
1 

 

Running Title: INTERACTIVE LEARNING WITHOUT SLEEP 

 

Interpersonal brain synchronization with instructor compensates for learner's 

sleep deprivation in interactive learning 

 

Yafeng Pan 1,2,3*, Camille Guyon1, Guillermo Borragán 1, Yi Hu 2*,  

and Philippe Peigneux 1* 

 

1 Neuropsychology and Functional Neuroimaging Research Unit (UR2NF) at CRCN 

- Center for Research in Cognition and Neurosciences and UNI - ULB Neurosciences 

Institute, Université Libre de Bruxelles, Bruxelles, Belgium 

2 School of Psychology and Cognitive Science, East China Normal University, 

Shanghai, People’s Republic of China 

3 Department of Clinical Neuroscience, Karolinska Institutet, Stockholm, Sweden 

 

 

 

* Corresponding authors:  

Yafeng Pan: yfpan.ecnu@gmail.com 

Yi Hu: yhu@psy.ecnu.edu.cn 

Philippe Peigneux: philippe.peigneux@ulb.be 
 
  

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


2 

 

Abstract 

Recent advances shifted the focus on single-brain functioning toward two-brain 

communication during learning interactions, following the demonstration that 

interpersonal brain synchronization (IBS) can track instructor-learner information 

exchange. Here, we investigated (i) whether sleep deprivation (SD) that potentially 

impacts both social interactions and learning abilities modulates IBS, and (ii) 

conversely whether and to what extent IBS might compensate for SD-related learning 

deficits. Instructors (always with regular sleep, RS) were asked to teach numerical 

reasoning strategies to learners (either SD or RS), during which the activity of both 

brains was simultaneously recorded using functional near-infrared spectroscopy 

(fNIRS). SD learners initially performed below their baseline level, worse than RS 

learners, but learning improvement was comparable between RS and SD conditions 

after learning with the instructor. IBS within the instructor-learner dyads was higher 

in the SD (vs. RS) condition in the left inferior frontal cortex. In addition, clustered 

IBS (estimated by nonnegative matrix factorization) was correlated with performance 

improvement. Finally, Granger Causality analyses revealed biased causality with 

higher instructor-to-learner than learner-to-instructor directionality in brain signal 

processing. Together, these results indicate that SD-related learning deficits can to 

some extent be compensated via interactions with an instructor, as reflected by 

increased IBS and preserved learning ability. It suggests an essential role of the 

instructor in driving synchrony between teaching and SD learning brains during 

interactions. 

Keywords: social interactive learning; interpersonal brain synchronization; fNIRS 

hyperscanning; empathic deficit; compensation; sleep deprivation  
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1. Introduction 

Morning sleepiness is known to interfere with educational efficiency in teenagers 

and young adults, due to altered psychosocial and life-style circumstances but also to 

the maturation of biological processes regulating sleep/wake systems [1,2]. 

Insufficient sleep [3–8] and/or poor sleep quality [9,10] in children, adolescents and 

young adults are associated with cognitive dysfunctions, mood changes, and social 

deficits that may affect learning and academic performance.  

According to the empathic deficit hypothesis [11], sleep deprivation (SD) affects 

the ability to recognize and categorize others’ emotions [12], and reduces the 

individual’s self-perceived emotional intelligence by affecting the ability to be 

empathetic towards others [13]. Moreover, SD is associated with impaired emotional 

reactivity [14] and control [15] – both being relevant for sharing others’ emotional state 

and social interaction. In this respect, empathic deficits are probably amongst the main 

factors that impede social exchange [3], which ultimately have the potential to impede 

the relation between an instructor and a learner during interactive learning [16].    

Notwithstanding, SD-related social interaction deficits might to some extent be 

compensated by recruiting resources beyond those utilized after a normal night of 

sleep, a compensatory phenomenon usually accompanied by stronger or more 

extended brain activity [17] (but see e.g. [18] for decreased brain activity after SD) 

and increased intrinsic brain connectivity [19–21]. Hence, according to the 

compensatory recruitment hypothesis [17], the sleep-deprived brain would exhibit 

compensatory neural activity that enable relatively preserved behavioural 

performance, including learning. It is worth noticing that at least partially shared brain 

networks encompassing fronto-temporo-parietal regions subtend compensatory 

recruitment [17,20] and social cognition [22,23]. It suggests that compensatory 

mechanisms might support social exchanges in resilient individuals after one night of 

SD. Notwithstanding, whether and how compensatory single-brain findings 

apply/generalize to a dual-brain framework [24] remain unclear.  

Besides an involvement of specific brain networks, functional near-infrared 
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spectroscopy (fNIRS) – based hyperscanning studies have evidenced brain-to-brain 

coupling mechanisms underpinning social interactions [25–29]. Interpersonal brain 

synchronization (IBS) was identified using this hyperscanning approach, in which 

brain cortical dynamics can be simultaneously recorded in two interacting participants 

(also known as “second-person neuroscience” [24,30]). Using a naturalistic 

interactive learning paradigm, we previously showed that IBS is able to track learning 

interactions within instructor-learner dyads, and correlates with learning outcomes 

[26,28]. Furthermore, increased IBS was found to facilitate transfer of social 

information [31]. Improved information transfer may eventually promote better 

learning outcomes [26,32]. However, it remains unclear whether sleep deprivation 

known to affect both social cognition and learning abilities exerts an effect of IBS, 

and conversely whether socially based IBS might compensate for SD-related deficits 

in learners.  

In this study, we recorded simultaneous brain activity using fNIRS, and computed 

IBS between an instructor and a learner during a numerical reasoning learning session 

[29] under regular-sleep (RS) and sleep-deprived (SD) conditions, counterbalanced. In 

the RS condition, both the instructor and learner spent one night of sleep at home 

before testing in the morning. In the SD condition, the learner was totally sleep 

deprived for one night under controlled conditions before testing in the morning, 

whereas the instructor was normally rested. Due to the interactive nature of 

face-to-face learning, we anticipated an IBS between instructor and learner. 

Considering the hypotheses discussed above, IBS could be decreased after SD due to 

deficient empathic abilities (for a discussion of the positive links between IBS and 

empathy, see [33,34]), alternatively enhanced if a compensatory mechanism develops. 

The latter compensatory hypothesis is inspired by both previous single-brain studies 

(e.g., [17,20,22,23]) and emerging two-/multi-brain findings showing that IBS 

selectively increases in individuals with behavioural/social deficits (e.g., [35,36]). 

Additionally, to better understand the functional significance of IBS at the 

neurophysiological level, we explored IBS-behaviour relationships (i.e., whether IBS 
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is associated with learning outcomes), directionality coupling (i.e., whether it is the 

instructor who mostly synchronizes with the learner, or vice versa), and intrinsic 

connectivity in each partner.  

2. Methods 

2.1. Participants 

Eighteen female adults (age 22.72 ± 1.99 years, range 20–28 years) completed the 

whole experiment. They were recruited through a public announcement at the 

Université Libre de Bruxelles (ULB, Belgium). We tested only female participants in 

order to mitigate inter-individual and inter-dyad variability, in accordance with recent 

hyperscanning studies [26,37]. Recent use of psychiatric or hypnotic drugs, poor sleep 

quality (Pittsburgh Sleep Quality Index > 8 [38]), and high caffeine consumption (> 3 

cups/day) excluded subjects from participation in this study (two additional 

participants were screened). Participants gave written informed consent prior to this 

experiment approved by the ULB-Erasme Hospital Ethics Committee (Reference 

P2018/284). All participants received monetary compensation for their participation. 

All participants but two were right-handed (Edinburgh Handedness Inventory, 

Oldfield, 1971), in good health with no history of sleep, neurologic, or psychiatric 

disorders, and exhibited below cut-off scores levels for anxiety (State-Trait Anxiety 

Inventory-French version [39]), depression (Beck Depression Inventory-Short Form 

[40]), empathy (Interpersonal Reactivity Index [41]) and usual fatigue (Brugmann 

Fatigue Scale [42]). They also had satisfactory usual sleep quality (Pittsburgh Sleep 

Quality Index [38]) and neutral or moderate chronotype (Morningness-Eveningness 

Questionnaire [43]) (see Table 1).  

From the pool of 18 participants, two with instructor training (Educational 

Sciences) for at least 2 years were selected and assigned as instructors. Only two 

instructors were used in order to make the teaching style as similar as possible across 

dyads [44]. The remaining 16 participants were learners, randomly assigned to the 2 
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instructors. Thus, each instructor had to teach 8 learners in a face-to-face format, both 

in the RS and SD conditions (see next section), resulting in 16 instructor-learner 

dyads in total. This target number of participant dyads was determined by an a priori 

power analysis based on effect sizes reported in the literature from our previous study 

using an interactive learning paradigm [26]. Using reported effect sizes (Cohen’s ds > 

0.79), the power analysis (using the pwr package in R [45]) indicated that a sample of 

15 participant dyads would be sufficiently powerful (at a level of 0.80) to detect an 

effect of this size. Along these lines, previous hyperscanning studies using the 

instructor-learner interactive learning paradigm have typically used sample sizes of 

around 12 – 15 participant dyads [26,46,47].  

Table 1. Questionnaire scores of the study sample. 

 Mean Standard Deviation Range Cut-off scores 

Handedness 65.82 51.81 -75–100 / 

State-Trait Anxiety Inventory (STAI) 

STAI - Trait 

 

28.74 

 

3.64 

 

21–34 

 

40 

STAI - State 29.10 1.72 23–40 40 

Beck Depression Inventory  1.53 1.88 0–3 9 

Brugmann Fatigue Scale 3.90 2.36 0–11 12 

Pittsburgh Sleep Quality Index 3.32 1.56 0–5 7 

Morningness-Eveningness Questionnaire 53.11 8.88 30–69 69 

Interpersonal Reactivity Index (IRI) 

IRI - Perspective Taking 

 

19.00 

 

5.81 

 

7–28 

 

30 

IRI - Fantasy 18.11 4.90 9–27 30 

IRI - Empathic Concern 20.28 4.59 12–28 30 

IRI - Personal Distress 12.17 5.58 2–22 30 

2.2. Experimental protocol 

In a repeated-measures crossover counterbalanced design, the learners (n = 16) 
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took part in two experimental conditions (Fig. 1A) separated by a one-week interval, 

counterbalanced: (i) once after a night of regular sleep at home (i.e., regular-sleep, 

RS), and (ii) once after 24 h of sleep deprivation (SD).  

