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Abstract

Hyperscanning refers to the simultaneous recording of brain activity from
two or more individuals. Since its introduction in 2002, this approach
has represented a major methodological advance in social neuroscience,
enabling researchers to directly investigate the neural mechanisms un-
derlying active social exchange. Around the early 2010s, the use of func-
tional near-infrared spectroscopy (fNIRS) became increasingly popular in
hyperscanning research. This trend was driven by the technique’s high
tolerance for head and body movements, its noninvasive nature, and its
portability, which together made it particularly suitable for examining
neural dynamics during naturalistic social interactions. Over time, the
hyperscanning literature has evolved along two main and interrelated
trajectories. The first is methodological, focusing on improving the ac-
quisition and analysis of brain signals in experimental settings that allow
greater freedom of movement and more ecologically valid social inter-
actions. The second is conceptual, aiming to elucidate how the brain
supports active social engagement at both the intra- and interpersonal
levels. In line with these directions, the present thesis is based on five
experimental studies encompassing both methodological and conceptual
investigations. On one side, Chapter 2 presents two experimental studies
aimed at improving the identification and correction of motion artifacts in
fNIRS data. The first study introduces and demonstrates the feasibility
of a computer vision approach for extracting head movement information
from video recordings. Using these ground-truth movement features, the
second study examines the relationship between specific movement char-
acteristics and the corresponding noise patterns in fNIRS signals. On

the other side, the thesis includes three additional experimental studies
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designed to examine how relational factors influence patterns of interper-
sonal neural synchrony and functional connectivity. Specifically, Chapter
3 presents studies investigating how the linguistic features and emotional
content of dialogues are associated with, and supported by, patterns of
prefrontal interpersonal synchrony and within-brain functional connec-
tivity. Chapter 4 reports a large-scale hyperscanning study involving 284
participants, which examines how interpersonal closeness and task inter-
activity modulate interpersonal neural synchrony. Methodologically, this
thesis demonstrates the feasibility of using computer vision techniques
to extract reliable movement features during fNIRS acquisition and to
link these features to motion-induced artifacts. These results provide
an empirical foundation for developing more robust, movement-informed
pre-processing pipelines. Conceptually, the findings show that emotional
content and linguistic complexity modulate both interpersonal and intra-
personal neural coupling, suggesting that cognitive and affective dimen-
sions of communication jointly shape the coordination of neural activ-
ity between and within interacting individuals. Moreover, interpersonal
closeness and task interactivity were found to differentially influence syn-
chrony patterns across prefrontal and temporo-parietal regions. Overall,
this work highlights the interdependence between methodological inno-
vation and conceptual understanding in social neuroscience. By present-
ing works on both computer vision-based movement annotations and
naturalistic hyperscanning paradigms, the thesis contributes to a more
ecologically grounded framework for studying interpersonal neural syn-
chrony. These insights hold both theoretical significance for models of
social cognition and practical potential for applications in educational,

clinical, and everyday interactive contexts.
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Chapter 1

Introduction to

Hyperscanning

The content of this chapter is based on the publication: Carollo, A.,
& Esposito, G. (2024). Hyperscanning literature after two decades of
neuroscientific research: A scientometric review. Neuroscience, 551, 345-
354. https://doi.org/10.1016/j.neuroscience.2024.05.045.

In some parts, the text has been modified for consistency with the

dissertation style.

1.1 Pearls and Threads

“Les perles composent le collier, mais c’est le fil qui fait le col-
lier. Or, enfiler les perles sans en perdre une seule et toujours

tenir son fil de 'autre main, voila la malice. . .

[The pearls compose the necklace, but it is the string that
makes it a necklace. Now, to thread the pearls without losing

a single one and always to hold one’s string with the other
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CHAPTER 1. INTRODUCTION TO HYPERSCANNING

hand, there’s the trick...]” (Gustave Flaubert, letter to Louise

Colet, 26 August 1853)

When Gustave Flaubert wrote the first draft of Madame Bovary, the
novel that would make him famous worldwide, he remarked to some of his
friends that “It is not the pearls that make the necklace but the thread
that joins them together”. In this way, Flaubert emphasized that the
value of individual elements, in his case, scenes, characters, or episodes,
does not lie in their isolated quality, but in the structure that binds
them into a coherent whole. Likewise, in a novel, characters acquire
their true significance only when the narrative thread weaves them into

an integrated and meaningful unity.

Similarly, this thesis argues that social interactions emerge and are
sustained not merely by the qualities of their pearls — that is, the indi-
viduals — but, above all, by the properties and strength of the thread
that connects them: interpersonal synchrony. For this reason, in recent
years the field of social neuroscience has undergone a profound concep-
tual shift. Its focus has moved from studying individuals in isolation to
investigating multiple individuals engaged in dynamic, real-life social ex-
changes. This paradigm shift, made possible by the development of the
hyperscanning approach, has transformed our understanding of social be-
havior — from a view centered on social cognition and processes within
the individual to one that recognizes the crucial role of interpersonal
phenomena, such as synchrony, in shaping everyday social interaction.
Throughout this thesis, I will show how contemporary research in so-
cial neuroscience explores both the pearls and the threads that compose

social exchanges.



1.2. A REVOLUTION IN SOCIAL NEUROSCIENCE

1.2 A Revolution in Social Neuroscience

The concept of hyperscanning describes a neuroimaging approach based
on the simultaneous recording of brain activity from two or more individ-
uals. This approach was originally introduced by Montague et al. (2002)
to explore the neural mechanisms supporting real-time social interaction.
According to Hasson et al. (2012), the advent of hyperscanning and the
broader second-person neuroscience framework marked a “Copernican
revolution” in cognitive and social neuroscience. Whereas conventional
neuroimaging paradigms have provided valuable insights into the func-
tioning of the “social brain”, they typically rely on data collected from
one person at a time, often through tasks involving the passive expo-
sure to social stimuli in different contexts (e.g., face perception as in
Kanwisher et al., 1997). As a result, these approaches have illuminated
how individuals perceive and interpret social information, yet they have
fallen short of capturing the inherently interactive and enactive nature
of real-life social behavior (Czeszumski et al., 2020). By contrast, hy-
perscanning has enabled the investigation of interpersonal and collective
neural dynamics that emerge during active, real-life social interactions,
offering a more ecologically grounded understanding of the neural basis

of human exchanges.

1.3 Methods in Hyperscanning

Recent methodological and technological developments have significantly
driven progress in hyperscanning research. Originally, hyperscanning was
conceived for use with functional magnetic resonance imaging (fMRI). In

their pioneering study, Montague et al. (2002) demonstrated the feasibil-
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ity of acquiring simultaneous fMRI data from two participants, showing
this through an experiment in which nine dyads engaged in a decep-
tion game. Since then, the hyperscanning framework has been success-
fully extended to other neuroimaging modalities, including magnetoen-
cephalography (MEG; Baess et al., 2012), electroencephalography (EEG;
F. Babiloni et al., 2007), and, more recently, functional near-infrared

spectroscopy (fNIRS; Cui et al., 2012; Funane et al., 2011).

