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Abstract—Developers’ emotions are crucial elements that influ-
ence the overall job satisfaction of software engineers, including
motivation, productivity, and quality of the work, affecting the
software development lifecycle. Existing approaches to assess
and monitor developers’ emotions, such as facial expressions,
self-assessed surveys, and biometric sensors, imply considerable
intrusiveness on developers’ routines and tend to be used only
during limited periods. This paper proposes a new non-intrusive
and automatable tool (Emotional Dashboard) to assess, monitor,
and visualize software developers’ emotions during long periods,
providing team leaders and project managers with an overview
of teams’ and software developers’ emotional statuses. The idea
is to use posts shared by developers on social media to assess
their emotions’ polarity and visualize the emotional situation on
a dashboard, allowing the identification of potentially abnormal
emotional periods that may affect the software development. A
first evaluation of the tool’s accuracy, done by comparing the
emotion polarity (negative, positive, or neutral) of posts done
by our tool with the manual classification of a set of posts
done by three psychologists, has shown an accuracy of 77%.
The tool is available for analysis at this link: https://emotional-
dashboard.herokuapp.com.

Keywords—Dashboard, software engineering, software quality,
software productivity, sentiment analysis, social media.

I. INTRODUCTION

The study of the role of emotions in work and professional
contexts is a multidisciplinary endeavor involving organiza-
tional psychologists, process management, and field domain
specialists. Many research studies have established different
facets of the impact of human factors on professional work
in general [1] and on people’s performance at work [2].
For instance, Frost [3] states that unhappy employees tend
to be disconnected from their work, which can lead to low
productivity and low quality of work, while Diener et al.
[4] found that positive emotions influence key variables for
workplace success.

Software development is an excellent example of a human-
intensive intellectual activity where human factors play a
significant role [5]. Modern software development approaches
rely on social and communicative processes [6], especially
in large-scale software projects, where human factors play a
key role [7]. For instance, a developer’s negative emotional

state maybe not be strong enough to indicate unfavorable
project progress. Still, a continuous negative emotion over a
few weeks is likely to imply some project problem [8]. The
human-intensive nature of the tasks involved in the software
development process increases the importance of emotions
and personality traits for the effectiveness of the software
development process.

This paper proposes an approach to assess, monitor, and
visualize developers’ emotional states over long periods with-
out causing explicit intrusion or disturbance in software de-
velopment activities. There are existing approaches to assess
developers’ emotions, such as self-assessed surveys [9], facial
expressions analysis [10], and biometric sensors attached to
the developers’ body [11], among others. However, These
approaches imply some degree of intrusiveness and distur-
bance in regular software development activities. They are not
effectively used in practice for long periods, as required by
real-world software projects.

Our approach uses posts shared by developers on social
media to assess their emotional polarities (inside and out-
side working periods) through sentiment analysis techniques
[12]. We have developed a prototype tool called Emotional
Dashboard to display the emotional information of software
developers. The tool aims to provide software managers/scrum
masters/team leaders with valuable data to identify potential
abnormal periods of negative/positive sentiments of developers
that may affect the quality of the software developed and
developers’ productivity.

Publicly available information on social media offers a rich
source of information that can be used to monitor emotions
in a non-intrusive way. Additionally, the use of social media
is highly disseminated among software developers, and the
required sentiment analysis techniques and tools needed to
extract people’s emotions from social media posts are mature
techniques and readily available [12]. These features make
the proposed approach fully automatable and applicable with
minimal effort in real projects since all the required elements
are effectively available.

Compared to other emotional dashboard approaches in
software engineering [13] [8], our approach has several ad-
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vantages. First, we used open-context social media as a data
source, allowing data gathering outside the working period.
Second, we employ personality traits information to ponder
the sentiment analysis results. Our approach also provides a
diverse set of visualizations to be used by software managers.
Last, our approach is an end-to-end solution, from data col-
lection to data visualization to software managers.

We organize the rest of this paper as follows: section II
briefly introduces basic concepts involved in this work; section
III presents the components of our approach; section IV shows
an experimental study to provide a first approach evaluation,
providing details on the utilization of sentiment analysis tools
and presenting the dashboard visualizations; section V dis-
cusses the preliminary results and the approach application;
section VI presents the related work; and section VII provide
our conclusions and outlines future research directions.

II. BACKGROUND

Our approach uses concepts of two psychology topics
(emotions and personality traits of an individual), as well
as methods and techniques established in the area of text
sentiment analysis. This subsection briefly summarizes the
relevant concepts.

