
API documentation 4,915 109.22  96.77 327 9.62 7.88
GitHub issues 1,890 43.95 33.69 146 4.87 3.37
Stack Overflow answers 1,420 28.40 28.48 330 7.33 5.08
Miscell pages 4,176 70.78 56.64 590 12.55 9.88
Overall 12,401 62.95 66.25 1393 8.93 7.78

recruited 3 graduate students with professional programming
experience to produce golden data for our dataset. Annotators
had to have experience with Java development and they also
had to be familiar with the types of artifacts they would
encounter throughout the annotation process. On average,
annotators self-reported 3.0 years of professional programming
experience (stdv 1.63, ranging from 1 to 5 years).

Annotation was facilitated by a tool we created for this
purpose. First annotators performed two tasks, other than
the ones in our dataset, to familiarize themselves with the
tool and annotation procedures. We discussed results from
these two tasks with all annotators to ensure consistency
over responses to any of the questions annotators had. No
changes arose from the two introductory tasks. After this step,
we presented the tasks to the annotators, dividing them into
batches of 10 tasks each. For each task, annotators had the
task description and links to artifacts pertinent to the task at
their disposal. We asked annotators to write a short (250 words
max) set of instructions a developer could follow to complete
the task successfully. The purpose of the plan was to ensure
that annotators built enough context about the task. While
perusing artifacts, annotators also used our tool to manually
highlight sentences that they deemed useful and that provided
information that assisted task completion—instructions similar
to the ones used for the creation of the data in Nadi and
Treude’s study [16] or Marques et al.’s study [34].

D. Dataset Summary

Opverall, the resultant DS—-android dataset has 50 tasks
and 133 artifacts, divided as 33 API documents, 45 Stack
Overflow answers, 20 GitHub issues, and 35 other web pages.
Tasks in the dataset have an average of 3 associated artifacts



each and we discriminate the text marked by each annotator
per artifact. Overlap between the text marked by the anno-
tators represents 20% of the entire data and Krippendorff’s
alpha [61] indicates good reliability [62] over the sentences
marked as relevant (or not) by the annotators (o = 0.69).
Table II provides summary statistics for the dataset’ content
over the artifacts inspected as well as on an artifact type
basis according to the text marked by any annotator. Based on
individual annotations, the text deemed useful to a software
task in the artifacts inspected comprises an average of 8.93
sentences per artifact per annotator. This usually represents
15% of the text in an artifact. We also observe that the highest
number of sentences marked originate from miscellaneous
types of web pages while the lowest come from GitHub
issue discussions. The high number of sentences marked in
the former might relate to the more didactic nature of web
tutorials [63], [64]. For the latter, the content on GitHub may
be too project-specific which might prevent a developer who is
performing a task in a different context from benefiting from
most of the content found in this type of artifact. We discuss
threats that might arise from these differences in Section VI.

V. EVALUATION

Our aim is to create a technique that can apply to multiple
kinds of software artifacts so that software developers can rely
upon one technique instead of many, one for each artifact type.
To be useful, the one technique that applies to multiple artifacts
must perform similarly to techniques specialized to particular
kinds of artifacts.

We first evaluate whether any of the six techniques we
introduce performs similarly to a technique specialized to
one kind of artifact. We chose to compare the performance
of our techniques to that of AnswerBot on Stack Overflow
answers because, as Section II details, the tool’s relevant and
salient text selection is the technique closest to our work.
This evaluation helps answer: How do our six semantic-based
techniques compare to a state-of-the-art technique that is
specific to a particular artifact type?

We then consider whether the semantic-based techniques
can perform equivalently well across multiple artifact types.
This evaluation helps answer: Which semantic-based technique
provides the best results?

We use precision and recall metrics [65] to measure what
portion of the text identified by human annotators the tech-
niques automatically identify. In this context, we believe recall
to be the most important metric since failure to identify text
that is relevant to a task means that a developer will have an
incomplete or partial view of the information needed, what
can lead to faults [1].

