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ABSTRACT

This study examines seniors’ creative engagement in group activities using synchronous communi-
cation tools and explores automatic assessment methods through behavioral and psychophysio-
logical measurements. Working with a small senior group on collaborative creative tasks, we
implemented a comprehensive data collection approach using audio-visual and physiological
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measurements. Machine learning models were used to evaluate group creative engagement levels
using various data subsets. Results show that engagement assessment can be effective with differ-
ent feature combinations, allowing flexibility across contexts and constraints. The multimodal
approach, combining facial, audio, and body analysis, achieved optimal performance and is recom-
mended when conditions permit. Our research provides insights into seniors’ online creative par-
ticipation and presents an automated system for detecting creative engagement in virtual teams,

supporting active participation strategies.

1. Introduction

The growing ageing population has brought increased atten-
tion to the cognitive decline associated with normal ageing,
often leading to mild disabilities and potentially progressing
to dementia. With limited success in developing effective
drug treatments for dementia, there is a growing emphasis
on lifestyle factors such as diet, exercise, and mental stimu-
lation to maintain brain health in older adults (Phillips,
2017). Creative engagement stands out as a particularly
beneficial activity, as numerous studies have shown its posi-
tive impact on cognitive abilities and overall brain health.
This study explores the creative engagement of seniors in
virtual teams using synchronous communication tools and
considers behavioural and psychophysiological measure-
ments for its automatic assessment. Our approach is
grounded in the Networked Flow model (Gaggioli et al.,
2013, 2015, 2020), which posits that collective creativity
flourishes under conditions of high-level social presence and
shared flow states. A multifaceted measurement approach,
including audio-visual and physiological data, has been set
up to collect data describing each individual in the group.
Then, a group representation derived from the data is pro-
vided to a machine learning model to estimate the level of
creative engagement of the group.

The paper is structured as follows. Section 2 provides the
background and conceptual foundations of the study.
Section 3 describes the experimental methodology. Section 4

details the procedures for acquiring, encoding, and process-
ing multimodal data. Section 5 discusses the features used to
develop the classification model for engagement values.
Finally, the conclusion section offers a general discussion of
the results, potential implications, limitations, and future
research directions.

2. Background and contributions
2.1. Related works

There is growing evidence that participation in creative
activities can foster a sense of control and promote positive
social interactions, enabling older people to strengthen their
resilience in meaningful ways. These benefits are rooted in
the motivational, attentional, affective, and social dimensions
of such activities (McFadden & Basting, 2010). In particular,
the quality of human relationships, the emotional closeness,
and the frequency of encounters are associated with positive
health outcomes as they carry emotional significance. Social
creative activities, including structured and unstructured
leisure, are typically conducted in day centres or within geri-
atric hospitals’ Residential Health Assistance facilities.
However, numerous elderly people face obstacles to regu-
larly participating in group recreational and social activities.
Poor health, family facility staffing, transportation, and geog-
raphy can influence the social interaction and participation
of elderly people in these activities (Thomas et al.,, 2013).
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Firstly, seniors may have limited mobility due to factors like
frailty or neurological conditions, making it harder to access
day centres. Additionally, the availability of these activities is
often constrained in public geriatric facilities, while private
facilities can be financially out of reach for many seniors.
Weather conditions and other unforeseen events, such as
the COVID-19 pandemic in 2020-2021, can also impose lim-
itations on mobility and thus participation in relevant social
activities.

Virtual teams have emerged as a potential solution to
improve social interaction activities for the elderly (Walsh,
2019). In this study, we define virtual teams as groups of
geographically dispersed individuals who work together
using digital communication technologies to achieve a com-
mon goal (Lipnack & Stamps, 2000). However, there is a
notable scarcity of empirical research in this area, particu-
larly concerning older adults. A crucial research question
revolves around how to effectively improve the level of
engagement in online social interactions among this demo-
graphic (Burke et al., 2010; Hofer & Hargittai, 2024; Nguyen
et al, 2022). Studies on creativity in virtual teams, although
not specifically focused on older adults, provide valuable
insights that may apply to our context. Chamakiotis et al.
(2013) highlight the interplay between technology, teams,
and individuals, highlighting that appropriate technological
tools and effective team management can mitigate the chal-
lenges posed by geographical dispersion and asynchronous
communication, thus improving creative results. Abi Saad
and Agogué (2023) underscore the importance of adapting
communication strategies and leadership styles to the unique
needs of virtual teams to maintain high levels of engagement
and creativity. Chamakiotis and Panteli (2023) examine tem-
porary virtual project teams, suggesting that the temporary
nature of such teams can either constrain or enhance cre-
ativity, depending on management and technological sup-
port. Ocker (2005) provides a qualitative analysis of
asynchronous virtual teams, identifying key factors such as
stimulating colleagues, a collaborative team environment,
and effective management of technical difficulties as crucial
to maintaining engagement and fostering creativity.