Each experimental condition (SD or RS) included two behavioural sessions. On 

Day 1, participants completed a set of psychological scales (i.e., Pittsburgh Sleep 

Quality Index, STAI–Trait, Morningness-Eveningness Questionnaire, Beck 

Depression Inventory, Edinburgh Handedness Inventory, and Interpersonal Reactivity 

Index), and were administered a numerical reasoning test to evaluate their baseline 

proficiency level. At Day 4 three days later, they participated in the 

fNIRS-hyperscanning experimental session either after a night of regular sleep (RS) at 

home or total sleep deprivation (SD) in the laboratory. In this fNIRS-hyperscanning 

experimental session, they had first to complete self-report questionnaires (STAI – 

State and Brugmann Fatigue Scale) and a numerical reasoning pre-learning 

assessment. Then, the instructor taught numerical reasoning strategies (see below) to 

the learner in a one-on-one interactive format while their cortical activity was 

simultaneously recorded, and their interactions videotaped. Immediately after the 

scanning session, participants were administered a post-learning numerical reasoning 

assessment. 

Day 1 and Day 4 for the second condition held at least one week later were 

identical as the first condition but for the status of the night preceding the 

fNIRS-hyperscanning session (SD or RS), and the fact that no baseline numerical 

reasoning evaluation was administrated. RS and SD sessions were counterbalanced 

across participants. In both RS and SD conditions, normal rest-activity patterns (7 to 9 

hours of sleep) were monitored using actimetry (i.e., a wrist-worn device monitoring 

motor activity; ActiGraph wGT3X-BT Monitor, Pensacola, FL) and subjective sleep 

logs (Stanford Sleepiness Scale [48]) for 3 consecutive days before the 

fNIRS-hyperscanning session (Fig. 1A). Actigraphy data were analyzed using 

ActiLife 6 software [49] and the Cole Kripke algorithm [50]. Participants were also 

specifically instructed not to engage in daytime naps and to abstain from alcohol and 
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caffeine during this period, including throughout the SD night. 

In the RS fNIRS-hyperscanning session, participants came to the laboratory at 

9:00 AM after a night of regular sleep at home. In the SD fNIRS-hyperscanning 

session, participants arrived at the laboratory at ~8:50 PM the day before. Starting 

from 9:00 PM. and every 2 h, participants were administered sleepiness and empathy 

questionnaires, and a psychomotor vigilance task (PVT) (details below). The SD 

session enrolled two participants in a same night. They were allowed access to the 

Internet, books, and movies with low to moderate emotionality levels; physical 

activity was restricted to short walks and food intake to a small sandwich at ~3:00 

AM. Water was available ad libitum. At ~ 9:20 AM in both conditions, participants 

performed the fNIRS - hyperscanning interactive learning session (with pre-learning, 

learning and post-learning phases, Fig. 1A&B).  

Instructors (n = 2) were never sleep deprived and participated in the 

scanning/learning conditions after regular sleep at home (normal sleep patterns were 

monitored using actimetry). They had to complete a battery of psychological scales 

(i.e., Pittsburgh Sleep Quality Index, STAI-Trait, Morningness-Eveningness 

Questionnaire, Beck Depression Inventory, Edinburgh Handedness Inventory, and 

Interpersonal Reactivity Index) during the first meeting. Besides, they were asked to 

complete self-report questionnaires (STAI-State and Brugmann Fatigue Scale) as well 

as the sleepiness and empathy assessments at 9:00 AM every time when arriving at 

the laboratory. 
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Fig. 1. Experimental setting. (A) Schematic description of the experimental protocol. The experiment 

spanned on 4 days, two per condition (sleep-deprived vs. regular-sleep, SD vs. RS). Test sessions were 

separated by at least one week. (B) Detailed timetable in the SD and RS conditions. (C) Illustration of 

the fNIRS - hyperscanning experimental setup. (D) Optode emitters [red dots] and detectors [blue dots] 

located on bilateral fronto-temporo-parietal regions, both for the instructor and the learner.  

2.3. Interactive learning task 

Participants were taught numerical reasoning strategies, i.e. to find the hidden 

rules and relations within a digit sequence. For example, for a given digit sequence “1, 

3, 5, (  ), 9”, the hidden rule is that all digits in the sequence are odd numbers that 

differ by the constant of “2”; as a result, “7” is the correct answer. Numerical 
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reasoning items were extracted from the Chinese Civil Servants Administrative 

Professional Knowledge Level Tests (CCSAPKLT), a national standard guidebook. 

CCSAPKLT was designed to measure and improve a variety of cognitive abilities, 

entailing numerical reasoning, in young adults. It was previously used in an 

fNIRS-based hyperscanning study [29]. Learners in our study had never been exposed 

previously to the CCSAPKLT.  

Prior to the formal experiment, the two instructors received a teaching training to 

ensure consistent strategies when interacting with the learners during the experimental 

teaching sessions. They were given 8 numerical reasoning instances (selected from 

CCSAPKLT) and the teaching script, and asked to prepare their teaching at home for 

one week. They then had to demonstrate teaching to the experimenter in a one-on-one 

manner, and received feedbacks until their performance was deemed satisfactory by 

the principal investigator (Y. P.).  

During the fNIRS hyperscanning interactive learning phase, the instructor taught 

several numerical reasoning strategies to the learner face-to-face (Fig. 1C). The 

instructor was not informed of the learner condition (but it is likely that they realized 

the sleep state of the learner, as sleep-deprived learners looked exhausted). The task 

procedure was as follows: (i) the instructor presented an example on a computer 

screen; (ii) the learner read and thought about the problem for approximately 20 

seconds; and then (iii) the instructor guided the learner to find the hidden rule 

according to the approach described in the script using a questions and answers (Q&A) 

approach. The learner’s numerical reasoning performance was evaluated at the 

beginning of the experiment (baseline level) and immediately before and after the 

fNIRS hyperscanning (for a total of five tests).  

To determine the learning material, 50 four-choice items were selected from 

CCSAPKLT’s test bank. To create five tests with equal difficulty levels (i.e., baseline, 

SD-pre, SD-post, RS-pre, and RS-post), we asked 10 additional participants (not 

involved in the main experiment) to solve the problems, and used their scores to 

determine the difficulty level of the 50 items. We then rejected 10 items based on the 
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following criterion: (i) confusing expressions based on pilot participants’ feedback; (ii) 

highest (>70%) and lowest levels (<30%) of accuracy (to avoid potential 

ceiling/flooring effects). The 40 remaining items were pseudo-randomly split into five 

testing sets of 8 items each. Difficulty levels did not significantly differ between the 

five testing sets (ts < 1.44, ps > 0.16). During baseline and pre-and post-learning tests, 

participants were allowed a maximum of 20 minutes (the exact time for each learner 

was recorded) to complete their testing set.  

The numerical reasoning performance was assessed using the Efficiency score 

(adapted from [51]): 

���������� �  

������

�������
 

which was measured as a ratio between accuracy (defined as the ratio between the 

correct items and the total number of items) and duration (defined as the time in 

seconds necessary to complete the items). This measure was chosen to control for the 

potential tradeoff between accuracy and duration. Statistical analyses on numerical 

reasoning performance (i.e., Efficiency) were conducted using nonparametric 

Wilcoxon tests since data were not normally distributed (Shapiro-Wilk test, p = 0.04).  

2.4. Sleepiness and empathy assessments 

2.4.1. Sleepiness assessments 

Objective sleepiness. To assess SD-related changes in objective alertness across 

the night, we administered the 10-min version of Psychomotor Vigilance Task (PVT, 

[52]) every 2 hours from 9 PM. In the PVT, participants are instructed to press a key 

as fast as possible whenever a millisecond countdown appears in the middle of a 

computer screen. Stimuli were randomly presented with an inter-stimuli interval 

ranging 2 to 10 seconds. PVT response speed (i.e., reciprocal reaction time = mean 

1/RT) and lapses (i.e., number of RTs > 500 ms) were the primary outcomes [53]. 

Subjective sleepiness and fatigue. To assess subjective changes in sleepiness over 

the SD night and before the task in SD and RS conditions, the Stanford Sleepiness 
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Scale was administered every 2 hours from 9 PM. Participants had to choose the 

statement that defined them best from 7 options ranging from “feeling active and vital; 

wide awake” to “sleep onset soon; lost struggle to remain awake.” Participants also 

completed a 10 cm visual analog scale (VAS) to rate their fatigue (i.e., ‘How tired do 

you feel?’), ranging from not very tired (left) to very tired (right).  

Sleepiness assessments (PVT, Stanford Sleepiness Scale, and fatigue VAS) were 

obtained every 2 h during the SD night (9:00 PM to 9:00 AM) and in the morning of 

the RS session (~9:00 AM) (see Fig. 1B). 

2.3.2. Empathy assessments 

Objective empathy. To track changes in empathy after SD using objective 

measurements, we administered a modified version of the Multifaceted Empathy Test 

(MET) [11]. This test uses 120 color pictures of people, selected from the 

International Affective Picture System [54]. From this set of images, we created 5 

parallel versions of the task (i.e., to be administered at the 4 testing sessions across the 

whole night in the SD condition (9:00 PM, 1:00 AM, 5:00 AM, and 9:00 AM) and 

once in the RS condition (9:00 AM); administration order counterbalanced). The five 

subsets entailed 24 pictures each, each comprising 8 pictures for each valence: 

positive, negative or neutral, matched for arousal. In the task, the 24 images were 

presented four times, resulting in 96 trials in total. At each trial, participants had to 

answer a specific question that aimed at measuring either (i) cognitive empathy (i.e., 

‘how much could you feel about the thoughts of this person?’), (ii) direct emotional 

empathy (i.e., ‘how strong is the emotion you feel about emotions of this person?’), 

(iii) indirect emotional empathy (i.e., ‘how calm/aroused does this picture make you 

feel?’), or (iv) a mere image valence judgement (i.e. ‘how would you judge this 

image?’ positive/negative/neutral). Each question was presented at first for 4 s, 

followed by a fixation cross (1 – 3 s) and then the image stimulus. When presented 

with the stimulus, they had to respond as fast as possible, at maximum within 10 

seconds. Participants responded to cognitive and emotional empathy questions by 
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using a reduced version of the Self-Assessment Manikin [55] valence scale which 

consists of four figures, ranging from calm and not concerned to anxious and very 

concerned. The sum of ratings of cognitive empathy and emotional empathy was 

calculated as an index of general empathy.  

Subjective empathy. To track the subjective empathy changes following SD, a 10 

cm VAS was used to rate participants’ empathy (i.e., ‘how much do you feel about the 

emotions of others?’), ranging from not very much (left) to very much (right).  

