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ABSTRACT
This explorative hyperscanning EEG whole-brain study describes activation networks within and 
between brains representing leading and following behavior. The directed information flow was 
analyzed for singles and pairs of brains simultaneously activated using the graph-based algorithm 
of PCMCI. This algorithm was previously tested for frontal activations in singles and pairs of brains, 
returning significant directed statistical dependencies. The participants led and followed each 
other using a minimal model based on rhythmic tapping. This whole-brain study resulted in 
directed causal connections representing neuronal networks for the social activities studied. The 
brain regions exhibiting the highest number of connections were chosen for further analysis from 
the extensive network of connections. This resulted in four networks representing within-brain and 
between-brains, respectively, for leading and following. Network commonalities aligned with 
previous research of leading and following reflecting cognition, working memory and social 
cognition, visual attention, and motoric engagement. Follower networks exhibited socially adap
tive activations. The between-brain networks appear to involve more brain regions, possibly 
reflecting the more complex situation involving another person. The PCMCI could prove to be 
a suitable tool for identifying whole-brain networks of directed causality that represent leading and 
following, both within and between brains, using hyperscanning EEG data.
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Introduction

In daily life, leading and following occur during inter
personal interactions. This behavior manifests while 
engaging in activities such as walking and conversing 
with a companion, pursuing hobbies with acquain
tances, or collaborating with others to achieve 
a common objective. One person takes the lead at 
some point, and then the roles may switch later. No 
one is appointed a formal role or responsibility. There 
does not have to be any difference in power relations 
between the leader and the follower at a specific time 
point. At any moment, the roles may be changed. 
However, most studies on leadership and followership 
assume the presence of a hierarchical distinction, such as 
between managers in leadership roles and employees in 
follower roles (Judge et al., 2009; Peters & Haslam, 2018; 
Strom et al., 2014). To learn more about leading and 
following as power equals and not as part of hierarchical 
roles, this study has deliberately used a setup where the 
tasks of leader/follower are equally distributed between 
the participants and where all participants take turns 
carrying out the respective roles.

The creation of a scenario involving leadership and 
followership used a minimal model that employed 
rhythmic finger tapping as a means of communication. 
The design incorporates rhythmic patterns (Jaffe et al.,  
2001; Schirmer et al., 2016), a fundamental building 
block for social interactivity. Mutual adaptivity between 
leader and follower of the leader’s self-paced finger tap
ping has also been related to increase in heart beat 
synchronicity (Tomyta et al., 2023) and to inter neural 
synchronicity (Jiang et al., 2015). The minimal model 
applied here has previously been presented in conjunc
tion with an fMRI assessment of leadership and follower
ship (Silfwerbrand et al., 2023). The fMRI study revealed 
that the areas responsible for continuous adaptation 
during the task demonstrated overlapping activation 
patterns for both leading and following, particularly in 
relation to temporal activity and social interaction. 
Overlapping reactivities were mainly observed in the 
superior temporal gyrus (STG), spreading into the super
ior temporal sulcus (STS) and the temporoparietal junc
tion (TPJ) (Silfwerbrand et al., 2023). There were also 
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differences in the activities per role. The leader reactivity 
was observed in areas related to social awareness and 
adaptation: middle frontal gyrus (MFG), inferior frontal 
gyrus (IFG), thalamus, and STG. This activity was 
assumed to be related to rhythm tapping and adaptive 
behavior as it presented reactivity in the cerebellum, the 
somatosensory cortex, and the supplementary motor 
area (SMA) (Silfwerbrand et al., 2023). Leading has pre
viously been correlated to neuro reactivity in the dorso
lateral prefrontal cortex (dlPFC), pre-SMA, and pre-motor 
cortex (Chauvigné & Brown, 2018; Fairhurst et al., 2014; 
Koban et al., 2019), while following has been linked to 
the neuro reactivity in the dlPFC, STS, TJP, and posterior 
cingulate cortex (PCC) (Chauvigné & Brown, 2018; Saxe,  
2006a; Vanzella et al., 2019). These differences may 
reflect variance in focus on motor and action, self- 
monitoring, adaptive behavior, and social processing 
(Beauchamp et al., 2008; Chauvigné & Brown, 2018; 
Erickson et al., 2017; Frith & Frith, 1999; Konvalinka 
et al., 2014; Saxe, 2006a).

All the abovementioned studies measured the neuro
nal reactivity of one participant at a time. However, the 
processes studied inevitably include a perpetual 
exchange of information between two (or more) indivi
duals. Thus, the process is highly likely better captured if 
the participants’ neural activities were measured simulta
neously. As the precise neuronal activity related to such 
a situation is not yet defined, an interactive whole-brain 
approach is suitable for a similar exploration. Across the 
fields of neuroscience, methods to apply various neuroi
maging tools for two or multiple simultaneous partici
pants are being developed (Dumas, 2011; Reinero et al.,  
2021). Using hyperscanning, EEG neural reactivity of high 
time accuracy can be recorded simultaneously for two 
persons (Babiloni & Astolfi, 2014; Praamstra et al., 2006), 
and we have previously shown that this can also be 
applied to studies of leading and following (Silfwerbrand 
et al., 2024). This means that within a data set that 
includes simultaneous scanning in a high time resolution 
of two participants during a task, it is possible to describe 
common networks of causal connectivity during leading 
and following within and between individuals (Den 
Ouden et al., 2005; Schippers et al., 2010; Searle, 1980).