Each of these neuroimaging methods offers specific advantages and
limitations when applied to hyperscanning designs (Carollo et al., 2022;
Martin & Huettel, 2022). For example, fMRI provides superior spatial
resolution compared to fNIRS and EEG but requires participants to re-
main supine within the scanner, thereby restricting the range of possible
interactive tasks. EEG, on the other hand, affords high temporal preci-
sion, yet is highly susceptible to motion artifacts that may compromise

data quality.

By contrast, fNIRS represents a valuable middle ground between
these two modalities. It offers sufficient spatial resolution for record-
ing activity from superficial cortical regions and is relatively robust to
participant movement. Furthermore, fNIRS devices are portable and
considerably more cost-effective than fMRI, enabling data collection in
more naturalistic settings such as classrooms, dyadic interactions, or par-

ent—child play sessions.

For these reasons, fNIRS has become particularly well-suited to study-
ing social interaction as it naturally occurs, where individuals communi-
cate, gesture, and move freely. Its motion tolerance and portability have
been instrumental in extending hyperscanning research beyond the lab-

oratory, paving the way for more ecologically valid investigations of real-



1.4. INTERPERSONAL NEURAL SYNCHRONY

life social behavior, especially in developmental populations (see Figure
1.1 for an example of study setup used with mother—child dyads during

free play Bizzego, Gabrieli, et al., 2022).

CAMERA
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Figure 1.1: Representation of a functional near-infrared spectroscopy
(fNIRS) hyperscanning setup to monitor the brain activity of mother
and child during a free play session. Image from Bizzego, Gabrieli, et al.
(2022).

1.4 Interpersonal Neural Synchrony

A central finding emerging from hyperscanning studies is that social ex-
changes are typically accompanied by the alignment (or synchroniza-
tion) of neural activity between interacting partners (e.g., Dumas et al.,
2010). This phenomenon, commonly referred to as interpersonal neu-
ral synchrony, can be understood as a neural-level extension of the bio-
behavioral synchrony framework (Feldman, 2012a), which posits that be-
havioral, physiological, and hormonal processes between social partners
tend to align during interaction (Carollo, Lim, et al., 2021).

The idea that two brains can align under certain circumstances was
initially demonstrated using sequential fMRI scans, without employing a

hyperscanning approach. In their single-participant fMRI study, Hasson
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et al. (2004) showed that people’s brains exhibit similar neural responses
when exposed to the same video. Comparable results have been observed
during story listening and memory recall tasks, suggesting a potential
association between interpersonal closeness and brain activity similarity
(J. Chen et al., 2017; De Felice, Chand, et al., 2024; Yeshurun et al.,
2017). Interestingly, the similarity in brain activity is stronger among
friends than among individuals who are not friends (Parkinson et al.,
2018). However, these studies only showed that brains respond similarly
when they are exposed to the same stimulus; they did not reveal how
alignment between interacting individuals depends on the shared timing,
rhythms, and communicative exchanges that occur during real-life social
interactions. Thus, fully understanding whether and how individual neu-
ral signals align as a function of social contact requires the adoption of

a hyperscanning approach.

Using the hyperscanning approach, studies have demonstrated that
brain activity becomes synchronized between interacting individuals across
various social tasks (e.g., Cui et al., 2012; De Felice, Hakim, et al.,
2024). Notably, this synchronization exceeds what can be accounted
for by shared perceptual input alone, an effect that De Felice, Chand,
et al. (2024) referred to as the hyperscanning effect. In other words, the
exposure to the same environmental stimuli cannot fully account for the
hyperscanning effect. Rather, this effect appears to be induced by the

co-presence among interacting individuals.

Not only is interpersonal neural synchrony elicited by the mere co-
presence of individuals, but it is also modulated by the specific properties
that characterize the social exchange itself. For instance, several stud-

ies have shown that interpersonal neural synchrony varies as a function
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of the quality of the social interaction (Endevelt-Shapira & Feldman,
2023; Nguyen, Schleihauf, Kayhan, et al., 2020; Nguyen et al., 2024),
suggesting that it may serve as a neural marker of social connectedness
(Nguyen, Schleihauf, Kayhan, et al., 2020). For this reason, the study of
interpersonal neural synchrony is particularly valuable when combined
with ecologically valid paradigms as it enables researchers to link neural
dynamics to behavioral, social, and developmental outcomes in natural-

istic settings.

1.5 From Correlation to Causation

In recent years, the scope of hyperscanning has expanded beyond tradi-
tional brain imaging, incorporating innovative approaches based on brain
stimulation techniques, such as transcranial, sensory, and optogenetic
methods, to move from correlational to causal frameworks (Novembre &
lannetti, 2021) (see Figure 1.2 as an example of sensory entrainment).
Conventional hyperscanning paradigms typically conceptualize interper-
sonal neural synchrony as a dependent variable emerging from social in-
teraction between individuals. Although this perspective has generated
important insights, it does not allow researchers to determine whether
neural synchrony is simply a byproduct of shared environmental exposure
and co-presence or whether it actively contributes to social coordination
and connectedness. By contrast, stimulation-based hyperscanning adopts
a causal logic, directly manipulating neural activity to observe its influ-
ence on interpersonal dynamics and relational outcomes (e.g., H. Lu et
al., 2023. This shift enables researchers to test whether induced neural

synchrony can enhance or alter social interaction processes.
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Figure 1.2: A graphical example of multi-brain modulation through
rhythmic sensory stimulation. Image from Carollo and Esposito (2024).

1.6 Mapping the Hyperscanning Literature

Over the past two decades, the techniques described above have been
applied in an increasing number of hyperscanning studies, each offering
distinct advantages and limitations. Despite these technical progresses,
the field remains characterized by methodological and conceptual het-
erogeneity, and no unified theoretical framework yet exists to integrate
findings across domains and understand the role of interpersonal neural
synchrony across social tasks and relationships (Carollo, Bizzego, Schéfer,
et al., 2025; Hamilton, 2021).

To better understand how hyperscanning research has evolved, we
conducted a data-driven scientometric study that mapped the field’s
development from 2002 to 2023 (n = 500 documents) (Carollo & Es-
posito, 2024). Using data retrieved from Scopus and analyzed through
bibliometriz (Aria & Cuccurullo, 2017) and CiteSpace (C. Chen, 2006),

we identified the main research domains and emerging conceptual trends.
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The document co-citation network (Figure 1.3) comprised 648 publica-
tions grouped into ten major thematic clusters, spanning several do-
mains such as affective neuroscience, verbal communication, education,

parent—child interaction, and technologically mediated social exchanges.