A. Emotions

Emotions are states of mind raised through external or inter-
nal stimuli [14]. More broadly, emotions are intense feelings
that are directed to someone or something [15]. Psychologists
have proposed many theories and models to classify human
emotions [16]. We can mention The Plutchik Wheel [14] and
the different basic emotions sets, such as those proposed by
Ekman and Friesen [17] and by Cowen and Keltner [18]. In our
work, we deal with emotions in a broad way, grouping them
into positive and negative categories. Thus, these emotions
become mood states instead of isolating a particular one [19].
We also consider the nonemotional state, i.e., the neutral state.

B. Personality Traits

Psychologists consider personality as a person’s unique
long-term pattern of thinking, emotions, and behavior. Psy-
chology also characterizes personalities in terms of traits,
which are relatively enduring characteristics that influence
our behavior across many situations. Introversion, friendliness,
conscientiousness, honesty, and helpfulness are examples of
personality traits that are important because they help explain
consistencies in behavior [20]. It also refers to the special
combinations of talents, values, hopes, loves, hates, and habits
that make each person unique [21] [22].

There are several models and theories to classify personality
traits. In this work, we use the Five-Factor model (known as
Big Five) [23] (also mentioned by the acronym OCEAN), one
of the most accepted and used models to trace personality
traits [24]. According to McCrae and Costa [23], most human
personality traits can be reduced to five large dimensions
despite language or culture. A person could score low or high
on each dimension or factor.

The five general factors of Big Five are Openness, Con-
scientiousness, Extraversion, Agreeableness, and Neuroticism.
Openness refers to a person’s intellect or imagination. This
factor means a person’s creativity and desire to adapt to and
explore new things. People with low scores in this factor might
be considered pragmatic and driven by conventional methods.
Conscientiousness implies an individual’s desire to pursue
aims and do the tasks involved correctly. This is the factor for
assessing one’s diligence, efficiency, and organizational ability.
A high score in this personality trait implies self-discipline,
whereas a low score implies spontaneous behavior and even
low reliability. Extraversion factor measures if an individual
is more open to external interactions or prefers being discreet.
Extroverted people are perceived as people with high energy
levels, whereas introverts prefer more time alone and less
stimulation. Agreeableness trait reflects social harmony or
lack thereof. These people are considered benevolent, trusting,
helpful, and willing to compromise for the greater good. On
the contrary, disagreeable individuals are prone to be selfish,
skeptical, and unfriendly. Neuroticism refers to a person’s
ability to feel negative emotions such as anxiety and anger.
This trait measures a person’s emotional instability from calm
to overwhelmed.

C. Text Sentiment Analysis

There are two main approaches for text sentiment analysis:
unsupervised lexicon-based and supervised machine learning-
based techniques. Machine-learning approaches are potentially
more effective, but they have the disadvantage of needing
a sizeable training corpus to develop a classifier. When a
training corpus is unavailable (normally when looking for a
large training corpus), the alternative is to use an existing
sentiment lexicon-based to perform sentiment analysis.

In this paper, we employed the following lexicon-based
techniques, all of them created or adapted to the Brazilian
Portuguese language (the native language of the developers
that have participated in the evaluation of the tool):

• SentiStrength [25]: a well-known sentiment analysis
method that uses a lexical dictionary labeled by humans
enhanced by machine learning. This method used an
expanded version of the LIWC dictionary, adding new
characteristics for the context of social media;

• Sentilex-PT [26]: is a sentiment lexicon specifically de-
signed for the sentiment and opinion analysis about
human entities in texts written in Portuguese, consisting
of 7,014 lemmas and 82,347 inflected forms;

• Linguistic Inquiry and Word Count (LIWC) [27]: aims to
analyze texts to detect emotional, social, cognitive words
and standard linguistic dimensions of texts. Although
LIWC has several metrics, we employed only those
related to emotional polarities in this study.

III. THE EMOTIONAL DASHBOARD CONCEPT

The proposed tool to assess, monitor, and visualize soft-
ware developers’ emotions during long periods comprises
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four primary modules: Data Collection, Data Pre-processing,
Sentiment Analysis, and Visualization, as shown in Figure 1.

Figure 1. Emotional Dashboard Workflow.

The Data Collection collects Twitter public posts and man-
ages a two-step survey to assess developers’ personality traits.
The first step aims to collect demographic information, and
the second comprises answering an instrument (i.e., a set
of calibrated questions) to assess personality traits (Big Five
Inventory).

