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Abstract

Cognitive control refers to humans’ ability to willingly align thoughts and actions with inter-
nally represented goals. Research indicates that cognitive control is not one-dimensional
but rather integrates multiple sub-processes to cope with task demands successfully. In par-
ticular, the dynamic interplay between preparatory (i.e., prior to goal-relevant events) and
adaptive (i.e., in response to unexpected demands) recruitment of neural resources is
believed to facilitate successful behavioural performance. However, whether preparatory
and adaptive processes draw from independent or shared neural resources, and how these
align in the information processing stream, remains unclear. To address these issues, we
recorded electroencephalographic data from 52 subjects while they performed a computer-
ised task. Using a combination of mass-univariate and multivariate pattern analysis proce-
dures, we found that different types of control triggered distinct sequences of brain
activation patterns, and that the order and temporal extent of these patterns were dictated
by the type of control used by the participants. Stimuli that fostered preparatory recruitment
of control evoked a sequence of transient occipital-parietal, sustained central-parietal, and
sustained fronto-central responses. In contrast, stimuli that indicated the need for quick
behavioural adjustments triggered a sequence of transient occipital-parietal, fronto-central,
and central parietal responses. There was also a considerable degree of overlap in the tem-
poral evolution of these brain activation patterns, with behavioural performance being
mainly related to the magnitude of the central-parietal and fronto-central responses. Our
results demonstrate how different neurocognitive mechanisms, such as early attentional
allocation and subsequent behavioural selection processes, are likely to contribute to cogni-
tive control. Moreover, our findings extend prior work by showing that these mechanisms
are engaged (at least partly) in parallel, rather than independently of each other.
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Introduction

Selecting and executing adequate responses to situational demands is crucial for effective daily
life functioning. This ability is typically referred to as cognitive control [1, 2]. It is widely
accepted that cognitive control is not one-dimensional. Rather, it is thought to rely on a set of
basic, yet partially overlapping perception and reasoning-related processes to align thoughts
and actions with goals [3-6]. These processes include mechanisms that help shift attention
towards (potentially) relevant information [7], reduce distractions [8], and integrate prior
knowledge, expectations, and feedback [see 9 for review] to improve ongoing performance or
achieve better outcomes in future situations [cf. 1].

A growing body of research indicates that cognitive control is facilitated by the recruitment
of resources across a neural network that spans occipital, parietal and frontal brain regions
[10-12]. For example, transient (i.e., quick, momentary) activation of sensory (e.g., parietal
and occipital cortex), recorded via non-invasive brain imaging methods (e.g., fMRI), have
been used as a proxy for the engagement of lower-level neural mechanisms for identifying
(and orienting to) contextual cues that support the preferential selection of a particular behav-
iour over other competing alternatives [11]. Conversely, sustained activation of frontal (e.g.,
dorsolateral prefrontal cortex) brain regions are thought to reflect the active maintenance of
goal-representations in anticipation of goal-relevant events [13]. However, the interaction
between these processes and their functional timing within the information processing stream
remains unclear [1].

Due to its high temporal resolution, electroencephalography (EEG) is particularly well
suited for interrogating the dynamic contributions of the different neural processes involved
in preparatory and adaptive control recruitment [14-16]. In EEG research, particular attention
has been paid to positive and negative polarisations of the Event-Related Potential (ERP) in
choice reaction tasks [1]. For instance, the Contingent Negative Variation (CNV)—a sustained
negative ERP observed at fronto-central electrodes before the onset of imperative stimuli [17]
—is believed to reflect anticipatory attentional states [18] and preparatory recruitment of neu-
ral resources [19, 20]. Moreover, predictive stimuli (i.e., cues) have been shown to impact ear-
lier ERP components [21], such as the N1—a negative parietal-occipital ERP that peaks 100-
200 milliseconds (ms) post-stimulus [21] -, the P3b - a positive parietal ERP appearing around
300 ms post-stimulus [22]—and the central parietal positivity (CPP) [23]. The P3b and CPP
share many spatio-temporal characteristics, but the CPP typically manifests later in time
(approx. 500-700 ms from stimulus onset) [23]. These response patterns are believed to reflect
enhanced sensory (e.g., cue identification) and behavioural configuration processes (e.g., stim-
ulus-response mapping, pre-activating the adequate response) [23, 24], necessary for meeting
(upcoming) behavioural demands. Additionally, similar late positive potential (LPP) modula-
tions have been observed in other cue-related paradigms, such as fear conditioning [25]. These
studies further support the idea that parietal positive amplitude responses play a crucial role in
processing cues and preparing for subsequent actions.

While ERPs have been invaluable in identifying spatio-temporal regions of interest for
understanding how different brain processes contribute to performance in complex cognitive
control tasks, the accuracy of this approach is still debated [26-29]. Moreover, although inves-
tigations often use ERP response patterns as measures for (presumably) distinct neural pro-
cesses [30-32], the ability of ERPSs’ to segregate different neurocognitive generators is limited.
For example, the amplitude responses captured by the ERP typically evolve over broad time-
scales without clear boundaries, complicating the precise tracking of the spatio-temporal evo-
lution of neural activation and associated cognitive processes [29]. Furthermore, univariate
statistical analyses of the ERP are capable of identifying time windows where information
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processing differs between conditions, but they struggle to clearly distinguish between serial,
parallel, or cascading activation of cognitive processes [33]. Indeed, ERP patterns, such as
those seen during the P3b time-window, can arise from various cognitive architectures and
multiple underlying neural generators [34, 35], but univariate analyses of the ERP can only
approximate their order, overlap, or separability [36]. Lastly, there is a risk of missing crucial
information if the focus of ERP analyses is restricted to a subset of channels or time windows
that do not capture the full distribution of the effect in question [27], or if the effect’s scalp dis-
tribution varies with stimuli or task properties [28].

The present study

To address the limitations inherent in traditional ERP analyses and more accurately map the
spatio-temporal evolution of EEG amplitude response patterns evoked during recruitment of
cognitive control, we adopted a novel approach combining hierarchical mass univariate [37]
and multivariate pattern analysis [MVPA; 33] To achieve this, we recorded continuous EEG
while subjects performed the Dot Pattern Expectancy task [DPX: 38]. The DPX, an adaptation
of the Continuous Performance Test (CPT) developed by Rosvold and colleagues [39], has
been extensively used for cognitive control assessment [40-42]. The DPX, along with other
variations, creates expectations for certain behavioural demands while also incorporating con-
ditions that require overriding these expectations in response to changing behavioural require-
ments [43]. The goal is to separate behavioural preparation and anticipatory processes from
mechanisms that enable a reactive adaptation to changes in behavioural demands [12, 44].

To our knowledge, only one additional study has analysed evoked amplitude responses in a
continuous performance task with MVPA [45]. While this study primarily focused on discrim-
inating individual conditions, it did not address the generalisability of the identified activity
patterns across different stages of the information processing stream. In contrast, our research
specifically aims to explore this important aspect. Nevertheless, the contribution by Sharifian
and colleagues [45] to the cognitive control literature is significant, as they demonstrated that
the effects of CPTs are broadly distributed across the scalp and not confined to individual
ERPs.

The objective of the current study was twofold. First, we aimed to conduct a more detailed
assessment of the amplitude response patterns evoked during the DPX and examined their
association with behavioural performance. During the experiment, participants used the infor-
mation provided by a cue-stimulus to prepare a response to a subsequent probe-stimulus. We
expected that the preparatory recruitment of control would be beneficial for performance (i.e.,
faster responses and fewer errors) because, often in the paradigm, the prepared response was
the one required upon the presentation of the probe. Preparatory recruitment of control is
thought to depend on early attentional selection mechanisms [46]. Thus, we expected cues
which more reliably predict subsequent demands to elicit an enhanced orienting response. We
expected early attentional effects to manifest in heightened transient amplitude responses for
highly predictive cues compared to more ambiguous cues. In addition, preparatory control
recruitment is believed to heavily rely on another mechanism: The active maintenance of
information (e.g., stimulus-response mappings) in working memory [12]. Consequently, we
expect stronger sustained amplitude responses for highly predictive cues compared to more
ambiguous ones.

