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Figure 1: People sitting and chatting in the meeting room (left); Postural cues captured through a sensing chair (middle); 
Retrospective reflection of mood and engagement after the meeting (right). 

Abstract 
Group mood and engagement are invisible currents that shape 
how people collaborate at work, emerging through everyday in-
teractions rather than isolated individual states. While positive 
socio-emotional dynamics support collaboration and productivity, 
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they remain difficult to sense and interpret unobtrusively. This work 
investigates whether posture-based behavioral cues sensed through 
everyday objects can provide insight into group mood and engage-
ment. We present a pressure-sensing chair prototype that captures 
changes in weight distribution during meetings. In a study with 14 
groups (N = 46), we combine postural cues with participants’ ret-
rospective video annotation to triangulate engagement and mood. 
Our results show that posture activity is associated with engage-
ment and mood arousal, while moments of shared group mood 
co-occur with increased postural synchrony. We further identify 
synchronized behavioral patterns reflecting affective convergence 
and contagion. These findings demonstrate how situated sensing 

4348

https://orcid.org/0009-0001-4101-0200
https://orcid.org/0000-0003-4555-6187
https://orcid.org/0000-0003-2714-6264
https://orcid.org/0009-0007-3306-3429
https://orcid.org/0000-0003-3467-7725
https://orcid.org/0000-0003-3522-5990
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3800645.3812952
https://r.bernhaupt@tue.nl
https://y.liu12@tue.nl
https://m.guo@tue.nl
https://j.hu@tue.nl
https://s.cmentowski@tue.nl
https://t.wu2@tue.nl


DIS ’26, June 13–17, 2026, Singapore, Singapore Wu et al. 

through everyday objects can reveal socio-emotional dynamics and 
inform the design of collaborative systems. 

CCS Concepts 
• Human-centered computing → Empirical studies in collab-
orative and social computing. 
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1 Introduction 
Much of our work time is spent in meetings, discussing and brain-
storming with colleagues. A meeting room is thus not a simple 
functional space, but a social ecosystem where group moods and 
interactions emerge and influence well-being, collaboration, and 
productivity. However, recent studies suggest that the majority of 
employees consider meetings to be ineffective [28]. In particular, 
meeting dissatisfaction is problematic and is found to influence job 
satisfaction, employee stress, fatigue, and overall well-being [44]. 

When groups work toward a shared purpose, they often expe-
rience a collective mood—an affective atmosphere that emerges 
in response to ongoing events and interpersonal interactions [66]. 
This process of affective sharing in collaboration, mediated by social 
interaction and coordination, shapes the socio-emotional dynamics 
of the group [45]. Within these dynamics, engagement and affective 
alignment influence how groups coordinate their actions and experi-
ence collaboration. Importantly, such socio-emotional dynamics are 
continuously negotiated through subtle social behavior and uncon-
scious awareness, making them difficult to articulate. Even without 
explicit knowledge of collaboration content, behavioral traces of-
ten convey rich information about group interaction quality [69], 
engagement, and affective atmosphere. Prior research has shown 
that such cues can support ongoing collaboration [4], facilitate the 
resumption of joint work [58, 59], and enable reflection on past 
activities [35], thereby contributing to mutual awareness and coor-
dination in group work. One way to potentially improve meeting 
collaboration, therefore, lies in understanding how socio-emotional 
dynamics are formed through the behavioral interactions that com-
prise team meetings [46, 51]. If computational systems were able to 
recognize and interpret these behavioral patterns, they could better 
perceive, predict, and potentially support collaborative processes. 

Social behavioral interactions are usually generated from a con-
stellation of measurable cues, such as gestures [2], body posture and 
movement [74], facial expressions and verbal expressions [19, 56], 
which serve as “honest signals” of engagement and affective states. 
Prior computer-supported collaborative work (CSCW) research has 
leveraged diverse sensing technologies, such as videos [32, 52], au-
dios [51], or physiological data [62, 63, 76, 80] to capture multimodal 

social signals. Relatively simple social cues such as facial expres-
sions from video or sentiments from automatically transcribed 
text can sometimes be extracted automatically without additional 
human annotation [13]. However, such data collection is often con-
sidered intrusive and is difficult to deploy at scale in naturalistic 
work settings, raising concerns around privacy and surveillance. 
Moreover, in the context of collaboration, the behavioral patterns 
of group members are not isolated but rather coupled with the 
behaviors of other participants. Group-level patterns such as syn-
chronization and convergence play an important role in signaling 
group states [51]. People naturally mimic, amongst others, pos-
tures, facial expressions, and speech patterns [67], which leads to 
affective synchronization or convergence. Social science research 
also shows that interacting groups tend to exhibit movement co-
ordination [27]. Bodily movements and orientations could serve 
as informative cues towards group level phenomenon such as pos-
tural synchrony [15, 69]. Yet, these group dynamics are fluid and 
often change from one minute to the next, which can be difficult to 
capture [38]. 

Socio-emotional dynamics, formed through social interaction 
and coordination, are situated with the shared physical space in 
which collaboration unfolds. This shared physical space includes 
objects, spatial layouts, and environmental stimuli that shape em-
ployees’ everyday experience [8]. This perspective opens up new 
opportunities to consider how everyday objects in the workspace 
might contribute to sensing group engagement and affective state. 
By embedding computational and sensing capabilities into the very 
fabric of our surroundings, physical environments could potentially 
actively sense and respond to users’ affective states. Such smart 
environments could support users by offering not only convenient 
functions, like room adaption, but also by acting on the user’s be-
half [11]. Similar digital systems have been proposed to monitor the 
well-being of inhabitants [36]. These physical “props” act as social 
interfaces that can unobtrusively record, mediate, and respond to 
human interactions [37]. 

Our work aims to investigate how we can capture socio-emotional 
dynamics (i.e., changes in mood and engagement) from postural 
behavior cues through integrated pressure sensing with everyday 
objects. This exploration is the first step towards augmenting the 
physical space with sensors and actuators that influence the work 
environment to enhance well-being. We focus on one particular use 
case: group interactions in seated meetings. Sitting behavior and 
postural features in this context mainly refers to bodily movements 
and orientations. Unlike prior studies focused on tracking individual 
data, e.g., interest level [48], stress [3], and emotion [40, 64], re-
search has yet to identify potential links between postural features 
with engagement and mood that indicate emergent socio-emotional 
dynamics. 

We developed a pressure-sensing chair prototype that integrates 
sensors directly into everyday objects, enabling us to obtain pos-
tural data while being non-intrusive and protecting participants’ 
privacy. To capture participants’ subjective experiences, we adapted 
the RetroSketch tool [54] to support retrospective reflection on en-
gagement and mood during meetings. In order to ensure a realistic 
setting, we gathered data from actual team meetings at a university 
with 46 participants in 14 groups. Our analysis proceeded in three 
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stages. First, we examined how posture-based features (e.g., pos-
ture activity and center of pressure) relate to changes in mood and 
engagement at both individual and group levels. Then, we inves-
tigated how posture activity and group-level postural synchrony 
relate to affective alignment, and how these relationships are mod-
ulated by engagement level. Finally, we employed an established 
analytical framework for human interaction analysis [32] to iden-
tify observable synchronized behaviors in video data. This allowed 
us to contextualize the sensor patterns, distinguish different forms 
of synchrony, and explain where sensor measures and self-reported 
affect diverged. In summary, our study contributes in three ways: 

• We provide a non-intrusive sensing approach that captures 
posture-based activity and synchrony through integrated 
sensors, demonstrating how simple, privacy-preserving data 
sources can reveal meaningful socio-emotional patterns in 
collaborative work. 

• We demonstrate empirical evidence that posture activity 
is associated with both changes in engagement and mood 
arousal at the individual and group levels, while postural 
synchrony co-occurs with group mood alignment and is 
modulated by engagement. 

• We provide a nuanced understanding of the relationship be-
tween detected postural synchrony patterns and observable 
interaction behaviors, offering design implications for future 
research and practice. 

