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Abstract—Emotions are an integral part of human nature.
Emotion awareness is critical to any form of interpersonal
communication and collaboration, including these in the software
development process. Recently, the SE community starts having
growing interests in emotion awareness in software development.
While researchers have accomplished many valuable results,
most extant research ignores the dynamic nature of emotion.
To investigate the emotion dynamics, SE community needs an
effective approach to capture and model emotion dynamics rather
than focuses on extracting isolated emotion states. In this paper,
we proposed such an approach—-EMoOD. EMOD is able to auto-
matically collect project teams’ communication records, identify
the emotions and their intensities in them, model the emotion
dynamics into time series, and provide efficient data management.
We developed a prototype tool that instantiates the EmMoOD
approach by assembling state-of-the-art NLP, SE, and time series
techniques. We demonstrate the utility of the tool using the
IPython’s project data on GitHub and a visualization solution
built on EmoD. Thus, we demonstrate that EMOD can provide
end-to-end support for various emotion awareness research and
practices through automated data collection, modeling, storage,
analysis, and presentation.

Index Terms—Emotion awareness, emotion dynamics, emotion
intensity, software project team, time series database.

[. INTRODUCTION

Emotions are the subjective matters which express states
and opinions of mind and can affect productivity, task qual-
ity, and job satisfaction [1], [2]. Its importance in various
software engineering activities has increasingly recognized
in software engineering literature [3]-[5]. Researchers have
proposed multiple methods to identify emotions expressed in
the software development process and attempted to identify
the relationships between emotion states and various software
process and product metrics, e.g., [6]-[9].

One of the critical characteristics of emotion is its dynamic
nature [10]. Yet, emotion research in software engineering
has for long largely neglected the time dynamic aspects of
emotions. As far as our current knowledge, there is no software
engineering literature to emotion dynamics into consideration.
However, psychology literature has shown that investigating
the dynamics of emotions is crucial in emotion awareness
research, which is more important than capturing discrete,
isolated emotion states [11]-[13]. In software development, for
example, a negative emotion state may be not strong enough

negative emotion over a few weeks is likely to imply some
project problem.

To investigate the dynamics of emotions, the SE research
community needs a systematic approach to identify, quantity,
model, store, and present dynamic emotion information. In
this paper, we present EMOD-an approach that is able to
achieve the above goals. Built on state-of-the-art NLP, SE,
and time series database techniques, EMOD can continuously
collect textual project communication records according to
the user-defined data collection time interval, automatically
identify the emotions, and calculate the intensities expressed
in them. Then, EMOD models the extracted emotions and their
intensities into time series, and put them into a time series
database for further uses. We instantiated a tool for the EMOD
approach and demonstrated how it could be used in visualizing
emotion dynamics for emotion awareness in the project team!.

Compared with the state-of-the-art automated emotion
awareness tools in SE, EMOD has several advantages. First,
EMOD provides an end-to-end, almost real-time solution for
investigating emotion dynamics in software development. Sec-
ond, EMOD is highly portable and extensible. For each task
in it (see Fig. 1), integrating new techniques and replacing
the older ones are very convenient. Last but not least, EMOD
is not only an approach. Its implementation also provides an
infrastructure prototype that can be used in many software
engineering research and practice scenarios.

The rest of the paper proceeds as follows. Section II briefly
introduces some basics of the psychology of emotion and
existing techniques for extracting emotions from the text. The
overview of the EMOD approach is presented in section III.
Section IV introduces instantiation of EMOD. Discussion, and
conclusion are discussed in section V, and VI respectively.

II. BACKGROUND
A. Psychology of Emotions

Emotions are pervasive among humans and have unique val-
ues in dealing with fundamental life-tasks [14]. Understanding
one’s emotions and emotional style build on a vast amount
of research in Emotional Psychology and Affective Science.
Psychologists have proposed many theories that classify hu-
man emotions [15]. According to the discrete emotion theory,

o . . ! The corresponding source code and data are available at:
to indicate unfavorable project progress, but a continuous https://github.com/EmotionDynamic/EmoD
2576-3148/19/$31.00 ©2019 |[EEE 252 IEEE
DOI 10.1109/ICSME.2019.00038 (@ computer
SOCI

ety



which is the mainstream view among psychologists, some
emotions are considered basic [16], [17]. These basic emotions
are assumed to be biologically determined emotional responses
whose expression and recognition is fundamentally the same
for all individuals regardless of ethnic or cultural differences.

