
http://www.diva-portal.org

Postprint

This is the accepted version of a paper presented at 2025 ACM/IEEE International
Symposium on Empirical Software Engineering and Measurement, ESEM 2025, Honolulu,
Oct 2-3, 2025.

Citation for the original published paper:

Grassi, D., Calefato, F., Šmite, D., Novielli, N., Lanubile, F. (2025)
Exploring Engagement in Hybrid Meetings
In: International Symposium on Empirical Software Engineering and Measurement
(pp. 80-91). IEEE Computer Society
International Symposium on Empirical Software Engineering and Measurement
https://doi.org/10.1109/ESEM64174.2025.00032

N.B. When citing this work, cite the original published paper.

©2025 IEEE. Personal use of this material is permitted. Permission from IEEE must be
obtained for all other uses, in any current or future media, including reprinting/republishing
this material for advertising or promotional purposes, creating new collective works, for
resale or redistribution to servers or lists, or reuse of any copyrighted component of this work
in other works.

Permanent link to this version:
http://urn.kb.se/resolve?urn=urn:nbn:se:bth-29287



Exploring Engagement in Hybrid Meetings
Daniela Grassi1, Fabio Calefato1, Darja Smite2, Nicole Novielli1, Filippo Lanubile1

1University of Bari, Bari, Italy, Email: {daniela.grassi, fabio.calefato, nicole.novielli, filippo.lanubile}@uniba.it
2Blekinge Institute of Technology, Karlskrona, Sweden, Email: darja.smite@bth.se

may even be permanently remote, leading to hybrid and digital
meetings being an everyday occurrence.

Hybrid meetings involve co-located participants engaging in
coordinated work with remote participants [7], [8]. Although
teleworking and distributed work are not new, the concept of
hybrid meetings, as they exist today, gained research atten-
tion only during the pandemic. In contrast to pre-pandemic
distributed meetings, which connected two or more co-located
groups in different offices, today’s hybrid meetings involve
co-located participants collaborating with remote individuals,
often working in isolation, typically from home.

Early studies of hybrid meetings in software companies
highlight many challenges. For example, remote participants
may feel like “second-class citizens,” experiencing alienation,
limited opportunities to contribute, difficulty in voicing opin-
ions, disagreeing, or asking questions [9]. This imbalance can
lead to remote participants taking passive roles or even dis-
engaging from discussions [8]. Additionally, remote meetings
are associated with higher instances of multitasking compared
to co-located meetings, likely due to the lower cost of getting
noticed [10], [11]. These challenges raise critical questions
about whether hybrid working models inadvertently foster
disengagement and whether this justifies calls for return-to-
office policies.

Understanding and measuring engagement in hybrid meet-
ings is an important step to address the burning questions
related to the future of work. One approach used by Stray
et al. [8] was to observe meeting participants — how they
engage in discussions, who speaks for how long, turn-taking,
and participation with (turned on or muted) audio and video
(on turned on or off). However, such measurement is rather
intrusive and participants may behave differently when feeling
observed. Besides, this approach disregards the emotional side
of engagement – the depth of personal investment and emotive
connection an employee experiences during an activity such
as a meeting [12]. Alternatively, remote participants could be
directly asked about their engagement. However, this approach
may introduce biases, as those preferring remote work may
overreport productivity and engagement to defend their choice.
Therefore, objective measures are necessary to gain a clearer
picture of engagement and disengagement in hybrid settings.

In this paper, we propose using physiological response
devices to measure engagement and disengagement more
objectively. By tracking measurable indicators such skin con-
ductance, we aim to identify patterns and characteristics of
participant engagement in hybrid meetings. Our research is
driven by the following question:

Abstract—Background. The widespread adoption of hybrid 
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I. INTRODUCTION

Software companies and other industries employing knowl-
edge workers have undergone significant t ransformations in
recent years, transitioning from predominantly in-office work
to fully remote work during the COVID-19 pandemic [1],
[2], [3], and now adapting to a hybrid work reality [4], [5].
This shift has led to an unprecedented prevalence of flexplace
(allowing employees to choose where to work) and flextime
(allowing employees to choose when to work) arrangements.
Even companies with office-first po licies, re quiring some
degree of in-office p resence, n ow r ely h eavily o n digitally
mediated communication, collaboration, and coordination. In-
dividual choices of working in-office or remotely subsequently
impacted the team dynamics, with hybrid team structures
becoming the norm. On any given day, it is not uncommon
to have team members working together in a co-located office
space while others work remotely [6]. Some team members



RQ: What characterizes participants’ engagement in hybrid
meetings?

To address our research question, we designed and im-
plemented a study protocol leveraging a mixed-methods ap-
proach to investigate engagement in hybrid meetings at three
Swedish software and telecommunication companies over sev-
eral weeks. We collected data through two main instruments:
a wearable device that captured physiological signals (electro-
dermal activity) and post-meeting online questionnaires. Thirty
software developers joined the study voluntarily, generating
226 meeting-participation data points (70 remote, 156 onsite)
and 46 participant dyads for analysis. We operationalize en-
gagement along three dimensions, namely work engagement,
emotional engagement, and mutual engagement, which we
measure using a combination of sensor-based metrics and self-
reported engagement scores.

The contributions of this work are multifaceted. We de-
fine and validate a multimodal methodology for measuring
engagement by combining self-report and wearable devices.
Furthermore, we provide initial empirical evidence that chal-
lenges common assumptions about remote participant disad-
vantages in hybrid meetings. Through our analysis, we identify
specific factors associated with engagement across different
participation modes, along with actionable guidelines that can
enhance engagement in hybrid meetings. To support research
reproducibility, we make our analysis scripts available through
a public repository,1 enabling other researchers to apply similar
analytical approaches. We do not distribute the data from our
study as per the agreement with the companies involved.

The remainder of this paper is organized as follows. Sec-
tion II establishes the theoretical foundation, by examining the
dimensions of engagement, and reviews existing approaches
for measuring these constructs. Section III presents our re-
search methodology, including our conceptual framework for
assessing engagement in hybrid meetings, the characteristics
of participating software companies, and our multi-modal data
collection approach combining physiological measurements
with self-reported data. Section IV reports our findings, which
we discuss in Section V, along with a comparison with existing
literature on hybrid meetings and a discussion of limitations.
We provide concluding remarks in Section VI.

