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Fig. 3. Power spectral density (PSD) Slope and Amino Acid Ratio Effects (A) Conceptual visualization of PSD slope and
amino acid ratio. A flatter slope of the power spectrum indicates a higher E/I ratio (more excitation relative to inhibition),
while a steeper slope indicates the opposite. Slope values shown are exemplary. Higher ratio of phenylalanine (Phe) and
tyrosine (Tyr) relative to other large neutral amino acids (LNAA) indicates higher dopamine synthesis capacity. (B) Mean
PSD slope averaged across all subjects, illustrating the typical slope observed in our data. (C) Topographical map showing
significant electrodes for the interaction of PSD slope, amino acid ratio, and condition. T-values for the contrast of interest
(ignore—update) are plotted. Significant electrodes are marked with circles. Both identified clusters survived cluster-based
permutation testing. (D) Results from post hoc analyses examining the effect of cluster-average PSD slope-amino acid
ratio interaction per condition. Significant interaction effects were found in the ignore and control short conditions, but not
in the update condition. For visualization purposes, amino acid ratio was grouped into high and low categories based on
a median split. PSD slope on the X-axis is an average of both clusters. Data points reflect the fitted accuracy values per
subject. Shaded areas indicate 95% confidence intervals for the regression lines. (E) Source analysis results displaying
T-values for the contrast of interest (ignore—update), illustrating the spatial distribution of condition-dependent PSD and
amino acid ratio effects. (F) P-values for source—space results showing the interaction of PSD slope, amino acid ratio, and
condition per vertex. Significant vertices (p < 0.01, uncorrected) are highlighted in red. Significant areas include right pre-
and post-central gyri, frontal cortex, supramarginal gyrus, precuneous and parietal cortex, and cingulate gyrus, as well as
left supplementary motor cortex, subcallosal cortex, precuneous cortex, cingulate gyrus, parahippocampal gyrus.
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Fig. 3C). Permutation testing results showed that both
clusters were significant at p < 0.05 (Supplementary
Fig. S2B). Adding control variables such as age, sex, 1Q,
BMI, DFS, or BIS/BAS scores, or task-related tiredness
and concentration to the models did not change these
results. Importantly, while relative alpha power did show
a significant main effect on overall task accuracy
(p = 0.021), it did not take away from the main effect of
interest, that is the three-way interaction of condition,
PSD slope, and amino acid ratio stayed significant. See
Supplementary Table S5 for the full model output. Addi-
tional exploratory analyses revealed that there was no
direct correlation between blood amino acid ratio and
resting-state PSD slope exponent (3 = 0.007; SE = 0.028;
p = 0.502; see Supplementary Fig. S5B).

To further elaborate on the observed PSD—amino
acid ratio—condition interaction, we built a cluster aver-
age PSD score per cluster and ran additional post hoc
analyses, testing the interaction of cluster PSD and amino
acid ratio per condition separately (Fig. 3D). These analy-
ses show that the initial interaction was driven by a blood
amino acid ratio—PSD slope interaction in ignore
(B=-3.51, P, orecteq = 0-021) and control short (B = -1.94,
Puncorrected = 0-020) conditions, but no such interaction in
the update condition (8 = 1.30, P, .. ,recteq = 0-406). For the
long control condition, the interaction was not significant
(Puncomectes = 0-179), but the direction of effect aligned with
ignore and control short conditions (B = -1.730). This
effect was similar for both clusters.

Again, to get a better grasp of the origin of this effect,
we repeated the analysis on the source level (see Meth-
ods section). Similarly to LRTCs, results show that the
origin of the PSD slope, amino acid ratio, and condition
interaction effect was widespread (Fig. 3E). Sources with
p < 0.01 (uncorrected) were found in the right pre- and
post-central gyri, frontal cortex, supramarginal gyrus,
precuneous and parietal cortex, and cingulate gyrus, as
well as left supplementary motor cortex, subcallosal cor-
tex, and precuneous parahippocampal gyrus (cortex,
cingulate gyrus; Fig. 3F). See Supplementary Table S4 for
a detailed list of all significant vertex clusters. Post hoc
analyses of the interaction between PSD slope (averaged
over all voxels with p < 0.01) and amino acid ratio per
condition reveal a pattern similar to that observed at the
sensor level (Supplementary Fig. S3B).