A. Experimental Setup

To evaluate the six techniques and determine how much of
the task-relevant text in the DS—android dataset they are
able to identify, we use the following experimental setup.
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1) Techniques’ Output: We configure each technique to
identify a target number of 10 relevant sentences for each
task-artifact pair. This decision is based on the fact that no
more than 15% of the content of any artifact in our dataset is
deemed relevant to a task, which, on average, accounts for 8.93
sentences. Researchers have also used the same target number
of 10 sentences when evaluating techniques (e.g., [4] or [13])
able to identify relevant text for certain kinds of artifacts, what
will also facilitate comparing our results to related work.

2) Training & Testing Data: In addition to configuring the
techniques’ output, two of our techniques require training data
for fine-tuning purposes (BERT) and to derive task-artifact
frame pairs (frame-associations). We ensure that no
data used to evaluate these techniques is also used to train them
by splitting the dataset into two portions, one for training and
another for testing, each with an equal number of tasks. Due
to our comparison with AnswerBot, we also ensure that all
tasks used for testing purposes have associated Stack Overflow
artifacts. That is, we create our test set randomly selecting
25 tasks in the dataset that contain a Stack Overflow artifact
among its associated artifacts.

3) Metrics: We compute values for precision and recall
metrics based on the sentences deemed relevant to a task by ar
least two human annotators. To minimize risks from a scenario
where one of the techniques and their underlying approaches
has a peak or bottom performance due to training procedures
or due to factors beyond our control, we compute results for
each technique over 10 distinct executions over the test data,
reporting the average of each metric over all runs.

Precision measures the fraction of the sentences identified
that are relevant over the total number of target sentences
identified, as shown in Equation 6.

TP

Precision = ————
TP+ FP

(6)
Recall represents how many of all the annotated sentences
are identified by a technique (Equation 7).

TP

Recall = ——
TP+ FN

O]
Precision means identifying only text that is relevant,
whereas recall means identifying all relevant text. Ideally, we
would aim for a technique with high precision and high recall.
Unfortunately, this is often not possible and we must reach
a compromise. As described earlier, our goal is to support
developers to locate text that might be relevant to their task,
and not locating all the relevant text may lead to incomplete
or incorrect solutions, thus the reason why we favour recall.

B. Comparison to AnswerBot

For a fair comparison between our techniques and Answer-
Bot (AnsBot), we must ensure that we obtain measurements
for all the approaches under the same circumstances. This
could mean applying our techniques to the tasks and artifacts
used in AnswerBot’s original evaluation or applying both our
semantic-based techniques and AnswerBot to our test data.



TABLE III: Comparison to AnswerBot

TABLE IV: Comparison to AnswerBot;ex

no filter w/ frame-elements w/ frame-associations no filter w/ frame-elements w/ frame-associations
technique precision  recall precision recall precision recall technique precision  recall  precision recall precision recall
AnsBot 0.59 0.63 - - - - AnsBotiext 0.53 0.53 - - -
word2vec 043" 0.48" 0.49" 0.45° 0.45" 0.50" word2vec 0.43 048" 0.49" 045" 045 0.50"
BERT 0.58 0.63 0.53* 0.58% 0.58 0.62 BERT 0.58% 0.63" 0.53 0.58" 0.58" 0.62"

“ AnsBot performs better with a large effect size (a = 0.1, Cohen’s D > 0.8);

It would be interesting to report results for both scenarios,
but golden data in AnswerBot represents how human evalua-
tors judged the target sentences outputted by the tool. This
comprises only a portion of the entire text available in a
Stack Overflow answer, which can have more text that these
evaluators could have judged as relevant. Since we do not have
access to AnswerBot’s original judges to construct this data,
we evaluate our techniques and AnsBot only on the tasks and
Stack Overflow artifacts in the portion of the DS-android
dataset that we use for testing.

Since AnsBot uses both textual properties and meta-data,
we also evaluate how much of the tool’s accuracy relies on
properties such as the number of votes an answer got on the
platform or whether the answer has been accepted. For that,
we disable any of the features used by AnsBot that rely on
meta-data and we compute evaluation metrics once more. We
refer to this configuration in our results as AnsBot eyt

Results: Table III shows values of precision and recall
for AnsBot and the semantic techniques that we explore
when identifying text annotated as relevant for each artifact
of each task. In the table, rows provide details about the base
technique while columns show which post-processing filters
were applied as well as precision and recall values. We also
use a paired Wilcoxon-Mann-Whitney test [66] to check if the
results between each technique and AnsBot are statistically
different, marking which technique performs better.