Causal connectivity is directed connectivity in which 
a sender of information causes a reaction at the receiver 
end of the connection (Kiebel et al., 2008; Minati et al., 2012; 
Schippers et al., 2010). Directed connectivity of brain areas 
has been described as functional or effective neuronal 
connectivity (Friston et al., 2013). Functional neuronal con
nectivity reflects common information in neuronal systems, 
measured in physiological responses within the system 

(Schmälzle et al., 2017). Directed effective connectivity in 
the brain implies that directed connections exist that do 
not require physical connections (Friston et al., 2013; Kiebel 
et al., 2008). This connectivity is usually analyzed with 
Granger causality to test whether there is a statistical 
dependency of a certain time point with measured activity 
in the past (Friston et al., 2013; Seth et al., 2015). 
A complementary approach to Granger causality for find
ing directed statistical dependencies in time series data is 
using the graph-based algorithm of PCMCI (Krich et al.,  
2020; Runge, 2018a). Another comparable method is the 
Dynamic Causal Modelling (DCM) (Kiebel et al., 2008; Wei 
et al., 2020). DCM takes a biophysical model of pre-defined 
neuro activations to model the measured neuro activity on. 
This results in a refined model of magnitude and direction 
for effective connectivity between regions (Friston et al.,  
2013).

Our previous article used PCMCI to show networks of 
causal connections representing neuronal activity in the 
prefrontal cortex within one brain and between two 
interacting brains (Silfwerbrand et al., 2024), involving 
only three frontal EEG channels per participant. Here, we 
used time series of raw data for electrical activity at 64 
EEG channels per participant to analyze directed causal 
connections representing leading and following. The 
PCMCI algorithm combines finding directly influencing 
data points to every time point using the Peter and Clark 
(PC) algorithm to calculate momentary conditional inde
pendence (MCI). It measures causal connections with 
directions from sender to receiver between time series 
(Runge, Nowack, et al., 2019). This method assumes that 
the data represents all the driving forces of the activity of 
interest, and considers indirect links as well as common 
drivers of links and highly detects actual causality while 
minimizing false positives (Krich et al., 2020; Runge, 
Bathiany, et al., 2019).

We set out to use a whole-brain approach, where 
PCMCI will be used on both single-person EEG data 
and hyperscanning EEG data with two interacting parti
cipants to look for networks of causal effects represent
ing leading and following.

Materials and methods

Participants

Eight right-handed individuals, one female (mean age 31.7  
years (SD 8.1)), participated in the study. All participants 
reported being healthy. None possessed a formal back
ground in music education or documented experience in 
professional leadership. The study included participants 
from a Japanese technological university selected through  
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convenience sampling. All volunteered and gave written 
consent to participate in the study. Procedures were in 
accordance with protocols approved by the local 
Japanese institutional review board (dnr. 2,019,002). 
Processing of the data in Sweden was approved by the 
Swedish Ethical Review Authority (dnr. 2021–05481-01). 
Because of noise identified through visual inspection, the 
data from one participant pair was excluded. After exclud
ing these data, EEG data from six participants (one female) 
remained for analysis.

Questionnaires

All participants answered questionnaires about their prior 
experience of informal leadership and followership. This 
was exemplified by their role when enjoying a hobby or 
leisure time with friends. Their expertise in some informal 
leading and following situations was rated on a scale from 
1 (poorly) to 5(successfully). Additionally, participants 
were asked to rate their level of comfort in both 
a leading and following role, using a scale ranging from 
1 (low) to 5 (high). After the experiment, the participants 
completed a similar questionnaire about their experi
ences of leading and following on a scale from 1 to 5. 
See participant demographics in Table 1.

Setup

The participants positioned themselves in chairs, facing 
one another over a small table. Each person was 
equipped with EEG caps of 64 BioSemi® electrodes 
(BioSemi instrumentation). The participants’ right 
hands were placed on the table, where they tapped 
the rhythms with their right index fingers, and the left 
hands rested on their left thighs. Movements of the right 
index fingers were recorded with motion caption system 
sensors using Optitrack (NaturalPoint, Inc).

Tapping together

Each participant received an audio file 1 day before the 
experiment. Within the file, there was a rhythm that could 
be learned with ease and committed to memory. The 
distributed rhythms were similar yet unique for each 
participant. During the study, the pairs were tapping 
their respective rhythms with each other, taking turns to 
be the leader and follower. Figure 1 depicts a schematic 
representation of a rhythm. Rhythms were repeated five 
times for each task. The tasks, which lasted roughly 30  
seconds, were to either lead in tapping the pre-learned 
rhythm, tap alone in one’s pre-learned rhythm, follow in 
the other’s rhythm or rest (do nothing). There were two 
sessions consisting of four blocks with four tasks per 
block. In all, 32 tasks, 8 of each (lead, follow, tap along 
and do nothing) were performed per experiment. A short 
break separated the two identically designed sessions. 
Instructions of what to do next were delivered verbally.

