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A B S T R A C T

In perceptual multi-stability, perception stochastically switches between alternative interpretations of the stim-
ulus allowing examination of perceptual experience independent of stimulus parameters. Previous studies found
that listeners show temporally stable idiosyncratic switching patterns when listening to a multi-stable auditory
stimulus, such as in the auditory streaming paradigm. This inter-individual variability can be described along
two dimensions, Exploration and Segregation. In the current study, we explored the functional brain networks
associated with these dimensions and their constituents using electroencephalography. Results showed that Seg-
regation and its constituents are related to brain networks operating in the theta EEG band, whereas Exploration
and its constituents are related to networks in the lower and upper alpha and beta bands. Thus, the dimensions
on which individuals’ perception differ from each other in the auditory streaming paradigm probably reflect sep-
arate perceptual processes in the human brain. Further, the results suggest that networks mainly located in left
auditory areas underlie the perception of integration, whereas perceiving the alternative patterns is accompanied
by stronger interhemispheric connections.

1. Introduction

Perceptual multi-stability (often referred to as bi-stability) refers
to the phenomenon when perception stochastically switches between
possible interpretations of an unchanging stimulus (for a review see
Schwartz et al., 2012). It has been found that individuals vary in the
frequency of switching both for visual (Aafjes et al., 1966) and auditory
multi-stable stimuli (Kondo et al., 2012). Recently, idiosyncratic switch-
ing patterns have been found for verbal transformations (Kondo et al.,
2017) and in the auditory streaming paradigm (Denham et al., 2014;
Farkas et al., 2016a; Kondo et al., 2017). The latter have been linked to
personality traits, executive functions (Farkas et al., 2016a), and neuro-
transmitter concentrations (Kondo et al., 2017). Using concurrent elec-
troencephalogram (EEG) measures, the current study investigated for
the first time the relationship between idiosyncratic switching patterns
and functional brain networks activated while participants listened to
an auditory streaming stimulus.

The auditory streaming paradigm (van Noorden, 1975) has been ex-
tensively used to study how the human auditory system extracts coher-
ent sound sequences (auditory streams) from a mixture of sounds emit-
ted by concurrently active sources (cf. auditory scene analysis; Bregman,
1990). The stimulus is a repeating sound sequence of ABA-ABA-… struc-
ture, where “A” and “B” denote two sounds differing from each other
in some acoustic features, such as the frequency of simple tones and
“-” stands for a silent interval with the common duration of “A” and
“B” (Fig. 1, top panel). Listeners can perceive this stimulus as a sin-
gle stream (the integrated percept; Fig. 1, second panel), as two sep-
arate streams of isochronous sounds, one for the “A” and another for
the “B” sounds (the segregated percept; Fig. 1, third panel), as well as
in terms of two streams in which one stream includes some of the “A”
and all of the “B” sounds while the other is made up of the rest of the
“A” sounds (the combined percept; Fig. 1, fourth panel; for a full de-
scription of the variants of the combined percept, see Denham et al.,
2014). The initial perception of this stimulus is strongly influenced by
the stimulus parameters, with larger separation between “A” and “B”
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Fig. 1. Schematic depiction of the auditory streaming paradigm (top panel) and its pos-
sible perceptual interpretations grouped into 3 categories (the 3 lower panels). Rectan-
gles depict the “A” and “B” sounds with the feature difference between them indicated by
displacement in the vertical direction. Time flows along the horizontal direction. Sounds
perceived as part of the same stream are connected by lines in the lower panels. Darker
rectangles with grey background indicate the stream appearing in the foreground (also de-
scribed with symbols to the right of each of the lower panels).

and faster presentation rates promoting the perception of the segre-
gated and the opposite the integrated percept (for a review see Moore
and Gockel, 2012). However, for longer (>30 s) stimuli, perception in-
evitably switches between the alternative percepts (Anstis and Saida,
1985; Bendixen et al., 2010; Deike et al., 2012; Denham and Winkler,
2006; Gutschalk et al., 2005; Pressnitzer and Hupé, 2006) and the ef-
fects of the stimulus parameters are reduced at longer delays from the
stimulus onset (Denham et al., 2013).

Studies using fMRI have provided information about brain regions
activated during perception of the auditory streaming stimulus.1 Audi-
tory cortex, especially Heschl's gyrus, is more active when listeners ex-
perience the segregated than the integrated sound organization (Wilson
et al., 2007). Compatible evidence was obtained with EEG by Snyder et
al. (2006), who found that differences between event-related potentials
elicited during integrated vs. segregated percepts probably originated
from Heschl's gyrus. Deike et al. (2004) found that the left auditory cor-
tex was more active during segregated than integrated perception of the
stimulus. However, Cusack (2005) found no difference in auditory cor-
tical activation between the two percepts; rather the intraparietal sulcus
was more active during segregation than integration. The latter result
is also supported by the data of Kashino et al. (2007), who found that
beyond the auditory cortex, the left intraparietal sulcus, the posterior
insular cortex, the supramarginal gyrus, and the thalamus were also dif-
ferentially involved in the perception of the auditory streaming stimu-
lus. These findings provide evidence that the brain network underlying
auditory scene analysis extends beyond auditory cortex.

1 Please note that these studies only took into account the integrated and segregated
perceptual alternatives.

Denham et al. (2014) studied individual differences in the percep-
tion of the auditory streaming stimulus, characterizing participants’
switching patterns by the conditional probabilities for transitions be-
tween perceptual alternatives (Denham et al., 2012). These authors
found that although perceptual switching is stochastic, the character-
istics of participants' switching patterns tended to be idiosyncratic
(switching patterns from the same individual across repeated blocks
were significantly more similar in comparison with those of other par-
ticipants) and stable (individual similarity was preserved across sessions
separated by more than a year). Farkas et al. (2016a) identified two
main dimensions of the variance in individuals’ switching patterns. The
first one was termed Exploration, because individuals scoring high on
this dimension experienced the least frequently reported perceptual al-
ternative (combined) more often and the most frequently reported alter-
native (integrated) less often, they switched between alternatives more
frequently, and required less time to discover all perceptual alternatives
compared to those who scored low on the dimension. The second di-
mension was termed Segregation, because scoring high on the dimension
was related to reporting more time spent experiencing the segregated
and less the integrated percept (for similar dimensions found in a differ-
ent group of listeners, see Kondo et al., 2017).