A number of empirical and analytical theories have been
proposed on which basic emotions. Ekman [16] in his study
of analyzing individual’s facial expressions proposed six uni-
versal basic emotions: anger, disgust, fear, joy, sadness, and
surprise. Although Ekman’s basic emotion set is frequently
used for emotion mining and modeling, there also exist a wide
variety of basic emotions models. For example, in a recent
study, Cowen & Keltner [18] from UC Berkeley reported that
they identified 27 basic emotions using crowdsourced video
analysis of 2,185 videos. In this paper, we use the four of the
six basic emotions in Ekman’s model. The four emotions are:
joy, anger, sadness, and fear. We choose it mostly for practical
considerations. Most of the state-of-art emotion recognition
techniques in NLP focus on these four emotions [19]-[21].

In addition to developing basic emotion models, psycholo-
gists also investigated how people’s emotions fluctuate across
time and argued that studying emotion dynamics may yield
more interesting insights related to individual and collective
well-beings [13]. In this paper, we will put our focus on
emotion dynamics also.

B. Identifying Emotions from Text

Software engineering researchers have developed tools to
support automatic emotion extraction. Such tools extract emo-
tion mainly through two ways: (1) explicitly mapping words in
the text to some emotion lexicon, or (2) implicitly identifying
emotions using machine/deep learning techniques. From sev-
eral dozens of such learning based techniques, we select the
following three, which represent a variety of similar techniques
and have the potential to be used in SE scenarios.

o« EMOTXT-This is a toolkit for emotion recognition from the
text. As far as our current knowledge, it is the first domain-
specific tool for software development tasks. EMOTXT
contains six binary classifiers. Each classifier uses uni-
and bi-grams, emotion lexicon, politeness, sentiment score,
and uncertainty to classify textual data related to software
development. EmoTxt can detect six emotions in Ekman’s
basic emotion model. Using a JIRA dataset created by Ortu
et al. [20] and a homemade StackOverflow dataset [22], the
tool exhibits good performances.

SENTI4SD-It was developed by the same group of re-
searchers who proposed EMOTXT. SENTI4SD is a senti-
ment polarity classifier for software developers’ artifacts [8].
The classifier is trained and tested on a gold standard of over
4K posts mined from Stack Overflow and manually anno-
tated with emotion polarity. The novelty of Senti4SD lies
on incorporating semantic features through a 600 dimension
word embeddings trained on a large Stack Overflow dataset.
WATSON TONEANALYZER-This is an off-the-shelf solution
for detecting emotions and language tones in written text.
It is implemented as a RESTful service of IBM Watson
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Developer Cloud. The service can return results for the
following tone IDs: joy, anger, fear, and sadness (emotional
tones); analytical, confident, and tentative (language tones).
The current version uses neural embedding framework to
predict emotions [23]. In addition to predicting emotion
states, it also provides a confidence score to indicate how
confident the algorithm is in detecting such a tone. However,
the confidence score does not necessarily represent the
intensity of a predicted emotion though they are often
correlated.

III. EMOD IN A NUTSHELL

In this section, we discuss the detailed design of EMOD
approach. In a single data collection and analysis cycle, EMOD
performs five tasks: Data Collection, Data Pre-processing,
Emotion Classification, Emotion Intensity Calculation, and
Time-series Data Management. Fig. 1 shows the workflow
of the approach. To enable the continuous data collection
and analysis, EMOD allows the iterations of this five-step
process according to user defined time interval. For example,
a project team may determine to perform the data collection
and analysis on a daily basis or an hourly basis.

Data Collection:
Issues and Pulls Requests comments
(GitHub API)

!

Data Pre-processing:
Stop words, Special Characters, and
Tokenization
(NLTK)

!

Emotion Classification:
Classification of emotion types (anger,
fear, joy and sadness)
(EmoTXT)

!

Emotion Intensity Calculation:
(NRC Emotion Intensity Lexicon)

!

Time-series Database:
Time-series database to store emotion
intensities
(InfluxDB)

Fig. 1: The workflow of EMOD in a single data collection and
analysis cycle.

