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Our perceptions and decisions are not always objectively correct as they are featured by a bias related to our
self. What are the behavioral, neural, and computational mechanisms of such cognitive bias? Addressing this
yet unresolved question, we here investigate whether the cognitive bias is related to temporal integration and
segregation as mediated by the brain’s Intrinsic neural timescales (INT). Using Signal Detection Theory (SDT),
we operationalize the cognitive bias by the Criterion C as distinguished from the sensitivity index d’. This was
probed in a self-task based on morphed self- and other faces. Behavioral data demonstrate clear cognitive bias,
i.e., Criterion C. That was related to the EEG-based INT as measured by the autocorrelation window (ACW) in
especially the transmodal regions dorsolateral prefrontal cortex (dIPFC) and default-mode network (DMN) as
distinct from unimodal visual cortex. Finally, simulation of the same paradigm in a large-scale network model
shows high degrees of temporal integration of temporally distinct inputs in CMS/DMN and dIPFC while temporal
segregation predominates in visual cortex. Together, we demonstrate a key role of INT-based temporal integra-
tion in CMS/DMN and dIPFC including its relation to the brain’s uni-transmodal topographical organization in
mediating the cognitive bias of our self.

(Cunningham and Turk 2017)). On the neural side, several studies
have linked self-referential processing to the higher-order regions like

1. Introduction

The self is a core feature of our mental life and plays an impor-
tant role in perception, action, and cognition. The mediation of our
personal preferences and the cognitive strategies adopted under un-
certainty are key sources by which the self exerts a bias on our cog-
nitive processes (Amodeo et al., 2021; Barton et al., 2021; Nijhof et al.,
2020; Sparks et al., 2016; Sui and Humphreys, 2015). Humans are
subjected to such cognitive bias in the sense that self-specific stim-
uli are differently treated compared to non-self-specific information
(Sui and Humphreys, 2015; Christoff et al., 2011; Northoff, 2011;
Northoff et al., 2006). In particular, self-specific stimuli induce a ben-
efit in response time and precision in diverse tasks (Jiang et al., 2019;
Sui et al., 2012) and are more easily remembered (for an overview, see

cortical midline structures (CMS, (Frewen et al., 2020; Kelley et al.,
2002; Murray et al., 2012; Northoff and Bermpohl, 2004; Qin et al.,
2020)), the dorsolateral prefrontal cortex (dIPFC), and the default mode
network (DMN, (Frewen et al., 2020; Kolvoort et al., 2020; Qin and
Northoff, 2011). What are the behavioral, neural and computational
mechanisms by which the CMS/DMN mediate the cognitive bias? Ad-
dressing this yet unresolved question is the goal of our study.

Decision making is a complex process. When we have to make a
decision, we base our judgment on objectively accurate external crite-
ria but also on more subjective internal criteria like intrasubject pro-
cesses or personal preferences for a specific response style or stimulus
type etc. (Nakao et al., 2013, 2019; Wolff et al., 2019). Signal detec-
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tion theory (SDT) distinguishes between objective and more subjective
criteria influencing the decision in forced choice tasks (Macmillan and
Creelman, 2005). The general assumption of SDT is that decisions are
made against a background of uncertainty, e.g., noise (Anderson, 2015);
the goal of the decision-maker is to extract the decision signal from
such background noise which may lead the participants to introduce
a bias in their decisions. This bias is operationalized in SDT by the Cri-
terion C. In contrast, the sensitivity measure d’ in SDT is an indicator
of the external, objective criteria that indicate the discriminability be-
tween the two stimuli by the participant, thus reflecting a measure of
accuracy.

While the dorsolateral prefrontal cortex (dIPFC) is known to be im-
plicated in decision making (Reckless et al., 2013; Krain et al., 2006)
as it mediates executive function (Dubreuil-Vall et al., 2019), working
memory (Balderston et al., 2020) and the self (Frewen et al., 2020), little
is known about the neuro-temporal mechanisms underlying Criterion C
and Sensitivity d’. Recent studies suggest a link between the Criterion C
and spontaneous or ongoing activity like in the pre-stimulus neural ac-
tivity of monkeys (van Vugt et al., 2018) and humans (lemi et al., 2017;
Iemi and Busch, 2018; Limbach and Corballis, 2016; Samaha et al.,
2020). The apparent role of the spontaneous activity in mediating Cri-
terion C suggests that the former’s Intrinsic Neural Timescales (INT)
(Wolff et al., 2022) may be involved in mediating the cognitive bias.
The INT are particularly long in the spontaneous activity of the corti-
cal midline regions of the default-mode network (DMN) which, inter-
estingly, are key regions in mediating self-specificity (Kolvoort et al.,
2020; Wolff et al., 2019; Smith et al., 2022). Together, these observa-
tions suggest a relationship of INT in CMS/DMN and the dIPFC with the
cognitive bias, that is, the Criterion C.

The INT are measured by the autocorrelation window (ACW)
through determining the degree to which the brain’s activity correlates
with itself over time (Wolff et al., 2022; Golesorkhi et al., 2021b; 2021a;
Hasson et al., 2015; Honey et al., 2012; Yeshurun et al., 2021). Constitut-
ing temporal windows, the INT play an important role in input process-
ing and cognition driven through temporal integration and segregation
(Wolff et al., 2022; Yeshurun et al., 2021; Himberger et al., 2018). Tem-
poral integration occurs by temporally smoothing different inputs at dif-
ferent timepoints into one coherent source of information, e.g., summing
different words to one sentence through a long INT (Wolff et al., 2022;
Himberger et al., 2018). On the other hand, temporal segregation of
the external stimuli features is mediated primarily by short ACW in uni-
modal sensory regions (i.e. primary visual cortex, etc. (Golesorkhi et al.,
2021b)). Hence, the length of the ACW can be conceived as a proxy of
the balance of temporal segregation and integration (Wolff et al., 2022;
Golesorkhi et al., 2021b; 2021a; Himberger et al., 2018). How such bal-
ance of temporal integration-segregation through long-short INT/ACW
is related to the cognitive bias as measured by the SDT indices (and
specifically Criterion C) remains yet unclear, though.