Ego-resiliency (ER; Block, 2002; Block and Block, 1980), a personal-
ity meta-trait of adaptive behavioral flexibility was positively linked to
the Exploration dimension (Farkas et al., 2016a). Individuals with high
ER are able to flexibly coordinate their behavior with situational de-
mands in an adaptive way. However, Kondo et al. (2017) did not find
a significant relationship between ER and idiosyncratic switching pat-
terns in two auditory multi-stable stimulus paradigms. Discrepancies be-
tween the findings of these two studies may stem from the much larger
sample size in Farkas et al. (2016a) than in Kondo et al. (2017) study
(N = 48 and N = 22). Personality trait related effects typically require
larger statistical power due to their higher variability. Further, Kondo
et al. (2017) found that the concentration of the glutamate-glutamine
(Glx) neurotransmitter measured in auditory cortex was negatively re-
lated to the Exploration dimension: higher Glx concentration in auditory
cortex accompanied higher proportions of segregated and lower propor-
tions of combined reports. In sum, these correlations between idiosyn-
cratic switching patterns, individual personality traits and neurotrans-
mitter profiles are compatible with the observed temporal stability of
switching patterns, as these stable characteristics may influence the per-
ceptual processing of multi-stable auditory stimuli. High creativity has
been found to be related to increased switching in ambiguous figures
(Doherty and Mair, 2012; Wiseman et al., 2011), but was found to be
unrelated to individual differences in auditory streaming (Farkas et al.,
2016a). However, there is a lack of consensus both in the definition
(Kozbelt et al., 2010) and in the assessment (Plucker and Mackel, 2010)
of creativity. Farkas et al. (2016a) study measured creativity using di-
vergent thinking tasks (Torrence, 1988). In the current study, we de-
cided to measure creativity using a self-report scale, as this has been
found to provide a better assessment of creativity than divergent think-
ing tasks (Silvia et al., 2012).

In the current study, we explored the functional brain networks un-
derlying idiosyncratic switching patterns. Functional connectivity refers
to the temporal interdependence of the activity of anatomically sepa-
rate brain regions. In brain networks, functionally separate regions are
usually linked with each other through hubs, which integrate informa-
tion from several regions (Bullmore and Sporns, 2009; Rubinov and
Sporns, 2010). The low EEG frequency ranges (delta: 0–4 Hz, and theta:
4–8 Hz) are often thought to predominantly reflect long-distance con-
nections with fewer hubs, whereas, the high frequency ranges (beta:
13–30 Hz, and gamma: 30- Hz) are indicative of short-distance con-
nections with more hubs (Smith-Bassett and Bullmore, 2006). Graphs
are used for an abstract mathematical representation of the networks.
A graph is defined as a set of nodes connected with edges. The
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Minimum-Spanning Tree (MST) algorithm (Kruskal, 1956; Stam et al.,
2014) provides a way to extract the structure of functional networks. A
spanning tree is a graph that includes all nodes of the original network
(N) linked by N−1 edges and without forming loops. MST graphs can be
characterized using metrics representing the network's centrality, con-
nectedness, and modularity.

To date, only one study has examined functional networks (though
not functional connectivity in the above defined sense) in the auditory
streaming paradigm (Kondo and Kashino, 2009). Connections between
regions of interests (ROI) were calculated by Structural Equation Mod-
eling (SEM) of event-related fMRI activity time-locked to perceptual
switches. The left and right auditory cortices (AC) were strongly corre-
lated and the right AC was also correlated with the right medial genic-
ulate body (MGB). Further, the right MGB was correlated with the left
cerebellar area. Comparing these connections between two groups dif-
fering in the number of switches, the authors found generally stronger
connections in the group with more frequent perceptual switching, es-
pecially for the connection between the right AC and MGB. Thus, it ap-
pears that the AC-MGB loop is an important generator of switches be-
tween alternative perceptual organizations.

We hypothesized that the main dimensions found to explain the per-
ceptual variability of individuals for auditory streaming stimuli (Farkas
et al., 2016a; Kondo et al., 2017) are supported by different functional
brain networks. Because some previous studies found associations be-
tween inter-individual variability in perceiving multi-stable stimuli and
some personality (ego resiliency and creativity) and executive function
measures (performance in the Stroop task and semantic fluency), find-
ing separate functional brain networks associated with the perceptual
dimensions would provide important links between these different lev-
els of description of human behavior. Finally, based on the notion that
integration may be assumed to be the default mode of sound organiza-
tion (Bregman, 1990), one could theorize that integration would be sub-
served by more local networks than the other sound organizations.

2. Material and methods

2.1. Participants

Sixty volunteers without a history of psychiatric or neurological dis-
orders (32 female; 18–37 years of age; M = 22.78, SD = 3.15; 53
right-handed) participated in the experiment. During the experimen-
tal session, they performed a perceptual task during which EEG and
near-infrared spectroscopic (NIRS) signals were recorded from the scalp,
performed tasks assessing some executive functions, and filled person-
ality questionnaires (see details in Section 2.2). All participants had
pure-tone thresholds within normal limits for the frequencies ranging
from 250 Hz to 4 kHz: none exceeded the normal hearing threshold by
more than 25 dB in either ear and none had more than 10 dB thresh-
old difference between the two ears. Participants gave written informed
consent after the aims and methods of the study were explained to
them. The study was conducted in full accordance with the Helsinki
Declaration and all applicable national laws and it was approved by
the inter-University Ethical Review Committee for Research in Psychol-
ogy (EPKEB). Participants received modest financial compensation. Five
participants did not pass the training procedure: they did not reach
80% correct responses by the end of the training (see section Audi-
tory perceptual task). One participant's data was excluded due to NIRS
data recording errors. Another participant's data was excluded due to
reporting far more ‘none’ responses (25%; see section Auditory per-
ceptual task) compared to the rest of the group (1%), which made
her Grubb's outlier detection z-score 5.5, almost double the acceptable
maximum (3). Finally, eleven participants’ data were excluded from
the analysis based on poor performance (<60%) in the catch-trials,

which were appended to each stimulus block (see section Auditory per-
ceptual task). Thus, the final sample consists of 42 participants (23 fe-
male; 19–37 years of age; M = 23.10, SD = 3.41; 40 right-handed).