Now let us have a look at each task in one cycle. The data
collection task (fask 1) is responsible for collecting the text
communication record in the predefined time interval. After
collecting all new communication records, EMOD performs



TABLE I: A Time-series Database for Emotion Dynamics

Time Comments Developer  Developer Anger Fear Joy Sadness
Role

01/09/2018 sorry you’re having trouble with this - i think part  ivanov Code 0.23 0.17 0.00 0.00
of the reason is that it’s clear what you want to Contributor
do in trivial examples...

03/31/2019 next attempt. i kind of stuck to my original daharn Other 0.00 0.30 0.00 0.00
recursion but tried to include your suggested Contributor
checks to avoid revisiting of already browsed
objects...

01/13/2018 i would start by looking at related project has you  Carreau Code 0.00 0.00 0.00 0.11
are not the only one who are interested in it ; for Contributor

example : - https://multithreaded.stitchfix.com/
blog/2017/07/26/nodebook/ i know there are
more around. it is a complex enough problem
that a team of interested people are more change
to do something that work....

the data pre-processing task (task 2). Then, the cleaned text is
classified using proper sentiment/emotion classification tools
(task 3). The next step is calculating the recognized emotions’
intensities (task 4). Once the calculation finished, the results
are appended to the time series database and for further use
(task 5).

Please note that, task 3 and task 4 may be combined
together if using some techniques that can directly computing
emotion intensities. We separated them because there is no
such technique in SE research. Besides, in Fig. 1, we also
show one potential technique as an example for each task.
However, the techniques used when implementing EMOD are
not restricted to them. There are many alternative techniques.
These techniques listed in Fig. 1 are the techniques we used
in the prototype tool, which will be introduced in the next
section.

IV. INSTANTIATION OF EMOD

We instantiate a prototype tool that encapsulates the EMOD
approach. The tool contains five major components. Each of
them corresponds to one of EMOD’s major task. The tool uses
the data from GitHub projects. We now will discuss the de-
tailed implementation of it. We will use the IPython project
hosted on GitHub as an example. All source code and data
are made available at: https://github.com/EmotionDynamic/
EmoD.

e Data Collection.
The tool uses comments of issues and pull requests of
GitHub projects as the main source of a project’s com-
munication records. The data collection was implemented
using GitHub API2. For the project TPython, we collected
all data from January 1Ist, 2018, and continue sensing the
new communication records on a daily basis. By the date
of June Ist, 2019, we have data generated by 10 code
contributors and 340 other contributors. The data collection
is still ongoing every day. At the midnight (12:00 AM, UTC-
4) of each day, the tool will automatically start, download

2 https://developer.github.com/v3/
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Fig. 2: An example of querying the time series database for
IPython.

all new issue and pull request comments generated in the
last 24 hours, and feed them into the following tasks.
Data Pre-Processing.

Upon the finish of the daily data collection, the newly
collected comments are preprocessed following the stan-
dard protocol. This component is implemented based on
the NLTK?, the pre-processing library for Python. This
includes the removal of stop words, special characters,
and tokenization. After cleaning and tokenizing text, the
preprocessed texts are ready for the emotion classification.
Emotion Classification with EmoTxt.

In this step, we used the open source emotion detection
tool-EMOTXT [24] to classify the comments to different
emotions. It has been introduced in Section II-B. Since
the granularity of the emotion analysis is on a daily basis,
we grouped an individual’s comments in one day together.
For example, if author daharn has two comments in a
specific day then it goes in a single comments column of
the time-series database and its corresponding emotional
intensities are computed and represented for a whole day.
Then, EMOTXT determines if the text expresses any of the
four emotions (anger, fear, joy, and sadness). After labeling
the text with proper emotions, the intensity of each emotion
is calculated in the next step.

Emotion Intensity Calculation based on NRC Emotion In-
tensity Lexicon.

As we mentioned in Section III, there is no mature tool
to identify the emotion intensities in software engineering
research directly. We had to develop a method by ourselves.
In the last step, we already identified the emotions in a text;
we can simply use lexicon-based methods to identify the

3 https://www.nltk.org/
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Fig. 3: A screenshot of the emotion dynamics visualization tool built on the chronograf. The developer Carreau’s emotion

dynamics in the year 2018 are displayed.

specific “words” related to these emotions and compute the
emotion intensities with these words’ emotion intensities.
To do so, we use the NRC emotion intensity lexicon. It
contains 5,814 unigram words with corresponding emotion
intensity scores [25]. In which, 1483 words are anger, 1765
words are fear, 1298 words are sadness, and 1268 words
are a joy. The range of emotional intensities is between 0
and 1. Intensities close to 0 represent weak emotion, and
those close to 1 represent strong emotion. For each text, we
followed the momentum emotion theory [26], thus simply
using the strongest word’s intensity in the text to represent
the text’s emotion intensity.
o Data Modeling and Storage.

