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Developers experience a wide range of emotions while creating software. Being able to identify the causes

of one’s own and peers’ emotions can equip developers with the ability to regulate their behavior to restore

positive moods and productivity. In this paper, we investigate to what extent self-monitoring of emotions

can enhance agile retrospective meetings by improving the emotion awareness of participants. To this aim,

we conducted a controlled experiment involving three software development teams involving two student

teams and one professional developers team. The experiment design involves the collection of biometrics and

self-reported information about emotions, which are then visualized before the retrospective meetings to

inform discussion using EmoVizPhy, a tool that we designed and implemented for this aim. While students

found that self-monitoring helped them recall significant emotional episodes, leading to more meaningful

contributions during retrospectives, professional developers perceived limited benefits from this practice.

Furthermore, based on the analysis of corrective actions identified by the participants during the study, we

hypothesize that self-monitoring of emotions through EmoVizPhy may play a valuable role in facilitating the

consolidation of new agile teams for which roles and collaboration dynamics are still being defined.
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1 INTRODUCTION
Emotions play an important role in software development, as they can influence developers’ well-

being, productivity, and job satisfaction [11, 34, 37]. Recent studies investigated the relationship

between developers’ emotions, as they emerge during programming tasks, and their self-assessed

productivity [28]. Empirical results show that positive emotions, like happiness, can be linked to
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increased productivity [37], while negative ones, like frustration and anger, can be detrimental and

are associated with the perception of being less productive [27, 65].

At an individual level, emotional self-awareness can equip developers with the ability to con-

sciously regulate their emotional experiences and expressions, e.g., by mitigating negative emotions

in favor of productivity [19]. As far as collaborative work is concerned, psychology suggests that

emotional awareness is also an antecedent of team effectiveness [43]. Thus, being aware of one’s

own and others’ emotional states could significantly contribute to project success [41, 77].

Inspired by these findings, we envision the emergence of tools and approaches to support

developers’ emotional awareness to improve their well-being and productivity. Previous work

advocated in favor of self-monitoring as a pathway to increase emotional awareness. Approaches

based on sensor logging [60] and self-reports [15] have been proposed to enable developers and

teams to self-monitor and reflect on their emotional experiences over time. Fritz et al. [21] conducted

a longitudinal field study with developers to examine the impact of a team nudge intervention

and found that frequent reflection on work and productivity can positively influence individual

productivity and reshape perceptions of teamwork and collaborative work. Ruvimova et al. [76]

conducted an exploratory study on how individuals perceive their team’s and their own productivity.

Their findings suggest that developers feel more productive when they perceive their team as

productive. However, the authors also noted a lack of awareness among developers regarding the

team’s productivity. While the approaches adopted in the literature may differ, the main goal across

these studies is to provide mechanisms for developers and teams to self-monitor and reflect on

their emotional experiences over time.

In this work, we focus on the study of self-monitoring of emotions in the context of agile

retrospective meetings, building upon previous research on the importance of emotion awareness

in agile development. Andriyani et al. [3] found that discussion of emotions is an important

enabler of reflection during meetings. Through interviews and observations of four agile teams’

retrospective meetings, they identified discussing feelings, both positive and negative, as one of the

key aspects focused on. Along the same line, Madampe et al. [58] conducted a survey study with

professional agile developers to investigate the main challenges in handling requirements changes

and how these impact the emotions of software practitioners. They found that some challenges are

technical while others are social and could be addressed by leveraging emotional intelligence. Based

on their findings, they suggest that organizations, managers, and practitioners should consider

regularly implementing practices to support awareness of their emotional well-being. More recently,

Milani et al. [64] conducted a survey study with agile team members to investigate which data

developers share and how they used them in retrospective meetings. Most teams involved in their

study reported they prefer human-centric approaches over data-driven ones in retrospectives,

stressing the importance of discussing subjective data about feelings and work satisfaction. Overall,

these studies demonstrate that embedding discussion of triggers for both positive and negative

emotions during retrospectives may be crucial to support agile development in many ways. In

particular, this practice may provide essential data for process improvement while helping teams

identify systemic issues affecting their performance [3]. Furthermore, sharing emotions is a practice

that may create opportunities for team learning and growth, and when properly facilitated with

psychological safety [3, 64], holds potential for strengthening team dynamics. Also, Milani et al. [64]

suggest enabling practices that proactively remind practitioners about key events and insights that

might be worth discussing during retrospective meetings.

In line with this vision, we complement previous work by investigating whether self-monitoring

of emotions during software development activities can enhance agile retrospective meetings.

Specifically, we examine whether this practice supports developers in recalling relevant emotional

episodes, reflecting on their causes, and identifying corrective actions for future development
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sprints during retrospective sessions. To this aim, we designed and implemented EmoVizPhy
1
, a

tool to visualize data collected from non-invasive biometric sensors combined with self-reported

emotions and their causes [32]. We formulate our research question as follows:

RQ. Does self-monitoring of emotions enhance agile retrospective meetings?

To address this question, we conducted a controlled experiment using a crossover design with

experimental and control conditions. The study involved two teams of students and one team

of professional developers. In the experimental condition, participants used EmoVizPhy before

participating in the retrospective meetings to visualize the emotions experienced while working.

In the control condition, retrospective meetings were conducted without EmoVizPhy, adhering to

the teams’ usual practices. To evaluate the impact of emotions self-monitoring on retrospectives,

we measured both the number of cards contributed and corrective actions proposed by participants

in both conditions. Additionally, we conducted qualitative coding to categorize the corrective

actions defined by team members. To further assess the effects of our intervention, all study

participants were asked to take part in individual interviews and focus groups. We employed

thematic analysis to examine the qualitative data obtained from these sessions. Specifically, we

focused on the perceived usefulness of self-monitoring in supporting emotional awareness and

increasing the effectiveness of retrospective meetings. We also assessed the overall participants

experience, focusing on privacy concerns around using biometrics, self-reporting emotions, and

sharing emotion data with teammates.

Our empirical findings suggest that, under specific conditions, self-monitoring of emotions

through EmoVizPhy holds the potential to positively impact the effectiveness of retrospective meet-

ings. However, we observed mixed results for students and professional developers. In particular,

the proposed approach appears to foster more productive discussions concerning collaboration

and interpersonal dynamics among students—who lacked experience with agile practices and

worked in a newly constituted team—as well as the collective identification of related corrective

actions. Notably, the student participants in our study reported that using EmoVizPhy to visualize

self-reported emotions and biometric data helped them recall relevant emotional episodes, thus

leading to improved card writing and proposal of corrective actions for subsequent sprints. This was

not observed for professional developers—who were familiar with agile development and worked in

a consolidated team— who conversely reported mixed feedback regarding the perceived usefulness

of the tool for retrospective meetings. Therefore, we identify supporting the consolidation of new

teams in agile development as a promising use case for EmoVizPhy.

Furthermore, we observe that the participants in our study are mostly open to sharing their

emotions during retrospective meetings. In addition, the majority of students explicitly reported

the desire to keep monitoring emotions while working, thus confirming that novice developers

might perceive self-monitoring of emotions as more useful to increase emotion self-awareness

during software development tasks.

Finally, we identify challenges in the interpretation of biometric signals, highlighting the need

to combine them with contextual information, such as self-reported notes.

The main contributions of this paper are as follows:

• We contribute empirical insights suggesting that self-monitoring of emotions may enhance

agile retrospective meetings, especially when novice developers are involved;

• We distribute an improved version of the EmoVizPhy tool, whose prototype usability was

evaluated in our previous work [32];

1
https://github.com/collab-uniba/emovizphy
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• We release a replication package including the EmoVizPhy tool, which is open source and

available for future research, as well as all the scripts and software instrumentation to enable

replication of this study.

The remainder of the paper is structured as follows. In Section 2, we report and discuss the

background knowledge on retrospective meetings in agile development, the theoretical model

of emotions we build upon in this study, and the use of biometrics for recognizing developers’

emotional and cognitive states. Then, we describe the design of our empirical study and explain

our methodological choices in Section 3. We report the results in Section 4 and discuss our findings

in Section 5. The limitations and trade-offs of the paper are outlined in Section 6. We position our

contributions in the scope of related work in Section 7 and conclude the paper in Section 8.

2 BACKGROUND
2.1 Agile Retrospectives
An agile retrospective is a structured meeting that takes place at regular intervals throughout a

project to help teams reflect on what went well, what did not, and how they can improve [13].

Unlike traditional project retrospectives, which occur only at the project’s end, agile retrospectives

happen iteratively, allowing continuous improvement [4]. Every retrospective is led by a facilitator,

who ensures that the team achieves the goals it sets [57].

According to Derby et al. [13], an agile retrospective involves five phases: setting the stage,

gathering data, generating insight, deciding what to do and closing the retrospective meeting. Setting

the stage focuses on creating a safe and comfortable environment where team members feel

encouraged to share openly. Gathering data involves collecting information about the sprint,

including both quantitative data (e.g., metrics and completed tasks) and qualitative data (e.g.,

personal observations and feedback). Generating insight requires the team to analyze the collected

data to uncover underlying issues and patterns. Deciding what to do focuses on creating actionable

improvement plans. Closing the retrospective meeting involves summarizing the decisions and

acknowledging the participants’ efforts.

As a simplified process model, retrospective meetings follow a two-stage structure. In the

first stage, participants document all remembered events and experiences on cards, encouraging

comprehensive recall. The second stage involves grouping these cards and discussing them to

determine both corrective actions for the next sprint and successful practices worth continuing.

While the initial brainstorming may generate some less relevant items, the subsequent clustering

and focused discussion helps filter and prioritize the most important insights. From a cognitive

perspective, the first stage of card writing can be assimilated to the generation of new ideas and

then it primarily involves divergent thinking [12]. On the other hand, the second stage of action

proposal requires resolving individual views, sometimes opposing, and then it mainly involves

convergent thinking [61].

Different templates for conducting retrospective meetings exist [31], such as the Sailboat, Starfish,

One-Word Retrospective, and the Mad, Sad, Glad model. To conduct a retrospective using the Mad,

Sad, Glad model [13], the facilitator divides a board into three areas labeled “Mad,” “Sad,” and “Glad,”

and provides color-coded cards or sticky notes. Participants write down their issues on sticky

notes and categorize them accordingly. Once the timebox expires, the sticky notes are posted in

the appropriate section. The team then groups related sticky notes into logical themes, which are

subsequently discussed. Based on these discussions, the team identifies specific actions to start,

stop, or continue in the upcoming sprint.
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This model has been widely adopted in practice due to its effectiveness in releasing heavy

emotional steam and gathering data about feelings [13, 72]. For its focus on emotions, we adopt it

in our study.