2.2. Measurements

2.2.1. Auditory perceptual task
Sinusoidal tones of 75 ms duration with 10 ms rise and 10 ms fall

times were presented in the auditory streaming paradigm (a cyclically
repeating „ABA-” pattern; Fig. 1, top panel). The frequency difference
between the “A” and “B” tones was 4 semitones with the „A” tone
frequency set at 400 Hz and “B” tone at 504 Hz. The stimulus onset
asynchrony (SOA, onset-to-onset interval) was 150 ms and the inten-
sity was 45 dB sensation level; individual hearing thresholds were sep-
arately measured for each participant using a staircase procedure with
the sounds employed in the experiment. Participants were presented
with nine four-minute-long sequences of the auditory streaming stim-
ulus with an additional ca. 40 s catch-trial segment (see the Proce-
dure section) appended without a break to the end of each stimulus.
Tones were delivered through Sennheiser HD600 headphones by an IBM
PC computer using Psychtoolbox-3 (Brainard, 1997; Pelli, 1997) under
MATLAB 2015b (Mathworks, 2015).

Listeners were instructed to mark their perception continuously in
terms of four possible categories using two response keys: a) „inte-
grated” (ABA-; Fig. 1, second panel; response: depressing one of the two
response keys), b) „segregated” (A-A-/B—; Fig. 1, 3rd panel; depress-
ing the other response key), c) „combined” (-AB-/—A or -BA-/A; Fig.
1, bottom panel; simultaneously depressing both response keys), and d)
„none” (no repeating pattern perceived; releasing both response keys).
Note that, similarly to the integrated and the segregated percept, the
combined percept appears spontaneously when listening to sequences of
the auditory streaming paradigm (Denham et al., 2013). Participants re-
ceived instructions and training for identifying the different perceptual
categories without hesitation. They were instructed to report faithfully
their perception as it occurred. The description of the integrated percept
emphasized hearing all tones as part of a single repeating pattern with
a galloping rhythm. The description of the segregated percept empha-
sized hearing two isochronous sound streams in parallel, one in the fore-
ground, the other in the background, each with a uniform (one slower,
the other faster) delivery rate. The description of the combined percept
emphasized the perception of two parallel streams of sound, at least
one of which included a repeating pattern composed of both high and
low tones. Finally, the “none” choice allowed listeners to indicate that
they did not hear any repeating pattern or could not decide between the
patterns previously described to them. Participants were instructed to
maintain the key combination depressed for as long as they continued
hearing the corresponding pattern and to switch to another combination
as soon as their perception changed. They were informed that there was
no “correct” response and asked to employ a neutral listening mind-set
(termed “neutral instructions”; for an in-depth discussion of the instruc-
tions, see Denham et al., 2013). The left and right arrow keys of a stan-
dard Hungarian IBM PC keyboard were used as response keys with their
roles counterbalanced across participants. The state of the response keys
was continuously recorded at a sampling rate of 10 Hz.

Training started with the participant listening to six one-minute long
demonstration sequences, each promoting the perception of one of the
alternatives shown in Fig. 1. The integrated percept was introduced by
using a smaller frequency difference between the „A” and „B” tones
than the parameters chosen for the experiment (1ST; 400 and 426 Hz,
respectively); the segregated percept was initially demonstrated by us-
ing a larger frequency difference (890 Hz). Subsequently, the two seg-
regated and the three combined percepts (as shown in Fig. 1.) were
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demonstrated by emphasizing the corresponding repeating tone pattern
within the auditory streaming sequence used in the experiment. Empha-
sis was created via attenuating by 18 dB those tones which were part
of the intended background stream; further, the timbre of these tones
was changed to a complex tone with eight harmonics of equal inten-
sity. These demonstrations promoted perception of the normal-intensity
pure tones as a coherent foreground stream. After the response key as-
signment and the „none” choice were explained, training continued in
blocks of six sequences separated by short silent intervals. The first se-
quence was one-minute-long and its parameters were identical to those
used in the experiment. This was followed by five sequences of 6–9 s,
one for each of the percepts the participant was required to identify.
These short segments served as catch trials. The order of the five short
sequences (the small-frequency-difference and the four attenuated-in-
tensity variants of the auditory streaming stimulus) was randomized
separately for each training block. Training was completed when the
participant made the expected response in at least 80% of the presen-
tation time during the catch trials or when 10 training blocks had been
delivered. During the training blocks, the experimenter gave feedback
and further help as needed. Five participants were rejected on the basis
of their performance in the training blocks.

Catch trials of the same structure were appended to each stimulus
block in the main experiment, allowing the monitoring of the partic-
ipants’ understanding of the instructions throughout the experiment.
Participants who scored lower than 60% in the catch segments, aver-
aged across all stimulus blocks, were excluded from the data analysis.
Eleven participants’ data was excluded in this way, as noted in the pre-
vious section.

2.2.2. Pre-processing perceptual data
Perceptual phases (continuous intervals with the same combination

of response keys depressed) were extracted from the key press records.
Phases shorter than 300 ms were discarded, because these were as-
sumed to result from finger coordination misalignments during switch-
ing between key combinations (see Moreno-Bote et al., 2010). The data
removed this way amounted to ca. 0.4% of the total duration.