Obviously, the emotion dynamics consist of the computed
emotion intensities for each individual in a project and grow
every day. Thus, we can view them as a time series. Several
databases are specially designed and optimized for time se-
ries data. We used the InfluxDB* which stores time-stamped
dataset and provides efficient reading-writing capabilities. In
our design, each project will have its database in a collection
of multiple projects’ database. In each database, a record has
time-stamp, developer name, developer role (code contribu-
tor and other contributor), comments, emotional intensities:
anger, fear, joy, and sadness as an attribute of a database
table. Three example records in the database’s table are
shown in Tab. L.

With the functionality offered by the InfluxDB, a project’s
database can efficiently support various operations. For ex-
ample, a user, who could be either a researcher or a project
member, can retrieve emotion data using its SQL-like query
language. It is very convenient to find emotional intensities,
developers types based on their roles, and emotion types
for the active developers within a specific time frame. Fig.

4 https://www.influxdata.com/products/influxdb-overview/
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2 provides such an example. In this example, the query
SELECT is used with WHERE condition to select emotional
intensities of only Carreau developer for the specific time.
In addition, to support basic queries, InfluxData, which
InfluxDB is a part of, is a time series database ecosystem
that consists of many tools which are potentially used to
build sophisticated applications without too much extra
effort. In the next section, we will show dynamic emotion
visualizations built with tools in the InfluxDB ecosystem.

V. DISCUSSION

In this section, we breifly discuss some potential applica-
tions of the EMOD approach and its future evolution.

A. Applications of EMOD

EMOD and its implementation have many potential uses
in supporting research and practice related to emotion aware-
ness. For example, researchers can extract the features of
the emotion dynamics and link them with project outcomes;
practitioners can build emotion awareness tools that monitor
team’s emotion changes and perform early interventions, and
so on. As an example , we use a simple visualization tool to
demonstrate the feasibility of these potential use cases.

For each project, EMOD tool produces an time series
database, which can be directly used to visualize the emo-
tion dynamics of each team members based on records of
corresponding emotion intensities in the database. To visualize
the emotion dynamics, we employed chronograf® tool. Similar
to InfluxDB, chronograf is also a part of the InfluxData
ecosystem; thus, it can directly integrate with and operate any
influxDB database. Hence, the visualizations can be directly
generated from influxDB queries. Fig. 3 is the screenshot
of the visualization tools’ interface built on chronograf. It
displays the emotion dynamics of the most active developer

5 https://www.influxdata.com/time-series- platform/chronograf/



Carreau of the IPython project in pulls and issues com-
ments. This figure includes four emotion types (anger: with
the green color line, fear: with the purple color line, joy: with
the red color line and sadness: with the orange color line)
and their intensities for each day of the whole year of 2018.
During the days of month May, the most active developer
Carreau seems quite fear than other days. Similarly, there is
a lot of variation in emotions types and emotion intensities
during the days of July and August.

B. Future Evolution of EMOD

The EMOD approach and the corresponding tool, though
in their early stage of iteration, have shown some promises.
In the future, we plan to further improve the approach and
the tool, for example, we may combine the fask 3 and rask 4
together by adapting NLP techniques that can provide reliable
emotion intensities. We also plan to make the tool support data
sources other than GitHub. Currently, we only applied it into
one project—IPython. We will try to apply it to a set of open
source projects, and contribute the databases of these project
as the data infrastructure for emotion awareness research in
the software engineering community.

VI. CONCLUSION

In this paper, we proposed an approach named EMOD
for supporting emotion awareness research and practice in
software development. EMOD is able to automatically collect
project teams’ communication records, identify the emotions
and their intensities in them, model the emotion dynamics
into time series, and provide efficient data management.
We developed a prototype tool that instantiates the EMOD
approach by assembling state-of-the-art NLP, SE, and time
series techniques. We demonstrate the utility of the tool using
the Ipython’s project data on GitHub and a visualization
solution built on EmoD. Thus, we demonstrate that EMOD
can provide end-to-end support for various emotion awareness
research and practices through automated data collection,
modeling, storage, analysis, and presentation.
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