Empathy assessments (MET and empathy VAS) were obtained every 4 h during 

the SD night (from 9:00 p.m. to 9:00 AM) and in the morning of the RS session 

(~9:00 AM) (see Fig. 1B). 

SD-related empathic deficit. A potential SD-related empathy deficit was 

calculated by subtracting objective/subjective empathy levels at ~9:00 AM in the SD 

condition from that in the RS condition. 

2.5. fNIRS data acquisition 

The instructor and the learner sat side-by-side in front of a computer in a silent 

room (Fig. 1C). Brain imaging data were collected from the instructor and the learner 

simultaneously using a multichannel BrainSight NIRS system (V2.3b12, Rogue 

Research Inc., Canada). The configuration of the optodes featured 8 light emitters and 

16 detectors, clustered over the fronto-temporo-parietal regions based on previous 

studies showing that these regions are associated with social cognition and interaction 

[56]. The detectors were located at a distance of approximately 3 cm from the emitters. 

Each pair of emitters and detector formed one channel, resulting in a total of 13 

channels measured over each hemisphere (Fig. 1D). Probe set locations were checked 

and adjusted to ensure consistency within the instructor-learner pair, and across pairs. 

The spatial position of the optodes was set up using a 3D coordinates system coupled 

with a Polaris localization device. Since no individual structural magnetic resonance 

images (MRI) were available for our participants, MNI coordinates of fNIRS channels 

were determined using a probabilistic registration method [57–59]. This method 
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utilizes MRI stored in a reference database and probabilistically registers fNIRS 

channel positions onto a standard brain template. The probabilistic registration 

consisted of four steps [59]. First, we measured positions for channels and reference 

points (real-world space) using the 3D digitizer. Four reference points were used: Nz 

(i.e., nasion), Cz (international 10/20 system), AL and AR (i.e., left and right 

preauricular points). Second, we applied an affine transformation of the fNIRS 

channel coordinates on the participant's head (real-world space) to the reference heads 

in the database (MNI space). Third, we projected head surface points onto their 

corresponding cortical surfaces in MNI space. Finally, the cortically projected channel 

positions for each participant were integrated to generate the most likely coordinates 

in MNI space.  

Absorption of near-infrared light at two wavelengths (685 and 830 nm) was 

measured with a sampling rate of 10 Hz. Based on the modified Beer-Lambert Law, 

changes in oxy-hemoglobin (HbO) and deoxy-hemoglobin (HbR) concentrations were 

obtained by measuring fNIRS light absorption changes after transmission through the 

cortical tissue. In this study, we focused on HbO concentrations only, since HbO was 

reported to be a sensitive indicator to reveal changes in the regional cerebral blood 

flow [60] and of high signal-to-noise [7,61], which has been successfully used in the 

field of social neuroscience to evidence IBS in recent hyperscanning studies 

[26,28,29,37,62].  

Data collection started with a baseline 5-minute resting-state phase during which 

both participants were required to focus on a same fixation point on the computer 

screen, while keeping still and avoiding unnecessary movements. The 

interactive-learning phase immediately followed for an approximate duration of 13 to 

18 minutes. 

2.6. fNIRS data analyses 

2.6.1. Pre-processing 
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Data collected during rest and interactive learning (task) phases were 

pre-processed as follows. First, 30-second signal blocks were removed from the initial 

and ending rest and task phases to ensure steady state periods. Next, a 

Correlation-Based Signal Improvement method based on the negative correlation 

between HbO and HbR concentrations was applied to further reduce motion artifacts 

and improve signal quality [63]. Moreover, a principal component analysis was 

applied on continuous fNIRS data to separate the neuronal from global components 

[64].  

2.6.2. Interpersonal brain synchronization (IBS) measurement 

 Pre-processed data were then analyzed using wavelet transform coherence (WTC) 

to explore the relationship between the two fNIRS time series generated by each 

participant in the dyad. WTC analysis was computed using a standard MATLAB 

package (http://grinsted.github.io/wavelet-coherence/; see also [65] for more 

information). WTC function for a pair of signals i(t) and j(t) was defined as follows: 

WTC��, �� �  
|���������, ���|�

|��������, ���|�|��������, ���|�
 

where W denotes a complex coefficient matrix calculated by the continuous wavelet 

transform with the Morlet wavelet as the mother function. This W matrix contains 

information about both instructor and learner signals’ amplitude and phase. The 

cross-wavelet transform  � �� � � ����  of the two signals is calculated with * 

indicating the complex conjugate. Moreover, t, s, and ��� represents the time, wavelet 

scale and smoothing operation in time and scale, respectively [65]. WTC values range 

from 0 (totally unsynchronized) to +1 (perfectly synchronized). WTC values were 

converted into Fisher-z values. IBS between instructor and learner was estimated by 

WTC as described in previous studies [26,29]. Considering 26 channels per 

participant, a 26 × 26 IBS matrix was generated for each dyad. The IBS matrices were 

further rendered over 3D head models using a plot function [66]. The resulting map 

was corrected for multiple comparisons using the false discovery rate (FDR) [67], 
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thresholded at a 0.05 significance level. 

 Task-evoked IBS. As a first step to assess whether our interactive learning task 

evoked IBS, we performed the IBS analysis across all channel combinations and all 

conditions. To do so, IBS was averaged across time and all channel combinations in 

each dyad. The averaged IBS was then compared between the resting-state phase and 

the interactive-learning phase using paired sample t-tests. Comparisons were 

conducted for each frequency band within the 0.01 – 1 Hz range, including almost all 

frequencies reported in previous fNIRS hyperscanning studies [26,28,68]. The 

resulting p values were corrected using FDR. This data-driven analysis evidenced 

task-evoked IBS in frequencies ranging from 0.16 to 0.19 Hz (see Fig. 3A). That is, 

IBS was significantly larger in the task than the rest phase in the frequency of 0.16 – 

0.19 Hz. This frequency band was thus chosen as our frequency of interest (FOI) for 

further analyses. It also excluded undesired effects from physiological noises [e.g., 

cardiac pulsation (~1 Hz), respiration (~0.2 – 0.3 Hz) and Mayer waves (~0.1 Hz)].  

 State-related differences in IBS. In a second step, we compared the IBS in the SD 

and RS conditions. We averaged the IBS within the FOI (i.e., 0.16 – 0.19 Hz.) in each 

condition, and computed an index of task-related IBS by subtracting IBS during rest 

from that during the task (i.e., IBStask-related = IBStask – IBSrest). Two complementary 

analyses were then conducted on task-related IBS. First, we aimed at determining 

condition-specific IBS [i.e., contrasting IBS values with the null value hypothesis 

(IBS = 0) for each channel combination using one-sample t-tests separately in the RS 

and SD conditions]. Second, we evaluated the condition-related IBS [i.e., contrasting 

IBS values between RS and SD conditions for each channel combination using 

paired-sample t-tests]. P values derived from both measures were corrected with FDR, 

respectively. 

 IBS validation. To confirm that the detected IBS was specific to real 

instructor-learner dyads, we pseudo-randomly re-paired signals from all participants 

into 16 new shuffled dyads (always random dyads) and re-conducted the IBS analysis. 

This shuffling procedure was conducted 1,000 times. 
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 Clustered IBS. In the next step, IBS matrices in the SD and RS conditions were 

clustered using nonnegative matrix factorization (NMF) [69]. NMF is an 

unsupervised learning approach used to extract meaningful information from 

multi-dimensional data such as IBS arrays [34]. To achieve stable results, we 

conducted the NMF with 1,000 runs. As our primary interest, channel combinations 

associated with significant IBS during interactive learning in the SD condition were 

selected as features; as a control, we used the same features in the RS condition. The 

number of the cluster (i.e., factorization rank) was set to 3. This parameter was 

determined by considering the smallest value at which the decrease in the residual 

sum of squares (RSS) is lower than the decrease of the RSS obtained from reshuffled 

data [70], in accordance with recent recommendations [34]. The Brunet version of 

NMF was applied. The coef function implemented in the NMF package [69] in R 

3.5.1 was used to estimate the cluster loadings. 

 IBS-behavior correlation. Pearson correlational analyses were performed to test 

the relationship between clustered IBS values and numerical reasoning performance 

(as well as empathy scores) in both SD and RS conditions. Resulting p values were 

FDR-corrected. Statistical analyses were conducted using MATLAB (version 2016b, 

MathWorks Inc., Natick, MA) and SPSS (version 18.0, Chicago, IL, USA) software. 

2.6.3. Directional coupling 

We further asked about coupling directionality (i.e., whether it was mostly the 

instructor who synchronized with the learner or the other way around) during 

interactive learning after sleep loss, using a Granger causality estimation toolbox 

(https://www.dcs.warwick.ac.uk/~feng/causality.html). After pre-processing (see 

section above), which made the time series relatively stationary (as confirmed by the 

augmented Dickey-Fuller test) [71], time series were normalized using z-transforms 

(i.e., converting task phase data into z-scores using the mean and standard deviation 

of rest phase data). As previously reported [26], clean time series from adjacent 

channel combinations exhibiting significant IBS condition-related differences were 
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averaged as a region of interest (ROI). We used the average signal from significant 

channel combinations, as opposed to the individual signals from each significant 

channel combination, in order to aggregate the effect and mitigate global systemic 

noises. The mean pair-wise conditional Granger Causality of the pair of time series 

was computed for both directions [i.e., from learner (L) to instructor (I), L → I, and 

from instructor to learner, I → L]. Latent variables were the averaged signals from 

channel combinations associated with non-significant IBS in both instructors and 

learners. The model order was set to 12 based on the Bayesian information criterion 

[72]. Ljung-Box Q-tests confirmed that there was no significant autocorrelation in the 

residuals. Because the data were not normally distributed (Shapiro-Wilk test, p = 

0.03), nonparametric Wilcoxon tests were used to compare the difference between the 

two directions in each condition (SD and RS), Bonferroni corrected for multiple 

comparisons. 