2.2 Emotions in Software Development
Dimensional modeling of emotions. In the last decade, emotions experienced during software

development have gained increasing attention in software engineering research [9, 19, 40, 56, 66, 67,

70, 71]. Studies have been conducted on the effects of emotions on productivity [27, 28, 35, 65, 90],

the relationship between emotions and problem solving [36], and the relationship between affective

states and software metrics [52]. The majority of existing studies on the impact of emotions on

software development adopt a dimensional approach to emotion modeling [28, 29, 32, 65, 65],

which usually includes considering three dimensions for emotions, namely valence, arousal, and

dominance. Two of these dimensions are originally defined by Russel [75], whose Circumplex

Model of Emotions operationalizes affective states in terms of valence, i.e., the pleasantness vs.

unpleasantness of the emotional stimulus, and arousal, i.e., the emotional level of activation vs.

deactivation. Pleasant emotional states are associated with positive valence, while unpleasant ones

are associated with negative valence. In contrast, arousal refers to the level of activation of the

emotional state that ranges from inactive or low to high. In line with previous studies [35, 59], we

adopt this dimensional modeling of emotions and also include consideration of dominance, which

measures emotions according to the extent to which an individual feels in control of the situation.

Negative emotions as a proxy for problems. Previous lab studies leveraged experience sampling

to identify the reasons for positive and negative emotions while programming [29, 37, 65]. They

found that developers experience negative emotions when their self-perceived productivity is low

while they feel happy when they are in flow. Other reasons for negative emotions are related to

cognitive difficulties, the impossibility of fulfilling information needs, and code not working. These

findings were complemented by further evidence collected in a field study involving professional

developers from five different companies, who contributed a taxonomy of triggers for both positive

and negative emotions at the workplace [28].

Graziotin et al. [33] further contributed to the identification of triggers for developers’ emotions

through a survey involving ∼2K developers. They found that the most frequent causes of unhappi-

ness include being stuck in problem-solving, operating in condition of time pressure, dealing with

bad code quality or under-performing colleagues, feeling inadequate or suffering from personal

issues not related to work, dealing with bad decision-making or investing time in mundane repeti-

tive tasks. Girardi et al. [28] enhanced the body of knowledge on emotional triggers through a field

study involving professional software developers in their daily work setting. Their findings further

confirm are relationship exists between positive emotions and perceived productivity.

Beyond emotional valence, specific emotions have been investigated. In particular, early detec-

tion of non-positive emotional episodes might enable the identification and implementation of

just-in-time corrective actions aimed at restoring positive emotions and productivity. Thus, it is

not surprising that researchers mostly focused on negative emotions. Gachechiladze et al. [22]

investigated automatic approaches to anger detection in collaborative software development. They

focused on anger as it can serve as a proxy for a wide range of problems that might require prompt

resolution to support effective collaboration. Specifically, they distinguished between anger to-

wards self, which could be useful to identify and support developers experiencing difficulties, anger

towards others, which might be an indication of communication issues, and anger towards objects,

which could be a proxy for technical problems and could be helpful to recommend and prioritize

improvements. Ford and Parnin [18] surveyed 45 software developers to identify the causes of
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frustration while programming. They provide a list of 11 categories, which include issues with

program comprehension or poor tooling, personal issues, and fear of failure.

Emotions in Agile Retrospective Meetings. Recent studies have demonstrated the crucial role

of emotion sharing in agile meetings and how this can support team effectiveness and process

improvement. Emotions in retrospectives serve a dual purpose: they provide valuable data about

team processes and contribute to team effectiveness. Andriyani et al. [3] conducted an interview

study with 16 developers adopting agile practices. They report that reflection in agile retrospectives

occurs across three levels: reporting and responding, relating and reasoning, and reconstructing,

with emotions being central to the reporting and responding phase. In particular, they provide

significant insight into why discussing negative episodes is essential for the reflection process.

Based on their empirical results, they suggest that reflecting on the challenges encountered during

the sprint is essential for the teams to understand process-related aspects, such as the effort required

to complete tasks, what tasks were challenging and why some tasks were difficult to finish. This

indicates that negative situations serve as valuable learning opportunities and hints for reflection on

aspects that require interventions to support team effectiveness. In this perspective, by discussing

obstacles that trigger negative feelings, the teams can discuss crucial information needed for process

improvement. Similarly, positive feelings were reported in association of successful practices that

could be consolidated and readopted also in future sprints.

Girardi et al. [28] complemented these findings through a field study with companies implement-

ing agile development. Based on the qualitative analysis of developers’ responses to open-ended

questions about the causes of their self-reported emotions during programming, they built a taxon-

omy of specific triggers of positive emotions (such as being in flow or completing tasks) and negative

emotions (including difficulties with code comprehension or tooling issues). The authors suggest

that discussing these emotional triggers in retrospectives might help teams identify systemic issues

that could otherwise remain unaddressed over time.

In line with this view, Milani et al. [64] recently reported on the importance of integrating

both subjective emotional and objective project-related data to drive discussion in retrospective

meetings and identify improvements to implement. They ran an online survey study with 19

software development teams to explore how agile teams conduct retrospective meetings and utilize

data within these sessions. Their findings reveal that most teams engaged in pre-meeting activities,

including setting up tools, gathering metrics, and allowing members to add discussion topics in

advance. A significant finding was the strong reported preference for human-centric approaches

over data-driven ones. Only six teams reported using objective project data in retrospectives, while

nine explicitly mentioned relying on subjective data, including feelings, empathy, well-being, and

workplace satisfaction. Based on their empirical findings, the authors provide a set of actionable

insights, including a recommendation to support practitioners in data collection prior to the meeting.

They emphasize the importance of gathering both subjective and objective data. Furthermore, they

suggest designing tools that enable proactive reminders to practitioners about key insights to share

during retrospective meetings. Along this line, El-Migid et al.[15] proposed Emotimonitor, a Trello

extension to enable emotion self-report by developers, demonstrating that emotional feedback

during retrospectives can trigger valuable insights for team improvement.

2.3 Stress in Software Development
Other psychological states associated with emotions were also investigated, due to their potential

impact on developers’ well-being and productivity. It is the case of time pressure, which has been

shown to have both positive and negative effects on software developers. On the positive side, it
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can increase motivation. However, it also leads to negative consequences, such as increased stress,

unhappiness, depression, and burnout [51].

Among other psychological states that are associated with the experience of emotions, stress

deserves particular attention due to its observed correlation with negative emotions [16]. Lazarus

and Folkman [55] define stress as the relationship between an individual and the environment that

is assessed by the person as "taxing or exceeding his or her resources and endangering his or her

well-being". Graßl et al. [38] investigated the impact of diversity on stress experienced by software

engineering students working in project teams. The study was conducted through three controlled

experiments involving 65 participants from two universities. The results show the main stressors

for the students were a missing work approach, time, and organization, which are also common

stressors in professional software development. Chow et al. [10] present a field evaluation of a

digital intervention designed to support knowledge workers in managing stress and improving

productivity. The authors conducted a 4-week exploratory study with 24 graduate students as

participants. The study introduced Therapy-inspired intervention consisting of using the term "Time

Well Spent" instead of "Productivity," a mobile self-logging tool for tracking activities, feelings,

and thoughts at work, and a visualization tool to facilitate reflection on the collected data. The

findings of the study indicate that participants who used the Therapy-inspired intervention had

an increased consideration of their well-being, including the importance of taking breaks and the

impact of their emotions.

Motivated by the empirical evidence provided in these studies, in this paper, we also focus on

the identification of stress episodes, whose causes might inform the discussion, in retrospective

meetings, towards identifying corrective actions to be implemented in subsequent sprints.

2.4 Biometrics as a Proxy for Emotions and Stress
The link between emotions and biometrics has been investigated for a long time in affective

computing research. Specifically, changes in biometrics associated with the electrical activity of

the brain (EEG), the electrical activity of the skin (EDA), and heart-related metrics, such as blood

volume pressure (BVP), heart rate (HR), and its variability (HRV) have been successfully used for

emotion detection [46, 48, 81].

In recent years, software engineering researchers investigated emotion detection using light-

weight biometric sensors that can be comfortably worn while coding [29, 65, 86]. Recognition of

negative emotions received special attention [28], as these might be detrimental to developers’

well-being and productivity [36]. Fritz et al. [20] relied on a combination of EEG, BVP, and eye

tracker to assess difficulty in code comprehension and prevent developers from introducing bugs. In

a follow-up study, they employed the same sensor set to distinguish between positive and negative

emotions while programming [65]. Along the same line, Girardi et al. used biometrics to classify

developers’ emotions during a lab study [29] as well as at the workplace [28]. Some studies have

dedicated attention to specific tasks. It is the case, for example, of Vrzakova et al. [86], who used

eye gaze and EDA for classifying developers’ valence and arousal during code reviews.

Sensor-based identification of stress episodes was recently investigated by Westerink et al. [88].

They demonstrated that a correlation exists between peaks of cortisol, which is the hormone

associated with the experience of psychological stress, and peaks of skin conductance (EDA). In

particular, EDA was observed to anticipate the peaks of cortisol, thus suggesting that peaks in the

EDA signal can be successfully used for the early identification of stress episodes. Kocielnik et

al. [47] visualized EDA data in combination with a user’s calendar and tried to reveal the association

between stress and activities.

Furthermore, other studies have investigated the use of heart-related metrics to asses stress levels.

For instance, the AffectiveWall [91] system utilizes heart rate variability and the inter-bit interval

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: July 2024.



8 Daniela Grassi, Filippo Lanubile, Nicole Novielli, Luigi Quaranta, and Alexander Serebrenik

to visualize stress in real-time, facilitating self-awareness and stress management within groups

during work. Also, Yu et al. [92] used heart rate variability to generate a tree-like image representing

an individual’s stress levels and overall health state. Participants found the visualization easy to

understand, motivating, and helpful for self-reflection on stress levels.

In our study, we consider EDA and heart rate, which can be collected using low-cost, non-

invasive sensors [25, 28, 65, 86] that can be comfortably used by developers during programming

tasks. This choice is in line with current research investigating the use of lightweight biometric

sensors for emotion recognition in software development [26, 65]. Specifically, we instructed the

study participants to focus on peaks in the biometrics associated with stress when visualizing

their emotions with EmoVizPhy before retrospective meetings. We provide further details in the

Methodology (see Section 3).

3 STUDY DESIGN
In this section, we describe the design of our empirical study and the methodology we adopted to

quantitatively and qualitatively analyze the data we collected. In line with the primary goal of this

study, we have designed an experimental protocol to enable a direct comparison of retrospective

meeting outcomes in a control condition with meetings performed under the experimental condition

involving emotion monitoring. We start by describing the groups of participants involved in the

research: undergraduate software engineering students and professional software developers (see

Section 3.1). To clearly explain the methodology adopted in this study, we first present the self-

monitoring tools adopted in the experimental condition in Section 3.2. Then, in Section 3.3 we

describe the full experimental protocol, including the study duration, its crossover design, the study

set-up, and the data collection approach. In Section 3.4 we explain the quantitative and qualitative

approach adopted for analysing the data. Finally, we conclude this section by illustrating how the

study design was refined through a pilot and report the details of the experimental protocol.