3.4. PSD slope shapes LRTC effects on task
performance

Given that LRTC solely indicates whether the E/I balance
is “optimal”, but does not clearly discern whether the net-
work leans more toward excitation or inhibition, we opted
for an additional exploratory analysis. For this, we chose
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to look at how LRTCs and PSD slope would interactively
predict condition-dependent task performance. This way
we could check whether criticality in a more “excitatory”
sample (flatter PSD slope) would predict task perfor-
mance differently than criticality in a more “inhibitory”
sample (steeper PSD slope). Results reveal that indeed
PSD slope and DFA predicted accuracy interactively
(B =-1.096, SE = 0.4574, p = 0.016). This did not differ
per condition, however (P oorapso = 0-406). Please
refer to Supplementary Table S6 for the full Anova Out-
put. To dissect this DFA-PSD slope interaction further, we
split the sample into steep versus flat PSD slope, based
on median split, and looked at how DFA relates to accu-
racy in each of these subsamples. These analyses
showed that DFA was negatively correlated with accu-
racy when PSD slope was steeper ( =-0.328; SE=0.121,
p = 0.008), while it did not correlate with accuracy when
PSD slope was flatter (3 = -0.106; SE = 0.164; p = 0.522;
Fig. 4A). Additionally, in the sample with a flatter PSD
slope (higher excitation), there was a trend significant
interaction effect of condition and DFA (p = 0.071). The
correlation between DFA and accuracy was numerically
positive but insignificant in the update condition
(B =0.181; SE = 0.172, p = 0.299), while it was numeri-
cally negative and insignificant in the ignore condition
(B = -0.106; SE = 0.156, p = 0.503). To further explore
whether the interaction between DFA and PSD slope on
accuracy might be associated with underlying differences
in LRTCs across PSD groups, we checked whether DFA
differs systematically between the two subgroups
(Fig. 4B). Indeed, we found that in the subgroup with a
steeper PSD slope, the mean DFA is significantly higher
(mean = 0.812, SD = 0.095) than in the flat-slope PSD
subgroup (mean = 0.737, SD = 0.0838, 1(69.31) =-3.5784,
p < 0.001), as shown in Figure 4B. To check whether this
dependency leads to multicollinearity in our initial model
(Model 3), we conducted a Variance Inflation Factor (VIF)
analysis (see, e.g., Thompson et al., 2017). The results
showed a VIF of 1.10 for both PSD slope and DFA, indi-
cating that there was no concerning collinearity among
the predictors.

3.5. P300 amplitude reflects working
memory gating, but is not affected by
intrinsic E/l network dynamics

To gain an insight into how LRTCs and 1/f slope influence
behavioral outcomes, we examined their effects on brain
activity during moments of ignoring or updating stimuli.
For this, we extracted the P300 event-related potential
(ERP) in response to the to-be-ignored or updated stim-
ulus and first investigated whether its amplitude could
predict condition-dependent task performance. Since
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Fig. 4. Interaction of cluster DFA and PSD slope. (A) In the subsample with a steeper PSD slope, that is more “inhibitory”
network settings, DFA exponent correlates negatively with task performance, independent of condition (p = 0.008). In

the subsample with a flatter PSD slope, that is more “excitatory” network settings, there was no significant correlation
between DFA exponent and task performance (p = 0.522). Shaded areas indicate 95% confidence intervals for the
regression lines. (B) DFA difference in PSD slope groups. Mean DFA was significantly lower in the flat-slope group than in
the steep-slope group (p < 0.001).
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Fig. 5. Effects of the P300 event-related potential on task performance. (A) P300 time series at PZ electrode per
condition. The gray area marks the time window of interest from which we computed average P300 amplitude. Average
amplitude in this time window was significantly higher for the ignore condition (mean = 1.651 pV, SD = 3.242 V) than
for the update condition (mean = 1.207 nV, SD = 3.356 pnV, p < 0.001. (B) Relationship between P300 amplitude and
condition-dependent task performance. After controlling for covariates, a significant interaction between condition

and P300 amplitude was observed (p = 0.039). Post hoc analyses revealed a significant negative association between
P300 amplitude and performance in the update condition (§ = -0.071, SE = 0.031, p = 0.025), while there was no such
association in the ignore condition (3 = 0.003, SE = 0.024, p = 0.884).

