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Abstract. Sentiment analysis is an established possibility to gain an
overview of the team mood in software projects. A software analyzes text-
based communication with regards to the used wording, i.e., whether a
statement is likely to be perceived positive, negative, or neutral by the
receiver of said message.

However, despite several years of research on sentiment analysis in
software engineering, the tools still have several weaknesses including
misclassifications, the impossibility to detect negotiations, irony, or sar-
casm. Another huge issue is the retrospective analysis of the communi-
cation: The team receives the results of the analysis at best at the end
of the day, but not in realtime. This way, it is impossible to react and to
improve the communication by adjusting a message before sending it.

To reduce this issue, in this paper, we present a concept for realtime
sentiment analysis in software projects and evaluate it in a user study
with twelve practitioners. We were in particular interested in how real-
time sentiment analysis can be integrated in the developers’ daily lives
and whether it appears to be helpful. Despite the still missing long-term
case study in practice, the results of our study point to the usefulness of
such kind of analysis.

Keywords: Sentiment analysis · Social aspects · Software project ·
Team mood · Realtime feedback

1 Introduction

In modern software development, several project leader strive to obtain an
overview of what is going on in the teams [8,17]. This overview is not only
limited to the technical aspects such as development progress, but also includes
social aspects as they have been proven to influence the productivity of the team
[4–6,24]. So-called sentiment analysis tools are one possibility to observe text-
based communication that are widely used in software engineering [28]: Applying

c© IFIP International Federation for Information Processing 2022
Published by Springer Nature Switzerland AG 2022
R. Bernhaupt et al. (Eds.): HCSE 2022, LNCS 13482, pp. 90–109, 2022.
https://doi.org/10.1007/978-3-031-14785-2_6

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-14785-2_6&domain=pdf
http://orcid.org/0000-0001-9217-3934
http://orcid.org/0000-0003-0783-8335
http://orcid.org/0000-0001-7674-2930
https://doi.org/10.1007/978-3-031-14785-2_6


Potentials of Realtime Sentiment Analysis in Software Projects 91

such tools to chats or other communication channels returns the polarity of each
statement, i.e., whether it is positive, negative, or neutral, or an aggregated value
for the whole team (e.g., [3,10,11]). Assuming that the used language reflects
the general mood of a team member (happy team members are likely to commu-
nicate more friendly and positive, whereas a dissatisfied team member is likely
to write more negatively), these values allow project leaders or managers to get
an overview of the team mood without investing much time [3]. Due to the
involvement of tools, this mood is kind of objectively measured.

However, such sentiment analysis tools have some weaknesses ranging from
general problems with the accuracy of the detected polarity [12,21] to the impos-
sibility to handle negotiations, irony, sarcasm, and the like [2,9,13,14,25,26].
Another problem is the time frame: The text-based communication is analyzed
afterwards, e.g., at the end of a day, to draw conclusions about what was going
on during the day (e.g., [7,23]). Hence, realtime interventions, i.e., adjusting the
negative text-based message to be less negative, are almost impossible. However,
another problem in software projects is the missing awareness of team members
about the possible influences of their (interpersonal) behavior, including inade-
quate communication [17]. Even more, they are often not aware about how they
communicate, i.e., whether it is likely that other team members perceive their
text-based communication as positive and friendly or negative and unfriendly
[16,17]. Consequently, providing them with information about how their mes-
sage might be perceived before they send it to the rest of the team allows them
to adjust it. Such kind of realtime feedback allowing team members to react has
proven to be valuable for software development team [19].

As a first attempt to solve this problem, in this paper, we introduce a concept
for realtime sentiment analysis for text-based communication between develop-
ers. This concept enables an analysis of all kind of input via the keyboard and
returns the sentiment polarity of the input (independent of whether it is a word
or a statement) so that the sender of the message receives a sentiment score
representing how the receiver might perceive his text. This allows the sender to
adjust the used language if necessary (e.g., if the message appears to be unin-
tentionally negative). We evaluate the concept according to its applicability and
its possible usefulness in a user study with twelve practitioners. Summarizing,
we contribute the following key findings:

– The study participants agree that the core idea of realtime sentiment analysis
is useful for industry.

– They would be willing to share their personal results in order to calculate an
average team mood despite some security concerns.