During performance of the DPX, participants had to quickly adjust their behaviour if the
probe-stimulus indicated that a response different from the one prepared upon presentation of
the cue was necessary. In these situations, we expected an increased need for adaptive control
to cope with the change in behavioural demands which hamper behavioural performance (i.e.,
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slower responses and more errors [44]. Adaptive control is hypothesised to be facilitated by
rapid, transient adjustments in the neural circuitry, triggered by changes in behavioural
demands [6]. As such, we expect heightened transient amplitude responses for probes which
signal the need for behavioural adaptation. These predictions align with previous research
[46], and ERP components, such as the N1, P3b, and CNV provide appropriate priors for the
spatio-temporal location of these effects [21, 47]. However, our study aimed to take a step fur-
ther. By applying mass univariate analyses, we sought to account for the full spatio-temporal
representation of the experimental effects. Our goal was to establish a more comprehensive
foundation for future research and allow for a more mechanistic evaluation of evoked ampli-
tude responses as neural markers for preparatory and adaptive control processes.

In addition, we used MVPA to build upon the results from the mass univariate analysis and
provide further insights into the temporal evolution of the identified spatio-temporal patterns.
By testing whether the identified spatio-temporal patterns are independent of each other or
whether they share some degree of overlap in their functional timing, we can develop a more
accurate model of the neurocognitive architecture underlying preparatory and adaptive con-
trol recruitment.

Materials and methods

We report how we determined our sample size, all data exclusions, all manipulations, and all
measures in the study [48].

Statistical power

The required sample size was estimated using the “pwr” package [49] in the R-programming
environment [50]. The necessary sample size to detect an effect size of at least d = 0.5 (medium
effect size) with power = 0.80% at p < 0.01 in a paired-samples t-test (see statistical analysis,
evoked amplitude response) was estimated to be approximately 50 subjects. We recruited addi-
tional subjects to account for potential data loss. The threshold for statistical significance was
set to p < 0.01 for all analyses. All reported p-values are corrected for multiple comparisons
using the methods described below.

Participants

We recorded electroencephalographic data from 52 healthy young adults (30 females). Data
were collected between 2016-07-18 and 2017-01-27. Subjects’ age ranged between 18 and 29
years (M = 22.63, SD = 2.84). Female participants were slightly younger than male participants
(AM = -1.88, #(50) = -2.50, p = .016, d = —0.71, 99% CI,; = [-1.45, 0.05]). All subjects were
undergraduate students at the Philipps-Universitit Marburg and received course credit in
exchange for participation. Subjects reported no current use of prescription drugs and no his-
tory of neurological or psychiatric disorders. All participants had normal or corrected-to-nor-
mal vision, assessed using a standardised Landolt C Test, and reported right-handed
dominance. Participants provided written informed consent before participating in the experi-
ment. The local ethics committee at the Department of Psychology of the Philipps-Universitit
Marburg approved the study before data collection.

Experimental paradigm

Participants performed an adapted version of the DPX [41, 51]. The task was developed using
Presentation® Software (Neurobehavioral Systems, Inc., Berkeley, CA, www.neurobs.com)
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and was displayed using a BenQ XL2430T monitor (resolution: 1920x1080 pixels; refresh rate
144 Hz).

In the DPX, participants must discriminate between valid and non-valid pairs of cues and
probes. As illustrated in Fig 1, participants were instructed to perform a target response (press
the left button on) when a specific probe (referred to as the “X” probe) appeared after a specific
cue (referred to as the “A” cue). For all other pairs in which the cue was not “A” (collectively
referred to as “B” cues) or the probe was not “X” (collectively referred to as "Y" probes), partici-
pants should perform a non-target response. Participants responded by pressing a button with
either the index (target) or middle finger (non-target) of the right hand on a Cedrus RB-840
response pad (Cedrus Corporation, San Pedro, CA). It is important to note that participants
only responded after the probe was presented. Thus, to perform well in the task, participants
needed to decode the information provided by the cue (i.e., the first stimulus) and maintain
this information in working memory until the probe appeared on the screen. Then, they
needed to assess whether both stimuli conformed to a valid cue-probe combination.

Participants first performed a brief practice run of 18 trials (50% “AX”) to familiarise them-
selves with the task. In the main experiment, “AX” pairs comprised approximately 70% of all
cue-probe pairs. This manipulation was introduced to induce a strong expectation that an “X”
probe following an “A” cue making the “AX” pair the most common and expected condition).
Conversely, the “AY”, “BX”, and “BY” pairs each accounted for roughly 10% of the trials and
were therefore significantly less frequent. “AY” trials involved a predictive “A” cue followed by
an unexpected “Y” probe, requiring participants to override the strong expectation and

< > 2.5° possible cues and probes

presentation time cue-probe delay
500 ms 2500 ms

Ao

“AX“ “AY“ “BX“ “BY“
frequency: 70% 10% 10% 10%

Fig 1. Schematic illustration of the Dot Pattern Expectancy (DPX) task. Note. Participants were presented with a
continuous stream of dot patterns. All dot patterns fitted within a grid of 2.5° x 2.5° viewing angle, with single dots
appearing at one of nine different positions. Presentation of the dot patterns followed the same standard procedure
throughout the task. A cue stimulus (white dot pattern) appeared on the screen for 500 milliseconds (ms), an inter-
stimulus interval (ISI; an empty black screen) of 2000 ms followed (i.e., stimulus-onset-asynchrony = 2500 ms), and
then a probe stimulus (blue dot pattern) appeared for 500 ms. After the probe, a variable inter-trial interval (ITI) of
2500 to 3500 ms followed, and a new cue-probe sequence started. The inset (upper right corner) shows the set of dot
patterns that could appear as cues or probes. Participants were instructed to perform a target response every time an
“X” probe was presented following an “A” cue (i.e., after each “AX” pair). For all other cue-probe pairs (“AY”, “BX”,
and “BY”; where “B” cues are any letter other than “A”, and “Y” probes are any letter other than “X”) participants
should perform a non-target response. “AX” pairs were the most frequent in the task, creating a prepotent tendency to
perform target responses. Namely, in “A”-cue trials, participants could prepare the target response (a subsequent “X”
probe was more probable than a “Y” probe), but needed to adjust their behaviour accordingly if a “Y”-probe was
presented. In “B”-cue trials, the cue provided all information needed to select the adequate response. This should allow
participants to engage in response preparation without uncertainty. However, some behavioural interference could still
arise in “BX” trials, as “X” probes are most often paired with “A” cues (i.e., interference between the prepared non-
target response and the more often required target response).

https://doi.org/10.1371/journal.pone.0311319.g001
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perform a non-target response—this is a hallmark of reactive cognitive control. In contrast,
“BX” and “BY” trials involved an unambiguous and highly preparatory “B” cue, as this cue pro-
vided all the information needed for the selection of the correct response, highlighting proac-
tive control.

The experiment was divided into two blocks, each comprising 129 cue-probe pairs (90
“AX”, 13 “AY”, 13 “BX”, and 13 “BY” pairs). A short break was allowed between blocks. To
mitigate potential unsystematic variations (e.g., pronounced eye movements during stimulus
presentation, head movements) and reduce stimulus input to the essential minimum, we
adapted the DPX as follows. First, a distance of one metre between the participant and the
monitor was kept as consistent as possible across participants. Second, all dot patterns were
presented within a 2.5 x 2.5-degree viewing angle grid. Single dots appeared at one of nine pos-
sible positions, enhancing the consistency of sensory input from both the cue and probe sti-
muli. Third, during both the Inter-stimulus Interval (ISI) and the Inter-trial Interval (ITI),
which were of similar duration, a blank screen was displayed. Consequently, participants saw a
continuous stream of stimuli, rather than individual, distinct “trials”. This represents a depar-
ture from other versions of the DPX [22, 42]. However, we believe these modifications accen-
tuate the continuous performance aspect of the task, underlining the necessity for vigilance
[52] and the retention of relevant information in working memory until needed.

EEG data acquisition and pre-processing

Continuous EEG data were recorded using a BioSemi ActiveTwo system (BioSemi, Amster-
dam, Netherlands), with 64 silver/silver-chloride active scalp electrodes, positioned according
to the international 10-20 standard [53]. Data were digitised using ActiView software (V6.05,
BioSemi, Amsterdam, Netherlands) at a sampling rate of 512 Hz (2048 Hz at 1/4 decimation
rate). Eye movements were recorded using two pairs of flat electrodes (electrooculogram,
EOG). One pair was placed on the supra- and infra-orbital rims of the right eye, and the other
pair on the outer canthi of the eyes. During recording, the EEG signal was referenced to two
linked electrodes—the Common Mode Sense (active) and the Driven Right Leg (passive)—
positioned midway between the POz and PO3/PO4 locations.