Furthermore, the impact of the use of online communica-
tion tools on the mental health of older people is mixed,
with some studies suggesting a reduction in loneliness and
an improvement in mental health, while others indicate
potential negative effects, particularly when Information and
Communication Technologies (ICTs) are used problematic-
ally (Meshi et al., 2020). Additionally, the use of online com-
munication platforms such as Zoom or Meet during the
COVID-19 pandemic has highlighted the utility of these
tools (Menary et al., 2023) but also their potential limita-
tions. For example, the so-called Zoom fatigue (Lim, 2023;
Nadler, 2020) has become a common negative experience
through the prolonged use of these platforms, which can
decrease the level of engagement and social presence. This
phenomenon may be induced by several dynamics, which
include awkward turn-taking, inhibited spontaneity,
restricted motility, lack of eye contact, and increased self-
awareness (Aagaard, 2022).

2.2. The present study

Given these gaps in the literature, there is a clear need for
research that specifically addresses the unique challenges
and opportunities for fostering creativity and engagement in
elderly virtual teams. Our study defines creative engagement
through the lens of the Networked Flow model (Gaggioli
et al., 2020, 2015, 2013), which conceptualises collective cre-
ativity as an emergent phenomenon arising from social
interactions and shared experiences. This model builds on
Csikszentmihalyi’s concept of flow - an optimal psycho-
logical state characterised by intense focus, effortless action,
and intrinsic motivation (Czikszentmihalyi, 1990; Mihaly,
1975). Networked Flow extends individual flow to collective
flow, where group members experience a shared state of
optimal engagement and creativity that can emerge and
propagate through social networks, both in-person and
online. Specifically, we define creative engagement as: (i)
Active participation: The extent to which older adults con-
tribute ideas, respond to others, and remain involved in the
creative task; (ii) Cognitive involvement: The level of focus,
attention, and mental effort directed towards the creative
activity; (iii) Emotional investment: The degree of enthusi-
asm, interest, and positive affect displayed during the virtual
interaction; (iv) Collaborative behavior: The willingness to
build upon others’ ideas, offer constructive feedback, and
work towards shared goals; (v) Adaptability to the virtual
environment: The ability to navigate and utilise the digital
platform effectively for creative expression. Building on this
foundation, our study seeks to operationalise and measure
these dynamics in the specific context of virtual teams made
up of older adults. Accordingly, we aim to address the fol-
lowing research question:

RQ: How can we effectively measure and predict creative
engagement in virtual teams of older adults using multimodal
data and machine learning approaches?

As - to the best of our knowledge - this research is the
first of its kind, a custom ad-hoc methodology was devel-
oped to study, measure, and classify creative engagement
(i.e., Networked Flow) experiences of virtual elderly teams
using a machine learning approach. The research protocol
involved assigning participants to small groups, each moder-
ated by a researcher. Each of these groups was then given a
collaborative creative task (i.e., inventing a last-minute
recipe with available cupboard ingredients) to be completed
remotely.

Our operationalisation of creative engagement incorpo-
rated multiple measures to capture the complex nature of
this construct:

1. Expert ratings: Two independent raters assessed the cre-
ative engagement of each participant using a Likert-type
5-point scale (1 = absence of engagement, 5 = max-
imum engagement) at 2-minute intervals. This approach
was based on established methods for assessing flow
states in creative activities (e.g., Csikszentmihalyi &
Csikszentmihalyi, 1992).



2. Behavioural indicators: We collected audio-visual data
to capture facial expressions, body movements, and
vocal cues, which have been shown to correlate with
engagement and flow states in previous research (e.g.,
Boccignone et al., 2018).

3. Physiological measures: We used wearable technology to
measure galvanic skin response and heart rate, which
can indicate arousal and cognitive engagement (e.g.,
Egger et al., 2019).

Such characteristics have been measured from the audio,
video, inertial and physiological signals using existing meth-
odologies (Baltrusaitis et al., 2018; Cao et al., 2019; Greco
et al., 2016; Mauch & Dixon, 2014; McFee et al., 2015;
Serengil & Ozpinar, 2020; Tomenotti et al, 2024).
Subsequently, we synthesised these findings to construct a
predictive model capable of identifying salient attributes that
signal creative engagement, thus automating the detection of
this experience within collaborative groups. To this purpose,
we designed a feed-forward network to address group
engagement as a regression problem: the multi-faceted
description of the group interaction over time was fed into
the neural network that returned a value, representing the
predicted engagement.

3. Methodology
3.1. Participants

The study involved 12 female participants aged between 77
and 93 years (M = 84 years). All participants had no previous
experience with computer devices or video calls. Participants
were recruited from a local retirement home. Informed con-
sent was obtained from all participants and the study was
approved by the Institutional Ethics Commission for
Research in Psychology (approval date: 11 May 2021, proto-
col number: 34-21).

3.2. Experimental design

We employed a within-subjects design where each partici-
pant took part in a collaborative creative task via video call.
The participants were organized into groups of three, with
four separate acquisition sessions conducted.