2 Related Work 

2.1 The Collective Construction of Work Group 
Moods 

The affective experiences of work groups are a defining aspect of col-
lective life and have received growing attention from researchers [7]. 
Group mood emerges from the dynamic interplay of individuals’ 
emotional responses, shaping how group members collaborate and 
experience their work together [66]. Although the terms “mood” 
and “emotion” are often used interchangeably, they differ in dura-
tion and function. At the individual level, emotions are momentary 
“perturbations” triggered by specific events, whereas moods rep-
resent the affective “background color” of experiences [21]. For 
instance, irritability can feel like a mild form of the emotion anger, 
cheerfulness like mild joy, and gloominess like mild sadness [55]. 
Russell’s circumplex model of affect [60, 61] conceptualizes this 
background through the two dimensions of valence and physiologi-
cal arousal, together forming a core affect that underlies individual 
experiences. 

At the group level, affective dynamics unfold differently. Re-
search in psychology and organizational sciences identified sev-
eral mechanisms through which group-level mood is constructed: 
amplification, where the presence of others heightens emotional 
intensity; convergence and polarization, where individual reactions 
consolidate or diverge; synchronization, where responses align tem-
porally; and cascades, where delayed activation in some individuals 
triggers subsequent responses in others [18, 29]. While individual 
emotions may dissipate quickly, social interactions often sustain or 
intensify affective states, leading to increased synchronization and 
convergence at the collective level. Expanding on this, Sönmez et al. 
[66] describe group mood dynamics in terms of type, intensity, and 

uniformity. Type and intensity can map onto the valence–arousal 
dimensions, while uniformity captures how affective experiences 
align across groups. 

Increasingly, studies have shown that group-level affective ex-
periences influence decision-making quality, team performance, 
creativity, and member attitudes [14]. Consequently, cultivating 
positive affective climates plays an increasingly important role in 
organizational practice. Yet, before we can meaningfully foster “pos-
itive workplace vibes”, it is critical to understand how to measure 
affective states of groups. Although self-reports are widely used, 
these approaches overlook the embodied and contextual cues that 
shape group experiences, particularly in physical workspaces. Au-
tomated detection offers the potential to provide real-time feedback 
to group members, supporting self-assessment, training, and ulti-
mately more effective collaboration [51]. Our goal, therefore, is to 
advance toward the automatic detection of this complex construct 
of group mood. 

2.2 Recognizing Affective States through 
Pervasive Computing 

Inspired by theories that highlight the embodiment of affect, re-
searchers have proposed diverse methods to assess affective states 
through physiological and behavioral response patterns [16, 22, 24, 
25]. Physiological measures use sensors to capture bodily signals 
such as respiratory rate, muscle activity, skin conductance, skin tem-
perature, or heart rate [9, 39, 65], providing information about the 
intensity and quality of affective experiences [25]. While effective 
for capturing the arousal dimension of affect, these methods can-
not reliably distinguish valence, making it difficult to differentiate 
between cheerful and irritable states that share high arousal [75]. 
Moreover, they can be intrusive and sensitive, raising concerns 
about ecological validity [57] in everyday settings. 

To overcome these issues, behavioral measures such as facial ex-
pression, voice, and body language have been explored [19, 49, 56]. 
Behavioral measures are based on the proposition that emotions 
are expressed through unique patterns [24, 26]. These methods 
benefit from not requiring physical contact (e.g., skin-to-sensors) 
and are unobtrusive [22]. However, they introduce privacy con-
cerns, as users often feel overly monitored, and current systems 
still struggle to capture the subtle, diffuse qualities of mood be-
yond basic emotion types [57]. Self-report approaches, whether 
verbal or pictorial, remain another major category. Tools such as 
Pick-A-Mood [22, 71] demonstrate the value of pictorial scales for 
capturing distinct mood types. While self-reports are good at mea-
suring nuance, they cannot provide continuous data because they 
interrupt ongoing activities [22]. 

Beyond individuals, group mood is shaped by interaction dynam-
ics [18, 29], as affect spreads through behavioral mimicry, dyadic 
coordination, and engagement cues [51, 69, 83]. Therefore, recent 
works investigated how group interactions in activities are linked 
to people’s emotional states through continuous unobtrusive sens-
ing via digital traces [5, 33, 73]. Studies show that extracted social 
signals can help predict team performance and group cohesion 
in collaborative contexts [41, 69]. Posture has been identified as 
one such unconscious behavioral proxy of mood. For example, up-
right sitting often correlates with positive affect, while slouching, 
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fidgeting, or frequent posture shifts are linked to fatigue or low 
mood [3, 30, 70]. In group contexts, posture dynamics contribute to 
emotional contagion, as individuals unconsciously copy and mimic 
one another’s body language, enabling moods to spread without 
explicit communication [34, 41, 51]. Inferring group affective states 
by detecting postures can provide users with more intuitive and 
honest signals. Similarly, Nanninga et al. [51] propose estimating 
verbal expressions to quantify paralinguistic mimicry on a group 
level using statistical modeling. Due to the flexibility of this method-
ology, it can be potentially extended to postural cues, particularly 
in real-world, dynamic settings such as meetings. 

2.3 Sensing through Objects within Smart 
Environment 

The physical workspace is not only a setting for tasks, but also 
an environment of stimuli and cues that employees constantly en-
counter and respond to in their daily activities [8, 79], and has been 
recognized as a catalyst for shaping social interaction. However, this 
understanding overlooks the potential of the physical workspace 
itself as a medium to monitor and facilitate group connectedness. 
The integration of digital technologies into workspaces opens op-
portunities to transform traditional spaces into smart environments 
that actively foster group collaboration. Smart environments incor-
porate computing and interface devices to enhance quality of life, 
optimize resource use, and deliver personalized services [53]. Bru-
mitt et al. [12] define self-aware spaces as spaces that are aware of 
their geometry, the people within it, their actions, preferences, and 
the resources available to satisfy their requests. Beyond offering 
convenience, such environments can support users by anticipating 
and responding to their needs [11]. Related systems have also been 
proposed to monitor and support the well-being of inhabitants [36]. 
Unlike traditional interfaces that rely on explicit input-output mech-
anisms, smart environments allow more interaction, where objects 
themselves can act as props that monitor and support social inter-
action [37]. 

In HCI, researchers have increasingly explored how everyday 
objects can serve as proxies for human activity and affect. One 
common approach is to attach connected sensors to existing infras-
tructure [82]. Prior work has deployed such devices to capture and 
interpret user interactions and activities in situ [81]. For instance, 
Wall++ [84] uses painted antennas and sensors to detect airborne 
EMI signals for appliance localization, while StarLight [42] employs 
sparse photodiodes on floors to reconstruct human postures from 
light signals. Furniture itself has also been explored as a medium 
for sensing. GravitySpace [11] integrates pressure-transmitting sur-
faces to monitor user presence and posture, and pressure-sensitive 
seating has been studied for health monitoring [72] and pose recog-
nition during seated activities [48, 50]. 

With this study, we explore pressure-sensing chairs as a subtle 
way for capturing bodily micro-movements and postural dynamics 
associated with group mood and engagement. Unlike prior ap-
proaches that rely on cameras, microphones, or wearable sensors, 
our approach integrates sensing into an everyday object already 
integral to meetings. This allows us to capture continuous postural 
activity and alignment without recording audiovisual content or 
personal identifiers. 

3 Research Focus 
To summarize, prior work on sensing and capturing socio-emotional 
dynamics in collaborations has largely relied on rich but intrusive 
modalities, such as video, audio, or wearable data, to infer engage-
ment and affect. While these approaches can be powerful, they are 
difficult to deploy in everyday meetings due to privacy concerns and 
the practical burden of instrumentation. Collaboration is not only 
reflected in how much people move, but also in how bodily behavior 
becomes coordinated across participants over time. Yet, group-level 
bodily coordination is rarely studied using sensing embedded in 
workspaces, and evidence remains limited on whether such sim-
ple postural traces can meaningfully support understanding about 
engagement and affect. 

This motivates our research focus: rather than aiming to recog-
nize internal states from high-fidelity sensing, we examine whether 
chair-based posture signals are informative enough to capture socio-
emotional dynamics in real meetings, and under what conditions 
they fall short. Specifically, we investigate two complementary 
questions. First, we test the validity and limits of posture-based ac-
tivity and spatial features (e.g., posture activity level and center-of-
pressure (CoP) directionality) for capturing engagement and mood 
at the individual and group levels. Second, we move beyond individ-
ual traces to examine whether postural synchrony in weight shifts 
provides additional insight into group socio-emotional dynamics, 
and how different synchrony patterns emerge across collaborative 
contexts. These questions position postural sensing through every-
day objects not as a replacement for multimodal sensing, but as a 
foundational step. 