EEG data were processed offline using MNE-Python 1.5.1 [54] and custom scripts written
for Python 3.11. First, data were screened for noisy channels using a fully automated robust z-
scoring procedure [55]. Channels were identified as noisy if they exhibited abnormal ampli-
tude levels (high or low compared to the median channel amplitude), poor correlation with
other channels (correlation < 0.4 for over 1% of the experiment), or contained excessive high-
frequency noise (> 50 Hz) [56]. Noisy channels were interpolated using spherical splines [57].
Following, data were re-referenced to the average of all 64 channels. Line noise was removed
using a 50 Hz notch filter (0.5 Hz upper and lower transition bandwidth). Next, we applied a
one-pass, zero-phase, non-causal band-pass filter (windowed time-domain design method;
hamming window with 0.0194 passband ripple and 53 dB stopband attenuation; lower pass-
band edge at 0.10 Hz; lower transition bandwidth: 0.10 Hz, -6 dB cutoff frequency: 0.01 Hz;
upper passband edge: 30.00 Hz, upper transition bandwidth: 7.50 Hz, -6 dB cutoff frequency:
33.75 Hz) to remove slow drifts and remaining high frequency noise.

To correct for stereotypical signal artefacts, such as those caused by ocular movements, we
created a 1 Hz high-pass filtered copy of the EEG data and decomposed it into independent
components using extended infomax independent component analysis [58]. Using the IC-
label algorithm [59, 60], we identified components that closely matched oculomotor and mus-
cle activity and removed them. We used the remaining components to remix the EEG data.
Lastly, we segmented the EEG data into single epochs centred around stimulus presentation
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(For mass univariate analyses: -500 to 2500 ms around cue presentation and -500 to 1000 ms
around probe presentation; For MVPA: -500 to 3500 ms around cue presentation). Any
epochs that still contained signal artefacts were automatically excluded using the Autoreject
algorithm (version 0.4.0) with default settings [61]. The preprocessing pipeline produced an.
html preprocessing report for each subject for visual inspection and quality control. These
reports are provided on the projects OSF website.

Statistical analyses

Behavioural performance. Participants performance in the DPX was analysed using a
hierarchical, two-level linear mixed-effects regression approach. Hierarchical regression mod-
els allow for the examination of relationships between predictor and response variables (fixed
effects), while accounting for individual differences in the distributional characteristics of the
response variable (random effects). Before analysis, we excluded extreme response times (i.e.,
RT < 100 ms and > 1000 ms). Categorical variables were effect (i.e., deviation) coded, and all
continuous variables grand-mean centred around a mean of zero. Participants’ age and gender
were introduced as second-level covariates to account for individual differences in these vari-
ables. To address potential issues arising from interdependencies among measurements and
varied numbers of measures (analysis focused on single trial data) per condition and partici-
pant, all models estimated by-subject random effects by nesting data within participants.

We used the “Ime4” [62] and “ImerTest” [63] packages in the R-programming environment
to fit all behavioural performance models by Restricted Maximum Likelihood. Effect sizes
were estimated using Cohens’ d. Additional resources used for data processing and visualisa-
tion include “emmeans”, “effectsize”, “performance”, “gt”, “dplyr”, “ggplot2”, and “papaja” [64-
72].

Evoked amplitude response. Mass univariate analysis. Similar to behavioural data, we
analysed amplitude responses to cue and probe stimuli using a hierarchical, two-level mass
univariate regression analysis approach [37]. We transformed the segmented EEG data of each
participant (a three-dimensional matrix of segments—time locked to the onset of cues or
probes -, channels, and time samples) into a two-dimensional space via matrix vectorisation.
This procedure resulted in a matrix Y, where each row corresponds to one EEG segment (m
rows in total), and columns (n columns in total) that contain the amplitude values recorded at
each time sample at electrode, concatenated in sequence. To link each row of the Y matrix to
an experimental condition, we used a design matrix X, comprising m rows (one for each EEG
segment) and k columns (each representing a contrast coded predictor for the experimental
conditions, e.g., predictive A cue = -1, highly proactive B cue = 1).

Level 1 analysis consisted of solving the least-squares problem for the linear system Y = X
+ € (a general linear model). This allowed us to estimate the relationship between Y (the data)
and X (the experimental conditions) at the subject level. For each participant, we computed
the coefficient matrix B (k x n) in a mass univariate manner (i.e., one p-weight for each chan-
nel and each time sample) by solving p = X*Y. Here, X" is the generalised Moore-Penrose
pseudo-inverse [cf. 37] of the design matrix X, computed using singular value decomposition
(X" = VZ'U*, where X = UXV*), as implemented in the Python package SciPy [73].

For level 2 analysis, we compared the estimated condition-specific f-weights (i.e., the
regression coefficients) across subjects to assess statistical significance. For this purpose, coeffi-
cients were contrasted against each other via a paired samples t-test. To assess the significance
of each contrast and account for multiple comparisons, we employed a bootstrap procedure
with F-max statistic thresholds, as described by Pernet and colleagues [37, 74]. First, we calcu-
lated the observed t-values for each pairwise contrast (e.g., predictive “A” vs. highly proactive
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“B” cues) using a paired-samples t-test. Second, we grand-mean centred the condition-specific
regression coefficients around zero and randomly sampled subjects (with replacement) to cre-
ate a new bootstrap sample. Third, for each bootstrap sample, we performed another paired-
samples t-test, computed the corresponding F-value and saved the maximum test statistic. The
second and third steps were repeated 2000 times. The resulting distribution of maximum test
statistics provided an approximation of the true effect under the null hypothesis (H0). This dis-
tribution was used to determine critical test values corresponding to a significance level of

p = 0.01 (we used a more conservative threshold of p = 0.01 as opposed to the typically used

p = 0.05 due to the high number of tests performed during this analysis step). Effects were con-
sidered significant if the test values from the observed sample’s spatio-temporal t-test exceeded
the 99% quantile of the maximum test statistics distribution. This approach effectively and
conservatively controls for multiple testing (similar to Bonferroni correction) and has the
advantage of having an exact Type 1 error rate, as the HO distribution accounts for all tests per-
formed (across all channels and time samples) and is not tied to a specific location in space
and time.

Multivariate pattern analysis (MVPA). We used MVPA to find patterns of EEG activity
(i.e., linear combinations of amplitude values recorded at multiple channels) that best discrim-
inated between experimental conditions. To this end, we trained linear Support Vector Classi-
fiers (SVC; cf.) [75] to predict whether a predictive “A” cue or a highly proactive “B” cue was
presented or whether an expected “X” probe or an unexpected “Y” probe was presented after a
cue “A”. To account for the imbalance of the experimental paradigm (e.g., “AX” cues-probe
pairs are more frequent than “AY” pairs), we used a regularisation parameter of
C =1 x condition weight, with the condition weights set inversely proportional to the fre-
quency of the conditions in each participant’s data set.

The classifiers were trained independently for each participant and at each time sample of
the analysis time window (-500 to 3500 ms around cue presentation, thus including 1000 ms
of probe stimulus processing time, i.e., from 2500 to 3500 ms). We used a 5-fold stratified
cross-validation procedure to assess the performance of these classifiers. For this purpose, we
divided each participant’s single-trial EEG data into five subsets, or “folds”. For each trial in
each fold, we used a classifier—trained on the other four folds—to predict the experimental
condition at each time sample, thus providing a binary prediction for each time sample.

The accuracy of the classifiers was computed by calculating the area under the Receiver
Operating Characteristic curve for each fold and averaging across folds. These accuracy scores
range from 0 to 1 and can be seen as non-parametric measures of effect size that compare true
positive to false positive classifications [76]. A score of 1 signifies perfect accuracy, while 0.5
denotes chance level. High scores indicate a strong differentiation in the evoked amplitude
response pattern between conditions. In terms of signal-detection theory, classifier accuracy
can be interpreted as the strength of the difference between conditions in the underlying neu-
ral pattern at that given point in time [33, 77].

To analyse sequence effects during stimulus-evoked processes, we employed a generalisa-
tion across time (GAT) approach, as proposed by King and Dehaene [33]. Classifier perfor-
mance was not only tested at the time sample that it was trained on, but also at every other
time sample of the analysis time-window. This resulted in a classification matrix, or GAT
matrix, with training times on the y-axis and testing times on the x-axis. The matrix diagonal
represents analogous training and testing time points (i.e., when the classifier was trained at
200 ms post-stimulus and tested at the same time sample). Off-diagonal performance indicates
pattern persistence or recurrence (i.e., time samples where a classifier trained at time sample t
can still successfully predict the single-trial condition at time sample t”). This is indicative of
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overlapping patterns of brain activity, and by extension overlapping engagement of cognitive
processes [33, 36].

For assessing statistical significance, we compared classifier performance against chance
level using a one-sample t-test with p < 0.01. To correct for multiple comparisons, we applied
the Bonferroni method. All tests were two-sided. We performed MPVA analysis based on the
python code provided by Heikel et. al [29]. The complete analysis scripts needed to reproduce
the results are provided on GitHub (https://github.com/JoseAlanis/eeg_patterns_dpx).