3.3. Experimental task

The collaborative task involved creating recipes using a lim-
ited set of ingredients: flour, eggs, cheese, and tomatoes. An
image of these ingredients was displayed to participants dur-
ing the task.

3.4. Procedure

Based on pilot testing, we determined that groups of three
participants and sessions lasting approximately 20 minutes
were optimal for engagement and participant comfort.
Specifically, different team sizes are adopted in the literature,
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such as teams of 8-9 participants in Chamakiotis et al.
(2013) and groups of four-five participants in Abi Saad and
Agogué (2023). Initially, we formed groups of five partici-
pants plus a researcher, but this setup limited the participa-
tion. Therefore, we reduced the number of participants to
three. We also planned 30-minute sessions as in
Chamakiotis et al. (2013), but participants showed discom-
fort after 20minutes, invalidating the experiment.
Consequently, we reduced the session duration to a max-
imum of 20minutes. At the start of each session, the
researcher introduced the collaboration task:

You are invited to join a team culinary challenge. Here is the
scenario: guests are on their way for lunch and you find that
you have not shopped for ingredients. Your cupboard contains
only flour, eggs, cheese, and tomatoes. Let us brainstorm: with
these items, what dishes could we create to serve our guests?
Feel free to use any combination of these four ingredients to
create delicious recipes. Each participant is encouraged to
suggest one or more recipes, and you can also build on ideas
presented by others. There is no limit to the number of recipes
that you can come up with. We will take turns presenting our
ideas, and then we will decide on a recipe to make together. If
you have any questions or need assistance at any point, please
don’t hesitate to speak up.

The task was designed to be accessible and engaging for
elderly participants, drawing on familiar contexts and
encouraging collaboration.

3.5. Materials and apparatus

Participants used computers equipped with webcams and
microphones. The Zoom platform was used for video con-
ferencing. A mosaic video of the entire virtual meeting was
recorded for synchronisation purposes. Figure 1 shows a
screenshot of the online collaboration task as seen by the
participants.

4. Multi-modal data: acquisition and processing

The setup for data acquisition during the virtual interaction
experiences is depicted in Figure 2. In each acquisition,
three participants were in their rooms at a retirement home,
in front of a computer, wearing a wristband and earphones
equipped with a microphone. It is worth noting that, as
shown in the figure, the acquisition conditions were not
tightly controlled, with variations in light, environment, and
participant positions. Participants could choose their pre-
ferred seating position during the call, whether closer to or
farther from the monitor. During the session, a psychologist
was available in a separate room to facilitate the call.

During the sessions, we acquired multimodal signals
according to three different modalities: physiological, audio,
and video (see Table 1). Physiological signals were collected
using the Empatica E4 bracelet (Empatica, 2019), specifically
designed for research and clinical applications, and possessing
medical (FDA) and electronic certifications. Participants wore
the bracelet on their non-dominant hand to attenuate the
effect of noise in the acquisitions. Speech recordings of all
participants were obtained through video conferencing using
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Figure 1. Screenshot example, where the identity of the participants is anonymised by exploiting DeepPrivacy model (Hukkelds et al., 2019). The Centre showcases
projected images of the ingredients intended for proposing recipes; positioned on the right is the psychologist, and the remaining three individuals are the experi-

ment participants.

| Body&Head pose detector |
Face analysis

Video-based features

Group
Engagement
Level

16

Synchronization

Concatenation

Figure 2. A visual sketch of our data acquisition. three participants (in orange on the left) participated in an online call from their rooms. They were in front of a
computer equipped with a webcam and a microphone, wearing a wristband to acquire physiological measures. The acquisition was made under weakly controlled
ecological conditions. In another room, the psychologist (in magenta on the bottom left) led the session. We acquired physiological, audio, and video streams,
which were later synchronised and represented with an ensemble of features. These features were concatenated over time into fixed-size temporal windows and

input into a neural network to predict the level of engagement.

the Zoom platform. Participants’ upper-body videos were
captured using their computer’s webcams, while a mosaic
video of the entire virtual meeting was recorded for syn-
chronisation purposes. This approach is particularly indicated,
albeit at a limited video resolution, in situations where gain-
ing access to individual participants’ computers for separate
video stream recording is difficult or not feasible.

Following the acquisition and collection of the multi-
modal signals, synchronisation was achieved by referencing
the internal clocks of the devices, and the beginning of the

acquisition was automatically marked with a prearranged
clapperboard signal. Next, a set of instantaneous features, as
summarised in Table 1, was extracted from the synchronised
signals. The following sections delve into the methodologies
we employed.

4.1. Expert ratings

To assess the group’s creative engagement, we opted for an
approach that would capture the emergence of group flow
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Table 1. List of adopted devices, recorded modalities, related sampling rate and extracted features with the relative dimensionality.