Transition matrices, containing conditional probabilities for transi-
tions between perceptual alternatives, were constructed from the per-
ceptual reports using the method described in Denham et al. (2012).
Transition matrices had 4 rows and 4 columns (each corresponding to
one of the 4 alternative perceptual choices described above) with cells
representing the conditional probability of the percept changing from
the starting percept (column) to the percept assigned to the row; the di-
agonal contained the probability of no change. The conditional proba-
bilities were estimated for each listener and stimulus block, separately
(block transition matrix), for each listener (by pooling data from all
stimulus blocks of a listener: listener transition matrix), and for the
whole experiment (by pooling data from all blocks and participants:
global transition matrix). Denham et al. (2012) showed that the global
transition matrix can be used to optimally estimate missing data (i.e.,
unobserved transitions) for individual listeners while listener transition
matrices can be used for estimating missing data in the individual's
block transition matrices. This procedure was employed for substituting
missing data. Because the switching patterns obtained in the very first
stimulus block were shown to substantially differ from those obtained
in subsequent blocks (Farkas et al., 2016b), data from the first block
were excluded from the analyses. Four listeners never experienced the
combined percept. On average, 31.9% of the sixteen possible transitions
were missing within the block transition matrices. Most of the missing
transitions were related to the „none” percept, whose overall proportion
was less than 0.62% in the data. Since we did not analyze the „none”
responses, the effective proportion of missing transitions was 13.19%.

Similarly to previous studies investigating individual differences in
perceptual multi-stability (e.g., Farkas et al., 2016a), the mean num-
ber of switches between the alternative perceptual reports, and the pro-
portions and mean phase durations of the integrated, segregated, and
combined perceptual reports were entered into the statistical analyses.
These variables were extracted from the listener transition matrices. The
time to discover all three perceptual alternatives was added to the above
list of variables as it provides information about the viability of the al-
ternative percepts for the listener. Short discovery times suggest that
all alternatives were relatively easy to discover for the given listener,
whereas long discovery times suggest that some perceptual alternatives
were less accessible to him/her. The discovery time for each participant
was determined by simulating the switching behavior of the listener
1000 times, based on the listener's transition matrix. In each run, the
simulation stopped when all patterns had been discovered. The value
for the time to discover all patterns was defined as the median of the
values from the simulation runs.

2.2.3. EEG recording and preprocessing
EEG was recorded with a BrainAmp DC 64-channel system with act-

iCAP active electrodes. The electrodes were placed according to the In-
ternational 10/20 system (Fig. 2) with an additional electrode attached
to the tip of the nose. Bipolar recording from two further electrodes, one
attached lateral to the outer canthus of the right eye and the other below
the left eye, was used for monitoring eye movements. During recording,
the FCz electrode served as the common reference. Sampling rate was
1 kHz, and a 100 Hz online low-pass filter was applied. The electrode
impedances were kept below 20 kΩ.

The continuous EEG signals recorded from the second to the fifth
stimulus block were re-referenced to the average voltage of all elec-
trodes and filtered between 0.5–45 Hz2 by a finite impulse response
(FIR) band-pass filter (Kaiser windowed; Kaiser β = 5.65; filter order
1812) by the EEGlab 11.0.5.4.b toolbox (Delorme et al., 2007) under
Matlab 2015b (Mathworks, 2015). A maximum of one malfunctioning
EEG channel per participant was interpolated using the spline interpo-
lation algorithm implemented in EEGlab. The Infomax algorithm of In-
dependent Component Analysis (ICA) of EEGlab was employed for ar-
tifact removal (for detailed mathematical description and validation,
see Delorme et al., 2007). ICA was performed on the continuous fil-
tered dataset of each participant, separately. ICA components consti-
tuting blink artifacts were removed via visual inspection of their topo-
graphical distribution and frequency content. Due to the high compu-
tational demand of EEG source analysis, epochs of 2048 ms duration
were extracted from the preprocessed signals. Epochs with an amplitude
change exceeding 100 μV at any electrode were rejected from further
analysis. The final dataset consisted of minimum of 376 epochs (M =
452.19, SD = 18. 37) per participant.

EEG sources were reconstructed using the minimum norm estimate
model (sLORETA developed by Pascual-Marqui, 2002 based on
Hämäläinen and Ilmoniemi, 1994) included in the Brainstorm toolbox
(Tadel et al., 2011). Using the MNI system, the generic anatomical
brain template was segmented into 15002 voxels with a resolution of
1×1×1 mm restricted to lie within the grey matter. Default electrode
locations were entered into the forward model provided by the open-
MEEG algorithm (Gramfort et al., 2011). Note that individual variance
in head shape and electrode placement was not taken into account. The
time-varying source signals were modeled wherever the dipole had a
component perpendicular to the cortical surface. By averaging all di

2 The EEG data was reanalyzed using a 80 Hz low pass filter and a 47–53 Hz notch
filter assessing the higher (>55 Hz) gamma band. As this analysis did not yield results
relevant for the main conclusions, it can be found in Supplement 2: 30–80 Hz gamma band
analysis.
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Fig. 2. Examples of two different MST graphs based on the schematic configuration. All dots depict nodes. Empty dots depict peripheral nodes, grey dots depict nodes that have at
least two connections, whereas black dotes depict nodes having more than three connections (centers or hubs). Lines depict edges, whereas dashed lines depict interhemispheric edges.
Subplot A depicts a decentralized MST with no centers, a few peripheral nodes, and many interhemispheric connections. Thus, this network would have a low leaf fraction, a low tree hier-
archy, and a high number of interhemispheric connections. Subplot B depicts a more centralized network with two hubs, many peripheral nodes and a few interhemispheric connections.
Thus, this network would have a high leaf fraction, a high tree hierarchy, and a low number of interhemispheric connections.

pole strengths of the voxels in the corresponding cortical regions, the
mean neuronal activity (current density) was derived for 62 cortical re-
gions using a parcellation scheme (Klein and Tourville, 2012) set prior
to the analysis. The number of connections in functional networks grows
exponentially with the number of nodes used to create them, and having
a large number of edges increases the probability of false positive con-
nections. Thus, some of these cortical regions were excluded from fur-
ther analysis after the source analysis procedure. Occipital regions were
excluded from further analysis, because they are unlikely to be involved
in auditory streaming. Motor areas were excluded, because the partici-
pants’ constant button pressing would have likely produced connections
unrelated to auditory streaming. In sum, 15 cortical regions per hemi-
sphere were excluded, leaving 16 cortical regions of interest (ROI) per
hemisphere (Table 1) for further analysis.