Results
Behavioural performance

Response time. Response time (RT) was analysed using a two-level hierarchical mixed
effects regression approach. The model estimated RT in the DPX, using accuracy (correct vs
incorrect response), cue type (“A” vs “B”), and probe type (“X” vs “Y”) as fixed within-subjects
predictors. Further, the model estimated by-subjects random effects for the interaction
between cue and probe, nesting observations within participants. The model achieved substan-
tial explanatory performance with an R onditional = 0.508, and the proportion of variance
explained by the fixed effects was Rzmargmal =0.240. The model’s intercept (the overall mean
RT) was estimated to be 420 ms (99% CI = [401, 440]). S1 Table in S1 File summarises the
omnibus test results for all the predictors.

The model estimated a significant three-way interaction between accuracy, cue type, and
probe type (F(1,124) = 69.110, p < 0.001). Notably, the model estimated faster RT's for correct
“AX” responses than correct “AY” responses (AMay _ax = 140 ms, 99% CI = [105, 176],
d=2.18,99% CI,; = [1.50, 2.87], p < 0.001; see Fig 2a, left panel). This effect is consistent with
our expectations, as we hypothesised that accurate performance in “AY” trials would require
additional recruitment of reactive control resources to override the default behaviour associ-
ated with “A” cues. Importantly, the model estimated comparable effects across participants
(see Fig 2A), indicating that “AY” trials systematically increased the control demands required
for correct performance. This effect was corroborated by a reversal of the experimental effect

a b C
I Correct responses RT: l Incorrect responses RT: I Response accuracy:
800- 9% ¢t: 800 800 800 0;7-29%¢c 0.7
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Fig 2. Behavioural performance during the DPX task. Note. Depicted are the estimated marginal means (i.e., the
model’s predictions) obtained through linear mixed effect regression analysis of response times (RT) and error rates
(ER) data. Solid lines depict the estimated population-level effect. The coloured shading surrounding the solid lines
expresses the uncertainty of the effects with a 99% confidence interval (CI). The grey lines in the background depict the
subject-level estimates. Estimated RT is provided in milliseconds (ms) and estimated errors rates are provided as
proportion (scale 0.0 to 1.0). Panel a) depicts the estimated RT for correct responses. Panel b) depicts the estimated RT
for incorrect responses. Correct RT in AX (M = 351 ms, CI = [334, 369]) were faster than correct RT in “AY” trials

(M =491 ms, CI = [460, 524]). In contrast, “BX” (M = 273 ms, CI = [254, 294]) and “BY” trials (M = 278 ms, CI = [256,
302]) elicited comparable correct RT. (b) Incorrect RT in “AY” (M = 385 ms, CI = [357, 416]) was faster than in “AX”
trials (M = 534 ms, CI = [497, 573]). “BX” (M = 592 ms, CI = [515, 680]) and “BY” trials (M = 608 ms, CI = [514, 718])
showed comparable incorrect RT. Panel c) depicts the response accuracy, estimated ER are provided on a scale from 0
to 1. Error rates were higher in “AY” (M = 0.17, CI = [0.13, 0.23]) compared to “AX” trials (M = 0.02, CI = [0.01,
0.02]). “BX” (M = 0.04, CI = [0.03, 0.05]) and “BY” showed similar error rates (M = 0.03, CI = [0.02, 0.04]).

https://doi.org/10.1371/journal.pone.0311319.9002
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for incorrect responses (AMay_ax = —149 ms, 99% CI = [-202, —095], d = —1.04, 99% CI,; =
[-1.36, -0.72], p < 0.001; see Fig 2B left panel).

Conversely, the model estimated similar RT for correct responses following both “BX” and
“BY” trials (AMpy_px = 5 ms, 99% CI = [-13, 23], d = 0.18, 99% CI, = [-0.24, 0.60], p = 1.000;
see Fig 2A). Similarly, there was no difference in RT between incorrect “BX” and “BY” trials
(see Fig 2B, right panel). This finding is in line with our expectations, as highly proactive “B”
cues provided all the information necessary to prepare the correct response and the probe had
no effect on the required behaviour-a hallmark of proactive cognitive control. Importantly,
“BX” and “BY” trials showed faster RT compared to “AX” trials (AMax_px = 77 ms, 99% CI =
[55,100], d = 2.11,99% CI; = [1.39, 2.83], p < 0.001; AMx_gy = 72 ms, CI99% = [45, 99],
d=1.70,99% CI,; = [1.05, 2.36], p < 0.001). This indicates that participants efficiently engaged
preparatory control in “B”-cue trials, further corroborating the cue’s informational value in
guiding anticipatory response selection.

Response accuracy. Error rates were analysed using a two-level hierarchical mixed effects
regression. The model estimated error rates in the DPX using cue type (“A” vs “B”) and probe
type (“X” vs “Y”) as fixed within-subjects predictors. Further, the model estimated by-subjects
random effects (i.e., nesting observations within participants). The model achieved substantial
explanatory performance with an R® onditional = 0.699, and the proportion of variance
explained by the fixed effects was Rzmarginal =0.551. The model’s intercept (the overall mean
error rate) was estimated to be 0.042 (99% CI = [0.034, 0.051]). S2 Table in S1 File summarises
the omnibus test results for all the predictors.

The model revealed a significant two-way interaction between cue and probe type (F(1,153)
=186.685, p < 0.001). It predicted higher error rates for “AY” trials compared to “AX” trials
(AMay —ax =0.158,99% CI = [0.097, 0.219], 4 = 0.68, 99% CI; = [0.44, 0.92], p < 0.001; see Fig
2G, left panel). In contrast, the model estimated comparable error rates for “BX” and “BY” tri-
als (AMpy _px = —0.004, 99% CI = [-0.018, 0.010], d = —0.07, 99% CI, = [-0.28, 0.14],

p = 1.000, see Fig 2C, right panel), but significantly lower error rates for “BX” and “BY” trials
compared to “AX” trials (AMax_px = —0.019, 99% CI = [-0.031, —0.007], d = —0.42, 99% CI, =
[-0.65, —0.20], p < 0.001; AMsx_py = —0.016, 99% CI = [-0.027, —0.005], d = —0.38, 99% CI; =
[-0.16, —0.60], p < 0.001). These results are in line with our predictions and provide further
support to the findings from the RT analysis.

Evoked amplitude response. We analysed evoked amplitude response patterns using a
two-level hierarchical mass univariate analysis approach. Condition effects were estimated on
single-trial data from each subject and then compared across subjects to assess significance
(see Methods, mass univariate analysis).

Cue stimuli

As depicted in Fig 3, analysis of the cue evoked activity revealed significant differences between
responses elicited by the cue stimuli (i.e., predictive “A” cues and highly proactive “B” cues).
The earliest differences emerged at approximately 180 to 250 ms post-cue. In this time win-
dow, “B” cues elicited a stronger negative polarisation of the evoked amplitude response at
parietal and occipital channels compared to “A” cues. The peak of this effect was observed at
channel P6 at approximately 219 ms post-stimulus (#(51) = -7.19, d = -1.01, 99% CI; [-1.45,
—0.56]); see Fig 4A and 4D). “B” cues also showed a more pronounced positive amplitude
response at frontal channels during the same time window compared to “A” cues (peak at
channel AF7 at approximately 211 ms post-cue, #(51) = 7.41, d = 1.04, 99% CI,; [0.59, 1.48]).

A second cluster of differences extended from approximately 400 to 750 ms post-cue. Dur-
ing this time window, “B” cues showed a stronger positive polarisation of the evoked
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Fig 3. Results of the mass univariate analysis of the cue-evoked amplitude response. Note. Depicted are the results
of a paired-samples t-test contrasting cue “B” minus cue “A”. Panel a) shows the topographical distribution of the
estimated effect (i.e., the t-values) on the scalp for four representative spatio-temporal clusters. Significant channels
(p<0.01) are highlighted. Panel b) shows the estimated effects for the complete cue retention interval and the entire
channel space, time locked to the onset of the cue. Time is depicted on the X-axis in b), with axis-ticks appearing every
250 milliseconds (ms). Time 0 ms depicts the onset of the cue stimulus. Only every 3rd channel is labelled on the Y-
axis in b) to avoid clutter. The highlighted time samples in b) are significant at p<0.01, corrected for multiple
comparisons.

https://doi.org/10.1371/journal.pone.0311319.9003

amplitude response at parietal channels compared to “A” cues. The peak of this effect was
observed at channel Pz at approximately 641 ms post-stimulus (#(51) = 10.93, d = 1.53, 99%
CI,; [1.00, 2.06]; see Fig 4B and 4E). “B” cues also showed a more pronounced negative
response at occipital channels during the same time window compared to “A” cues. This effect
reached its peak at channel Iz at approximately 523 ms post-cue (#(51) = -9.45, d = —1.32, 99%
CI, [-1.82, —0.83]).