higher P300 amplitude is generally associated with cog- amplitude was significantly higher in the ignore
nitive processes such as attention allocation (Kok, 2001; (mean = 1.651 uV, SD = 3.242 uV) than in the update
Polich, 2007) and working memory updating (Donchin & condition (mean = 1.207 pV, SD = 3.356 nV, p < 0.001;
Coles, 1988; Verleger, 1988), we hypothesized that in our  Fig. 5A). Please refer to Supplementary Table S7 for the
task, P300 amplitude would be higher in response to full model output. Next, we tested whether this difference
updating a stimulus compared with ignoring one. We in amplitude could explain task performance. Results
observed the opposite pattern, however: average P300 showed a trend-significant effect of P300 amplitude on
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accuracy, which varied by condition (condition*P300:
B = -0.063, SE = 0.037, p = 0.086). After controlling for
covariates (see Methods section), this effect became sig-
nificant (3 = -0.081, SE = 0.039, p = 0.039). See Supple-
mentary Table S8 for the full model output. Post hoc
analyses show that P300 amplitude was negatively asso-
ciated with update performance (3 = -0.071, SE = 0.031,
p = 0.025), while it was not associated with performance
in ignore trials (B = 0.003, SE = 0.024, p = 0.884; Fig. 5B).
As we conducted a trial-based analysis, we noticed that
some P300 amplitudes were negative. To check whether
these values indicated a shift in peak latency rather than
true negative amplitudes, we split all trials into high- and
low-amplitude groups, based on whether their amplitudes
were above or below 0 pV, respectively. This follow-up
analysis confirmed our suspicion (see Supplementary
Fig. S4), suggesting that our findings might be due to a
combination of changes in amplitude and peak latency
shifts. Finally, we investigated whether LRTCs or the PSD
slope—amino acid ratio interaction (previously found to be
relevant at the behavioral level) could predict condition-
dependent P300 amplitude. Our analysis revealed that
neither LRTCs nor the PSD slope—amino acid ratio inter-
action significantly predicted condition-dependent P300
amplitude (Poey. coniion = 0-146, Ppsp.amino acid ratio-condiion =
0.289). See Supplementary Tables S9 and S10 for full
model outputs, respectively.

4. DISCUSSION

Balancing distracter-resistant maintenance and flexible
updating of working memory representations is a key
challenge for the brain and something that commonly
goes awry in neuropsychiatric disorders (e.g., Fallon et al.,
2017a; Tanaka, 2006; Uitvlugt et al., 2016). Previous inves-
tigations have mainly focused on the neural locus of this
gating process, demonstrating the involvement of pre-
frontal cortex and striatum (D’Ardenne et al., 2012; Fallon
et al., 2017b; Nir-Cohen et al., 2020). The current study
significantly advances these previous findings by expos-
ing the E/I dynamics involved in working memory gating
sub-processes. Specifically, we show that these pro-
cesses can be predicted by two resting-state markers of
E/I balance (LRTC) and E/I ratio (PSD slope), respectively.

4.1. Effects of cortical E/l dynamics
are condition-specific

Interestingly, the effects of both LRTCs and PSD slope
were particularly evident in the ignore, control long, and
control short conditions, but not in the updating condi-
tion. This pattern is noteworthy as it highlights a shared
characteristic among the affected conditions: despite
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interference in the ignore condition, all of them generally
require the stable maintenance of WM representations
over time. It seems, therefore, that network E/I dynamics
primarily affect maintenance-related subprocesses of
WM gating. This finding may be explained by the fact that
maintenance processes are predominantly managed by
the PFC (Frank et al., 2001; Hazy et al., 2006; O’Reilly &
Frank, 2006). Since our study uses scalp EEG to capture
LRTCs and PSD slope, these measures most likely reflect
cortical dynamics, including those generated in the PFC,
which is a cortical structure. In contrast, updating primar-
ily relies on signaling of subcortical structures, specifi-
cally of the striatum (Hazy et al., 2006; O’Reilly & Frank,
2006; van Schouwenburg et al., 2010). The lack of signif-
icant effects of E/I dynamics on updating could, therefore,
stem from methodological constraints, particularly the
challenge of detecting striatal activation using scalp EEG.
The condition-specific pattern observed in our data thus
aligns well with literature pointing toward the engagement
of different neural circuits underlying the two working
memory gating processes. Our data provide further evi-
dence for the dissociation of these processes at the level
of cortical network dynamics.

Alternatively, the observed maintenance-specific pat-
tern might suggest that cortical E/I dynamics affect over-
arching working memory processes rather than gating
per se. Supporting this interpretation, we observed that
neither LRTCs nor PSD slope influenced condition-
dependent P300 amplitude—a more immediate marker
of the gating process in our task.