2.6.4. Within-individual, seed-based intrinsic brain network 

 As a complementary analysis, we also explored seed-based intrinsic brain 

network to assess whether interactive learning would modify individual within-brain 

synchronization in the instructor and/or the learner. Seed-based intrinsic brain 

synchronization was estimated using the aforementioned WTC method. Inferior 

frontal cortex (IFC, MNI coordinates: x = -52, y = 36, z = -12) was selected as our 

seed of interest for two main reasons: (i) significant IBS condition-related differences 

were identified in the IFC in this study (see Results), and (ii) our previous work on 

instructor-learner interactions evidenced significant IBS in the IFC [26]. We 

calculated the synchronization between IFC (channel 15, closest to the MNI 

coordinates) and the remaining channels (channels 1–14 & 16–26) in each participant 

of dyads (25 channel combinations in every participant). The resulting 

synchronization matrices revealed intrinsic brain connectivity patterns that were 

strengthened/weakened during interactive learning. Three contrasts of interest were 

computed. First, task-related IBS (IBS during task minus that during rest) was 
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contrasted against the null hypothesis (IBS = 0) to evidence interactive 

learning-related intra-brain synchronization; second, it was contrasted across 

conditions (SD vs. RS) in each participant of dyads aiming at identifying 

condition-related differences; third, it was contrasted across roles (instructor vs. 

learner) separately in the SD and RS conditions to explore potential role-related 

differences. The resulting p-values from these contrasts were controlled using FDR 

multiple-comparisons correction. Directional coupling and intrinsic brain networks 

were visualized using the BrainNet Viewer [73]. 

3. Results 

3.1. Behavioral data and task performance 

3.1.1 SD-related changes in sleepiness and empathy 

Actimetry and subjective sleep logs validated that participants were well rested 

for the 3 consecutive days before the fNIRS - hyperscanning session (asleep 8.19 ± 

0.86 hours for each night, rising at ~ 8:16 ± 0:57 AM). There were no significant 

differences in sleep duration and wake-up time for the three consecutive days before 

testing between the two sleep conditions (ps > 0.12). These results rule out the 

possibility that irregular sleep before RS and SD night might have impacted upon 

sleepiness and empathy. 

We then assessed both objective (PVT) and subjective (SSS and VAS-sleepiness) 

measures of sleepiness and vigilance in learners. All scores were significantly altered 

in the SD vs. RS conditions when tested at 9:00 AM: PVT-response speed, mean ± 

standard deviation, 2.68 ± 0.44 vs. 3.42 ± 0.33; PVT-lapses, 11.69 ± 2.32 vs. 1.50 ± 

0.60; SSS, 5.46 ± 1.99 vs. 2.33 ± 0.85; VAS-sleepiness, 8.83 ± 2.97 vs. 3.27 ± 2.16; ps 

< 0.002, as well across the SD night in the SD condition (9:00 AM vs. 9:00 PM); 

PVT-response speed, 2.68 ± 0.44 vs. 3.33 ± 0.35; PVT-lapses, 11.69 ± 2.32 vs. 1.69 ± 

0.48; SSS, 5.46 ± 1.99 vs. 2.50 ± 0.90; VAS-sleepiness, 8.83 ± 2.97 vs. 3.67 ± 2.32; ps 

< 0.002. These results confirm that sleepiness and vigilance parameters were altered 
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in learners in the SD condition. 

Empathy in learners was also impaired following SD, as evidenced using both 

objective (MET) and subjective (VAS-empathy) assessments. VAS-empathy scores at 

9:00 AM were decreased after SD vs. RS (5.50 ± 2.78 vs. 7.17 ± 1.67, p = 0.004) as 

well as over the night in the SD condition (9:00 AM vs. 9:00 PM; 5.50 ± 2.78 vs. 7.75 

± 1.83, p = 0.0001). The decline in MET scores was significant for the negative 

stimuli (9:00 AM, SD vs. RS; 8.21 ± 0.70 vs. 9.14 ± 0.51, p = 0.0005; 9:00 AM vs. 

9:00 PM in the SD condition, 8.21 ± 0.70 vs. 9.22 ± 0.61, p = 0.0003), but not for 

neutral and positive stimuli (ps > 0.10).  

As for instructors, who always had regular sleep during the experiment, we also 

collected their scores of sleepiness and empathy assessments each time when they 

arrived at the laboratory in the morning (9:00 AM). All scores (obtained when 

instructors taught RS learners) were not significantly different from those of learners 

in the RS condition: PVT-response speed, mean ± standard deviation, 3.06 ± 0.17 vs. 

3.42 ± 0.33; PVT-lapses, 2.20 ± 2.14 vs. 1.50 ± 0.60; VAS-sleepiness, 3.31 ± 2.27 vs. 

3.27 ± 2.16; VAS-empathy, 7.88 ± 1.71 vs. 7.17 ± 1.67; MET-negative, 9.35 ± 1.04 vs. 

9.14 ± 0.51, ps > 0.05. Moreover, no significant difference was detected between 

scores obtained when instructors taught SD learners and scores obtained when they 

taught RS learners, ps > 0.28. These results indicate that our instructors were likely to 

be well rested and comparable with our RS learners across experimental sessions.  

3.1.2 Numerical reasoning learning performance 

Summary, distribution and raw data are visualized (Fig. 2). Numerical reasoning 

learning performance across learners was quantified using Efficiency, which was 

measured as the ratio between accuracy and duration (see Methods). We performed a 

series of planned contrasts using nonparametric Wilcoxon tests instead of ANOVAs, 

since the data were not normally distributed. First, we tested whether performance at 

pre-learning in the SD and RS conditions differed from baseline performance levels as 

assessed the first day of the experiment and whether they differed from each other. In 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


21 

 

the SD condition, performance at pre-learning (median ± median absolute deviation, 

0.00030 ± 0.00017) was inferior to baseline (0.00045 ± 0.00013), p = 0.04. In the RS 

condition, no significant difference was evidenced between pre-learning and baseline 

level (0.00050 ± 0.00014; p = 0.28). At pre-learning numerical reasoning performance 

following SD was significantly worse than that following RS, p = 0.04.   

Second, we assessed the effect of the interactive learning session by contrasting 

performance at pre- vs. post-learning. Performance was superior at the post- than the 

pre-learning phase both in the SD (0.00070 ± 0.00016) and RS (0.00075 ± 0.00009) 

conditions, ps < 0.002. To compare learning-related improvement in performance 

between SD and RS conditions, we computed a differential (delta) value by 

subtracting pre-learning from post-learning performance. Learning improvement 

(delta) was not significantly different between the SD (0.00030 ± 0.0.00017) and the 

RS conditions (0.00025 ± 0.00014; p = 0.18). 

These results indicate that numerical reasoning performance significant declined 

following SD, but similarly improved through the interaction with the instructor 

during the learning session in RS and SD conditions.  

 

Fig. 2. Learning performance. Numerical reasoning learning performance was quantified using 

Efficiency index (i.e., accuracy/duration). Raincloud plots [74] displaying summary data (box plot), 
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distribution (probability density plot), and raw observations (one point = one learner). The horizontal 

grey line represents the baseline level (as assessed at the learners’ first visit). SD_pre: pre-learning in 

the sleep-deprived condition; SD_post: post-learning in the sleep-deprived condition; RS_pre: 

pre-learning in the regular-sleep condition; RS_post: post-learning in the regular-sleep condition. *p < 

0.05, ***p < 0.001. 

3.2. IBS during interactive learning  

IBS (estimated by WTC, see Methods) was used to analyse fNIRS data. In a 

first-pass analysis, IBS was calculated at each channel combination across all 

conditions for each participant. To focus on task-related synchronized brain activity, 

IBS during the task (interactive learning) was computed against IBS during the rest 

(baseline) phase. Results are shown in Fig. 3. Increased IBS was evidenced in the 

0.16 – 0.19 Hz frequency range (Figs. 3A) in a widespread cortical network 

encompassing inferior frontal and superior temporal areas and the temporo-parietal 

junctions, ts > 3.59, corrected ps < 0.05 (Figs. 3B&C).  

 

Fig. 3. Task-evoked interpersonal brain synchronization (IBS). (A) IBS estimated by Wavelet 

Transform Coherence (WTC) from a representative dyad. The red border line denotes the frequency 

band of interest (0.16 – 0.19 Hz). (B) IBS matrix at 0.16 – 0.19 Hz. The x-axis represents channels 

from learners whereas the y-axis represents those from instructors. The colour indicates t value. Black 

rectangles highlight significant differences between task and rest phases. (C) Task-evoked (task vs. rest) 

IBS at 0.16 – 0.19 Hz across the whole sample (illustrated by orange lines; dash line indicates FDR 

corrected p < 0.05, the solid line represents FDR corrected p < 0.01). Head colour reflects the number 

of significant IBS links. 
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3.3. SD-related changes in IBS 

 Having confirmed that interactive learning evokes distributed IBS across 

participant dyads, we sought to determine whether there was unchanged, impaired or 

compensatory IBS after SD. Analyses were conducted in SD and RS conditions 

separately. In the SD condition, learning (task)-related IBS significantly increased 

(one sample t-test against 0 value) in a wide fronto-temporo-parietal network, peaking 

at superior temporal and inferior frontal regions, ts > 4.57, corrected ps < 0.04 (Fig. 4, 

left column). In the RS condition, learning (task)-related IBS was found in the 

superior temporal cortex only, t15 = 6.23, corrected p = 0.01 (Fig. 4, middle column).  

Additional analyses evidenced stronger IBS in the SD than the RS condition at 

channel combination CH15-CH14 (SD vs. RS, mean ± standard deviation, 0.12 ± 0.03 

vs. 0.03 ± 0.08, t15 = 4.52, corrected p = 0.04), and CH16-CH17 (SD vs. RS, 0.13 ± 

0.05 vs. 0.01 ± 0.07, t15 = 6.40, corrected p = 0.002; note that the first and second 

channel labels separated by a dash represent the instructor and learner channels that 

took part in the IBS). These channels roughly correspond to left inferior frontal cortex 

locations [75] (Fig. 4, right column).  

Altogether, our results suggest that IBS increased in a compensatory manner 

during learning after SD. The effect was specific to the real interacting dyad, as 

computations on pseudo-randomly re-paired dyads were all non-significant. 
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Fig. 4. Sleep deprivation-related interpersonal brain synchronization (IBS). (A) Dissociated IBS 

patterns in the SD and RS conditions. SD compared to RS elicited significantly stronger IBS. The 

x-axis represents channels from learners whereas the y-axis represents those from instructors. The 

black rectangles highlight significant results thresholded at p < 0.05 (FDR corrected). (B) 

Condition-specific IBS in widespread fronto-temporo-parietal regions in the SD condition (left column) 

and in the superior temporal cortices in the RS condition (middle column). There was significantly 

higher IBS at the inferior frontal cortices in the SD than the RS condition (right column). Dash line 

indicates FDR corrected p < 0.05; solid line represents FDR corrected p < 0.01. Head color reflects the 

number of significant IBS links.  