The goal of source localization was to investigate the interplay be-
tween brain regions during perception of the auditory streaming stim-
ulus and relate this interplay to inter-individual variance in percep-
tion. However, due to the lack of individual MRI scans and electrode
localization data, the current source analytical protocol does not al-
low a sufficiently precise localization of EEG sources for reliably distin-
guishing any pair of the 16 regions per hemisphere. A likelihood analy-
sis (based on the studies of Baillet et al., 2001; Huang et al., 2016;
Pizzagalli, 2007; Plummer et al., 2008; Song et al., 2015) conducted
with the assumption of a 1.5 cm leakage distance and 50% overlap cri-
terion showed only one case of significant overlap: the transverse tem-
poral gyrus can overlap with the superior temporal and supramarginal

Table 1
Regions of interest (ROI) per hemisphere and their abbreviations.

Region of interest Abbreviation Brain regions

Superior Frontal Gyrus SFG Frontal regions
Medial Orbitofrontal Gyrus OFG med
Caudal Middle Frontal Gyrus MFG caud
Rostral Middle Frontal Gyrus MFG rost
Opercularis Inferior Frontal
Gyrus

IFG operc

Parsorbitalis Inferior Frontal
Gyrus

IFG orb

Triangularis Inferior Frontal
Gyrus

IFG triang

Caudal Anterior Cingulate
Gyrus

ACG caud Anterior Cingulate
regions

Rostral Anterior Cingulate
Gyrus

ACG rost

Inferior Temporal Gyrus ITG Temporal regions
Middle Temporal Gyrus MTG
Superior Temporal Gyrus STG
Transverse Temporal Gyrus HES
Supramarginal Gyrus SMG Parietal regions
Inferior Parietal Gyrus IPG
Superior Parietal Gyrus SPG

regions. Despite this issue, we decided to employ the above described
parcellation, because by using a coarser resolution and thus collapsing
large chunks of data would have eliminated a large part of inter-indi-
vidual differences existing in the data, the primary goal of the study.
However, acknowledging that the resolution of parcellation is higher
than what is allowed by the data, the high-resolution current source
analysis is only used for functional network formation and visualization,
thereby allowing the exploration of variance in the network structure.
In contrast, interpretation of the findings is expressed in terms of much
broader brain regions, as specified in Table 1 (right column).

Source signal epochs were re-merged into a single time-series, sep-
arately for each participant for compatibility with the behavioral data,
which was analyzed using continuous time series. These signals were
then filtered using band-pass finite impulse response (FIR) filters (Kaiser
windowed, Kaiser β = 5.65, filter order = 1812) into six EEG bands:
delta (.5–4 Hz), theta (4–8 Hz), lower alpha (8–10 Hz), upper alpha
(10–13 Hz), beta (13–30 Hz), and gamma (30–45 Hz). Undirected func-
tional connectivity matrices were calculated separately for the EEG
bands and participants by measuring phase synchronization strength be-
tween all pairs of EEG source ROIs using the phase lag index (PLI; Stam
et al., 2007). PLI calculates the asymmetry of the phase difference dis-
tribution between two signals, and reflects the consistency with which
one signal's phase leads or lags that of the other. This resulted in 32*32
functional connectivity matrices (16 ROI × 2 hemispheres), separately
for each participant and EEG frequency band.

2.2.4. NIRS recording and other measures
NIRS signals were recorded with a montage of 16 sources and 24 de-

tectors by the NIRStar 14.1 device (NIRx Medical Technologies, 2014).
Because the results obtained from the analysis of this data did not signif-
icantly contribute to the report, the methods and results related to the
NIRS data can be found in Supplement 3: Near-Infrared Spectroscopy
(NIRS) analysis.

Two executive functions were assessed: The inhibition executive
function was measured using the Stroop task (Lansbergen et al., 2007;
Stroop, 1935) and the shifting executive function was assessed by se-
mantic fluency (Troyer et al., 1997). Participants filled out two ques-
tionnaires: The ER89 questionnaire (Block and Kremen, 1996), which
measures ego-resiliency (ER) and the Biographical Inventory of Creative
Behaviors (BICB, Batey, 2007), which measures creative achievements.
The details of these measures and their analysis are described in
Supplement 1: Executive functions, questionnaires, and correlation
analysis.

2.3. Procedure

The experimental session started with filling out the questionnaires
and measuring the executive functions. The order of the questionnaires
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was fixed (ER89 followed by BICB), whereas the order of the executive
function tasks was counterbalanced across participants. This was fol-
lowed by the auditory perceptual task, which consisted of the training
part followed by 9 experimental stimulus blocks. After the training, par-
ticipants were fitted with the EEG electrodes and NIRS optodes. They
then completed one further training block before starting the main ex-
periment.

During the first five stimulus blocks, participants reported their per-
ception according to the neutral instructions described in the “Auditory
perceptual task section” (Neutral condition). For two of the remaining
four blocks, participants were instructed to hold on to each percept for
as long as they could (Hold condition) while still reporting their percep-
tion faithfully. For the other two blocks, participants were instructed to
switch to another percept as soon as they could (Switch condition) while
also marking their perception truthfully. The order of these two bi-
ased conditions was counterbalanced across participants. Only the data
recorded using the neutral instructions are reported here. Breaks were
included when switching between tasks and between blocks as needed.
The session lasted for ca. 180 min.

2.4. Data analysis

MATLAB 2015b (Mathworks, 2015) was used for all data analysis.

2.4.1. Idiosyncratic switching patterns
Intra-individual similarities of switching patterns were calculated us-

ing the Kullback-Leibler (K-L, Kullback, 1959) distance between each
pair of the block transition matrices of the same listener. Inter-individ-
ual similarity was assessed by calculating the K-L distances between
block transition matrix pairs for each combination of pairs of blocks
from two different listeners. Separately for each listener, the two mea-
sures were compared using a one-tailed Wilcoxon's Signed Rank test.
When intra-individual similarity was significantly lower than inter-in-
dividual similarity for the same listener the listener was categorized as
having an idiosyncratic switching pattern.