The tool periodically collects the developers’ tweets (e.g.,
daily) and performs Data Pre-processing to remove stop
words, URLs, mentions to other Twitter users, and tweets
containing multimedia attachments (videos, photos, and ani-
mated gifs). Then, the tool performs Sentiment Analysis on the
cleaned text (task 3) using an ensemble of dictionary lexicons
to classify the tweets regarding their polarities into three
categories: negative, neutral, and positive. In this module, we
use ground truth established by psychologists. The next step
is to use all information gathered and produced to build a set
of visualizations in the Emotional Dashboard prototype tool.

It is worth mentioning that the techniques used in the current
implementation of the Emotional Dashboard tool do not limit
the proposed approach, as we can add other techniques in fu-
ture versions, especially in the Sentiment Analysis component.

IV. EXPERIMENTAL STUDY AND PRELIMINARY RESULTS

This section presents the first utilization of the Emotional
Dashboard with real data from sixteen Twitter users, all
software developers. The goal is to demonstrate the use of the

dashboard and evaluate the accuracy of the assessment of the
emotions polarity (i.e., negative, positive, or neutral) obtained
from the posts on Twitter.

We have invited a total of 45 Twitter users (selected through
searching in the ”Programming (Technology)” topic of Twit-
ter) according to the following criteria: i) had an open profile,
with explicit location and direct message enabled; ii) had at
least one tweet per day during the study period; and iii) have
posts mainly in the Brazilian Portuguese language (to avoid the
added complexity of using more than one language). Sixteen
of them voluntarily and anonymously agreed to participate in
the experiment.

TABLE I
PARTICIPANTS’ CHARACTERISTICS.

Quantity (%)

Gender Male 10 (62.5)
Female 6 (37.5)

Age
Less than 20 1 (6.25)
21-30 9 (56.25)
31-40 6 (37.5)

Experience in
Software
Development

1-3 years 3 (18.8)
3-5 years 3 (18.8)
5-7 years 1 (6.3)
7-10 years 3 (18.8)
More than 10 years 6 (37.5)

Schooling High School 2 (12.5)
Higher Education 14 (87.5)

Table I displays participants’ main characteristics, with bold
values highlighting the highest values. Most participants (9/16)
were young adults with more than ten years of software
development experience (6/16) and with higher education
(14/16). The table also shows that the group of participants
includes more males (62.5%) than females (37.5%), which
reflects the current imbalanced gender situation in the software
industry.

A. Data Collection
We ask participants to complete a survey with demographic

data such as gender, age, and experience working with soft-
ware development. In this survey, participants read documents
related to ethics and privacy and signed informed consent to
participate in the experiment. They also answered the Big Five
Inventory to assess their personality traits.

We collected 91,632 (mean = 5, 727; std = 5, 256) partic-
ipants’ tweets within 36 months, from March 31, 2018, to
March 31, 2021. These tweets cover any topics that authors
posted without textual content restrictions applied by our
approach. To collect solely tweets written in Portuguese, we
set a parameter on the Twitter API, choosing the ”pt” value.
Nevertheless, the API has a limitation on the adopted endpoint:
it can return only the 3,200 most recent tweets, retweets,
replies, and quote tweets posted by the user. In some cases,
this limitation can be enough to collect a specific user’s
entire history of tweets. However, in other cases, it is not. To
overcome this and retrieve more tweets than the established
limit, we employ a crawler that visits the web page of the
user’s Twitter timeline and extracts the needed information.
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TABLE II
UNSUPERVISED LEXICON-BASED CLASSIFICATION METRICS FOR THE THREE SENTIMENT LEXICONS AND ENSEMBLES.

Lexicon Positive Negative Accuracy Macro
F1-ScorePrecision Recall F1-Score Precision Recall F1-Score

SS 0.82432 0.84138 0.83276 0.62295 0.59375 0.60800 0.76555 0.72038
SS + SL 0.79012 0.82051 0.80503 0.69565 0.65306 0.67368 0.75591 0.73936
SS + SL + LI 0.80357 0.83851 0.82067 0.69767 0.64516 0.67039 0.76772 0.74553
SS + LI 0.81176 0.85714 0.83384 0.65151 0.57333 0.60993 0.76695 0.72188
SL 0.76577 0.74561 0.75556 0.67416 0.69767 0.68571 0.72500 0.72063
SL + LI 0.79861 0.78231 0.79038 0.64835 0.67045 0.65922 0.74043 0.72480
LI 0.82482 0.86923 0.84644 0.60465 0.52000 0.55914 0.77222 0.70279
Mean 0.80271 0.82210 0.81210 0.65642 0.62192 0.63801 0.75625 0.72505
Std 0.01919 0.04058 0.02896 0.03261 0.05750 0.04302 0.01610 0.01293

B. Data Pre-processing

We evaluated only text-based tweets, removing those con-
taining multimedia attachments (images, videos, and gifs).
These multimedia files could interfere with the tweet’s senti-
ment classification. Thus, we performed data preparation and
cleaning steps. Among data cleaning operations for each tweet,
we performed retweets exclusion and retweet handles removal,
composed of ”RT” and a user citation: ”@user.” Similarly, we
removed the user citation in an original tweet (those that are
not retweets). Lastly, the next step was to remove stop words,
repeated letters, and URL links from tweets. The final dataset
used in the experiment consisted of 79,029 (mean = 4, 939;
std = 3, 421) original and text-based tweets.