Overall, we observe that AnsBot achieves 0.59 precision
and 0.63 recall—values explainable by the fact that the tool
is tailored specifically to Stack Overflow. When we com-
pare AnsBot to our techniques, we observe that the base
BERT approach and the one using frame-associations
achieve result comparable to AnsBot. Interestingly, the
frame-elements filter does not provide significant im-
provements to the base approach. The lack of differences
may be explained by the fact that, to determine relevance,
the attention mechanism used by BERT already correlates the
text in a task and in an artifact (Section III-B), and that the
vector representations in the model are able to infer contextual
information, which may serve as an implicit way to iden-
tify a sentence’s meaning. For word2vec, we observe that
the technique’s results are significantly lower than AnsBot,
which suggests that it fails to identify relevant text identified
by AnsBot.

Without meta-data, results (Table IV) indicate that all
BERT techniques achieve significantly higher recall than
AnsBotiext. This suggests that, to determine relevancy, a
neural network might implicitly use some of the properties of

247

t BERT performs better with a large effect size (« = 0.1, Cohen’s D > 0.8);
AnsBotiey: performs better with a large effect size (o« = 0.1, Cohen’s D > 0.8);

text that appears in highly voted or accepted answers.

Results from our comparison to a state-of-the-art approach,
namely AnswerBot, indicate that text-based semantic tech-
niques achieve comparable accuracy when identifying relevant
information in Stack Overflow artifacts.

C. Evaluation Across all Artifact Types

Provided that we can identify task-relevant textual informa-
tion with accuracy comparable to a state-of-the-art approach,
we measure how much of the text that is relevant to a task
(within an artifact) can our semantic-based techniques identify.
To this end, we compute precision and recall metrics over all
the artifacts in the test data. To assist comparisons, we also
report results for the text identified by a standard VSM lexical
similarity approach. Several studies [34], [67], [68] have
shown that developers often use keyword-matching as a first
search strategy to locate text that might contain information
relevant to their tasks. Thus, this baseline might assist us
in interpreting how much of the task-relevant text a developer
would identify by themselves when inspecting an artifact at
first glance.

We also consider precision and recall metrics per type of
artifact, i.e., APl documentation, Stack Overflow answers,
GitHub issues, and miscellaneous web pages. We measure how
much each metric varies across these artifacts reporting their
standard deviation. The less variation there is, the more a tech-
nique consistently identifies task-relevant textual information
regardless of an artifact type.

Results: Table V summarizes the average of precision and
recall metrics when identifying task-relevant textual informa-
tion for all of the test data. Based on the overall results
for each technique, we observe that recall scores range from
0.43 to 0.58. We also note that applying sentence-level filters
improves precision and recall values for word2vec. Notably,
word2vec with the frame—elements filter achieves up to
0.49 recall. For BERT, recall values range from 0.56 to 0.58
and, similar to our evaluation with Stack Overflow artifacts,
we observe that sentence-level filters do not provide substantial
changes.

When we compare evaluation metrics to a baseline
using VSM, we find that the baseline achieves precision and
recall scores of 0.30 and 0.33 for the same data. Although
this result is not surprising, it suggests that a developer
using keyword-matching could miss much of the task-relevant
textual information in an artifact.