II. BACKGROUND

In this section, we present the theoretical foundations of
engagement and its measurement. Specifically, we first define
the three dimensions of engagement we investigate in this
study. Then, we review the various methods used in literature
for measuring engagement, from self-report to physiological
measures, explaining how they enable capturing different
aspects of engagement in meetings and interactions.

A. Engagement

Engagement is often perceived simply as active participa-
tion, such as speaking up and gesticulating [8]. However,

1https://figshare.com/s/85a3c7e7a29db0006dd2

the theoretical concept of engagement is far more complex,
encompassing not only behavioral but also emotional and
cognitive dimensions that interact dynamically within vari-
ous contexts. Engagement is defined as a dynamic process
through which two or more participants establish, maintain,
and conclude a perceived connection [13]. This process is
fundamental to meeting success, as it directly influences the
quality of communication, productivity, and effectiveness of
group work [14]. Our research focuses on three specific yet
complementary dimensions of engagement: work, emotional,
and mutual engagement.

Work engagement, as defined by Schaufeli et al. [15],
represents a positive, fulfilling, work-related state of mind
that manifests through three distinct but interconnected com-
ponents [16]. The first component, vigor, is characterized
by high energy levels and mental resilience while working,
enabling employees to persist through challenges and invest
sustained effort in their tasks. The second component, dedi-
cation, reflects an employee’s deep psychological involvement
in their work, encompassing feelings of significance, enthusi-
asm, and challenge that drive meaningful contributions. The
third component, absorption, describes an employee’s state
of full concentration and immersion in their work, leading
to enhanced focus and productivity. These three components
work in concert to produce significant organizational benefits:
vigorous employees demonstrate higher levels of personal ini-
tiative [17], dedicated workers show increased organizational
commitment [18], and absorbed employees exhibit improved
performance outcomes [19]. Research has further established
that work engagement correlates positively with employee
health outcomes [20] and work-unit innovativeness [21], while
negatively associating with turnover intention [22] and sick-
ness absence [23]. This comprehensive impact on individual
and organizational outcomes underscores work engagement’s
crucial role in workplace well-being and productivity.

Emotional engagement represents the depth of personal
investment and emotive connection an employee experiences
with their work activities [12]. This dimension emerges when
employees develop a personal connection with organizational
goals and identify with their work on an affective level.
Employees translate this emotional investment into action by
contributing their knowledge, skills, and abilities toward task
achievement with an intense focus [12]. This dimension is
particularly significant in hybrid work environments, where
maintaining emotional connections presents unique challenges
[24], [25]. In hybrid meetings, remote participants often be-
come passive observers, with the co-located group’s activity
dominating discussions [24], [8]. Technical delays and the
absence of non-verbal cues further discourage remote par-
ticipants from engaging actively [26], [8], leading them to
remain primarily in listening mode. This lack of non-verbal
communication also impacts emotional expression, making it
more difficult for participants to express and perceive emotions
in virtual interactions [25].

Mutual engagement occurs when two or more individuals
experience aligned levels of self-reported engagement during



shared activities [27], [28], [29]. This alignment of engage-
ment states is critical for creative collaborations and team-
based activities, as it goes beyond mere simultaneous partic-
ipation [30]. Research has demonstrated that mutual engage-
ment manifests through physiological synchrony between par-
ticipants, that is, the association and interdependence between
their physiological states during interactions [27]. However,
achieving an alignment in engagement states is distinctly chal-
lenging for hybrid meeting participants. Unlike face-to-face
interactions, where non-verbal cues and immediate feedback
naturally facilitate alignment, hybrid settings introduce com-
munication asymmetries between participants [30]. Limited
access to social cues for remote participants can impair mutual
engagement between those in physical and virtual spaces.
Understanding mutual engagement in hybrid meetings can
provide valuable insights and inform the design of practices
that promote higher levels of engagement for remote and onsite
participants [31]. This is becoming increasingly critical as
hybrid work models gain relevance across organizations.

B. Measuring Engagement

Researchers have employed diverse approaches to measure
human engagement across different contexts and activities.
Self-report measures provide direct access to subjective ex-
periences, making them a popular assessment tool, although
participants may struggle to recall past experiences accu-
rately [32]. This has motivated the exploration of less intrusive
physiological measures.

Electroencephalography (EEG) has shown promise in de-
tecting engagement levels during meetings [33] and learning
activities [34], though its practical application remains limited
by the required equipment. More recent work has focused on
less invasive measures like facial expressions, heart rate [32],
and electrodermal activity (EDA) captured through wearable
devices. EDA, also known as galvanic skin response, mea-
sures changes in skin conductance and indicates physiological
arousal closely tied to attention and engagement [35]. Di
Lascio et al. [36] developed novel features to detect momentary
engagement, i.e., periods when subjects show a heightened
interest and readily engage in the current activities. EDA
signals are processed in several steps. The first step involves
discretizing the continuous EDA signal into five distinct levels,
which capture different intensities of physiological arousal.
Building on this discretization, Di Lascio et al. analyze transi-
tions between these levels to identify arousing moments, which
they define as time intervals where the EDA level shows an
increase. To quantify these dynamics over time, they introduce
the arousing ratio feature that captures the relative frequency
of such moments by calculating the ratio between arousing and
unarousing moments during a session. Their findings reveal
that the arousing ratio and the percentage of time spent at the
highest EDA level (level 5) are the two most effective features
in discriminating between engaged and non-engaged subjects.

Beyond individual measures, researchers have increasingly
examined physiological synchrony between participants as an
indicator of mutual engagement. This synchrony, defined as

the temporal association between physiological states of inter-
acting individuals [37], has proven informative across various
contexts, including child-adult interactions [35], therapeutic re-
lationships [38], and audience-presenter dynamics [27]. Slovák
et al. [39] found that increased EDA signal synchrony between
friends correlates with heightened emotional engagement in
social interactions. Gashi et al. [27] investigated the potential
of using EDA as a physiological measure to assess mutual
engagement between presenters and their audience. After
evaluating seven distinct algorithmic approaches, they found
that Dynamic Time Warping (DTW) [40] provided the most re-
liable method for quantifying engagement synchronization by
capturing the dynamic nature of engagement patterns during
presentations. In particular, DTW identifies patterns in time-
series data by finding optimal ways to match two sequences,
even when they unfold at different rates. By stretching or
compressing the timing of one sequence to best match the
other, DTW can detect similar patterns despite variations in
their temporal dynamics. This flexible approach makes DTW
particularly effective for comparing physiological signals that
naturally vary in timing across different individuals.