3.1 Participants
Software Engineering Students. For the first part of the study, we recruited ten Italian undergrad-

uate computer science students aged between 20 and 25 years; among them, seven identified as

male and three as female. At the time of the study, they all possessed limited to no professional

experience in agile development. Furthermore, the teams involved in the study were just created

for the capstone project, and their members had no previous experience in collaboration as a team.

As such, they can be seen as representative of novice developers working in a new team, with roles

and team dynamics still being defined.

The execution of this project was organized into three Scrum sprints—each lasting 2–3 weeks—

with the students assigned to teams of five members each. On average, students declared to invest

between 5 and 10 hours per week in the course, equivalent to 10-20 hours per sprint. No one

was familiar with the agile approach nor with Mad/Sad/Glad. The project task revolved around

collaboratively building a command-line game in Java. All team members were invited to contribute

to their prototype’s development by adopting well-established software engineering best practices,

tools, and workflows. For instance, the students used GitHub as a collaborative development

platform, leveraging its issue-tracking system and the GitHub flow as a development workflow.

At the beginning of the Software Engineering course, the experimenters explained the study

protocol to all course attendees and sought volunteers interested in joining the research; a web form

was used to collect contact details of the student volunteers. Among 80 volunteers, we selected only

those belonging to teams in which all team members were available to join the experiment—indeed,

we aimed to include full teams in the study. Specifically, three teams out of 39 were enrolled in the
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experiment, one of which only participated in the pilot study (see Section 3.5) and two in the actual

study (see Section 3.3). At study completion, all students were rewarded with a meal voucher.

Professional Software Developers. For the second part of the study, we recruited a team of four

professional software developers who work for a software consulting company in Italy. All team

members were Italian and aged between 25 and 35 years; three of them identified as male and

one as female. The team comprised two senior developers with a BSc in Computer Science and

6-8 years of experience, one junior developer with a high-school diploma and less than 2 years

of experience, and a mid-level developer with a high-school diploma and 2-4 years of experience.

After participating in the initial days of the experiment, the junior developer (aged between 18-25

years, identified as male) had to take leave for personal reasons. As a result, we were unable to

collect survey responses or to conduct an interview with them. Therefore, we will report only the

data from the three professional developers who completed the entire experiment. It is worth

noting that all teams in the company adopt an agile software development methodology.

3.2 Self-monitoring Tools
Here, we describe the self-monitoring tools employed in our study, involving three components:

biometric data collection, self-reporting of emotions, and visualization of both data sources.

Empatica E4. To collect biometric data, we used Empatica E4
2
(see Figure 1), a wristband equipped

with EDA and BVP sensors, where the latter is used to derive HR and HRV. EDA and BVP signals are

recorded with a sampling frequency of 4Hz and 64Hz, respectively. In this study, we plot the EDA

signal, as its peaks are reliable proxies for stress episodes [88], and the heart rate to complement

the visualization for better stress identification [91, 92].

Physiological signals obtainedwith wearable sensors may contain noise due to events unrelated to

the phenomenon being investigated, such as electrode contact loss or movement of the participants.

As a result, the raw signals recorded during the experimental sessions need to be cleaned to allow

for meaningful data interpretation with respect to the cognitive and emotional mental states of the

participant. To this aim, we use the tool by Taylor et al. [83] to identify and remove artifacts in

the EDA signal, i.e., peaks due to noise rather than genuine changes in skin conductance values.

We compute EDA peaks using the same tool, which implements a method capitalizing on the 1st

derivative of the signal curve. The choice to incorporate the identification of signal peaks is based

on the findings by Westerink et al. [88], who demonstrated that stressful events are associated with

EDA peaks.

For what concerns the HR signal, we do not apply any filtering technique as the data are not

obtained from a real-time reading, but derived from the BVP signal through Empatica’s algorithms.
3

Fig. 1. The Empatica E4 wristband2

2
Image from https://www.empatica.com/en-eu/research/e4/

3
https://support.empatica.com/hc/en-us/articles/360029469772-E4-data-HR-csv-explanation
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Self-report of Emotions. To enable the self-reporting of emotions, we replicate the experience

sampling approach [54] adopted in previous studies to collect participants’ emotions and activi-

ties during the execution of programming tasks [28, 29, 65]. Specifically, we leverage the popup

application developed by Girardi et al. [29], which the authors made publicly available.
4

The configuration of the popup application for the self-report aligns with the experimental

protocol adopted by Girardi et al. in their field study on developers’ self-reported emotions and

perceived productivity in the workplace [28]. In particular, the popup questionnaire relies on the

Self-Assessment Manikin (SAM) technique to prompt the subjects for emotion self-reporting [5],

employing a 5-point pictorial scale to request a score for each emotional dimension, i.e., valence,

arousal, and dominance (see Figure 2). Besides, the popup prompts the subjects to report their

current activity by selecting an item from a drop-down list. Based on previous work [28, 62], we

included the following items in the list: coding, bug fixing, testing, design, meeting, email, helping,

networking, learning, administrative task, documentation, just arrived, other. Additionally, the popup

includes a free-text notes field where participants can optionally write down notes to explain the

self-reported emotions and to elaborate further on their causes. A notification, asking to fill out the

self-report form, is presented periodically to the subjects. The timing of these notifications can be

adjusted: By default, the popup appears on the participant’s monitor once every 30 minutes, and

we used this interval in the experiment with the students. However, developers explicitly requested

to limit interruptions as much as possible, so we set the interval to 60 minutes in their case. Each

time, the subject can decide whether to answer immediately or postpone the notification in a range

between 5 and 120 minutes. An option to fully discard the popup notification is also provided, in

which case it is up to the subject to decide when to resume the popup dialog.

In total, participants contributed 249 pop-up entries during the study (117 for students and

132 for practitioners), of which 80 also contained notes (50 for students and 30 for practitioners)

explaining the cause for the self-reported emotion. On average, during the whole study, students

answered 12 popups and 8 notes each, while practitioners contributed 33 popups and 8 notes

each. The participants individually accessed the self-report information through EmoVizPhy, before

retrospective meetings, to recall relevant episodes. Among the students, the number of days without

any recorded popup responses ranged from 0 to 6. For practitioners, only two participants had a

single day each without submitting any responses.

Emotion Visualization. To enable the visualization of the collected data during agile retrospective

meetings, we extended EmoVizPhy, an open-source prototype developed in our previous work [32].

EmoVizPhy is designed to support emotion awareness in the workplace through the visualization of

self-reported emotions and biometrics recorded during software development activities. Concerning

biometric signals, the original interface by Grassi et al. [32] could only plot data related to EDA. To

provide a richer visualization, we extended the tool by incorporating the HR signal (see Figure 3).

While adding more signals could potentially increase the cognitive load on users, prior research has

shown that the visualization of heart-related metrics can provide valuable insights into affective

states such as stress [91, 93].

Note that the plot of both signals might not necessarily align. Although both EDA and HR signals

are modulated by the autonomic nervous system, they respond to different stimuli and operate

on distinct timescales [24]. Figure 3 shows an example of the interface of EmoVizPhy. The top

panel displays the EDA signal over time. Vertical lines mark EDA peaks, corresponding to moments

that may signify stress, in line with evidence provided by previous work [88]. The bottom panel

presents the HR signal, measured in beats per minute. Changes in HR can be mediated by both

the sympathetic and parasympathetic nervous system [30] and may indicate emotional responses

4
https://github.com/collab-uniba/ExperienceSampling
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Fig. 2. Self-report popup interface. It includes a drop-down list for activity selection based on predefined
categories, valence, arousal, dominance ratings, self-perceived productivity scale and a free-text notes field

[7]. In particular increase in HR are observed during the stress exposure [50, 73]. In both plots,

hovering over a specific point in the timeline reveals a detailed tooltip with contextual information,

such as the participant’s activity, self-reported valence and arousal levels, dominance, perceived

productivity, and notes.

Moreover, to aid the navigation of biometrics and self-reports collected over two-week periods,

we made the plots interactive, enabling actions like resizing and panning. Also, we added buttons

for saving images, zooming, and toggling the display of additional data-point information on mouse

hover.

3.3 Experimental Protocol
Study Duration. All teams participated in the study for two agile iterations, which were two

weeks long. As for the student teams (Teams A and B, hereinafter) operating in the scope of

the Software Engineering Course, we employed a crossover design (see Figure 4). In Sprint 1,

Team A was assigned as the experimental group, meaning that its members wear the Empatica E4

wristband and utilize the pop-up application, while Team B functions as the control group, in which

information about emotions and biofeedback is not collected. In Sprint 2, the roles are reversed,

with Team A serving as the control group and Team B as the experimental group. The teams are

required to follow the Scrum methodology, including the organization of a retrospective meeting

at the end of each iteration. Before starting the study, the experimenter conducted two separate

meetings with the two student teams participating in the study. These meetings did not involve the

use of EmoVizPhy. The purpose of these meetings was to help participants familiarize themselves

with the retrospective meetings and, in particular, with the Mad/Sad/Glad model.

As for the professional developers, the team was already having retrospective meetings at the

end of each development iteration, which was one-week long. Overall, the team participated in

the study for two weeks, both in the experimental setting. Differently from what was done for the
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Fig. 3. EmoVizPhy Interface: the top panel shows the EDA signal over time, with vertical lines highlighting
peaks. The bottom panel presents the HR signal. Tooltips provide contextual information, including self-
reported valence, arousal, dominance, perceived productivity, and notes. In the example shown, the participant
contributed a note explaing that a merge conflict was just resolved and reported high emotional valence
and arousal. Indeed, earlier peaks in the EDA signal may indicate moments of stress while the participant
was actively working through the merge conflict. Conversely, the EDA plot associated with the self-report
appears flat and no evidence of peaks is observed, which suggests the self-report was made in a less stressful
condition.

student teams, the control condition here is the usual protocol adopted by the team for running

their retrospective meeting, which does not involve the use of EmoVizPhy.

Study set-up. The same experimental set-up was employed with both students and professional

developers. The day before the experiment, the experimenter met with the participants. During

this preliminary meeting, the participants signed the informed consent forms,
5
acknowledging the

purpose, procedures, and data handling processes of the study. Then, the experimenter demonstrated

how to properly wear the wristband, install the popup application, use the E4 Manager software to

download raw biometric data from Empatica E4 and share this data with the research team via a

private OneDrive channel.

Data collection. Participants wear the Empatica E4 wristband and use the popup application

while performing their work activities. In particular, the students were asked to do so while

working on their capstone project and pause the monitoring while performing other activities (e.g.,

attending classes). Professional developers, on the other hand, were asked to wear Empatica E4 and

periodically answer the questionnaire in the popup during the entire working day, as they were

involved in a single project full-time. In both settings, participants can postpone answering the

popup if they do not want to be interrupted. To further reduce the intrusiveness of the popup, we

allow participants to dismiss it for the entire day. On the other hand, participants are enabled to

invoke the popup manually, for instance when they experience strong emotions that they believe

5
Ethical review board: ERB2023MCS31, Eindhoven University of Technology, The Netherlands
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Fig. 4. Experimental protocol for the data collection during the sprints.

are important to report. At the end of each working session, they turn off the device and share data

with the experimenter who reviews them to check for consistency and completeness.