Device Modality Rate Feature Size
Webcam Video 30 fps Average Motion (AM) 1
Video 30 fps Head pose (HP) 3
Video 30 fps Action Units (AU) 17
Video 30 fps Face emotion (Em) 7
Microphone Audio 32kHz Intensity (In) 1
Audio 32kHz Pitch (Pi) 1
Audio 32kHz Mel-Frequency Cepstral Coefficients (MC) 13
Empatica E4 Accelerometer 32Hz Euclidean Norm Minus One (EN) 1
EDA 4Hz Skin Conductance Response (SR) 1
EDA 4Hz Skin Conductance Level (SL) 1
Heart rate 1Hz Heart rate (HR) 1

o 2000 4000

angry
disgust
fear
happy

y N neutral

y sad

surprise

o

6000 8000 10000 12000 14000

Figure 3. On the left, the experimental setting for upper-body video recording. The identity of the participant is anonymised by exploiting the DeepPrivacy network
(Hukkelas et al., 2019). On the right, an example of facial emotion recognition for seven basic emotions applied over the length of the experiment for a specific par-
ticipant. The activation of each basic emotion is expressed as a percentage that varies over time with respect to the overall emotional status.

behaviour through external observation rather than relying
on self-reports. External raters can provide a more impartial
assessment of group dynamics and engagement levels, free
from individual biases or self-perception issues that might
affect self-reports.

They can also observe and evaluate the entire session
without interrupting the flow of the activity, which would
be necessary for periodic self-reports. This decision aligns
with previous research on social signal processing, such as
the work by Hsiao et al. (2012), who used external raters to
rate engagement levels on a 1-4 scale for arbitrary-length
periods, which were then aggregated into sliding windows.

Following a similar methodology, two independent raters
(each holding an M.Sc. degree in Psychology) assessed the
creative engagement of each participant during each video
session using a Likert-type scale ranging from 1 (absence of
engagement) to 5 (maximum engagement), with assessments
conducted in 2-minute intervals. To gauge inter-rater agree-
ment, we conducted a Cronbach’s alpha reliability test,
revealing a high level of concordance between raters
(o =0.94). Following this, the results were averaged to
derive a group-level engagement score over time.

The overall mean engagement score across all groups was
3.61 (SD = 1.13) on the 5-point scale. This relatively high
average score suggests that, in general, the older adult par-
ticipants in our study demonstrated a good level of creative
engagement in the virtual task. The standard deviation indi-
cates moderate variability in engagement levels, which could
be attributed to individual differences, group dynamics, or
varying levels of comfort with technology. This finding is
particularly encouraging, given that the participants had no
prior experience with computer devices or video calls, sug-
gesting that older adults can effectively engage in creative
tasks in virtual environments when provided with appropri-
ate support and a structured activity.

4.2. Behavioural indicators

4.2.1. Video features: face

The face is considered the primary communication channel
that plays a crucial role in our social interactions. Therefore,
we aimed to evaluate its effectiveness in this experiment by
collecting facial expressiveness features, specifically the
Action Units and Facial Expressions.

OpenFace (Baltrusaitis et al, 2018; Baltrusaitis et al.,
2015) was used to estimate the intensity of 17 action units
(specifically AU 1, 2, 4, 5, 6, 7, 9, 10, 12, 14, 15, 17, 20, 23,
25, 26, and 45) (Zhi et al., 2020). Furthermore, we character-
ise facial expression using DeepFace (Serengil & Ozpinar,
2020), which categorises them into the seven basic emotions
(angry, disgust, fear, happy, sad, surprise, neutral) over time,
as shown in Figure 3. Although this characterisation has a
limited reliability as an emotion label, it serves as a proxy
for assessing the level of engagement of a subject.

4.2.2. Video features: body and motion
Considering that we were operating in an uncontrolled
environment and allowing for variations in the distance
between participants and the acquisition system, we also
accounted for features that demanded a lower level of detail
than what was typically necessary for the extraction of facial
features. Furthermore, this kind of investigation could be
applied under certain privacy constraints that might permit
the presence of cameras while maintaining a distant view-
point to preserve individual identities. Specifically, we con-
sidered video-based features that were more tolerant of
variations in camera viewpoint, based on the analysis of
body pose and motion.

To this end, all videos were processed with OpenPose
(Cao et al., 2019) to obtain a representation (for each frame)
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of the upper body pose, detecting a set of key points corre-
sponding to body joints or relevant locations (see a visual
representation in Figure 4). For each key point, the instant-
aneous velocity was computed as the magnitude of the dif-
ference vector between the position of the joint in two
adjacent frames. The instantaneous Average Motion (AM)
was then derived as the mean of the velocity magnitude of
the joints in a frame. The key points located on the face
were provided as input to the HHP-net method (Cantarini
et al., 2022; Tomenotti et al., 2024) to derive a representa-
tion of the head pose (HP) in terms of yaw, pitch, and roll
angles expressed with respect to a reference frontal head
pose (examples in Figure 4, where we show the projection
on the image plane from yaw and pitch using the Tait-
Bryan angles).