Table V also details evaluation metrics per type of
artifact. Certain techniques, such as word2vec with



TABLE V: Evaluation Metrics Over All Artifacts and Artifact-type Wise

no filter w/ frame-elements ~ w/ frame-associations
artifact precision recall precision recall precision recall
API documentation 0.47 0.39 0.47 0.40 0.53 0.52
9 GitHub issues 0.40 0.36 0.60 0.54 0.44 0.36
Z  Stack Overflow answers 0.43 0.48 0.49 0.45 0.45 0.50
'O Miscellaneous pages 0.49 0.49 0.50 0.45 0.50 0.47
£ overall 0.45 0.43 0.51 0.46 0.48 0.46
standard deviation 0.03 0.05 0.05 0.05 0.03 0.06
API documentation 0.52 0.55 0.51 0.57 0.52 0.55
Github issues 0.52 0.56 0.53 0.55 0.52 0.56
> Stack Overflow answers 0.58 0.63 0.53 0.58 0.58 0.62
i Miscellaneous pages 0.52 0.56 0.51 0.54 0.53 0.57
overall 0.54 0.58 0.52 0.56 0.54 0.58
standard deviation 0.02 0.03 0.01 0.01 0.02 0.02

frame-elements, have better results in specific types of
artifacts, such as GitHub issues. However, word2vec results
are significantly lower for other types, such as API documen-
tation or Stack Overflow answers. Without filters, BERT per-
forms better at Stack Overflow. For this technique, we also find
that filters decrease the amount of variation in the evaluation
metrics. Notably, BERT with frame-associations is the
technique with the highest recall and second lowest standard
deviation suggesting that the technique performs well across
different types of artifacts.

When we compare techniques without any filters, differ-
ences between word2vec and BERT may be explained by
how each of these two approaches compute relevance. That is,
all the words in a sentence contribute equally to word2vec’s
identification of task-relevant text via its semantic similarity
function. If an artifact lacks much of the text that appears in a
task description, this technique may not be able to identify
the text deemed relevant. BERT shortens this gap because
relevance is computed via its attention mechanism, which
might assign more weight to words key to determining that the
text is relevant to a task thus, explaining why the technique
has better evaluation metrics.

With sentence-level filters, there are improvements to most
of the types of artifacts evaluated. However, in certain tech-
niques, the filters decreased the text identified, as when using
the frame—elements filter in Stack Overflow artifacts. It is
possible that the text in these artifacts lacks any of the frames
that we defined as meaningful, and thus, the reason why this
filter reduced the amount of text identified.

Results from our evaluation across all artifact types in-
dicate that semantic techniques can find up to 58% of the
task-relevant textual information in an artifact. Some of our
techniques also show consistent results over different types of
artifacts, suggesting that semantic techniques may generalize
across a variety of natural language software artifacts.
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VI. THREATS

We rely on the golden data for DS—android to evaluate
techniques, which impacts the conclusions we draw. This
golden data in turn relies on the human annotations of text in
artifacts that is related to a task-at-hand. There is a possibility
that this text marked by the annotators might not contain
information associated with the solution for the task, or that an
annotator missed highlighting text that they deemed relevant.
We minimize this threat by considering only the sentences
marked by at least two annotators as the golden data used
in the evaluation of techniques. We also asked annotators to
write a short set of instructions for the tasks they annotated
and provided them an in-house tool that streamlined annotation
procedures. These procedures help mitigate risks to the validity
of our conclusions. We note that there are no objective means
to quantify which text assists task-completion [69], [70].

The internal validity of the evaluation may be impacted
by the differing number of types of artifacts in the data set.
While most of the tasks in the data set have associated Stack
Overflow artifacts, not as many have artifacts from GitHub.
These differences may affect the training and testing of each
technique. These risks are mitigated in that the content of
Stack Overflow and GitHub artifacts is similar in length in
the data set (Table II).

The selection of tasks in the Android development domain
could affect the generalizability of our work. Most notably, as-
pects such as programming languages, frameworks, associated
technologies, and others [45] influence the information sought
by a developer as well as what they find relevant. The three
annotators that we recruited to construct the DS—android
data set are also not representative of the entire developer
population. We leave the investigation of software tasks in
other programming languages or domains—and their associ-
ated natural language software artifacts—to future work.

VII. DISCUSSION

Our results show that it is possible to create semantic-
based techniques for identifying task-relevant information with



comparable performance to a state-of-the-art technique that is
more targeted. Although comparable in performance, artifact-
specific techniques may still perform better overall raising the
question of whether a general technique is needed. We explore
this question as well as discussing potential improvements
to the semantic-based techniques. We also introduce poten-
tial tools that can leverage the broader applicability of the
semantic-based techniques.