3.4. Associations between (clustered) IBS and learning improvement 

We next examined the relation between IBS and improvement in learning 

performance. There were no significant univariate correlations between the increase 

of IBS in either SD or RS conditions and learning improvement. To further extract 

meaningful information from multi-dimensional arrays (Fig. 4), IBS illustrating the 

unique instructor-learner brain-to-brain network were clustered separately in the SD 

and RS conditions using nonnegative matrix factorization. The three-cluster solution 

was used to find the best fit in the SD and RS condition (Fig. 5A). Cluster 2 exhibited 

a significant correlation with learning improvement (learning performance at the post- 

minus pre-learning phase) in the SD condition, r = 0.62, p = 0.01. That is, increased 

IBS in cluster 2 was associated with improvement in numerical reasoning 

performance in the learner (Fig. 5B). Note that cluster 2 in the SD condition mostly 

engaged IFC regions (i.e., CH14_CH14, CH15_CH14; Fig. 5A), which echoed with 

our above findings. Correlations with cluster 1 (r = -0.07, p = 0.80) and cluster 3 (r = 

0.38, p = 0.17) were not significant. In the RS condition, no cluster was correlated 

with improvement in numerical reasoning performance (rs < 0.24, ps > 0.37).  

We additionally probed a potential relationship between IBS changes and 

empathic deficit in the SD condition. Specifically, Pearson correlational analyses were 

conducted to test the correlations between clustered IBS and subjective/objective 
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empathic deficits measures (delta = SD values at 9:00 AM minus RS values at 9:00 

AM). Neither subjective (rs < 0.42, ps > 0.11) nor objective (rs < 0.31, ps > 0.24) 

measurements correlated with clusters 1–3.  

 

Fig. 5. Clustered interpersonal brain synchronization (IBS). (A) Heatmaps of the three-cluster 

solution for significant IBS in the SD and RS conditions. The colours reflect IBS loadings for each 

cluster. The tree diagram illustrates the arrangement of the clusters produced by hierarchical clustering. 

The first and second channel names separated by an underscore respectively represent the instructor 

and learner NIRS channels that were involved in the IBS. (B) Scatter plots of clustered interpersonal 

brain synchronization (IBS) vs. learning improvement in sleep-deprived (SD) and regular-sleep (RS) 

conditions. Note that only Cluster 2 loadings were significantly correlated with learning improvement 

(calculated by post- minus pre- numerical learning performance). 
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3.5. IBS directionality: from instructor to learner or from learner to instructor?  

 To determine the preferential directionality of IBS during learning interactions 

between instructor and learner, we conducted a Granger causality analysis (GCA). 

Due to the data being not normally distributed, we performed a series of planned 

contrasts using nonparametric Wilcoxon tests. In the SD condition, Wilcoxon tests 

revealed a significantly biased directionality with mean causality from instructor to 

learner (median ± median absolute deviation, 0.0028 ± 0.0013) significantly larger 

than that from learner to instructor (0.0021 ± 0.0009), corrected p < 0.05 (Fig. 6). In 

the RS condition, there was no significant difference in terms of the coupling 

directionality (from instructor to learner vs. from learner to instructor, 0.0025 ± 

0.0009 vs. 0.0022 ± 0.0011, p = 0.13; Fig. 6). These results suggest that it is mostly 

the instructor who "led" the interaction with the learner in the SD condition. 

 

Fig. 6. Coupling directionality. (A) ROI-based Granger causality analysis evidencing the main 

coupling directionality. In the SD condition, mean Granger causality from instructor [averaged signals 

recorded at channel (CH) 15 and CH16] to learner [averaged signals recorded CH14 and CH17] was 

larger than Granger causality from learner to instructor in the inferior frontal cortex. (B) In the SD 

condition, mean causality from instructor (I) to learner (L) was significantly larger than vice versa. In 

the RS condition, no significant differences were evidenced. * p < 0.05. 

3.6. Synchronized seed-based intrinsic brain network after SD 
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As a complementary analysis, we also investigated within-individual brain 

connectivity during learning interactions, separately in the learner and in the instructor. 

In the SD condition, a seed-based intrinsic brain network analysis (Fig. 7) revealed 

significant long-range connectivity between the left inferior frontal cortex (lIFC, 

CH15) and the right premotor cortex (rPMC, CH6) in the instructors, t15 = 4.08, 

corrected p = 0.03, and between lIFC and right superior temporal cortex (rSTC, CH9) 

in the learners, t15 = 6.40, corrected p = 0.0003. No significant connectivity was found 

in the RS condition neither in the learner or the instructor. Accordingly, a 

between-conditions comparison (SD vs. RS) revealed significantly larger lIFC-rPMC 

connectivity in the SD (mean ± standard deviation, 0.07 ± 0.02) than the RS (-0.02 ± 

0.02) condition for the instructor, t15 = 3.88, corrected p = 0.01, and significantly 

stronger lIFC-rSTC connectivity in the SD (0.07 ± 0.01) than RS (0.01 ± 0.02) 

condition for the learner, t15 = 3.98, corrected p = 0.01. In a third contrast (instructor 

vs. learner), we found that in the SD condition, interactive learning engaged larger 

lIFC-rPMC connectivity in the instructor (0.07 ± 0.02) than in the learner (-0.01 ± 

0.01), t15 = 3.56, corrected p = 0.03. Considering the inter-dependencies of some data 

points (i.e., two instructors participated 8 times each), a multilevel mixed-effects 

modelling approach (the fixed effect was condition; random effects were estimated for 

learner and instructor, while the former was nested within the latter) was also 

attempted and provided analogous results. These results thus suggest that during 

interactive learning after SD, compensatory intrinsic synchronization took place in 

action-observation circuits (IFC, PMC, and STC); echoing the GCA findings that the 

(not sleep-deprived) instructor might play a more important role than the 

sleep-deprived learner in establishing the brain interactions eventually leading to 

successful learning.  
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Fig. 7. Seed-based intrinsic brain network. (A) Inferior frontal cortex as the seed region. (B) Brain 

regions showing task-related (task vs. rest) connectivity in the SD (left column) and RS conditions 

(middle column); brain regions showing higher connectivity in the SD than RS conditions (right 

column). (C) Brain regions showing higher connectivity for the instructor than the learner in the SD 

and RS conditions. Circles point to regions where connectivity was significant after FDR correction 

(thresholded at p < 0.05). Colour bars denote the t-value range. 

4. Discussion 

In this study, we recorded brain activity simultaneously both in instructor and 

learner during the interactive learning of numerical reasoning abilities. At the 

behavioural level, numerical reasoning performance was impaired in the learner 

following one night of sleep deprivation (SD). Notwithstanding, sleep-deprived 

learners proportionally improved to the same extent after the learning interactive 

session than after one night of regular sleep. At the neurophysiological level, SD 

compensation was characterized by increased IBS in the inferior frontal cortex (IFC) 

between the learner and the instructor, which was predictive of learning achievements. 

Further analyses revealed that enhanced IBS was mostly attributable to the instructor, 

as compared to the learner. Finally, increased IBS after learning was accompanied by 
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better seed-based synchronization in intrinsic brain networks both in the learner and 

the instructor. These results suggest that the social interactive learning in the context 

of SD features enhanced IBS in the IFC, as a compensatory recruitment process.  

4.1. Brain-to-brain coupling as a general compensatory mechanism 

counteracting sleep loss? 

Recent studies using interactive learning tasks have shown that the 

instructor-learner interactions can be tracked by their IBS [26,29]. In the current study, 

we replicate previous findings showing that social interactions in a naturalistic 

environment induce synchronous activities in theory-of-mind-related brain areas 

including inferior frontal, superior temporal, and temporal parietal regions. Besides 

validating prior findings, we show that IBS and interactive learning are modulated by 

physiological constraints such as sleep deprivation. We surmise here that the IBS 

might act as a “tie”, through which the instructor continuously entrains the learner to 

align her/his behaviours as well as underlying activity in neural networks, facilitating 

social interaction and information exchange. To successfully achieve interpersonal 

alignment, both instructors and learners should recruit compensatory neural resources, 

beyond those utilized after a regular night of sleep to keep “in sync”. In this context, 

additional enhanced IBS eventually supports the instructor-learner interaction to 

successfully improve the learners’ performance. This hypothesis is supported by 

results from our comparison between IBS in the SD and RS conditions; as SD elicited 

more widespread IBS than RS. Moreover, we found a significant association between 

clustered IBS (represented by cluster 2) and learning improvement after SD, 

suggesting functional significance in the IBS. Besides individual SD-related 

compensatory recruitment [17,20], our results suggest that compensation after SD 

could impact both interacting partners simultaneously, even if one of them was 

actually not sleep-deprived. Noticeably, IBS was not significantly associated with 

learning outcomes in the RS condition, at variance with previous studies that 

motivated our paradigm [26,29]. This lack of relationship deserves further exploration, 
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as it may reflect either a lack of sensitivity of continuous IBS analysis [28] or a 

reduced interaction between learners and instructors in a less challenging well rested 

condition. 

One may argue that the unraveled IBS simply reflect the functional similarities 

between two brains processing the same sensory information or performing the same 

actions simultaneously [37,76]. We argue that this is not the case in the present study 

for the following reasons. First, SD induced larger and more widespread IBS 

compared to RS, although both conditions shared similar instructions and sensory 

inputs. Second, the pseudo-dyad control analysis further excluded the potential 

confound of non-interaction behaviors on the increase of IBS (i.e., it was not expected 

that IBS emerged in pseudo-dyads since they performed similar task but produced 

non-interaction behaviors). Finally, strongly highlighting the functional significance 

of IBS, we observed that the SD-related clustered IBS was positively correlated with 

the learning performance of these learners. Taken together, these results make it less 

likely that IBS emerged as a consequence of the similarity between sensory processes 

across the participants forming each dyad. 

4.2. IFC as a neural communication interface between instructors and learners 

In the present study, we found IBS mostly present over the inferior frontal cortex 

(IFC). IBS in the IFC was reported in fNIRS-based hyperscanning studies involving 

face-to-face communication [77], cooperative singing [78], and instructor-learner 

interaction situations [26]. Our results are also in agreement with available evidence 

that compensatory recruitment requires partially successfully behavioural adaptation, 

partly subtended by the IFC [17]. We here highlight three possible functional 

meanings of the IFC. First, the IFC is viewed as an important hub of the mirror 

neurons system [79], proposed to promote social interaction by predicting other 

individuals’ actions and intentions [80]. Thus, interactive learning could have been 

facilitated by the mutual abilities to infer and understand each other’s behaviour (i.e., 

high-level mentalizing [81]). Second, the IFC is also known as a critical language hub 
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of the human brain. In this respect, left IFC dominance in this study might be 

considered alongside the syntax information parsing in the current numerical 

reasoning task [82]. Although linguistic and mathematical syntax in the human was 

reported to be independent [83], the syntax of mathematics may be evolutionarily 

derived from that of language or vice versa [84]. Therefore, it is possible that 

numerical reasoning and language share neural representations in the left IFC. Finally, 

related to the previous point, the effect in the left IFC could also be explained by the 

simpler linguistic exchanges (i.e., oral communication) between participants [77]. 