In Figure 5, we present examples of the evolution of the
pitch angle and the average motion over time in a session,
with the annotated level of engagement marked by the dot-
ted line. The blue shadowed area represents the variability
of the features among the three subjects involved in the

-—

session, while the average value is represented by the blue
line. On the left, the evolution of the pitch angle shows that
the level of engagement tends to be higher when the angle is
close to 0.5, corresponding to the head pose of a person
looking in a frontal direction. Intuitively, this indicates a
high level of attention from the person. In the right plot, the
average motion shows a tendency to be higher when the
level of engagement is also higher, suggesting that the per-
son tends to be more active when engaged in an interaction.

4.3. Audio features

Acoustic features can offer valuable insights into the dynam-
ics of social interactions in an efficient and non-invasive
manner (Pentland, 2004). Therefore, we decided to incorp-
orate audio-based features into our analysis. The audio sig-
nal recorded during the entire video conference was
normalised to ensure consistency among all participants,
effectively reducing variations caused by different recording

Figure 4. Two examples of output obtained by applying a pose detector (OpenPose (Cao et al., 2019)) followed by head pose estimation (HHP-net, (Cantarini et al.,
2022)) to the video frames. The output includes a set of key points, marking relevant body locations, and a vector indicating the rough orientation of the head. For
visualisation purposes, we also show some important connections between joints, although they are not included in the output of the pose detector.
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Figure 5. Examples of the behaviour of head and motion features over time. In both plots, the level of engagement is marked with the dotted line, while in blue the
mean value of the features among the three subjects involved in a session is reported. The shadowed area indicates the variability between the subjects. Above, the
evolution of the pitch angle is shown. The engagement is higher where the pitch is close to 0.5, corresponding to the person heading the frontal view. This is an indi-
cation of the attention of the person towards the monitor, and thus the call. At the bottom, the average motion of the body joints is reported. Here we may observe
that the quantity of motion seems directly correlated with the engagement, showing that if the latter is high the person tends to be dynamically active.



environments. This normalisation process involved applying
a uniform gain across the signal while preserving the signal-
to-noise ratio and overall dynamic levels. We used Root
Mean Square (RMS) normalisation, a type of loudness nor-
malisation typically used for this purpose. The RMS energy
signal was then extracted using the Librosa library (McFee
et al,, 2015). We employed a hop length of 256 samples and
a frame length of 512 samples (i.e., 8 ms and 16 ms respect-
ively @ 320 kbps), thus obtaining an energy signal at a sam-
ple rate of 125Hz. The pitch, corresponding to the
physiological parameter of the frequency of vibration of the
vocal folds (fundamental frequency), was estimated using
the two-step algorithm pYIN (Mauch & Dixon, 2014), fol-
lowed by a low-pass filter with a cut-off at 400 Hz, given the
a priori knowledge that the female fundamental frequency
spans from 165 to 255Hz (Baken & Orlikoff, 2000). Finally,
the initial 13 Mel-Frequency Cepstral Coefficients (MFCC),
which capture the general shape of the spectral envelope
(commonly associated with timbre) through the short-term
power spectrum of a sound, along with their first- and
second-order derivatives, were computed.

4.4. Physiological measures

The physiological responses of an individual’s body enable
the detection of changes in arousal, stress levels, and cogni-
tive workload. These factors are closely associated with the
level of involvement, interest, or attention of the individual
during various activities or interactions (Boccignone et al.,
2018; Egger et al., 2019). Concerning each signal recorded
by the Empatica E4 wristband, specific preprocessing was
needed, considering the nature of each signal.

Electrodermal activity (EDA) measures electrical skin
resistance in the presence of sweat produced by the body.
More precisely, when significant sweating occurs, the elec-
trical skin resistance decreases, whereas dry skin produces
higher resistance. Emotions with prominent arousal, such as
excitement, stress, or fear, can induce fluctuations in skin
conductivity (Lang et al., 1993). An EDA signal has two
main additive components: a slowly changing tonic part,
referred to as the skin conductance level (SCL), and a phasic
skin conductance response (SCR), characterised by rapidly
changing peaks associated with short-term stimuli. To quan-
tify the SCR amplitude, we applied a decomposition process
to the EDA signal, based on the cvxEDA algorithm (Greco
et al,, 2016).

The number of complete heartbeats in a specific time
window, referred to as heart rate (HR), is closely related to
emotional arousal and depends on the activity of the sympa-
thetic and parasympathetic nervous systems (Zhu et al,
2019). The HR signal was used as-is since it already repre-
sented a high-level characteristic of heart activity.