– The participants’ suggestions to improve the software point to an integration
of established techniques that are already used in retrospective sentiment
analysis into the concept of realtime sentiment analysis.

– We as experimenters observed an increasing awareness on how the partici-
pants communicate over the course of the study.
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Context. This paper is based on the master’s thesis [29] by Lennart Schroth
with the title “Concept for a preventive sentiment analysis of messages in soft-
ware development teams”.

Outline. This rest of this paper is structured as follows: In Sect. 2, we present
background and related work. The concept of realtime sentiment analysis is out-
lined in Sect. 3. Section 4 summarizes our study design with the research ques-
tions, the instrument development, the data collection, and the data analysis.
In Sect. 5, we present our results which we discuss in Sect. 6. Section 7 concludes
the paper.

2 Background and Related Work

The idea of realtime sentiment analysis extends the core idea of sentiment anal-
ysis that is an established and frequently used method in software engineering
[20,28]. There are several existing tools to analyze text-based communication,
some of which are especially designed for the use in the software engineering
domain [1,3,10,11,14,15].

The application of sentiment analysis in software engineering is not new
[20,28]. Already in 2010, Thelwall et al. [30,31] presented SentiStrength which
is a lexicon-based tool that searches for positive or negative words in a sentence
(according to a pre-defined lexicon) and calculates the overall polarity based on
these words. SentiStrength-SE is an adjusted version of SentiStrength that is
specifically designed for the software engineering domain [14]. Comparing Sen-
tiStrength and SentiStrength-SE, Islam et al. [14] showed that the latter one
provides more accurate results in software engineering contexts.

Klünder et al. [16] developed a sentiment analysis tool for classifying tex-
tual communication in a development team. They collected their data based on
digital correspondence in German between developers working in the industry
[16]. Their tool can detect polarities and is based on different machine learn-
ing algorithms like support-vector machine, random forests and an evolutionary
algorithm for selecting suitable metrics to achieve the best performance.

Herrmann and Klünder [10,11] developed a sentiment analysis tool called
SEnti-Analyzer which can analyze text-based communication data for their
polarities as well as audio recordings and meetings in real time. The tool also
assigns polarities and works with English and German language. SEnti-Analyzer
includes several lexicon-based as well as machine learning based tools and com-
bines them in a majority voting, which consists of the median label of each
tool.

Calefato et al. [3] developed a tool called Senti4SD and enabled training and
also classification of models specific to the SE domain. They implemented both
a specialized word lexicon and also a support-vector machine. They were able to
classify an input document in one of the three polarities positive, negative, and
neutral.

Novielli et al. [26] also compared different sentiment analysis tools in a soft-
ware engineering context. They tested the tools on data from GitHub, Jira, and
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Stack Overflow. According to their results, lexicon-based methods provide better
results, with, e.g., SentiStrength-SE having an accuracy of 75 to 80%.

Zhang et al. [33] compared the performance of different pre-trained neu-
ral network models (e.g., RoBERTa [22]) with those tools using more classical
machine learning approaches or lexicon based tools (e.g., SentiStrength-SE [12]).
They evaluate the classification accuracy of all these tools on many the data sets.
They observed that the RoBERTa model [22] most often had the highest scores
on average among the pre-trained transformer models.

In their replication study, Novielli et al. [27] explained some sentiment anal-
ysis tools (e.g. Senti4SD [3]) in great detail and described the underlying data.
They also calculated an interrater agreement between sentiment analysis tools
with each other and also with manual annotations from a gold standard of
600 documents. Based on their results, they suggest platform-specific tuning
or retraining for sentiment analysis tools [27].

However, all these tools or studies did not perform a realtime sentiment
analysis. But in order to be able to address the social factors such as negative
mood in teams at an early stage, realtime sentiment analysis could be a solution.
Our approach is based on such existing tools as they have been proven to provide
adequate results with a sufficient accuracy.

3 Concept: Realtime Sentiment Analysis in Software
Projects

Our concept for realtime sentiment analysis strives to detect the mood trans-
ported in a text-based message. So far, sentiment analysis on text-based com-
munication requires time afterwards and the results are presented retrospec-
tively [28]. The concept includes a window that is displayed in parallel to the
already used communication software and calculates and visualizes a sentiment
score based on the typed words. With our approach, we want to minimize the
time required to analyze the message by presenting the results before sending a
message, locally on a terminal without central analysis service. This helps high-
lighting how a receiver of a message may perceive it (and allows adjusting the
wording if necessary). Resulting from this line of thoughts, our approach consists
of the following three steps:

1. Data collection: We need to collect the written messages either in one
specific channel (e.g., Microsoft Teams) or in general.