C. Sentiment Analysis

The analysis consisted of a manual analysis for polarity
classification of a sample of the posts by a group of psychol-
ogists (used as ground truth) and an automated analysis of the
whole dataset through three existing lexicon-based sentiment
analysis methods.

We invited three psychologists (evaluators) to collaborate
in the experiment by manually classifying the polarity of a
sample of tweets to establish ground truth. Evaluators inde-
pendently analyzed a randomly generated sample of 35 posts
for each participant, totaling 560 anonymous tweets. The goal
of this analysis was to manually classify each tweet regarding
its polarity in the scale: negative, neutral, and positive. The
psychologists used the following criteria:

• Considering a tweet as positive if the review expresses
a positive sentiment after analyzing all the characteristic
terms of the language;

• Considering a tweet as negative if the review expresses
a negative sentiment after analyzing all the characteristic
terms of the language;

• Considering a tweet as neutral if the review expresses a
neutral sentiment, i.e., without any positive or negative
terms characteristic of the language;

• Considering a tweet as neutral if it presents factual
information;

• A tweet containing both negative and positive sentiments
is considered negative or positive based on the sentiment
most relevantly presented;

• Considering positive and negative emphasis, such as
emojis, punctuation, and capital letters;

• Analyzing only the tweet text;
• Do not access external links.
Using the same criteria, we also asked the participants to

classify their tweets in the same sample to provide additional
important control on the quality of the classification of the
posts.

Previous work [28] [29] [30] [31] [32] employed an anno-
tation process using Shaver framework [33]. These previous
works used non-experts as evaluators, such as computer sci-
ence students [30] [32] and IT professionals [32]. As suggested
by [29], we provided clear guidelines for tweets’ manual
classification by our evaluators and participants. We achieved
a Cohen’s Kappa index (κ = 0.710) similar to those achieved
by [30] (κ = 0.740) and [31] (κ = 0.740). Differently
from previous work, we used experts to perform manual
classification and confirmed the reliability of this process with
the tweets’ authors: the participants.

This preliminary result suggests that psychologists could
label a sample of developer’s tweets with a polarity in a
real software development environment. This labeling can be
further compared with the results of lexicons or ensemble
inference to evaluate their accuracy, F1-Score, and other
metrics.

Another element of our approach is the lexicons used to
perform sentiment analysis over tweets. As mentioned, we
used three lexicons: SentiStrength, Sentilex-PT, and Linguistic
Inquiry and Word Count (LIWC). We executed these lexicons
separately and in ensembles in a total of 7 combinations.
After each execution, we store each tweet’s generated scores
and polarities in a database. We kept the classification scale
adopted by lexicons and by previous works in sentiment
polarity classification consisting of three categories: negative,
neutral, or positive.

In addition to the lexicon analysis, we also analyzed the po-
larity of emojis in every tweet through the ranking elaborated
by Novak et al. [34]. Thus, the analysis of each post includes
the text itself and the emojis, resulting in the final polarity
classification of each post as positive, negative, or neutral.

In this experiment, we employ the score from −1 to +1 to
indicate a negative or positive post and use threshold values of
−0.05 and +0.05 to define the polarity categories, as proposed
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Figure 2. Emotional Dashboard: team view.

by Hutto and Gilbert [35]. Negative messages have scores
below the negative threshold, positive messages have scores
above the positive threshold, and the remainder are neutral
messages.

Table II presents the preliminary results of the automated
classification obtained using lexicons and ensembles of lexi-
cons. Due to paper size restrictions and readability reasons,
we present preliminary results with Macro F1-Score greater
than 0.70. We calculate precision, recall, and F-Score using
the manual classification done by the psychologists as ground
truth. We represent the lexicons in Table II using these
acronyms: SentiStrength (SS), Sentilex-PT (SL), and LIWC
(LI).