Clearly, more work is required to investigate the exact functional significance of the 

IFC during interactive learning. 

Synchronized IFC (seed)-based intrinsic brain network activity paralleled IBS 

findings. Specifically, SD induced a long-range increase of intra-brain connectivity in 

the action-observation network (involving inferior frontal, premotor, and superior 

temporal cortices), which was proposed to support the understanding of other 

individuals’ goals and actions [85]. In this network, the premotor cortex and the 

superior temporal cortex would support motor planning and action intentionality 

encoding, respectively [85].  

4.3. Instructor-entrainment as an essential feature of interactive learning 

following SD 

A major peculiarity of our design is that we investigated synchronous brain 

activity between a learner, who was sleep-deprived, and an instructor, who did not 

receive sleep disruption at all. Granger causality analyses showed that after SD, mean 

causality was significantly larger from the instructor to the learner than the other way 

around. This suggests that the instructor might play a more important role in social 

interactive learning than the SD learner. As such, dynamic social interactions [86] that 

are key components for grasping the others’ mind would play an important role in 

sleep-deprived interactive learning. Following SD, despite brain activity 

compensation in the learner, the instructor guided the communication, monitored the 
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learner’s responses, and entrained her/his brain activity with the one of the learners. 

This interpretation is reinforced by a seed-based intrinsic brain network analysis 

showing that the instructors displayed additionally and significantly stronger intra 

IFC-PMC connectivity than the learners. It suggests that the instructor actively guide 

the learner and help her/him to counteract the effects of sleep disruption. Taken 

together, instructor-entrainment might be a marker of the essential nature of 

interactive learning following SD, as it is much more prominent than when the learner 

is in a rested state. 

As a coin has two sides, an increase in how the instructor drives the learner’s 

brain activity could also be interpreted as an increase in the learner’s passivity. In this 

respect, one may argue that the increase in IBS or directionality is not a necessarily 

positive outcome. However, we found additional IFC-STC intrinsic brain connectivity 

in learners in the SD condition compared to the RS condition. This result partially 

opposes the “learner’s passivity” hypothesis in interactive learning following SD.  

4.4. Limitations 

This study has several limitations. First, we investigated only the effects in 

female dyads in order to mitigate inter-individual and inter-dyad variability [26,37]. It 

remains unclear whether the findings could be generalizable to males. There could be 

gender difference given that males and females may differ in dyadic interaction [87]. 

Second, we had the learners sleep at home rather than in the laboratory the night 

before testing in the RS condition. This practice was to respect naturalistic conditions 

at maximum while controlling sleep schedules by the instruction and actigraphy (see 

Methods). Yet, the SD and RS conditions differed in the time spent to get familiar 

with the testing environment. Third, the effect of SD might be confounded by 

cognitive fatigue. For example, participants took sleepiness and empathy assessments 

multiple times in the SD condition but took these assessments only once in the RS 

condition. Recent advances showed that cognitive fatigue and sleepiness can be 

dissociated when accumulated sleep pressure is low [88]. Future studies should 
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further examine and control the confounding effect from cognitive fatigue in SD 

interactive learning.  

4.5. Conclusions and future directions 

In the current study, we have evidenced the benefits of combining an interactive 

learning paradigm in educational psychology with an fNIRS hyperscanning paradigm 

used in social neuroscience. Whereas interactive learning allowed us to study the 

educational interaction between an instructor and a learner in a realistic context, the 

fNIRS hyperscanning approach enabled quantifying inter-individual information 

flows and directionality at the neurophysiological level. Although we manipulated 

only a single interaction situation (i.e., interactive learning), our study may promote 

future studies to investigate related learning and educational issues. In addition, our 

findings of compensatory IBS and intrinsic network connectivity primarily are in line 

with the hypothesis of compensatory brain recruitment to at least partially counteract 

the deleterious effects of SD in a learner. Future studies could consolidate the current 

findings by adding a “single” condition as an active control, in which instructor and 

learner would independently solve numerical reasoning problems. In this case, they 

would be both intentionally thinking about the same thing but without the 

interpersonal interaction component.  

To sum up, our study shed light on whether and how learning performance could 

be compensated in interactive learning after that a learner experienced one night of 

sleep deprivation. Our results suggest that brain-to-brain coupling, accompanied by 

synchronization in intrinsic brain networks, may require the involvement and 

integration of high-level social cognitive processes to compensate for interactive 

learning following SD, and that the instructor might play a vital role in driving 

synchrony between teaching and SD learning brains.  

Acknowledgments 

The authors would like to thank Dr. Veronica Guadagni and her colleagues for 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


34 

 

sharing the materials of the Multifaceted Empathy Test, Dr. Pavel Goldstein for 

helping with the nonnegative matrix factorization analysis, Dr. Guillaume Dumas for 

sharing the function used to visualize the brain-to-brain coupling. This work was 

supported by a Belgian National Fund for Scientific Research (FRS-FNRS) grant 

T.109.13, the National Natural Science Foundation of China (31872783), the China 

Scholarship Council (201706140082), and the Outstanding Doctoral Dissertation 

Cultivation Plan of Action of East China Normal University (YB2016011). 

Conflict of interest 

 The authors declare no competing financial interests. 

References 

[1] M.A. CARSKADON, C. ACEBO, O.G. JENNI, Regulation of Adolescent Sleep: Implications 

for Behavior, Ann. N. Y. Acad. Sci. 1021 (2004) 276–291. 

https://doi.org/10.1196/annals.1308.032. 

[2] V. van der Vinne, G. Zerbini, A. Siersema, A. Pieper, M. Merrow, R.A. Hut, T. Roenneberg, T. 

Kantermann, Timing of examinations affects school performance differently in early and late 

chronotypes., J. Biol. Rhythms. 30 (2015) 53–60. https://doi.org/10.1177/0748730414564786. 

[3] L. Beattie, S.D. Kyle, C.A. Espie, S.M. Biello, Social interactions, emotion and sleep: A 

systematic review and research agenda, Sleep Med. Rev. 24 (2015) 83–100. 

https://doi.org/10.1016/j.smrv.2014.12.005. 

[4] J. Cassoff, J.A. Bhatti, R. Gruber, The effect of sleep restriction on neurobehavioural 

functioning in normally developing children and adolescents: Insights from the attention 

behaviour and sleep laboratory, Pathol. Biol. 62 (2014) 319–331. 

https://doi.org/10.1016/j.patbio.2014.05.017. 

[5] G. Curcio, M. Ferrara, L. De Gennaro, Sleep loss, learning capacity and academic performance, 

Sleep Med. Rev. 10 (2006) 323–337. https://doi.org/10.1016/j.smrv.2005.11.001. 

[6] R. Gruber, R. Laviolette, P. Deluca, E. Monson, K. Cornish, J. Carrier, Short sleep duration is 

associated with poor performance on IQ measures in healthy school-age children, Sleep Med. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


35 

 

11 (2010) 289–294. https://doi.org/10.1016/j.sleep.2009.09.007. 

[7] Y. Liu, E.A. Piazza, E. Simony, P.A. Shewokis, B. Onaral, U. Hasson, H. Ayaz, Measuring 

speaker-listener neural coupling with functional near infrared spectroscopy, Sci. Rep. 7 (2017) 

43293. https://doi.org/10.1038/srep43293. 

[8] E. Ben Simon, M.P. Walker, Sleep loss causes social withdrawal and loneliness, Nat. Commun. 

9 (2018) 3146. https://doi.org/10.1038/s41467-018-05377-0. 

[9] O. Bruni, L. Ferini-Strambi, P.M. Russo, M. Antignani, M. Innocenzi, P. Ottaviano, D. Valente, 

S. Ottaviano, Sleep disturbances and teacher ratings of school achievement and temperament in 

children, Sleep Med. 7 (2006) 43–48. https://doi.org/10.1016/j.sleep.2005.09.003. 

[10] R. Gruber, G. Somerville, P. Enros, S. Paquin, M. Kestler, E. Gillies-Poitras, Sleep efficiency 

(but not sleep duration) of healthy school-age children is associated with grades in math and 

languages, Sleep Med. 15 (2014) 1517–1525. https://doi.org/10.1016/j.sleep.2014.08.009. 

[11] V. Guadagni, F. Burles, M. Ferrara, G. Iaria, The effects of sleep deprivation on emotional 

empathy, J. Sleep Res. 23 (2014) 657–663. https://doi.org/10.1111/jsr.12192. 

[12] D. Tempesta, A. Couyoumdjian, G. Curcio, F. Moroni, C. Marzano, L. De Gennaro, M. Ferrara, 

Lack of sleep affects the evaluation of emotional stimuli, Brain Res. Bull. 82 (2010) 104–108. 

https://doi.org/10.1016/j.brainresbull.2010.01.014. 

[13] G. Deliens, M. Gilson, P. Peigneux, Sleep and the processing of emotions, Exp. Brain Res. 232 

(2014) 1403–1414. https://doi.org/10.1007/s00221-014-3832-1. 

[14] K.N. Fountoulakis, The emerging modern face of mood disorders: a didactic editorial with a 

detailed presentation of data and definitions, Ann. Gen. Psychiatry. 9 (2010) 14. 

https://doi.org/10.1186/1744-859X-9-14. 

[15] E. Ben Simon, N. Oren, H. Sharon, A. Kirschner, N. Goldway, H. Okon-Singer, R. Tauman, 

M.M. Deweese, A. Keil, T. Hendler, Losing neutrality: The neural basis of impaired emotional 

control without sleep, J. Neurosci. 35 (2015) 13194–13205. 

https://doi.org/10.1523/JNEUROSCI.1314-15.2015. 

[16] V. Arghode, Role of empathy in instruction, Glob. Educ. J. 2012 (2012) 128–143. 