Another signal provided by the Empatica E4, though not
strictly related to physiological cues, was from the three-axis
accelerometer. This type of signal measured the participant’s
movement during the experiment, which could be linked to
a stressful or particularly engaging state (Hooker & Masters,
2016). The raw signals from each of the three axes were
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combined into a vector magnitude calculated as the
Euclidean Norm Minus One (ENMO), summing the squared
acceleration of the three axes and then subtracting the gravi-
tational component (1g, one gravitational unit). The
increases in ENMO values were assumed to indicate higher
levels of physical activity.

5. Analysis of group engagement through
multimodal features

We discuss the methodology for the analysis of group
engagement, with a summarised visual representation pro-
vided in Figure 2.

5.1. Features collection

To describe a virtual interaction session, we first extracted the
set of features for each participant from the video and other
sensors, as described in Section 4. Unlike video and physio-
logical signals, which are distinct for each subject, the audio
teatures were collected at a group level (see Section 4.2).

In principle, at each instant, each individual could be rep-
resented by a 47-element vector (as derived from the last
column in Table 1), incorporating 28 video-based features, 4
physiological features, and 15 audio features. However, in
this proof-of-concept experiment, our aim was to evaluate
the reliability of different subsets of feature modalities. The
identification of feature subsets was guided by envisioning
various potential application scenarios, considering struc-
tural constraints (e.g., the availability of certain sensors, the
placement of cameras at different distances, or difficulties in
using wearable devices with uncooperative subjects) or priv-
acy issues (e.g., the prohibition of camera use).

In general, for any feature subset (e.g., facial, audio, and
physiological features alone or combined), we gathered the
corresponding instantaneous feature representations over
time for the subjects participating in the experimental ses-
sion under analysis. Naturally, the audio features were col-
lected only once, as they pertain to the entire group. Each
feature subset aimed to capture the collective group’s behav-
iour through the temporal measurements of the chosen
features.

Before proceeding to the next step, we synchronised the
signals and resampled them at a common frequency of 4 Hz
(the lowest in Table 1, excluding heart rate). A sketch of
this pipeline is shown in Figure 2-right.

5.2. Regression model

We addressed the task of estimating group creative engage-
ment as a regression problem. The features of each subset,
gathered and processed as explained above, were provided
as input to a supervised learning algorithm. Considering the
limited amount of available data, we used a Leave-One-
Group-Out paradigm: given the groups available, we left out
the data of one group as a test set while training the model
on the data from the remaining groups. Training and test
sets were created by partitioning the group features into
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time windows of 2seconds (as shown in Figure 2) and
reshaping them into one-dimensional vectors.

The vector was provided as input to a neural network to
predict the value of group engagement at each time instant.
The neural network was composed of six layers (with 256,
128, 64, 32, 16, and 8 neurons and ReLU non-linear activa-
tion) and a final one-dimensional output layer. For all
experiments, the network was trained under the same condi-
tions, using Adam as an optimiser and the square loss func-
tion, for 200 epochs with a batch size of 32. Considering
that the annotations produced by the domain experts were
rather sparse (being provided every 2minutes, see Section
4.1), we opted to propagate backward the annotated engage-
ment level to the samples between two annotation instants.

5.3. Prediction results

The results we obtained are summarised in Table 2. The
investigation was carried out by evaluating different subsets
of features to assess their suitability for this task. Each row
in the table corresponds to a model derived from the feature
subset reported in the first column. The performance of the
regression model was evaluated in terms of the Mean
Absolute Error (MAE) and the standard deviation between
the annotations of creative engagement of the group and the
predicted values (recall that engagement takes values in the
interval [1 — 5]).

In the table, we present our results according to three dif-
ferent views. First, we provide the MAE considering the
instantaneous predictions of our models. Next, we applied
temporal smoothing using a simple running average over a
window of approximately 15seconds to reduce instantan-
eous noise in the predictions. Finally, we aggregated the pre-
dictions into 2-minute time windows that fully overlap with
the annotations provided by the psychologist, thus achieving
a one-to-one mapping between annotations and predictions.

Taking a broader view, we notice a consistent behaviour
of different feature sets across the three columns.

Table 2. Average performance achieved by individual feature sets or their
combinations.

MAE MAE

Feature set MAE (smoothing) (2 mins)

Face (AU, Em) 0.86+0.70 0.81+0.66 0.78 +0.27
Body (AM,HP) 1.03+0.83 0.96+0.83 0.98+0.09
Audio (In, Pi, MC) 0.82 +0.65 0.80+0.73 0.84+0.13
Physio (SL,SR,HR) 0.94+0.89 0.99+0.91 0.94+0.30
Face 4 Audio 0.84+0.65 0.79+0.64 0.81+0.14
Face + Body 0.87 £0.67 0.77 £0.64 0.77 £0.22
Body + Audio 0.83 +0.63 0.84+0.60 0.84+0.12
Physio + Face 0.93+0.75 0.86+0.77 0.90+0.19
Physio + Body 0.95+0.81 0.85+0.80 0.98+0.33
Physio + Audio 0.96 +0.74 1.02+0.63 0.96 £0.30
Face + Body + Audio 0.81+0.61 0.78 +0.63 0.75+0.18
Face -+ Physio -+ Audio 0.99+0.78 0.88+0.75 1.00£0.29
Body + Physio + Audio 0.95+0.77 0.90+0.76 0.97+0.28
Face + Body + Physio 0.96 +0.77 0.91+0.73 0.93+0.20
Face + Body + Audio + Physio 1.01+0.76 0.87+£0.78 1.06 +£0.35

The outcomes are presented in the format MAE + STD. For the column in the
Centre, smoothing is applied considering time windows of length ~ 15s. the
top-performing result per column is indicated in bold, and the second and
third-best outcomes are underlined. A worthwhile reminder is that the
group creative engagement values are in the range [1,5].