Synchronicity in tapping

Double taps (taps interspaced with < 0.2 sec) and 
extreme outliers with inter-tap intervals > 2 sec were 
excluded from further analysis. For each task, the lea
der’s string of rhythmic taps was used as a model for the 
correct rhythm. The taps of the follower were then com
pared to this model, and the relative difference between 
each tap was calculated. Synchronicity between leader 
and follower was defined as the time difference between 
the tap of the leader and the follower. This difference 
describes the relative adaptation of the follower to the 
leader’s tapping. Figure 1 illustrates a follower’s tem
poral synchronicity with the leader, depicted by the 
blue line. The leader is assumed to have perfect tapping, 
represented by the x-axis with 0. Tapping ahead of 
stimuli was recurring during for all pairs. Such negative 
asymmetry with a stimuli is common during tapping 

Table 1. Participant demographics.
Participants

Number of participants Age (years) Level of 
education

Handedness Formal Musical and 
leadership education

Self-rated leadership 
experience  

(1 = not experienced, 
5 = very experienced)

8 (1 woman) 22 – 40, 
mean 31.7

High  
school 
graduates

Eight right-handed None have formal education 
in music or leadership.

Mean 2.1 (SD 1.6)

Questions before experiment Questions after experiment

Self-rated comfortability in leading (1 =  
not comfortable, 5 = very comfortable)

Self-rated comfortability 
in following (1 = not 
comfortable, 5 = very 

comfortable)

Self-rated degree of success in 
leading (1 = low, 5 = high)

Self-rated degree of success in the following (1 = low, 
5 = high)

Mean 2.1 (SD 1.4) Mean 3.3 (SD 1.8) Mean 3.3 (SD 1.9) Mean 3.2, (SD 1.7)
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exercises, and is usually perceived as perfect timing by 
the participant (Aschersleben, 2002; Repp, 2005).

EEG data acquisition

Two 64-channel BioSemi® systems were synchronized 
via an LSL (Lab Streaming Layer). The EEG data were 
continuously collected during the tapping sessions at 
a sampling rate of 4096 Hz, incorporating all 64 channels 
in the analysis.

EEG data preprocessing

EEGLAB (Delorme & Makeig, 2004) and MoBILAB (Mobile 
Brain/Body Imaging Lab) (Ojeda et al., 2014), an EEG 
plugin for synchronized in-data, were used for data pre
processing. The software ran on Matlab 2018b 
(Mathworks, Inc). BESA® (Brain Electrode Source 
Analysis, GmbH) channel positions were used to define 
the location of the EEG electrodes. The average of the 64 
active electrodes was used as a reference. Data were 
examined for outliers, gliding and extreme channels 
(Delorme & Makeig, 2004). A high-pass filter of 1 Hz 
was applied to remove slow drifts. No low-pass filter 
was applied. Data were resampled to 100 Hz, and event 
times for “lead” and “follow” were registered. The inde
pendent component analysis (ICA) algorithm, using 
Runica, was used to extract the statistically independent 
components (IC). These components were labeled using 
ICLabel, and those representing muscle, eye and line 
components with least 90% accuracy were removed 
(Pion-Tonachini et al., 2019). Between 15 and 20 ICs 
were removed per participant in this step. Runica was 
run again, and the data underwent repruning with the 
same rules to reach a clean as possible result, minimizing 
artifacts and noise. In the second step 5–10 ICs were 

discarded per participant. The removals did not affect 
the size of the data files.

Time series causal analysis

The preprocessed EEG data were separated into time 
series per activity of interest (leading and following) 
and analyzed pairwise for directed causality between 
these roles. The open-source Jupyter Notebook for 
Tigramite was used to apply PCMCI for the causal 
analysis (Runge, Nowack, et al., 2019). Its software 
was Python 3.8.5, by Python Software Foundation and 
Jupyter (Kluyver et al., 2016). The two-step analysis of 
PCMCI has been shown to have high detection power 
and low false positives compared to other tools (e.g., 
Granger causality) for connectivity analysis (Runge, 
Bathiany, et al., 2019). Before applying the PCMCI algo
rithm, the first step was a correlation test to determine 
the number of time steps to include in the PCMCI 
analysis. For these datasets, in which linear interdepen
dencies are assumed, the partial correlation method of 
ParCorr for the conditional independence test was 
used (Runge, 2018b). Connections between brain 
areas can be considered linear, even though anatomi
cal structures can differ between individuals (Friston 
et al., 2013). ParCorr shows how many time steps 
before each time point of the activity that is influenced 
by or correlated with any given data point. Tau, the 
number of time steps used in the PCMCI analysis, 
should be set to the point of decay, i.e., when correla
tions are close to zero. Here, a tau of 5 (50 ms) was 
chosen. The first step of the causality analysis involved 
applying the PC algorithm, incorporating the Akaike 
information criterion (AIC) to identify the model with 
the fewest connections that accurately represents the 
directed causality within each time series. The second 
step involved the application of the MCI algorithm, 

Figure 1. Representations of the finger-tapping rhythm. A: an example of a tapping rhythm. Long bars represent a tap, and short bars 
indicate pausation. B: an example of the leader-follower tapping synchronicity.
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which served to control for indirect causal connections 
and identify false positives within the resulting causal 
network. This final step assessed indirect causation and 
detected and removed false positives at each time 
point (Runge, 2018a). The PCMCI result was evaluated 
at a p-level of 0.05 (false discovery rate, FDR).