III. STUDY DESIGN

This section presents the research methodology used to
investigate engagement in hybrid meetings.

A. Conceptual Framework

In the following, we present a conceptual framework for
the analysis of factors influencing participants’ engagement in
hybrid meetings. The framework, illustrated in Figure 1, is
built upon previous studies [36], [41], [27], [42] investigating
the three dimensions of engagement – work, emotional, and
mutual – presented in Section II. Also, we derive metrics
from the literature to assess each of the three factors. In
particular, for emotional and mutual engagement, we collected
physiological signals, whereas for work engagement, we col-
lected self-reported measures through a survey administered
to participants at the end of meetings.

Work Engagement: Given the absence of validated phys-
iological metrics for assessing work engagement in the ex-
isting literature, we employed a self-report approach us-
ing an adapted version of the Utrecht Work Engagement

Fig. 1. Conceptual framework for assessing the three dimensions of engage-
ment in hybrid meetings.



Scale (UWES-9) [15], an instrument previously validated in
meeting-focused studies [43], [44]. Although UWES-9 com-
prises multiple items across three subscales–vigor, dedication,
and absorption–its standard items address general work sce-
narios (e.g.,“I can continue working for very long periods
at a time,” “I am enthusiastic about my job”) rather than
specific meeting contexts. Therefore, we adapted one item per
subscale to better reflect meeting participation dynamics. The
adapted items – see the first three rows of Table I – maintained
the core constructs while focusing specifically on meeting
experiences: vigor was measured by asking respondents to
evaluate the statement “During the meeting, I felt full of
energy”; for dedication we used the statement – “I found this
meeting full of meaning and purpose”; and for absorption we
used the statement – “During this meeting, time flew.” For
each item, participants reported an engagement score on a 5-
point scale. Following the same approach used by Nurmi and
Pakarinen [44], we calculated the overall work engagement
score as the arithmetic mean of these three components.

Emotional Engagement: To quantify participants’ emotional
engagement during hybrid meetings, we adopted the arousing
ratio metric derived from EDA signals, following the method-
ology established by Di Lascio et al. [36]. Their approach
involves a systematic process of signal discretization and anal-
ysis to identify periods of heightened physiological arousal.
The method applies piecewise aggregate approximation (PAA)
to discretize an EDA signal into five levels of equal width.
Through PAA, the signal is first segmented into blocks, with
mean values computed for each block to generate a sequence
S. This sequence is then mapped to five equidistant levels,
producing a discretized signal Sl. The relative change between
consecutive levels is calculated as ∆l = Sl[i] − Sl[i − 1],
where Sl[i] represents the current level. Using 30-second
time intervals as the measurement period, we classified signal
segments as either arousing or unarousing moments. Intervals
where ∆l ≥ 1 were designated as arousing moments, indi-
cating an increase of at least one discrete level. All other
intervals (∆l < 1) were classified as unarousing moments.
From the available metrics derived from this classification,
we selected the arousing ratio–the proportion of arousing to
unarousing moments–due to its signal length independence,
making it particularly suitable for comparing meetings of
varying durations.

Mutual Engagement: Prior research has demonstrated that
physiological synchrony between EDA signals serves as an
effective proxy for measuring mutual engagement between
participants [27]. Their findings identified the Dynamic Time
Warping (DTW) algorithm as the most reliable method for
determining optimal alignment between time series. Building
upon this work, we chose FastDTW,2 a Python-based imple-
mentation that offers enhanced control over locality constraints
to regulate signal compression and dilation [40]. We utilized a
locality constraint of one EDA sample, a parameter previously
validated for measuring mutual engagement [27].

2https://pypi.org/project/fastdtw

Meeting and Participation Characteristics: Beyond mea-
suring the three dimensions of engagement and how they vary
with participation mode, we also consider other non-actionable
factors associated with the meeting organization and individual
participation. Specifically, we investigate two categories of
contextual factors.

The meeting characteristics encompass inherent aspects of
the meetings that are typically determined by team and com-
pany needs rather than individual choice. These include the
meeting’s duration, categorized as shorter (up to 30 minutes),
mid-length (30 to 60 minutes), or extended (over 60 minutes)
based on questionnaire responses. Similarly, we classified
meeting size into smaller sessions (2-4 participants) or larger
sessions (more than 5 participants). We considered the type
of meeting—whether brainstorming, customer, stand-up, or
other formats. Additionally, we examined temporal factors
by grouping meetings by day of the week (Monday through
Friday) and time of day, with the latter classified into five
distinct windows: Early Morning (5–10 AM), Before Lunch
(10 AM–12 PM), Lunch Time (12–1 PM), After Lunch (1–3
PM), and Afternoon (3–8 PM).

The participation characteristics represent individual-level
factors that could impact engagement while being constrained
by practical considerations. They include participants’ role
(e.g., listener, presenter/speaker, discussant, leader), their par-
ticipation mode (onsite or remote), self-reported multitasking
behavior (High or Low), and their daily meeting load (i.e., one
meeting per day, two, or more than two).

B. Companies and Participants

Our study examined hybrid meetings in real-life settings
across three Swedish software companies spanning different
sizes and domains. To maintain anonymity, we refer to these
companies using fictional names. The first company, Alpha-
Consult, is a small consulting firm delivering bespoke software
development services to its clients. The second company,
BetaSolutions, is a medium-sized Swedish branch of a large
enterprise delivering diverse software-intensive products. The
third company, GammaCorp, is a large tech company operating
in the telecom industry. These organizations were selected
based on their expressed commitment to evaluating and en-
hancing their meeting culture, with management actively sup-
porting the research initiative. Following discussions with key
stakeholders at each company, we established a recruitment
process that emphasized voluntary participation.