#12 Imitation and
Sense of Agency

#0 Affect and Music

"
.
#5 fNIRS Hyperscanning

#9 Hypermethods for sg 0,0
EEG Hyperscanning

:'#3 Virtual Environments_5-g Y
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Figure 1.3: Document co-citation analysis network of the hyperscanning
literature. Image from Carollo and Esposito (2024).

Building on the scientometric mapping, the next sections provide a
qualitative overview of the main thematic domains that have emerged in
hyperscanning research over the past two decades. Each subsection cor-
responds to one or more clusters identified in the document co-citation
analysis (see Figure 1.3) and highlights the main characteristic research
questions, methods, and/or findings associated with that domain. To-
gether, these thematic areas illustrate the evolution of hyperscanning
from its methodological foundations to its current applications in in-

creasingly naturalistic and socially complex contexts.
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1.6.1 Foundational EEG Work and “Hypermeth-

ods”

The earliest stage of hyperscanning research was characterized by pio-
neering efforts to demonstrate the feasibility of EEG recording and ana-
lyzing brain activity from multiple individuals simultaneously. Founda-
tional studies (e.g., Astolfi et al., 2010; F. Babiloni et al., 2006) intro-
duced what were later referred to as hypermethods: analytical techniques
originally designed to measure functional connectivity and used to assess
synchronization between brains. These approaches, often adapted from
single-participant neuroimaging analyses (Astolfi et al., 2005; F. Babiloni
et al., 2005), allowed researchers to move beyond the study of single brain
activity and to explore the dynamics supporting interacting individuals,

providing the first empirical evidence of interpersonal neural synchrony.

Building on this methodological foundation, subsequent research be-
gan to explore how such inter-brain synchronization relates to social-
cognitive processes such as imitation and the sense of agency in con-
trolled tasks. A seminal contribution in this direction came from Dumas
et al. (2012), who investigated how the brain distinguishes between self-
generated and other-generated actions by experimentally controlling the

interpersonal imitation patterns within dyadic interactions.

In designing their experiments and interpreting the observed results,
early hyperscanning studies often drew on the literature on the mirror
neuron system (Rizzolatti & Craighero, 2004) and behavioral mimicry
(Ashton—James et al., 2007), extending these concepts from single-brain
frameworks to interactive contexts. Collectively, this initial body of work

established both the methodological and conceptual foundations for un-
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derstanding how neural synchronization emerges and potentially sup-

ports joint action in controlled social exchanges.

1.6.2 fNIRS and Ecological Validity

During the early 2010s, hyperscanning research entered a new phase in
which researchers sought to address two main challenges: first, to em-
ploy neuroimaging techniques with higher spatial resolution, and second,
to design experimental paradigms with greater ecological validity (As-
tolfi, Toppi, Fallani, et al., 2011; Dumas et al., 2011; Funane et al.,
2011). While fMRI offered excellent spatial resolution and allowed re-
searchers to map the neural substrates of social interaction (e.g., Abe
et al., 2019), its characteristics constrained the use of naturalistic tasks.
Because fMRI is highly sensitive to movement and requires participants
to lie supine inside the scanner, it constrains the ecological validity of in-
teractive paradigms. For this reason, the introduction of fNIRS provided
an elegant solution, combining moderate spatial precision for monitor-
ing cortical layer of the brain with portability, movement tolerance, and
comfort suitable for studying real-life social exchanges.

A landmark study by Funane et al. (2011) marked the beginning of
fNIRS hyperscanning. The authors showed that greater spatiotempo-
ral covariance in prefrontal cortical activity between participants was
associated with enhanced behavioral coordination during synchronous
button-pressing tasks. As noted by F. Babiloni and Astolfi (2014), this
study represented a crucial step in adapting the technical solutions de-
veloped for EEG hyperscanning to optical imaging. Shortly after, Cui
et al. (2012) introduced an alternative approach, using a single NIRS

system to record brain activity from two participants simultaneously by

11
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splitting the recording optodes. Although this method reduced the num-
ber of available optodes per participant, it enabled researchers to map
regions of interest while minimizing the costs associated with dual-device
hyperscanning.

The adoption of fNIRS marked a methodological turning point for
hyperscanning, enabling researchers to study the interpersonal and intra-
personal brain dynamics under more naturalistic social conditions. The
adoption of techniques with good spatial resolution also encouraged to
localize the specific brain regions where interpersonal neural synchrony
systematically emerges (e.g., Astolfi et al., 2015; Balconi et al., 2018;
Hirsch et al., 2017; Nozawa et al., 2016). In line with this effort, the
meta-analysis by Zhao et al. (2024) observed consistent patterns of inter-
personal neural synchrony in the frontal, temporal, and parietal regions

across close relationships.

1.6.3 Emotion and Music

The shift toward more ecologically valid experimental paradigms in so-
cial neuroscience led to a growing interest in a fundamental yet often
overlooked aspect of daily social interactions: the affective component
(Balconi & Vanutelli, 2017; Cornejo et al., 2017). Emotions play a cen-
tral role in shaping social cohesion, motivating joint actions, and sup-
porting prosocial behavior (Czeszumski et al., 2020; Konvalinka et al.,
2011; Lopes et al., 2005; Twenge et al., 2007). Despite their importance,
emotional processes had been relatively neglected in hyperscanning re-
search, primarily due to the complexity of including and controlling them
in experimental setup (Czeszumski et al., 2020).

One innovative approach to address this challenge was proposed by
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Acquadro et al. (2016), who suggested using musical interactions as nat-
uralistic context to study the role of affect in social exchanges and coor-
dination. Musical settings not only preserve high ecological validity but
also engage participants’ emotions and enable an enactive understand-
ing of interpersonal coordination (Czeszumski et al., 2020). Building on
this approach, several hyperscanning studies have used musical tasks to
demonstrate that interpersonal neural synchrony underlies coordinated
behavior in emotionally rich social interactions (e.g., C. Babiloni et al.,

2011, 2012; Lindenberger et al., 2009; Sénger et al., 2012, 2013).

1.6.4 Communication, Education, and Virtuality

As hyperscanning research matured, scholars began applying it to in-
creasingly complex and socially relevant contexts, such as verbal com-
munication, learning, and technologically mediated interaction. These
studies extended hyperscanning from controlled laboratory tasks to set-
tings that more closely mirror real-life social exchanges, highlighting its
potential for understanding how interpersonal neural synchrony supports
communication and collaboration across diverse environments and social
contexts.

A growing body of research has focused on the neural mechanisms
underlying verbal communication (e.g., Jiang et al., 2021; X. Wang et
al., 2022). For instance, studies have shown that the timing and turn-
taking in conversations predict interpersonal neural synchrony (Nguyen,
Schleihauf, Kayhan, et al., 2021; Nguyen et al., 2023). These findings
suggest that effective coordination during communication depends on
the dynamic coupling of neural processes between interlocutors, enabling

mutual prediction and real-time adaptation.