Our preliminary results show that all lexicons and ensembles
performed better on classifying positive than negative tweets,
scoring an F1-Score mean of 0.812, precision mean of 0.803,
and recall mean of 0.822. For negative tweets, they scored an
F1-Score mean of 0.638, precision mean of 0.656, and recall
mean of 0.622. The evaluation of these lexicons available in
the literature also reported differences between negative and
positive performances [36] [37] [38] [39].

The best preliminary results are spread among several
lexicons and ensembles, as observed in the bold blue metrics
in Table II. LI achieved the best precision score (0.825), recall
(0.869), and F1-Score (0.846) for positive posts. For negative
tweets, the best results were concentrated in SL (recall of
0.698; F1-Score of 0.686) and an ensemble of SS, SL, and LI
(precision of 0.698). In general, the LI lexicon provided better
quality in inferring positive polarities, while SL achieved the
best results for negative tweets. However, considering the best
accuracy and macro F1-Score, LI (accuracy = 0.772; macro
F1-Score = 0.703) and the ensemble SS + SL + LI (accuracy
= 0.768; macro F1-Score = 0.745) achieved the best results.

D. Visualization

The Emotional Dashboard has a set of visualizations in
a web application to support software managers/scrum mas-
ters/team leaders’ decisions to improve the software devel-
opment process, mainly on software quality and developers’

productivity. The visualizations offer team and individual
feedback on emotional polarities over a long period, besides
showing each developer’s personality traits and a set of actions
that managers could take. Figure 2 shows the team view of
the prototype dashboard. The dashboard can be explored at:
https://emotional-dashboard.herokuapp.com.

This figure presents a summary visualization of a software
development team, considering the sixteen participants men-
tioned earlier at the beginning of this section. In this figure,
region A shows the number of developers at the left in a cyan
color. The green block in the center of region A exhibits the
number of developers considered emotionally well, and the
orange block on the right presents the number of developers
considered that need attention.

The criteria to identify developers that may need attention is
the following: a developer is in the need attention state if the
mean of tweets’ polarities in the last three consecutive days
of analysis inside the established period was lower than the
mean of the established period. Otherwise, the developer is
considered emotionally well.

Figure 2 shows the period B of the analysis presented in
the dashboard. The user can change the period by selecting
another group of three months to be displayed. The chosen
period applies as a filter to all dashboard visualizations.

Region C shows the team’s emotional baseline. The line
chart presents the mean of all developers’ emotional baseline
(in terms of polarity) for the period. The straight purple line
shows the team baseline in the three months, and each dot in
the cyan line represents the mean of the team baseline for a
day. The top right position of the chart exhibits an indicator
badge meaning the variation of the team baseline in the last
three days of the selected period. In the example of Figure 2,
the mean of the team is lower than the baseline at 150%.

The region D of Figure 2 shows a bar chart with the total of
tweets of the period for each developer. This chart exhibits the
total of tweets of each category, demonstrating the developers’
activity on Twitter.

The web page of team’ visualizations offers an overview
of each software developer’s polarity means within the same
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Figure 3. Emotional Dashboard: developers’ overview.

period, as shown in Figure 3. This figure shows each team
developer on a card with a line chart. The user can filter these
cards by all, emotionally well, and need attention, as shown
in region A of Figure 3.

To explain the visual components of each card, we will look
at the first three software developers of the sixteen participants,
shown in regions A, B, and C. The three cards show a line chart
with the developers’ polarity baseline for the period (the three
months indicated in Figure 2, region B) drawn in purple.

Developer 1 (Figure 3, region B) is an example of a
developer with no variation between the polarity baseline for
the period and the baseline for the last three days, as indicated
in the cyan badge. That means the polarity mean for the last
three days was equal to the baseline mean in the three months.

Developer 2 (region C) is an example of a developer with
the need attention state. This developer posted tweets with
emotional polarity equal to or below the baseline in the last
three days, triggering an alert indicated by the need attention
badge. Furthermore, the mean of the polarity dropped 300%
(as displayed in the red badge), always comparing the baseline
for the last three days and the polarity baseline for the period.

The region D in Figure 3 shows an example of a developer
(Developer 3) that had a decrease in the polarity mean (red
badge) but posted at least one tweet with a polarity equal to
or higher than the baseline. In this case, the developer did not
receive the need attention yellow badge.

The dashboard shows a card similar to the ones in Figure
3 for each developer, with their baselines, badges, and a line
chart with the mean of the tweets’ polarities for each day in
the period. For every card, the dashboard user can click on the
Details badge to see detailed information for that developer.