First level analysis

EEG channels resulting from the PCMCI analysis that had 
the greatest number of connections were selected. Thus, 
the channels sending the most causal connections and 
those receiving the most were chosen for each network 
per situation. The findings from the PCMCI analysis indi
cated that, across all participants and situations (leading, 
following, within and between brains), a few EEG channels 
displayed substantial connectivity, with an additional two 
to five channels showing comparable levels of connectivity. 
The key sending brain areas for each participant were 
determined by designating the three to eight most highly 
connected channels per situation, which were then 
retained for further analysis. See one example in Figure 2A.

The receiving EEG channels were selected in the same 
way as described for sending EEG channels. Most of 
these data sets had one or two highly connected chan
nels and two to five channels almost as highly con
nected. These highest connected channels for each 
participant and situation were assumed to represent 
the most important receiving brain areas per participant 
and situation and subsequently retained for further ana
lyses. See Figure 2B for an example.

Appearance of possible clusters of brain activity that 
appeared in all participants in the different situations 
were assessed. For within brain leading and following 
clusters connecting sending and receiving activity were 
found. For the between brains situations such activity 
was found for receiving leadership and for followership.

Second level analysis

The first-level analysis results were combined to uncover 
the neuronal networks associated with information 
transmission and reception within leader and follower 
networks. To exclude any outliers or extreme values and 
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include representative activation, brain areas present 
among the selected regions for at least two participants 
from the first-level analysis were used in the second- 
level analysis. Aggregated networks are presented for 
both individuals (within the brain) and interacting pairs 
(between the brains).

Results

This study analyzed four situations, using neural cau
sal activity for leaders and followers within and 
between brains. In two situations, directed causal 
connections linked the sender and receiver neural 
areas to one individual’s leader and follower reactiv
ity. In the two other situations studied one brain was 
considered the sender and the other brain was the 
receiver (see Figure 3).

Tapping synchronicity and questionnaires

The mean relative synchronicity between leaders and 
followers was 0.0065 sec (SD = 0.021 sec). Before the 
experiment, the average self-rated leadership experi
ence was 2.1 (maximum score is 5), and the partici
pants reported comfort levels in leading also at 2.1 
and participating as a follower at 3.3. After the 
experiment, the degree of success was reported in 
leading (mean = 3.3) and following (mean = 3.2). Very 
few double taps and extreme outliers had to be 
discarded. Noise reduction with double ICA removed 
20-30 components per participant. The number of 

channels was 64 per person throughout the whole 
process.

Directed statistical dependencies

After the initial ParCorr analysis to test correlations, the PC 
algorithm was employed to eliminate all irrelevant condi
tions for causality. This was followed by the MCI algorithm, 
which attempted to eradicate persistent false positive 
links. Thus, the resulting PCMCI statistic can be interpreted 
as the causal link between brain areas within this network. 
Figure 3 illustrates a schematic view of the two setups, one 
for directed connectivity within one brain (3A) and one for 
directed connectivity between two brains (3B).

Within-brain information flow

The mean total number of connections from leaders was 
11,674 (ranging from 10,269 to 12,547), from followers the 
mean was 11,630 (ranging from 10,203 to 12,832).

The number of connections per sender channels in 
the data sets for leaders ranged between the lowest with 
75 and 222 (mean: 160, SD:29). The highest number of 
connections ranged from 143 to 281 (mean:201, SD:26). 
For followers, the numbers of connections were 
between 68 and 222 (mean: 159, SD:32) and 118 and 
265 (mean: 183, SD:31). Receiver channels of leaders 
were between 6 and 22 (mean: 15, SD:3) and 11 and 40 
(mean: 28, SD:6). For followers, receiver channels were 
between 8 and 21 (mean: 15, SD:3) and 10 and 32 
(mean:23, SD:5).

Figure 3. Schematic of the two setups. The one above (A) is to look for directed causal networks within brains, one during leading and 
one during following. The setup shown below (B) finds two directed causal networks between brains while they lead and follow each 
other – one from the leader’s perspective and another from the follower’s perspective.
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The 4 to 8 most connected sender channels and the 4 
to 7 most connected receiver channels were selected per 
data set.

Leading information predominantly activated con
nections between the frontal poles and the SFG for 
both sending and receiving, with the addition of the 
occipital pole for sending. For following, mostly acti
vated channels covered the SFG for sending and the 
occipital pole representing receiving information. 
Sending channels were spread out on the whole skull, 
whereas 95% of the receiving channels represented the 
right hemisphere.