13
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In parallel, hyperscanning has also been used to explore how patterns
of interpersonal neural synchrony emerge and predict learning outcomes
in educational settings (e.g., Balters et al., 2020; K. Lu et al., 2019; Pan
et al., 2021). Nozawa et al. (2019) observed that behavioral synchrony
between teachers and learners enhances both the perceived quality of the
interaction and interpersonal neural synchrony in the lateral prefrontal
cortex. This evidence indicates that successful pedagogical interactions
may be underpinned by neural alignment, which facilitates engagement

and potentially effective knowledge transmission.

Additionally, an emerging body of work has examined interpersonal
neural synchrony in virtual environments, where social interaction is tech-
nologically mediated (e.g., Barde et al., 2020). Early studies suggested
that virtual interactions can elicit neural coupling patterns comparable
to those observed in face-to-face contexts (Gumilar et al., 2021; Wik-
strom et al., 2022). However, other research, such as Schwartz et al.
(2022, 2024), found reduced interpersonal neural synchrony during vir-

tual exchanges when compared to in-person interactions.

1.6.5 Methodological Advances and Parent-Child In-

teractions

A further line of research in the hyperscanning literature has concen-
trated on two complementary aspects: methodological development and
the investigation of parent—child interactions. On the methodological
side, several studies have tackled the technical and analytical challenges
inherent to hyperscanning, producing concrete guidelines for EEG and

fNIRS applications that have strengthened reproducibility and standard-

14
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ization within the field (e.g., Bizzego, Azhari, and Esposito, 2021, 2022;
Kayhan et al., 2022; Nguyen, Hoehl, and Vrticka, 2021; Turk et al., 2022).
These contributions have been instrumental in defining best practices for
data acquisition, pre-processing, and the analysis of interpersonal neu-
ral synchrony, thereby facilitating more reliable and comparable findings
across studies (Holroyd, 2022; Nguyen, Hoehl, & Vrticka, 2021).

On the empirical side, hyperscanning has been increasingly applied to
the study of early social bonds—particularly mother—child interactions
(e.g., Azhari et al., 2022; Nguyen, Banki, et al., 2020). This research has
shed light on how interpersonal neural synchrony reflects variations in
caregiving behaviors and emotional state (Azhari et al., 2019). For in-
stance, Endevelt-Shapira and Feldman (2023) demonstrated that distinct
synchrony profiles differentiate caregiving styles in terms of sensitivity

and intrusiveness.

1.7 Two Trajectories: Methods and Tasks

Since its introduction (Montague et al., 2002), hyperscanning has evolved
from a methodological innovation into a valid framework for studying the
neural basis of social interaction. Early studies focused on demonstrating
the feasibility of recording neural activity from two individuals simultane-
ously. Using EEG, these pioneering works introduced the first analytical
methods to quantify interpersonal neural synchrony, typically through
well-controlled, task-oriented paradigms inspired by mirror-neuron and
social coordination theories.

In 2010s, the field began to move toward more naturalistic investiga-

tions of real-life social interaction. This shift coincided with the growing

15
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adoption of fNIRS. Compared to EEG and fMRI, fNIRS is more tolerant
to motion artifacts and allows participants to move and interact more
freely, making it particularly suited to studying dynamic social behav-
iors, especially in developmental populations (Carollo et al., 2022).
Technological advances thus supported a parallel conceptual transi-
tion—from simplified laboratory paradigms to richer, ecologically valid
contexts. Research increasingly addressed the affective and communica-
tive dimensions of social behavior, extending hyperscanning to domains
such as verbal communication, social affect, and parent—child interaction.
Overall, two intertwined trajectories define the evolution of hyper-
scanning research: a methodological shift from EEG and fMRI to pre-
dominantly fNIRS, and a conceptual shift toward naturalistic paradigms.
Accordingly, this thesis presents both methodological developments, fo-
cused on managing motion artifacts in naturalistic fNIRS studies (Chap-
ter 2), and conceptual studies exploring factors that shape interpersonal

neural synchrony during real-life social interactions (Chapters 3-4).



Chapter 2

Advancing fNIRS

Pre-Processing Methods

The content of this chapter is based on two publications:

Bizzego, A., Carollo, A., Senay, B., Fong, S., Furlanello, C., &
Esposito, G. (2024). Computer Vision-Driven Movement Annotations
to Advance fNIRS Pre-Processing Algorithms. Sensors, 24(21), 6821.
https://doi.org/10.3390/524216821.

Bizzego, A., Carollo, A., Fong, S., Furlanello, C., & Esposito, G.
(2025). Characterizing motion artifacts in functional near-infrared spec-
troscopy signals using ground-truth movement information and com-
puter vision. Biomedical Signal Processing and Control, 110, 108256.
https://doi.org/10.1016/j.bspc.2025.108256

In some parts, the text has been modified for consistency with the
dissertation style and to avoid repetitions in the text.

As outlined in Chapter 1, the growing shift of hyperscanning research
toward naturalistic paradigms has been facilitated by the adoption of

fNIRS. This technique offers greater motion tolerance and experimental
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flexibility than EEG and fMRI, making it particularly suitable for study-
ing real-life social interactions. However, this ecological advantage comes
with a major methodological challenge: the management of motion arti-
facts, which can still severely compromise signal quality and the validity

of hyperscanning findings.

In recent years, several strategies have been proposed to detect and
correct motion-related noise in fNIRS data. Yet, many of these methods
have been developed using synthetic data or evaluated against theoreti-
cally expected brain signals, without access to ground-truth information
on the actual movements performed during the task. Addressing these
limitations is essential to ensure the robustness of {NIRS pre-processing
pipelines and to guarantee that observed interpersonal neural synchrony

reflects genuine neural coupling rather than motion-induced correlations.

This chapter presents a series of methodological contributions aimed
at improving motion artifact management in naturalistic fNIRS hyper-
scanning. Specifically, it introduces a computer vision (CV)-based ap-
proach for movement annotation combined with fNIRS data collected
from participants performing controlled, experimentally manipulated head
movements. The following sections describe the validation of this ap-
proach in extracting reliable movement information from video record-
ings of experimental sessions, as well as the association between specific
movement parameters and motion artifact patterns detected in the cor-
responding brain signals. Together, these methods lay the groundwork
for CV-informed motion artifact identification and correction techniques,
potentially advancing the reliability of f{NIRS hyperscanning in ecologi-

cally valid contexts.



2.1. FUNCTIONAL NEAR-INFRARED SPECTROSCOPY

2.1 Functional Near-Infrared Spectroscopy

fNIRS is an optical neuroimaging method used to investigate brain ac-
tivity by monitoring variations in cerebral blood oxygenation. The tech-
nique exploits the near-infrared optical window, transmitting light be-
tween sources and detectors through biological tissues to infer hemody-

namic changes in the cerebral cortex (Jobsis, 1977; Pinti et al., 2020).

