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ABSTRACT

Vigilance is crucial to daily life, but is highly vulnerable to sleep deprivation (SD). Although prior work attributes
SD-related vigilance decline to impaired fronto-parietal function, how sleep loss alters the information-
processing processes that support vigilant attention remains unclear. To address this gap, we linked single-
trial event-related potentials (ERPs) to psychomotor vigilance task (PVT) performance using a linear mixed-
effects model (LMM) across two sessions: normal sleep (NS) and 24-h SD. Forty-three participants completed
the PVT in both sessions, with electroencephalography (EEG) recording. Results showed that vigilance perfor-
mance deteriorated after SD, accompanied by delayed latencies of early ERP components and reduced amplitude
of late components. Single-trial LMM analyses indicated that early ERPs predicted vigilance performance in both
conditions, but with a delayed onset and stronger effect under SD. Critically, late attention-related ERPs only
predicted vigilance in the NS condition, with no evident ERP-performance correlation after SD. These findings
suggest that SD alters the information-processing pattern underlying vigilance—weakening top-down control
and shifting reliance to earlier, stimulus-driven perceptual processing, which might serve as a partial

compensation.

1. Introduction

Vigilance underpins everyday safety and performance — from staying
focused in class to driving for hours at a time - and is among the
cognitive domains most susceptible to sleep deprivation (SD) (Lim &
Dinges, 2008). Despite its practical importance, a mechanistic under-
standing of how sleep loss affects online vigilance processing remains
limited. Most previous studies investigating the neural correlates of
vigilance after sleep deprivation have relied on functional magnetic
resonance imaging (fMRI), which effectively captures large-scale
network alterations but lacks the temporal resolution to track
moment-to-moment cognitive dynamics (Drummond et al., 2005; Maire
et al., 2018). Alternatively, a limited number of electroencephalography
studies have explored vigilance-related cognitive components,
providing valuable insights into the temporal dynamics of neural pro-
cessing (Hoedlmoser et al., 2011; Stojanoski et al., 2018; Tramonti

Fantozzi et al., 2022). Yet, the focus on isolated components and the
limited behavioral associations has made the underlying mechanisms
somewhat uncertain (Hudson et al., 2020). It therefore remains an open
question how sleep deprivation alters the dynamic interaction between
information processing stages. Bridging this gap is critical for eluci-
dating sleep’s role in maintaining fundamental cognitive operations and
for identifying neurophysiological targets to mitigate vigilance decline.

Vigilant performance depends on the effective transformation of
sensory input into goal-directed actions, a process that draws on both
early perceptual encoding and later top-down control (O’Connell &
Kelly, 2021). Early in the processing stream, the sensory system extracts
stimulus features and integrates them into perceptual representations
that support signal detection. These operations are indexed by
occipito-parietal event-related potential (ERP) components such as P1
and N1, which reflect the efficiency of sensory encoding and are
modulated by attention (Ahmadi et al., 2018; O’Connell et al., 2012).
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Later stages rely on executive mechanisms that prioritize task-relevant
information and regulate behavioral responses. According to the
biased-competition model, the fronto-parietal control system maintains
task goals and allocates processing resources through top-down biasing
signals (Miller & Cohen, 2001). This resource allocation is commonly
reflected in the parietal P3 component (Polich, 2007). A complementary
control pathway, the cingulo-opercular network, supports performance
monitoring and the integration of feedback across time (Dosenbach
et al., 2008). Within this network, the frontal N2 component—origi-
nating in the anterior cingulate cortex—is associated with conflict
monitoring and the suppression of irrelevant noise (Nieuwenhuis et al.,
2003). Together, these findings indicate that vigilance is supported by a
hierarchical architecture, in which lower-level sensory integration pro-
cess (P1/N1) is followed by top-down attentional modulation (N2/P3).
However, despite extensive work on each component process, it remains
unclear how sleep deprivation influences these cognitive
sub-components and their interaction.