Finally, the analysis revealed two smaller clusters of differences at approximately 1148 ms
and 1375 ms post-cue. During these time windows, “B” cues elicited a more negative ampli-
tude response at fronto-central channels compared to “A” cues at channel FC1 (#(51) = —6.86,
d=-0.96,99% CI; [-1.39, —0.52]; see Fig 4C and 4F).

Probe stimuli

Similarly, we found significant differences in the amplitude responses elicited by “X” and “Y”
probes when they were presented after an “A” cue (i.e., between “AX” and “AY” cue-probe
pairs). As shown in Fig 5, the earliest differences emerged at approximately 180 to 250 ms
post-probe. In this time window, “Y” probes showed a stronger negative polarisation of the
evoked amplitude response at parietal and occipital channels compared to “X” probes. The
peak of this effect occurred at channel PO4 at approximately 219 ms post-stimulus (#(51) =
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Fig 4. Cue-evoked ERPs and estimated difference. Note. Panels a), b), and c) depict the Event-Related-Potential
(ERP, i.e., the grand average of the participants’ mean evoked amplitude response, time locked to the onset of the cue)
for cue “A” and cue “B”. Time 0 ms depicts the onset of the cue stimulus. Depicted are channels that were located
within clusters of significant differences between cue “A” and cue “B”. The solid lines depict the ERP for each
condition. The coloured shades surrounding the solid lines express the uncertainty of the estimates, with a 99% within-
subjects confidence interval [cf. 78]. Panels d), e), and f) depict the time course of the estimated difference effect at each
corresponding channel. The solid line depicts the t-value for the contrast “B” cues—“A” cues, and the shaded region
surrounding the line expresses its uncertainty with a 99% confidence interval. Vertical grey bars highlight times of
significant difference between conditions.

https://doi.org/10.1371/journal.pone.0311319.g004

—-7.43,d =-1.04, 99% CI,; [-1.49, —0.59], see Fig 6A and 6D). Moreover, “Y” probes elicited a
more pronounced positive amplitude response at left frontal channels compared to “X” probes
during the same time window. The peak of this response was observed at channel FC5 at
approximately 227 ms post-stimulus (#(51) = 7.45, d = 1.04, 99% CI,; [0.59, 1.49]).

A second cluster of differences spanned from approximately 300 to 400 ms following the
probe presentation. During this period, “Y” probes elicited a stronger positive polarisation of
the evoked amplitude response at fronto-central channels. The peak of this effect was observed
at channel FCz at approximately 367 ms post-stimulus (#(51) = 7.93, d = 1.11, 99% CId [0.65,
1.57], see Fig 6B and 6E). “Y” probes also elicited a more pronounced negative response at left
occipital channels (peak at Iz at approximately 398 ms) compared to “X” probes during the
same time window (£(51) = —=7.45, d = —1.04, 99% CI; [-1.49, —0.59]).
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Fig 5. Results of the mass univariate analysis of the probe-evoked amplitude response for the contrast “AY”
minus “AX”. Note. Depicted are the results of a paired-samples t-test contrasting “Y” probes minus “X” probes in “A”
cue trails (i.e., the contrast of probe evoked activity between “AY” and “AX” pairs, time locked to probe onset). Panel a)
shows the topographical distribution of the estimated effect (i.e., the t-values) on the scalp for three representative
spatio-temporal clusters. Significant channels (p<0.01) are highlighted. Panel b) shows the estimated effects for the
complete probe processing interval and the entire channel space. Time is depicted on the X-axis in b), with axis-ticks
appearing every 250 milliseconds (ms). Time 0 ms depicts the onset of the probe stimulus. Only every 3rd channel is
labelled on the Y-axis in b) to avoid clutter. The highlighted time samples in b) are significant at p<0.01, corrected for
multiple comparisons.

https://doi.org/10.1371/journal.pone.0311319.g005

The analysis revealed a third cluster of differences spanning from approximately 450 to 750
ms after the probe presentation. Within this time window, “Y” probes exhibited a more posi-
tive amplitude response at parietal channels. The peak of this effect was observed at CP2 at
approximately 555 ms (#(51) = 9.70, d = 1.36, 99% CI,; [0.86, 1.86], see Fig 6C and 6F).

Finally, we found a small cluster of differences in the probe-evoked amplitude response
between “AX” and “BX” probes (more positive response for “AX” probes at 150 ms at parietal
channels; #(51) = 6.21, d = 0.87 CI; = [0.44, 1.29]) and no significant differences “BX” and
“BY” probes. For the sake of conciseness, these results are elaborated on in S1 and S2 Figs in
S1 File.

Functional timing of amplitude response patterns evoked by preparatory and adaptive
control. We used MVPA to further elucidate the temporal evolution of the identified ampli-
tude response patterns [33]. We trained multivariate pattern classifiers to distinguish between
experimental conditions based on evoked amplitude patterns and tested their ability to dis-
criminate between conditions across different stages of the information processing stream.
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Fig 6. Probe-evoked ERPs and estimated difference. Note. Panels a), b), and c) depict the Event-Related-Potential
(ERP, i.e., the grand average of the participants’ mean evoked amplitude response) for “X” and “Y” probes in “A” cue
trials (i.e., the average probe evoked activity by “AY” and “AX” pairs, time locked to probe onset). Time 0 ms depicts
the onset of the probe stimulus. Depicted are channels that were located within clusters of significant differences
between cue “X” and “Y” probes. The solid lines depict the ERP for each condition. The coloured shades surrounding
the lines express the uncertainty of the estimates with a 99% within-subjects confidence interval [cf. 78]. Panels d), e),
and f) depict the time course of the estimated difference effect at each corresponding channel. The solid line depicts the
t-value for the contrast “Y”—“X” probe, and the shaded region surrounding the line expresses its uncertainty with a
99% confidence interval. Vertical grey bars highlight times of significant difference between conditions.

https://doi.org/10.1371/journal.pone.0311319.g006

First, we tested the classifiers’ ability to decode the identity of “AX” and “BX” trials based on
their evoked amplitude patterns. In these trials, the probe was the same, but the required
behaviour was different. Results revealed that classifier performance was highest during the
cue processing and maintenance interval (i.e., 500-2500 ms, see Fig 7A). As depicted in Fig
7B, diagonal decoding performance, which evaluated the performance of classifiers trained
and tested at corresponding time windows, revealed significant decoding of “AX” and “BX”
trials as early as 180 ms (AUC = 0.57, 99% CI = [0.54, 0.61]). This performance improved
beginning at approximately 300 ms and peaked at approximately 600 ms into the cue mainte-
nance interval (AUC = 0.68, 99% CI = [0.63, 0.73]). The decoding remained significantly
above chance up to 1100 ms into the cue maintenance interval (AUC = 0.60, 99% CI = [0.56,
0.63]), before returning to chance level at around 1600 ms. Interestingly, significant decoding
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Fig 7. Temporal generalisation matrix and multivariate pattern analysis result for the contrast “AX” vs “BX”
trials. Note. Panel a) depicts the generalisation across time (GAT) matrix for the classifier performance averaged across
subjects. Training times are depicted on the y-axis and test times on the x-axis. Time 0 ms depicts the onset of the cue
stimulus. Time 2500 ms depicts the onset of the probe stimulus. Panel b) depicts the multivariate pattern decoding
performance along the diagonal of the GAT matrix (i.e., diagonal decoding performance). The solid line in b) shows
the average diagonal decoding performance and the shaded region surrounding it expresses its uncertainty with a 99%
confidence interval. Significant above chance (> 50%) diagonal decoding was observed at approx. 180 ms and between
300 and 1600 ms (p < 0.01, Bonferroni corrected). (C) GAT decoding performance for selected time windows of
interest matching the peak of the patterns identified by mass univariate analysis: 180-190 ms, 550-650 ms, 1000-1100
ms from cue presentation. The depicted performance time-courses reflect the average of performance time-courses of
all classifiers trained in the respective time window. Classifiers trained on the 180-190 ms time window showed no
significant above chance decoding after correction for multiple comparisons. Classifiers trained on the 550-650 ms
showed significant above change performance from approx. 300-900 ms (p < 0.01, Bonferroni corrected). Classifiers
trained on the 1000-1100 ms time window showed significant above chance performance between approx. 700 and
1500 ms (p < 0.01, Bonferroni corrected); Overlap (i.e., simultaneous significant decoding of both classifiers) was
observed between approx. 700 and 900 ms from cue presentation.

https://doi.org/10.1371/journal.pone.0311319.g007

of “AX” and “BX” trials was also observed during the probe processing time (see Fig 7B,

time > 2500 ms). The peak performance (AUC = 0.58, 99% CI = [0.55, 0.62]) was achieved at
approximately 2800 to 2900 ms from post-cue, corresponding to approximately 300 to 400 ms
post-probe. These findings mirror the results from the mass univariate analysis approach, with
enhanced diagonal performance coinciding with the time windows of the identified patterns
of differences between “A” and “B” cues.