2.4.2. Multi-dimensional scaling of the individual switching patterns
Based on the inter-individual K-L distances of the listener transition

matrices, Multi-Dimensional Scaling (MDS, Kruskal and Wish, 1978)
was set up to find the main dimensions characterizing listeners’ percep-
tual switching behavior in the auditory streaming paradigm. MDS uses
the distances between data points to extract the dimensions explaining
the variance of the data. “Stress values” (Kruskal and Wish, 1978) assess
how well the observed distance matrix is reproduced by a given MDS
configuration. A linear stress criterion was used as an index of the good-
ness-of-fit, which is the stress value normalized by the sum of squares of
the inter-response distances. The number of dimensions was determined
using the scree test (Cattell, 1966), which evaluates the stress values for
different MDS solutions.

2.4.3. Functional network construction and network metrics
The Minimum Spanning Tree (MST; Kruskal, 1956; Stam et al.,

2014) algorithm was used for a topological representation of the struc-
ture of the functional connectivity matrices. MST is a method to con-
struct a graphical representation of a network in which all nodes are
connected to each other without forming circles or loops. MST net-
works were derived for each participant. Only those edges which were
most often present, i.e. the top 5%, in participants MST network (based
on the edge MST connection distributions) are shown in the figures.
Edge selection for visualization had no effect on the variables calcu-
lated from the MST metrics. These are shown on circular graph plots
based on the Matlab function developed by Paul Kassebaum (http:
//www.mathworks.com/matlabcentral/fileexchange/48576-

circulargraph) and on the cortical surface using the BrainNet Viewer
(Xia et al., 2013).

MST functional networks were characterized by the following three
derived measures. 1) “Leaf fraction” gives an estimate of how much pe-
riphery a network has by dividing the number of nodes with only one
connection by the total number of nodes. A high leaf fraction value in-
dicates a graph with a few centers and many peripheral nodes. 2) “Tree
hierarchy” provides an estimate of how hierarchical a network is by the
normalized rate of the number of connections per node. Low tree hi-
erarchy values indicate non-hierarchical networks with no distinct cen-
ters, whereas high values indicate centralized, hierarchical networks.
3) Finally, the number of interhemispheric connections was calculated.
Examples for MST graphs with different characteristics based on these
measures are depicted in Fig. 2.

2.4.4. Correlation analysis
Measures originating from different methods were grouped into cat-

egories: perceptual measures (8), questionnaire measures (3), executive
function measures (3), and graph metrics measures (three graph met-
rics with the six EEG frequency bands: 18). MDS dimensions were in-
terpreted by correlating them with the perceptual measures. Because
some of the variables did not have a normal distribution, and a nor-
mality transformation could have distorted their magnitude, Spearman's
rank-order correlations were used. Family-wise error was controlled by
a permutation method: the distribution of the absolute values of the cor-
relation coefficients under the null hypothesis was estimated by permut-
ing the values of all perceptual variables and correlating them with the
given MDS dimension 10,000 times. In each permutation run, the high-
est absolute correlation coefficient was registered. The distribution of
the maximal coefficients was used to establish the p-value of the ob-
served correlation as the proportion of the random correlations higher
than or equal to the observed value (cf. Farkas et al., 2016a). Both the
empirical and family-wise error corrected (marked as pfwe) p-values are
reported.

3. Results

3.1. Idiosyncratic switching patterns and multi-dimensional scaling

Based on the K-L distances between transition matrices, 37 of 42
listeners (88.1%) showed significantly higher intra-individual than in-
ter-individual similarity, suggesting that they had an idiosyncratic
switching pattern (for the individual results see Supplement 4: Table 1).

The scree test indicated that two dimensions were sufficient for de-
scribing the transition matrix space of the listeners' switching patterns
(MDS stress = .049). The first MDS dimension was positively related
to the proportion of the combined percept reports (r(42) = .992, p <
.001, pfwe < .001) and to the number of switches (r(42) = .464, p =
.002, pfwe = .016). It was negatively related to the proportion of the
integrated percept (r(42) = −.652, p < .001, pfwe < .001), to the dura-
tion of the segregated percept (r(42) = −.477, p = .001, pfwe = .010),
and to the time to discover all perceptual alternatives (r(42) = −.683,
p < .001, pfwe < .001). This pattern of correlations indicates that par-
ticipants with high values on this dimension switched more often, re-
quired less time to discover all perceptual alternatives, reported segre-
gation for shorter phase durations, and experienced the integrated per-
cept for lower and the combined percept for a higher proportion of the
time compared to participants scoring low on this dimension. We term
this MDS dimension Exploration. The second MDS dimension was posi-
tively related to the proportion (r(42) = .675, p < .001, pfwe < .001)
and the duration of the integrated percept (r(42) = .507, p = .001,
pfwe = .004), whereas it was negatively related to the proportion of the
segregated percept (r(42) = −.887, p < .001, pfwe < .001). This cor-
relation pattern suggests that the second dimension separates partici
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pants who reported more integration and less segregation from those
with the opposite balance between these two percepts. We term this di-
mension Segregation. We also noted that segregation was reported first
in 10.71% of the stimulus blocks, and the combined pattern in 8.33%
blocks. In the remaining stimulus blocks, the integrated percept was re-
ported first.