As discussed in Chapter 1, the use of fNIRS in social neuroscience has
increased markedly in recent years compared to traditional neuroimag-
ing techniques, owing to its distinctive methodological advantages and
to its greater movement tolerance (Carollo & Esposito, 2024; Carollo
et al., 2022). Altogether, its characteristics make fNIRS particularly
suitable for monitoring the brain activity during ecologically valid and
participant-friendly experimental designs (Bizzego, Gabrieli, et al., 2022;

Lim et al., 2024a).

Despite these strengths, {NIRS remains a relatively young technique
and continues to face methodological challenges for reproducibility and
cross-study comparability (Bizzego, Carollo, Lim, & Esposito, 2024; Yiicel
et al., 2025). In particular, residual motion artifacts can still compromise
fNIRS signal quality and affect estimates of coherence among signals. For
this reason, there is ongoing work to develop more reliable strategies for
their detection and correction (Bizzego, Neoh, et al., 2022; Bizzego et al.,

2020).
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2.2 Managing Motion Artifacts: To Cor-

rect or Not?

Two main types of motion artifacts are commonly observed in fNIRS
data: movement shifts and spikes. Movement shifts refer to slow, baseline
drifts in the signal. In contrast, spikes are characterized by abrupt, tran-
sient signal fluctuations. These two types of artifacts are illustrated in
Figure 2.1, which shows the raw signal (in orange) and its corrected ver-
sion (in red). If not properly handled, motion artifacts can distort hemo-
dynamic responses and lead to spurious or misleading results when esti-

mating the correlation/coherence among signals (Fishburn et al., 2019).

raw signal I corrected signal
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/
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" Motion spike "

Figure 2.1: Motion artifacts (motion drifts and motion spikes) in func-
tional near-infrared spectroscopy (fNIRS) signal pre- (in orange) and
post-correction (in red). Image from Bizzego, Carollo, Senay, et al.
(2024).

Hence, while fNIRS is less susceptible to motion than other neu-
roimaging techniques, properly handling motion artifacts is still critical to
ensure the validity of the results (Perpetuini et al., 2021). This is partic-
ularly relevant in naturalistic paradigms, where participants’ movements

are often unavoidable.



2.3. MANAGING MOTION ARTIFACTS: HOW TO CORRECT?

So far, the fNIRS literature has not achieved a consensus on the op-
timal approach to use for managing motion artifacts. Two main strate-
gies are commonly employed (Brigadoi et al., 2014). The first involves
discarding the affected data, using only clean signals for the subsequent
analyses. While this approach preserves the integrity of the original mea-
surements, without altering the signal characteristics, it can be wasteful
and sometimes unfeasible, especially in experiments that inherently in-
volve participant movement (Virtanen et al., 2011). The second strategy
consists of correcting the contaminated signals. This allows researchers
to retain more data, which is particularly valuable given the challenges of
collecting fNIRS signals. However, the success of this approach depends
heavily on the reliability and accuracy of the methods used to identify

and correct motion artifacts.

2.3 Managing Motion Artifacts: How to
Correct?

Several methods have been developed to detect and correct motion ar-
tifacts in fNIRS data (e.g., Fishburn et al., 2019; Izzetoglu et al., 2005,
2010; Molavi and Dumont, 2012; Scholkmann et al., 2010; Yiicel et al.,
2014). Among these, a combination of spline interpolation and wavelet
filtering is currently regarded as the gold standard correction approach
(Brigadoi et al., 2014). This is because spline interpolation is particu-
larly effective in correcting slow baseline drifts (motion shifts), whereas
wavelet filtering is better suited for removing spikes.

Despite their widespread adoption, these algorithms rely on theoreti-

cal assumptions about expected hemodynamic responses rather than on
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actual movement data. Because manually annotating motion events in
fNIRS experiments is highly labor-intensive, most correction methods
have been developed and evaluated without access to ground-truth in-
formation about the type, timing, or intensity of actual movements. As a
result, their performance is typically assessed using simulated data rather
than real motion-annotated datasets (e.g., Gao et al., 2022; M. Kim et
al., 2022).

This lack of ground-truth information poses a critical limitation: it
prevents researchers from determining whether correction algorithms are
effectively targeting motion-related artifacts or inadvertently removing
genuine neural signals. The availability of objective movement data
would therefore be essential for accurately validating motion artifact
identification and correction algorithms and for enabling robust com-

parisons across different pre-processing pipelines.

2.4 Obtaining a Ground-Truth for Move-
ment Information

Three main approaches have been employed to obtain ground-truth infor-
mation that supports robust motion artifact identification and correction
in fNIRS research.

The first approach involves manual annotation of movement instances,
either directly within the recorded signal or from video recordings of the
experimental sessions. Although this method provides precise labeling of
movement events, it is both time-consuming and labor-intensive, making
it impractical for large datasets or extended experiments (Virtanen et al.,

2011).



2.5. CHARACTERIZING MOTION ARTIFACTS

The second approach relies on the use of motion sensors, such as
accelerometers, to capture head or body movements. For instance, Vir-
tanen et al. (2011) used accelerometer data to track participants’ head
movements and proposed a method for motion artifact detection and
correction in fNIRS signals. Several other algorithms have since been
developed using accelerometer data, including adaptive filtering, active
noise cancellation (C.-K. Kim et al., 2011), accelerometer-based motion
artifact removal (Virtanen et al., 2011), acceleration-based reduction al-
gorithms (Metz et al., 2015), multi-stage cascaded adaptive filtering (Is-
lam et al., 2017), and blind source separation—based approaches (von
Lithmann et al., 2019). However, not all fNIRS devices include motion
sensors, and processing accelerometer data requires additional analytical
steps that may complicate pre-processing pipelines unless supported by
artificial intelligence (AI)-based automation.

The third approach leverages Al and CV to automatically detect and
annotate movements from video recordings of experimental sessions. This
method aims to identify head movements automatically, offering a more
efficient, replicable, and cost-effective alternative to manual annotation.
Unlike sensor-based approaches, CV-based solutions do not require addi-
tional hardware beyond standard video equipment, which is often readily

available in most research settings.

2.5 Characterizing Motion Artifacts

A lack of ground-truth movement information also undermines the un-
derstanding of the specific relationship between distinct movement char-

acteristics and the resulting artifacts in the recorded signals. To address
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this gap, several studies have attempted to explore the association be-
tween movement and signal distortion. However, these investigations are
often constrained by the absence of controlled movement conditions and
by the limited availability of reliable annotations.

In this context, CV approaches based on Al offer a promising solution
for providing objective ground-truth movement data usable to better un-
derstand how motion affects neuroimaging signals (e.g., Hu et al. 2020;
Mazzonetto et al. 2022). For instance, Qian et al. (2022) demonstrated
the feasibility of real-time EEG artifact annotation using CV to detect
blinks and head movements, reinforcing the potential of automated ap-
proaches for the identification of motion-related artifacts in brain signals.