Vigilance fluctuates intermittently in daily life and deteriorates
further after sleep deprivation, leading to slower responses, more lapses
and errors, and a heightened performance decline over time (Lim &
Dinges, 2008). The state-instability theory interprets the heightened
response variability and unpredictable behavior. Among numerous
competing systems, the tension between an involuntary drive toward
asleep and a top-down effort to sustain vigilance plays a dominant role
on performance after SD (Durmer & Dinges, 2005). At the level of
cognitive processing, sleep deprivation depletes the top-down control
system’s resources, making it difficult to maintain attention on
task-relevant processing (Lim & Dinges, 2008). Evidence from compu-
tational modeling studies supported that sleep loss impact vigilance
performance by degrading the integration/accumulation of
task-relevant information (Patanaik et al., 2014; Ratcliff and Van Don-
gen, 2011). Transient improvements frequently follow intermittent
omissions, as task-related processing fluctuates between brief “offline”
and “online” states (Lim & Dinges, 2008). It reflects a compensatory
engagement of cognitive processing (Doran et al., 2001; Hudson et al.,
2020). Compensatory changes in prefrontal activity have been observed
(Wang et al., 2016). During prolonged task engagement, prefrontal ac-
tivity shows a compensatory increase that helps sustain performance,
followed by a subsequent decline as neural resources are continuously
consumed. EEG studies on sleep deprivation have also revealed evidence
of compensatory activity supporting impaired executive functioning
(Chen et al., 2024; Song et al., 2023). Within the hierarchical frame-
work, the compensatory mechanism may not be a single process but as a
dynamic redistribution across hierarchical levels of cognitive process-
ing. Specifically, when the top-down attentional modulation at the ex-
ecutive control level becomes weakened by sleep deprivation, the
perceptual representation system at the posterior cortical level may be
recruited to support vigilance performance. This compensatory shift
reflects a cross-level reallocation of limited neural resources rather than
a mere local increase in perceptual activity. Several studies have applied
ERP measures to assess the vulnerability of vigilance-related sub-
processes to sleep deprivation. Sleep deprivation shows a consistent
impact on later control-related ERP components, reliably reducing or
delaying N2/P3 measures of monitoring and resource allocation (Peng
et al., 2024; Stojanoski et al., 2018). In contrast, its effects on early
sensory components are mixed, with some studies reporting reduced P1
or delayed P200 (Hoedlmoser et al., 2011; Tramonti Fantozzi et al.,
2022), while others find no measurable change in early components
(Stojanoski et al., 2018). Overall, top-down control signals are consis-
tently SD-sensitive, the status of early sensory processing remains
debated, and the characteristics of early ERP components in PVT lack
consistency across studies. A critical, unsolved issue is whether a
compensatory mechanism exists within the hierarchical system to sta-
bilize lower-level perceptual processing when top-down attentional
control declines.

By linking early (perceptual) and late (attentional control) ERP
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components to vigilance performance across different sleep pressure
conditions (normal sleep vs. sleep deprivation), our study aimed to test
the hierarchical compensation hypothesis. Specifically, we hypothesized
that SD would impair top-down attentional control (N2/P3) in fronto-
parietal regions, thereby diminishing its ability to selectively enhance
lower-level sensory information processing (P1/N1). In addition, SD
may trigger a compensatory shift in recruitment from top-down control
to lower-level sensory processing. The magnitude of ERP responses re-
flects the vulnerability of SD and the behavioral association implies the
task-related recruitment of specific cognitive operations. A previous
study employed a single-trial ERP combined with linear mixed-effects
modeling (LMM) to quantify the relationship between ERP responses
and lexical-semantic predictability at successive time points, thereby
estimating the onset predictability effects in the ERP signal (Zheng et al.,
2023). Here, we adopt this framework to quantify the behavioral asso-
ciation of different ERPs and to enable us to compare the recruitment of
different cognitive processes between sleep conditions.

2. Method
2.1. Participants

Forty-three healthy university students were enrolled in the experi-
ment as participants (24 females, age range was 21.53 + 2.16 years,
body mass index (BMI) was 21.18 + 3.83 kg/m?). Participants were
confirmed eligible by self-reported structural screening questionnaire
for the following criteria: (1) regular sleep schedule with at least 7 h
sleep duration; (2) good sleep quality [scores of Pittsburgh Sleep Quality
Index (PSQI) < 7 (Buysse et al., 1989) and excluded extreme morning
and extreme evening type as assessed by Morningness-Eveningness
Questionnaire]; (3) right-handed and with normal or corrected vision;
(4) no history of neurological and medical disorders; (5) no shift work
experience or trans-meridian travel 60 days before the start of experi-
ment; (6) no history of cigarettes and alcohol consumption; (7) no
symptoms of depression [scores of Beck Depression Inventory< 10 (Beck
& Steer, 1984)] or anxiety [scores of State-Trait Anxiety Inventory < 53
for male and < 55 for female (Spielberger, 2010)]. The experimental
procedure was approved by the Ethical Committee of South China
Normal University (approval number: SCNU-PSY-2021-215). All par-
ticipants signed the informed consent before the experiment and were
financially compensated at the end of the study.