To clarify this relationship, we conducted a combined behavioral,
neural, and computational study. Probing the cognitive bias, we used
a modified version of a well-established task (Tsakiris, 2008) on visual
perception of faces presented in a self-other continuum of different mor-
phed pictures. Given the key importance of timescales with their sup-
posed role in temporal integration-segregation, we presented the task in
two temporally distinct ways (Huk et al., 2018). Once we presented it in
a discontinuous or discrete way as typical event-related paradigm (sepa-
rate single faces with different degrees of morphing in order to calculate
Criterion C and Sensitivity d’ based on the SDT). Additionally, we pre-
sented the same task also in a continuous way with an ongoing sequence
of morphed faces where the participant had to indicate the transition
between the two faces; this allowed us to specifically test for temporal
integration-segregation within the paradigm itself, that is on the psy-
chological level. EEG was recorded during both resting state and task-
related activity and analysed on both channel and source space regional
level. Finally, applying a data-driven network model (Chaudhuri et al.,
2015), we included computational modeling to further support the as-
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sumption of different processes in CMS/DMN and sensory regions like
temporal integration and segregation respectively.

First, we will analyze the behavioral data by extracting the SDT in-
dices and the transitions between self-other faces in both the discon-
tinuous and continuous version of our task. We hypothesize a relation
between the discontinuous and the continuous paradigm, that is a cor-
relation between participants’ bias (Criterion C) in the discontinuous
paradigm with the participants’ behavior in the continuous one. Given
that the continuous version explicitly probes temporal integration ver-
sus segregation, it provides behavioral evidence for the involvement of
temporal integration and segregation in the cognitive bias, i.e., Criterion
C, and accuracy, i.e., sensitivity d’.

Next, we extract the ACW of EEG resting and task state activ-
ity in order to establish its link to the SDT indices. We expect the
longer ACW (ACWO) to be implicated in the cognitive bias (Criterion
C) while the shorter ACW (ACW5) supposedly mediates discrimination
(sensitivity d’). We then also conducted source space reconstruction in
EEG. This served to probe whether the cognitive bias, namely Crite-
rion C, is related to the long ACW (ACWO) in the CMS/DMN (as being
closely related to the self; (Northoff et al., 2006; Frewen et al., 2020;
Qin et al., 2020)) and the dIPFC (as being implicated in decision mak-
ing;(24, 25)), while the sensitivity d’ supposedly is more associated with
shorter timescales (ACW5) in sensory regions like primary visual cortex.
Does this uni-transmodal hierarchy of ACW play a role in the temporal
integration-segregation of inputs? We probed this question by apply-
ing the temporal input structure of the empirical-behavioral study in
a computational realistic neural network model relying on Chaudhuri
et al. (Chaudhuri et al., 2015). This model reinforces the idea that the
CMS/DMN’s neural activity shows high degrees of temporal integration
of distinct inputs across time, while primary visual cortex favors tem-
poral segregation of temporally distinct inputs. Moreover, elimination
of the uni-transmodal hierarchy in the computational model abolishes
any differences in input processing with regard to different degrees of
temporal integration and segregation. That supports the assumption that
the long ACW in CMS/DMN with its relation to the cognitive bias (Cri-
terion C) is indeed related to temporal integration, that is, the tempo-
ral smoothing of temporally parsed inputs or stimuli across time, along
a uni-transmodal hierarchy. Finally, we confirm the specific relation-
ship between ACW and the cognitive bias as a stimulus-unspecific basic
decision-making process by investigating the ACW - cognitive bias re-
lationship in the dorsolateral prefrontal cortex (dIPFC), as well as in the
fusiform face area specialized for the perception of faces (Kanwisher and
Yovel, 2006).

2. Methods
2.2. Participants

Twenty-seven participants (15 women, 12 men, age: 22.18, SD: 4.28,
range: 19 to 36) were recruited. All of them had a current or history of
psychiatric or neurological disorders and normal or corrected-to-normal
vision. We excluded one participant due to technical problems with EEG
recordings in rest and task state and another participant was excluded
only for the task state. Participants performed two morphed face recog-
nition tasks adapted from (Tsakiris, 2008): In the discontinuous task,
one participant was excluded. In the continuous task, one participant
had no behavioural data due to a technical problem. Written informed
consent for each participant was obtained prior to study participation.
The study was approved by the local Research Ethics Board (REB #
2018054).

2.3. Materials

Prior to the experiment, pictures were taken from each of the par-
ticipants with a Samsung A50 phone. Participants were asked to show



A. Wolman, Y. Catal, A. Wolff et al.

a neutral facial expression, mouth closed. The pictures were then pre-
pared in the free and open-source graphics editor GIMP (2.10.12). All
faces were turned to black and white (grayscale) and cut in an oval cir-
cle, with only the eyes, nose, and mouth areas remaining on a black
background. Then, each face was morphed with a same-sex and same-
race face from the NimStim facial pictures set (Tottenham et al., 2009).
Morphings were realized with the Abrosoft Fantamorph 5 Software in
1% steps (from 0% self to 100% self-face).

2.4. Continuous morphing task (Fig. 1A left)

A hundred and one morphed pictures in 1% morphing steps were
extracted from the continuum between the own and the other’s face. A
control continuum between a famous and an unknown face has also been
created, leaving us with four morphing conditions based on the order
and the identity depicted on the pictures. The ‘self’ conditions have the
morphing order (Amodeo et al., 2021) from the ‘self’ face to other face
(S0O), or from (Barton et al., 2021) other face to ‘self’ face (OS). The
control conditions have a morphing order from a (Nijhof et al., 2020)
famous face to an unknown face (FU), or from the (Sparks et al., 2016)
unknown face to the famous face (UF). The order of the conditions was
randomised.