Between-brain information flow

The total number of connections between brains were 
significantly lower than those within brains. From leader 
to follower there were a mean of 448 connections (ranging 
from 378 to 543) and from follower to leader the signifi
cantly lower mean number of connections was 220 (ran
ging from 158 to 285).

The range of connections for the sender channels of 
leaders varied from 0 to 12 (mean: 4, SD: 3) and from 1 
to 28 (mean: 5, SD: 4). For followers, these connections 

ranged between 0 and 9 (mean:2, SD:2) and 0 and 39 
(mean:6, SD:6). The receivers’ connections for leaders 
were between 0 and 3 (mean:1, SD:1) and 0 and 5 
(mean:1, SD:1). For followers, the receivers’ connec
tions ranged from 0 to 2 (mean:1, SD:1) and 0 to 5 
(mean:1, SD:1).

The leader and follower networks were selected from 
the 3 to 7 most connected sender channels and the 3 to 
8 highest connected receiver channels.

Between brains there were no connecting clusters of 
information flow representing all participants, but the 
occipital pole was activated for all participants for receiv
ing leadership and the frontal pole and the MFG were 
activated by all for receiving followership. Channel acti
vation was somewhat evenly spread out on both 
hemispheres.

Group level networks

To analyze at a group level, the causality networks’ 
sending and receiving brain areas were aggregated 
(refer to Table 2 and Figure 4). Combined, these resulted 
in directed causal leader networks and corresponding 
follower networks.

Table 2. The second-level analysis resulted in four directed causal networks. The brain areas within brains represent sending and 
receiver areas per participant while leading to the left and following to the right. The number in brackets following a brain area 
indicates the number of times it appeared in the aggregation. Brain area abbreviations: Superior frontal gyrus (SFG), medial frontal 
gyrus (MFG), inferior frontal gyrus (IFG), supplementary motor area (SMA), superior parietal lobule (SPL), angular gyrus (ANG), medial 
temporal gyrus (MTG), inferior temporal gyrus (ITG) (cerebellum), supramarginal gyrus (SMG) and lateral occipital complex (LOC). 
Translated from EEG positions to brain areas based on Scrivener and Reader 2022 (Scrivener & Reader, 2022).

Within brains causal networks

Leader sender Leader receiver Follower sender Follower receiver

SFG (8) 
Frontal pole (6) 
Occipital pole (6) 
Sup LOC (4) 
MFG (4) 
precentral gyrus (2)

Frontal pole (9) 
SFG (7) 
Sup LOC (6) 
Occipital pole (5)

SFG (6) 
frontal pole (5) 
Sup LOC (3) 
Precentral gyrus (3) 
MFG (3) 
SMA (3) 
occipital pole (2)

Occipital pole (8) 
SFG (5) 
Frontal pole (4) 
Sup LOC (4) 
Precentral gyrus (4)

Between brains causal networks

Leader sender Leader receiver Follower sender Follower receiver

Frontal pole (4) 
Occipital pole (4) 
Sup LOC (4) 
MFG (4) 
ITG (3) 
Postcentral gyrus (3) 
Precentral gyrus (2)

Occipital pole (7) 
Inf LOC (4) 
Sup LOC (4) 
Precentral gyrus (3) 
Frontal pole (2) 
SFG (2)

Frontal pole (5) 
Occipital pole (5) 
Precentral gyrus (3) 
IFG (pars triangularis) (2) 
Sup LOC (2)

MFG (7) 
Frontal pole (6) 
Occipital pole (3) 
MTG (2) 
Sup LOC (2) 
Precentral gyrus (2) 
inf LOC (2) 
Ant SMG (2) 
SPL (2)
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Within-brain networks

During leading, the sending part of the aggregated 
within-brain networks contained the following brain 
areas: the frontal pole, the right SFG, the left MFG, 
the left precentral gyrus, the left superior LOC and 
the left occipital pole. The receiving areas were the 
frontal pole, the right SFG, the superior LOC and the 
right occipital pole.

During following, the network included sending 
channels in the frontal pole, the left MFG, the left 
precentral gyrus, the SFG, the SMA, the superior LOC 
and the occipital pole. Receiving channels in the 
following network include the frontal pole, the left 
precentral gyrus, the right SFG, the superior LOC and 
the left occipital pole.

Between-brains networks

The between-brains leader network showed sender 
activity in the frontal pole, the left MFG, the left ITG, 
the right precentral gyrus, the right left postcentral 
gyrus, the right superior LOC and the occipital pole. 
The receiving areas were in the right frontal pole, the 
right SFG, the precentral gyrus, the superior LOC, the 
inferior LOC and the right occipital pole.

The between-brains sender-follower network 
involved the frontal pole, the right IFG, the left precen
tral gyrus, the right superior LOC and the occipital pole, 
whereas receiving activity was in the frontal pole, the left 
MFG, the right precentral gyrus, the right anterior SMG, 
the left SPL, the right MTG, the superior LOC, the right 
inferior LOC and the left occipital pole.