A. Specificity or Generality?

From the evaluation of techniques we conducted, we ob-
serve that techniques specific to a particular kind of artifact
demonstrate the best recall value. If such techniques, such as
AnswerBot, can already identify most of the text considered
relevant in the artifacts that they target, one may ask what is
the place of more general approaches.

We argue that techniques that might apply to more than
one kind of artifact may be more robust to a variety of kinds
of tasks that occur during development and to new kinds
of artifacts that are introduced. In particular, studies have
shown that the information sources sought by a developer
vary according to a task’s type [56]. On the one hand, the
variety of task types, the variety of artifacts needed, and
the introduction of new artifact types pose challenges to
techniques that are artifact specific and may favor general
techniques. On the other hand, research on the web search
behaviour of developers suggests that certain sources are well-
established within many development communities and thus,
artifact-specific techniques tailored to these sources might
identify task-relevant textual information more accurately. A
good path forward may be to use a complement of artifact-
specific and general approaches.

B. Limitations & Potential Improvements

We have shown that semantic-based approaches identify
task-relevant textual information across different types of
artifacts without relying on assumptions about the nature of
an artifact or its structured data. However, we observe that
the techniques with the best accuracy require training data.
Producing this training data might require significant manual
effort and this could be considered as an impediment for the
use of such supervised techniques.

Although we acknowledge that the need for training data
is a limitation inherent to supervised techniques, the fact
that artifact-specific techniques, such as AnswerBot, have
accuracy comparable to semantic-based approaches provides
a unique opportunity for the creation of synthetic data that
one might use for training purposes. In a similar manner to
how researchers created word embeddings for the software
engineering domain [32], one might gather significantly large
amounts of data from online resources such as Stack Overflow
and use techniques, such as AnswerBot, that apply to such
resources to create the data needed for training.

One requirement to using such a bootstrapping mechanism
is that one must show that techniques trained on synthetic
data do not simply replicate the underlying heuristics of the
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techniques used for bootstrapping. That is, we have to show
that a technique trained in this manner correlates data from a
task and an artifact in ways that extend beyond what a tech-
nique used for bootstrapping already provides. For example,
showing that it can identify task-relevant textual information
in a different type of artifact or showing that its accuracy is
significantly better than the technique used for bootstrapping.
We leave this investigation for future work.

C. Tool Ideas

We describe two potential tools based on semantic tech-
niques to assist developers in locating information associated
with the solution for a software task.

A first tool, in the form of a web browser plugin, could
assist developers with real-time navigational data. A developer
could provide to the tool a link to their current task and,
whenever a developer navigated to a new web page, the tool
could highlight text automatically identified as relevant to the
developer’s task.

A second tool takes inspiration from Hipikat—a tool that
implicitly builds a group memory for a software system based
on the artifacts produced during a task [71]. While Hipikat
makes recommendations at the artifact level, Cubranic et al.
had already acknowledged that natural language text could
be used as a recommendation unit. For this type of tool,
developers could use a feedback mechanism to confirm if the
text identified by a technique was indeed relevant to their tasks,
saving this knowledge in the project memory.

VIII. CONCLUSION

Given that only a fraction of the text of an artifact contains
information associated with the solution of a developer’s task,
researchers have proposed specialized techniques (and tools) to
help developers locate text relevant to a task-at-hand. Although
effective, such techniques do not apply to all the different types
of artifacts that a developer may come across in their daily
work, what limits their usage.

As an alternative, this paper proposes six possible tech-
niques that incorporate semantics of words and sentences to
identify task-relevant text across a range of natural language
artifacts. We compare our proposed techniques to a state-
of-the-art technique, AnswerBot, specific to Stack Overflow
artifacts and we evaluate them over different types of artifacts.

Evaluation results show that semantic-based techniques
achieve recall comparable to AnswerBot, but without the
need for artifact-specific data, and that some of our proposed
techniques perform equivalently well across multiple artifact
types. In the future, we plan to investigate how to embed our
techniques into practical tools, and how developers benefit
from such tools. We publicly share the dataset produced as
part of our work to help future research in the field [9].
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