Figure 4 shows a detailed view of a developer. Region A
presents data on developer’s experience in software develop-
ment, developer’s actual project, and how long the developer
has been working on that project. This view shows the
developer activity on Twitter, displaying the total of tweets
posted during the entire period and the distribution of these
tweets into the categories negative, neutral, positive.

The importance of region B is that it shows the developer’
personality traits scores in the Big Five Factor model. The

left side exhibits a radar chart with the scores on each factor
using the acronym OCEAN for the Five-Factor model. The
right side of this region displays a tabbed panel with a brief
description of persons’ characteristics on scoring high or low
in each factor.

With our approach, software managers/scrum masters/team
leaders can visualize and monitor the development team’s
emotional state and take action. Region C suggests a set of
actions, notifying both developer, manager, and psychologist
(if necessary) by email:

• Suggest a task: this action suggests the developer engage
in a simple and quick development task. Developers in
the need attention state should be more likely to make
mistakes in complex tasks;

• Suggest a talk: by taking this action, the manager suggests
to the developer a simple conversation to understand
that need attetion state. This conversation could be the
beginning of solving a specific problem, mainly if the
problem is in the working environment;

• Suggest a rest: in cases related to high-stress load, it may
be interesting to suggest that the developer rest for a
day or a shift. This action may depend on the manager’s
monitoring over time;

• Forward to psychologist: despite all the attempts and
actions taken, there are cases in which the manager may
realize that it is necessary to refer the developer to a
professional in the field of psychology.

The last approach’s visualization is a scatter chart that shows
the tweets and their polarities during the selected period (in
our example, from 01-01-2012 to 03-31-2021, as indicated
in region A), as shown in Figure 5. The straight purple line
shows the developer baseline, and each dot signifies one or
more tweets, on a given date, for a given polarity score. For
instance, if two tweets were posted on the same day and had
equal polarity scores, they would be represented as one single
dot. A tooltip will show how many tweets each dot denotes.
Green dots mean positive tweets, orange dots represent neutral
ones, and red dots mean negative tweets.

The scatter chart in Figure 5 contains several highlighted
areas divided into two groups: light red and light green. The

371



Figure 4. Emotional Dashboard: developer detail summary, personality traits, and actions.

Figure 5. Emotional Dashboard: detailed developer’s tweets.

light red rectangle highlights developers’ days with a negative
trend regarding tweets’ polarities, meaning that the developer
has a mean of tweets’ polarity below the baseline for three
consecutive days, at least. The opposite occurs for positive
trends: at least three straight days of a mean of tweets’ polarity
above the baseline means a light green positive trends area. In
the figure example, the developer has five negative and three
positive trends in the selected three months period.

V. DISCUSSION

The preliminary results suggest that the approach followed
in the Emotional Dashboard tool is feasible and accurate
enough to constitute a simple and non-intrusive method to
assess, monitor, and visualize the polarity of developers’
emotions over long periods.

Emotions have an impact on problem-solving [40]. As
problem-solving tasks are the basis of the software devel-
opment ecosystem, it is worth measuring and monitoring
to understand those emotions. If successfully measured and
visualized, a manager could aid developers by knowing and
handling negative emotions over time, reducing the impact of
those emotions on the software development process, mainly
software quality and developers’ productivity.

According to Landis and Koch [41], our preliminary result
of Kappa index of 0.710 for emotionally loaded (negative or
positive) [42] posts indicates a substantial strength of agree-

ment between analysis from psychologists and participants, as
mentioned in section IV-C. This result suggests that psychol-
ogists could accurately label a sample of developer’s tweets
with a polarity in a real software development environment and
then be used as ground truth to select an ensemble of lexicons
to perform automatic and long-period sentiment analysis over
developers’ tweets.

We employed ensemble learning techniques that generally
produce more accurate polarity predictions by combining dif-
ferent classifiers [43]. We use a post hoc combination of three
lexicons (plus emojis polarity analysis elaborated by Novak
et al. [34]) to create the ensembles. For each tweet, we run
each one of the lexicons to calculate their individual polarity
score. For each ensemble, the tweet’s polarity score is defined
by the mean of the polarity scores of each lexicon involved in
the ensemble. Indeed, using this strategy, we achieved a very
acceptable accuracy of 0.745 and then analyzed all tweets in
the dataset and defined their polarities.

An important aspect of the approach followed in the Emo-
tional Dashboard is that we use public data from an open-
context social media platform (Twitter). Using this platform,
we aimed to analyze posts on a non-work-related platform
to infer emotions regarding any subject posted by developers,
allowing the approach to measure, monitor, and display posts
produced outside the work period in a dashboard. It is worth
mentioning that, although the proposed tool uses software
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developers as participants, it can be easily and with a minimum
effort applied to any professional worker and implanted in any
professional environment.