2.2. Experimental procedure

Each participant visited the controlled laboratory environment three
times, including adapted sleep (AS), normal sleep (NS), and 24h-sleep

Session

20:30 23:00 7:00 8:30

8h Sleep

24h Sleep Deprivation
Arrive
10min PVT with EEG recording

Fig. 1. Experiment protocol. The formal experiment contains two sessions.
Participants slept 8 h in the NS session and stayed awake overnight in the SD
session. In both sessions, participants conducted the psychomotor vigilance test
(PVT) the next morning.
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deprivation (SD) sessions (see Fig. 1). AS at the first visit was for task
familiarization and exclusion of sleep disorder with polysomnography
(PSG). There was at least one day between AS and formal sessions.
Participants were instructed to avoid caffeine, alcohol, and energy drink
consumption for two days prior to the study. Additionally, they were
required to maintain a regular sleep schedule of 7 — 9 h of sleep per night
(wake-up time before 8:00 a.m. and bedtime 22:00 — 24:00 h), starting at
least 7 days before the study. Compliance with experimental instructions
was confirmed with a sleep diary and actigraphy (Actiwatch Spectrum,
Philips).

In NS and SD sessions, participants arrived at the laboratory at
8:30 p.m. The NS session involved sleep from 11:00 p.m.-7:00 a.m.,
while the SD session required overnight wakefulness with calming ac-
tivities allowed, such as reading, watching low-arousal videos, and
taking short walks. Each participant in the lab was under the supervision
of two well-trained experimenters. At 8:30 a.m., they performed a 10-
minute PVT. The sequence of sessions was counter-balanced, with at
least 2 weeks intervals to mitigate residual sleep deprivation effects.

2.3. Psychomotor vigilance test (PVT)

The psychomotor vigilance test (PVT) was programmed by E-Prime
2.0 software, and required response with the dominant hand when the
red box in the center of the screen turned yellow, after which RT feed-
back was displayed for one second (see Fig. 2). The inter-stimulus in-
tervals (ISI) ranged from 2 to 10 s. A trial with RT greater than 500 ms
was identified as a lapse. Trials with RT exceeding three standard de-
viations or less than 100 ms were invalid and excluded from analysis.
The mean number of trials was 82.19 + 2.15 (range: 77-88) in the NS
group and 77.56 + 4.23 (range: 68-87) in the SD group. Fewer trials in
SD result from generally longer RT in 10 min-PVT.

2.4. EEG data acquisition and processing

2.4.1. EEG recording and preprocessing

The scalp electroencephalogram (EEG) was recorded with an ANT
EEG/ERP acquisition system with a 64-channel DC amplifier. The Ag/
AgCl electrodes were placed according to the international 10-20 sys-
tem. The ground electrode was at AFz, and the reference electrode was
at CPz. The impedance was kept below 10kQ and digitized with a
sampling rate of 512 Hz using a 24-bit A/D converter. Online band-pass
filter set from 0.1 to 100 Hz.

EEG preprocessing and data analysis were performed using the
EEGLAB toolbox (Delorme & Makeig, 2004) and custom-written scripts
in MATLAB R2022a (The MathWorks Inc., Natick, MA, United States).
EEG data were high-pass and low-pass filtered at 0.1 Hz and 80 Hz. A
notch filter from 48 to 52 Hz was used to prevent power line interfer-
ence. Continuous EEG Signals were re-referenced to the average
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reference, segmented into epochs of —200-800 ms relative to the
color-change onset (0 ms), and baseline-corrected using the average of
the 200 ms preceding stimulus onset. Segmented EEG data was visually
inspected. Trials with eye artifacts were rejected. Channels with poor
quality were replaced by spherical spline interpolation (Perrin et al.,
1987), and the interpolated channels were identical in both NS and SD
sessions for each participant. For each condition, 6.35 + 1.67 (range:
3-10) channels were interpolated. The remaining artifact-free trials
were 77.09 £+ 5.01 (range: 65-85) and 70.44 + 5.07 (range: 60-79) in
NS and SD sessions, respectively.

2.4.2. Event-related potentials (ERP) analysis

2.4.2.1. Spatial-temporal ROI identification. The global field power
(GFP) was used to reveal the SD-impaired task-relevant processing pe-
riods (temporal ROI). GFP measures the overall brain activation without
assuming EEG signal sources, providing data-driven (Han et al., 2019).
Comparing GFP across conditions enables robust measurement of the
sleep-deprivation effect on neural activity. Participant GFP was derived
from trial-averaged ERPs (-200-800 ms) for each condition,
baseline-corrected using the 200-ms pre-stimulus interval, and calcu-
lated as the standard deviation of all electrode ERP signals relative to the
average reference at each time point. Temporal ROIs were defined as the
time window with a significant between-condition difference in GFP (i.
e. 5-127ms, 154-357ms, see 3.2.1). To localize SD-impaired vigi-
lance-related neural activities, condition-combined ERP signals within
temporal ROIs were compared with the baseline (i.e., —200-0 ms)
signal. Spatial ROIs were defined as electrode clusters showing signifi-
cantly greater ERP response in the temporal ROIs. As no significant ERP
difference was found in the 5-127 ms time window at any electrode site
after multiple corrections (p > .192), this time window was excluded
from further analysis.