2. Data analysis: The collected data needs to be analyzed using different
(already existing) mechanisms.

3. Data processing: We need to visualize and evaluate the results of the anal-
ysis.

These three steps result in the following requirements for the software system
that implements our concept:
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– The software tool shall run locally on a terminal device (offline).
– After having started the tool, it analyzes all messaging inputs from the user.
– The tool shall provide the results of the analysis in a short time (<1 s).
– All user data has to be deleted when stopping the tool.

These steps and the requirements should be implemented as individual modules.
A high degree of modularity and interchangeability should be ensured in order
to enable future improvements with low effort. For further improvements, we
wanted to allow the deactivation, editing, or replacement of modules while the
system is running. For this reason, an Internet of Thinks (IoT) protocol was
used to ensure future-oriented data traffic. Message Queuing Telemetry Trans-
port (MQTT) is a solution for short messages between different services, super-
vised by the MQTT-Broker as node for data traffic and quality of service1. The
dependency and connections of the individual modules is shown in Fig. 1. In the
following, we describe each of the steps in more detail.

Fig. 1. Concept overview realtime sentiment analysis

3.1 Data Collection

In order to analyze different kind of text-based communication, we need to cap-
ture text or drafts of a message in realtime. As communication varies remarkably
across teams (while one team prefers the communication via mail, while another
1 https://mqtt.org/.

https://mqtt.org/


Potentials of Realtime Sentiment Analysis in Software Projects 95

one prefers group chats [18]) and due to the wide variety of communication tools
used in teams, we decide to use a keylogger that collects all types of keyboard
inputs in the background. The keylogger helps identifying and collecting every
input made using the keyboard and processes the input to be usable for the next
step. The collected characters from the keyboard input are transformed to sen-
tences to analyze the message as a whole instead of word-by-word. These were
published on a MQTT-Broadcast channel respectively MQTT-Topic.

3.2 Data Analysis

For the data analysis, we use messages as input. For this step, we use a combi-
nation of existing tools consisting of an established sentiment analysis tool, the
analysis of emoticons, and the analysis of the sociolect. Each of these methods
was realized as a module to allow to activate or deactivate single tools. The
following tools were considered for the sentiment analysis.

1. SentiStrength
SentiStrength is a tool that detects mood in sentences by inferring positive or
negative utterances from the polarity of words. E.g. “Good (+1) work”. This
tool has already been used in various studies and classifies quite reliably. Due
to the evaluation of our approach in German companies with German as main
language, we integrated the German version of SentiStrength in our concept.
We integrate two versions of SentiStrength: SentiStrengh-DE (for German
language) and SentiStrength-EN (for English language).

2. Emoticons
An emoticon is the combination of different characters used in short messages
to express the mood. E.g. “(ˆ ˆ)” (+1) ; “=(” (−1) ; “o.O” (0).
We collected those emoticons in a look-up table with a sentiment value. The
implemented script analyzes the incoming messages and calculate an average
if multiple emoticons are used.

3. Sociolect
During the pre-study, some statements were not recognized by SentiStrength,
since they were neutral in terms of the polarities of the words, but are per-
ceived negatively or positively in teams. A keyword-based analysis tool was
then developed to classify such statements. In order to adapt this concept
to different user groups, individual statements can be added manually to a
lookup table.

The individual analyses had to be standardized for further data processing. In
this context, the sentiment values were converted to a range from −1 (negative)
to +1 (positive). In order to recognize why a message was interpreted in what
way, the analyses also presents a reason for a calculated value.

3.3 Data Processing

We developed a user interface (in C#) that can be opened alongside an existing
messenger service, such as Microsoft Teams. This slim display collected and
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displayed the results of the realtime sentiment analyses. In addition to displaying
the individual analyses with explanation, an overall average was also calculated
and shown central.