We therefore pose the following research questions: 
• RQ1: To what extent can postural features, captured through 
chair-based sensing, reflect engagement and mood at both 
individual and group levels in collaborative work? 

• RQ2: How can group-level features, extracted from chair-based 
sensing, be used to understand socio-emotional dynamics in 
meetings, and what patterns of synchronized behaviors emerge 
across collaborative work? 

4 Design for GroupSense 
Research has shown that sitting behaviors could serve as infor-
mative cues of mood and engagement, which can be reflective of 
participant’s mental processes [30]. Inspired by the concept of “sens-
ing through objects in the physical environment” [11], we focus on 
integrated sensing to examine group behaviors and interactions in 
work environment without disrupting ongoing tasks. For our con-
cept, we build on the assumption that users’ sitting behaviors are 
observable by measuring pressure distributions through integrated 
sensors under the chairs’ legs. In turn, monitoring these postures 
could contribute to emotion recognition in environments where 
cameras and microphones are not appropriate [74]. In the following, 
we describe our use case, the design concept of SensingChair, and 
its technical realization. 

4.1 Use Case: Co-located Group Meetings 
Meetings are a central component of everyday work and a com-
mon setting for collaborative decision-making and idea develop-
ment [1]. They are also one of the few recurring moments in office 
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Figure 2: An illustration of the sensor-equipped chair prototype for posture sensing: the technical setup includes load cells 
(pressure sensors) under the chair’s base and an HX711 amplifier for signal processing. 

life where teams engage in co-located interaction with shared atten-
tion and turn-taking. This makes meetings a “dense” site for study-
ing socio-emotional dynamics: participants must interact in real 
time, negotiate and manage interpersonal coordination. Meetings 
are highly structured and role-differentiated, which helps reduce 
some ambiguity about why people are interacting (e.g., compared 
to casual socializing). We therefore focus on office meetings as a 
naturalistic context in which participants collaborate on shared 
tasks (e.g., discussion, planning, or decision-making) while seated 
on instrumented chairs. Prior work suggests that seated posture 
and movement are not merely incidental but can relate to interac-
tion quality and organizational outcomes [74]. This environment 
offers a well-established setting for continuous face-to-face commu-
nication, making it a suitable site to examine how socio-emotional 
dynamics unfold in everyday work practices, since the bias that 
might come from an unusual social setting or unfamiliar use case 
is minimized. 

4.2 Sensing with Chairs 
Prior research on posture recognition already used chairs equipped 
with pressure sensors as a control interface [17]. Such systems 
typically employed on-chair sensor layouts for real-time posture 
tracking. For example, Tan et al. [68] used over 4000 force resistor 
sensors on the seat and back surfaces of the chair. However, such 
systems were not appropriate for practical applications because of 
the high implementation cost. Recent studies managed to reduce 
sensor number through optimization of sensor placement [50]. To 
improve on this, we developed a chair prototype that was equipped 

with only four pressure sensors, positioned at the bottom of the 
chair legs. Apart from the reduced costs, this layout—sensing the 
center of pressure—also reduces other constraints towards the chair 
design and seating surface materials. 

We implemented the sensor-equipped chair prototype (see Fig-
ure 2), integrating pressure sensors to continuously and unobtru-
sively capture data on individual posture, body movements, and 
shifts in seating position throughout group interactions. It is suffi-
ciently sensitive to detect subtle motions. The sensing chair system 
is composed of a normal office chair equipped with 4 pressure sen-
sors located under the legs. Therefore, we house a commercially 
available 50kg Load cell (mP0236-I42) in a 3D-printed plastic con-
tainer to fit it under the chair’s leg. Each sensor is connected in 
series to a resistor, and senses the load at a sampling rate of 2 Hz. 
This data is transmitted via internet to a database hosted on on-
premise servers 1 to comply with GDPR regulations. This setup is 
affordable, modular, and extensible—we initially built six prototypes 
to fully equip a regular meeting room for testing 2 . The system 
provides two types of information: (1) the center of the pressure 
applied to the chair; (2) the distribution of the weight applied to 
the four legs. 

5 User Study 
To examine whether socio-emotional dynamics (i.e., changes in 
mood and engagement) can be inferred from postural cues cap-
tured via integrated sensing, we conducted a mixed-method study 

1https://data.id.tue.nl
2See Wu et al. [78] for more details on the design and development process. 

4352

https://data.id.tue.nl


DIS ’26, June 13–17, 2026, Singapore, Singapore Wu et al. 

Figure 3: Study procedure. (1) Sensing Chairs: people sit on pressure-sensing chairs during the meeting. (2) Retrosketch: 
participants rewatch session recordings and retrospectively sketch their perceived mood states over time after the meeting. 

in which participants interacted with our GroupSense installation. 
We chose a controlled setting rather than an in-the-wild deployment 
to reduce environmental variability and increase interpretability of 
the sensed signals by holding contextual factors stable (e.g., light-
ing, background noise, and room layout). This setup allowed us to 
focus on the relationship between postural measures and partic-
ipants’ retrospective reflection, while still observing naturalistic 
interactions during a collaborative activity. 

5.0.1 Measures. We used two complementary measures to capture 
socio-emotional dynamics: (1) pressure-sensing chairs to collect 
postural data as behavioral proxies, and (2) RetroSketch [54], a ret-
rospection tool designed to collect participants’ self-reports of affec-
tive states and engagement after an activity. Together with basic de-
mographic data and video recordings of the meeting, these methods 
allowed us to explore how objective and subjective measures can 
be combined to provide a richer understanding of socio-emotional 
in collaborative scenarios. Figure 3 illustrates our approach. In 
summary, our study assessed the following data: 

• Demographics. Data includes age, gender, meeting type 
and roles, and self-reported familiarity with group members. 

• Pressure data. Postural data is sourced from our chair pro-
totype. It has four load cells that are used for determining 
the force caused by a seated user’s movements. Each sensor 
is connected in series to a resistor, and senses the load at 
a sampling rate of 2 Hz. Up to five sensing chairs transmit 
their data to our on-premise database simultaneously. 

• Video data. We recorded videos of each session to contex-
tualize and triangulate the quantitative findings. The videos 
provided a holistic view of group interactions and posture 
dynamics, allowing us to visually inspect moments of syn-
chronized behavior and relate them to changes observed in 
the sensor-derived measures. Video data were temporally 
aligned with the sensor streams and later reviewed along-
side participant annotations to support the interpretation of 
group-level synchrony and mood alignment. 

• Retrospective reflection data. Participants measured and 
annotated their mood and engagement level by using Ret-
roSketch tool (see below). A complete dataset consists out of 
at least 10 keypoints, including participants’ mood, engage-
ment, and optionally an annotation. 
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5.1 Tool for Retrospective Reflection 
We adopted a retrospective reflection approach and redeveloped the 
RetroSketch tool by Potts et al. [54] to obtain temporally subjective 
measures of mood and engagement without disrupting live meet-
ings. RetroSketch is more suitable than the Experience Sampling 
Method (ESM) for capturing continuous data at high resolution. 
Prior research has shown that it is particularly relevant for experi-
ences that elicit a variety of fluctuating emotions Potts et al. [54]. 
It has also been validated as an appraisal-based emotion measure-
ment method, offering a viable alternative to ESM and physiological 
measures without disrupting the experience. 

After each meeting, participants retrospectively reflect on it 
by watching and exploring the captured video while sketching a 
graph of their engagement and mood states over time through a 
web-based interface. The interactive timeline cursor allows users 
to scrub through the video while highlighting the corresponding 
moment in the graphs below. Video controls are provided and 
synchronized with the timeline cursor, including options to play, 
pause, fast forward 5 seconds, rewind 5 seconds, and adjust playback 
speed to 1x, 1.5x, 2x, or 2.5x. 

At any notable point, participants can place a keypoint, prompt-
ing them to report their experienced mood using Pick-A-Mood 
characters [22], which represent nine different mood states (neu-
tral, excited, cheerful, irritated, tense, relaxed, calm, bored, and sad). 
These representations enable participants to reflect on their affec-
tive experience without requiring precise verbalization. Reporting 
mood with Pick-A-Mood requires little time and effort, making it 
particularly suitable for design research applications, which often 
include situations in which people have little time or motivation 
to report their moods. The cartoons can be used both as a tool for 
measurement and as a tool for communication. It can be used to 
collect rich data, to sample experiences, to create remote awareness, 
and to enable self-expression. Pilot tests also showed us that partic-
ipants had trouble understanding and reflecting on their arousal 
and valence, a problem circumvented with the pictographic scale. 