Fig. 5. Five-stage empirical study process transitioning from individual activities to collaborative retrospective
meeting.

Retrospective Meeting. At the end of each sprint, a retrospective meeting is held in both the

experimental and control conditions. Before the experimental retrospective meetings, the exper-

imenter individually presents the EmoVizPhy visualizations to each participant, allowing them

to explore the data sessions and, if desired, take notes on events and patterns to share with the

other team members. Figure 5 shows a five-stage process for conducting our empirical study for

both students’ and professionals’ teams operating in the experimental condition. The process

starts with participants reviewing individually (for up to 15 minutes) the emotional data using

EmoVizPhy. This individual activity is performed before entering the meeting to gain insights and

recall episodes that could potentially inform card-writing during the meeting. After this individual

phase, a regular retrospective meeting starts with the entire team (see Figure 6), following the
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Fig. 6. Student participants during a retrospective meeting. Different colors of cards are used to distinguish
between mad, sad, and glad, i.e. pink, yellow, and blue, respectively.

traditional steps described in Section 2. In the control condition, the retrospective meeting was

conducted without the use of EmoVizPhy. In both conditions, we documented the cards contributed

by meeting participants, which reflected their perspectives on the sprint, as well as the corrective

actions collaboratively identified and defined by the team to enhance quality and efficiency in

subsequent sprints.

Interview and Focus Group. To thoroughly understand the perceived usefulness of EmoVizPhy,

we conducted individual, semi-structured interviews with all the study participants and three

focus group at the end of the experiment. Focus groups allowed us to observe how participants

discussed and reflected on their experiences collectively [1], which was especially relevant given

that retrospectives are typically group activities. At the same time, individual interviews helped

us explore more personal views in greater detail, including aspects that might not emerge in a

group setting [89]. Using both methods enabled us to capture a broader range of perspectives—both

shared and individual. Similar mixed-method designs have been used in related work, such as

by Wang et al. [87], who applied interviews and focus groups in the evaluation of Adaptive User

Interfaces in mobile health contexts.

Six of our interview questions required participants to provide answers on a 4-point ordinal scale

and to elaborate on their responses. All interview questions are reported in Appendix A, which
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presents the interview guide. The experimenter conducted all interviews immediately following

each experimental retrospective meeting, with each session lasting between 15 and 30 minutes.

Additionally, at the end of the study, we carried out three focus groups: two with the two teams

of students and one with the team of professional developers (see Appendix B for the focus group

guide). The focus groups were conducted by the experimenter and lasted between 30 and 45 minutes.

Both during the interviews and the focus groups, the experimenter took notes and made an audio

recording of each session. Afterward, we transcribed the audio recordings and coded the transcripts.

3.4 Analysis
Analysis of cards and corrective actions. As part of our analysis, we examined the cards and corrective

actions collected during the retrospective meetings. First, we compared the number of cards written

and corrective actions proposed by team members across both the control and experimental

conditions. Subsequently, we conducted a qualitative analysis of the corrective actions identified

by each team. In particular, we applied a closed qualitative coding approach, categorizing each

corrective action as relating to either “process”, “people & relationships”, or “tools”, following the

definitions provided by Dingsøyr et al. [14]. It is noteworthy that the coding scheme of Dingsøyr

et al. includes two additional codes—i.e., “projects” and “other teams”—designed specifically for

large-scale agile development contexts. These categories were not applicable in our study, as our

focus was exclusively on small agile teams.

Three authors independently assigned codes to each of the 39 corrective action documented

from the retrospective meetings. To assess inter-annotator agreement, we calculated Fleiss’ kappa,

obtaining a value of 0.85, which indicates almost perfect agreement according to the classification of

Landis and Koch [53]. The three coders then convened to discuss and resolve the few disagreements,

reconciling five discrepancies among the 39 actions.

Qualitative analysis of the participants’ feedback. Another essential component of our analysis

is the qualitative examination of the interview and focus group transcripts, which we conducted

using thematic analysis [6]. As a first step, the first author gained familiarity with the collected

material by carefully reading the transcripts and actively seeking meanings and patterns in the

text. Next, she extracted 167 excerpts from the transcripts based on their relevance to our research

question. Sentences reporting irrelevant contextual information (e.g., details about the Software

Engineering course) as well as passages concerning personal subject information or anecdotes

were ignored—e.g.: “In general, I liked this experience because I understood things that I otherwise

would not have known... for example, what is a PhD; and I could see what it means to do research and

work in this field” (S3).

Afterward, the first author carried out a round of open coding, freely assigning a code to each

excerpt. All codes were noted down into a codebook, along with their definitions. This initial open

coding process resulted in 20 codes.

Later, the codebook was discussed and refined by the whole research team during a plenary

meeting. Subsequently, the first and the third authors engaged in a round of focused coding, in

which they independently tried to assign the codes from the refined codebook to the 167 transcript

excerpts. Whenever they could not identify a suitable code from the codebook to classify an excerpt,

they would use the extra code ‘OTHER’; similarly, if they felt an excerpt had been included by

mistake, e.g., because it was not actually relevant to the study research goal, they would use the

extra code ‘DISCARD.’ To assess the inter-coder agreement in this first round of focused coding, we

calculated Cohen’s 𝜅 and obtained a value of 0.76 (representing a ‘substantial’ agreement, according

to the classification of Landis and Koch [53]). Despite this, 30% of the excerpts (57 in total) were

assigned different codes by the two coders. These discrepancies were subsequently resolved in
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a new meeting involving the whole research team. Also, the team discussed whether to actually

discard the excerpts marked with the ‘DISCARD’ extra-code by at least one coder as well as which

code to assign to the excerpts marked with ‘OTHER’. As a result, the codebook was further refined

and a couple more codes were introduced, resulting in a total of 22 codes.

To account for these changes in the codebook, the two coders engaged in a second round of

focused coding, leveraging the updated list of codes and definitions. This time we computed a

Cohen’s 𝜅 of 0.94 (representing an “almost perfect” agreement according to the classification of

Landis and Koch), and a disagreement of 5% (9 excerpts). Moreover, none of the coders felt the need

to resort to the ‘OTHER’ or ‘DISCARD’ extra codes this time, thus increasing our confidence in the

completeness of the last codebook revision, which includes 25 codes.

The two authors involved in the coding activity discussed about how to best organize the

identified codes into themes and wrote a tentative list of themes and related definitions. Then, the

final version of the codebook and the resulting themes were thoroughly reviewed by the whole

research group to ensure consistency and soundness. Ultimately, the qualitative analysis resulted

in the definition of the taxonomy described in Section 4.

3.5 Pilot Study
To consolidate our study design, we conducted a pilot study involving a team of five students from

the Software Engineering course, separate from those involved as the actual study. The pilot was

executed while these students were dealing with the first of the three agile iterations planned for

their capstone project. The students were asked to wear the Empatica E4 wristband and to utilize

the popup self-report application while carrying out their project activities.

The purpose of the pilot was to evaluate and identify any potential issues with the experimental

procedures or equipment. At the end of the sprint, a retrospective meeting was conducted following

the Mad/Sad/Glad template [13].

During the meeting, the experimenter played the role of the scrum master, facilitating the

discussion. She started by introducing the EmoVizPhy tool and encouraging the participants to

explore it. Afterward, she solicited the participants to write personal cards reflecting on their

experiences during the sprint. Subsequently, the experimenter read aloud the cards and proposed

thematic clusters for cards addressing similar issues. Following the conclusion of the retrospective

meeting, the experimenter conducted individual follow-up interviews with the students. The pilot

participants confirmed that reporting emotions through the popup tool was not annoying and

that the Empatica wristband was comfortable to wear. In addition, they recommended sharing the

EmoVizPhy installation files and instructions on the day before the actual retrospective meeting,

allowing time for the installation of the tool.

4 RESULTS
Here, we present the results of our quantitative and qualitative analyses. In Section 4.1, we report

on the quantitative assessment of the retrospective meetings in our study, focusing on the number

of cards contributed and corrective actions proposed. To provide deeper insight into the influence

of self-monitoring, we then conduct a qualitative coding of the proposed corrective actions, as these

represent the most significant and tangible outcomes of retrospectives. In Section 4.2, we report

the results of our qualitative analysis of the interview and focus group transcripts. This analysis

provides a nuanced perspective on whether, and how, emotion self-monitoring via EmoVizPhy

could enhance agile retrospective meetings. To address potential concerns related to tool usability,

in our interviews and focus groups, we also gathered feedback regarding the user experience

(UX), specifically regarding the Empatica E4 wristband, the self-report application, and EmoVizPhy.

Participants’ UX feedback is outlined in Section 4.3. Finally, in Section 4.4, we comment on the
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Team

Control Sprint Experimental Sprint(s)

Cards Actions Cards Actions

Student Team A 21 5 21 9

Student Team B 17 6 20 7

Professional Developers 9 3

18 3

13 5

Table 1. Comparison of the number of cards written and the corrective actions proposed during retrospective
meetings in both control and experimental sprints by the teams of students and professional developers.
Note: The professional developers conducted two experimental sprints.

survey responses provided by the study participants to the ordinal-scale items in our interview

guide.

4.1 Analysis of Meeting Outcomes
During retrospective meetings, team members reflect on the completed sprint by recording their

observations on cards and engaging in collective discussion. Subsequently, the team collaborates to

identify and define specific corrective actions to implement in future sprints. Given that the primary

objective of a retrospective is to plan strategies for improving quality and effectiveness [78], the

most immediate and tangible outcome of the meeting is the set of agreed-upon corrective actions.

In particular, team members produce a set of Continue items—practices or behaviors that proved

effective during the sprint and should be maintained in future iterations. Alongside these, they

identify Stop actions, which are ineffective practices that should be eliminated, and Start actions,

which are new strategies or improvements to be introduced in upcoming sprints.

Students
People/Relationships Process Tools

Control sprint 5 7 0

Experimental sprint 9 4 3

Professional developers
People/Relationships Process Tools

Control sprint 1 2 0

Experimental sprint 1 0 2 1

Experimental sprint 2 0 5 0

Table 2. Distribution of proposed corrective actions by code for students and professional developers, as
identified through qualitative closed coding.

The number and quality of these actions can serve as strong indicators of meeting success.

Consequently, these indicators provide a basis to objectively evaluate our research question con-

cerning whether the self-monitoring of emotions enhances agile retrospective meetings. Below, we

compare the number of cards written and corrective actions proposed by team members under both

control and experimental conditions (see Table 1). Next, we present the findings of our qualitative
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analysis of the corrective actions defined by each team. The results are reported separately for

student teams and professional developer teams (see Table 2).

Students. Students in TeamAwrote an equal number of cards in both the control and experimental

sprints, but nearly doubled their proposed corrective actions, increasing from five to nine. Students

in Team B contributed three additional cards in the experimental sprint (rising from 17 to 20) and

proposed one more corrective action (increasing from six to seven).