Pictures were presented in a continuous manner to create the expe-
rience of a morphed movie between the two faces. Movie duration was
between 10 and 15 s and the interstimulus interval varied between 4
and 6 s. A total of 200 trials, 50 trials per condition in 8 blocks was
presented. Participants were instructed to press a key when they stop
to see the first face and to give another key when they started to see
the second face. Two keypresses are of particular interest as they are
the most self-related: In the morphing order from self to other (SO), the
first keypress indicates the loss of the own face, while the second key-
press in the order from other to self (OS) indicates the emergence or
extraction of the own face. In order to record neuronal activity without
motor activity noise due to a keypress (Tsuchiya et al., 2015), five tri-
als in each condition were visualized and recorded while no keypress
was given (no-report paradigms). The no-report trials took place before
the report-trials for the half of participants, and afterwards for the other
ones. To ensure that the moment of the keypress was time-independent,
we randomly varied the movie length between 10 and 15 s. In addition,
the intertrial interval was jittered between 4 and 6 s (jittered by 1 s).
This task has been recorded in EEG.

Such a continuous paradigm structure serves the purpose of prob-
ing for participants’ capacity to integrate or segregate temporally dis-
jointed but sequential inputs, i.e., the morphed self-other faces. Tem-
porally adjacent stimuli like two morphed faces may be temporally in-
tegrated/separated entailing separate judgement as self or other; alter-
natively, they may be integrated entailing subsumption of both under
either self or other.

2.5. Discontinuous signal detection task (Fig. 1A right)

This task purely served to extract the SDT indices. From the mor-
phed pictures, 13 pictures were selected at a morphing degree from 0%
to 100% self in 10% steps. The middle morphing values (40 to 60%)
are selected in 5% morphing steps to gather a more fine-grained be-
havior in the ambiguous range. Each picture was presented 12 times
in a random order for 200 ms, with a total 156 trials per participant
(Fig. 1A right). Participants were instructed to classify each of the pic-
tures in ‘self’ pictures (more self than the other) or in ‘other’ pictures
(more other than self). No correct response was possible for the 50%
morphing, while morphings above 50% are self-pictures and below 50%
are other-pictures. We analysed the data with Signal Detection Theory
(SDT) which offers cognitive bias (Criterion C) and sensitivity (d’) mea-
sures based on the relation of hits and false alarms.
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2.6. Resting-state

Eyes open resting-state was recorded in EEG for 7 min. The partici-
pants were fixating a white cross on a gray background.

3. Data analysis
3.1. Signal detection theory (SDT)

The discontinuous task was analysed with SDT (Macmillan and
Creelman, 2005) because it yields separate indicators for the accuracy in
form of the cognitive bias Criterion C and sensitivity d’ (Fig. 1B). 3.1.1.
Criterion C: The criterion C of the signal detection theory (Macmillan and
Creelman, 2005) indicates the preference of the participant to report
rather one than the other of the two faces when committing an error
(false alarms or misses). It is calculated based on the Hit and False alarm
rate as follows (Anderson, 2015):

Criterion C = —0.5 * (zHi, + ZFA)

Some participants tend to indicate perceiving their own face more
often than the other’s face (liberal response style with a Criterion C >
0), whereas other participants rather see the ‘other’ face than themselves
(conservative response style with a Criterion C < 0). Some participants
show no bias (C = 0).

3.1.2. Sensitivity d’

d’ is a measure of discriminability and indicates the ability of a par-
ticipant to distinguish between two stimuli. In our case, it indicates
how well the participant distinguished between their own and some-
one else’s face. It is calculated based on the hit and false alarm rate
(Anderson, 2015).

Sensitivity d' = zyy — zpy

If the hit rate equals the false alarm rate, d’ = 0 where the partic-
ipant is unable to discriminate between the two stimuli. A higher d’
corresponds to less errors and therefore indicates a higher sensitivity
towards the differences between two faces.

3.2. EEG data acquisition and preprocessing

EEG data was recorded using Ag/AgCl electrodes through a 64-
channel Brain Vision Easycap (according to the International 10-20 Sys-
tem) referenced to the right mastoid. The data was sampled at 1,000 Hz
with DC recording. The EEG data preprocessing was performed using the
EEGLAB toolbox for MATLAB (R2017b; (Delorme and Makeig, 2004),
RRID: SCR_007292). The data was downsampled to 500 Hz and fil-
tered with a FIR zero-phase low-pass filter at 50 Hz and a high-pass
filter at 1 Hz. With a custom script, noisy channels (defined as 5 in-
terquartile above or below each channels mean) have been spheri-
cally interpolated before re-referencing to the average. Further, arti-
facts were identified using independent component analysis (ICA) via
the EEGLAB software (infomax) creating 63 independent components.
Next, we used MARA implementation to automatically reject noisy com-
ponents (Winkler et al., 2011).