Furthermore, participants have to report on a continuous scale 
ranging from “not engaged at all” to “very engaged” (−1 to 1), al-
lowing participants to indicate changes in involvement during the 
meeting. Lastly, an annotation text box enables participants to de-
scribe salient events and elaborate on their experiences in their 
own words, providing contextual grounding for both the subjec-
tive ratings and subsequent video analysis. Participants have to 
annotate at least 10 moments over the entire video with the mood 
rating, engagement level, and (optionally) annotation. Requiring 
participants to report subjective ratings at fixed intervals (e.g., ev-
ery minute) can be burdensome. Instead, we asked them to identify 
moments when they perceived a change in their mood (with a 
minimum of 10 points), allowing us to capture a more natural and 
continuous affective experience. With this requirement, we aimed 
to balance the granularity of annotations and the feasibility of the 
study. This retrospective reflection design preserves the natural 
flow of collaboration while yielding time-aligned subjective traces 
of mood and engagement that can be synchronized with sensor 
data. All responses were transmitted via the internet and stored on 
on-premise servers. Figure 4 shows the adapted interface used in 
our study (see Appendix A for an enlarged version of the tool). 

Figure 4: RetroSketch’s interface with buttons for sketching 
and playback functions, graphs with a timeline cursor, and 
keypoints with annotations. 

5.2 Participants, Experimental and Meeting 
Room Setup 

We recruited 46 participants (19 male, 27 female; 𝑀_𝑎𝑔𝑒 = 29.7 
years, 𝑆𝐷_𝑎𝑔𝑒 = 3.4) from a university. Participants took part in 14 
groups of 3–5 people, formed to reflect existing collaboration: group 
members knew each other prior to the study and met in their usual 
teams. The recorded meetings were part of their regular schedules, 
lasted between 26 and 49 minutes and were conducted primarily 
in English, involving both native and non-native speakers. The 
study included a range of meeting types, including recurring team 
meetings, project planning meetings, and workshops. Participant 
identities were replaced with anonymized IDs for the analysis. 

Data collection took place in a meeting room that was specifically 
set up at the university in order to conduct research on meeting 
behavior and group well-being. The meeting room was located 
inside the office building of the university, thus causing minimal 
disruption to a group’s meeting schedule. The meeting room was 
equipped with all objects that would also be present in normal 
meeting rooms, such as table, chairs and screen. A sketch of the 
meeting room is shown in Figure 5. Audio was recorded using a mi-
crophone array placed on the table. Videos, used for the reflections 
and further annotations, were captured using a camera mounted 
above the shared screen to avoid disturbing participants’ view. 
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Figure 5: A photo of the meeting room setup (left) and the 
corresponding floor map illustrating the spatial arrangement 
of furniture and camera (right). 

5.3 Procedure 
Upon arrival, a researcher introduced the study and obtained in-
formed consent. To support natural meeting behavior, we empha-
sized that participants should act as they normally would, e.g., 
shifting posture, using their phones, stepping out briefly, or moving 
around the room. Participants then conducted their meeting as 
usual while we started the audio and video recordings concurrently. 
Immediately after the meeting ended, a researcher stopped the 
recordings and uploaded the files to our database for subsequent 
retrospective reflection. 

Next, participants filled out a demographic questionnaire before 
receiving a brief (<10 minute) tutorial on the modified RetroSketch 
interface. Using a stock video, we demonstrated how to (1) mark 
salient keypoints, (2) sketch engagement and mood traces over time, 
(3) add text annotations, and (4) correct input using the eraser and 
editing tools. Participants then accessed RetroSketch via a web link 𝑥 (𝑎) = (1 − 𝑡 ) 𝑥 (𝑡0) + 𝑡 𝑥 (𝑡1), 𝑥 ∈ {engagement, valence, arousal} (2) 
to review their own meeting recording and provide retrospective 
reports. To set an expectation of the level of detail for the keypoints 
when using RetroSketch, participants were asked to create at least 
10 keypoints. However, participants were informed this was not a 
strict limit, and it was emphasized that they should decide where 
to place keypoints by themselves. Using the tool, participants first 
reported their individual feelings. Afterwards, they discussed as 
group to report their group feelings in a second round, providing 
us with two sets of reported data for individual and group states. 

5.4 Data Analysis 
We collected two types of quantitative data (sensor data from chair 
prototype and self-reported mood and engagement data from ret-
rospective reflection) and two types of qualitative data (video data 
and annotation text data from participants). We used these parallel 
data sources to identify as many relevant patterns or behaviors as 
possible. The quantitative analysis of sensor data and retrospective 
data aimed to provide an overview of the relationship of tracking 
and self-report data (RQ1, RQ2), whilst the video data aimed to help 
understand behavior patterns (RQ2). Triangulation of descriptive 
quantitative analysis of the sensor data, retrospective reflection 

data and the video data (see detailed analysis process below) pro-
vided us with a detailed account of the activity timelines for all 
groups (see Figure 7). Figure 6 illustrates our processing pipeline 
for feature extractions from the sensor data. 

5.4.1 Preprocessing the data. Raw sensor signals were first 
normalized using an unoccupied-chair baseline, computed from 
segments where no participant was seated. This baseline captures 
sensor drift and environmental noise in the absence of user inter-
action. We then performed outlier removal by retaining samples 
𝑥 satisfying 𝜇 − 2𝜎 ≤ 𝑥 ≤ 𝜇 + 2𝜎 . Values outside this range were 
discarded. This step helped remove noise while keeping the core 
posture-related signal intact. 

For the retrospective reflection data, we transformed the mood 
into valence/arousal. For each keypoint, we added the matching 
arousal and valence values that correspond to each mood (e.g., 
cheerful → (𝑣 = 1, 𝑎 = 1), neutral → (𝑣 = 0, 𝑎 = 0)). To align 
the continuously recorded chair weight data with sampled self-
report annotations, we interpolated affective labels (engagement, 
valence, arousal, and mood) to each sensor timestamp. For a given 
weight data point occurring at time 𝑎 seconds since the start of 
the video, we first identified the two nearest self-report keypoints 
𝑡0 and 𝑡1 such that 𝑡0 ≤ 𝑎 ≤ 𝑡1. We then computed a normalized 
interpolation factor based on the relative temporal distance between 
these keypoints. Using this factor, engagement, valence, and arousal 
values were linearly interpolated between the annotations at 𝑡0 and 
𝑡1, yielding a continuous estimate at time 𝑎. Because mood labels 
are categorical, we assigned the mood at 𝑡0 when the interpolated 
time was closer to 𝑡0, and the mood at 𝑡1 otherwise. The normalized 
time parameter is defined as 

𝑡 = 
𝑎 − 𝑡0 

𝑡1 − 𝑡0 
, 𝑡 ∈ [0, 1] (1) 

where 𝑎 is the current time, and 𝑡0 and 𝑡1 are the lower and upper 
bounds, and the interpolated value as 

5.4.2 Sliding window. We used a sliding-window approach with 
statistical representations of the sensor data to capture temporal 
variations in body movement. Each window had a size of 𝑛 (window 
size) and shifts by 𝑛/2 (sample interval length), producing half-
overlapping consecutive windows. The window size in our study 
was adopted from prior work on social signal processing in group 
interactions [41], where varying window sizes were evaluated and 
selected based on their ability to maximize prediction performance 
on unseen data. We evaluated window sizes of 30 s, 1 min, and 2 min, 
and found that a 1-minute sliding window yielded the most stable 
results. Using the selected 1-minute sliding window, sensor features 
were temporally aggregated by computing statistical measures, 
including the minimum, maximum, mean, and variance within each 
window. These features were then compared with self-reported 
measures of engagement, valence, arousal, and mood. 

5.4.3 Feature extraction from the sensor data. Posture fea-
tures were derived by first computing posture activity and center of 
pressure (CoP) based on each participant’s sensor data. These indi-
vidual features were aggregated within each 1-minute window by 
averaging across group members to obtain the group-level features. 
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Figure 6: The overall data processing pipeline for feature extractions from the sensor data and retrospective reflection data. 
These features are then combined to analyze socio-emotional dynamics. 

