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Abstract—Sentiment analysis tools are becoming increasingly
more prevalent in the software engineering research community.
In this data showcase paper, we present a set of twenty-two
software requirements specification (SRS) documents that have
been preprocessed and subsequently analyzed using the Senti4SD
sentiment analysis tool. As part of our preliminary research,
we compared the result of the sentiment analysis of the SRS
documents and other non-related documents and found that
the SRS documents were 6% more neutral than other nonrelated documents. Finally, we also present a number of research
questions that we believe the research community might be able
to answer using our published data.

I. I NTRODUCTION
Sentiment analysis is a growing field of software engineering research and there is a keen interest in applying sentiment
analysis to the requirements engineering domain. Sentiment
analysis has been used to analyze the sentiment of support
tickets [1], in conjunction with machine learning techniques
to predict support ticket escalations [2], assess user’s sentiment
towards application features through application reviews [3],
and detect a developer’s sentiment, in particular the direction
of anger in collaborative software development [4].
Furthermore, at the inaugural International Workshop on
Affective Computing for Requirements Engineering [5], much
of the discussion unsurprisingly revolved around how affective
computing can aide in increasing the efficacy of requirements
engineers. In particular, one such discussion considered how
sentiment analysis tools may be used in conjunction with a
software requirements specification (SRS) document. In fact,
it was unknown whether anyone had ever directly analyzed
the sentiment of an SRS document. Many of the discussion
participants suspected that the sentiment would be overtly
neutral; however, this was merely conjecture. Nonetheless, the
notion of evaluating SRS documents was an endeavour that we
had decided to explore.
II. DATA P REPROCESSING
To analyze the sentiment of an SRS document, we first
needed to obtain at least one SRS document. Fortunately
we were able to collect twenty-two SRS documents from
various sources, each of which shall remain anonymous for the
purposes of identity protection. Each of the twenty-two SRS
documents were written in the English language and received

in the PDF format. The preprocessing stage consisted of three
steps: 1.) conversion to plain-text, 2.) conversion to UTF-8,
and 3.) tokenization into sentences.
The first preprocessing step of converting all the PDF
documents to plain-text was completed using the Automator
application, which is a built-in default application as part of
MacOSX. It is important to note that typical SRS documents
often contain a number of various figures and diagrams, such
as UML diagrams, that cannot be easily translated to textual
notation and thus cannot be analyzed by sentiment analysis
tools. The second preprocessing step of converting to UTF8, if applicable,1 was completed using the Unix utility iconv.
The third preprocessing step utilized the sent tokenize function
from the Natural Language ToolKit to tokenize the plain-text
documents sentence by sentence, the output of which resulted
in each line containing a maximum of one sentence. This
sentence tokenization was performed as sentiment analysis
is best performed on the minimum number of words (i.e.
sentences as opposed to paragraphs).

III. S ENTIMENT A NALYSIS
After the preprocessing was completed, the SRS documents
were ready for Sentiment Analysis. Due to the technical nature
of SRS documents, we opted to use the Senti4SD [6] sentiment
analysis tool, which is specifically trained to handle technical
terms, whereby many others are not suitable for technical
jargon [7]. Alternatively, as a side project it would be an
interesting task to compare the results of analyzing the sentiment of these twenty-two SRS documents with Senti4SD and
other common sentiment analysis tools, such as SentiStrength;
however, this task is left for future work.
Each line, which corresponds to one sentence, of each SRS
document was individually analyzed. As a result, each SRS
document had a corresponding output sentiment file whereby
each line number contained the line number from the SRS
document and the predicted sentiment, in particular one of
neutral, positive, or negative.
1 Not

all documents required conversion to UTF-8.

IV. DATA H IGHLIGHTS
The resulting sentiment analysis data have been published
for academic use via GitHub2 . We are currently working to
publish the textual data representing the twenty-two SRS documents; however, this paper was published prior to receiving
permission. As an alternative, we encourage and shall willingly
accept any reasonable requests and queries pertaining to the
SRS textual data that will not reveal any confidential data (e.g.
number of words per line).
In order to provide an initial comparative, meaningful
analysis of the sentiment of the SRS documents, we performed
subsequent sentiment analysis on sixty-nine of the accepted
technical papers from the 2018 IEEE 26th International Requirements Engineering Conference (RE’18) [8]. In particular,
the exact same preprocessing and sentiment analysis steps
were performed and the results of which have been published
(the textual data will not be published, but can be obtained
with an appropriate subscription).
Overall, both the SRS documents and the RE’18 papers
contained an overly neutral context, whereby the average
percentage of neutral lines was 96% and 90% respectively.
Interestingly, the SRS documents are on average 6% more
neutral than the RE’18 documents. The data for both sets of
documents is summarized in Table I.
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VI. C ONCLUSIONS
Our data showcase paper presents the results of running
Senti4SD on a set of twenty-two SRS documents. We also analyzed the sentiment of the accepted RE’18 papers to provide an
initial comparison with the twenty-two SRS documents, which
shows a 6% difference in the neutral sentiment between the
SRS documents and the RE’18 papers. Finally, we propose a
number of potential research questions that our published data
may be used in order to answer, which we hope will inspire
a fruitful discussion and lead to potential answers to our and
others’ research questions.
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