Examining the distribution of corrective actions for both student teams, besides a total increase of

five actions (from 11 to 16), we observed notable shifts across coding categories. In particular, actions

categorized under “people & relationships” increased by four, from five to nine. During the control

sprints, proposed actions were primarily focused on cultivating a positive and empathetic work

environment (e.g., Continue: ‘Keep a positive environment‘, Stop: ‘Do not make team members feel

obligated to complete a specific task by a set deadline.’) as well as enhancing the team’s commitment to

high-quality work (e.g., Stop: ‘Doing superficial work’). In the experimental sprints, additional actions

were defined to further promote a cohesive and empathetic team dynamic (e.g., Continue: ‘Work

as a team’, Start: ‘Take the time to listen when others share their problems’, and Continue: ‘Altruism

within the group’).

Conversely, actions related to “process” decreased from seven to four. In the control sprints, these

actions primarily addressed project management improvements (e.g., Start: ‘Effectively manage

task dependencies to ensure that no team member is ever blocked.’) and maintaining team alignment

(e.g., Stop: ‘Routinely postponing meetings‘ ). In the experimental sprints, proposed actions still

concerned project management (e.g., Stop: ‘Avoid overloading team members with tasks’), but also

the quality and timeliness of code reviews (e.g., Stop: ‘Stop making checks at the last minute.’).

Furthermore, although no actions were assigned the “tool” code in the control settings, three

tool-related actions emerged during the experimental settings, primarily highlighting the need to

learn new tool or programming language features.

Professional developers. The number of cards written by professional developers increased no-

ticeably, from nine in the control sprint to an average of 15.5 across the two experimental sprints.

Conversely, the number of corrective actions showed a modest increase, from three in the control

sprint to an average of four in the experimental sprints.

A closer examination of corrective action categories reveals further insights. Notably, no correc-

tive actions in the experimental sprints were categorized under “people & relationships”, a slight

decrease from the single action observed in this category during the control sprint (Start: ‘Ask

for support (delegate) if we’re short on time.’). The number of “process”-related corrective actions,

which stood at two in the control sprint, remained unchanged in the first experimental sprint

and then increased to five in the second experimental sprint. Specifically, in the control sprint,

these actions focused on encouraging team members to communicate their availability upon tasks

completion and on preventing the initiation of new projects while requirements analysis remained

at a high level of abstraction. In contrast, in the experimental sprints, corrective actions primarily

targeted improvements in preparing for customer demos (e.g., Start: ‘Prepare demos well in advance’,

Stop: ‘Performing code merges immediately before critical moments’, Start: ‘Attempting a production

build after any architectural change in the project’). Additional resolutions included limiting the

number of files in pull requests and continuing to prompt clients on blocking issues.

Finally, a single corrective action in the second experimental sprint was categorized as “tool”-

related, addressing the maximum resolution permitted for mockups in the project.
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In summary: For students, self-monitoring emotions during retrospectives was associated

with an increased focus on team relationships and empathy, with "people & relationships"

corrective actions rising from five to nine while process-focused actions decreased. For

professional developers, we observed that self-monitoring emotions was associated with

more detailed reflection (nearly doubling their written cards) but with less emphasis on

interpersonal relationships, as they shifted their corrective actions away from "people &

relationships" toward process improvements, particularly around customer demos and code

management.

4.2 Qualitative analysis of the interview and focus group transcripts
In Table 3, we present the taxonomy of themes and codes identified through qualitative analysis,

along with the lists of participants—students (S) and professional developers (P)—who provided

excerpts associated with each code. Where relevant, we established sub-codes to differentiate

between positive and negative feedback regarding the concepts underlying each code. Three themes

emerged from clustering the codes: Developer’s attitude, Emotion representation, and Perceived

usefulness for retrospective meetings.

Themes Codes S P

Developer’s attitude

Willingness

to share emotions

positive feedback S1, S2, S3, S4, S7, S9 P1, P2, P3

negative feedback S5, S6, S8, S10 -

Privacy no concerns S1, S2, S3, S4, S5, S7, S8, S9, S10 P2

concerns - -

Emotion

representation

Interpretability of biometrics

positive feedback S2, S3, S4, S5, S8 -

negative feedback S1, S3, S6, S7, S10 P3

Peak-event association

feasible S2, S3, S5, S6, S7, S8, S9, S10 P1, P3

challenging S6 P1, P2

Importance of notes S2, S3 P3

Perceived usefulness

for retrospective

meetings

Focus and productivity boost S1, S10 -

Improved card writing

positive feedback S4, S5, S6 P3

negative feedback S2, S4 P1, P2

Improved actions proposal

positive feedback S4, S5

negative feedback S2 P3

Improved emotional awareness

positive feedback S1, S3, S4, S5, S7, S9, S10 P3

negative feedback S4, S6, S7 -

Promising use cases - P1, P2, P3

Desire to keep monitoring emotions S1, S3, S4, S5, S6, S7, S8, S9, S10 -

Table 3. Taxonomy of the themes and codes from the qualitative analysis of interview and focus group
transcripts. For each code, the table lists the participants who shared related excerpts, divided into two
groups: students (S) and professional developers (P).

Developer’s attitude. This theme captures the participants’ attitudes toward using EmoVizPhy

and the overall process of emotion self-monitoring. It includes the codes Willingness to share

emotions and Privacy. Most participants manifested a positive outlook.

In particular, nine subjects (six students and all three professional developers) expressed their

Willingness to share emotions with colleagues during retrospective meetings; one of the students

explicitly stressed the importance of honesty in a team: "During the retrospective meeting, I wanted

to be honest. I believe that honesty is a fundamental quality in a team. I hope that others have also been

sincere" (S7). This finding is in line with previous work [15] showing that developers are willing to

share emotions with their colleagues and that this information can be used to inform the discussion

during retrospective meetings.
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Conversely, four students reported withholding their emotions during retrospective meetings.

Two of them refrained from expressing negative emotions as they felt these emotions were no

longer important after resolving the underlying practical issues. Similarly, one student chose not

to share brief episodes of anger, recognizing them as fleeting and insignificant. Another student

decided against revealing negative emotions to avoid criticizing his colleagues and to protect the

team’s cohesion.

As for Privacy issues potentially associated with the use of biometrics and the collection of

emotion-related data, these did not emerge as critical among the study participants. Those who

explicitly mentioned Privacy (nine students and one professional developer) felt quite at ease with

the subject and did not report any related concerns (see Table 3).

In summary: most participants showed willingness to share emotions with colleagues dur-

ing retrospective meetings, emphasizing the value of honesty in team dynamics. However,

four students reported selective emotional disclosure, particularly withholding negative

emotions when they felt the underlying issues were resolved or to maintain team harmony.

No participants expressed significant privacy concerns about the collection of biometric

and emotional data in this study.

Emotion representation. This theme addresses the participants’ perceptions of how their

emotions were represented through the visualization of biometric signals and the self-reported

data. It includes the codes: Interpretability of biometrics, Peak-event association, and Importance of

notes.

The code Interpretability of biometrics captures participants’ views on the ease of interpretation of

the biometric signals as visualized in EmoVizPhy. Five students found the visualizations user-friendly

and easy to interpret. In contrast, six participants—including five students and one professional

developer—reported challenges in understanding the visualizations. These difficulties were mainly

due to the lack of familiarity with the biometric signals. The professional developer stated: “The

visualization tool is nice, but you have to know how to read the biometric signal to fully understand and

interpret it” (P3). In light of this, other participants recommended including a legend or providing

guidelines to help with signal interpretation. This is in line with previous work showing that the

interpretation of biometric signals can be challenging for individuals lacking expertise or experience

in biometrics [42].

The code Peak-event association refers to the subjects’ ability to recall the cause of an emotion by

associating the peaks in the EDA signal to specific experiences or activities. We remind the reader

that—in line with the outcome of previous empirical research [88]—we use the EDA signal peaks as a

proxy for stressful events. Ten participants (eight students and two professional developers) deemed

the task feasible and reported successfully linking the EDA signal peaks with their likely triggering

events. For instance, one student stated: “There was one particular session I remembered because

we had a lot of problems. We couldn’t resolve some issues highlighted by SpotBugs and Checkstyle,

so I texted a colleague to ask for his help. Seeing all those peaks reminded me of that specific episode.

Indeed, I even went back to check the dates of my messages, and they were sent exactly at the time we

were facing those errors and the EDA peaks were recorded ” (S5). Conversely, three participants (one

student and two professional developers) considered the peak-event association task challenging.

They all noted a discrepancy between the peaks in the biometric signals and their actual emotional

experiences; interestingly, one student and one professional developer provided mixed feedback

on this topic. The latter found the process challenging, as they were unable to explain some of

the spikes in the EDA signal: “it seemed like some things matched and others didn’t. For instance,
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there were moments when it seemed I was more agitated, but in reality, I know I wasn’t.” (P1). Despite

these challenges, they still managed to identify some associations: “I remember before a meeting... I

was quite nervous... and at that time there was a spike [in the plot].” (P1) Similarly, the student also

faced difficulties with the peak-event association task: “I saw the stress peaks, but since I couldn’t

remember what I was doing at that time, I wasn’t able to link them to specific activities or reasons.”

(S6). Nonetheless, they could still identify associations between certain peaks and specific events:

“For instance, when we all gathered together in the afternoon on the 16th, we all noticed spikes with

similar timings [in our plots]. We noticed the peaks of anxiety and tension...” (S6).

The code Importance of notes conveys the opinion of three participants (two students and one

professional developer) who emphasized the need to complement biometric signal visualizations

with self-reported notes. When present, these notes helped them recall the causes of their emotional

states. For example, P3 reported: “Overall, the notes are an important way of complementing the

plots. Plots alone might not give you enough information unless you are able to access also the activity

performed at a specific moment in time. Being able to read own self-reported notes is useful in this

sense, as it helps you recall episodes that are worth mentioning in the retrospective meeting.”

In summary: participants had mixed experiences with biometric signal interpretation,

highlighting the need for better visualization guidelines. Most of them successfully associ-

ated EDA peaks with triggering events, though some noted discrepancies between signals

and emotional experiences. Self-reported notes proved useful for complementing biometric

data, enabling better recall of emotional episodes during retrospective meetings.

Perceived usefulness for retrospective meetings. This theme encapsulates participants’ views

on the usefulness of the proposed self-monitoring tools in improving the effectiveness of retrospec-

tive meetings. It encompasses codes that detail specific benefits of the proposed tools as reported

by the study participants (i.e., Focus and productivity boost, Improved card writing, Improved actions

proposal, and Improved emotional awareness) as well as a code outlining further Promising use cases

of EmoVizPhy and one expressing participants’ Desire to keep monitoring emotions in the future.

The crossover design of our study, in which all participants experienced both the control and

experimental conditions, played a crucial role in enabling them to make informed comparisons

between traditional retrospective meetings and those augmented with the proposed self-monitoring

tools. Indeed, most of the excerpts supporting the codes within this theme stem from participants’

comparative observations enabled by this design.