Software managers can analyze the team view (see Figure
2) to get instant feedback on how many developers they should
pay attention to and eventually take action. The team view also
shows the team’s sentimental state (in terms of polarity) across
time. Managers could link the variations shown in region C of
Figure 2 with project outcomes. For instance, in our example,
the development team is about five days with polarity mean
below the team baseline, which indicates a clear persistent
negative variation that may influence software development
aspects, mainly software quality, and team productivity.

The cards, as displayed in Figure 3, help the software man-
agers/scrum masters/team leaders to identify the developers
with persistent negative states (below their baseline for the
last three days). It is possible to perceive the severity of
the variation in a simple and objective colored badge and
navigate to see detailed information about the developers.
Along with the team’s view in Figure 2, managers have
valuable information to compare with the progress of the
project, check in detail the sentimental state of each developer,
and then make decisions.

To our knowledge, our proposed dashboard is the first that
includes personality traits data as crucial visual information to
evaluate, interpret, and ponder the variations of tweets’ polar-
ities. The developer’s personality traits and tweets polarities
may also support managers in distributing tasks.

The Big-Five factor scores presented in Figure 4 shows that
Developer 2 scored high on Openness and Conscientiousness.
These scores mean that Developer 2 appears to be cautious in
managing its social media profiles [44] and, simultaneously,
tends to have more extensive networks [45]. Knowing the
standard behavior of developers through their Big-Five Factor
scores can help dashboard users to ponder the emotional scores
and to support software managers/scrum masters/team leaders’
decisions over each developer.

One of the main visualizations of the prototype dashboard is
Figure 5, where the manager can observe detailed monitoring
of developer’s emotional polarities over time. In this figure,
we can clearly perceive the high variability of negative and
positive tweets. Furthermore, certain days or even several
weeks present predominantly positive or negative emotions
polarity, as highlighted in light red and light green boxes.

Developer 2 interleaved periods of intense activity with less
activity on Twitter, and the sentiment polarity of posts changed
considerably between positive and negative. Our approach
allows managers to take a closer look into small periods (days
or weeks) and identify short periods of polarity (positive or
negative) predominance.

This kind of dashboard showing the sentiment polarity of
all software development team members can provide helpful
information for project managers and software team members.
Additionally, the approach accurately identifies abrupt changes
in developers’ sentiment polarity (need attention badge), indi-
cating that some important event may have occurred to certain

developers or even they need professional help.

A. Challenges and Limitations

Although the preliminary results of the proposed approach
are quite promising, it is important to discuss possible difficul-
ties. The reduced number of participants engaged in the study
is a limitation of the sentiment analysis’ evaluation. However,
we consider that the number of sixteen software developers
is enough to draw reasonably reliable conclusions, especially
considering the vast number of posts (79,029) and three years
considered for the participants’ social media activity. Another
difficulty is that our approach assumes that the developers have
frequent post activity to generate enough data for the analysis.
However, this does not seem to be a strong limitation. In fact,
all the sixteen developers that participated in our study had
quite intensive and regular social media activity.

The manual evaluation of the polarity of a sample of
tweets by the evaluators is another element of concern. The
evaluators reported a few difficulties in classifying some posts,
mainly related to the context of tweets with content about
software engineering. However, the self-classification of the
same tweets performed by the participants strongly agrees with
the classification performed by the psychologists (Cohen’s
Kappa Index of 0.710), indicating that the polarity annotation
used as ground truth is reliable.

A clear challenge to our approach is to evaluate the proto-
type dashboard in a real software development environment.
We conducted the study with sixteen real software developers.
We developed the dashboard based on a dataset of their
tweets, but we did not evaluate the proposed dashboard in
their companies, which is one of our future works.

B. Ethics and Privacy

Using social media as a data source may raise privacy and
ethical issues. We ask participants to read documents about
data protection and informed consent statements and agree
with the terms and conditions to enroll in the study. The
documents informed them about what data we need, how we
collect it, what we will do, and how we guarantee anonymity
and privacy. Afterward, participants authorize us to collect
these data and perform the study. We anticipate that the real
utilization of the proposed approach in software companies
should go for a similar informed consent process.

Social media companies store data for long periods, and
much of this data is searchable. We must ensure anonymity,
and protecting the participants’ identity is a key issue when
dealing with post data. As a final remark, we have asked for
approval from the Research Ethics and Deontology Committee
of the Faculty of Psychology of our University. The committee
unanimously approved our experiment.