3.4 Prototype

We implemented these core ideas regarding the data collection, analysis, and
processing in a software prototype. A screenshot of the general functionality is
visualized in Fig. 2. In the upper half of the screen, we see the results of the
different sentiment analyses over time. Below, we see the most recent sentiment
score of the message, and an overview of explanations about how the score was
calculated in the bottom. Note that, as we conducted the study in Germany, we
also integrated the German version of SentiStrength and just translated the input
for this screenshot. Typically, SentiStrength-DE would not be able to provide any
information for English inputs. However, both analyses run in parallel. That is,
if the used words are present in the German lexica, the German version is used.
However, as computer science is a field in which English words are omnipresent,
we also look into English lexica (provided by SentiStrength-EN) to increase the
richness of the information. Nevertheless, this parallelity of the both languages
introduces some difficulties as there are words that have different meanings in
the languages. For example, the word “war” (past tense form of “be” in German)
has a neutral meaning in German, but a negative meaning in English. Further
research is required to solve such issues.

4 Study Design

In the following, we present our study design with the research questions and
goals, the experiment structure, and the data collection.

4.1 Research Goal and Research Questions

Our overall research goal is to evaluate realtime sentiment analysis with regard
to its applicability and usefulness in practice. In particular, we strive to answer
the following research questions:

Research Question 1
How can realtime sentiment analysis be integrated in the daily lives of soft-
ware developers?

This question strives to analyze whether the concept presented before is useful
for realtime sentiment analysis.

Research Question 2
How useful is realtime sentiment analysis perceived by practitioners?
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Fig. 2. Screenshot of the software prototype translated to English

This question clarifies if realtime sentiment analysis adds perceived value to
software projects. In addition, it also shows how this added value looks like and
how it can be achieved.
Research Question 3

Would team members be willing to share their aggregated data to allow an
analysis on team level?

This questions deals with the further data processing to not only reflect the
mood of single team members, but also of the whole team, which is the main
use case of retrospective sentiment analysis, but which needs to be adjusted to
a realtime analysis.

4.2 Instrument Development

In order to evaluate the usefulness of realtime sentiment analysis, we imple-
mented the aforementioned concept in a prototypical tool consisting of a keylog-
ger to collect all keyboard inputs (in order to analyze them independently from
the used messenger), three different analysis tools described in Sect. 3 and the
visualization of all collected data over time.
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4.3 Experiment Structure

We used the prototype to evaluate our concept of realtime sentiment analysis in
an experiment with practitioners. The experiment consisted of five steps:

1. Introduction (5min): We presented our overall idea of the realtime senti-
ment analysis and how the prototype works that they are about to use. We
paid particular attention to a (brief) overview of the data processing and the
further storage of the data.

2. Questionnaire 1 (5min): The participants answered a questionnaire asking
about demographic information (years of experience, their role in the team,
etc.) and about their typical communication behavior (the use of different
channels).

3. Exploring the prototype (5min): The participants were asked to get to
know the prototype in an exploratory fashion. In particular, they were asked
to write something to get familiar with the main functionality of the software.

4. Testing the prototype (10–20min): As the study strived to analyze the
concept (i.e., the core idea of realtime sentiment analysis) rather than the
prototype itself, we presented fictive scenarios that are possible use cases of
the tool. As part of these scenarios, the participants were asked to write an
answer to a received message. They were asked to write this answer in a
positive, negative, or neutral way and to compare their perception with the
response of the tool.

5. Questionnaire 2 (5min): In order to collect the perceptions and opinions of
the participants, they were asked to answer a second questionnaire to report
on general feedback and their perceived usefulness of the tool. In addition,
we integrated the “I wish, I like, I wonder” methodology to collect ideas for
future research (I wish), core ideas that are good (I like), and potential for
improvement or the need for explanations (I wonder).

4.4 Data Collection

As a first step, we collected data in a pre-study evaluating the overall concept
and to allow for necessary improvements of the software prototype before test-
ing it in a broader scope. In December 2021 four experts (project leader, quality
assurance, or researchers with several years of experience with working in indus-
try) participated in the pre-study. We used the feedback to make improvements
to the prototype for analysis accuracy and user acceptance.