3.3. Autocorrelation window (ACW)

The autocorrelation function measures the similarity of a time se-
ries with a time-lagged version of itself. We distinguished, following
Golesorkhi et al. (2021b) and Smith et al. (2022), ACW5 and ACWO.
We defined ACW5 and ACWO as the first lag where the autocorrelation
function (ACF) reaches half of its maximum value (AC = 0.5) or zero
(AC = 0.0), respectively (Honey et al., 2012; Murray et al., 2014). We
calculated both ACWO and ACWS5 to see the impact of longer (ACWO0)
and shorter (ACW5) windows on the different behavioral indices, i.e., d’
and C. Similarly, we further defined ACW4 (AC = 0.4), ACW3 (AC=0.3),
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Fig. 1. A Procedure of the morphing tasks. In the continuous task (left) morphings of faces were shown in form of a smooth video (ordered sequence of faces).
Participants were asked to indicate when they stop to see the first face and when they started to see the second face. Of particular interest are the two self-related
keypresses which indicate the loss and the emergence of the own face. On the right is the discontinuous design (right) elaborated to extract Signal detection theory
(SDT) indexes. Participants were asked to classify randomly presented morphed faces into ‘self’ (>50% morphing) or ‘other’ (<50% morphing) faces. Identities have
been made unrecognizable for publication purposes. B Schematic description of the SDT. The Sensitivity d’ indicates how well a participant discriminates between
the two stimulus types ‘other’ and ‘self’ faces by indicating the distance between the white (other) and the green (self) curve. The Criterion C indicates a favoritism
to one of the two error types miss or false alarm. This indicator will be used to assess the self — and the other bias. C Simplified representation of the cognitive bias.

ACW2 (AC = 0.2) and ACW1 (AC = 0.1) to investigate an eventual gra-
dient that links the timescales to the behavioral indices.

All autocorrelations were calculated on 7 min rest and task state EEG
data, for each channel (or region of interest (ROI) for eLORETA) before
being averaged across all electrodes/ROIs to extract one ACW value per
participant.

3.4. Source localization with eLORETA

Regions were defined according to the Glasser parcellations
(Glasser et al., 2016). Exact Low Resolution Electromagnetic Tomog-

raphy (eLORETA (Pascual-Marqui et al., 1994)) was performed by es-
timating the virtual-channel source for each region of the Glasser atlas
in FieldTrip (Oostenveld et al., 2011). The output is a timeseries of es-
timated source level activity for each region. We investigated the core
DMN (Andrews-Hanna et al., 2014) consisting of the posterior cingulate
cortex (PCC) and the pregenual anterior cingulate cortex (pACC) be-
cause of its known implication in self-related functioning. As a control
region not specifically implicated in self-related processing, we choose
the visual primary cortex (V1). We investigated the dorsolateral pre-
frontal cortex (dIPFC) because of its implication in decision making and
the FFA due to its implication in face processing. The precise Glasser-
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parcels used were the following: V1: LV1, RV1. CMS/DMN: LRSC, RRSC,
L23d, R23d, Ld23ab, Rd23ab, L23c, R23c, Rp24, Lp24, Ra24, La24,
L31a, R31a, L31pv, R31pv. dIPFC: L8C, R8C, L8Av, R8Av, Li68, Ri68,
LSFL, RSFL, L8BL, R8BL, L9p, R9p, L9a, R9a, L8Ad, R8Ad, Lp946v,
Rp946v, La946v, Ra946v, L46, R46, 1L.946d, R946d. Fusiform face com-
plex: LFFC, RFFC.

3.5. Statistical analyses

Comparisons of the ACW based on the thresholds were performed
via a repeated measures ANOVA with a Greenhouse-Geisser correction
for sphericity violations. The link between the behavioral and neuronal
measures was obtained via simple Pearson’s correlations. For the math-
ematical models describing the gradient between ACW and the behav-
ioral variables, the ACWO was replaced by 0.01 for logarithmic trans-
formation. The remaining ACW values are their AC value (e.g., 0.1 for
ACW1, 0.2 for ACW2 etc.). Inferential analyses were run in JASP or R.
ACW was extracted in Python (3.8). SDT indices were calculated in Excel
following the instructions in (Macmillan and Creelman, 2005).

3.6. Computational model

To further probe the effect of different regions on temporal seg-
regation and integration, we used a computational model based on
(Chaudhuri et al., 2015). In essence, this model comprises two differ-
ential equations:

d . ) _ .
TEEU‘E = - +ﬁE[(1 +;1h,-)<wEEU‘E +MEEZI~N:1FLNUUIE>

i i
— Wy +IM[J:_]+

d . ) _ .
r,au‘l = v +ﬁ,[(1 +;1hl-)<w,Ev’E+/4,EZJ.'\;]FLN,-I-U’E>

' 1

- w]lul + Iexl,l]+

v is the firing rate, r is the intrinsic time constant, I,, is the external
input to the system governed by the slope b of the f-I curve. w values are
coupling parameters. m is a fixed parameter that controls the strength
of long-range excitatory input. FLN (Fraction of Labeled Neurons) is the
structural connectivity matrix based on a macaque study (Markov et al.,
2014). E and I correspond to excitatory and inhibitory, respectively; i
and j denote different regions. Solving these differential equations gives
us 29 time series, one per region in the model. We used the exact same
parameters as (Chaudhuri et al., 2015). The hierarchy index 4 is a sig-
moid function scaled between 0 and 1, increasing from periphery to
core. First, we used a continuous input of 1 s and plotted activity the
same way. We also simulated the input as close as the real discontinuous
paradigm in this study. We gave 200 ms inputs with amplitude 1 to the
outermost region (V1) and randomized the inter-stimulus interval (ISI)
between the mean of the ISI in the study (0.528 s) +—1SD (0.253 s) and
plotted the resulting neural activity changes in both periphery (V1) and
core (24c) regions. In a second step, to probe the effect of the hierarchi-
cal uni-transmodal topography on temporal segregation and integration,
we eliminated the hierarchy by setting the hierarchical index 4 to 0.5
for all regions.

4. Results
4.1. Behavioral results

In the discontinuous self-task (Fig. 1A right, see Methods), partici-
pants indicated the predominant facial identity (self or other) of single
randomly presented morphed faces reflecting an event-related paradigm
structure. The psychometric function (Fig. 2B) indicating the proportion
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of correct classifications for each morphing degree shows more variabil-
ity in the middle morphings (where the subjective uncertainty is higher)
than in the extreme ones (where the subjective uncertainty is lower).
The Sensitivity index d’ had a mean (SD) of 2.65(0.52) (range: 1.6 to
3.79). The cognitive bias Criterion C had a mean (SD) of 0.25 (0.5)
(range: —0.51 to 1.34).