3.2. Functional networks

The functional connections appearing most often (top 5%) in the
listeners’ MSTs are shown in Fig. 3, separately for the six EEG fre-
quency bands. In the delta band, the left ITG has the highest number
of connections (i.e., serving as a hub), predominantly with frontal re-
gions. Temporo-parietal networks are indicated in both hemispheres,
whereas in the left hemisphere, fronto-temporal connections are also
present. In the theta band, the left SMG shows connections with both
frontal and caudal regions. Left temporal regions, especially the ITG
and STG display both frontal and caudal connections, including some
interhemispheric ones. The right hemisphere shows a similar pattern,
but with lower number of connections. In the lower alpha band, the
number of frontal and caudal connections is lower, while temporo-pari-
etal connections are more common compared to the delta and theta
bands. Left temporal and both parietal regions appear to have the high-
est number of connections. In the upper alpha band, parietal regions be-
come even more prominent compared to the lower frequency bands,
and the number of frontal connections further decreases. The beta band
is characterized by shorter, predominantly temporo-parietal connec-
tions, and no inter-hemispheric connections are present. The gamma

band connections remain local as was observed for the beta band, but
the connection density shifts back from parietal to frontal regions.

In sum, the lower frequencies show more inter-hemispheric con-
nections and hubs in the temporal, especially the left temporal, re-
gions. Moving from lower to higher frequency bands, the number of in-
ter-hemispheric connections decreases, and networks become less cen-
tralized. Further, graphs from the lower frequency bands show more
fronto-temporal connections, whereas temporo-parietal connections be-
come more prominent in higher frequency bands.

3.3. Correlation with the EEG measures

Some of the graph metrics of the functional networks for the six
different EEG bands showed significant relationships with some mea-
sures characterizing switching in the auditory streaming paradigm as
well as with some executive functions. Results from the theta band func-
tional network graphs suggest that interhemispheric connections within
this band are positively related to the Segregation dimension of the MDS
(r(42) = −.418, p = .006, pfwe = .019) and also consistently corre-
lated with all of the perceptual measures associated with this dimen-
sion (see the Section “Idiosyncratic switching patterns and multi-dimen-
sional scaling”). Higher numbers of interhemispheric connections result
in larger proportion of segregation (r(42) = .388, p = .011, pfwe =
.035) and lesser proportion (r(42) = −.388, p = .011, pfwe = .033)
and shorter average phase duration of integration (r(42) = −.494, p
= .001, pfwe = .003). Further, more hierarchical networks are asso-
ciated with higher scores in the shifting executive function, namely
higher tree hierarchy was associated with lower cluster sizes (r(42) =

Fig. 3. Functional connections appearing most often (top 5%) in the listeners’ Minimum-Spanning Tree graphs for the six EEG bands. From upper left to lower right, panels
represent functional connectivity in the delta, theta, lower alpha, upper alpha, beta, and gamma bands. Each panel contains visualization of the edges on three plots of the cortical surface
(top, left, and right view), where dots represent the spatial locations of the EEG sources reconstructed for the 16 ROIs (nodes in the graphs) in MNI space. The size of the dot represents
the number of connections of the ROI. Edges are also shown on abstract circular graphs. The left and right sides of the circle represent the two hemispheres. The color of the ROI dots (for
abbreviations, see Table 1) indicates the lobe (the unit of interpretation): red – frontal, yellow – cingular, green – temporal, blue – parietal. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)
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−.390, p = .011, pfwe = .035) and higher leaf fraction was associated
with increased number of switches between categories (r(42) = .454, p
= .003, pfwe = .009)

Graph metrics of both of the alpha and the beta band were related to
the Exploration dimension of the MDS. For the lower alpha band, more
connections between the two hemispheres is related to higher values
in Exploration dimension of the MDS (r(42) = .375, p = .014, pfwe =
.041) and a larger proportion of the combined percept (r(42) = .371,
p = .016, pfwe = .044), which is a correlate of Exploration. Correlations
found between MST measures for the higher alpha (r(42) = .384, p =
.012, pfwe = .037) and beta (r(42) = .385, p = .012, pfwe = .037) bands
and perceptual measures suggest that functional networks with a higher
percentage of peripheral nodes (more centralized networks) are accom-
panied by longer times for discovering all perceptual patterns, which
is negatively related to Exploration. In the upper alpha band, the per-
centage of peripheral nodes of the MST was also positively related with
the average phase duration of the integrated percept (r(42) = .383, p
= .012, pfwe = .035) and negatively with inhibition in the Stroop task
(r(42) = .381, p = .013, pfwe = .038).

4. Discussion

The aim of the current study was to test whether the two main
dimensions explaining inter-individual variance in perceiving auditory
streaming stimuli are associated with different functional brain net-
works. The proportion of participants with idiosyncratic switching pat-
terns was similar to that reported by Farkas et al. (2016a). The main di-
mensions of the switching patterns—Exploration and Segregation— were
the same as the ones previously found by Farkas et al. (2016a) and sim-
ilar to the those observed by Kondo et al. (2017), and showed very sim-
ilar patterns of correlations with perceptual measures as the ones found
in these previous studies. Functional networks derived from the EEG
data suggest that these perceptual differences are accompanied by dif-
ferent functional connections in the brain.

Based on these results, it appears that the main dimensions of in-
dividual differences in auditory streaming are quite consistent. That is,
listeners’ experience of auditory streaming can be largely described by
two dimensions. The first, one is the tendency to explore the environ-
ment and the second is the tendency to perceptually segregate versus in-
tegrate incoming sound events. The observed EEG functional connectiv-
ity as a function of frequency band is compatible with the assumed func-
tional role of low- and high-frequency oscillatory networks in the brain
(Smith-Bassett and Bullmore, 2006): power in lower frequency bands
may reflect the integration of information across anatomically distant
areas and they connect through a few hubs, whereas higher frequency
bands are probably associated with short-distance connections mediated
by a larger number of hubs. Note that the border between low and high
frequency bands varies in the literature. Here we only regard delta and
theta as low-frequency oscillations. In the lower frequency bands, we
found functional networks with the hubs often located in left temporal
areas. These regions displayed several connections to anatomically dis-
tinct areas as well as many interhemispheric connections. In both alpha
bands, there are long-range as well as local connections. Parietal regions
were often involved within these networks. In the two higher frequency
bands (beta and gamma), local connections were more typical.