The pre-study followed the same process as described above, but strived to
lay a foundation for the main study rather than to evaluate the idea from sev-
eral viewpoints. That is, we conducted the pre-study to get a basis for the main
experiment. We applied the think-aloud approach in order to collect as much
feedback as possible. That is, participants were asked to verbalize their thoughts
as fine-grained as possible. Resulting from the insights we gained during the
pre-study, we improved the user interface and the sentiment analysis itself, as
almost all participants faced problems with a few unclear classifications of mes-
sages: Team-specific statements were identified as neutral, although these were
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perceived negative by the experts. As a consequence, we included an analysis
of the sociolect2 with the option to add typical phrases (with a polarity value)
to a so-called look-up table to adjust the tool to the team-specific language.
For example “keep it up” was analyzed as neutral, although it was meant to be
positive, and “if it has to be” (“wenn es sein muss” in German) has no negative
polarity words but is meant negatively.

The main study was then conducted in the end of January 2022 with twelve
participants from industry that did not participate in the pre-study. Depending
on the preferences of the respective participant, the study was either conducted
in person or in an online setting. The experiments had a duration of 45–55min.
The twelve participants work in three medium-sized companies (with 50 to 250
employees) in the domain of information systems and telecommunication. All
participants work in software development teams. Seven participants work as
software developer, two as project leaders, two as technical designer, and one
as an IT consultant. In total, four female and eight male team members par-
ticipated in our study. On average, the participants had 10 years of experience
with working in the IT domain with a minimum of one year and a maximum of
24 years.

During the study, we applied the think-aloud approach and took notes. In
addition, the participants answered two questionnaires that were also used for
the later data analysis.

These questionnaires consisted of three question on demographics, 13 items
that were rated on a Likert scale, two open questions on communication behavior
in general, and some space for feedback divided into I wish (ideas for improve-
ment), I like (good core ideas that are useful), and I wonder (needs for expla-
nations or adjustments).

4.5 Data Preprocessing and Data Analysis

To answer our research questions, we mainly used two data sources: (1) The
answers to open questions on communication behavior and feedback in the ques-
tionnaire (together with our notes resulting from the think-aloud process) and
(2) Ratings on Likert scales on statements to different aspects concerning our
research questions.

(1) The answers to the open questions were coded using open coding. That is,
we categorized all answers (both from the questionnaires and from our notes)
as long as we were sure that each statement was assigned the best matching
category. These categories then helped us draw conclusions on the usefulness,
missing functionalities, and potential for improvement (among others). These
open questions also include the feedback presented on the questionnaires.

2 Sociolect is a form of language (non-standard dialect, restricted register) or a set
of lexical items used by a socioeconomic class, a profession, an age group or other
social group.
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(2) For the Likert scales, we calculated the median values for each of the six
statements presented in Table 1. Note that, although we present the English
translation of the statements, the statements were provided in the native
language of the participants.

Table 1. Items rated by the participants

ID Item Questionnaire

1 I receive sufficient information to solve my
tasks

Q1

2 There are several team meetings for
exchanging relevant information for the
projects

Q1

3 I try to spread a positive mood in the team Q1
4 I try to formulate messages in a positive way Q1
5 The results of the analysis coincide with my

perception
Q2

6 The different analysis mechanisms detected
different moods adequately

Q2

7 Such kind of software might be helpful in
the future

Q2

8 I had few security concerns when using the
software

Q2

9 To improve the team mood, I would share
the average results of the analysis of my
data with the project lead

Q2

10 I would like to know the average team mood Q2

5 Results

We conducted the study as described in the previous section. In the following,
we present the results.

5.1 Characterizing the Participants

Regarding the typical information exchange in the companies, the participants
reported on generally receiving sufficient information for their tasks (Statement:
I receive sufficient information to solve my tasks; median: 4, min: 3, max: 5).
That is, typically, they receive the required information to solve their tasks.
In addition, there are several meetings to ensure sufficient information exchange
(statement: There are several team meetings for exchanging relevant information
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for the projects, median: 5, min 4, max: 5). The participants also try to spread
a positive mood in the team (statement: I try to spread a positive mood in the
team, median: 4, min: 3, max: 5) and to write positively (statement: I try to
formulate messages in a positive way, median: 4, min: 3, max: 5).

At the time of the study (and likely influenced by the CoVID19-pandemic)
participants report on using online-video meetings most often for communication
(avg: 34,6%, SD3: 11,6%), followed by chat messages (22,1%, SD: 8,53%), e-mails
(19,6%, SD: 11,4%), and face-2-face communication (18,3%, SD: 17,1%). Phone
calls are barely used (5,4%, SD: 8,28%).