Next, for each participant, we calculated the average of the mor-
phing degree at the moment a keypress was given. The descriptive re-
sults are as follows: Loss of self: m = 50.77, SD = 7.88, range = 30.27,
max = 60.33, min = 30.06; Emergence of other: m = 75.789, SD = 7.001,
range = 28.31, max = 88.74, min = 60.43; Loss of other: m = 46.59,
SD = 7.19, range = 24.38, max = 60.49, min = 36.11; Emergence of
self: m = 71.8, SD = 8.33, range = 31.75, min = 54.86, max = 86.61;
Fig. S1). The simultaneous effect revealed by a repeated ANOVA is sig-
nificant (F(3,75) =104.467,p < .001, thaﬁa] =0.807; egg = 0.697), post
hoc differences are reported in Fig. S1. We observe no effect specific to
the order of morphing presentation (SO or OS).

Due to our particular interest in the self, we will specifically focus on
its loss and its emergence (as obtained by the continuous task). Hence,
we correlated these two keypresses with C and d’ (as obtained in the
discontinuous task). We see that only the keypress related to the emer-
gence of the self correlated with the Criterion C (r = 0.486, p = 0.014,
Loss: r = —.275; p = .215; Fig. 2C) but not with the sensitivity d’ (Emer-
gence: r = 0.150, p = .474; Loss: r = —.299, p = .147). This indicates that
an early detection of the own face is linked to a liberal self-bias. A later
self-emergence is linked to a conservative ‘other’-bias.

4.2. Intrinsic neural time scales in rest and task states

We assessed the intrinsic neural timescales (INT) by the autocorre-
lation window (ACW; Fig. 3A). We investigated the topographic maps
of ACW (Fig. 3B) which show the expected rostro-caudal gradient
(Golesorkhi et al., 2021b, 2021a; Kiebel et al., 2008) and observe an
overall significantly longer ACW during task compared to rest (Fig. 3C),
indicating a sensitivity of the ACW to external stimuli.

4.3. Relationship of intrinsic neural timescales with behavioral measures

First, we identify the correlational strength between the different be-
havioral measures (Emergence of Self, Criterion C, Sensitivity d’) with
the ACW via Pearson’s correlations (Table S2a to Table S3b). Next, we
investigated the relationship between these different correlations via dif-
ferent mathematical functions (Fig. 4, for more details see Table S4).
In resting state, the correlation between the moment of the Emergence
of Self is strongest for ACWO and decays following a logarithmic func-
tion (p = 0.003). We observe the same evolution for the Criterion C
(p = 0.014). Inversely, an increasing logarithmic function links the d’
to the ACW (p = 0.0003), with the strongest correlation observed for
ACWS. In task state, the relationship of ACW with the Emergence of
Self and Criterion C can be described via a quadratic function (p = 0.007
and p = 0.009, respectively). This link is lost (due to one data point) for
sensitivity d’ (p = 0.1). By taking the difference between rest and task
state, we confirm the differential correlation gradient between Criterion
C and d’ and confirm the similarity between the Emergence of Self and
Criterion C: The rest-task difference of Emergence of Self and Criterion
C follows a quadratic function (p = 0.023 and p = 0.011, respectively),
while the rest-task difference of Sensitivity d’ shows a simple linear re-
lationship (p = 0.0003). No coherent relationship links the ACW to the
Loss of self (Fig. S2).

4.4. Source space reconstruction eLORETA in CMS/DMN and V1

We extracted regional activity via eLORETA for the DMN focusing on
CMS/DMN (PCC and pACC) and the primary visual area (V1; see Meth-
ods). ACW was calculated on the extracted DMN regions and correlated
with d’ and Criterion C (Table 1). The Criterion C is only associated
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Table 1
Correlations between Criterion C (Crit C) and Sensitivity d’ (Sens d’) in the DMN
and the primary visual area V1 via the ACWO (_0) and ACWS5 (_5).

Crit C Sens d’

State r P r )
DMN_O rest 0.342 0.094 0.207 0.321

task 0.502* 0.012 0.188 0.38
DMN_5 rest 0.308 0.143 0.339 0.106

task 0.251 0.238 0.242 0.254
V1.0 rest —0.043 0.838 0.007 0.973

task 0.387 0.062 0.11 0.608
V15 rest 0.071 0.735 0.469* 0.018

task 0.283 0.191 0.306 0.155

with the ACWO in the DMN, measured during task-state (DMN-ACWO:
r = 0.502, p = 0.012, Fig. 5A). Neither the V1 nor the ACW5 elicited
a significant correlation with the Criterion C (p > .05). The Sensitivity
index d’ is only correlated with the ACWS5 in the resting state V1 activ-
ity (V1I-ACW5: r = 0.469, p = .018, Fig. 5A). Neither the DMN nor the
ACWO showed significant correlation with the d’ (p > .05).

4.5. Computational modeling — temporal integration and segregation in
CMS and sensory cortex

The hierarchy of different regions in the model was defined by a sig-
moid function scaled between 0 and 1 (see methods). First, we applied
the continuous task paradigm on the model to probe temporal segrega-
tion in hierarchically low regions (periphery / V1) and integration in

hierarchically high regions (core / 24c; Fig. 6, left column). In a second
step, in order to investigate the effect of the differential hierarchical po-
sitions of visual cortex and CMS/DMN in their short and long timescales,
we eliminated the hierarchy in our computational model by assigning
the same hierarchical index to all regions. We now observed similar ac-
tivity in both V1 and midline 24c (Fig. 6, right column).