• Mean, root mean square, standard deviation of 4 com-
bined sensors. Median, root mean square, standard devia-
tion of the sum of absolute values of 4 sensors. 

• Center of pressure (CoP) in two directions. The CoP is 
a parameter, weighted by the pressure of each sensor, for 
measuring the center point. It is defined as the point location 
of the vertical seat reaction force vector. The central point is 
assumed as the origin of our coordinate system 𝑂 (0, 0), and 
each load cell is located in the four corners: 𝑆1 (−1, 1), 𝑥 , 𝑥, 
and 𝑦. CoP is calculated as the difference between sensors on 
the left and right side of the chair, and between the sensors 
on the front and backside of the chair, both divided by the 
sum of all 4 sensors. It is calculated as 

𝐶𝑜 𝑃𝑥 = 
 

𝑓𝑖 ∗ 𝑥𝑖 
𝑓𝑖 

(3) 

and 

𝐶𝑜𝑃𝑦 = 
 

𝑓𝑖 ∗ 𝑦𝑖 
𝑓𝑖 

(4) 

where 𝑓𝑖 is the pressure value of each load cell sensor, and 
(𝑥𝑖 , 𝑦𝑖 ) represents the location, 𝑖 ∈ {1, 2, 3, 4}. 

• Posture activity based on CoP movement. To quantify 
dynamic postural behavior while seated, we derived a pos-
ture activity measure based on the temporal movement of 
the CoP. First, we computed the second-to-second CoP dis-
placement as the Euclidean distance between consecutive 
CoP positions. For a given time point 𝑡 (e.g., 162 seconds 
since the start of the video), we identified the immediately 
preceding measurement at time 𝑠 (e.g., 161 seconds). The 
instantaneous movement magnitude was then calculated as 

the distance between the two CoP vectors as 

ΔCoP𝑡 = 
√︃ 
(CoP𝑥,𝑡 − CoP𝑥,𝑠 )2 + (CoP𝑦,𝑡 − CoP𝑦,𝑠 )2 (5) 

where 𝑡 denotes the current time point, 𝑠 = 𝑡 − 1 denotes the 
previous second, and (CoP𝑥 , CoP𝑦 ) are the CoP coordinates. 
To capture sustained postural dynamics rather than momen-
tary fluctuations, posture activity was defined as the average 
CoP movement within a 1-minute sliding window, updated 
continuously over time. This measure reflects the overall 
intensity of postural adjustments during seated interaction. 

• Postural Synchrony (PS). Spatial synchrony captures the 
extent to which group members show similar spatial weight-
shifting behavior over time. At each time point 𝑡 , we quanti-
fied spatial dispersion within the group by calculating the 
variance of CoP coordinates across participants in both di-
rections and summing them. This dispersion value was then 
transformed into a bounded synchrony measure using an 
inverse function, such that higher values indicate stronger 
spatial alignment among participants. We further calculated 
the average PS value for each 1-min sliding window. Postural 
synchrony was computed as 

PS(𝑡 ) = 
 
1 + Var𝑖 

 
𝐶𝑜𝑃𝑥,𝑖 (𝑡 ) 

 
+ Var𝑖 

 
𝐶𝑜 𝑃𝑦,𝑖 (𝑡 ) 

 −1 (6) 

where 𝑖 indexes participants. 

5.4.4 Feature extraction from the reported data. 
• Engagement level. Engagement was discretized into three 
ordinal bins (low, mid, and high) using a quantile-based 
approach to ensure balanced group sizes for comparison. 
This discretization reduces sensitivity to noise in continuous 
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Figure 7: Timeline-aligned sensor and retrospective data across 14 groups (G1–G14). Each panel shows temporal changes in 
engagement, posture activity, and postural synchrony, alongside annotated group mood states. Highlighted regions indicate 
periods of mood alignment and non-alignment. 

self-reports and enables non-parametric group-wise analyses 
of postural features across different engagement levels. Then 

we calculated the average value of the individual and group 
engagement level for each 1-min sliding window. 
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• Aggregation of continuous mood dimensions. Within 
each 1-min sliding window, the interpolated values of va-
lence and arousal were averaged to obtain a representative 
estimate of the individual’s and group’s affective intensity 
over that time period. 

• Extraction of dominant mood label. For each window, the 
dominant mood label was determined by selecting the most 
frequently occurring categorical mood within the window, 
providing a summary of the prevailing affective state. 

• Mood alignment. We further derived a binary indicator of 
mood alignment for each 1-min sliding window based on 
the distribution of reported mood states within the group. 
Windows with neutral mood states were labeled as no-mood-
alignment because they represent an absence of a salient 
affective state. In contrast, shared non-neutral moods re-
flect a clearer alignment in the group’s emotional experience. 
Specifically, when a shared non-neutral mood state (i.e., ex-
cited, cheerful, irritated, tense, relaxed, calm, bored, or sad) 
was reported, the group was labeled as mood-alignment. 

5.4.5 Analysis of video data. Previous studies have examined 
people’s interaction and group dynamics through verbal, non-verbal, 
and movement behavior in small social group settings [31]. In light 
of this, we decided to examine synchronized behaviors by looking in 
the video recordings. Prior studies have identified interpersonal syn-
chronized behaviors when participants were moving together at the 
same time, with a temporal alignment at the bodily scale, e.g. mov-
ing in the same direction, moving back and forth at the same speed, 
maintaining eye contact, mirroring others’ actions or expressions, 
or moving synchronously with others [32]. We utilized this analyt-
ical framework to analyze our video recordings. Video recordings 
were annotated for recurring patterns of interpersonal synchrony: 
mirroring others’ actions or expressions, coordinated posture shifts, 
shared stillness, and aligned directional movements [32]. Each in-
stance was extracted and annotated with its corresponding sliding 
windows, enabling temporal alignment with the sensor data. The 
first author watched the video and marked the time blocks of inter-
personal synchronized behaviors among three or four participants 
using a video annotation tool. The team met weekly to discuss 
the annotations and resolve inconsistencies and ambiguities. To 
understand the relationship between synchronized behaviors with 
group alignment state, we calculated the total counts of synchro-
nized behaviors, averaged by the group, for each session. We then 
visualized these behaviors on a timeline for each group and over-
laid the timelines of posture activity level, engagement level, mood 
state and moments with synchrony to examine the socio-emotional 
dynamics patterns (see Figure 7). Most events were extracted from 
the 1-min sliding window around the keypoints from retrospective 
reflection data. 

6 Results 
We present our results in three parts. In subsection 6.1, we report 
quantitative analyses examining the relationships between postural 
features and retrospective reflection rating, at both the individual 
and group levels. Associations between continuous variables were 
examined using Spearman rank-order correlations, while differ-
ences across categorical groupings (e.g., engagement levels or mood 

Table 1: Summary of the Spearman correlation results be-
tween postural features and self-reported affect at the indi-
vidual and group levels. The asterisks indicate statistically 
significant results: *p < 0.05, **p < 0.01, ***p < 0.001. 

Panel A. Individual-level correlations 

Engagement Arousal Valence 

Posture_activity 0.20*** 0.23*** 0.03 
Posture_activity_𝑥 0.15*** 0.19* -0.03 
Posture_activity_𝑦 0.22*** 0.13* 0.05 
CoP_𝑥 0.07 0.09 0.09 
CoP_𝑦 0.12 0.04 -0.02 

Panel B. Group-level correlations 

G_engagement G_arousal G_valence 

G_posture_activity 0.32*** 0.37** 0.10 
G_posture_activity_𝑥 0.06 0.13 -0.14 
G_posture_activity_𝑦 0.13 0.25* 0.02 
G_CoP_𝑥 0.04 0.05 0.08 
G_CoP_𝑦 0.14 0.19* -0.13 

categories) were assessed using non-parametric Kruskal–Wallis 
tests. In subsection 6.2, we present our investigation on the rela-
tionship between postural synchrony and affective alignment, and 
on how engagement levels modulate this relationship. Lastly, we 
illustrate how detected sensor patterns can be explained in real 
interactions with annotated video segments in subsection 6.3. 

6.1 Relationship Between Postural Features and 
Affective States 

The first part examines whether the postural features extracted from 
the sensors are linked to engagement, arousal, and valence. We used 
Spearman rank correlations to identify important features that are 
correlated to each retrospective reflection data. Table 1 summarizes 
the results of the Spearman correlations between postural features 
and retrospective reflection rating at both the individual and group 
levels. 