A B  

The result is depicted as circles covering the EEG electrodes in the group-level analysis. Larger circles indicate 

activity from more EEG electrodes covering one brain area. Above are the within-brains leading (A) and follow-

ing (B) networks. Blue circles show the sending regions and red circles show the receiving areas. Below, the 

within-brain networks are depicted similarly. The difference is that the leaders’ sender brain areas in C have 

receivers in the followers’ brain areas in D. In the same way, the sending brain areas of the followers in D have 

receiving brain areas in the leaders’ brains in C.

DC

Within-brains leader network.
Sender areas in blue.
Receiver areas in red.

MFG
SFG

Frontal pole

Occipital pole

sup LOC

Precentral 
gyrus

Within-brains follower network.
Sender areas in blue.
Receiver areas in red.

MFG
SFG

Frontal pole

Occipital pole

sup LOC

Precentral 
gyrus

SMA

Between-brains leader network.
Sender areas in green.
Receiver areas in orange.

MFG

SFG

Frontal pole

Occipital pole

sup LOC

Precentral 
gyrus

ITG
cerebellum

Postcentral 
gyrus

Precentral 
gyrus

inf LOC

Between-brains follower network.
Sender areas in green.
Receiver areas in orange.

MFG

Frontal pole

Occipital pole

sup LOC

Precentral 
gyrus

IFG
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Precentral 
gyrus

Precentral 
gyrus

sup LOC

ant SMG

SPL MTG

Figure 4. Aggregated result shows causal networks of directed connections with senders and receivers. The form of the sculls and 
positions of the EEG electrodes are based on the BESA® representation of their 64 EEG channels system. The size of the circles indicates 
the number of electrodes activated per situation.
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Discussion

This explorative study investigates the within-brain and 
between-brain leader- and follower-directed causal net
works, employing a comprehensive whole-brain 
approach during the social task of leading and following. 
The practical implications of these findings are pro
found, providing a deeper understanding of the effec
tive neuronal networks within and between brains 
during social interactions such as leading and following. 
These findings mark a significant advancement in our 
understanding of social interactions. While these results 
are potentially useful, it is also important to note that the 
numbers of participants were few, albeit with unusually 
large datasets per person, and need to be replicated 
before generalized to a larger population. The setup 
here built on structured turn-taking of finger tapping, 
so before applying the findings on spontaneous leader
ship more research is needed. Building on our previous 
studies (Silfwerbrand et al., 2023, 2024), the activity of 
leading and following was evoked using a minimal 
model for leading and following through rhythmic tap
ping. Previously, we tested PCMCI to detect a directed 
causal effect between the PFCs (three EEG channels) of 
single brains and two interacting brains as they lead and 
follow each other (Silfwerbrand et al., 2024). The PCMCI 
algorithm involves to initially apply partial correlation for 
the data series using a partial correlation test. The result
ing lagged correlations within brains were in this case 
lagging at around 50 ms (tau of 5), leading us to choose 
this time frame for the causal analysis. The lagged corre
lations between brains were diminishing faster, but in 
order to be able to compare results within and between 
persons the same tau value was used for all data sets.

Signals in the smallest, hence slowest, unmyelinated 
nerve cells travels at about 1 m/s, whereas myelinated 
nerve cells can have a speed of about 100 m/s (Kalat,  
2018). So, in the 50 ms of each time frame recorded here, 
the slowest, unmyelinated nerve cells would have 
moved about 5 cm. For myelinated nerves representing 
touch or proprioception, the distance would have been 
around 5 m in that time frame, which should be enough 
for information processing within one person. The time 
for information flowing between persons varies, but 
changes in timing as small as 4 ms can be perceived 
and corrected (Aschersleben, 2002; Yarrow et al., 2022). 
The time it takes for one person to influence another is 
not known, but activity at 50 ms after onset have been 
detected in neural and behavior data during tapping 
after hearing a tone (Repp, 2005; Yarrow et al., 2022). In 
this case there is a recurring rhythm that is executed, 
thus the anticipation of the coming tap is not dependent 

on hearing a sound before each tap, but rather to lead or 
follow using the complete rhythm. The EEG data was 
down-sampled to 100 Hz to focus on the relevant activ
ity in steps of 0.01s. Higher sampling rates resulted in 
higher numbers of connectivity (not shown here), possi
bly also representing other physiological activities. 
Lower sampling rates, on the other hand, reveled much 
lower numbers of correlations. The sampling of 100 Hz 
was chosen in order to try to reflect the most relevant 
neural activities related to the task. With tau of 5 this 
analysis captures the directed statistical dependencies in 
windows of 0.05s. Such windows of 50 ms could be 
a good starting point to capture some of the relevant 
casual information flow for this activity between the 
persons. The internal flow of information could possibly 
have been more precise at tau of 3. But as the focus here 
was on the interpersonal connectivity tau of 5 was cho
sen for the whole analysis. The second step for the 
PCMCI algorithm is the PC algorithm, which was applied 
with tau of 5 and at the p-value of 0.05 to identify and 
remove the activities in the time series that were not 
causing other activity. The p-value of 0.001 resulted in 
less or no interpersonal connectivity for some partici
pants. In a third step, the resulting time series of depen
dent activities are tested for momentary conditional 
independence (MCI) so that most false positives were 
removed. This resulted in a number of causal connec
tions with their strengths and directions. This study 
applied the PCMCI algorithm to whole-brain analyses 
of directed statistical dependencies for leading and fol
lowing, assessing both within- and between brain 
connections.