[17] S.P.A. Drummond, M.J. Meloy, M.A. Yanagi, H.J. Orff, G.G. Brown, Compensatory 

recruitment after sleep deprivation and the relationship with performance, Psychiatry Res. - 

Neuroimaging. 140 (2005) 211–223. https://doi.org/10.1016/j.pscychresns.2005.06.007. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


36 

 

[18] N. Ma, D.F. Dinges, M. Basner, H. Rao, How Acute Total Sleep Loss Affects the Attending 

Brain: A Meta-Analysis of Neuroimaging Studies, Sleep. 38 (2015) 233–240. 

https://doi.org/10.5665/sleep.4404. 

[19] T. Kaufmann, T. Elvsåshagen, D. Alnæs, N. Zak, P. Pedersen, L.B. Norbom, S.H. Quraishi, E. 

Tagliazucchi, H. Laufs, A. Bjørnerud, U.F. Malt, O.A. Andreassen, E. Roussos, E.P. Duff, S.M. 

Smith, I.R. Groote, L.T. Westlye, The brain functional connectome is robustly altered by lack 

of sleep, Neuroimage. 127 (2016) 324–332. https://doi.org/10.1016/j.neuroimage.2015.12.028. 

[20] H. Liu, H. Li, Y. Wang, X. Lei, Enhanced brain small-worldness after sleep deprivation: A 

compensatory effect, J. Sleep Res. 23 (2014) 554–563. https://doi.org/10.1111/jsr.12147. 

[21] G. Nilsonne, S. Tamm, J. Schwarz, R. Almeida, H. Fischer, G. Kecklund, M. Lekander, P. 

Fransson, T. Åkerstedt, Intrinsic brain connectivity after partial sleep deprivation in young and 

older adults: results from the Stockholm Sleepy Brain study, Sci. Rep. 7 (2017) 9422. 

https://doi.org/10.1038/s41598-017-09744-7. 

[22] B. Derntl, A. Finkelmeyer, B. Voss, S.B. Eickhoff, T. Kellermann, F. Schneider, U. Habel, 

Neural correlates of the core facets of empathy in schizophrenia, Schizophr. Res. 136 (2012) 

70–81. https://doi.org/10.1016/j.schres.2011.12.018. 

[23] M. Melloni, V. Lopez, A. Ibanez, Empathy and contextual social cognition, Cogn. Affect. 

Behav. Neurosci. 14 (2014) 407–425. https://doi.org/10.3758/s13415-013-0205-3. 

[24] E. Redcay, L. Schilbach, Using second-person neuroscience to elucidate the mechanisms of 

social interaction, Nat. Rev. Neurosci. 20 (2019) 495–505. 

https://doi.org/10.1038/s41583-019-0179-4. 

[25] Y. Pan, X. Cheng, Z. Zhang, X. Li, Y.Y. Hu, Cooperation in lovers: An fNIRS-based 

hyperscanning study, Hum. Brain Mapp. 38 (2017) 831–841. 

https://doi.org/10.1002/hbm.23421. 

[26] Y. Pan, G. Novembre, B. Song, X. Li, Y. Hu, Interpersonal synchronization of inferior frontal 

cortices tracks social interactive learning of a song, Neuroimage. 183 (2018) 280–290. 

https://doi.org/10.1016/j.neuroimage.2018.08.005. 

[27] Y. Pan, G. Borragán, P. Peigneux, Applications of Functional Near-Infrared Spectroscopy in 

Fatigue, Sleep Deprivation, and Social Cognition, Brain Topogr. 32 (2019) 998–1012. 

https://doi.org/10.1007/s10548-019-00740-w. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


37 

 

[28] Y. Pan, S. Dikker, P. Goldstein, Y. Zhu, C. Yang, Y. Hu, Instructor-learner brain coupling 

discriminates between instructional approaches and predicts learning, Neuroimage. 211 (2020) 

116657. https://doi.org/10.1016/j.neuroimage.2020.116657. 

[29] L. Zheng, C. Chen, W. Liu, Y. Long, H. Zhao, X. Bai, Z. Zhang, Z. Han, L. Liu, T. Guo, B. 

Chen, G. Ding, C. Lu, Enhancement of teaching outcome through neural prediction of the 

students’ knowledge state, Hum. Brain Mapp. 39 (2018) 3046–3057. 

https://doi.org/10.1002/hbm.24059. 

[30] Y. Pan, X. Cheng, Two-person approaches to studying social interaction in psychiatry: Uses 

and clinical relevance, Front. Psychiatry. 11 (2020) 301. 

https://doi.org/10.3389/fpsyt.2020.00301. 

[31] V. Leong, E. Byrne, K. Clackson, S. Georgieva, S. Lam, S. Wass, Speaker gaze increases 

information coupling between infant and adult brains, Proc. Natl. Acad. Sci. U. S. A. 114 (2017) 

13290–13295. https://doi.org/10.1073/pnas.1702493114. 

[32] S. V. Wass, M. Whitehorn, I. Marriott Haresign, E. Phillips, V. Leong, Interpersonal Neural 

Entrainment during Early Social Interaction, Trends Cogn. Sci. 24 (2020) 329–342. 

https://doi.org/10.1016/j.tics.2020.01.006. 

[33] L. Astolfi, J. Toppi, C. Casper, C. Freitag, D. Mattia, F. Babiloni, A. Ciaramidaro, M. 

Siniatchkin, Investigating the neural basis of empathy by EEG hyperscanning during a Third 

Party Punishment, in: Proc. Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. EMBS, Institute of 

Electrical and Electronics Engineers Inc., 2015: pp. 5384–5387. 

https://doi.org/10.1109/EMBC.2015.7319608. 

[34] P. Goldstein, I. Weissman-Fogel, G. Dumas, S.G. Shamay-Tsoory, Brain-to-brain coupling 

during handholding is associated with pain reduction, Proc. Natl. Acad. Sci. U. S. A. 115 (2018) 

E2528–E2537. https://doi.org/10.1073/pnas.1703643115. 

[35] A. Thiede, E. Glerean, T. Kujala, L. Parkkonen, Atypical MEG inter-subject correlation during 

listening to continuous natural speech in dyslexia, Neuroimage. (2020) 116799. 

https://doi.org/10.1016/j.neuroimage.2020.116799. 

[36] Q. Wang, Z. Han, X. Hu, S. Feng, H. Wang, T. Liu, L. Yi, Autism Symptoms Modulate 

Interpersonal Neural Synchronization in Children with Autism Spectrum Disorder in 

Cooperative Interactions, Brain Topogr. 33 (2020) 112–122. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


38 

 

https://doi.org/10.1007/s10548-019-00731-x. 

[37] Y. Hu, Y. Pan, X. Shi, Q. Cai, X. Li, X. Cheng, Inter-brain synchrony and cooperation context 

in interactive decision making, Biol. Psychol. 133 (2018). 

https://doi.org/10.1016/j.biopsycho.2017.12.005. 

[38] D.J. Buysse, C.F. Reynolds, T.H. Monk, S.R. Berman, D.J. Kupfer, The Pittsburgh sleep quality 

index: A new instrument for psychiatric practice and research, Psychiatry Res. 28 (1989) 

193–213. https://doi.org/10.1016/0165-1781(89)90047-4. 

[39] M.B. Schweitzer, I. Paulhan, Manuel pour l’inventaire d’anxiété Trait-État (forme Y), Editions 

d, Paris, 1990. 

[40] A.T. Beck, R.W. Beck, Screening depressed patients in family practice. A rapid technic., 

Postgrad. Med. 52 (1972) 81–85. https://doi.org/10.1080/00325481.1972.11713319. 

[41] M.H. Davis, Measuring individual differences in empathy: Evidence for a multidimensional 

approach, J. Pers. Soc. Psychol. 44 (1983) 113–126. 

https://doi.org/10.1037/0022-3514.44.1.113. 

[42] O. Mairesse, V. Damen, J. Newell, C. Kornreich, P. Verbanck, D. Neu, The Brugmann Fatigue 

Scale: An Analogue to the Epworth Sleepiness Scale to Measure Behavioral Rest Propensity, 

Behav. Sleep Med. 17 (2019) 437–458. https://doi.org/10.1080/15402002.2017.1395336. 

[43] J.A. Horne, O. Ostberg, A self assessment questionnaire to determine Morningness 

Eveningness in human circadian rhythms, Int. J. Chronobiol. 4 (1976) 97–110. 

[44] C. Thepsoonthorn, T. Yokozuka, S. Miura, K. Ogawa, Y. Miyake, Prior Knowledge Facilitates 

Mutual Gaze Convergence and Head Nodding Synchrony in Face-to-face Communication, Sci. 

Rep. 6 (2016) 38261. https://doi.org/10.1038/srep38261. 

[45] S. Champely, C. Ekstrom, P. Dalgaard, J. Gill, S. Weibelzahl, A. Anandkumar, C. Ford, R. 

Volcic, H. De Rosario, Package “pwr”: Basic functions for power analysis, CRAN Repos. 

(2018) 1–22. 

[46] D. Bevilacqua, I. Davidesco, L. Wan, K. Chaloner, J. Rowland, M. Ding, D. Poeppel, S. Dikker, 

Brain-to-brain synchrony and learning outcomes vary by student–teacher dynamics: Evidence 

from a real-world classroom electroencephalography study, J. Cogn. Neurosci. 31 (2018) 

401–411. https://doi.org/10.1162/jocn_a_01274. 

[47] N. Takeuchi, T. Mori, Y. Suzukamo, S.-I. Izumi, Integration of Teaching Processes and 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


39 

 

Learning Assessment in the Prefrontal Cortex during a Video Game Teaching–learning Task, 

Front. Psychol. 7 (2017) 2052. https://doi.org/10.3389/fpsyg.2016.02052. 

[48] E. Hoddes, V. Zarcone, H. Smythe, R. Phillips, W.C. Dement, Quantification of Sleepiness: A 

New Approach, Psychophysiology. 10 (1973) 431–436. 

https://doi.org/10.1111/j.1469-8986.1973.tb00801.x. 

[49] J.L. Martin, A.D. Hakim, Wrist Actigraphy, Chest. 139 (2011) 1514–1527. 

https://doi.org/10.1378/chest.10-1872. 

[50] R.J. Cole, D.F. Kripke, W. Gruen, D.J. Mullaney, J.C. Gillin, Automatic Sleep/Wake 

Identification From Wrist Activity, Sleep. 15 (1992) 461–469. 

https://doi.org/10.1093/sleep/15.5.461. 

[51] S. Franceschini, S. Gori, M. Ruffino, S. Viola, M. Molteni, A. Facoetti, Action video games 

make dyslexic children read better, Curr. Biol. 23 (2013) 462–466. 

https://doi.org/10.1016/j.cub.2013.01.044. 