Two students reported improved Focus and productivity boost as side effects of participating in

the study and using the self-monitoring tools. In particular, they highlighted the positive impact of

wearing Empatica E4 on their perceived productivity. For instance, S1 stated: “I felt more productive

while wearing the sensor, it motivated me to work harder” (S1). The same student also reported that:

“Answering to the popup questions let me reflect on how I was feeling in that moment. It helped me

organize my thoughts.” (S1). This evidence aligns with findings of recent work by Mayer et al.[63],

which demonstrate that self-reflection can enhance developers’ awareness of goal achievement and

productive habits by enabling them to evaluate progress and refine goals as needed.

The code Improved card writing captures participants’ views on the ability of EmoVizPhy to

enhance the card writing activity during retrospective meetings. Four participants —including three

students and one professional developer—provided positive feedback in this regard. Specifically,

they emphasized that the visualization of emotional data facilitated their reflective process during

retrospective meetings; also, they reported that EmoVizPhy helped them recall specific experiences

or emotions, leading to more meaningful post-it notes. The professional developer stated: “The
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visualization of peaks helped me identify problems to be discussed during the retrospective meetings.

For example, it helped me realize that I should avoid doing a merge before a demo. Overall, the data

visualization was useful.” (P3). Conversely, four participants (two students and two professional

developers) provided negative feedback on this topic, reporting episodes in which the visualization

of emotional data failed to enhance the reflective process during retrospective meetings. One reason

for this was the lack of notes written during the sprint that could have helped them recall relevant

episodes associated with EDA peaks; a professional developer mentioned: “Maybe, if I had paid

more attention to writing notes in the self-reports, I could have better linked the moments when I was

more agitated with the peaks in the visualization and written more post-it notes accordingly” (P1).

Another reason reported by professional developers was the short, one-week duration of the sprint.

In such a brief time frame, they felt they could have recalled all the relevant emotional episodes

anyway, even without the help of the tool.

The code Improved actions proposal addresses participants’ views on the usefulness of EmoVizPhy

in suggesting process improvement actions during retrospective meetings. Two students offered

positive feedback on this topic. For instance, S5 recalled: “Yes, thanks to the tool we identified a

‘stop’ point: we had to stop causing anxiety to each other.” (S5) Conversely, one student and one

professional developer reported that EmoVizPhy did not aid in defining process improvement

actions.

The code Improved emotional awareness reflects participants’ assessments of whether visualizing

emotional data through EmoVizPhy helped them gain new insights about themselves and improve

their emotional awareness, particularly concerning emotions experienced during the sprint. Eight

participants (seven students and one professional developer) reported positive feedback on this

subject. For instance, one of the students shared: “I’ve noticed that, at the beginning of the day, the

values of EDA are low, which is quite normal; but then they increase above the average after about half

an hour. So the more work, the more stressed I become...” (S5). In contrast, three student participants

felt that EmoVizPhy could not improve their emotional awareness, as exemplified by this comment:

“While the visualization tool was interesting to look at, it didn’t provide any significant insight about

my emotional patterns” (S10).

All the three professional developers participating in the focus group recommended Promising

use cases for EmoVizPhy. In particular, they envisioned using the tool to support the onboarding

of new team members—especially those unfamiliar with agile practices. As put by P3 during the

focus group: “I think it could be useful for onboarding developers because it could help new members

understand the agile dynamics.” Furthermore, they encouraged replicating the self-monitoring

protocol in projects with longer sprints, as people tend to forget their emotional experiences more

easily over time; in the words of P3: “For longer sprints – even of two weeks – it can be more helpful

because it might aid in remembering more things occurred over the weeks.” (P3).

Finally, the code Desire to keep monitoring emotions reflects the inclination of nearly all the

students, except S2, to continue emotional self-monitoring as a means to foster personal growth and

enhance team dynamics. For example, one of them stated: “Yes, I would use this tool in other meetings

because it’s been very interesting understanding mood and emotions of others while working” (S7).
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In summary: while only a couple of students reported increased focus and productiv-

ity as an unexpected benefit, the tool’s impact on card writing and actions proposal was

split evenly between positive and negative feedback. Most participants reported improved

emotional awareness through the visualization tool, though three found it ineffective. Pro-

fessional developers suggested promising use cases, particularly for onboarding new team

members and in projects with longer sprints where emotional recall becomes challenging.

Nearly all students expressed interest in continuing emotion self-monitoring.

4.3 Instrumentation UX

Codes S P

UX of the Wristband

positive feedback S1, S2, S3, S4, S5, S6, S7, S8, S9, S10 -

negative feedback - P2, P3

UX of the Self-reporting Tool

positive feedback S1, S4, S6, S8, S9 P2

negative feedback S1, S2, S3, S4, S6, S10 P1, P2, P3

UX of EmoVizPhy

positive feedback S2, S3, S5, S6, S7, S10 -

negative feedback S2, S6, S8, S10 P3

Recommendations for improvement S1, S2, S3, S4, S6, S8, S9 P2

Table 4. Taxonomy for the theme Instrumentation UX. The codes are the result of the qualitative analysis
of the interview and focus group transcripts. For each code, the table lists the participants who shared related
excerpts, divided into two groups: students (S) and professional developers (P).

In addition to the themes directly addressing our research question, our thematic analysis revealed

an emergent theme concerning the user experience (UX) of the instrumentation employed in this

study. In Table 4, we report the three codes encompassed by this theme: UX of the Wristband, UX of

the Self-reporting Tool, and UX of EmoVizPhy. Also in this case, we defined sub-codes to distinguish

between positive and negative feedback.

The code UX of theWristband refers to the participants’ experience with Empatica E4. All students

expressed positive feedback about the wristband, which they found pleasant to wear and easy to

use, as exemplified by this comment: “I found the wristband quite comfortable to wear and I didn’t

have any problems with it” (S1). Conversely, a couple of professional developers reported negative

feedback for two main reasons. First, they found it inconvenient having to remove their personal

smartwatches to wear Empatica E4. For instance, one of them stated: “Sometimes it bothered me,

mainly because I would forget about it. I usually wear a watch on my left wrist, so having to swap it

for another device didn’t come naturally to me” (P3). Second, they perceived the contact with the

plastic material of the wristband as uncomfortable, especially in hot weather. In the words of P1:

“Actually, sometimes it did [bother me], especially when it got very hot. The plastic material made it

uncomfortable to wear [...]” (P1).

The UX of the self-reporting tool received mixed feedback, with negative comments outnumbering

positive ones: six students and all three professionals expressed criticism, while five students and

one professional developer offered favorable comments. Interestingly, four participants (S4, S6, S1,

and P2) shared both positive and negative thoughts.

In particular, participants praised the journaling aspect of the popup application as it prompted

them to regularly reflect on their emotions. Also, one of the practitioners benefited from it as an ac-

tivity tracking system: “Actually [the self-reporting tool] was useful to keep track of my activities” (P1).

However, several participants raised concerns about the frequency of the popup appearances. These
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were found especially annoying as they repeatedly interrupted work activities. For instance, one

of the professional developers remarked: “The popup application was quite annoying for me as it

appeared too often. When I was focused on my workflow, doing various tasks, the popup was very

distracting. So this popup feature could end up being counterproductive” (P3).

On the other hand, the UX of EmoVizPhy elicited a relatively balanced mix of positive and negative

feedback. Six students reported positive experiences, while four students and one professional

developer noted negative aspects, with three students providing both positive and negative feedback.

Participants acknowledged clear presentation of data trends over time and being able to learn

interesting insights into their emotional state. However, participants also reported challenges,

particularly in interpreting the biometric signals —as already discussed in Section 4.2. For example,

one participant stated: “The visualization tool worked effectively and was easy to understand. However,

I didn’t know how to interpret the biometric signals, and I think it would be helpful to have highlighted

the most relevant peak in a session” (S3).

Finally, the code Recommendations for improvement encompasses the various suggestions we

received from the study participants—seven students and one professional developer—aimed at

enhancing different aspects of our experimental setup. Key recommendations revolved around

providing more contextualized insights, such as reporting aggregated emotional data in correlation

with specific causes or activities (e.g., meetings). One of the students articulated: “I would like to see

a summary of the biometric data, such as the average heart rate and EDA, along with a summary

of the emotions I experienced during the sprint. For example, I’d like to see that, over ten days, I felt

stressed during specific intervals of time” (S4).

In summary: while Empatica E4 was comfortable for students, professionals mostly found

it inconvenient due to conflicts with personal smartwatches and material discomfort in hot

weather. The self-reporting tool drew criticism due to its frequent interruptions, though

some three students participants and one professional developer valued its journaling and

activity tracking capabilities. The EmoVizPhy visualization tool received balanced feedback,

with six students reporting positive experiences and four students plus one professional

developer highlighting challenges, particularly in interpreting biometric signals. Seven

students and one professional developer recommended enhancing it by offering more

contextualized insights related to specific work activities.

4.4 Survey responses
As discussed in Section 3, while conducting the semi-structured interviews, we asked participants

to respond to six of the questions using a 4-point ordinal scale and then elaborate freely on their

responses. In this section, we report on the quantitative data collected through the ordinal-scale

items in our interview guide. These ratings offer a complementary perspective, independent of

the authors’ interpretation, on the prevalence of positive and negative feedback across different

aspects of the study.

Figure 7 shows the students’ responses. Regarding the UX of the experimental setup, the majority

were not bothered by the wristband (eight responded “never,” and one responded “seldom”). How-

ever, opinions were divided on the popup application. While six students reported being “never” or

“seldom” bothered by it, three were bothered “some of the time,” and one “most of the time.” Most

participants admitted to skipping the popup some of the time (five) or most of the time (two). Only

three students seldom skipped it, and none always filled out the self-report when prompted to do

so. Regarding the participants’ ability to link specific sprint events with the biometrics displayed in

EmoVizPhy, students provided mostly positive feedback (see Figure 7). All of them could associate
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Fig. 7. Student responses to the questionnaire administered during the interview.

their experiences with EDA signal peaks, with six students stating “Most of the time” and four

“Some of the time”. Associations with the heart rate signal were slightly less positive, as only one

student responded “Never,” seven “Some of the time,” and two “Most of the time”. For self-reports,

one student answered “Seldom,” four “Some of the time,” and five “Most of the time”.

Looking at the responses provided by the professional developers (see Figure 8), one main

difference emerges: all of the respondents were bothered by wearing the wristband. Moreover,

professional developers shared mixed responses about biometric signals. One developer observed

links with the EDA peaks “Seldom”, while the other two observed them “Some of the time”. Heart-

rate associations were “Never” observed by two professional developers, while one observed them

“Some of the time.” Conversely, self-report associations with specific events were more frequent,

with two developers answering “Some of the time,” and one “Most of the time.”

In summary: based on the quantitative analysis of the ordinal-scale items, students gen-

erally reported that the wristband was unobtrusive, while professional developers found

it more intrusive. The popup application received mixed responses from students, who

often skipped it, while no professional explicitly highlighted it as problematic. Regarding

EmoVizPhy, most students were able to relate sprint events to EDA peaks and, to a slightly

lesser extent, to heart rate and self-reports. Professional developers, on the other hand,

reported fewer associations with biometric signals, though they more frequently linked

events to their self-reports.