4.2. Cortical E/I dynamics do not affect
gating-related P300 amplitude

Given its condition-specific relationship to task perfor-
mance, we conclude that P300 amplitude may serve as a
valid marker for working memory gating in our task. Con-
trary to our expectations, however, the average P300
amplitude was higher in response to stimuli that should
be ignored compared with those that required updating.
Moreover, an increase in amplitude correlated with declin-
ing performance in update trials. At first glance, these
findings seem to contradict established theories about
P300, reflecting attention allocation and context updating
(Donchin & Coles, 1988; Kok, 2001; Polich, 2007; Ver-
leger, 1988). From a different perspective, however, P300
amplitude increases can also be interpreted as reflecting
the number of cognitive resources utilized (Ghani et al.,
2020). Our results hence suggest that ignoring irrelevant
information may demand more cognitive resources, pos-
sibly because suppressing incoming information is more
challenging. This interpretation gains support by our
behavioral data, which indicate that participants gener-
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ally performed worst in the ignore condition, implying a
higher level of difficulty. In our paradigm, elevated P300
amplitude might, therefore, signify controlled inhibition,
which would be detrimental in updating trials where
participants should encode rather than inhibit stimuli.
However, our data lack empirical support for this inter-
pretation, preventing us from drawing definitive conclu-
sions. Utilizing concurrent EEG-fMRI could help link P300
amplitude changes to specific brain regions involved in
ignore and updating processes, potentially validating the
proposed relationship between P300 and gating.
Nonetheless, the fact that neither LRTCs nor PSD slope
affects this paradigm-specific marker of working memory
gating suggests that cortical E/I network dynamics may
influence task outcomes through mechanisms distinct
from those reflected by P300-related gating. The precise
pathways by which these cortical network properties
modulate performance in our task thus remain an open
and intriguing question, warranting further investigation.

4.3. Long-range temporal correlations relate
negatively to working memory maintenance
processes

Stronger LRTCs are frequently observed to correlate with
improved cognitive performance (Nakao et al., 2019;
Simola et al.,, 2017). Most important to our study,
Mahjoory et al. (2019) found that stronger LRTCs were
linked to faster and more accurate adaptive cognition in
a working memory task—a finding we anticipated to
extend to our study. Our results contradict these expec-
tations, however, showing that LRTCs generally exhibited
a negative relationship with WM task performance. Effect
sizes for the significant negative relationships ranged
from B = -0.11 to B = -0.22, indicating that even small
increases in DFA exponents are associated with notice-
able decreases in accuracy. Importantly, our control anal-
ysis, assessing the contribution of relative alpha power,
suggests that the observed effects are unlikely to be con-
founded by individual alpha power differences, thereby
highlighting the unique role of LRTCs.

The unexpected negative association between LRTCs
and task performance might be explainable by theories
suggesting that stronger LRTCs, which imply greater auto-
correlation of the signal, go along with an increased signal
“memory” (see Simola et al., 2017). This concept proposes
that higher LRTC scaling relations might lead to a pro-
longed influence of past neural states on current and future
states. Providing empirical support for this concept, Smit
et al. (2013) demonstrated that individuals with higher
LRTC scaling showed a greater tendency to carry forward
timing errors when attempting to maintain a steady rhythm
in a fixed tapping task. Stronger temporal dependencies
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hence seem to lead to the carryover of past information. In
the current study, participants are required to flexibly adapt
to the demands of the task on a trial-by-trial basis, with no
cues at the beginning of each trial to indicate whether it will
be an ignore, update, or control trial. Only during the inter-
ference phase do participants become aware of the spe-
cific condition. In this adaptive task environment, stronger
LRTC—reflecting greater signal “memory”—may hinder
overall performance by causing interference between trials
(also see Euler et al., 2016). For example, features of an
item seen in a previous trial may be carried over to the next
trial, interfering with the mental representation of the cur-
rent target item. In line with this reasoning, the negative
effect of stronger LRTCs becomes particularly evident in
maintenance-heavy conditions (ignore and controls) where
discarding redundant information, such as presented dis-
tractors or (more generally) items seen in previous trials, is
essential. Greater carryover of past information (i.e.,
greater signal memory) due to stronger LRTCs might thus
disproportionately impact accuracy in these conditions.
Updating, on the other hand, might not be affected by
LRTCs, as it relies more heavily on rapid adaptation to
changing information. The inherently adaptive nature of
our task might prime an overly adaptive state, potentially
rendering the influence of intrinsic signal memory (as rep-
resented by LRTC) less relevant for updating processes.
Conversely, or in addition, the phasic increase of dopa-
mine associated with updating may facilitate the selection
of relevant information while suppressing outdated stimuli.
This might counteract the potential interference caused by
heightened signal memory, effectively reducing the nega-
tive impact of LRTCs on updating performance.
Interestingly, additional exploratory analyses examin-
ing the interaction between LRTCs and PSD slope sug-
gest that the negative impact of strong LRTCs might be
particularly detrimental to task accuracy in individuals
with a steep PSD slope. Follow-up analyses revealed that
this group generally exhibited higher DFA exponents,
reflecting stronger LRTCs. The latter observation aligns
with the network models proposed by Poil et al. (2012),
which suggest that a lower E/I ratio generally results in
temporal correlations closer to criticality (see Fig. 4A in
Poil et al., 2012). In the context of our adaptive task, the
combination of an inhibition-dominated network and
stronger signal memory may lead to increased rigidity,
which could explain the detrimental impact on task per-
formance observed in this group. In contrast, participants
with a flatter PSD slope exhibited lower baseline DFA
exponents, indicating weaker LRTCs. The combination of
weaker LRTCs (less signal memory) and a more excitable
network (flatter PSD slope) may enable better adaptabil-
ity by reducing the carryover of information from previous
trials and enhancing responsiveness to new stimuli. In
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Fig. 6. Conceptual illustration of the inverted U-shaped relationship between amino acid ratio (dopamine) and cognitive
performance. Based on comparisons with mean ratios from other studies, the high amino acid ratio group (red) in our
sample appears to fall on the right side of the dopamine-cognition parabola.