[52] D.F. Dinges, J.W. Powell, Microcomputer analyses of performance on a portable, simple visual 

RT task during sustained operations, Behav. Res. Methods, Instruments, Comput. 17 (1985) 

652–655. https://doi.org/10.3758/BF03200977. 

[53] M. Basner, D.F. Dinges, Maximizing Sensitivity of the Psychomotor Vigilance Test (PVT) to 

Sleep Loss, Sleep. 34 (2011) 581–591. https://doi.org/10.1093/sleep/34.5.581. 

[54] P. Lang, M.M. Bradley, The International Affective Picture System (IACP) in the study of 

emotion and attention, in: J.A.Coan, J.J.B.Allen (Eds.), Handb. Emot. Elicitation Assess., 

Oxford University Press, 2007: pp. 29–46. 

[55] M.M. Bradley, P.J. Lang, Measuring emotion: The self-assessment manikin and the semantic 

differential, J. Behav. Ther. Exp. Psychiatry. 25 (1994) 49–59. 

https://doi.org/10.1016/0005-7916(94)90063-9. 

[56] J.M. Baker, N. Liu, X. Cui, P. Vrticka, M. Saggar, S.M.H. Hosseini, A.L. Reiss, Sex differences 

in neural and behavioral signatures of cooperation revealed by fNIRS hyperscanning, Sci. Rep. 

6 (2016) 26492. https://doi.org/10.1038/srep26492. 

[57] A.K. Singh, M. Okamoto, H. Dan, V. Jurcak, I. Dan, Spatial registration of multichannel 

multi-subject fNIRS data to MNI space without MRI, Neuroimage. 27 (2005) 842–851. 

https://doi.org/10.1016/j.neuroimage.2005.05.019. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


40 

 

[58] D. Tsuzuki, V. Jurcak, A.K. Singh, M. Okamoto, E. Watanabe, I. Dan, Virtual spatial 

registration of stand-alone fNIRS data to MNI space, Neuroimage. 34 (2007) 1506–1518. 

https://doi.org/10.1016/j.neuroimage.2006.10.043. 

[59] D. Tsuzuki, I. Dan, Spatial registration for functional near-infrared spectroscopy: From channel 

position on the scalp to cortical location in individual and group analyses, Neuroimage. 85 

(2014) 92–103. https://doi.org/10.1016/j.neuroimage.2013.07.025. 

[60] Y. Hoshi, Functional near-infrared spectroscopy: current status and future prospects, J. Biomed. 

Opt. 12 (2007) 062106. https://doi.org/10.1117/1.2804911. 

[61] X.P. Ding, G. Fu, K. Lee, Neural correlates of own- and other-race face recognition in children: 

A functional near-infrared spectroscopy study, Neuroimage. 85 (2014) 335–344. 

https://doi.org/10.1016/j.neuroimage.2013.07.051. 

[62] Y. Hou, B. Song, Y. Hu, Y. Pan, Y. Hu, The averaged inter-brain coherence between the 

audience and a violinist predicts the popularity of violin performance, Neuroimage. 211 (2020). 

https://doi.org/10.1016/j.neuroimage.2020.116655. 

[63] X. Cui, S. Bray, A.L. Reiss, Functional near infrared spectroscopy (NIRS) signal improvement 

based on negative correlation between oxygenated and deoxygenated hemoglobin dynamics, 

Neuroimage. 49 (2010) 3039–3046. https://doi.org/10.1016/j.neuroimage.2009.11.050. 

[64] X. Zhang, J.A. Noah, J. Hirsch, Separation of the global and local components in functional 

near-infrared spectroscopy signals using principal component spatial filtering, Neurophotonics. 

3 (2016) 015004. https://doi.org/10.1117/1.nph.3.1.015004. 

[65] A. Grinsted, J.C. Moore, S. Jevrejeva, Application of the cross wavelet transform and wavelet 

coherence to geophysical time series Nonlinear Processes in Geophysics Application of the 

cross wavelet transform and wavelet coherence to geophysical time series, 2004. 

http://www.pol.ac.uk/home/research/waveletcoherence/ (accessed April 24, 2020). 

[66] E. Delaherche, G. Dumas, J. Nadel, M. Chetouani, Automatic measure of imitation during 

social interaction: A behavioral and hyperscanning-EEG benchmark, Pattern Recognit. Lett. 66 

(2015) 118–126. https://doi.org/10.1016/j.patrec.2014.09.002. 

[67] Y. Benjamini, Y. Hochberg, Controlling the False Discovery Rate: A Practical and Powerful 

Approach to Multiple Testing, J. R. Stat. Soc. Ser. B. 57 (1995) 289–300. 

https://doi.org/10.1111/j.2517-6161.1995.tb02031.x. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


41 

 

[68] T. Nozawa, Y. Sasaki, K. Sakaki, R. Yokoyama, R. Kawashima, Interpersonal frontopolar 

neural synchronization in group communication: An exploration toward fNIRS hyperscanning 

of natural interactions, Neuroimage. 133 (2016) 484–497. 

https://doi.org/10.1016/j.neuroimage.2016.03.059. 

[69] R. Gaujoux, C. Seoighe, A flexible R package for nonnegative matrix factorization, BMC 

Bioinformatics. 11 (2010) 367. https://doi.org/10.1186/1471-2105-11-367. 

[70] A. Frigyesi, M. Höglund, Non-negative matrix factorization for the analysis of complex gene 

expression data: Identification of clinically relevant tumor subtypes, Cancer Inform. 6 (2008) 

275–292. https://doi.org/10.4137/cin.s606. 

[71] W.A. Fuller, Introduction to statistical time series, John Wiley & Sons, Ltd, 2009. 

[72] G. Schwarz, Estimating the Dimension of a Model, Ann. Stat. 6 (1978) 461–464. 

https://doi.org/10.1214/AOS/1176344136. 

[73] M. Xia, J. Wang, Y. He, BrainNet Viewer: A Network Visualization Tool for Human Brain 

Connectomics, PLoS One. 8 (2013) e68910. https://doi.org/10.1371/journal.pone.0068910. 

[74] M. Allen, D. Poggiali, K. Whitaker, T.R. Marshall, R.A. Kievit, Raincloud plots: a 

multi-platform tool for robust data visualization, Wellcome Open Res. 4 (2019) 63. 

https://doi.org/10.12688/wellcomeopenres.15191.1. 

[75] N. Tzourio-Mazoyer, B. Landeau, D. Papathanassiou, F. Crivello, O. Etard, N. Delcroix, B. 

Mazoyer, M. Joliot, Automated Anatomical Labeling of Activations in SPM Using a 

Macroscopic Anatomical Parcellation of the MNI MRI Single-Subject Brain, Neuroimage. 15 

(2002) 273–289. https://doi.org/10.1006/nimg.2001.0978. 

[76] D.A. Abrams, S. Ryali, T. Chen, P. Chordia, A. Khouzam, D.J. Levitin, V. Menon, Inter-subject 

synchronization of brain responses during natural music listening, Eur. J. Neurosci. 37 (2013) 

1458–1469. https://doi.org/10.1111/ejn.12173. 

[77] J. Jiang, B. Dai, D. Peng, C. Zhu, L. Liu, C. Lu, Neural synchronization during face-to-face 

communication, J. Neurosci. 32 (2012) 16064–16069. 

https://doi.org/10.1523/JNEUROSCI.2926-12.2012. 

[78] N. Osaka, T. Minamoto, K. Yaoi, M. Azuma, Y.M. Shimada, M. Osaka, How Two Brains Make 

One Synchronized Mind in the Inferior Frontal Cortex: fNIRS-Based Hyperscanning During 

Cooperative Singing, Front. Psychol. 6 (2015) 1811. https://doi.org/10.3389/fpsyg.2015.01811. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/


42 

 

[79] M. Iacoboni, J.C. Mazziotta, Mirror neuron system: basic findings and clinical applications, 

Ann. Neurol. 62 (2007) 213–218. https://doi.org/10.1002/ana.21198. 

[80] V. Gallese, Mirror neurons, embodied simulation and a second-person approach to mindreading, 

Cortex. 49 (2013) 2954–2956. https://doi.org/10.1016/j.cortex.2013.09.008. 

[81] I. Konvalinka, P. Vuust, A. Roepstorff, C.D. Frith, Follow you, follow me: continuous mutual 

prediction and adaptation in joint tapping., Q. J. Exp. Psychol. (Hove). 63 (2010) 2220–30. 

https://doi.org/10.1080/17470218.2010.497843. 

[82] A.D. Friederici, S.-A. Rüschemeyer, A. Hahne, C.J. Fiebach, The Role of Left Inferior Frontal 

and Superior Temporal Cortex in Sentence Comprehension: Localizing Syntactic and Semantic 

Processes, Cereb. Cortex. 13 (2003) 170–177. https://doi.org/10.1093/cercor/13.2.170. 

[83] R.A. Varley, N.J.C. Klessinger, C.A.J. Romanowski, M. Siegal, Agrammatic but numerate, 

Proc. Natl. Acad. Sci. U. S. A. 102 (2005) 3519–3524. 

https://doi.org/10.1073/pnas.0407470102. 

[84] E.M. Brannon, The independence of language and mathematical reasoning, Proc. Natl. Acad. 

Sci. U. S. A. 102 (2005) 3177–3178. https://doi.org/10.1073/pnas.0500328102. 

[85] J.M. Kilner, More than one pathway to action understanding, Trends Cogn. Sci. 15 (2011) 

352–357. https://doi.org/10.1016/j.tics.2011.06.005. 

[86] L. Schilbach, B. Timmermans, V. Reddy, A. Costall, G. Bente, T. Schlicht, K. Vogeley, Toward 

a second-person neuroscience, Behav. Brain Sci. 36 (2013) 393–414. 

https://doi.org/10.1017/S0140525X12000660. 

[87] X. Cheng, X. Li, Y. Hu, Synchronous brain activity during cooperative exchange depends on 

gender of partner: A fNIRS-based hyperscanning study, Hum. Brain Mapp. 36 (2015) 

2039–2048. https://doi.org/10.1002/hbm.22754. 

[88] G. Borragán, C. Guerrero-Mosquera, C. Guillaume, H. Slama, P. Peigneux, Decreased 

prefrontal connectivity parallels cognitive fatigue-related performance decline after sleep 

deprivation. An optical imaging study, Biol. Psychol. 144 (2019) 115–124. 

https://doi.org/10.1016/j.biopsycho.2019.03.004. 

 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 30, 2020. ; https://doi.org/10.1101/2020.04.03.022954doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.03.022954
http://creativecommons.org/licenses/by-nc-nd/4.0/