2.4.2.2. ERP peak amplitude and peak latency. The results of spatial-
temporal ROI identification (see Fig. 5A for details) identified four
ERP components. For early ERP components, the peak amplitude was
identified within a 0-250ms window, which encompassed the first peak
of GFP (see Fig. 4). The peaks of late ERPs were detected across the
entire epoch of trials (e.g., 0-800ms). As their latencies were more
variable, restricting the analysis to a fixed window could introduce
subjective bias. Each participant’s ERP peak amplitude was obtained by
computing the maximal absolute amplitude of trial-averaged ERP within
the time window. The peak latency of the ERP was defined as the time
point of the trial-averaged ERP’s peak amplitude for each participant.

2.4.3. Time series of ERP data-behavioral performance relation

2.4.3.1. Linear mixed-effects model (LMM) regression analysis. The

Maximum Wait time= 10s lsl
)

Preparation Stimulus onset

Response eedback integration

ISI: 2~10s

Fig. 2. Stimulus sequence of the psychomotor vigilance test (PVT). PVT measures the arousal state of the individual. A single PVT trial consists of preparing an
oncoming signal (i.e., the box color turned yellow) with inter-stimulus intervals randomized from 2 to 10 s, a timely response to the changed signal, and integrating

feedback of RT for 1 s.
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association between the temporal dynamics of ERP responses and vigi-
lance performance was examined using LMM regression analysis. This
approach aims to identify the extent to which different stages of infor-
mation processing contribute to vigilance performance, as well as the
temporal characteristics of these contributions. The LMM regression
model results provide information about the time course of ERP
response that can predict behavioral performance. Similar LMM
frameworks have been employed by previous studies to examine the ERP
prior to the appearance of the target noun in relation to its predictability
(e.g., Nieuwland et al., 2018; Zheng et al., 2023). In the current study, a
single-trial LMM analysis was first conducted to reveal ERP effect sizes
(i.e., p-estimates) on vigilance performance (i.e., RT) in 10-ms epochs
with 10-ms steps in the 150-500 ms time window after stimulus onset.
The time window was selected to align with the temporal ROI (i.e.
154-357ms) and to encompass the peak of the late ERP components.
When the regression estimation of ERP achieved statistical significance,
a more robust and exact estimation of onset latency and the maximal
effect size of ERPs on vigilance performance were obtained using the
jackknife method. The within-condition LMM was estimated in NS and
SD separately, and the parameters were statistically compared used the
jackknife method. We did not add sleep condition as a model predictor
because our primary focus is on comparing the ERP predictability of RT
across conditions, rather than examining the interaction effect. The
current approach helps avoid multicollinearity issues arising from the
correlation between sleep condition and RT (see Fig. 3) and ensure
model stability.

2.4.3.2. Single-trial LMM analysis. The single-trial LMM is conducted
with the "ImerTest" package in the R software. Before entering the
model, the RT was normalized using a log-transform to increase model
stability. The normalized RT was subsequently Z-transformed to facili-
tate comparability of LMM estimates across models. In each condition,
within the 150-500 ms latency window, single-trial ERP response in the
10-ms step epoch was entered into the LMM as the outcome variable,
and the behavioral data (i.e. transformed RT) of the trials were entered
as continuous predictors. To ensure the model convergence, only
random intercepts were retained in the LMM for both conditions. When
the model revealed a significant fixed effect over a continuous 10-ms
epochs period (after FDR correction across all epochs), the effect size
of ERP on behavioral performance was reported. This was done by
extracting the F-values, p-values, f-estimates, and their 95 % confidence
intervals (CI) using the Wald method. The values were obtained from the
epoch within the period that showed the smallest yet significant effect.
For LMM in each condition, the following models are used:

ERPamplitude ~ Z(log(RT)) + 1 + (1|subject)

600 Fededke 40 ek
— 30_
[72] -
é 500
»
— o 20
% 400 / 2
< < 104
] i
®
= 300 U, S———
200 T T -10 T T
NS SD NS SD

Fig. 3. PVT behavioral performance declined after sleep deprivation. Lapses
indicated the number of trials with RT greater than 500 ms. ***: p < .001; the
dot and error bar were the mean value and standard deviation across
participants.
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2.4.3.3. Comparisons of LMM parameters with jackknife method. When a
significant effect size (i.e., f-estimate) of ERP amplitude on RT was
observed, the jackknife procedure was applied to the LMM. The jack-
knife method is more noise-resistant and allows statistical comparison
(Kiesel et al., 2008). This procedure was used to validate the
between-condition differences in the onset latency of the ERP effect.
Additionally, it helped assess the ERP’s maximal effect on behavioral
performance. In the jackknife method, the LMM analysis was repeated N
times, with one subject omitted in each repetition (N is the number of
subjects), resulting in N series of LMM results spanning multiple 10-ms
epochs (including t-values, p-values, p-estimates, and 95 %CI of each
10-ms epoch model) for NS and SD conditions separately. We extracted
and statistically compared three features of the ERP-behavior relation-
ship: (1) The maximal S-estimates of early ERP components were ob-
tained in both conditions. These estimates were specified as the absolute
p value from the 10-ms epoch within the first significant period. This
epoch exhibited the strongest association in the period. (2) The onset
latency of the early ERP effect in both conditions, defined as the earliest
time point at which the p-estimates reached statistical significance
(p < 0.05). (3) The maximal p-estimates of ERP components during the
early and late periods in the NS condition.