5 DISCUSSION
The results of our analysis provide insights into the potential of self-monitoring to enhance the

effectiveness of agile retrospective meetings. Students and professional developers provided mixed

feedback on the proposed approach. The findings suggest that self-monitoring offers greater

benefits for novice developers, while experienced professionals perceive it as less valuable to their

retrospective practices. In the following, we answer our research question by discussing the main

takeaway messages of this study and the associated implications for research and practice.

Towards supporting emotional awareness in agile retrospective meetings. Overall, the findings

suggest that the effectiveness of self-monitoring emotional states during development activities

in enhancing retrospective meetings may vary depending on the developers’ experience, their
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Fig. 8. Professional developers’ responses to the questionnaire administered during the interview.

familiarity with agile practices, and the longevity of the team. Our study revealed a notable distinc-

tion between student and professional developer participants in both the impact of the proposed

self-monitoring approach on meeting outcomes and the participants’ reception of the method.

Regarding meeting outcomes, we observed a slight increase in the experimental condition in which

EmoVizPhy was used, in both the number of cards contributed and corrective actions proposed

across both participant groups. However, a more detailed analysis of the proposed actions reveals an

interesting difference. Student participants nearly doubled their corrective actions addressing social

and interpersonal dynamics—specifically those categorized as “People/Relationships”—increasing

from 5 actions in control sprints to 9 in experimental sprints. In contrast, professional developers

proposed no corrective actions in this category during either experimental sprint. This disparity

suggests that, despite using EmoVizPhy, professional developers either did not identify relational

issues during their retrospectives or deemed such issues insignificant enough to warrant corrective

action.

This evidence can also be interpreted in light of the Tuckman’s model [84], which describes team

formation and development through five stages presenting unique challenges and opportunities

that retrospective meetings can address systematically. In our study, the students’ teams joined

the study after Sprint 0, according to the course calendar, which mostly focused on team forming

and set-up of roles. Then, they joined the study during their Sprint 1 and 2, thus likely addressing

the challenges of the storming and norming. During these two stages, frustration or disagreements

about goals, expectations, roles and responsibilities are usually expressed during the retrospectives.

The focus is on conflict resolution to speed up the technical project activities and facilitate the

transition to the norming stage, in which retrospective meetings help consolidate emerging team

cohesion and establish sustainable working practices. This likely explains why the students, who are

less familiar with the agile process and whose teams were just formed, might have benefited most

from the practices of recalling memories associated to emotion-triggering events to be discussed in

the retrospectives. The focus on the “People/Relationships” theme also aligns with the Tuckman’s

vision of the challenges addressed during these early stages of team development. Conversely, the

practitioners were familiar with the agile practices and were part of a consolidated team, i.e. they

were in the performing stage of the Tuckman’s model. This likely explains why their discussion

on corrective actions focused more on process improvement with less emphasis on interpersonal

relationship.

The qualitative data analysis confirms that student participants perceived our approach as

beneficial for retrospective meetings, reporting most positive feedback concerning improvements
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in card writing, action proposal, and emotional awareness. In contrast, only one professional

developer offered encouraging feedback in a couple of instances. In particular, most students

found the visualization of emotional data through EmoVizPhy helpful to gain new insights about

themselves and improve their emotional awareness. The improved focus on relational issues in

their retrospectives is in line with previous studies emphasizing the importance of awareness and

consideration of emotional states in retrospectives [49], including work by El-Migid et al. [15]

that demonstrated the utility of Emotimonitor for capturing team members’ emotional reactions

to technical tasks through self-report. In addition to this, our results show that all professional

developers and the majority of the students were willing to share their emotions with colleagues

during retrospective meetings. To foster this positive attitude—a crucial ingredient for both team

members’ wellbeing and overall group productivity—it is essential to cultivate an environment of

psychological safety within the team. Indeed, when team members feel psychologically safe, they

are more likely to open up about challenging or sensitive topics [2].

Greater perceived value of self-monitoring of emotions for novice developers. Most of the students

involved in our study perceived greater value in self-monitoring of emotions than the professional

developers. Specifically, they felt that such practice facilitated their reflective process during retro-

spectives, helping recall specific experiences or emotions and, therefore, provide more meaningful

contributions during the meetings. This effect may stem from the students’ limited experience

with agile processes and retrospectives. By helping them structure their thoughts around emotions,

EmoVizPhy likely supported their learning of this agile practice. This suggests that EmoVizPhy can

help newcomers integrate by fostering emotion self-reflection and sharing with the team. This also

aligns with research emphasizing the importance of retrospective meetings for newcomers [8, 39].

Greater perceived value of self-monitoring of emotions in extended sprints. Overall, the professional

developers involved in our study experienced limited benefit from the self-monitoring protocol.

They noted that the short sprint duration in their project made it easy to remember emotionally

impactful events from the week, even without self-reports and biometrics. In contrast, students

working in longer, two-week sprints found the self-monitoring practice much more valuable.

EmoVizPhy helped them recall various triggers for emotional episodes, which they found useful

for discussion during retrospective meetings. Over two weeks, specific events and emotional

episodes are harder to recall, making the tool more beneficial for extended sprints. However, this

finding requires further validation with more professional developers who have extensive agile

experience. Indeed, as stated above, the students’ perceived benefit might be influenced by their

lack of experience with agile methodologies and sharing emotions in retrospective meetings.

Need to balance contextual richness and self-report intrusiveness. As for the emotion monitoring

protocols proposed in this study, the collection of biometric data via a wearable device did not

pose significant problems. All student participants perceived the wristband as comfortable and

non-invasive. The only critiques, put forward by a couple of professional developers, concern the

need to temporarily replace their smartwatches with Empatica E4 and the inconvenience of wearing

the plastic wristband in a hot weather. However, both issues are related to the particular equipment

adopted in this study and will be easily addressed in future work: with the fast-paced advancement

of the wearable technologies, we anticipate being soon able to gather reliable biometric signals

through the sensors available on consumer smartwatches, which users already find appealing and

comfortable to wear.

On a different note, all professional developers and the majority of students considered the

popup application annoying and disruptive—as it repeatedly interrupted their work—suggesting

that more seamless approaches to emotion self-monitoring should be preferred. In contrast, some

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: July 2024.



28 Daniela Grassi, Filippo Lanubile, Nicole Novielli, Luigi Quaranta, and Alexander Serebrenik

participants (including one of the professional developers) pointed out that the notes taken in

the popup form significantly helped them recall emotional episodes associated with self-reported

emotions and biometric data. This evidence highlights the importance of journaling as a practice for

self-awareness, in line with findings from psychological research [80]. Therefore, the open challenge

would be to identify an optimal trade-off, minimizing the intrusiveness of methods used to gather

notes and other contextual information from practitioners. On the one hand, future work could

focus on improving the popup application to prompt developers only when they are not focused on

a particular task. To this aim, they might incorporate strategies emerged in the research on software

developers’ interruptibility, ensuring prompts occur at the best times to complete the self-report

form [94]. On the other hand, follow-up investigations may explore complementing biometrics with

contextual information gathered from other sources, such as calendars and task-tracking systems.

Indeed, recent studies [47, 60, 79, 94] have shown that combining biometrics with contextual data

can provide a more comprehensive understanding of developers’ emotional states and their causes,

ultimately helping them discover significant emotional patterns.

Ethical considerations. The potential for misuse of behavior monitoring technologies is a concern

we acknowledge. While we do not advocate for implementing monitoring systems that could

trigger privacy concerns, we do support the use of sensor-based emotion monitoring integrated

with self-reporting for developers to gain self-awareness of their own emotions while at work.

In the use case we envision, the information obtained through emotion visualization tools, such

as EmoVizPhy, is acquired individually and can be shared with colleagues only on a voluntary

basis. It is the case of the agile development retrospective meetings, which we investigate in the

current study. As clarified in Section 3.2, the access to the emotional feedback based on EmoVizPhy

is done individually by each developer before entering the retrospective meeting (see Figure 5),

thus mitigating concerns associated with potential misuse of the biometric information by the

employer, who does not access this data. Further concerns relate to the risks associated with the

misrepresentation of emotions or the misrepresentation of emotional feedback provided by the tool.

EmoVizPhy offers the visualization of notes self-reported by the developers in combination with raw

data collected by the EDA and HR sensors. On one hand, this offers the possibility of triangulating

subjective self-reported information with objective measures of biometric parameters that are

associated with emotional episodes. However, despite rich literature supporting this association of

biometrics with emotions, we acknowledge that there is a risk of incorrect interpretation by the

developers which might be using the tool without appropriate guidelines for interpretation. We

recognize this limitation and understand that misinterpreting emotions could result in users losing

confidence in the tool ability to serve their emotion awareness goals. However, the impact of such

misclassifications is primarily limited to this loss of user confidence in the tool.

6 LIMITATIONS AND TRADE-OFFS
In the following, we discuss the threats to validity of this study. In doing so, we will explain the

rationale behind our methodological choices and how we address the trade-offs associated with the

decision points, in line with recommendations by Robillard and colleagues [74].

One of the main limitations associated with the study of emotions in software development is

the risk of threats to construct validity associated with the choices of the instruments for emotion

monitoring as well as the reliability of our measures in capturing the developers’ feelings. This

concern is further enhanced by the in situ nature of the data collection protocol. In fact, both,

the students and the professional developers operated in their natural setting, i.e., while working

from home on their capstone project and in their workplace, respectively. As for the biometrics, a
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trade-off exists between the need for precision in the collection of raw sensors’ data and the sensors’

invasiveness. In this study, we employed low-cost, lightweight sensors that are comfortable to wear

while working, in line with previous research on biometrics in software development [28, 65]. This

might have lowered the quality of biometrics data collected by the sensors with respect to those

collected in a controlled setting as in previous lab studies from the affective computing domain,

where a richer sensor setting was enabled with more invasive sensors [26]. On the other hand, the

use of lightweight sensors ensures a higher ecological validity by reducing the risk of inducing

negative emotions that might arise when sensors are uncomfortable to wear, thus introducing a

confounding factor.

Beyond biometrics, we relied on self-reported emotions as collected through our popup appli-

cation. We decided to use self-reported emotions, in terms of valence, arousal, and dominance

scores, along with notes explaining the causes for the reported emotions. Since the goal of this

study is to foster self-reflection, towards the final goal of supporting emotional awareness, we

considered it appropriate to ask participants to self-report their emotions while working on their

development tasks. An alternative to self-reporting would have been to use telemetry, for example

by instrumenting the participants’ computers with activity trackers instead of relying on their

self-reported notes, or by analyzing the emotional valence associated with their facial expression

analysis using state-of-the-art tools, as done by previous work using facial emotion recognition [69].