Text-based communication, that is analyzed by our tool, is used on average
for 42% of the communication. Some participants use messages up to 60% to
exchange information.

5.2 Perceived Accuracy of the Tool

Regarding the tools’ accuracy, the participants were mostly satisfied (statement:
The results of the analysis coincide with my perception, median: 4.5, min: 3,
max: 5). However, note that this is only the perceived accuracy as we did not
calculate some objective measure such as an interrater reliability between each
participant and the tool. When analyzing social aspects in development teams,
the perceived accuracy is much more important than the objective accuracy: If
the participants’ perception deviates too far from the results, they will likely
neglect the results. Therefore, we opted for the perceived accuracy rather than
for the objective measure. Nevertheless, we ensured objective accuracy by using
established sentiment analysis tools.

In addition, the participants reported that the different mechanisms (Sen-
tiStrength, emoticons, and sociolect) detected the mood adequately (statement:
The different analysis mechanisms detected different moods adequately, median:
4, min: 3, max: 5).

5.3 Perceived Helpfulness

The participants reported on a potential helpfulness of the software in future
(statement: Such kind of software might be helpful in the future, median: 4.5,
min: 3, max: 5). In order to improve the usability, they suggested to analyze the
chats on project-level or to just consider specific chats of groups or teams, which
is the current state of sentiment analysis, but retrospectively [28]. In addition,
two participants recommended to provide the results comparable to a spell check
underlining the words in red or green, respectively. Half of the participants were
also interested in a live presentation of the results aggregated on chat-level right
in the respective chat window.

3 SD is the abbreviation for standard deviation.
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5.4 Data Aggregation on Team Level

However, the participants had some security concerns when using the software
(statement: I had few security concerns when using the software, median: 3, min:
2, max: 5). This also goes along with one participant reporting on the feeling
of being monitored or observed. This feeling is also omnipresent if the aggre-
gated results are shared with the project leader. Nevertheless, the participants
reported on agreeing to share their data (statement: To improve the team mood,
I would share the average results of the analysis of my data with the project lead,
median: 4, min: 3, max: 5), as they are also interested in the average team mood
(statement: I would like to know the average team mood , median: 5, min: 4, max:
5). However, ten out of twelve participants stated that they are only willing to
share their average data if the whole team can see the results on team level, and
not only the project leader.

5.5 Observations of the Experimenters

Regardless of the team sentiment level, the study showed that awareness of a
positive way of communicating can be increased with the help of such a tool. We
observed an improved self-reflection and the careful selection of the wording in
text messages. As soon as the participants perceived some kind of familiarity with
the tool, they started to write messages as positive or as negative as possible in
order to test the tool. Afterwards, they started adjusting their wording in order
to be at least neutral, but not negative – also when trying to write some negative
message in the fictive scenario.

6 Discussion

In the following, we discuss and interpret our results as well as threats to validity.

6.1 Answering the Research Questions

Based on our results, we can answer the research questions as follows:
Answer to RQ1: Using our rudimental and prototypical concept consisting

of a keylogger and a joint sentiment analysis, it is possible to integrate realtime
sentiment analysis in the daily lives of software developers. However, in order to
ease the use of the concept, an integration of the concept into different platforms
(such as Microsoft Teams or Skype) would be helpful. Nevertheless, a real use in
practice is still missing. With our study, we just prove that the general concept
works.

Answer to RQ2: The core idea is perceived helpful by our twelve study par-
ticipants. However, the practitioners proposed different extensions to increase
the helpfulness of the results, such as the integration into existing chat tools
instead of the decentralized idea followed by our approach. These insights and
the promising results motivate further research on realtime sentiment analysis.
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Answer to RQ3: The participants also stated to be willing to share their
aggregated scores to allow the calculation of an average team score (under the
condition that they get to see the results). However, our study was conducted in
an experimental setting. Thus, we got impressions from practitioners, but only
reflecting on a hypothetical use in practice.

6.2 Interpretation

Summarizing, the results of our study motivate the further exploration of real-
time sentiment analysis.