this more flexible neural state, the strength of LRTCs did
not significantly affect task accuracy, suggesting that
greater intrinsic network flexibility reduces the relevance
of long-range dependencies.

Overall, it hence seems that a specific range of LRTC
values can be either favorable or detrimental system
dynamics, depending on the particular network predis-
positions and context (see Euler et al., 2016; N. D. Herzog
et al., 2021). Such interpretations should be taken with
caution, however, as this was an exploratory analysis.
Nevertheless, our results reinforce the notion that, despite
potential state-dependent variations, resting-state LRTCs
possess trait-like qualities, providing meaningful predic-
tions of cognitive performance. Future research could
build on these findings by manipulating the excitation—
inhibition balance, potentially through pharmacological
interventions, to investigate how changes in E/I balance
affect the impact of LRTCs on cognition. Understanding
these mechanisms in greater detail might inform thera-
peutic approaches to improve cognitive function in clinical
populations.

4.4. PSD slope interacts with amino acid
ratio to predict maintenance-related
working memory processes

Contrary to our initial expectations, we found no signifi-
cant direct association between PSD slope and condition-
dependent task performance. However, when considering
blood amino acid ratio, condition-specific effects of the
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PSD slope emerged. Specifically, for individuals with high
amino acid ratios, there was a negative correlation
between PSD slope and task performance in the three
maintenance-related conditions (ignore, control short,
and control long). There was no such relationship for low
amino acid ratio individuals. The effect sizes for the sig-
nificant interactions ranged from 3 = -1.73 to g = -3.51,
indicating that even modest changes in amino acid ratio
and PSD slope are associated with substantial decreases
in task performance. Again, control analysis indicated no
significant contribution of alpha power to these effects.
Notably, the interaction effect was again absent in the
update condition, reaffirming the maintenance specificity
of cortical E/I dynamics. We speculate that our findings
can be understood in light of the inverted U-shaped rela-
tionship between dopamine and PFC-dependent cogni-
tion (e.g., Cools & D’Esposito, 2011): while intermediate
dopamine levels foster good cognitive performance,
extreme levels—both high and low—are associated with
performance deterioration. A high amino acid ratio sug-
gests an increased presence of dopamine precursors
phenylalanine and tyrosine in the bloodstream (Moja
et al., 1996), indicating heightened dopamine synthesis
capacity and, consequently, elevated dopamine levels
in the brain (Barrett & Leyton, 2004; Coull et al., 2012;
Leyton et al., 2004; Montgomery et al., 2003). Comparing
amino acid ratio ranges in our data with those from stud-
ies utilizing similar calculation methods (e.g., from our
laboratory: Hartmann et al., 2020, 2023; or externally:
Montgomery et al., 2003), the high amino acid group in
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our sample appears to fall further right on the inverted
U-shaped curve (Fig. 6). When dopamine levels are high,
the PFC tends to operate in a D1-dominant state, which
promotes heightened network stability (Durstewitz et al.,
2000). This enhanced stability makes the neural circuits
better equipped for maintaining working memory more
resistant to distractions. However, this can come at a
cost if inhibition becomes excessive, as indicated by a
steeper PSD slope. The combination of a steep PSD
slope and high amino acid ratios may, therefore, contrib-
ute to an “over-inhibition” state, resulting in an excessive
suppression of neural activity. Given the adaptive nature
of our task, as mentioned earlier, such a state could be
detrimental to performance. At more middle range dopa-
mine levels, however, variations in network E/I ratio might
not have such a significant impact, as the system may be
less prone to circuit stability.