We considered the level of invasiveness associated with the use of a webcam to record facial ex-

pressions or with an activity tracker to keep track of the tasks. The trade-off is privacy versus

more details about emotions and activities performed during the sprint. An approach based on

telemetry would provide us with richer information, e.g., regarding emotions, based on the outcome

of the facial expression analysis tools [69]. However, such an approach could be perceived as

more invasive and could eventually influence the participants’ behavior. Conversely, self-report is

based on the voluntary self-assessment and journaling of developers to self-assessed feelings and

associated causes, using a sampling approach. Beyond being less invasive, this approach is also

more consistent with our vision of designing and implementing tools and practices that encourage

self-reflection and finally lead to increased emotional awareness. Nevertheless, self-reporting in-

volves interrupting developers during their work, which may trigger negative emotions and affect

the results. As such, collecting data through self-report eventually results in fewer data points

than using telemetry. However, this does not conflict with our research goal. In fact, in the context

of the Mad, Sad, Glad retrospective meetings, identifying the most important emotional episodes

associated with problems or successful events is definitely more valuable than looking at all the

episodes occurring during the sprints.

As for the comparison between control and experimental conditions in the quantitative analysis,

we acknowledge limitations in our statistical analysis due to the small number of data points

collected. While we conducted a comparative analysis examining metrics such as the number

of cards written and actions proposed during retrospective meetings, the limited sample size

prevents us from drawing statistically significant conclusions. Additionally, it is important to

note that several potential confounding factors could explain the quantitative results independent

of our intervention. For professional developers, their established working relationships from

previous sprint collaborations, combined with the possibility of particularly challenging sprints

involving significant technical roadblocks, could have influenced both emotional experiences and

retrospective outcomes. Similarly, the students’ inexperience with agile practices may have created

learning effects that influenced their contributions over time, regardless of the self-monitoring tools.

Nevertheless, the qualitative insights and preliminary quantitative trends we observed provide

valuable directional evidence that warrants further investigation with larger sample sizes in future

studies.
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As for the pool of participants involved in the study, the choice of recruitment strategies might

introduce threats to external validity, which relate to the generalizability of the results of the

present study and to the participants’ representativeness of agile practice adopted by developers in

a real-life setting. The decision point here is determining where the population of participants shall

be recruited. While being more representative of the software developers population, recruiting

professionals is challenging [17, 82]. A viable and broadly adopted approach is recruiting students

through our university channels. We decided to recruit both developers by leveraging our contact

network and students from our undergrad Software Engineering courses. The rationale for this

choice can be explained also in terms of the better representativeness of a more diverse pool of

participants: by considering only students, we would have missed the perspective of experienced

professional developers who are already familiar with agile development and the practice of

retrospective meetings. On the other hand, by considering only professional developers we would

have missed the opportunity to enable a controlled setting with students at their first experience

with agile development. This offers the unique opportunity of eliciting feedback on the usefulness

of the tool in a setting in which team members are not familiar with retrospective meetings. As a

final consideration, both students and professional developers are recruited among volunteers with

an interest in the goal of the study, which might positively influence trust and rigor in adhering

to the study protocol, thus increasing the study’s internal validity. Nevertheless, we acknowledge

that the recruitment of participants among volunteers might introduce a selection bias eventually

leading to a more positive evaluation of the tool on developers’ attitudes. However, looking at our

empirical findings, we notice that we were able to elicit both positive and negative feedback, which

makes us confident of the good ecological validity of the study.

Finally, concerns may arise regarding the use of self-report for the investigation of the emotional

self-awareness and how this is enhanced through the use of EmoVizPhy. This concern is mitigated

by the fact that self-reporting is a consolidated practice in psychological studies investigating

emotional self-awareness. See, for example, the study by Kauer [44] investigating the link between

emotional self-awareness and depressive symptoms. The study demonstrates how self-monitoring

significantly increased emotional self-awareness using self-report as an approach to collect empirical

evidence.

7 RELATEDWORK
In the following, we highlight the contributions of our study in the scope of relevant related work

on supporting the emotional awareness of software developers.

Early recognition of emotions, especially negative ones such as frustration [18] and anger [23],

as well as identification of stress-related episodes [38], are crucial to enable just-in-time corrective

actions for developers and team managers to enhance the developers’ well-being and productivity.

To this aim, researchers have proposed tools to visualize emotional trends and dynamics. Vivian et al.

[85] introduced a dashboard that conveys information about team role distribution and emotional

states. It offers, both, the team and the individual perspectives, utilizing line and radar charts

for visualization. Similarly, Neupane et al. [68] created a prototype tool capable of automatically

gathering communication records from project teams, identifying emotions and their intensities

using state of art NLP techniques, modeling them into time series, and providing data management.

McDuff et al. [60] developed AffectAura to log audio, visual, physiological, and contextual data

related to users’ workday activities (such as desktop activities, meetings, and locations) and predict

users’ affective states using a classification scheme. When presenting the data using AffectAura,

participants were able to self-reflect on their affective states and activities and recall the reasons

for their emotional states.
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A recent study by Khanna et al. [45] investigates emotions in online agile retrospectives. The

authors analyzed three recorded online retrospective sessions to capture the range of the emotions.

They found that approval, excitement, and relief were among the most frequent positive emotions,

while disappointment and disapproval were common negative emotions. The study also noted

realization and curiosity as prevalent neutral emotions during retrospectives. They suggest that

recognizing and managing emotions in retrospective meetings can lead to better outcomes and

learning experiences for agile teams.

In our study, we complement the previous work on emotion monitoring in agile development

by investigating the impact of combining self-report and visualization of biometrics to inform

agile retrospective meetings. Specifically, we build upon the empirical design and findings of

two former studies investigating the role of emotions in agile development [15, 32]. In the first

study, El-Migid and colleagues [15] designed and implemented Emotimonitor, a Trello extension

to collect the emotional reactions of agile team members concerning technical tasks assigned to

them. Emotimonitor enables emotions to be self-reported on Trello cards using emoji reactions.

Their evaluation of the tool provides evidence that emotional feedback can be used to help team

members summarize their emotional reactions, thus enabling emotion identification as a central

part of retrospective meetings.

In our previous work [32], we developed and evaluated EmoVizPhy, an emotion visualization tool

that integrates developers’ self-reported emotions, activities, and biometric data. In this preliminary

study, four students wore the Empatica wristband for two weeks during a capstone project agile

sprint. They reported their emotions and activities using a popup application and visualized this

data with EmoVizPhy to understand emotional triggers. The participants found the tool useful for

recalling emotional episodes and enhancing emotional awareness. The integrated visualization

helped inform discussions about the causes of emotions during retrospectives, potentially improving

team productivity and well-being.

The current study replicates and extends our previous work [32] by focusing on both team

and individual perspectives, rather than just individual experiences. Specifically, while our earlier

study involved individual participants, this study involved entire teams to observe and analyze

the collective emotional dynamics. Additionally, in this study we focused on the self-monitoring

process, enabling developers to actively track and reflect on their emotional and physiological

states. Moreover, different from El-Migid et al. [15], we are not only focusing on the self-reporting

of emotions but also considering the biometric data collected during the sprint to provide a more

comprehensive view of the emotional states during retrospective meetings.

8 CONCLUSIONS
This study investigates whether self-monitoring emotions during development activities enhances

agile retrospective meetings. In our investigation, we involved both students and professional

developers. Experimental groups wore a wristband to collect biometric data during work and

self-reported their emotional states at regular intervals through a popup application. At the end of

each sprint, participants attended retrospective meetings and used the EmoVizPhy tool to recall

significant emotional experiences. EmoVizPhy provides visualizations that combine biometric data

from the wristband with the self-reported emotional states.

Our findings suggest that the emotion self-monitoring practice and the related support tools

proposed in this study may be particularly beneficial for novice developers – with little-to-no

experience with agile practices, as in the case of students – and new teams for which roles and collab-

oration dynamics are still being consolidated. We plan a replication of the study with practitioners

to isolate the impact of emotion self-monitoring on the team formation factor.
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Another important aspect emerged in this study is the need to balance the richness of data

collected during the sprint with the intrusiveness of data collection tools. Specifically, participants

found the use of a popup application for self-reporting emotional states to be disruptive and

annoying. This points to a key area for future research, concerned with the development of less

intrusive data collection methods. One approach could be to build self-monitoring tools that prompt

developers at optimal times based on studies of developer interruptibility. Another possibility is

integrating biometrics with contextual data from calendars and task-tracking systems, or exploring

automatic emotion recognition as an alternative to self-reporting.
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A QUESTIONS FOR THE SEMI-STRUCTURED INDIVIDUAL INTERVIEWS
Feedback on the Experiment

1. Did wearing the wristband bother you?

2 Most of the time

2 Some of the time

2 Seldom

2 Never

1a. Why? Can you tell me more about it?

1b. Would you have preferred another device (a webcam or a watch with other integrated

functions)?

2. Did answering the popup questions bother you?

2 Most of the time

2 Some of the time

2 Seldom

2 Never

2a. In which cases?

3. Did you ever skip the popup?

2 Most of the time

2 Some of the time

2 Seldom

2 Never

3a. Why? Can you tell me more about it?

Perceived Usefulness of EmoVizPhy in the Retrospective Meeting
4. Were you able to associate the peaks of Electrodermal Activity with specific events during

the sprint?

2 Most of the time

2 Some of the time

2 Seldom

2 Never

4a. Can you give me an example of a peak you can associate with a specific event?

4b. Can you give me an example of a peak you cannot associate with a specific event?

5. Were you able to associate the Heart Rate signal with specific events during the sprint?

2 Most of the time

2 Some of the time

2 Seldom

2 Never

5a. Can you give me an example of a peak you can associate with a specific event?
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5b. Can you give me an example of a peak you cannot associate with a specific event?

6. Were you able to associate the self-report with specific events during the sprint?

2 Most of the time

2 Some of the time

2 Seldom

2 Never

6a. Can you give me an example of a self-report you can associate with a specific event?

6b. Can you give me an example of a self-report you cannot associate with a specific event?

7. Was the data visualization helpful in writing the notes on the whiteboard during the retro-

spective meeting?

7a. Can you give me some examples?

8. Can you please rank the data sources (Electrodermal Activity, Heart Rate, Self-report) with

respect to the help provided in writing the notes on the whiteboard?

9. Were you familiar with any of these data sources (Electrodermal Activity, Heart Rate, Self-

report) before taking part in the study?

10. During the retrospective meeting, did you choose to not disclose any emotions encountered

during the sprint?

10a. Why?

B QUESTIONS FOR THE FOCUS GROUPS
Retrospective Meeting Output

11. Compared to the usual retrospective meeting was the data visualization helpful in writing

notes on the whiteboard during the retrospective meeting?

12. Compared to the usual retrospective meeting, was the data visualization helpful in proposing

process improvement actions?

Reflection on EmoVizPhy
13. What features were missing in EmoVizPhy?

14. How much did you feel that your emotional response data was being handled appropriately

privacy-wise?

15. How would you rate the appearance of the user interface aesthetic-wise? How would you

improve it?

Reflection on Emotion Awareness
16. Do you think it is useful to be aware of your own emotions at work?

Why?

17. Do you think it is useful to be aware of your peers’ emotions at work? Why?
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