In parallel, another line of research has focused on a theoretical char-
acterization of motion artifacts. These studies aim to model the statisti-
cal properties of artifacts and develop robust statistical frameworks ca-
pable of estimating brain responses even in the presence of noise (Aarabi
& Huppert, 2016; Barker et al., 2013; Huppert, 2016; Santosa et al.,
2017). The main advantage of this approach is that it reduces the need
for extensive pre-processing, as it typically requires only the conversion of
raw optical data into oxy- and deoxyhemoglobin concentration changes.
The resulting statistical models are designed to be inherently resilient to

motion artifacts and other noise sources.

2.6 Scope of the Project

Given the methodological challenges posed by the absence of ground-
truth movement information, this Chapter presents two experimental

studies aimed at developing a valid and reliable framework for obtaining



2.6. SCOPE OF THE PROJECT

objective movement annotations during fNIRS experiments and assessing

their relationship with noise patterns in f{NIRS data.

Building on advances in electrocardiogram (ECG) signal processing
(Duraj et al., 2022; Moskalenko et al., 2020), we framed head-movement
detection as a semantic segmentation problem, training a 1D-UNet model
to identify movement instances from head orientation signals extracted
with a pre-trained SynergyNet model (C.-Y. Wu et al., 2021). This
framework aims to automate head-movement annotation, potentially pro-
viding an efficient, scalable, and low-cost method for generating ground-

truth movement data in naturalistic neuroimaging experiments.

Subsequently, we investigated how distinct head-movement patterns
affect NIRS signal quality, identifying the ways in which different types
of movement compromise data integrity. These insights can support the
development of improved motion artifact detection and correction algo-
rithms, enhancing the reliability fNIRS data, especially in naturalistic

scenarios.

Accordingly, the remainder of this Chapter is organized into two com-

plementary studies:

1. Study 1 — Validation of the CV-based movement detec-
tion framework: This study focuses on developing and validat-
ing the proposed CV-based approach for obtaining objective an-
notations of head movements during fNIRS experiments. Using
SynergyNet-derived head orientation signals and a 1D-UNet seg-
mentation model, we aim to generate accurate and reliable ground-
truth information about movement events, providing an efficient

and scalable alternative to manual labeling.
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2. Study 2 — Impact of head movement on fNIRS signal qual-
ity: Building on the ground-truth movement data from Study 1,
this study examines the relationship between head movement pat-
terns and motion artifacts in fNIRS signals. The goal is to char-
acterize how different movement types and magnitudes affect data
quality and to inform the design of more robust motion artifact

detection and correction methods.

2.7 Study 1 — Validation of the CV-Based

Movement Detection Framework

2.7.1 Methods

Study Design

Data collection procedures for the project were approved by the Ethics
Committee of the University of Trento (protocol number 2023-054) and
conducted in accordance with the Declaration of Helsinki. Informed con-

sent was obtained from all participants before their inclusion in the study.

Participants took part in an experiment in which they were instructed
to reproduce a series of experimentally controlled movements displayed
in a video on a monitor. During each session, brain activity was recorded
using fNIRS, and a webcam simultaneously captured the participants’ be-
havior. For the purposes of this first study, only the webcam recordings
were analyzed, while the fNIRS data were not used. Movement informa-
tion was subsequently extracted from the videos using two approaches:

i) a CV-based method and ii) manual annotations.
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Participants

Fifteen participants (8 females; M = 22.27 years, SD = 2.62) were re-
cruited through convenience and snowball sampling, using social media
advertisements and the University of Trento’s participant management
and recruitment system. Eligibility criteria included being at least 18
years old and having no reported or diagnosed neurological or health-
related conditions.

The chosen sample size is consistent with previous methodological
studies investigating motion artifacts in fNIRS data (e.g., Aarabi and
Huppert, 2016; Barker et al., 2013; Lanka et al., 2022; Santosa et al.,
2020).

Experimental Procedure

The experimental procedure is illustrated in Figure 2.2. Participants were
instructed to reproduce a series of head movements shown in a video
displayed on a monitor. Each experimental video began with a short
instructional phase, during which participants were prompted to “Please,
imitate the movements represented in the video”. Following this, an
avatar demonstrated the target movement accompanied by a descriptive
caption at the bottom of the screen (e.g., “Move your head backward
slowly”). A three-second countdown was then presented, after which
participants had seven seconds to execute the instructed movement.

In the experimental video, the avatar performed two main categories
of movements: (i) head movements and (ii) facial expressions. For the
purpose of the present study, only head movements were analyzed. These
movements consisted of head rotations along the three principal axes:

vertical, frontal, and sagittal. For clarity, the following descriptive terms
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Figure 2.2: Experimental paradigm. Participants were instructed to re-
produce head movements displayed in a series of video stimuli. Each
video began with a prompt inviting participants to imitate the upcom-
ing movements. An avatar then demonstrated the action while a descrip-
tive text appeared below the video. This was followed by a three-second
countdown, after which participants had seven seconds to perform the
instructed head movement. Image from Bizzego, Carollo, Senay, et al.
(2024).

are used instead of the anatomical labels: “Left/Right” axis for the ver-
tical (yaw) rotations, “Up/Down” axis for the frontal (pitch) rotations,
and “bendLeft/bendRight” axis for the sagittal (roll) rotations.

Four rotation types were included: half rotation (both directions, i.e.,
left and right), full rotation, and repeated rotation (three consecutive
movements). Participants were instructed to complete each movement
by returning their head to a neutral, forward-facing position. Move-
ments along the Left/Right and Up/Down axes were executed at two
speeds—slow and fast. In total, the experimental design comprised 20
distinct head movements: 16 derived from the combination of 4 rotation
types, 2 speeds, and 2 axes (4 x 2 x 2 = 16), plus 4 additional slow
movements for the bendLeft /bendRight axis.

The sequence of movements was identical for all participants and
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was repeated three times, resulting in a total of 60 head movements per
experimental session.

During task performance, three data streams were collected simulta-
neously: brain activity using an fNIRS system (NIRSport2, NIRx; 10.2
Hz), physiological signals (AIM Physiological Monitor, CGX; 500 Hz),
and video recordings of the participants (C310 Webcam, Logitech; 30
Hz). Synchronization across all devices was achieved through the Lab
Streaming Layer framework. Physiological data were recorded but not
analyzed in both studies. Neural data were recorded but used only in
Study 2. Stimulus presentation was managed with PsychoPy, and all

on-screen instructions were provided in Italian.

fNIRS Data Acquisition

Participants’ brain activity was recorded using fNIRS. Each fNIRS cap
included 16 LED light sources emitting near-infrared light at 760 nm and
850 nm, paired with 16 light detectors. One detector was specifically used
to capture data from eight short-separation channels. The optodes were
positioned according to the standard international 10-20 EEG system,
ensuring broad cortical coverage (see Figure 2.3). This setup produced
a total of 32 fNIRS channels.