Furthermore, on average, the most favourable MAE results
are obtained when time smoothing is applied, while a sub-
stantial reduction in standard deviation is achieved when
data are aggregated every 2 minutes. In the following discus-
sion, we mainly reference the results obtained by aggregating
over two minutes (last column), as they are the most con-
sistent with the annotations.

Upon closer examination of the distinct feature sets, it
becomes evident that, when considered separately, the Face
and Audio features yield the most favourable MAE results.
In contrast, Body and Physiological features consistently
exhibit lower performance, with an approximate 0.15 MAE
deterioration. This outcome is intuitively plausible, given
that facial expressions and vocal cues are the primary chan-
nels of communication that we rely on heavily during social
interactions.

Furthermore, when analysing all pairs, it becomes clear
that all pairs excluding the Physio features perform compar-
ably, with a slightly better MAE for Face and Body and Face
and Audio, once again highlighting the importance of facial
features. Notably, the combination of Body and Audio fea-
tures appears to be the most consistent across all three col-
umns, indicating that, despite some noise, it maintains
stable performance. Overall, it seems that physiological fea-
tures contribute minimally to this task, a conclusion further
supported when they are included in larger feature sets.
Indeed, the triplet Face, Body, and Audio provides the best
MAE among the triplets and achieves the absolute best
MAE in the first and last columns.

5.4. Statistical inference

Once the comparative metrics were computed for all the
subsets of features, we applied statistical significance tests to
determine whether the observed differences between experi-
ments were due to sampling error or chance. Table 2 reports
the average performance achieved by individual feature sets
or their combinations. The purpose of the statistical tests
conducted was to establish whether these differences reflect
real improvements of one feature set over another.

To achieve this, we used conventional statistical hypoth-
esis testing procedures. For more than two populations,
repeated ANOVA with Tukey’s post-hoc test is typically
employed. However, such a procedure requires normality
and homoscedasticity (equal variance) among all populations
considered in the test. When these conditions are not met,
as was the case here, a Friedman test with Nemenyi post-
hoc test to establish pairwise differences among populations
is the appropriate approach. More specifically, the Nemenyi
post-hoc test was used after rejecting Friedman’s null
hypothesis of equality of sample medians.

We performed these statistical tests using the autorank
Python package (Herbold, 2020). This package analysed
metrics related to instantaneous predictions (as described in
Section 5.3) across all combinations of feature sets.

The results of the statistical testing procedure on the
Mean Absolute Error (MAE) of the different feature sets are
as follows:



1. We reject the null hypothesis that any of the popula-
tions are normally distributed.

2. We reject the null hypothesis of the Friedman test,
which states that there is no difference in the central
tendency of the populations.

These results indicate that there are statistically signifi-
cant differences among the feature sets in terms of their pre-
dictive performance.

According to the post-hoc Nemenyi test results, we
inferred the absence of significant differences within the fol-
lowing group comparisons: face-body-audio versus audio;
audio versus body-audio; body-audio versus face-audio; face
versus face-body; physio versus physio-body-audio, and
physio-face-audio; physio-body-audio versus physio-face-
audio, and physio-audio; physio-audio versus physio-face-
body, and physio-body; and physio-face-body versus physio-
body, and physio-face-body-audio. Notably, all other com-
parisons showed statistically significant differences.

In the Nemenyi test, we calculated the difference between
the mean rankings among all the feature sets considered.
Specifically, after calculating the MAE for each feature set, a
ranking was established, with lower MAE values receiving
higher ranks. In cases of tied MAE values, the corresponding
feature sets shared the average of their ranks. The mean rank
for each feature set was then computed by averaging these
ranks. Consequently, a lower MAE contributed to a higher
rank, and the mean ranks served as a concise measure for
comparing the overall performance of different feature sets.

The output of the post-hoc Nemenyi test can be visual-
ised through the Critical Difference (CD) diagram in
Figure 6. This diagram is often used in the context of post-
hoc multiple comparison tests; it visually represents the
minimum significant difference required between the means
of two groups to be considered statistically different. The
mean ranks of each feature set were considered, where, as
already mentioned, higher ranks mean lower MAE in this
specific case. Each feature set is represented by a vertical
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line, and the horizontal bars connecting these lines indicate
the critical differences. Feature sets whose difference in
ranks did not exceed the significance level of o = 0.05 are
joined by thick lines and cannot be considered significantly
different. On the other hand, if there is no intersection, it
indicates a statistically significant difference.