The results of our study indicate that realtime sentiment analysis is help-
ful and was well-accepted by the study participants. The median value was 4.5
(between agree and absolutely agree) when asked if such a tool could help in
the future. The fact that this is not a “traditional”, i.e., retrospective, sentiment
analysis, but feedback when writing a message, means that realtime sentiment
analysis does not contradict the current use of sentiment analysis. The estab-
lished tools provide insights about sentiments by observing the textual commu-
nication of developers. The concept presented in this paper provides feedback on
the sentiment of a self-written message with the option to adjust it appropriately
before sending the message to the team. This helps to convey the perception a
developer wants to convey accordingly and thus avoid possible misunderstand-
ings. This means that, for example, developers can adjust their message from
negative or neutral to positive if the message is not meant to have such polarity.
On the other hand, it is possible to change a positive message to neutral, if this
effect is desired, for example, due to poor results in the current development or
inadequacy of positive mood due to other social factors.

Regarding the combination of realtime and “typical” sentiment analysis, there
is the threat that messages are changed after the feedback of the tool, e.g., from
negative towards positive, although the negative wording reflects the actually
existing emotional mood of the sender. Regarding the reduced risk of negative
mood in the team due to a too rough communication, this is the desired out-
come. But teams need to be aware that a retrospective sentiment analysis would
then not adequately reflect the real team mood. This means that the messages
sent are somewhat manipulated and introduce a bias. Thus, sentiment analysis
tools applied to written communication might not measure the true sentiment in
this case. However, a combination between realtime and retrospective sentiment
analysis is still useful to have more data to get closer to the real sentiment of a
developer team. This was also requested by our study participants. In addition,
the analysis of what has already been written can also have a different focus,
e.g. instead of sentiment in the actual sense, it can be more of a content-based
analysis, e.g. whether negative or positive events are mentioned. This also goes
along with Graziotin et al. [5] results, which show that satisfied developers are
better at solving problems. So if many negative events were mentioned in the
communication, this can be an indication of possibly dissatisfied developers. This
means that our feedback tool analyzes how a message might be perceived by the
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recipient, while another tool analyzes the communication, focusing on how it
was communicated. Nevertheless, these ideas require future research.

However, the security concerns mentioned by the participants must not be
ignored. Therefore, a company or project leader should be very transparent with
the tool (e.g., how it works and determines the sentiment) as well as with the
analysis of the messages in order to avoid that the developers feel observed or do
not feel comfortable writing messages. It also makes sense to regularly measure
the mood and emotional state of developers to see whether such a feedback tool
has a negative impact on the developers or not.

6.3 Threats to Validity

In the following, we present threats to validity according to our paper. We catego-
rize the threats according to Wohlin et al. [32] as conclusion, internal, construct,
and external validity.

Our study had only 12 participants (construct validity), and not all of them
were pure developers (external validity). Consequently, the results must not
be overinterpreted. We gained insights from twelve practitioners that imagined
using such a tool in their daily lives. They answered the questions based on their
experiences. However, already the study with such a small sample size provided
interesting insights that motivate further research. As a first proof of concept, in
our opinion, such a small study suffices. Nevertheless, future studies are required
to strengthen the results.

The study was conducted in a fictive situation (construct and external valid-
ity) which limits the generalizability of our results.

The perceived accuracy of the realtime feedback tool offers potential for
improvement, partially due to the lack of recognition of sarcasm and irony. These
statements were mostly classified as neutral (internal and construct validity).
However, as far as we know, this issue has not been resolved in research, but has
been frequently identified as a problem [20,28].

When developers know that what they write is analyzed by a tool, this can
influence their behavior. They would not write certain things or think about
what they write before writing and sending it (external validity). However, this
was not a threat of our study, but of the generalizability of the results. In this
controlled settings, participants reported on a potential usefulness and it was
not an “observation” of their behavior and what they write. They were just
neutrally asked to try the tool. However, the fact of observation and monitoring
will influence the use of the tool in reality.

Although all written communication is considered in the concept by a key-
logger, written communication only accounts for 42% according to the surveys
(conclusion validity). This can also include communication beyond the com-
puter, e.g. via smartphone. Meetings, for example, are often also a component of
communication. However, our concept covers a large part of the communication.
And often misunderstandings and therefore problems and bad moods arise from
written communication, where sender and receiver do not see each other and do
not hear each other’s voice.
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In the study, only SentiStrength (for English and German) was used as a
sentiment analysis tool (construct and internal validity). However, the tool was
supplemented by further data analysis using emoticons and a self-created lexicon
by the study participants. Nevertheless, the accuracy of the analysis results
strongly depends on the selected analysis techniques. This accuracy, in turn, has
an influence on the perceived helpfulness of the tool, because unreliable results
would be neglected and will not provide any benefit for a hypothetical use in
practice.