GAT analyses revealed significantly different dynamics of the classifiers trained on different
cue amplitude response patterns (see Fig 7C). Classifiers trained on early evoked occipital-
parietal activity failed to generalise to other stages of the cue maintenance interval. This indi-
cates that the underlying neural generator is temporally specific and is only transiently acti-
vated at the beginning of the information processing stream. In contrast, classifiers trained on
the cue-evoked parietal positivity and cue-evoked fronto-central negativity were able to gener-
alise to other stages of the cue maintenance interval, sharing a substantial degree of overlap
(see Fig 7C, time: 500-1000 ms). This indicates a more sustained activation of the neural gen-
erators during the preparatory recruitment of control. The parietal positivity classifier
achieved the highest decoding performance of all classifiers and significantly generalised
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between approximately 300-900 ms. In contrast, the fronto-central negativity classifier signifi-
cantly generalised between ~ 700 and 1500 ms.

Second, we tested classifiers’ ability to distinguish between “AX” and “AY” trials based on
their evoked amplitude patterns. In these trials the cue was the same but the required behav-
iour was different. Results indicated that classifier performance was highest during the probe
processing interval (i.e., 2500-3000 ms, corresponding to 0 to 1000 ms post-probe; see Fig 8A).
As depicted in Fig 8B, diagonal decoding performance indicated that “AX” and “AY” pairs
could be significantly decoded beginning around 2700 ms post cue (i.e., 200 ms from probe
presentation; AUC = 0.57, 99% CI = [0.54, 0.61]). Diagonal decoding performance progres-
sively increased from this time point, reaching its peak at approximately 3100 ms (i.e., 600 ms
from probe presentation, AUC = 0.66, 99% CI = [0.62, 0.70]). Thereafter, diagonal decoding
performance reverted to chance level towards the end of the analysis time window. These
effects mirror those from the mass univariate analysis approach, with peaks in diagonal perfor-
mance aligning with the time windows of the probe-evoked early parietal-occipital negativity,
frontal positivity, and subsequent parietal positivity.
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Fig 8. Temporal generalisation matrix and classifier performance for the contrast “AX” vs “AY” trials. Note. Panel
a) depicts the generalisation across time (GAT) matrix for the classifier performance averaged across subjects. Training
times are depicted on the y-axis and test times on the x-axis. Time 0 ms depicts the onset of the cue stimulus. Time
2500 ms depicts the onset of the probe stimulus. Panel b) depicts the multivariate pattern decoding performance along
the diagonal of the GAT matrix (i.e., diagonal decoding performance). The solid line in b) shows the average diagonal
decoding performance for the contrast “AY” vs “AX”. The shaded region surrounding it expresses the uncertainty with
a99% confidence interval. Significant above chance (> 50%) diagonal decoding was observed between approx. 2700
ms and 3500 ms from cue presentation (i.e., corresponding to 300 and 900 ms from probe presentation; p < 0.01,
Bonferroni corrected). (C) GAT decoding performance for selected time windows of interest matching the peak of the
patterns identified by mass univariate analysis: 2700-2800 ms, 2850-2950 ms, 3000-3100 ms post-cue presentation.
The depicted performance time-courses reflect the average of performance time-courses of all classifiers trained in the
respective time window. Classifiers trained on the 2700-2800 ms time window showed above chance decoding during
the same time window but no generalisation across time effects. Classifiers trained on the 2850-2950 ms time window
showed significant decoding performance from 2800-3000 ms (p < 0.01, Bonferroni corrected). Classifiers trained on
the 3000-3100 ms time window showed significant above chance performance between 2900 and 3300 ms (p < 0.01,
Bonferroni corrected); Overlap (i.e., simultaneous significant decoding) was observed between 2800 and 3000 ms post-
cue.

https://doi.org/10.1371/journal.pone.0311319.g008

PLOS ONE | https://doi.org/10.1371/journal.pone.0311319  October 21, 2024 16/28


https://doi.org/10.1371/journal.pone.0311319.g008
https://doi.org/10.1371/journal.pone.0311319

PLOS ONE

Neurocognitive dynamics of preparatory and adaptive cognitive control

GAT analysis revealed significantly different dynamics among the classifiers trained on dif-
ferent probe-evoked amplitude response patterns (see Fig 8C). Similar to the classifiers trained
on early cue-evoked activity, classifiers trained on early probe evoked occipital-parietal activity
failed to generalise to other stages of the information processing stream. Conversely, classifiers
trained on the frontal and parietal positivity patterns significantly generalised for approxi-
mately 200 ms, exhibiting a smaller degree of overlap compared to the cue-classifiers (see Fig
8C, time: 3000 ms, i.e., 500 ms post-probe). The frontal positivity classifier significantly gener-
alised between approximately 2800-3000 ms (i.e., 300-500 ms post-probe). Furthermore, a
weak but significant generalisation effect of the frontal positivity classifier to cue-evoked activ-
ity was found (time: 150-170 ms post-cue; AUC = 0.53, 99% CI = [0.52, 0.55]), suggestive of a
functional relationship between early cue evoked activity and frontal positivity responses to
the probe. The parietal positivity classifier achieved the best decoding performance of all probe
classifiers and significantly generalised between approximately 2900 and 3400 ms (i.e., 400-
900 ms post-probe).

Relationship between behavioural performance and evoked amplitude response.

Finally, we examined whether there was a relationship between behavioural performance in
the DPX and the strength of evoked amplitude response patterns. To this end, we computed
two signal detection theory-based measures [cf. 79], 4’ Context and the A-cue response bias,
and used them to predict differential amplitude responses in a simple regression model over
the whole scalp. d” Context and the A-cue response bias measures quantify the extent to which
participants depended on cue or probe information to make decisions during the task [80].
Each measure provides a different perspective on this effect, as explained below.

d’ Context was calculated by comparing the rate of correct responses in “AX” trials to the
rate of incorrect responses in “BX” trials (& consext = ZaX correct—ZBX incorrect)- 1t Can be seen as a
measure of reliance on cue information (i.e., the context) to increase performance during the
task (i.e., higher scores mean better performance). For instance, someone who relies strongly
on cue information is more likely to prepare a target response in “A”-cue trials and, concur-
rently, more likely to prepare a non-target response “B”-cue trials. Thus, they would show a
high number of correct responses in “AX”-trials and a low number of errors in “BX”-trials. In
contrast, someone who is less reliant on cue information could still perform well in “AX” but
would be less accurate in “BX” trials, thus leading to a lower score in d” Context [43].

Conversely, the A-cue response bias was calculated by comparing the rate of correct
responses in AX trials to the rate of incorrect responses in “AY” trials (Apizs = 0.5%X[Zax correctt-

.._]). This measure reflects the degree of behavioural bias associated with “A”-cues.
While this bias proves beneficial in “AX” trials, it results in poorer performance in “AY” trials
—implying that higher scores correspond to worse performance in “AY” trials.

Our analysis revealed significant moderation effects of d” Context on the estimated differ-
ence between “B” and “A” cues (see S3 Fig in S1 File). Higher d’ Context scores were associated
with a more positive amplitude response for “B” cues compared to “A” at parietal channels at
approximately 300 and 550 ms (peak: PO3 at 562 ms; b = 1.27 1V, 99% CI = [0.16, 2.23]). In
addition, higher d” Context scores were associated with a more pronounced negative amplitude
response for “B” cues compared to “A” at frontal channels at approximately 1130 ms post cue
(i.e., towards the end of the cue retention interval; peak: channel FC2 at 1133 ms, b =-0.98 1V,
99% CI = [-2.43, 0.32]).

Further, we found significant moderation effects of d” Context on the estimated difference
between “AX” and “AY” probes (see S4 Fig in S1 File). Higher d’ Context scores were associ-
ated with a stronger positivity effect for “AY” compared to “AX” probes at parietal-occipital
channels approximately between 400 and 600 ms post probe (peak: channel O1, b = 1.68 1V,
99% CI = [-0.19, 3.60]). During the same time period, higher d” Context scores led to more
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negative amplitude responses for “AY” compared to “AX” probes at frontal channels (peak:
channel Fz, b = -1.98 uV, 99% CI = [-3.79, -0.16]).