By examining the equivalence groups, we can deduce that
each group is defined by a distinct primary feature while
incorporating various combinations of features, including
the primary one. This is evident in the group with the high-
est mean rank, where audio emerges as the primary feature,
and similar patterns can be observed in the remaining
groups. For instance, physiological signals exhibit limitations
in optimising the performance of any group. Furthermore,
even though there is a significant difference between the
groups, it can be observed from Table 1 that the mean ranks
do not change much for the first six feature sets. This sug-
gests the feasibility of implementing an experimental proto-
col using any of these feature sets, which results in
satisfactory performance in all cases.

6. Discussion and conclusions

In this work, we contributed a methodology for the automatic
assessment of creative engagement in virtual teams, with a
specific focus on older adults - a demographic that has been
understudied in the context of virtual collaboration.

Our primary contribution lies in advancing the empirical
application of the Networked Flow model to virtual creative
collaboration among older adults. By demonstrating how
individual behavioural and physiological indicators can be
aggregated to predict group-level creative engagement, we
provide empirical support for the model’s conceptualisation
of collective creativity as an emergent phenomenon in this
previously unexplored demographic (Gaggioli et al., 2013).
This insight has the potential to bridge the gap between
individual-level creativity and team-level creative outputs in
virtual settings for older adults, offering a more comprehen-
sive understanding of how creative processes unfold in
digital collaborative spaces for this age group.

15 14 13° 12 11 10 9 B 7 6 5 4 3 2 1
1

L 1 1 1 1 1

- 1 L 1

body face-body-audio
physio-face-body-audio audio
physio-body body-audio
physio-face-body face-audio
physio-audio face
physio-face-audio face-body
physio-body-audio physio-face
physio

Figure 6. Result of the Nemenyi post-hoc test shown as a Critical distance (CD) diagram. CD diagrams visualise the mean ranks of populations. Populations that are

not significantly different are connected by a horizontal bar.
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Our second contribution is a novel multimodal approach
for measuring creative engagement in virtual settings, with a
particular emphasis on its application to older adults.
Importantly, our study diverges from traditional methodolo-
gies by employing independent raters rather than self-
reports to assess engagement levels. This approach mitigates
potential biases associated with self-reporting and provides a
more objective measure of engagement. In particular, our
results suggested that individual creative engagement in vir-
tual settings is manifested through observable behavioural
cues, even in older adults who may be less familiar with
digital technologies.

Our third contribution is demonstrating the feasibility of
promoting and measuring creative engagement among older
adults in digital environments - an area that has received
limited attention in previous research. The overall mean
engagement score across all groups indicated a good level of
creative engagement among participants. Such results chal-
lenge assumptions about technology adoption and engage-
ment among older adults, suggesting that with appropriate
support and structure, this demographic can effectively par-
ticipate in and benefit from virtual creative collaborations.
This opens new possibilities for inclusive social activities
that can be accessed regardless of physical limitations or
geographical constraints, which is particularly relevant for
older populations who may face mobility challenges.

Despite these contributions, our study has limitations
that point to directions for future research. Our sample size
was relatively small and homogeneous, consisting only of
female participants from a single retirement home. Future
studies should aim for larger, more diverse samples to
enhance generalisability. Additionally, our experiment was
conducted in a controlled setting with a specific creative
task. Further research could explore how our methodology
performs in more diverse contexts and with different types
of creative activities.

Future research should focus on improving the precision
and effectiveness of creative engagement measurement tech-
niques for older adults, ensuring their resilience and ease of
use in different contexts, and considering cultural nuances
in engagement patterns. Furthermore, triangulating quantita-
tive findings with qualitative methodologies, such as in-
depth interviews with elderly participants, would provide
richer insights into the cognitive and emotional aspects of
using technology for social connection and its impact on
mental well-being.

In conclusion, our study provides a novel approach for
automatically measuring creative engagement in virtual
teams of older adults, addressing an increasingly important
area as our society ages and becomes more digitally con-
nected. By combining multimodal data analysis with
machine learning techniques, we describe a method that
could yield reliable and easily obtainable indicators of
engagement. This approach has the potential to support the
development and evaluation of virtual platforms and activ-
ities tailored for older adults, ensuring that they can fully
participate in and benefit from digital social and creative
experiences. Moreover, these indicators could be extended to

virtual rehabilitation group settings, offering valuable tools
for healthcare professionals to monitor and enhance patient
engagement in remote therapy sessions. Ultimately, such
tools could play a crucial role in promoting cognitive health,
fostering social connections, and enhancing overall well-
being in later life, as virtual interactions become an integral
part of elderly care, rehabilitation, and social engagement
strategies.
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