We found that statistically significant correlations were mainly 
reflected in the posture activity, particularly along the 𝑦 axis. Pos-
ture activity, especially at the group level, showed stronger positive 
correlation with engagement (individual: 𝜌 = 0.20, 𝑝 < 0.001; 
group: 𝜌 = 0.32, 𝑝 < 0.001) and arousal (individual: 𝜌 = 0.23, 𝑝 < 
0.001; group: 𝜌 = 0.37, 𝑝 < 0.001) than with valence. Specifically, 
individual-level posture activity along the𝑦 axis (forward–backward 
movement) was positively correlated with engagement (𝜌 = 0.22, 
𝑝 < 0.001). At the group level, posture activity along the 𝑦 axis was 
also significantly correlated with group arousal (𝜌 = 0.25, 𝑝 < 0.05). 
In contrast, CoP measures did not show reliable associations with 
the affective dimensions. Based on these results, we selected pos-
ture activity as the primary feature for subsequent Kruskal–Wallis 
tests to examine distributional differences across engagement levels 
and mood states. 

6.1.1 Engagement level and posture activity. We applied the 
Kruskal-Wallis H test to further examine how posture activity varies 
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Figure 8: Box plots of posture activity across engagement levels. (Left) Overall posture activity at the individual and group level. 
(Right) Posture activity along the y-axis at the individual and group level. Posture activity generally increases with engagement, 
particularly at the individual level (** p<.01). 

Figure 9: Box plots of posture activity across mood types. (Left) Overall posture activity at the individual and group levels. 
(Right) Posture activity along the y-axis at the individual and group levels. Higher values generally observed for active states 
and lower values for passive states (** p<.01). 

across engagement levels, as the data violated normality assump-
tions. At the individual level (see Figure 8, left column), both posture 
activity (𝐻 = 21.902, 𝑝 < 0.001) and posture activity 𝑦 (𝐻 = 24.209, 
𝑝 < 0.001) were significantly higher in the high engagement condi-
tion compared to the low engagement. A similar trend was observed 
at the group level (see Figure 8, right column) but in greater vari-
ability (𝐻 = 14.088, 𝑝 < 0.001). In contrast, group posture activity 
along the 𝑦 axis did not show a statistically significant difference 
across group engagement levels, although slightly higher values 
were observed under high engagement conditions compared to low 
engagement. Our results indicate that both individual-level and 
group-level posture activity reflect engagement dynamics, espe-
cially in the forward leaning and backward shifting. Such move-
ments are commonly associated with behaviors like attentive lean-
ing, note-taking, or momentary disengagement, and may therefore 
reflect changes in cognitive or task involvement more directly than 
side-to-side adjustments. 

6.1.2 Mood state and posture activity. We also conducted 
Kruskal–Wallis H tests to further examine how posture activity 
varies across different mood states. This analysis allowed us to as-
sess whether posture activity differs between different mood states 
rather than varying only along the arousal dimension. Individual 
posture activity (𝐻 = 27.925, 𝑝 < 0.001) and posture activity 𝑦 
(𝐻 = 21.719, 𝑝 < 0.001) was significantly different across different 
mood states (see Figure 9, left column). In general, posture activ-
ity was generally higher during high arousal moods (i.e., cheerful, 

excited, and irritated) and lower in low arousal moods (i.e., calm, re-
laxed, and bored). Additionally, these moods diverged along the for-
ward–backward dimension: excited and cheerful states were charac-
terized by forward-oriented activity, whereas irritated showed more 
fragmented shifts, indicating an irregular movement when people 
experiences irritation. In contrast, calm and relaxed moods showed 
consistently low values on both metrics, indicating body stillness 
and stable posture. These differences (𝐻 = 14.318, 𝑝 < 0.01) became 
more obvious at the group level (see Figure 9, right column). In par-
ticular, while group posture activity was lower during tense moods 
than during cheerful and excited states, forward–backward posture 
activity was relatively increased. This indicates that while tense 
moments appeared more physical stiffness, they involved more ob-
vious directionally constrained posture adjustments, such as subtle 
forward–backward or upward–downward shifts. Posture activity 
reflects not only engagement intensity but also differences in affec-
tive states, and that such patterns scale from individual behavior to 
emergent group mood. However, posture activity alone does not 
capture how bodily behaviors are coordinated across group mem-
bers. This limitation motivated our analysis of postural synchrony 
as a group-level indicator of socio-emotional dynamics. 

6.2 Engagement Shapes the Relationship 
Between Postural Synchrony and Shared 
Mood 

While posture activity reflects how intensely individuals and groups 
engage in collaborative work, it does not capture how participants 
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Figure 10: Box plots of postural synchrony across mood align-
ment and engagement. (Left) Comparison of postural syn-
chrony between aligned/non-aligned conditions. (Right) Pos-
tural synchrony across low, mid, and high engagement levels 
for aligned/non-aligned conditions (** p<.01). 

coordinate their bodily behaviors with each other. We therefore 
turned to spatial synchrony to examine whether postural signals 
reflect affective alignment within groups, and how this relationship 
is shaped by different engagement levels. 

We compared postural synchrony between moments with and 
without reported mood alignment using Mann–Whitney U tests. 
As shown in Figure 10, postural synchrony was significantly higher 
during periods of mood alignment than without alignment (𝐻 = 
456.0, 𝑝 < 0.01). Groups’ bodily behaviors tended to be more spa-
tially aligned when sharing a common mood state. We further 
investigated how this relationship was shaped by group engage-
ment levels (low, mid, high segments). Results showed that under 
low (𝐻 = 221.0, 𝑝 < 0.01) and mid (𝐻 = 230.0, 𝑝 < 0.01) engage-
ment, postural synchrony remained significantly higher during 
mood aligned moments compared to non-aligned moments. In con-
trast, under high engagement, no significant difference in postural 
synchrony was observed between aligned and non-aligned mood 
states. Notably, postural synchrony levels during high engagement 
were generally lower and more variable than those observed at low 
and mid engagement contexts. 

Postural synchrony reflects both shared affective states and col-
lective engagement. Mood alignment appears to play a particularly 
important role in fostering bodily coordination when engagement 
is low or moderate. This finding supports the view that socio-
emotional alignment and engagement together shape group-level 
dynamics. 

6.3 Observed Modes of Synchronized Behavior 
in Socio-emotional Dynamics 

The previous section examined the relationship between postural 
cues and socio-emotional dynamics using statistical analyses. In 
this section, we extend this analysis through vignette-based video 
analysis to further interpret group-level patterns of socio-emotional 
dynamics during collaboration. To triangulate the sensor-derived 
measures, we conducted a qualitative video analysis focusing on 
temporally synchronized bodily behaviors. 

We selected representative vignettes that explain key quanti-
tative findings, clarify temporal dynamics, and reveal boundary 
conditions of the sensing approach. These vignettes illustrate how 
high synchrony can emerge in the absence of overt activity, how 
task-driven engagement can increase activity without correspond-
ing synchrony, and how mood alignment and bodily coordination 
unfold over time. 

6.3.1 Vignette A: Dual modes of affective alignment under 
low engagement. This vignette captures two recurrent situations 
of affective alignment under low engagement, both characterized by 
high postural synchrony but differing in posture activity intensity. 
We selected this vignette because it represents the pattern identified 
in subsection 6.2: high postural synchrony co-occurred with low en-
gagement and shared mood. Figure 11 depicts the selected instances 
with video footage. These patterns appeared repeatedly despite dif-
ferences in group, showing a common group-level phenomenon 
rather than an unique interaction style. 

In the first situation (see Figure 11), participants showed minimal 
bodily movement while maintaining temporally aligned posture 
adjustments, resulting in high synchrony with low activity. When 
participants reported, "We are waiting for the other participants to 
come up with ideas" (P21), and annotated a shared calm mood, the 
corresponding video segments showed that group members main-
tained shared stillness with leaning forward posture, and minimal 
movement (see Figure 11, Vignette A1). In another instance, par-
ticipants retrospectively reported that they were "[...] listening to 
other’s opinion" (P52, P54) and described the group mood as relax. 
Videos showed that participants were oriented towards the same fo-
cal point (speaker) with little reorientation (see Figure 11, Vignette 
A2). These moments commonly occurred during listening phases 
or transitional periods, demonstrating a stabilized state rather than 
active collaboration. 