Finally, we found very few significant effects of the A-cue response bias on the estimated dif-
ference between “B”- and “A”- cues (see S5 Fig in S1 File) and the estimated difference between
“AY”- and “AX” probes (see S6 Fig in S1 File). Results indicated that higher A-cue response
bias scores were mainly associated with more negative amplitudes responses for “AY” com-
pared to “AX” probes at central channel at approximately 100 and 300 ms post probe (peak:
Channel CP1, b =-0.59 uV, 99% CI = [-1.15, -0.03]).

Discussion

Cognitive control is thought to rely on a neural network spanning posterior parietal and frontal
brain regions [6]. Preparatory and adaptive control are believed to serve complementary pur-
poses, enabling flexible goal-directed behaviour in dynamic environments by recruiting neural
resources at different stages of decision-making [46]. To further elucidate the temporal dynam-
ics of preparatory and adaptive control recruitment, our study employed a combination of hier-
archical mass univariate and MVPA procedures. We examined EEG amplitude responses
evoked during the performance of the DPX-a task frequently used to measure the contributions
of preparatory and adaptive cognitive control to behavioural performance. Our goal was to pro-
vide a more comprehensive assessment of the EEG amplitude patterns associated with the pre-
paratory and adaptive recruitment of control, as well as to delineate their functional timing and
spatio-temporal evolution throughout the information processing stream.

Early evoked occipital-parietal response patterns

Analysis of the cue-evoked amplitude responses revealed significant differences between cues
that encouraged preparatory recruitment of control (i.e., “B” cues or highly preparatory cues)
and more ambiguous ones (i.e., “A” cues). Notably, around 170-200 ms post-cue presentation,
highly preparatory cues exhibited an enhanced negative amplitude response at parietal-occipi-
tal channels (e.g., P5, PO7, P6, PO8) and an enhanced positive amplitude response at frontal
channels (e.g., FC1, F4). Furthermore, our analyses revealed similar early amplitude response
patterns for probes that appeared subsequently. Probes, which signalled an unexpected devia-
tion from the prepared behavioural response (i.e., “Y” probes after an “A” cue), elicited a more
negative amplitude response pattern at parietal-occipital channels and a more positive ampli-
tude response at frontal channels compared to expectation-confirming probes (i.e., “X” probes
after an “A” cue).

These results are in line with previous research [21, 22]. Past studies focusing on ERP com-
ponents have shown enhanced occipital N1 amplitudes for highly preparatory cues [21].
Meanwhile, other research has highlighted an enhanced fronto-central positive polarisation of
the ERP in the context of these cues [22]. Our findings suggest that highly preparatory cues
evoked enhanced amplitude response patterns at both occipital and fronto-central electrodes.
This indicates that earlier, seemingly isolated amplitude response effects could be two views on
the same experimental effect.

Early evoked EEG amplitude responses have been associated with initial sensory processing
[47], benefits from stimulus feature selection [81, 82], and adjustments in neural circuitry
before attention is deployed [83]. Although typically linked with specialised perception pro-
cesses, such as facial feature identification [84], there is growing evidence suggesting that these
amplitude response patterns may represent a domain general attentional allocation mecha-
nism [82]. Early occipital and fronto-central amplitude responses have been documented
across various stimuli types, from words to figures [85] and spatial navigation cues [86]. Their
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association with salience detection in different domains [87] suggests the involvement of con-
sistent neural generators across tasks.

Our results resonate with this viewpoint. The early amplitude response patterns seen in the
DPX task could signify a core sensory processing mechanism, paving the way for more robust
recruitment of control in subsequent processing stages. Notably, our data indicate that both
highly preparatory cues and probes indicating a need for behavioural adjustment amplify the
engagement of these mechanisms. In trials with cues that encourage preparatory recruitment of
control, there seems to be a heightened recruitment of attentional resources, potentially facilitat-
ing a subsequent activation of the needed “task-set” [cf. 24]. Similarly, increased attentional
recruitment by deviant probes seems essential to prompt the system for behavioural adaptation.

Time generalisation analysis indicated that these early spatio-temporal patterns were highly
specific in their ability to discriminate between different types of cues and probes. Namely,
classifiers trained on this early amplitude response could decode the identity of the stimuli
during the same time window, but their performance did not generalise to other stages of the
information processing stream (see Fig 7, for instance). This suggests that their neural genera-
tor facilitated attentional allocation to features of the stimulus but contributed less to subse-
quent processing of stimulus information (e.g., behavioural configuration processes). Indeed,
it has been proposed that early negative parietal amplitude responses may be related to more
pre-attentive adjustments in the underlying neural circuitry than behavioural preparation or
response selection processes [83].

Mid-range parietal and frontal-parietal positivity patterns

Cues that encourage preparatory recruitment of control elicited a stronger and more sustained
positive amplitude response pattern across multiple parietal electrodes than more ambiguous
cues. This finding aligns with prior research. Studies examining ERP components have
reported enhanced positive amplitude responses for preparatory cues, particularly at parietal-
occipital electrodes [22]. Moreover, similar amplitude response patterns have been identified
in task switching paradigms [24, 88]. In these paradigms, cues that indicate an upcoming
change in behavioural requirements generally elicit a more prominent positive polarisation of
the ERP in central-parietal regions compared to control cues [88]. Our data builds on these
findings, indicating that stimuli which foster proactive recruitment of control induce changes
in EEG activity across a wide parietal cluster, with the temporal extent and magnitude scaling
with the predictive value of the stimuli.

Central-parietal amplitude responses have been related to the stimulus evaluation stage
where stimuli are classified into categories, such as targets or distractors, and “go” or “no-go”
commands, allowing for a selection of appropriate responses to the environment [23, 35, 89,
90]. Supporting this notion, research has indicated that the magnitude of these responses cor-
relates with performance benefits [24]. In our study, a clear relationship emerged between
behavioural performance in the DPX and the differential parietal amplitude response observed
for highly preparatory versus ambiguous cues. Specifically, participants with higher d’ Context
scores exhibited a more pronounced differential positivity at central and fronto-central chan-
nels around 600-800 ms post-cue. Participants’ d” Context scores reflect their reliance on cue
information in the DPX. Hence, a more positive amplitude response for cues than encouraging
behavioural preparation could indicate increased engagement of frontal brain regions [91, 92]
supporting the configuration of the underlying neurocognitive architecture in accordance
with the demands at hand.

Central-parietal amplitude responses are posited to denote an ongoing stimulus evaluation
stage [23, 89, 90]. In this stage, the system classifies stimuli into categories such as targets or
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distractors, and “go” or “no-go” imperatives, enabling the selection of appropriate responses
[23, cf. 35]. Previous research has shown that the magnitude of these response patterns aligns
with condition-specific performance benefits [24]. Consistent with this, our study revealed a
relationship between behavioural performance in the DPX and the sustained central-parietal
amplitude response. Subjects with higher d” Context scores displayed an additionally enhanced
differential positivity effect for preparatory cues at fronto-central electrodes. An individual’s d’
Context score can be understood as their reliance on cue information during the DPX. Thus,
stronger fronto-central amplitude responses for these preparatory cues may indicate increased
engagement of frontal brain structures [91, 92], supporting the configuration of the neural cir-
cuitry that facilitates the response selection process.

Similarly, probes that indicated an unexpected deviation from the anticipated behavioural
response elicited an enhanced central-parietal positivity, when compared to expectation-con-
firming probes. Preceding this parietal positivity, we also observed an enhanced frontal posi-
tivity for these probes. We interpret this sequential enhancement of frontal and parietal
positivity patterns as the cascading activation of neurocognitive processes intended to over-
come behavioural biases. The fronto-central positivity could represent the recruitment of fron-
tal attentional resources. This recruitment is triggered when a stimulus, contrary to
expectations, prompts the system to revise its current action strategy [91]. The subsequent
heightened parietal positivity pattern could reflect a heightened deployment of cognitive
resources needed for adequate stimulus-response mapping. This notion is supported by our
finding that subjects who were more reliant on preparatory processes (as indicated by a higher
d’ Contexts scores), also showed a more pronounced differential parietal positivity effect when
probes signalled the need for late behavioural adaptation.