To ensure appropriate data collection and success with our
study, we collaborated with management to identify and recruit
teams that regularly conducted hybrid meetings as part of their
standard work practices. In AlphaConsult, the manager invited
two teams to participate in the study. Both teams included
software developers, team leads, and project managers. One
of the teams had three permanently remote team members.
Besides, members of both teams had regular hybrid meetings
with the customers. At BetaSolutions, we distributed the study
announcement company-wide. In response, a manager leading
an internal open innovation initiative volunteered her team to



participate in the study because hybrid meetings were integral
to their regular workflow. In GammaCorp, several managers
attended our presentation about hybrid meetings and expressed
interest in participating in the study.

To facilitate the recruitment of individual participants, two
authors conducted separate briefing meetings with each com-
pany to outline the study’s objectives, the requirements for
participants’ involvement, the experimental protocol, and the
potential risks and benefits of participation. Upon verbal
instructions, potential participants received written informed
consent forms to sign and instruments (see details in the next
section). Signing the forms was voluntary, and participants at
any moment could withdraw from participation.

In total, the study involved 30 participants, 22 from Alpha-
Consult, 6 from BetaSolutions, and 2 from GammaCorp. To
preserve participants’ privacy and confidentiality, all data were
fully anonymized, and demographic data were not collected.

C. Instrumentation

To collect data, we employed two main instruments: a wear-
able device to collect physiological signals and a post-meeting
questionnaire to gather self-reported engagement measures and
contextual information.

The Embrace Plus wristband3 served as our primary tool
for capturing physiological data relevant to the emotional and
mutual engagement dimensions. This device is equipped with
an EDA sensor enabling the measurement of physiological
arousal and synchrony between participants, with a sampling
frequency of 4Hz. We requested participants to wear the
wristband throughout their workday to avoid the need to spend
time switching it on and off, which might influence the data.

To complement the physiological measurements, partici-
pants were instructed to complete a web-based questionnaire,
shown in Table I, after each meeting. To facilitate conve-
nient access to the questionnaire, QR codes linking to the
online questionnaire form were placed in participants’ offices.
Beyond work engagement metrics, a questionnaire was also
designed to capture the meeting and participation characteris-
tics (already presented in Section III-A). The possible values
for these characteristics were defined in agreement with the
companies participating in the study.

D. Study Execution

The study execution consisted of two main phases: prepa-
ration and data collection. During the preparation phase, two
authors conducted a briefing meeting with study participants
to demonstrate proper usage of the Embrace Plus wristband
and the online questionnaire form for meeting data collection.
After addressing participants’ questions, informed consent
forms were signed. For remote participants, wristbands were
shipped to their homes along with detailed setup instructions
and consent forms.

The data collection phase began the following day and con-
tinued for one to three weeks, depending on both participants’

3https://www.empatica.com/en-eu/embraceplus/

availability and the sufficiency of data collected. In particular,
one team in AlphaConsult and the team from BetaSolutions
participated in the study for one week each, while the second
team from AlphaConsult and the two managers from Gamma-
Corp participated for two weeks. Participants wore the Em-
brace Plus wristband throughout their workday and completed
a post-meeting questionnaire after each meeting. Figure 2
depicts a short overview of the participants’ involvement in the
study. The wristband automatically synchronized and uploaded
biometric data to the Empatica research portal, from which we
downloaded raw data. The first author performed weekly data
reviews to ensure consistency and completeness, with email
follow-ups when clarification was needed.

Upon study completion, we conducted a final meeting
where we presented a company-level overview of participants’
engagement experiences. Overall, our analysis included 228
meeting records with biometric data and complete online
questionnaire responses. Two records were excluded due to the
biometric device malfunctioning, and 5 records were excluded
because the participants did not respond to the post-meeting
survey. Therefore, the final dataset comprised 70 remote and
156 onsite records of meeting participation for the analysis of
emotional engagement, and 153 onsite and 70 remote for the
analysis of work engagement. To analyze mutual engagement
states, i.e., physiological synchrony, between meeting partic-
ipants, we identified 46 dyads of participants who attended
the same meetings. These dyads included 36 co-located pairs
(where both participants were onsite) and 10 distributed pairs
(where at least one participant was remote).

E. Analysis

To assess engagement along its three dimensions, we ana-
lyzed both physiological measurements and self-reported data.

Before building our statistical models, we examined cor-
relations between all predictors to identify potential multi-
collinearity issues. For categorical variables, we used Cramer’s
V coefficient to measure the strength of association. Notably,
we found a strong correlation between the visibility of facial
expressions and body language (Cramer’s V = 0.88), indicat-
ing these variables essentially captured the same underlying
construct. To ensure model integrity and avoid potential bias,
we excluded both factors (visibility of facial expressions and
body language) from the subsequent analyses because they
also showed strongly imbalanced distributions compared to
other predictors, which could compromise the model stability.

To assess how participation mode and contextual meeting
factors associate with the three engagement dimensions, we
built different regression models. For work and emotional

Fig. 2. An overview of participants’ involvement.



TABLE I
POST-MEETING QUESTIONNAIRE TO ASSESS WORK ENGAGEMENT AND COLLECT INFORMATION ABOUT MEETING AND PARTICIPATION

CHARACTERISTICS.

Questions Answer Type

Work
Engagement

During the meeting, I felt full of energy
5-point scale with scores in [1-5]During the meeting, time flew

I found this meeting full of meaning and purpose

Meeting
Characteristics

Starting time of the meeting Date/time
Duration of the meeting In minutes
Meeting size Number of participants
Type of meeting Categorical (brainstorming, customer, stand-up, status, other)

Participation
Characteristics

Meeting location Categorical (onsite or remote)
Role in the meeting Categorical (leader, presenter/speaker, discussant, listener, other)
Multitasking during the meeting Ordinal (never, rarely, sometimes, often, all the time)
Ability to see facial expressions of other participants Categorical (none, some participants, only onsite, only remote, all participants)
Ability to see body language of other participants Categorical (none, some participants, only onsite, only remote, all participants)
Keeping the camera on during the meeting Ordinal (never, rarely, sometimes, often, all the time)

engagement analysis, we fitted two fixed effects (FE) models
to account for stable differences between companies and
individuals. Since work and emotional engagement scores
are influenced by constant factors like company culture and
participants’ physiology, FE models can effectively control for
these unobserved characteristics without requiring their direct
measurement. By removing these potential confounding vari-
ables, the fixed effects approach allowed us to more precisely
examine how specific meeting and participant characteristics
of interest are associated with engagement. We also included
interaction terms between participation mode and other factors
(e.g., multitasking, meeting type and duration) to evaluate
conditional effects that might emerge only in specific contexts.