2.5. Statistical analysis

2.5.1. Cluster-based random permutation test analysis in identifying ERPs

Global field power between SD and NS condition was statistically
compared across the entire ERP epoch (-200-800 ms) using a cluster-
based random permutation test implemented in the ft timelockstatistics
function in the FieldTrip Matlab toolbox (Maris & Oostenveld, 2007):
Paired t-statistics were computed in each time point. Cluster-level sta-
tistics were calculated as the sum of t-values within a cluster and
compared with a null distribution generated from 5000 random per-
mutations of the observed data by shuffling conditions for each partic-
ipant. A cluster was identified as a sequence of adjacent time points in
which the t-statistics consistently exceeded the statistical threshold
(p < 0.05). The cluster was considered significant when the sum of
t-values was lower or higher than 2.5 % of the null distribution (two--
tailed @ < 0.05).

To capture electrode clusters associated with vigilance-related ac-
tivity, spatial ROIs were defined using a cluster-based random permu-
tation test. Specifically, condition-combined ERP signals in temporal
ROIs were compared with baseline across all active electrodes. The
statistical procedure was similar to that described above. The "ft_pre-
pare_neighbours" function was used to identify neighboring electrodes
for spatial clustering, and the sum of t-values within each spatial cluster
was computed. A cluster was considered significant if its summed t-value
exceeded the 97.5th percentile or fell below the 2.5th percentile of the
null distribution (two-tailed, a < 0.05), generated from 5000 random
permutations.

2.5.2. Correction for multiple comparisons in LMM analysis

For single-trial LMM analysis, FDR correction was applied to p-values
for all ERP epochs (10 ms epoch within 150-500ms) across each spatial
ROI and sleep condition. For jackknife method of LMM analysis, FDR
correction was applied to p-values for all repetitions (timeEpoch-by-
subject).

3. Results
3.1. Behavioral performance

Paired t-test showed that (see Fig. 3) sleep deprivation significantly
increased participants’ reaction time (Mns) = 327 ms, M(spy = 423 ms, t

(42) =-9.22,p < 0.001, Cohen’s d = 1.41), induced more occurrence of
attention lapses (Mns)y =4, Mspy = 24, t (42) =-11.66, p < 0.001,
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Cohen’s d = 1.78).

3.2. Neurophysiology results

3.2.1. ERP spatial-temporal ROIs identification

The timing of altered brain processing induced by sleep deprivation
was identified as the time window showing significant between-
condition differences in global field power. The results are shown in
Fig. 4.

EEG data from NS and SD conditions were combined to explore the
spatial distribution of altered vigilance-related activities. While the GFP
showed statistically significant results within 5-127ms, no significant
difference was found at any electrode site after multiple corrections
(p > .192). Therefore, this time window was excluded for further anal-
ysis. According to these statistical results, FC and MP were defined as
spatial ROIs, and the 154-357ms time window was the temporal ROI in
the current study.

3.2.2. ERP peak amplitude and latency

The grand-average ERP waveforms in the fronto-central region and
mid-parietal region in NS and SD conditions were displayed in Fig. 5A.
The change of signal distribution was shown in Fig. 5B.

Repeated-measures ANOVA was conducted to test the sleep depri-
vation effect on early and late ERP peak amplitude in FC and MP regions
(see Fig. 5C). The results showed that the early ERP peak amplitude
significantly decreased after sleep deprivation (F (1, 42) = 9.52,
p = .004, n?, = .185). The early ERP peak amplitude was greater in the
FC than in the MP region (F (1, 42) = 20.52, p < .001, nzp =.328). The
Condition by Region interaction of early ERP did not reach significance
(F (1, 42) =0.534, p = .469, n% =.013). Late ERP peak amplitude
showed a marginally significant effect of sleep deprivation (F (1, 42)
= 3.13, p = .084, % = .069), which decreased after sleep deprivation.
The late ERP peak amplitude was greater in the FC than in the MP region
(F (1, 42) =14.26, p < .001, nzp =.253). The Condition by Region
interaction of late ERP did not reach significance (F (1, 42) =0.17,
p = .685, % = .004).