4.6. ACW mediates the bias in decision making in a stimulus-unspecific
rather than -specific way

In a next step, we wish to investigate if the link between the cog-
nitive bias and the ACW is mediated by the process of decision making
itself operating across different types of stimuli, e.g. stimulus-unspecific,
rather than by the content of the facial stimuli (self vs. other vs. famous
vs. unknown), e.g., stimulus-specific. For this, we will first confirm the
link between the long ACW and the cognitive bias in the dIPFC. Hence,
we extracted the ACW of the dIPFC and found a correlation between
the ACWO in the dIPFC only with the Criterion C in rest (r = 0.485,
p = 0.014) and task (r = 0.530, p = 0.008, Fig. 7). This confirms the
intimate link between the long ACW and the cognitive bias in our de-
cisions and supports the association of ACW with the decision-making
process itself. The short ACWS5 of the dIPFC is exclusively linked to the
Sensitivity d’ in rest (r = 0.420, p = 0.036, Fig. 7; Table S5), confirming
the link between the short ACW and sensitivity d’ in the accuracy of
decision making.

In a second step, we extracted the ACW during the visualization of
each face identity (self, other famous, unknown). A repeated measures
ANOVA shows no significant differences in the ACW between the facial
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identity (ACWO: F(3,72) = 1.207, p = 0.313; ACW5: F(3,72) = 0.282,
p = 0.838; see Fig. S3), indicating a certain insensitivity of the ACW
towards the stimuli content.

We then correlated the ACW of the different facial stimuli with the
Criterion C and Sensitivity d’. The ACWO extracted from each face corre-
lated with the Criterion C (p < .5; Table S6), confirming an insensitivity
of the ACW towards the facial identity or the stimulus content in relation
to the cognitive bias.

Finally, we calculated the ACW on activity extracted from the
fusiform face area (FFA) and correlated it with the SDT measures. No
significant correlations were found (p > .05; Table S7), indicating that
the FFA is not mediating the link between cognitive bias and ACW. To-
gether, these findings strongly indicate the stimulus-unspecific effects
of ACW on the bias in decision making.

5. Discussion

In the present study, we investigated whether temporal integration
mediates the cognitive bias of self in perception and decision making.

For this, we combined behavioral, neural and computational levels of
analyses. Using Signal Detection Theory (SDT), we observed the cogni-
tive bias on the behavioral level (Criterion C) with different participants
showing bias towards either the own or other face. Given the nature of
our paradigm, this implies high temporal integration on the psycholog-
ical level. This was further extended to the neural level by showing that
the cognitive bias is specifically associated with longer INT (ACWO) in
CMS/DMN and dIPFC, thus suggesting high temporal integration on the
neural level. This is complemented by computational neural network
modeling showing high degrees of temporal integration of temporally
distinct inputs in specifically CMS/DMN as distinct from visual cortex,
suggesting a strong implication of the uni-transmodal hierarchical to-
pography in the cognitive bias.

5.1. Behavioral analyses

First, we observed a strong correlation between the cognitive bias
and the keypress indicating the emergence of the own face. This indi-
cates that an early detection of the own face is linked to a liberal self-
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bias. A later emergence is linked to a conservative ‘other’-bias. Together,
these findings strongly support that temporal integration is a key factor
in mediating the bias Criterion C. We will next demonstrate the key role
of temporal integration in the cognitive bias by investigating the ACW.

5.2. Intrinsic neural timescales

Employing the different ACWs enabled us to investigate a more fine-
grained temporal resolution. A shorter ACW can be observed in primary
sensory areas like the temporal and occipital channels while a longer
ACW is mostly observed in parietal and frontal channels. We expect

shorter temporal windows (i.e., ACW5) to represent stronger degrees
of temporal segregation while the long temporal windows of ACW (i.e.
ACWO) are more related to high degrees of temporal integration. We
observe an overall significantly longer ACW during task compared to
rest (Fig. 3C), indicating a sensitivity of the ACW to external stimuli.
This is well in accordance with its supposed role in input processing
(Smith et al., 2022; Golesorkhi et al., 2021b, 2021a; Zilio et al., 2021).
A longer ACW in task than in rest seems to be related to continuous
paradigms which demand stronger temporal integration, while shorter
ACW in task than in rest are found in event related paradigms which
are demanding in temporal segregation (Wolff et al., 2022; Smith et al.,
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2022). Further, rest and task correlate highly (r > 0.85) with each other
(Table S1), indicating a strongly shared or common neural basis be-
tween rest and task confirming previous data (see (Smith et al., 2022;
Golesorkhi et al., 2021b)).

5.3. Relationship of intrinsic neural timescales with behavioral measures

To demonstrate the implication of temporal integration and segre-
gation on a psychological level, we investigate the link between the
behavioral measures (self-related keypresses, d’ and Criterion C) and
ACW (which is an indicator of temporal integration and segregation
on the neural level (Wolff et al., 2022)). Given that both, perception-
based Criterion C (van Vugt et al., 2018; Iemi et al., 2017; Iemi and
Busch, 2018; Limbach and Corballis, 2016; Samaha et al., 2020) and self-
consciousness (Qin and Northoff, 2011; Wolff et al., 2019; Davey et al.,
2016; Huang et al., 2016), have been associated with the brain’s spon-
taneous activity, we associated the behavioral variables with both, rest
- and task-related ACW.

Firstly, the Emergence of Self is strongly correlated with the longer
ACW (ACWO0), indicative of a higher degree of temporal integration. This
confirms the integrative nature of the continuous task and shows that
it is the emergence, not the loss of the self, that is specifically linked to
temporal integration and long ACW (Kolvoort et al., 2020; Wolff et al.,
2019; Smith et al., 2022). It is to notice that an antagonistic logarithmic
function describes the association between Criterion C and Sensitivity d’
to the ACW in resting state. While in task state, behavioral and neural
variables are linked via a quadratic function. The rest-task difference
confirms the differential role of short and long INT in Criterion C and
Sensitivity d’, respectively.