In contrast, another situation occurred within the low engage-
ment context but was marked by increased posture activity with 
high synchrony. During low engagement episodes, participants 
reported a cheerful or excited shared mood, despite describing 
their involvement as mainly receptive. For example, P101 noted 
that he was “[...] attracted by others’ stories and laughed,” while 
P61 described the moment as a “fun moment,” and P64 remarked 
that “other participants’ ideas are really interesting.” In contrast to 
calm listening situations, video segments showed increased posture 
activity with strong temporal alignment. Group members moved 
forward almost simultaneously (see Figure 11, Vignette A3, A4), 
rotated their upper bodies in the same direction (see Figure 11, 
Vignette A3), and mirrored each other’s movements and facial ex-
pression during shared reactions such as laughter (see Figure 11, 
Vignette A3), occurring spontaneously and unconsciously. While 
movement amplitude and frequency increased, these behaviors 
appeared socially expressive rather than task-driven. 

While both situations show high postural synchrony in the sen-
sor data, the video analysis reveals different behavioral expressions 
of this synchrony, ranging from shared stillness to expressive co-
movement. Periods of increased postural synchrony often coincided 
with observable synchronized behaviors in the video data, such as 
participants leaning forward simultaneously or maintaining shared 
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Figure 11: Example vignettes illustrate how group mood alignment manifests in synchronized embodied behaviors across 
four groups (G2, G8, G5, G4). Time-series plots show engagement, posture activity, and postural synchrony, with highlighted 
periods indicating moments of group mood alignment. These periods often coincide with increased synchrony and observable 
interaction patterns, such as shared stillness, mirroring actions, or coordinated orientation. 

stillness with aligned posture during focused discussion. In con-
trast, high posture activity without corresponding increases in syn-
chrony were associated with uncoordinated posture adjustments. 
These patterns indicate that under low engagement, synchrony can 
support distinct affective modes, either stabilizing shared calm or 
amplifying shared excited, reflecting social mood alignment. 

6.3.2 Vignette B: Task-driven coordination without bodily 
alignment. This vignette captures moments of high engagement 
marked by increased posture activity and low postural synchrony, 
providing insight into the group-level patterns discussed in sub-
section 6.2. During periods of brainstorming, participants reported 
high levels of engagement and excitement. Sensor data showed in-
creased posture activity levels across individuals, while synchrony 
remained low, indicating divergent movement patterns rather than 
temporal alignment. For example, P43 reflected that “When we 
were discussing and exploring the ideas, I was more engaged.” Videos 

showed that participants mirrored facial expressions such as laugh-
ing, nodded in response to others’ opinions, and frequent eye con-
tact (see Figure 12, Vignette B1). P62 noted becoming “excited and 
engaged again” when sharing their ideas. Similarly, P64 described 
“the vibe is chill,” emphasizing that others’ contributions to their 
ideas enhanced comfort and involvement. These situations were 
confirmed through videos. Video segments revealed strong task-
driven coordination, including participants’ shared attention to-
ward the same thing (see Figure 12, Vignette B2). 

Participants were highly coordinated while remaining unsyn-
chronized at the bodily behavior. This vignette illustrates that under 
higher task engagement, postural synchrony becomes less promi-
nent. Coordination in these moments occurred mainly through 
conversational and facial channels rather than through aligned 
posture. Posture activity reflects active interaction under high en-
gagement, while postural synchrony weakens as bodily behavior 
becomes driven by task demands rather than shared affect. 
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Figure 12: Example vignettes illustrate how group mood alignment is reflected in synchronized embodied behaviors across two 
groups (G2, G4). Time-series plots show engagement, posture activity, and postural synchrony, with highlighted segments 
indicating periods of mood alignment. These periods include mirroring actions and facial expressions, shared gaze, similar 
seating configurations, and collective orientation, as confirmed through video analysis. 

6.3.3 Vignette C: Asymmetric temporal dynamics. This vi-
gnette illustrates two forms of temporal asymmetry between re-
ported affect and behavioral coordination. Two instances were 
selected to illustrate asymmetric temporal dynamics. 

Affective transition with temporal lag. A transition in group 
mood (from calm to excited) was reported before corresponding 
changes appeared in posture activity or synchrony. Retrospective 

annotations indicated a moment of positive affect triggered by a 
brief humorous remark or engaging comment, often initiated by 
a single participant. For example, one participant described feel-
ing "[...] attracted by other’s story" (P101), while others initially 
remained physically unchanged. Video analysis showed that this 
affective shift was first expressed through bodily cues, including 
laughter, and side leaning by one participant (see Figure 12, Vignette 
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C1). Over the following minute, subtle convergence became visible. 
Other participants gradually adjusted their posture, adopting simi-
lar orientations and began to mirror other’s actions (synchronized 
leaning). This delayed synchrony indicates that affective change can 
contagion over time with bodily alignment. In these cases, mood 
change acted as a precursor to synchrony. 

Synchrony during neutral mood. In contrast, the second 
episode captures moments of strong postural synchrony during 
neutral mood. Participants retrospectively labeled the group mood 
as neutral and reported low engagement, yet sensor data indicated 
high postural synchrony. Video segments revealed coordinated 
postural adjustments and similar seated configurations (see Fig-
ure 12, Vignette C2), despite the absence of emotional expression 
or increased posture activity. The observations suggest that pos-
tural synchrony can arise and persist independently of conscious 
affective labeling. In such low engagement contexts, synchrony 
appeared to reflect a latent form of social coordination rather than 
explicit emotional convergence. In some cases, this bodily align-
ment preceded later mood alignment, while in others it remained 
affectively unarticulated throughout the interaction. 

Our observations describe an asymmetric temporal dynamics 
between mood shifts and postural synchrony in real group inter-
action. Mood changes typically precede increases in synchrony, 
with behavioral alignment emerging gradually as shared affect 
consolidates over time. This delay likely reflects the different tem-
poral dynamics of affective state and bodily coordination. In low 
engagement situations, subtle synchrony may occasionally precede 
explicit mood alignment, potentially facilitating social coordination. 
However, under high engagement, task-driven activity weakens 
the coupling between affective state and postural synchrony. To-
gether, these patterns indicate that postural synchrony more often 
reflects the stabilization of shared mood rather than energizing 
group interaction. 

7 Discussion 
In this work, we demonstrate that our pressure-sensing chair proto-
type can capture meaningful aspects of socio-emotional dynamics 
in collaborative settings without disrupting workflows. Our findings 
highlight that socio-emotional dynamics emerge through the inter-
play of behavioral and affective processes. The embodied signals we 
identified can serve as a road-map for the design of collaborative 
systems. In the following section, we reflect on our results and 
provide insights for HCI researchers and designers. 

7.1 Using Postural Cues as Design Variable 
Social-emotional dynamics are a vital part of the group experience, 
but they are highly elusive and take significant effort to attain. In 
this work, we combined postural features with retrospective re-
flection to examine how bodily behavior relates to engagement 
and shared mood. Previous studies have examined the relationship 
between sitting postures and emotion recognition at the individ-
ual level, with data typically collected using wearable accelerome-
ters, force-sensitive resistors, and pressure sensors in predefined 
tasks [30, 64, 74]. In contrast, using social cues such as postural 
features, sensed through everyday objects, as information carriers 

aligns with natural communication practices [43], offering inter-
pretable traces of interaction without capturing sensitive content, 
identity, or explicit mood states. In our study, posture activity, espe-
cially movement along the front–back direction, was consistently 
associated with engagement and mood arousal across both individ-
ual and group levels. It can serve as a relatively robust indicator 
of “energy” in meetings. In contrast, postural synchrony was in-
formative when interpreted as a relational signal: it differentiated 
moments of group mood alignment from non-alignment primarily 
under low to moderate engagement. This positions posture activity 
and synchrony as complementary variables, one reflecting interac-
tion intensity, the other reflecting behavioral coupling. Accordingly, 
socio-emotional dynamics do not require high-fidelity sensing to 
be meaningfully interpreted. Instead, when posture signals are an-
alyzed at an appropriate temporal and social scale, even simple 
measurements can reveal rich insights into group interactions. 