VI. RELATED WORK

Our approach proposes an instrument to identify potentially
abnormal periods of negative or positive sentiments that may
affect software development, mainly software quality and
developers’ productivity. Currently available methods to assess
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developers’ emotions include self-assessed surveys [9], facial
expressions analysis [10], and biometric sensors and wearable
devices used by developers’ body [11]. These methods imply
some intrusiveness and disturbance in regular software devel-
opment activities.

Concerning lexicons, the language of the posts does not play
a relevant role in our approach, as the results and conclusions
are not dependent on the language. Since we used lexicons for
the Brazilian Portuguese language, it is important to review
relevant related work that used such lexicons, even if they
are not used to evaluate software developers’ posts over long
periods.

Souza and Vieira [39] evaluated models of negation and
pre-processing techniques using the lexicons Sentilex-PT and
OpLexicon [46]. Using tweets written in the Brazilian Por-
tuguese language, the authors obtained a 0.55 of F1-Score on
classifying positive tweets and 0.45 for negative. Also consid-
ering a different context and approach, Ruiz et al. [47] pro-
posed the LexReLi, a context-sensitive lexicon approach for
analyzing book reviews in Brazilian Portuguese. The authors
created an ensemble that involves Sentilex-PT, OpLexicon, and
LIWC lexicons, achieving an accuracy of 77.98%. The UniLex
lexicon uses a context-dependent database of 14,084 tweets
for its evaluation [48]. This approach can not be employed to
assess software developers’ sentiments because its creation is
context-dependent and produces inaccurate results for use in
the real software development environment.

Our approach uses domain-independent lexicons to perform
sentiment analysis which acceptable accuracy (0.768) over
Twitter posts written originally in the Brazilian Portuguese
language (translation steps are not reliable [37]). We aim to
analyze posts on the common social media platform to infer
emotions regarding any subject posted by developers at any
time, including posts outside the working period.

Another key element of our approach is the dashboard.
Vivian et al. [13] work present a dashboard tool that extracts
and communicates team role distribution and team emotion
information. Their dashboard comprises team and individual
views, using line and radar charts as visualizations. Another
closely related previous study was made by Neupane et
al. [8], proposing an approach named EmoD for supporting
emotion awareness in software development. Their tool can
automatically collect project teams’ communication records,
identify their emotions and intensities, model them into time
series, and provide data management. Our work differentiates
from Vivian et al. [13] and Neupane et al. [8] by i) using
open-context social media as a data source; ii) creating a
ground truth with specialists, iii) using an ensemble of lexicons
and emoji classification to determine the tweets’ polarities, iv)
using personality traits information, and v) providing a diverse
set of visualizations to be used by software managers.

Built for Marketing and Social Media context, emotion-
Vis [49] is a text inference tool that automatically detects
emotional dimensions from the text. The tool can detect six
core emotions: joy, empowerment, excitement, fear, anger,
and sadness, and it can also extract overall emotions such

as aroused/calm and positive/negative reflected in a text. A
social media manager can compare the emotionality of posts
made by the organization with the comment chain generated in
reaction to the published post. Our tool is different. We aim to
improve software development, especially software quality and
developers’ productivity, by highlighting and warning software
managers of developers’ emotional states to help them to
identify polarity variations and take further actions.

VII. CONCLUSION AND FUTURE WORK

The study of human factors and their impact on software en-
gineering has gained increasing attention. Sentiments influence
software developers’ motivation, with an unavoidable impact
on the software development process. Self-assessed surveys,
facial expressions analysis, and sensors attached to the user’s
body assess individual’s psychological aspects that impose a
non-negligible degree of intrusiveness, limiting their utilization
in real software development setups.

We propose a new tool that uses information from social
media to assess, monitor, and visualize software developers’
sentiment polarity in a non-intrusive way. This approach can
be used for long periods and does not cause any intrusiveness
or disturbance in software developers, which means that it
can be easily and with minimum effort applied to real-world
software development setups. Our tool offers a dashboard with
a set of visualizations that are extremely useful to software
managers/scrum masters/team leaders to be aware of the
team and individual emotional polarities over a long period,
besides showing each developer’s personality traits. With this
information, managers can take action and make decisions to
improve the software development process, mainly on software
quality and developers’ productivity.

Our preliminary results suggest that the approach is feasible
and accurate enough to constitute a simple and non-intrusive
method that could be useful in real-world software develop-
ment. Indeed, we have been working on this approach, plan-
ning to conduct qualitative research with software managers
in real software development teams to evaluate the feasibility
of adopting the dashboard in their software development
environments.
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