For each region, the effect of sleep deprivation on early and late ERP
peak latencies were assessed with a repeated-measures ANOVA (see
insets of Fig. 5A). For the fronto-central ERPs, sleep deprivation exerted
a marginally significant main effect on peak latency (F (1, 42) = 4.07,
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p = .050, 7% = .088), accompanied by a significant interaction with ERP
period (F (1, 42) =8.98, p =.005, 112p =.176). Follow-up analyses
revealed that early ERP latency remained stable across conditions (M)
=183 ms, M(spy = 171 ms, t (42) = 1.02, p =.315). By contrast, late
ERP latency showed a significant delay after sleep deprivation (Ms)
=339 ms, Mp) =401 ms, t (42) =-2.89, p=.007). For the mid-
parietal ERPs, the main effect of sleep deprivation was marginally sig-
nificant (F (1, 42) = 3.05, p =.088, nzp =.068), with a significant
interaction by ERP period (F (1, 42) = 8.78, p = .005, 5% = .173). Post
hoc comparisons showed no significant difference between conditions in
the early component (M(nsy = 179 ms, Mspy = 165 ms, t (42) = 1.00,
p =.324), but a clear delay for the late component following sleep
deprivation (M(ns) = 339 ms, M(spy = 394 ms, t (42) = -2.97, p = .006).

3.2.3. Linear mixed-effects model analysis of ERP-PVT performance
correlation

ERP signal in FC and MP regions correlated with RT in NS and SD
conditions (see Fig. 6A-B). In NS condition, greater FC ERP amplitude in
150-200ms (150-160ms: F = 4.35, p=.042, p = -0.21, CI =
[-0.41-0.01]) and 220-300ms (220-230ms: F = 11.60, p =.001, g =
0.38, CI = [0.16 0.60]) correlated significantly with shorter RT, corre-
sponding to the timing of early positive and late negative ERPs. Greater
FC ERP signal in 320-500ms was negatively correlated with RT, sug-
gesting that greater late ERP returned to baseline was linked to shorter
RT (320-330ms: F = 17.63, p < .001, g = —0.50, CI = [-0.73-0.27]).
Greater MP ERP in 170-240ms (230-240ms: F = 9.58, p =.003, g =
0.32, CI =[0.120.52]) and 260-340ms (330-340ms: F = 4.46,p = .042,
p = —0.22, CI = [-0.43-0.02]) was correlated with shorter RT. MP ERP
in 360-500ms (F = 14.08, p < .001, = 0.38, CI = [0.18, 0.58]) also
showed a negative correlation with RT. In the SD condition, the FC ERP
signal in 190-250ms (240-250ms: F = 7.05, p = .031, f = —0.44, CI =
[-0.76-0.12]) and MP ERP signal in 200-270ms (260-270ms: F = 8.04,
p =.023,5=0.45, CI =[0.14 0.76]) showed significant correlation with
RT, corresponding to the early ERP with greater amplitude related to
shorter RT. The FC ERP signal in 460-500ms was negatively correlated
with RT in the SD condition (460-470ms: F = 6.23, p = .046, f = —0.46,
CI = [-0.82-0.10]).

A jackknife-based LMM compared the relative time courses of the
ERP correlation effect between conditions across two ROIs (Fig. 6C-F).
The analysis showed that (1) in the FC region, the mean onset latency

5~127 ms
25 NS
sSD b=
sig N\ Ny .
[\
2r A \ _
| \ \V\V N ,/" S
215} | '
o Spatial ROIs
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21t
0.5F /
Fronto-central
2 Temporal ROI Mid-parictal
0F™ :
i | Il 1 | I

-200 -100 0 100 200 300 400
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displayed significant amplitude differences from baseline activity (p < .001, after FDR correction). The electrode clusters in the frontal-central region (FC, including
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showed significant differences between the averaged signals in the 154-357 ms and baseline activity, after multiple corrections.



Y. Zhou et al.

Biological Psychology 203 (2026) 109185

A. Fronto-central region Mid-parietal region C. Early ERP components
- Early ERP, Late ERP
ar” Early ERP Late ERP Py el ° - FC MP
E 401 NS -E; — dede
3 E‘: S0 -2*5‘“ i Hke "k
A
%, &’ T 2
~aftE h & Ar = I
a O FH
§.1 E 0 M\\,- E ; I
3 71 | |
5. 0 f\..»./\"/\"\—/\ < 1 '5 : ‘
== a
1 ; 5 2 0 T T T T
NS SD NS SD
%00 100 0 100 200 300 400 50 600 700 80 -200 -12:0 <l> 150 m;o 3|I>o 400 500 64;0 760 aola
Time(ms el
me(ms) Time(ms) Late ERP Components
B. FC MP
150~180ms 180~210ms 210~240ms 240~270ms 270~300ms 300-330ms 330~360ms s §9 s i
P % 44 ,,._} I
° —
NS 2 3 E | &
a
£ 21
<
s 1
SD 2 ‘ |
0 T T T T
NS SD NS SD