To maintain optimal data quality, optode holders were employed to
keep the source-detector distance consistent (not exceeding 3 cm) and
to improve the signal-to-noise ratio (Strangman et al., 2013). Before
the recording, each participant’s head circumference was measured to
select the most suitable cap size. Data acquisition was carried out using
a NIRSport2 system (NIRx Medical Technologies LLC) at a sampling

frequency of 10.17 Hz.
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Figure 2.3: Illustration of the functional near-infrared spectroscopy
(fNIRS) cap configuration used in the experiment. Red markers rep-
resent the light sources, and blue markers indicate the detectors. Blue
circles around the sources denote the short-separation channels. Image
from Bizzego, Carollo, Senay, et al. (2024).

Deep Learning Approach

Two deep learning architectures were employed in this work in order to
extract movement information from videos: SynergyNet (C.-Y. Wu et al.,

2021) and a one-dimensional UNet model (1D-UNet).

SynergyNet

SynergyNet is a pre-trained deep learning model designed to estimate
head position (three axes) and head orientation (three axes) from video
frames (C.-Y. Wu et al., 2021). The network integrates 3D Morphable
Models (3DMM) with 3D facial landmarks through a synergistic learning
process to predict facial geometry in three dimensions. It comprises two
main modules: (1) a multi-attribute feature aggregation mechanism that
refines landmark detection using MobileNet-V2 as its backbone (Sandler

et al., 2018), and (2) a mapping stage that converts 3D landmarks into
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3DMM parameters, enabling the regression of facial geometry from sparse
landmark inputs. Detailed information about the model’s architecture
and implementation can be found in the original publication (C.-Y. Wu
et al., 2021) and its corresponding GitHub repository!.

In this study, the pre-trained SynergyNet model was applied to indi-
vidual frames from each participant’s webcam recording to extract head
orientation data along three axes: <, v, and 7,. The orientation val-
ues from all video frames were concatenated to generate continuous head
orientation signals, which were then resampled to 10 Hz. Manual an-
notations of movement onsets and offsets were subsequently performed

based on these signals.

UNet

Building on prior work demonstrating the effectiveness of UNet convo-
lutional neural network architectures for one-dimensional semantic seg-
mentation of ECG signals (e.g., Moskalenko et al., 2020), we trained a
1D-UNet to perform semantic segmentation on head orientation signals
to detect motion events. UNet models, originally developed for image
segmentation, are well-suited for capturing both local and global fea-
tures due to their characteristic U-shaped architecture (Ronneberger et
al., 2015). This structure comprises two main components: a contracting
path that extracts features and an expansive path that enables precise
localization of the target signal. Skip connections transfer information
from earlier layers to later ones, improving segmentation accuracy. UN-
ets are particularly effective even with limited labeled data, which makes

them suitable for applications in domains with scarce annotations, such

Thttps://github.com/choyingw/SynergyNet
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as biomedical imaging and other areas (Moskalenko et al., 2020; Ron-

neberger et al., 2015).

The 1D-UNet in this study was trained using movement onset an-
notations extracted from video recordings of 10 randomly selected par-
ticipants, while data from the remaining 5 participants were reserved
for testing. Following standard machine learning practice (e.g., Carollo,
Bizzego, et al., 2021), this train-test split allowed estimating the model’s
generalizability by assessing its performance on previously unseen data.

The 1D-UNet model used in this study was implemented in PyTorch
(Paszke et al., 2019) and largely followed the architecture proposed by
Moskalenko et al. (2020), ensuring the effective feature extraction and

segmentation capabilities reported in previous work.

Model Evaluation

Movement instances were manually annotated from the head orientation
signals by two independent raters. In the task, we did not calculate an
inter-rater reliability measure because this was a segmentation problem
rather than a classification or rating task. These annotations were subse-
quently validated against the video recordings and served as ground-truth

for evaluating the performance of the 1D-UNet model.

The model’s performance was quantified using the Jaccard index, a
common metric for assessing semantic segmentation accuracy (Ogwok &
Ehlers, 2022). The Jaccard index is defined in Equation 2.1, where AN B
denotes the intersection of sets A and B, and AU B denotes their union:

|AN B|

JAB) = 20 (2.1)
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Here, J measures the overlap between the ground-truth movement an-
notations (A) and the model’s predicted movements (B). A value of 1 in-
dicates perfect agreement, representing the best achievable performance
when predictions fully match the ground-truth (Ogwok & Ehlers, 2022).
To provide a more robust estimate of model performance, bootstrap con-
fidence intervals (2.5%-97.5%) were computed using the scikits-bootstrap

Python package.

2.7.2 Results

Figure 2.4 illustrates the overall performance of the 1D-UNet model

across various experimental factors as compared to manual annotations.
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Figure 2.4: Accuracy of the 1-dimensional U-Net (1D-UNet) model across
(A) dataset partition (training vs. test set), (B) head movement axis, (C)
movement speed, and (D) movement type. Image from Bizzego, Carollo,
Senay, et al. (2024).
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Firstly, the 1D-Unet showed good and comparable performance across
the train (J = 0.954 [0.949, 0.958]) and test set partitions (J = 0.865
[0.847, 0.878]; Figure 2.4A), suggesting that the model’s accuracy is gen-
eralizable to new, unseen data.

Additionally, similar performance for train and test sets was observed
across target movement axes (Figure 2.4B; Up/Down: Train J = 0.951
[0.943, 0.957], Test J = 0.862 [0.836, 0.883], Left/Right: Train J = 0.952
[0.945, 0.958], Test J = 0.854 [0.826, 0.878], BendLeft /BendRight: Train
J = 0.965 [0.960, 0.970], Test J = 0.893 [0.868, 0.916]) and movement
speeds (Figure 2.4C; Slow: Train J = 0.953 [0.944, 0.959], Test J =
0.892 [0.874, 0.908], Fast: Train J = 0.955 [0.949, 0.959], Test J = 0.847
[0.826, 0.868]).

Results suggest an influence of movement type (half, complete, re-
peated, Figure2.4D) on the model’s performance. In particular, bet-
ter performance was observed for repeated movements (Train J = 0.956
[0.950, 0.962], Test J = 0.941 [0.925, 0.953]), followed by complete (Train
J = 0.960 [0.953, 0.965], Test J = 0.872 [0.839, 0.894]), and finally half
movements (Train J = 0.950 [0.942, 0.956], Test J = 0.826 [0.805, 0.848]).

Overall, the CV model provided accurate information on ground-
truth movements, comparable to the manual annotations. Model per-
formance was stable across movement axes and speeds; however, we
observed an effect of movement type, with greater similarity between

manual and CV-based annotations during repeated movements.