Regarding mutual engagement, the limited number of dyads
identified precluded the use of complex models. We therefore
fitted a pooled Ordinary Least Squares (OLS) model, retaining
only participation mode (our primary focus) and meeting
duration (due to the time-dependent nature of physiological
synchrony measures), with observations clustered by dyads. To
address the non-independence of observations within the same
dyad, we implemented clustered standard errors to account for
potential heteroscedasticity and intra-cluster error correlation.
Despite these limitations, this approach was sufficiently robust
and allowed us to perform an exploratory analysis of potential
differences in mutual engagement between co-located and
distributed dyads while controlling for meeting duration.

IV. RESULTS

In this section, we present the results of our analysis
of engagement in hybrid meetings across three dimensions:
work engagement based on self-reported data (Section IV-A),
emotional engagement measured through arousing ratio (Sec-
tion IV-B), and mutual engagement assessed through physio-
logical synchrony between participants (Section IV-C).

A. Changes in Work Engagement

The results of the regression analysis for work engagement
are presented in Table II. Contrary to common assumptions
about remote participation, our analysis revealed no statisti-
cally significant main effect of participation mode on work en-
gagement, indicating that, overall, remote participants reported
work engagement levels similar to their onsite counterparts.

TABLE II
COEFFICIENT ESTIMATES FOR WORK ENGAGEMENT (DEFAULT VARIABLES

ARE INDICATED IN PARENTHESES).

Coefficient β SE t p 95% CI

Participation (Onsite)
Remote 0.02 0.19 0.12 0.908 [-0.34, 0.39]

Meeting Type (Status Meeting)
Brainstorming Meetings 0.08 0.05 1.51 0.133 [-0.02, 0.18]
Customer Meetings -0.07 0.06 -1.17 0.243 [-0.20, 0.05]
Others 0.09 0.05 1.61 0.109 [-0.02, 0.20]
Stand-up Meetings -0.01 0.05 -0.12 0.907 [-0.11, 0.09]

Duration (Up to 30 min)
30-60 min -0.01 0.04 -0.19 0.851 [-0.09, 0.07]
>60 min -0.06 0.06 -0.90 0.369 [-0.18, 0.07]

Day of Week (Monday)
Tuesday -0.04 0.05 -0.80 0.426 [-0.14, 0.06]
Wednesday -0.01 0.06 -0.17 0.865 [-0.13, 0.11]
Thursday -0.01 0.06 -0.24 0.814 [-0.12, 0.10]
Friday -0.01 0.07 -0.17 0.863 [-0.14, 0.12]

Meeting Size (2-4)
5+ (**) -0.11 0.04 -2.71 0.007 [-0.19, -0.03]

Role (Listener)
Discussant (*) 0.14 0.07 2.01 0.046 [0.00, 0.29]
Leader 0.11 0.09 1.20 0.231 [-0.07, 0.30]
Presenter/Speaker (*) 0.20 0.09 2.29 0.023 [0.03, 0.36]

Multitask (Low)
High -0.12 0.06 -1.94 0.054 [-0.24, 0.00]

Time of Day (Early Morning)
Before Lunch -0.04 0.05 -0.84 0.401 [-0.14, 0.05]
Lunch Time -0.07 0.08 -0.87 0.384 [-0.23, 0.09]
After Lunch -0.07 0.05 -1.46 0.146 [-0.16, 0.02]
Afternoon (*) -0.22 0.08 -2.57 0.011 [-0.38, -0.05]

Cumulative Meetings per Day (1)
2 meetings 0.02 0.04 0.57 0.569 [-0.06, 0.11]
>2 meetings -0.03 0.06 -0.50 0.621 [-0.14, 0.08]

Interaction Effects
Remote × 30-60 min (*) -0.16 0.08 -2.15 0.033 [-0.31, -0.01]

R2: 0.31 Adj. R2: 0.14 F-statistic: 1.92 (p = 0.002)
Significance codes: ’***’ 0.001 ’**’ 0.01 ’*’ 0.05

We found that some meeting characteristics are significantly
associated with work engagement. Specifically, we observe
that participants in larger meetings (5+ participants) reported
11% lower engagement than those involved in smaller meet-
ings (β = −0.11, p = 0.007). The time of meetings is also
significantly associated with work engagement, with partici-
pants in afternoon meetings reporting 22% lower engagement
(β = −0.22, p = 0.011) than participants in morning
meetings.

Work engagement showed significant associations also with
participant roles. Compared to listeners, both discussants and
presenters/speakers reported higher work engagement, respec-
tively 14% (β = 0.14, p = 0.046) and 22% (β = 0.020,
p = 0.02).



While the main effect of participation mode was not signifi-
cant, we found a meaningful interaction with meeting duration.
Remote participants reported 16% lower work engagement
during medium-length meetings (30-60 minutes) than their
onsite counterparts (β = −0.16, p = 0.033). The lack
of significant differences for remote participants in meetings
longer than one hour is likely due to the smaller number of
data points in this category (n = 27, 12%), which may have
reduced the statistical power for detecting potential effects.

Key Takeaways - Work Engagement

Our analysis revealed no significant difference in work
engagement between onsite and remote participants
overall. However, remote participants reported lower
work engagement during medium-length meetings
(30–60 minutes). Work engagement was positively
associated with active meeting roles (discussants, pre-
senters/speakers). Among the meeting characteristics,
size and time also correlate with engagement levels,
with larger meetings (5+ participants) and afternoon
sessions associated with lower engagement.

B. Changes in Emotional Engagement

The results of our analysis of emotional engagement are
reported in Table III. As already observed for work engage-
ment, participation mode does not significantly correlate with
emotional engagement. Among meeting characteristics, meet-
ing duration exhibited a negative correlation with emotional
engagement, with a significant 72% decrease for meetings ex-
ceeding 60 minutes compared to short meetings (up to 30 min-
utes) (β = −0.72, p = 0.016). Moreover, our analysis revealed
a significant interaction effect between participation mode and
meeting type, whereby remote participants in brainstorming
meetings experiencing 84% higher emotional engagement than
their onsite counterparts (β = 0.84, p = 0.038).