Fig. 5. Grand-average ERP waveforms and scalp topographies, with group comparisons of peak amplitude and peak latency between NS and SD. A. Grand-average
ERP waveforms (mean + SEM) for the fronto-central (FC) and mid-parietal (MP) regions; insets summarize peak latency for early and late ERP components. B. Scalp
topographies across successive time windows (150-360ms) in NS and SD. The electrode clusters with "*" in white were the spatial ROIs of the current study. C. Group

comparisons of peak amplitude (absolute value, mean + SEM) for early and late ERP components in FC and MP. ***: p < .001; **: p < .01; ns: p > .05.

NS beta Fronto-central region

Mid-parietal region

3r 3 1-1.5
—&— 8D beta 1-3
NS ERP (e o - 1-1
2 SD ERP / -2 r
7 >R 2 1-0.5
o —~ & L 1
g1y == = £ v =
g R R |0s T
o= > = 2 PR . =
=0 — = $0 < =
3 X - = & ~---4d =
= s \ 0 = = £ E‘
S 9 1o E v
5] | \ = - £ 1 1.5
= 1 \\ - 1 % = 1.5 -
BN o 12
2} | " 2r xR
12.5
3 3
200 250 300 350 400 450 200 250 300 350 400 450
Time(ms) - Time(ms) c
C o ] E o ek o
T Kos " E 10 sk . @ 08 F. £ 10
L i bS] w = ns
> 8 = > = &
Eos & o 08 = G 08
) %] @ 2] I
‘e X = < oe
mo4 £ & 04 £
0.4 0.4
: :
5™ 02 g 57
£ £ -] £
G 0.0- % 0.0 S 0.0 % 0.0
= NS sD 2 carly late = NS SD g carly late

Fig. 6. Temporal dynamics of ERP-PVT performance correlations with jackknife-based estimates. Panels (A) and (B) show ERP component waveforms (blue and
pink) and time series of f-estimates (red and gray) in 150-500ms for the fronto-central (FC) and mid-parietal (MP) regions, respectively, based on single-trial LMM
analysis. Dashed line: nonsignificant $-estimates after FDR correction; solid line: significant f-estimates after FDR correction. The shadow around the red/gray line:
95 % confidence intervals of f-estimates. The shadow around the blue/pink line: standard errors of ERPs across participants. Panels (C) and (E) are box charts with
error bar (standard deviation across repetition times based on the jackknife method) of the maximal early ERP correlation effect size (absolute value) in FC and MP
regions, respectively. Panels (D) and (F) are box charts with error bars of the maximal correlation effect size (absolute value) of both early and late ERPs in the NS
condition in FC and MP regions, respectively. ***: p < .001; ns: p > .05.

was 159 ms (varied in the range of 155-165ms) in the NS condition and
195 ms in the SD condition (t (42) = —47.00, p < .001); in the MP re-
gion, the mean onset latency was 175 ms in the NS condition and 204 ms

(varied in the range of 195-205ms) in the SD condition (¢t (42)
= —64.90, p < .001); (2) for the peak p-estimates (absolute values) of
the early ERP, the FC region was 0.45 (varied in the range of 0.41-0.49)
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in NS and 0.63 (varied in the range of 0.57-0.69) in SD (t (42) = —40.60,
p < .001, see Fig. 6C); the MP region was 0.68 (varied in the range of
0.59-0.74) in NS and 0.72 (varied in the range of 0.68-0.78) in SD (t
(42) = —5.69, p < .001, see Fig. 6E). To further quantify effect size
differences between early and late ERP components, we compared peak
p-estimates in the NS condition only, because no significant $-estimate
was observed near the late-ERP peak in the SD condition based on single-
trial LMM results (see Fig. 6A-B). In the FC region, the maximum effect
size of the early ERP was 0.45 (varied in the range of 0.41-0.49),
whereas the late ERP reached 0.87 (varied in the range of 0.82-0.93) (t
(42) = —76.70, p < .001, see Fig. 6D). In the MP region, the maximum
effect of the early ERP was 0.68 (varied in the range of 0.59-0.74) and
that of the late ERP was 0.68 (varied in the range of 0.61-0.74) (t (42)
=1.09, p = .284, see Fig. 6F).