2.7.3 Discussion

Although fNIRS is generally more tolerant to movement than other neu-

roimaging modalities, motion artifacts in fNIRS signals remain a signifi-
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cant challenge. This issue is compounded by the fact that most motion
artifact correction methods are developed and evaluated without access
to ground-truth movement information. To fill this gap, in the present
experiment, fifteen participants were instructed to perform controlled
head movements—such as turning quickly or slowly to the left or to
the right—while being recorded via webcam. The findings indicate that
segmentation models, including the 1D-UNet, can accurately annotate
movements from head orientation signals extracted from videos using
the pre-trained SynergyNet (C.-Y. Wu et al., 2021). Compared to man-
ual annotations, the 1D-UNet showed strong performance across multiple
dimensions of movement detection, including dataset partitions (train-
ing vs. test sets), movement axes (up/down, left/right, bend left/bend
right), and movement speeds (slow vs. fast). The model exhibited some
variability in annotating different movement types (e.g., half, full, or re-
peated rotations), suggesting that repeated movements yielded the most
accurate annotations, possibly due to their stronger and more consistent

disruptive effect on brain signals.

While the current model approach proved useful in annotating head
movements in controlled conditions, future studies could explore fine-
tuning or re-training the model on naturalistic head movements, in which
participants move their heads across multiple rotational axes. It is also
important to note that head orientation signals obtained via SynergyNet
are comparable to those measured with accelerometers, suggesting that
the 1D-UNet could be applied to a variety of movement data sources.
Expanding the model to more ecological conditions would enhance its

generalizability beyond controlled laboratory settings.

Additionally, movement information could be used to better under-
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stand the occurrence of motion artifacts in fNIRS signals. Incorporating
such information into pre-processing pipelines may improve the robust-
ness of fNIRS data analysis by minimizing the loss of genuine brain ac-
tivity while effectively detecting and removing motion artifacts.

The ground-truth movement data obtained here provide the founda-
tion for the subsequent analysis of the impact of head movements on

fNIRS signal quality, as presented in Study 2.

2.8 Study 2 — Impact of Head Movement

on fNIRS Signal Quality

2.8.1 Methods

Study Design

For the second part of the project, we combined CV techniques with
neuroimaging data to examine how controlled head movements influence
fNIRS signals. As outlined in Section 2.7.1, fifteen participants com-
pleted an experimental session in which they performed predefined head
movements. These movements were captured on video via a webcam,
while fNIRS recorded their brain activity concurrently. Using computer
vision, the video data were annotated to extract movement information,
and quantitative metrics of movement magnitude and speed were calcu-
lated (Figure 2.5A). Motion artifact patterns were quantitatively assessed
by analyzing changes in signal baseline and spike amplitudes in the seg-
ments of fNIRS data corresponding to the movements. By using this
information, the study explored the relationship between different move-

ment types, their characteristics, and the resulting motion artifacts in
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Figure 2.5: Summary of the signal processing procedures and the ex-
tracted metrics. A) Extraction of movement signals from video record-
ings. Each frame was analyzed using the SynergyNet model to obtain
the three components of head orientation: ~, (red), v, (green), and 7,
(blue). These values were then concatenated across all frames to create
continuous orientation signals, from which the orientation vector magni-
tude and angular velocity (calculated as the norm of the gradient) were
derived. B) Calculation of metrics to describe movement characteristics
based on the orientation and angular velocity signals (a) and the motion
artifacts observed in the fNIRS recordings (b). Image from Bizzego et al.
(2025).
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fNIRS Data Pre-Processing

After collecting the fNIRS data (Section 2.7.1), the raw signals were
converted into relative concentrations of oxygenated and deoxygenated
hemoglobin using the modified Beer-Lambert Law (Baker et al., 2014)
and resampled at 10 Hz. The 32 channels were then organized into
seven regions of interest (ROIs): Left, Right, Pre-frontal, Frontal, Top,
Pre-occipital, and Occipital (Figure 2.6). For each ROI, a representative
brain activity signal was generated by averaging the channels within that
region. All signal processing steps were performed using the pyphysio

library (Bizzego, Battisti, et al., 2019).

N Left
B Right
@l Pre-frontal
Bl Frontal
Bl Top
- B Pre-occipital
*» ‘ '~ B8 Occipital

Figure 2.6: Distribution of the optodes in the functional near-infrared
spectroscopy (fNIRS) cap into regions of interest. Image from Bizzego
et al. (2025).

Movement and Motion Artifact Metrics

The aim of this study was to investigate how different head movements

affect the quality of fNIRS data. To achieve this, two sets of quantitative
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metrics were calculated (Figure 2.5B): movement metrics, which describe
the characteristics of the head movements, and motion artifact metrics,

which capture the impact of these movements on the fNIRS signals.

The movement metrics included the maximum speed (Max Speed)
and maximum amplitude (Max Amplitude) of head rotations, both de-

rived from the norm of the head orientation vector at each video frame:

Iy ()| =/ (0)2 + 7 ()2 + =) (2.2)

where n is the sample, and v,(n), v,(n), v.(n) are the three components of

the orientation vector that are computed frame-by-frame by SynergyNet.

Specifically, the Max Speed was computed as the maximal value of

the norm of the orientation vector:

d(n)
on

max
Non Sngnoff

’ . (2.3)

The Max Amplitude was computed as the maximal value of the norm

between the onset (n,,) and offset (n,ss) of the movement:

max |[y(n))]|. (2.4)

Non Sngnoff

The motion artifacts metrics focused on two different types of motion
artifacts: spikes and baseline shifts. The Spike metric was computed as
the range of the fNIRS signal, considering the portion between the onset
and offset of the movement:

o lax s(n)—  min s(n); (2:5)
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where s(n) is the fNIRS signal.
The Shift metric was computed as the difference in the average f{NIRS
signal value between the 1-second portion before the movement onset and

the 1-second portion after the movement offset:

Iunonflgngnon - /’LnoffSnSnOferl; (26>

where fin,<n<n, is the average of the fNIRS signal between samples n;
and n;.

To enable comparison of motion artifact metrics across regions, which
can vary in baseline levels and signal ranges, the metrics were normalized
using the 5-second interval preceding each movement onset. Specifically,
the Spike metric was scaled by the standard deviation of the signal within
this interval, while the Shift metric was divided by the mean of the
absolute signal values during the same period.

For all metrics, the values were averaged across the three repetitions

of each movement.

Data Analysis

The data analysis aimed to examine how different types of head move-
ments influence motion artifacts by comparing the movement and motion

artifact metrics. The analysis proceeded as follows:

(a) Validation of head orientation and movement metrics derived from

video recordings;

(b) Examination of motion artifact characteristics across different move-

ment types;
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(c) Assessment of the relationship between movement metrics and mo-

tion artifact metrics.

The study focused on providing both descriptive and statistical in-
sights into the relationship between head movements and motion arti-

facts. In particular, we addressed the following research questions:

1. Which types of head movements are most likely to induce motion

artifacts?

2. Are motion artifacts more prominent in specific brain regions? If
so, which regions are most affected, and which movements have the

greatest impact?

3. How does the magnitude of motion artifacts vary with the speed

or amplitude of the movement?

4. Can experimental guidelines be derived to minimize the occurrence

of motion artifacts?

Linear mixed-effects models were applied to account for both fixed
and random effects (Brown, 2