Together, these findings support the assumption that the Criterion
C is related to higher degrees of temporal integration due to its link
to longer ACW. The longer ACW increases the tendency of temporal
smoothing and thus lumping together temporally disjointed inputs like
the morphed faces. In result of its link to shorter ACW, sensitivity d’
is more linked to temporal segregation and the increased capacity to
discriminate between sequential faces in a temporally precise way.

5.4. Neuroanatomical grounds

The differentiated implications of the ACW in the cognitive indices is
further supported and extended on neuroanatomical grounds. The self
is known to be closely associated with the cortical midline structures
(CMS) like anterior and posterior cingulate cortex of the default-mode
network (DMN) (Northoff et al., 2006; Frewen et al., 2020; Qin et al.,

0.000 0.025 0.050 0.075 0.100
ACWS in V1 (Rest)

2020; Northoff, 2016) while the dIPFC is known for its role in deci-
sion making. Moreover, the core regions CMS/DMN and dIPF in general
are known to exhibit the longest ACW compared to primary sensory
regions (Qin and Northoff, 2011; Wolff et al., 2022; Golesorkhi et al.,
2021b, 2021a; Ito et al., 2020; Raut et al., 2020). Spontaneous activ-
ity (Buzsaki, 2006) as for instance pre-stimulus activity in these regions
predict the subsequent judgement of stimuli as self-related (Qin et al.,
2016). Our data extend these results by showing that the spontaneous
and task-related activity in these regions mediate the cognitive bias
through long INT (ACWO) and temporal integration.

How is our main finding (longer ACW (ACWO) linked to Criterion
C and shorter ACW (ACWS5) linked to Sensitivity d’) represented in
the DMN/dIPFC and the primary sensory regions? In other words, are
the Criterion C and the d’ modulated by the long and short ACW in
DMN/dIPFC and primary visual area? Using eLORETA source space re-
construction, we observed a similar link of the cognitive bias (Criterion
C) with the ACWO and of the ACWS5 with the d’. The topographical spec-
ifications through eLORETA show that the cognitive bias Criterion C is
linked to the DMN and the dIPFC, while the discriminability d’ is more
related to the dIPFC and the primary visual area.

Together, these results confirm the specific link of the longer ACWO
in the DMN/dIPFC and Criterion C while the shorter ACW5 in dIpFC
and V1 relates to Sensitivity d’ (Golesorkhi et al., 2021b, 2021a;
Chaudhuri et al., 2015). This supports a special role of CMS/DMN and
dIPFC in mediating specifically higher degrees of temporal integration
(Golesorkhi et al., 2021b, 2021a; Chaudhuri et al., 2015) underlying the
cognitive bias in visual perception and subsequent decision making. The
Sensitivity d’ instead is linked to the shorter timescales (ACWS5) of the
dIPFC and the primary visual area favouring temporal segregation over
integration. Importantly, the Criterion C is an indicator of a continuum
between the self- and the other bias.

We observed that a self-bias is linked to short ACWO, while long
ACWO are associated with an other-bias. This is in line with the find-
ings by Smith et al. (2022) who, in a different paradigm, demon-
strate that ACWO is associated with self-related processing. Moreover,
Northoff et al. (2021) demonstrate that an abnormally long ACW is re-
lated to the basic self-disturbance in schizophrenia. Together, these find-
ings support the key role of especially the longer ACW (ACWO) for me-
diating the bias, e.g., Criterion C, including self-bias or self-specificity as
distinguished from the shorter ACW (ACW5) which mediates accuracy
@.

Is the ACW a stimulus-specific indicator of the facial identity pre-
sented in the stimuli (self vs. other vs. famous vs. unknown) rather
than being part of the decision processes itself operating in a stimulus-
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Fig. 6. Computational modeling of input processing. Top row depicts the hierarchical structure which scales the effect of local and long-range activity (left) vs. the
absence of this hierarchy (right). A Continuous task paradigm: When a hierarchy of intrinsic neural timescales apply, the input leads to an extended and expanded
neural activity in 24c, whereas it is more or less of the same duration in V1 (left). The elimination of hierarchy renders both regions the same (right). B Discontinuous
task paradigm: Similarly to the continuous task, the neural activity of the peripheral region V1 shows temporal segregation whereas the core region 24c predominantly
integrates different inputs (left). The elimination of hierarchy gives us very similar input processing in both V1 and 24c (right).

unspecific way? To answer this question we correlated the ACW of
the fusiform face area (FFA), known by its role in facial processing
(Kanwisher and Yovel, 2006) with Criterion C and Sensitivity d’. No link
between the SDT measures and the ACW in the FFA was found. Further,
we extracted the ACW during the visualization of each face identity (self,
other famous, unknown) and no significant difference between them has
been shown.

Together, these results show that the ACW mediates the cognitive
bias on a basic stimulus-unspecific neuronal level of the decision making
itself operating across the different facial stimuli. This supports our as-
sumption that the ACW mediates the stimulus-unspecific temporal pro-
cessing of all stimuli by providing a temporal envelop for them which,
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as per our results, shapes our decision-making process featured by cog-
nitive bias and sensitivity d’.

5.5. Computational mechanisms

The large-scale computational model of the dynamical hierarchy of
timescales (Chaudhuri et al., 2015) gave us the possibility to probe
the effect of different timescales on input processing in our specific
task structure (continuous and discontinuous paradigms). Based on our
eLORETA results, we were particularly interested to probe temporal
segregation in hierarchically low regions (periphery / V1) and integra-
tion in hierarchically high regions (core / 24c). Our findings emphasize
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that the temporal hierarchy proposed by Chaudhuri pertains in our task
structure. This confirms the implication of temporal segregation in sen-
sory regions like V1 in the processing of disjoint external inputs in a
temporally (and objectively) accurate way, related to the sensitivity.
On the other hand, the cortical midline region 24c integrates different
temporally disjoint inputs along with baseline activity which was shown
to be related to self, thus showing a high degree of temporal integration
and self bias.