Characteristics of each frequency-band network were linked with
the individuals’ experience of listening to the auditory streaming stim-
ulus. The number of interhemispheric connections in the theta net-
works correlated with the perceptual dimension Segregation: partici-
pants who reported segregation more than integration were character-
ized by a larger number of interhemispheric connections than those
who reported more integration. The number of interhemispheric con-
nections observed for the lower alpha-band networks, was related to

higher incidence of the combined pattern and higher scores on the
Exploration dimension. Together, these results suggest that networks
mainly located in left auditory areas underlie the perception of inte-
gration, whereas perceiving the alternative patterns is accompanied by
stronger interhemispheric connections. A major difference between seg-
regated and combined is that they are associated with networks operat-
ing over different EEG frequency bands. Whether this separation is due
to more complex temporal-spectral organization of the combined com-
pared to the segregated percept or to some other reason cannot be de-
duced from the current data.

The current data has implications for how one can conceptualize the
build-up of auditory streams. Traditionally, it has been assumed that in-
tegration is the default mode of auditory processing in stream segrega-
tion and that it requires time to build-up separate streams (Anstis and
Saida, 1985; Bregman, 1990), although this assumption has been chal-
lenged (Deike et al., 2012; Denham et al., 2013). The current data is
incompatible with the assertion that a default mode of the auditory sys-
tem processes sound sequences in terms of the integrated organization,
because in close to one-fifth of the experimental blocks, integration was
not the first reported percept. The current data suggests that whereas
integration appears as a default tendency within (left) auditory cortical
areas, depending on the strength of inter-regional communication, the
initial perception of a sequence may also be different. That is, integra-
tion is not the default for the whole perceptual system.

The results also provide evidence that the combined percept is in-
deed a distinct perceptual alternative. Historically, the combined per-
cept has not been considered, and to now, only behavioral evidence sup-
ports that it is separate from the two main (segregated and integrated)
alternatives (Denham et al., 2013, 2012, 2014; Farkas et al., 2016a,
2016b; Kondo et al., 2017). The current data shows that the perception
of the combined pattern is associated with stronger connections in a dif-
ferent frequency band than perception of the segregated pattern. Thus,
these results suggest that combined and segregated perceptual patterns
are characterized by different neural processes and thus they should be
distinguished in behavioral studies.

The upper alpha and beta frequency band network graphs were re-
lated to the Exploration dimension. In both of these frequency bands,
the time required to discover all patterns was related to the leaf frac-
tion of the graphs. This indicates that individuals with fewer periph-
eral nodes explore the auditory environment faster than those who have
more. Fewer peripheral nodes in a minimum-spanning tree graph sug-
gests that the number of possible edges is distributed more uniformly
across nodes, making the graph more decentralized and interconnected.
Thus, this result can be interpreted as suggesting that when brain re-
gions are more interconnected (in the upper alpha and beta bands), the
exploration of alternative patterns proceeds more quickly. Further, in
the upper alpha band, the presence of a larger number of peripheral
nodes was also related to increased average phase duration for the inte-
grated percept. Given that the integrated pattern is reported initially in
over 80% of the stimulus blocks, this result probably reflects the longer
time needed to discover all perceptual patterns.

Taken together, the correlations found between EEG functional net-
work parameters and perceptual variables indicate that the main di-
mensions explaining the variance of the individuals’ switching behav-
ior are indicative of functionally distinct processes in the brain: the
perceptual dimension Segregation is linked with some characteristics of
theta-band networks and Exploration with lower- and upper-alpha and
beta-band networks. Further, the two most prominent constituents of
the Exploration dimension, the proportion of the combined responses
and the time needed to discover all patterns, were also linked with
network characteristics in different frequency bands. Thus, constituents
of the Exploration dimension are associated with different frequency
bands, which suggests that they are subserved by separate processes.
Whereas some constituents of the current Exploration dimension are
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tied to the auditory streaming paradigm (such as the proportions and
phase durations of the specific percepts), others can be used to gener-
ally characterize perception in complex scenes (such as the time to dis-
cover all patterns and the frequency of switching between alternative
percepts). The different functional networks associated with these mea-
sures may reflect that the current Exploration dimension is related to a
more general tendency for exploration in individuals, which is colored
by the actual stimulus paradigm used to capture it.

Limitations of the current study mainly concern the source recon-
struction of the EEG data. Source reconstruction gives a statistical solu-
tion to the inverse problem concerning the sources of EEG signals, thus
the data from this analysis is only a model of the likely origin of the
observed signals. This model can be improved by constraining the ana-
lytical procedure with additional information. MRI scans and electrode
localization data could increase the validity of this estimation. However,
we were not able to obtain this information. A further limitation con-
cerns the functional network construction using the functional connec-
tivity matrices. The Minimum Spanning Tree (MST, Kruskal, 1956; Stam
et al., 2014) method is fully automatic and data-driven. An advantage
of this is that network construction is not based on haphazard choices
of the threshold above which the most important edges are selected.
Due to the lack of previous functional network analysis studies of the
auditory streaming paradigm with EEG, this method seemed an appro-
priate choice for this study. However, this approach removes any possi-
bility to parametrize the procedure based on theoretical considerations.
It should also be noted that MST creates functional networks without
forming loops within the graph. While this enables the use of well-de-
fined graph metrics, which were instrumental in the current study, it is
possible that some important local networks or well-connected regions
are missed using this method.

In conclusion, these results show that listeners’ perception of the
auditory streaming paradigm is idiosyncratic and the main dimensions
on which they differ from each other, Exploration and Segregation, are
linked to different functional brain networks. The theta frequency band
is related to Segregation and its constituents, whereas the alpha and beta
frequency bands were found to be related to Exploration and its con-
stituents. It seems that a key factor for perceiving the segregated and
combined percepts lies in the connectedness between the left auditory
cortex and the right–hemispheric regions. The centralized vs. decentral-
ized nature of the upper alpha- and beta-band networks were linked
with the time to discover all patterns and the number of perceptual
switches. Thus, listeners’ idiosyncratic switching behavior during audi-
tory streaming can be described by behaviorally observed dimensions
which are rooted in distinct patterns of functional connectivity in the
brain.
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