Based on these findings, we suggest to support sensemaking 
through ambiguity. Rather than presenting precise posture clas-
sification or explicit behavioral labeling, systems should leverage 
ambiguity by adjusting the level of detail or employing aesthetic 
and metaphorical representations. Such approaches can make in-
formation less intrusive while remaining expressive and open to 
interpretation [43]. Instead of informing and distracting users with 
the obtained sensing information, we further also believe in provid-
ing feedback in an embedded form, for example through small, 
ambient desk displays. This way, the information remains glance-
able and peripheral, enabling ongoing awareness without inter-
rupting work [43, 77] or increasing cognitive load. This ambient 
approach mirrors the subtle way workers perceive each other’s 
bodily presence, while maintaining privacy. 

7.2 Capturing the Complexity of Socio-
emotional Dynamics through Situated 
Sensing 

Our quantitative results, together with the observed behavioral 
modes identified from video analysis, indicate that postural signals 
sensed through everyday objects can reveal meaningful patterns 
of socio-emotional dynamics, but only when interpreted within 
corresponding context. Posture activity cannot reliably distinguish 
engaged participation from disengagement without additional con-
text; increased posture activity may reflect coordination, but also 
fatigue, discomfort, or off-task behavior. Postural synchrony reli-
ably reflected affective alignment under low task demand, but its 
interpretive value weakened under high engagement. In such con-
texts, bodily behavior is mainly shaped by task coordination rather 
than interpersonal coordination. This interpretation aligns with 
prior work on collective emotion, which emphasizes that affective 
alignment emerges from the interplay of multiple factors [6, 29]. 

These findings motivate two complementary directions for cap-
turing socio-emotional dynamics through situated sensing. First, 
passive sensing of bodily interaction [23], including movement, 
spatial dispersion, and alignment, can be unobtrusively deployed in 
everyday settings to capture subtle patterns of social and collabora-
tive behavior. Embedding sensing into the physical environment 
(e.g., chairs, floors [47], walls [84], or lighting [42]) provides addi-
tional channels for capturing group dynamics without demanding 
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users’ attention or altering their behavior. Second, combining 
postural cues with contextual traces from tangible interactions 
integrated in everyday artifacts offers a way to reduce interpretive 
ambiguity. For example, sensing interactions with shared artifacts 
(e.g., whiteboards use, shared screen interaction) can indicate phases 
of collaborative work such as presentation, ideation, or decision-
making. These contextual traces do not need to “explain” affect. 
Instead, they situate group dynamics within the ongoing task, al-
lowing systems to support interpretation rather than inference. 
Together, combining passive postural sensing with contextual sig-
nals embedded in everyday objects offers a promising pathway 
for capturing socio-emotional dynamics as situated phenomena, 
supporting awareness and reflection without reliance on intrusive 
modalities or behavioral surveillance. 

7.3 Consider Roles, Cultural Backgrounds, and 
Temporal Dynamics when Interpreting 
Socio-emotional Dynamics 

An asymmetric temporal relationship between reported mood 
shifts and postural synchrony. In our findings, changes in re-
ported group mood often preceded increases in synchrony, while 
behavioral alignment emerged more gradually as shared affect con-
solidated over time. This lag implies that affective experience and 
bodily coordination may operate on different timescales: people 
can recognize atmosphere as shifting quickly (e.g., “it became more 
cheerful”), while bodily alignment may require repeated mutual 
orientation or gradual convergence in participation patterns. For 
systems that aim to support awareness, this means that synchrony 
should not be interpreted as an instantaneous “mood detector.” 
Instead, it may function more reliably as a stabilization signal, indi-
cating that a shared affective state is becoming coordinated, rather 
than that it has just changed. 

The synchrony can reflect different socio-emotional pat-
terns depending on people’s roles. We observed role-dependent 
synchrony in which facilitators or dominant speakers showed 
weaker postural alignment with others during active coordination 
phases, while listeners or non-speaking members appeared more 
aligned with each other. This pattern is compatible with reality: 
speakers manage turn-taking, process artifacts (e.g., screens/notes), 
and shift posture depending on situation; listeners maintain a more 
homogeneous “attending” condition, which can increase synchrony 
without implying uniformly high engagement. Practically, this sug-
gests that synchrony measures should be interpreted within the 
participation structure (e.g., speaking turns, facilitation phases, 
member roles), otherwise systems may misunderstand effective 
leadership as misalignment or confuse attentive listening with affec-
tive convergence. Our findings also highlight individual-to-group 
asymmetry: one or two expressive members sometimes displayed 
visible excitement or disengagement while the group-level mood 
label remained stable. These moments occasionally preceded later 
increases in group synchrony, pointing to the possibility of “affec-
tive leaders” [20] who trigger interactional shifts that only later 
become shared. Design systems should incorporate interpretations 
of role, adapting feedback and interventions based on participation 
structure to avoid misinterpreting functional behavioral differences 
as affective misalignment. 

Cultural background and group norms likely shape the 
mapping between bodily behavior and affect [10]. In some 
groups, overt expressiveness (laughing, big posture shifts) may be 
normative; in others, affective alignment may be expressed through 
quieter cues (sustained orientation, minimal movement, subtle mir-
roring). This matters because identical sensor patterns (e.g., low 
activity but high synchrony) can correspond either to shared calm 
engagement or to restrained interaction norms. Designers and re-
searchers should therefore treat posture-based signals as probabilis-
tic indicators whose meaning depends on cultural and interaction 
conventions, rather than as direct indicator of internal states. 

7.4 Limitations and Future Work 
Our findings indicate that socio-emotional dynamics in collabora-
tive work cannot be fully captured through a single sensing modal-
ity. While posture activity and postural synchrony showed mean-
ingful associations with engagement, arousal, and affective align-
ment, their interpretation depends on interaction context and task 
demands. Understanding socio-emotional dynamics is a complex 
process. We provide a triangulation approach, combining sensor 
data (through sensing chairs), retrospective reflection, and video 
data to aid efforts in understanding group dynamics. Our study 
relies on retrospective self-reports as ground truth, which intro-
duces limitations such as memory bias, temporal smoothing, and 
delays between experience and annotation. Retrospective anno-
tation with limited resolution (10 key points) trades validity and 
precision with study feasibility. The use of categorical labels and dis-
cretized engagement levels ease annotation and analysis but limit 
data precision. Additionally, we note that individuals within groups 
are not fully independent, which may influence statistical estimates. 
These limitations suggest opportunities to integrate real-time an-
notations, finer-grained measures, and models that account for 
group-level dependencies to enhance analytical robustness. While 
our one-coder approach for the video analysis might have intro-
duced some subjectivity, we aimed to mitigate this risk through 
the use of established analytical frameworks and the contributing 
perspectives from co-authors. 

Finally, the study was conducted in seated, co-located meetings 
within a controlled environment, which may limit generalizability 
to other collaborative settings such as hybrid meetings, standing 
interactions, or informal encounters. Future work can extend this 
approach by incorporating additional contextual traces (e.g., inter-
actions with shared artifacts), benchmarking with other modalities 
(e.g., audio, video, and physiological signals), and exploring real-
time complements to retrospective reflection. We will also explore 
how sensing information can be used meaningful through designs 
that go beyond visual representations, leveraging embodied and 
material qualities (e.g., physicalization), and support playful and 
constructive sensemaking in longitudinal deployments. 

8 Conclusion 
We presented a pressure-based sensing chair and mixed-methods 
to understand socio-emotional dynamics in collaborative meetings. 
We found that pressure-sensing chairs can unobtrusively capture 
posture activity and postural synchrony without disrupting natu-
ral interaction or compromising privacy. Through a study with 46 
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participants across 14 real team meetings, we combined postural 
features with retrospective reflection to examine how engagement, 
mood, and affective alignment relate to bodily behavior at both indi-
vidual and group levels. Using correlation analysis, non-parametric 
statistical tests, and video analysis, we found that posture activity, 
particularly forward–backward movement, was positively associ-
ated with engagement and mood arousal, while postural synchrony 
increased during moments of shared group mood. However, this 
relationship depends on interaction context. Synchrony differenti-
ated affective alignment primarily under low and mid engagement, 
but diminished under high engagement when bodily behavior was 
shaped by task demands. Overall, our findings demonstrate that sim-
ple postural signals, when interpreted at appropriate temporal and 
social scales, can provide meaningful insights into socio-emotional 
dynamics, offering a foundation for future systems that support 
awareness and reflection through everyday objects in collaborative 
work. 
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