Key Takeaways - Emotional Engagement

Our analysis revealed that emotional engagement was
significantly lower in meetings longer than 60 minutes.
We also found that, during brainstorming meetings,
emotional engagement was significantly higher for
remote participants.

C. Changes in Mutual Engagement

To assess mutual engagement, we analyzed physiological
synchrony between participant dyads using FastDTW dis-
tances. Because of the time-dependent nature of FastDTW, we
had to normalize the measures, dividing the value by the sum
of the lengths of the two time series, in line with previous
work [45]. Our dataset includes 46 participant pairs across
various meeting durations: 25 dyads in shorter meetings (up
to 30 minutes), with 22 co-located and 3 distributed pairs,
while medium-length meetings (30-60 minutes) contained 21

TABLE III
COEFFICIENT ESTIMATES FOR EMOTIONAL ENGAGEMENT (DEFAULT

VARIABLES ARE INDICATED IN PARENTHESES).

Coefficient β SE t p 95% CI

Participation (Onsite)
Remote -1.22 0.85 -1.43 0.156 [-0.94, 0.00]

Meeting Type (Status Meeting)
Brainstorming Meetings -0.47 0.24 -1.94 0.054 [-0.59, 0.60]
Customer Meetings 0.00 0.30 0.02 0.987 [-0.78, 0.20]
Others -0.29 0.25 -1.15 0.251 [-0.19, 0.71]
Stand-up Meetings 0.26 0.23 1.12 0.263 [-0.70, 0.05]

Duration (Up to 30 min)
30-60 min -0.33 0.19 -1.72 0.088 [-1.29, -0.14]
>60 min (*) -0.72 0.29 -2.44 0.016 [-0.49, 0.43]

Day of Week (Monday)
Tuesday -0.03 0.24 -0.13 0.898 [-0.98, 0.08]
Wednesday -0.45 0.27 -1.66 0.099 [-0.61, 0.40]
Thursday -0.11 0.26 -0.41 0.682 [-0.48, 0.72]
Friday 0.12 0.31 0.40 0.687 [-0.61, 0.11]

Meeting Size (2-4)
5+ -0.25 0.19 -1.34 0.181 [-1.13, 0.20]

Role (Listener)
Discussant -0.47 0.34 -1.37 0.174 [-1.44, 0.26]
Leader -0.59 0.44 -1.36 0.177 [-0.94, 0.63]
Presenter/Speaker -0.16 0.40 -0.39 0.700 [-0.41, 0.69]

Multitask (Low)
High 0.14 0.28 0.50 0.616 [-0.52, 0.36]

Time of Day (Early Morning)
Before Lunch -0.08 0.22 -0.35 0.730 [-0.58, 0.89]
Lunch Time 0.15 0.37 0.41 0.685 [-0.62, 0.22]
After Lunch -0.20 0.22 -0.94 0.348 [-1.17, 0.35]
Afternoon -0.41 0.39 -1.06 0.291 [-0.44, 0.31]

Cumulative Meetings per Day (1)
2 meetings -0.06 0.19 -0.32 0.747 [-0.24, 0.79]
>2 meetings 0.28 0.26 1.05 0.295 [-0.68, 1.01]

Interaction Effects
Remote × Brainstorming Meetings (*) 0.84 0.40 2.10 0.038 [-1.14, 0.21]

R2: 0.34 Adj. R2: 0.17 F-statistic: 2.11 (p-value: 0.00)
Significance codes: ’***’ 0.001 ’**’ 0.01 ’*’ 0.05

dyads (14 co-located and 7 distributed). Although we collected
data from 2 additional co-located dyads in meetings exceed-
ing 60 minutes, we excluded these from our analysis since
the absence of remote participants in this duration category
prevented meaningful comparisons of physiological synchrony
between participation modes. The relative sparsity of data
limited this analysis to two key predictors: participation mode
(our primary focus) and meeting duration (another necessary
control given the length-dependent nature of FastDTW).

The results (see Table IV) revealed no statistically signifi-
cant correlation between the main effects on physiological syn-
chrony. As for participation mode, distributed dyads showed
no statistically significant difference in physiological syn-
chrony compared to co-located dyads. Similarly, for meeting
duration, we found no significant difference in physiological
synchrony during medium-length meetings (30-60 minutes)
compared to shorter ones. The interaction between partici-
pation mode and meeting duration was also non-significant,
suggesting that the relationship between participation mode
and mutual engagement remained consistent regardless of
meeting length.

Finally, we note that our model explained only a small
portion of the variance in mutual engagement (R2 = 0.06,
adjusted R2 = 0.01). This limited explanatory power arguably
reflects the complexity of measuring mutual engagement as a
phenomenon and the limitations deriving from including only
two predictors due to data sparsity. Thus, we warrant caution
when interpreting these findings due to the limited number of
distributed dyads compared to co-located ones.



TABLE IV
COEFFICIENTS ESTIMATES FOR MUTUAL ENGAGEMENT (DEFAULT

VARIABLES ARE INDICATED IN PARENTHESES).

Coefficients β SE t p 95% CI

(Intercept) (***) -2.70 0.16 -16.69 0.00 [-3.03, -2.38]
Dyad Participation (Co-located)

Distributed -0.04 0.16 -0.24 0.81 [-0.37, 0.29]
Meeting Duration (Up to 30 min)

Up to 60 min -0.29 0.19 -1.53 0.13 [-0.66, 0.09]

R2: 0.06 Adj.R2: 0.01 F-statistic: 1.27 (p-value: 0.29)
Significance codes: ’***’ 0.001 ’**’ 0.01 ’*’ 0.05

Key Takeaways - Mutual Engagement

Our analysis of physiological synchrony revealed no
significant differences in mutual engagement be-
tween co-located and distributed dyads across meet-
ings. However, the model explained minimal variance
in mutual engagement due to the inclusion of only two
predictors because of data sparsity.

V. DISCUSSION

In the following, we discuss our findings and derive empir-
ically driven recommendations for practitioners. Furthermore,
we discuss them in the context of related work on engagement
in meetings, highlighting the novel contributions of the current
study. Finally, we discuss the limitations to consider when
interpreting our results.