Open coding of the survey’s responses to open questions was conducted by
only one author (construct validity). However, the categories were reviewed by
the other authors to increase the accuracy of the results.

Summarizing, these threats point to weaknesses of the reliability and the
validity of our study’s results. Future research is required to solve these issues,
to provide deeper insights, and to strengthen the results. In particular, a real
case study in practice is required to provide insights on the real usefulness and
not only on the potential usefulness.

6.4 Future Work

The threats presented before and the results of our study point to potential
for further research. For our study we used a keylogger to get access to the
written message. In future work it is possible to develop a framework which
can get access to other services like Microsoft Teams or Telegram. With this
framework it should be possible to also handle emoticons which are integrated
in the operated system and to also analyze reactions to specific messages. In our
study we used only text-based emoticons. Operating systems have much more
smileys with different meanings which can be analyzed. It is also possible that we
receive better accuracy when we do not use lexicon-based sentiment analysis but
a machine learning based algorithm. In the SLR from Obaidi and Klünder [28],
we see that machine learning sentiment analysis offers a better performance, so
we get better results.

To show the sentiments we present a prototype in Sect. 3 and there are much
more possibilities to integrate the sentiment in other messengers. One of them
could be a, e.g., highlighting-system like a spell checker. Sentiment words with
positive meaning could be green and negative ones red.

Some of our participants wish to perform a long-time study to evaluate if the
usage behavior is changing over time. In the future it is useful to conduct such
a study. Furthermore, it can also be investigated to what extent the software
has an influence on the users over time. For this purpose, interview studies or
surveys on various aspects such as behavior, mood, etc. should be carried out
before, during, and after the study.

Another point was that some users reported on being disappointed when writ-
ing a long message and only getting back an “okay”. In future works it is possible
to evaluate if an assistant can give suggestions for improvement e.g., “You got a
long message. Don’t you want to write more words in your response?” and if it
is useful while writing messages. Another point to increase the effectiveness of
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our prototype is that the sentiment analysis can (and should) also be improved,
because we analyze only the text which is written but without any context anal-
ysis. If someone is writing ironically it is likely that the sentiment detection is
wrong. Also, short messages without context could be wrong detected.

In order for the prototype to be used in a real scenario, certain aspects such
as practicality must be taken into account. This may include ease of installation
(or installation instructions), maintenance, and support for the software. This
may include adapting the tool to the particular developer team. Communication
between developer friends may be different than between the developer and the
project manager.

The suggestions provided by our participants also point to the idea of com-
bining realtime with retrospective sentiment analysis. As discussed before, this
combination has potential, but requires a profound analysis of the real useful-
ness, as both analysis methods analyze the same aspect (the mood in the team)
from different viewpoints and with different goals. Nevertheless, the combina-
tion might provide more sound insights than each of the methods (realtime and
retrospective sentiment analysis) in a stand-alone setting.

7 Conclusion

As there is an increasing interest on analyzing social aspects in development
teams, sentiment analysis is widely used in research to get an overview of what
is going on in a development team. However, in order to provide the possibility
for adjustments and interventions, some kind of realtime sentiment analysis is
required.

Our concept for realtime sentiment analysis offers this opportunity by ana-
lyzing messages before they are sent. This avoids sending messages that raise
some negative feeling with the receiver and increases the awareness of how some
message might be perceived by others.

We evaluated our prototypically implemented concept in an experimental
setting with twelve participants from industry. Despite the small sample size
and the preliminary nature of this study, we observe that participants expect
the idea of realtime sentiment analysis to be helpful in industry. In addition, they
also stated to be willing to share their data to calculate the mood aggregated
on team-level. Nevertheless, they provided ideas on how to extend the concept
of realtime sentiment analysis pointed to already established approaches when
doing retrospective sentiment analysis.

Future research will focus on the suggestions of the participants and requires
a case study in industry in order to prove the usefulness in a real setting.
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