The EEG records neuro activity at high timely resolu
tion, which can make it suiting to evaluate cognitive 
processing tasks involving one or more persons 
(Cometa et al., 2021). Here, we are using the prepro
cessed and unfiltered data to represent causal neuro 
activity, not locking in on any phase (such as in the 
alpha or beta ranges) to look for all existing causal con
nections. Detecting coinciding, directed, whole-brain 
networks with sender and receiver areas for two partici
pants can have significant practical implications for 
understanding and potentially influencing social 
interactions.

The participants in this experiment were both 
leaders and followers, engaging in 
a noncompetitive task that encouraged interaction. 
The study revealed that the participants closely syn
chronized their tapping rhythms despite the absence 
of a metronome and the leader’s freedom to alter 
the timing of the rhythms. Participants rated their 
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success in both leading and following relatively high 
(refer to Table 1). The mean synchronicity was much 
higher than it normally takes to hear a sound and 
then tap a button or on a table (Kosinski, 2010; 
Woods et al., 2015). Because the participants could 
observe each other tapping, they were able to syn
chronize their movements with high precision 
through visual cues. In Figure 1B it shows that the 
follower sometimes tapes ahead of the leader, which 
was common for all participant pairs. The phenom
ena of tapping ahead of stimuli has been observed 
in tapping experiments for over 100 years, and has 
been described by participants as tapping in perfect 
timing (Aschersleben, 2002; Repp, 2005) The reason 
for such pre-stimuli tapping is not yet clear, as is not 
the reason why the followers sometimes tap ahead 
of leaders here. However, each task lasted approxi
mately 30 seconds; staying visually focused for that 
long would probably have been troublesome and 
possibly causing tapping at slightly faster, or slower, 
paces at times. The significant level of synchronicity 
may suggest that the participants were not solely 
passively perceiving the other person’s sound or 
responding to visual information, but rather actively 
following and leading, using a combination of the 
acquired rhythm and making minor adjustments 
based on visual or auditory cues.

All channels measuring brain activity exhibited strong 
connectivity during leading and following. Most channels 
were also densely connected between brains during the 
situations of interest. The few areas with the most 
impressive connections and the two to five almost as 
highly connected regions were usually easily distin
guished, followed by a sharp drop in connections for the 
remaining brain areas (Figure 2). Therefore, we suggest 
that this drop might serve as a valid point for division 
between the areas of most interest and other connected 
brain areas. There were more sender areas than receiver 
areas on the group level for the leading and following 
networks within brains (Table 2). This could indicate 
higher priority on sending information, which could be 
representing to take action, then on receiving, possibly 
representing to react on, information. Also, sending of 
information was recorded from the whole scull, but 
most of the receiving of information took place in the 
right hemisphere. In the between brain networks the 
leader-sending areas are connected to follower-receiving 
areas, while follower-sending areas are connected to lea
der-receiving areas. In these latter cases, there were more 
receiving than sending areas, which could reflect a more 
complex situation in combining another person’s influ
ences and the surrounding circumstances. Between-brain 
networks engaged more brain areas overall than the 

within-brain networks. This observation could result 
from the selection method, or it may reflect the difference 
in the complexity of the situations.

One area that was present in all networks was the 
frontal pole. The frontal pole houses the dlPFC and is 
associated with brain networks of affective processing 
and social cognition. It has also been reported to be 
involved in cognition, working memory and perception 
(Bludau et al., 2014). The dlPFC has also been linked to 
self-monitoring in leadership and followership situations 
(Chauvigné & Brown, 2018; Fairhurst et al., 2013). The 
activation of another frontal area, namely the MFG, was 
observed in all four networks. This reactivity may sug
gest a shift in attention toward endogenous or exogen
ous attention (Japee et al., 2015). In all the networks the 
left MFG is activated, in three of them as the sender, 
whereas in the between-brains follower network MFG 
was a receiver of the causal connection. Activation in the 
left MFG has specifically been linked to informal deci
sion-making during social pressure (Martín-Luengo et al.,  
2023). The SFG reactivity, except for the between-brain 
follower networks, could represent engaging the cogni
tive control and execution networks (Li et al., 2013). 
There were clusters activated by all participants, includ
ing the frontal poles and the SFG for receiving leader
ship, and adding the occipital pole to the cluster of 
activation for sending leadership. During following, the 
SFG was activated in all participants for sending and the 
occipital pole for receiving information. The between- 
brain follower network showed sender activity in the 
right IFG, possibly indicating activity for inhibition and 
attentional control (Hampshire et al., 2010). The follower 
areas between brains had active social and cognitive 
areas in the frontal pole and the MFG. This discovery is 
consistent with previous findings that suggest the adop
tion of behavior and the activation of social networks in 
followers (Chauvigné & Brown, 2018; Saxe, 2006a,  
2006b). The anterior SMG, active as a receiver area in 
the between-brain follower network, could correspond 
to the STS and TPJ. These areas previously connected 
with leader and follower behavior, possibly representing 
adaptive social behavior, especially when activated in 
concert with the dlPFC like it was here (Behrens et al.,  
2008; Frith & Frith, 1999; Gvirts & Perlmutter, 2020). 
Between brains, all participants activated visual atten
tion in the occipital pole for receiving leadership, 
whereas receiving followership activated more social 
and cognitively linked areas in the frontal pole and 
the MFG.