Once we eliminated the hierarchy in our computational model by
assigning the same hierarchical index to all regions, we now observed
similar activity in both V1 and midline 24c. This suggests that the differ-
ent degrees of temporal integration and segregation as well as extension
during input processing in unimodal regions like V1 and transmodal
midline regions like 24c are, at least in part, related to their differential
hierarchical positions in the brain’s overall uni-transmodal topography.
Temporal integration-segregation may thus be an intrinsic feature of the
brain’s uni-transmodal topography rather than being primarily related
to the extrinsic or external input of the paradigm; for that reason, it
may remain independent of the specific task, e.g., task-unspecific. Given
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that these differential phenomena of temporal integration and segrega-
tion in uni- and transmodal regions disappear when abolishing the hi-
erarchy in our model, we suppose, albeit tentatively, a key role of the
brain’s uni-transmodal topographic organization in mediating the cog-
nitive bias (Criterion C) through the INT.

5.7. Limitations

One potential limitation of our study is the novel use of ACWO as
distinct from ACWS5 including their association with distinct cognitive
features, namely sensitivity d’ and Criterion C. However, two previ-
ous studies (Smith et al., 2022;Golesorkhi et al., 2021b) also demon-
strated differential association of ACW5 and ACWO with neural, e.g., to-
pographic distinction of transmodal DMN vs unimodal sensory regions,
and psychological, e.g., self-continuity, features. This is well in line with
our observation of especially the longer variant (ACWO) in trans-modal
CMS/DMN being associated with Criterion C.

Yet another potential issue in our study concerns temporal integra-
tion. While especially the longer variant, ACWO, strongly suggests high
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degrees of temporal integration (Wolff et al., 2022), we did not show it
in a more direct way in our empirical EEG data. However, various in-
direct lines strongly suggest temporal integration to be the main mech-
anism. First, especially the continuous version of our paradigm with
the sequential self-other face morphing required temporal integration
and segregation: if two sequential faces are associated with one and the
same person, e.g., self or other, the two temporally distinct inputs (or
stimuli/faces) must be integrated across their distinct time points. If,
in contrast, they are attributed to distinct persons, e.g., self and other,
they must be segregated. Temporal integration is thus required on the
psychological level of the paradigm itself. Second, we demonstrate tem-
poral integration on the computational level in our simulation where
CMS/DMN, unlike visual cortex, do indeed integrate temporally parsed
inputs into one activity change.

Additionally, we would like to mention that the CMS/DMN is known
to be recruited in self-processing but that the association with this region
does not necessarily engender self-specific processing (Frewen et al.,
2020). Further studies would be necessary to confirm this link and to
extend the knowledge to probe for self-relatedness in our own study.

One may wonder why a majority of participants present an other-
bias instead of a self-bias, as per self-prioritization effect. We have to
consider that our task is primarily a task about bias in decision making
with subjects being forced (due to the morphed nature of the faces) to
make mistakes as measured by the Criterion C. This has been described
as self-related processing (Northoff et al., 2006; Northoff, 2016). Within
that given framework, the bias or error can occur either with respect
to other or self which is described as self-referential processing or self-
prioritiziation (Sui and Humphreys, 2015). Our study and its paradigm
operate primarily on the first level, the level of self-related processing as
operationalized by the Criterion C, the bias, rather than on the second
level of self-referential processing (as the typical trait adjective tasks).
Therefore, we do not see our results in contradiction to the self-reference
effects as that operates on the level of self-referential processing rather
than self-related processing as target in our study.

Finally, we demonstrate the importance of topographic hierarchy for
temporal integration. That, however, was shown only in an indirect way,
that is, by abolishing the uni-transmodal hierarchy in our computational
model. Future studies in for instance patients with CMS/DMN lesions are
warranted that relate different degrees of uni-transmodal topographic
hierarchy with different degrees of both temporal integration and cog-
nitive bias.

6. Conclusion

In conclusion, we demonstrate the key role of temporal integration
for our cognitive bias in perception and decision making. We demon-
strate temporal integration on the behavioral level using signal detec-
tion theory that allows distinguishing Criterion C (bias) and sensitiv-
ity d’ (accuracy). This is complemented on the neural level by showing
that the cognitive bias is related to longer INT (ACWO) of especially the
CMS/DMN and dIPFC. The involvement of temporal integration and the
uni-transmodal topography is substantiated by computational modeling
showing high degrees of temporal integration of temporally parsed in-
puts in the neural response of specifically transmodal CMS/DMN and
dIPFC (as distinct from unimodal primary visual cortex). Together, we
demonstrate that the cognitive bias in perception and decision making
is intimately linked to the intrinsic neural timescales as based on the
brain’s uni-transmodal topographical organization.

Significance statement

Every day humans take decisions which are frequently characterized
by a cognitive bias. We demonstrate the key role of temporal integra-
tion in this bias in perception and decision making on a behavioral level
using signal detection theory. Neurally, the cognitive self-bias is related
to longer Intrinsic Neural Timescales of especially the cortical midline
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structures (CMS) of the default mode network (DMN). The involvement
of temporal integration in CMS/DMN is further substantiated by compu-
tational modeling showing high degrees of temporal integration of tem-
porally parsed inputs in the neural response of specifically CMS/DMN
(as distinct from primary visual cortex). Together, we demonstrate that
the cognitive bias in perception and decision making is intimately linked
to the longer intrinsic neural timescales in core regions.
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