A. Engagement in Hybrid Meetings

Main findings: In this study, we explored engagement in
hybrid meetings by analyzing data from wearable devices and
post-meeting questionnaires across three Swedish companies
developing and maintaining software-intensive products and
services. Our findings highlight several key insights into how
hybrid meeting formats influence participants’ engagement.
The evidence provided by our exploratory study reveals im-
portant insights about patterns in hybrid meetings that can help
optimize collaboration practices by enhancing engagement in
meetings along the three dimensions of work, emotional, and
mutual engagement.

The analysis revealed interesting role-based dynamics, with
meeting listeners reporting significantly lower work engage-
ment than other active roles (i.e., discussants and presenters).
Similarly, we identified patterns related to meeting size in large
meetings with 5+ participants, who consistently reported lower
work engagement levels. Moreover, afternoon scheduling cor-
responded with a decreased work engagement.

Notably, our empirical results mitigate concerns related to
the perception of remote participants being “second-class citi-
zens,” suggesting that virtual participation may not inherently
lead to lower work engagement. However, we identified a
significant interaction effect with remote participants reporting
lower work engagement during medium-length meetings (30-
60 minutes). This finding suggests that while remote participa-
tion does not inherently reduce engagement, extended virtual
meetings may pose particular challenges for maintaining work
engagement among remote participants.

Regarding emotional engagement, again, we found no sig-
nificant differences between remote and onsite participants
overall, which further challenges common assumptions about
remote participants being disadvantaged. However, meeting
duration emerged as a critical factor in our analysis, as we ob-
served participants showing declining emotional engagement
levels in longer meetings, regardless of participation mode.

Interestingly, although remote participation by itself did not
correspond with diminished engagement, we found that remote
participants exhibited higher emotional engagement during
brainstorming sessions compared to participants attending in
person. This finding suggests that remote participation may
coincide with enhanced emotional engagement in specific
contexts.

Finally, our analysis of physiological synchrony between
participant dyads revealed no significant differences in mutual
engagement between co-located and distributed pairs. This
suggests that remote participants may achieve similar levels of
mutual engagement as their onsite counterparts under appro-
priate conditions, though these findings should be interpreted
cautiously due to sample size limitations.

Implications for practice: Our findings yield several im-
portant implications for organizations implementing hybrid
work practices in software organizations. First, the comparable
levels of engagement between remote and onsite participants
suggest that physical co-location may not be essential for
maintaining engagement. Recent evidence indicates that re-
mote meetings can actually be more effective than traditional
in-person formats, being more factual and goal-oriented [46].
Albeit initial, our finding aligns with these observations,
further challenging common assumptions about the necessity
of physical presence for effective and engaging collaboration
and indicating that hybrid meetings can be a viable solution
when properly structured.

Concerning meeting duration, our results suggest that all
participants experienced decreased emotional engagement in
meetings longer than one hour, regardless of their participa-
tion mode. This finding has direct implications for meeting
planning, suggesting that shorter formats are more engaging.
For software organizations that have already adopted a short-
meetings policy, our findings support this approach while sug-
gesting an additional focus on maintaining high engagement
through active participation; otherwise, they should consider
implementing breaks or segmenting longer meetings into
shorter sessions, also to maintain optimal engagement levels
for both remote and onsite participants. This result aligns with
prior work reporting that short meetings, whether in-person or
remote, are more effective and productive [47], [48].

Meeting size emerged as another crucial factor, with onsite
participants in large meetings reporting significantly lower
work engagement scores (−11%) than remote ones. The
practice of inviting participants into meetings varies across
organizations based on their culture, or behavioral norms,
meeting organizers should limit participation to individuals
directly contributing to the meeting agenda [49]. This also
aligns with the prior findings that a high number of meeting



invitees creates confusion about the importance of attendance
[50]. Alternative mechanisms, such as comprehensive meeting
notes or decision summaries, can keep other stakeholders
informed without requiring their active participation.

Meeting type emerged as another important factor sig-
nificantly associated with engagement. Our findings suggest
that organizations should determine whether to allow remote
participation in meetings, at least partly based on contextual
factors such as the type of meeting. We found that remote
participants showed significantly higher emotional engagement
during brainstorming sessions than their in-person counter-
parts. This advantage may stem from greater psychological
safety in sharing unconventional ideas [51] and reduced dom-
inance by vocal personalities when contributing from home.
As such, organizations should consider deliberately including
remote participants in brainstorming activities, providing them
with meaningful opportunities to actively contribute.

Our findings also revealed temporal patterns—specifically,
lower engagement in afternoon meetings as compared to those
in the morning (−22%), suggesting that meeting scheduling is
significantly associated with engagement levels. Organizations
might benefit from scheduling meetings in the morning hours
when energy levels tend to be higher, with a positive impact
on well-being and perceived productivity [52].

Active Participation was associated with higher engagement,
while passive participation (e.g., listeners) corresponded with
lower engagement levels. Meeting facilitators should therefore
work to create inclusive environments that actively encourage
remote participants to contribute, such as by implementing
structured turn-taking [53] or using interactive tools [54], [55].

Our findings, along with the nuanced recommendations for
conducting more engaging meetings, emphasize the need for
a comprehensive approach and a strong meeting culture. This
requires efforts from individual meeting participants, as well
as support from the management. While our study focused on
software companies, these insights are arguably relevant for
knowledge-intensive organizations across different sectors, as
they face similar challenges in hybrid collaboration.

Ethical Considerations: We used physiological measure-
ments to study engagement in hybrid meetings, which requires
careful ethical consideration, in line with existing regulations
on AI.4 We emphasize that our study does not advocate for
implementing sensor-based engagement detection as a moni-
toring tool at the workplace. Rather, our multimodal approach
to measuring engagement serves only as a methodological
framework to identify factors affecting engagement in hybrid
meetings, with the ultimate goal of improving meeting design
practices. Furthermore, all data collection was conducted with
informed consent, anonymization, and the right to withdraw.

B. Related Work

Research on engagement in workplace meetings has evolved
from traditional in-person settings to today’s hybrid environ-

4https://www.europarl.europa.eu/topics/en/article/20230601STO93804/eu-
ai-act-first-regulation-on-artificial-intelligence

ments. This evolution has driven advancements in both mea-
surement approaches and technological solutions for detecting,
monitoring, and enhancing participant engagement.