The finger-tapping task elicited neural networks asso
ciated with visual, sensory, and motor functions. All 
examined networks examined activity in regions includ
ing the occipital pole, a key area for visual processing 
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(Grill-Spector et al., 2001), and the precentral gyrus 
(Chen et al., 2008), the primary motor cortex. All net
works also displayed reactivity in the superior LOC, 
a vision-related area associated with facial recognition 
(Grill-Spector et al., 2001). The between-brain networks 
indicated reactivity in the inferior LOC, suggesting visual 
object recognition (Beauchamp et al., 2008; Grill-Spector 
et al., 2001). The follower networks displayed sender 
activity in the SMA, which may indicate rhythmic 
engagement (Chen et al., 2008; Passarelli et al., 2021). 
For leader’s networks between brains, the sender areas 
were the postcentral gyrus, or the somatosensory cortex, 
connected with a touch of the skin during tapping and 
ITG, previously linked to high cognitive functions such as 
emotion regulation (Lin et al., 2020; Thaut et al., 2014). 
Instead, the follower networks between brains included 
the right MTG and the left SPL, a part of the dorsal visual 
pathway, as receivers, possibly indicating associative 
learning and situational attention (Behrens et al., 2008; 
Gainotti, 2013; Karnath, 2001).

There were several common features in the networks 
representing leading and following. Commonalities partly 
overlapped with previous leadership research, possibly 
reflecting self-control in combination with working mem
ory (Fairhurst et al., 2014; Konvalinka et al., 2014), social 
cognition (Fairhurst et al., 2013) and alternating between 
endogenous and exogenous attention (Silfwerbrand et al.,  
2023). Visual attention and motoric engagement emerging 
in all networks could have been related to the finger- 
tapping task. Between brains, follower networks also had 
an activity that could be related to rhythms, situational 
attention and interpersonal adaptation, which would reso
nate with previous research (Chauvigné & Brown, 2018; 
Silfwerbrand et al., 2023). Further investigation into the 
specific implications of senders and receivers is warranted 
in future studies. The correlations between neural connec
tivity on the one hand, and leadership and followership 
experiences and comfort on the other, will be further 
explored in future work. This could open up to new dimen
sions of the performance of these the roles.

The present study assumes the validity of causal 
networks between neuronal systems despite the 
absence of functional connections. More studies are 
needed to determine whether PCMCI is the most rele
vant measure of such influences between people. 
PCMCI comes with several assumptions, one of which 
is the causal sufficiency, implying that all relevant vari
ables are observed in the dataset. Causal sufficiency is 
assumed for the dataset here, although there could be 
unknown information that this setup is not capturing. 
This should be readdressed in future studies. Although 
the study had a limited number of participants, the 
long-time series for each person and pair should partly 

compensate for this limitation. It is worth mentioning 
that despite rapid developments in hyperscanning and 
its methods, it remains a relatively young area of 
research. Thus, the current paper involves several sta
tistical decisions that could have been executed differ
ently. For example, the second-level analysis was an 
aggregation of first-level results. An assumption here is 
that the most connected brain areas are the most 
relevant for the activity. Still, it could well be that 
more restricted neuronal activities are taking place 
that have other relevant impacts on the behavior. 
This study cannot draw any conclusions as to possible 
gender differences pertaining to the roles. Personality 
traits, such as anxiety levels of the participants, were 
also not considered here, which may have implications 
for the results.

Conclusion

This study attempted to portray whole-brain joint acti
vation networks, both within and between individuals, 
during leading and following simultaneous EEG scan
ning. The PCMCI appears to provide a potential solution 
for identifying causal relationships between leading and 
following networks in concurrently collected EEG data. 
Hyperscanning EEG data collection was applied with the 
minimal model for leading and following. This model is 
designed to use the smallest building block for any 
social interactivity and rhythmic patterns to establish 
a dynamic of leadership and followership (Jaffe et al.,  
2001; Schirmer et al., 2016).

The networks representing leading and following exhib
ited several common features. Among these, activation of 
the frontal pole, including the dlPFC, is in line with previous 
leadership research and has been linked to working mem
ory and self-control (Fairhurst et al., 2014; Konvalinka et al.,  
2014). In all four networks the frontal pole is activated in 
combination with MFG, which could be related to beha
viors such as social cognition, decision-making in informal 
situations and changing between endogenous and exo
genous attention. Like previous research, brain follower 
networks also included brain areas relating to the task 
and socially adaptive activity (Chauvigné & Brown, 2018). 
The between-brain networks engaged more brain regions 
than the within-brain networks, possibly reflecting the 
more complex social involvement in another person in 
concert with the surrounding circumstances.
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