Taken together, our findings hence indicate that the
high amino acid ratio individuals in our sample are more
sensitive to changes in network E/I ratio. This interpreta-
tion aligns with recent research indicating that excessive
dopamine might disrupt the delicate balance between
excitation and inhibition in the PFC, potentially via GAB-
Aergic signaling (see Domenico & Mapelli, 2023).

4.5. Neural origin of effects

Given the specificity of our LRTCs and PSD slope effects
to maintenance-related conditions, we anticipated that
they might primarily be attributable to the dorsolateral
prefrontal cortex (dIPFC). Indeed, source-level analysis
partially confirmed the involvement of the dIPFC, with
particularly pronounced effects in the right hemisphere.
However, effects also extended to parietal areas, indicat-
ing the potential involvement of the frontoparietal attention
network (FPN; e.g., Scolari et al., 2015), a key system in
cognitive control and working memory processes. Our
findings are hence in line with previous studies suggesting
the involvement of FPN in a variety of tasks that require
phasic adaptive cognitive control (Eriksson et al., 2015;
Mahjoory et al., 2019; T. P. Zanto & Gazzaley, 2013). Strik-
ingly, the topography observed in our data largely resem-
bles that reported by Mahjoory et al. (2019), who also
investigated the effects of resting-state LRTCs on working
memory. Both, our study and that of Mahjoory et al. (2019),
found a dominance of the right hemisphere, suggesting a
consistent pattern of LRTC involvement in working mem-
ory processes across different experimental paradigms.
This consistency strengthens the reliability of our findings
and indicates a robust relationship between LRTCs in the
frontoparietal network and working memory processes.
For PSD slope, the effects also spread to the left sup-
plementary motor area (SMA), and some effects seemed
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to originate from the posterior cingulate cortex (PCC). The
potential involvement of the PCC is particularly notewor-
thy, given its extensive interconnections with subcortical
regions, including the basal ganglia (Vogt, 2019). This
finding is intriguing as it aligns well with our observation of
an interaction between PSD slope and amino acid ratio,
that is dopamine synthesis capacity. As previously dis-
cussed, dopamine signaling in the basal ganglia is cru-
cially involved in WM gating (e.g., Cools & D’Esposito,
2011; Frank et al., 2001). The PCC’s involvement may
thus represent a potential bridge between cortical dynam-
ics (as measured by PSD slope) and subcortical dopa-
minergic processes influencing WM performance. The
exploratory nature of our source-level analysis and the
absence of multiple testing correction necessitate a con-
servative approach to drawing conclusions, however. Yet,
the consistency between our sensor-level and source-
level results lends credibility to these exploratory findings.

4.6. Broader implications and significance

Our findings significantly advance our understanding of
the neural mechanisms underlying working memory gat-
ing processes. By demonstrating the role of resting-state
cortical E/I dynamics in maintenance-related working
memory processes, we provide new insights into how the
brain manages specific aspects of information process-
ing within the broader context of working memory gating.
Our findings suggest that cortical E/I dynamics particu-
larly influences the maintenance, rather than the updating
component of gating. Moreover, our results challenge the
broad assumption that stronger LRTCs would always be
beneficial for cognitive functioning (also see Euler et al.,
2016; Fusca et al., 2023; Hardstone et al., 2012; Jager
et al., 2024), implying that they are either favorable or
detrimental system dynamics, depending on the particu-
lar network predispositions and/or cognitive demands.
Furthermore, our PSD slope findings underscore the
importance of a delicate network E/I ratio for optimal
cognition, complementing the established role of dopa-
mine levels in working memory. These results have
potential implications for understanding cognitive deficits
in neuropsychiatric disorders characterized by working
memory dysfunction. They suggest that alterations in
cortical E/I dynamics could contribute to these deficits,
opening new avenues for targeted manipulation studies
and, consequently, interventions.

DATA AND CODE AVAILABILITY

The data and code used to produce the presented
results will be available at https://github.com/O-BRAIN
/WORMCRI upon publication.
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