Early work relied primarily on self-reports [15] and ob-
servational methods. As technology advanced, researchers
incorporated facial expressions [32], [56], speech recognition
[42], and physiological measurements [36], [27], [41]. These
advances in measurement techniques enabled researchers to
capture different aspects of engagement, from attention and
emotional states to physiological responses. This evolution
in measurement capabilities has driven the development of
engagement monitoring systems. Real-time solutions now
track visual attention [57] and combine multiple data streams
for comprehensive engagement assessment [58]. Post-meeting
analysis tools like Coco [59] and MeetingCoach [60] pro-
vide retrospective insights into engagement patterns. While
these systems excel at detecting and visualizing engagement,
they typically treat it as a uniform construct. Our research
extends beyond detection to examine engagement as a multi-
dimensional phenomenon, combining physiological sensors
with self-reported data to understand how different aspects
of engagement manifest in hybrid settings. This approach
enables us to examine engagement patterns across different
participation modes and meeting characteristics.

Research has identified several critical factors affecting
engagement in hybrid meetings. Meeting size consistently
emerges as a significant factor, with studies by Allen et al. [49]
and Cohen et al. [61] demonstrating negative correlations
between size and effectiveness. Duration similarly impacts
engagement, particularly in remote settings where extended
meetings increase multitasking behavior [10]. In addition,
Allen et al.’s [62] observed that active participation enhances
engagement in hybrid meeting discussions.

Our findings provide additional empirical evidence sup-
porting these relationships while also revealing distinct en-
gagement patterns between remote and co-located participants
across factors such as meeting duration, size, time, type
and participant roles. Furthermore, while prior studies have
already established the importance of meeting characteristics,
they have typically approached engagement as a monolithic
construct. Our work advances the field by decomposing en-
gagement into three distinct facets—work, emotional, and
mutual engagement—and examining each through a novel
combination of physiological measurements and self-reported
data. This comprehensive approach reveals patterns in how
participation mode, duration, size, and other meeting factors
relate to different dimensions of engagement in hybrid settings.

C. Limitations

Several limitations should be considered when interpreting
the results, which we discuss in the following. We also explain
the rationale behind our methodological choices and how we
address the trade-offs associated with the decision points, in
line with existing recommendations [63].

First, the generalizability of our findings is constrained by
the focus on Swedish companies, which may not represent



the broader software industry, particularly given the regional
variations in work culture and hybrid work adoption [64],
[65]. The sample composition presents another limitation.
Our dataset comprises 226 meeting participations, with an
imbalance between remote (70) and onsite (156) participations,
and 46 participant dyads, of which 10 were distributed and 36
were co-located. This imbalance, while reflecting real-world
hybrid meeting compositions, may have affected our ability
to detect significant differences between participation modes.
Furthermore, our voluntary recruitment process may have
introduced selection bias, potentially attracting participants
more interested in or comfortable with hybrid meetings. To
address these limitations, we are conducting replication studies
to collect larger, more balanced datasets that will strengthen
the external validity of our findings. Finally, we note that,
while the heterogeneous nature of our data—spanning different
meeting types and organizational contexts—introduced possi-
ble confounding variables, it also enhanced the generalizability
of our results across diverse organizational settings.

Methodological challenges arose from measuring engage-
ment in a workplace setting rather than controlled laboratory
conditions. We acknowledge the risk of Hawthorne effects
from biometric monitoring, although participants used the
devices in their natural work environments. To reduce the risk
of noise in data collection, we used comfortable, medically
certified sensors5 suitable for workplace wear, that were suc-
cessfully employed in previous work [52], [66], [67], [68].
To further address this concern, the first author conducted
daily verification of data quality to identify potential collec-
tion issues. While this approach sacrificed some experimen-
tal control, it enhanced ecological validity by enabling the
investigation of engagement in authentic workplace contexts,
which strengthens the practical implications of our findings.
Another notable limitation was the necessary exclusion of
facial expression and body language visibility variables from
the analysis, despite their theoretical relevance. Their high
correlation (Cramer’s V = 0.88) and imbalanced distributions
threatened model stability. Although a common issue in field
studies where experimental control is limited, future work
might address this through targeted designs with balanced
observation of non-verbal communication factors.

Finally, our physiological measurements present additional
limitations. While electrodermal activity is validated for mea-
suring emotional engagement, it captures only one aspect of
physiological response. The absence of complementary mea-
sures, such as heart rate variability and facial expression anal-
ysis, limits our comprehensive understanding of engagement
patterns. Future research could address this by incorporating
multiple physiological measures while maintaining workplace
compatibility.

VI. CONCLUSION

We explored engagement patterns in hybrid meetings
through a novel multi-modal approach combining physiolog-

5https://www.empatica.com/legal

ical measurements and self-reported data. Our analysis of
226 meeting participations revealed that, contrary to com-
mon assumptions, remote participants maintained engagement
levels comparable to their onsite counterparts. Additionally,
our exploratory analysis of physiological synchrony between
participant dyads suggested that remote participants achieve
similar levels of mutual engagement as their onsite counter-
parts.

These findings have significant implications as more and
more organizations are implementing hybrid work practices.
The comparable engagement levels between remote and on-
site participants challenge assumptions about the necessity
of physical presence for effective collaboration. Our results
suggest implementing shorter meeting formats, particularly
for remote participants who showed lower engagement in
medium-length meetings. Organizations should also avoid
organizing afternoon meetings, as both remote and co-located
participants reported significantly lower work engagement lev-
els. Furthermore, meeting size should be carefully considered,
as larger meetings correlate with decreased engagement among
participants.

Future research could address the limitations of our study
through several avenues. Expanding the participant pool to
include more participants from diverse companies would en-
hance generalizability. Investigation of potential interventions
to maintain engagement in longer meetings and enhance
listener participation could provide practical solutions for
current challenges. Additionally, examining the relationship
between engagement patterns and meeting outcomes could
offer valuable insights for optimizing hybrid collaboration.
Future studies might also benefit from incorporating additional
physiological measures, such as EEG, to study how aspects
like fatigue and cognitive load link to engagement and partic-
ipation mode.
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