Time generalisation analysis revealed that classifiers trained on this parietal-positivity
response achieved the best decoding performance among all classifiers. In addition, these clas-
sifiers were able to generalise over large proportions of the cue and probe processing intervals.
This indicates that the underlying patterns of brain activity were sustained in a stable form for
several, partially overlapping, tens of milliseconds. Furthermore, parietal positivity classifiers
showed a substantial degree of overlap with the subsequent fronto-central negativity pattern
evoked by cue-stimuli and the fronto-central positivity evoked by probe stimuli. These results
suggest a rapidly succeeding and partially overlapping activation of underlying brain struc-
tures, each for a short time period, in response to behaviourally relevant stimuli.

Late fronto-central negativity patterns

Finally, our analysis revealed an enhanced frontal-central negativity for cues that encouraged
preparatory recruitment of control compared to their more ambiguous counterparts. This
effect peaked at approximately 1400 ms post-cue, consistent with prior research. Enhanced
fronto-central ERPs, such as the CNV [17], have been identified for cues that signal the prepa-
ration of a behavioural response in comparable tasks [21]. These amplitude response patterns
have been linked to anticipatory attention [18] and adjustments in response caution [20]
ahead of goal-relevant events. In our study, the pronounced fronto-central negativity for these
highly preparatory cues could reflect the engagement of an anticipatory process that allows the
system to bias response execution, which in turn facilitates quicker reactions during these
trials.

Limitations and implications for further research

Our study extends previous research by demonstrating that the recruitment of cognitive con-
trol affects amplitude responses across multiple scalp areas. Instead of merely influencing
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individual ERPs, the recruitment of control appears to initiate a cascade of amplitude fluctua-
tions in the scalp-recorded EEG, a finding that we firmly believe better represents the process-
ing of information in the underlying neural circuitry. This is a key finding because it provides
several advantages in terms of construct and ecological validity.

Traditional ERP analyses often rely on averaged responses to specific stimuli, potentially
overlooking the dynamic nature of cognitive processes as they occur in real-world settings
[27]. In contrast, our study demonstrated that using mass-univariate and multivariate analysis
methods, we can capture the spatio-temporal evolution of EEG responses more comprehen-
sively [33]. This allows for a more nuanced understanding of how cognitive control is recruited
and implemented over time [36]. Our findings indicate that cognitive control is not a static
process localized to specific brain regions but rather arises from a dynamic interplay of neural
structures distributed across the brain [6]. This is in line with the concept of distributed neural
processing [10, 93], where cognitive functions are supported by networks of interacting
regions rather than isolated areas, highlighting the importance of temporal dynamics in under-
standing cognitive control [10, 94].

Furthermore, our results have practical implications for the assessment and training of cog-
nitive control. By providing a more detailed mapping of EEG responses, we believe that our
approach could enhance the precision of brain modulatory interventions (e.g., neurofeedback,
transcranial direct current stimulation) aimed at improving brain function [95, 96]. Under-
standing that cognitive control is a cascade of processes rather than a static function can lead
to more targeted treatments. For example, in disorders like ADHD [97, 98] or schizophrenia
[99], where selective deficits in cognitive control are prevalent, interventions can be designed
to specifically target the dynamic interplay of neural circuits. This could involve tailored neu-
rofeedback protocols [cf. 100] that focus on enhancing the temporal coordination of these pro-
cesses, potentially leading to more effective treatments and better outcomes for patients.

One further limitation of our study is that both target and non-target responses were per-
formed using the same (dominant) hand. Originally, this decision was made to minimize
influences introduced by expertise using the non-dominant hand for either response. At the
same time, this could have introduced an unwanted lateralisation effect during neural process-
ing (more negative amplitude responses over the right occipital lobe for unpredicted probes).
However, the lateralisation effects present in our data seemed to be more indicative of sensory
processes (e.g., early attention allocation to the probe) rather than motor preparation. Never-
theless, more specialized studies are needed to rule out contaminants introduced by the experi-
mental setting. Future research should consider using responses from both hands to
determine if this influences the observed brain activity patterns. This approach could help clar-
ify the impact of motor responses on lateralization and provide a more comprehensive under-
standing of the neural mechanisms underlying cognitive control.

Our current experimental design only allows us to make informed hypotheses regarding
the specific sub-processes activated by the recruitment of cognitive control. Also, we cannot
satisfactorily rule out the potential influence of confounds introduced by characteristics of the
DPX. For instance, an alternative interpretation for our findings could be that subjects were
simply more accustomed to seeing certain types of cues and probes (e.g., “A”-cues and “X”-
probes). Thus, stimulus frequency could influence the amplitude response patterns recorded
during the task. Indeed, stimulus frequency has been shown to influence the amplitude of
early evoked parietal-occipital responses, such as the N170 [101], with amplitude decreasing as
stimulus frequency increases. Stimulus frequency could therefore explain reduced early ampli-
tude responses to more frequent cues, which, in our study, also predicted subsequent beha-
vioural demands less accurately. However, we observed that amplitude modulations were not
specifically tied to the infrequent stimuli themselves (e.g., “Y” probes). Instead, strong
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amplitude modulations were elicited when stimuli were behaviourally relevant (e.g., “Y
probes in “A”-cue trials). In contrast, there was no similar effect when infrequent stimuli had
no impact on behaviour (e.g. “Y” probes in “B”-cue trials) even though the stimulus itself was
generally less frequent. Therefore, it seems unlikely that stimulus frequency alone can fully
account for the differences between conditions. Nonetheless, future studies should consider
controlling for or isolating stimulus frequency effects to provide a clearer understanding of the
processes at play. Future research should further explore the specific features of cues and
probes that drive these enhanced parietal and fronto-central responses, as well as investigate
how these neural differences translate to behavioural performance in tasks requiring attention,
evidence accumulation, and decision-making.

Lastly, there’s a growing consensus in the literature indicating that both preparatory (often
termed proactive) and adaptive (or reactive) recruitment of control offer distinct advantages
and limitations [46]. While preparatory control can be more effective by enabling a focus on
goal-relevant behaviour and recruiting control before the occurrence of relevant events [102],
its efficiency hinges greatly on the validity and reliability of the contextual cues prompting
preparation, as these cues inform predictions about likely scenarios [6, 8]. Conversely, adaptive
control provides flexibility in responding to unexpected shifts, conflicts, or errors [103]. Yet, it
often results in slower reactions compared to the anticipatory benefits of proactive control
[104]. Existing research points to a competition for shared neurocognitive resources between
these two control strategies [105]. Moreover, behavioural outcomes seem to stem from a bal-
ance between the two [12]. The intricate dynamics between these mechanisms, their functional
timing, and the neural architecture supporting them remain subjects of intensive study [1, 10,
106]. Our findings, in this context, offer promising insights into the temporal interplay of
these control systems. By capturing the cascade of amplitude fluctuations in scalp-recorded
EEG associated with the recruitment of control, we provide an integrated account of how
these systems may be functioning in concert. The timing of these fluctuations, particularly
their onset and overlap, sheds light on the potential sequence and interactions of preparatory
and adaptive controls at a neural level. As we move forward, a key challenge lies in examining
the universality of our findings across varied populations and experimental setups. Further-
more, probing the role of individual differences in shaping these neural responses becomes
crucial. It appears crucial to probe the role of individual differences in shaping these neural
responses. Specifically, factors like motivation [107], the influence of incentives [108], working
memory capacity [80, 109], and overall cognitive ability might differentially modulate the
interplay between preparatory and adaptive controls, thereby potentially altering the observed
neural patterns and their relation to behavioural outcomes.

Conclusion

In this study, we demonstrate that the evoked amplitude response to cues and probes corre-
sponded to an extended sequence of distinct and partially overlapping brain activation pat-
terns, as opposed to single neural signatures for preparatory and adaptive recruitment of
control. Importantly, our findings are in line with previous research reporting differential
amplitude responses for behaviourally relevant cues and probes. Our results provide a direct
replication and extension of these findings by demonstrating that the differential amplitude
response cue and probe stimuli in the DPX is not constrained to individual channels and time-
windows. In contrast, our results firmly demonstrate that previously reported and seemingly
isolated differences between conditions can in fact be integrated into a sequence of distinct
spatio-temporal amplitude response patterns, indicating a cascadic propagation of brain activ-
ity between sensory processing and anticipatory behavioural configuration. These effects
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complement the results of the behavioural analysis by showing that differences in behavioural
performance are tracked by significant differences in the processing of the cues and probes.
Furthermore, our multivariate spatio-temporal approach provides additional information
about the functional timing and organisation of the candidate neurocognitive processes under-
lying the engagement in preparatory and adaptive cognitive control. These results provide a
more representative approximation and mapping of the neurocognitive mechanisms that
enable flexible behavioural adaptation in context dependent decision-making [cf. 12, 110]
compared to more traditional ERP methods [29, 33].
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