4. Discussion

The current study aimed to test the hierarchical compensation hy-
pothesis in the context of sleep deprivation. First, we examined the
vulnerability of vigilance-related ERPs to sleep deprivation by
comparing the peak amplitude and latency of the ERP response across
conditions. Further, we explored the temporal characteristics and the
extent to which different cognitive processes are recruited to sustain
vigilance by combining ERP and single-trial LMM analysis. We found
that SD altered both early and late ERP responses in fronto-parietal re-
gions. Notably, f-estimates from the LMM indicated that the late ERPs
scarcely predicted vigilance performance after SD, despite being more
predictive than early ERPs in normal sleep condition. In contrast, the
contribution of early ERPs to behaviour was greater under SD than NS.
One plausible explanation is that sleep deprivation impaired the top-
down attention control system, reducing its ability to selectively
enhance lower-level sensory processing. When top-down control re-
sources are limited, vigilance may instead be supported by compensa-
tory recruitment of lower-level processes, such as perceptual
representations.

4.1. Early perceptual representation plays a compensatory role in
maintaining vigilance after sleep deprivation

Our study demonstrated that sleep deprivation weakened early ERP
activity over mid-parietal and fronto-central regions. These components
are commonly interpreted as indexing early perceptual representation.
Previous study had reported that the P200 associated with stimulus
evaluation was affected after SD, which shares similar characteristics
with the early positive ERP in the current study (Tramonti Fantozzi
et al., 2022). In contrast, Stojanoski et al. (2018) reported no significant
change in P1 and N1 amplitude in the sleep loss condition. One possible
explanation for this discrepancy is that the stability of early
sensory-related processing depends on the degree of sleep pressure
accumulation. When sleep loss increases from a 4-hour sleep restriction
to total sleep deprivation, early perceptual processing also becomes
impaired. The vigilance task requires encoding the physical properties of
visual information to form a perception representation for response
identification. Visual encoding begins in the occipital cortex, with initial
V1 responses within 100 ms post-stimulus in discrimination paradigms
(Foxe & Simpson, 2002). The subsequent early ERPs in the 150 ~
250 ms window in the fronto-parietal areas, may reflect sensory inte-
gration from perception formation, consistent with the time course of
visual stimulus consolidation. This indicates that approximately 150 ms
is sufficient for processing stimulus color (Vogel et al., 2006). At this
stage, task-related visual information was integrated and prioritized to
guide attention allocation and action.

The current study revealed that perception representation for stim-
ulus discrimination might impaired under SD. This finding aligns with
evidence that SD decreases discriminative sensitivity and alertness,
leading to lower perceptual presentation (Jagannathan et al., 2022).
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Consistent with our prior hypothesis, decreased top-down attentional
control would diminish its ability to enhance lower-level perceptual
presentation selectively. An fMRI study on the neural basis of attentional
lapses has shown that, when attention lapses during visual tasks, acti-
vation in prefrontal regions responsible for top-down attentional control
decreases, accompanied by reduced activation in the visual system
(Weissman et al., 2006), providing evidence of the closely coordinated
activity between the central control level and lower-level perceptual
representation systems. Even though early perceptual representations
lose the advantage of selective enhancement by attention, our LMM
results indicate that they contribute more to vigilance performance after
sleep deprivation than under regular sleep (the p-estimate of early ERPs
was significantly larger in SD than in NS), suggesting a compensatory
recruitment. At first glance, it may appear paradoxical that the early
ERPs themselves, which physiologically weakened and exhibit dimin-
ished representational quality, effectively compensate for vigilance
performance. It should be noted that the “compensation” in our hier-
archical compensation hypothesis does not necessarily imply an abso-
lute enhancement of neural amplitude. Rather, it reflects a functional
reliance shift—that is, under resource constraints, the cognitive system
increasingly depends on residual perceptual representations to sustain
task performance, even though these neural responses are themselves
attenuated. This shift reflects a less efficient yet adaptive strategy that
reallocates limited resources to lower-level processing to maintain
behavioral output. The delayed onset of these behavioral promotions
after sleep deprivation might indicate that the brain requires more time
to decipher or process the physical features of the stimulus.

4.2. The reduced top-down modulation on vigilance performance after
sleep deprivation

The late ERPs in the fronto-central and mid-parietal regions showed
delayed responses and marginally reduced amplitude following sleep
loss, complementing studies on the effect of sleep loss on top-down
attentional modulation (Stojanoski et al., 2018; Xie et al., 2023).
These late ERPs are involved in inhibiting task-irrelevant noise and
allocating attentional resources, as reflected in the classic N2 and P3
(lannaccone et al., 2015). When people stay awake for a prolonged
period, the inhibition of the default mode network (DMN) becomes less
effective, which disrupts vigilance performance and is responsible for
task-irrelevant mental processing related to attentional lapses and
mind-wandering (Raichle et al., 2001; Weissman et al., 2006). The ACC
is the primary source of N2 and is involved in monitoring and resolving
conflicts between task-relevant stimulus processing and internal
task-irrelevant noise (Iannaccone et al., 2015). The P3 component’s
response is influenced by cognitive load and is considered to reflect
cognitive resource allocation (Ghani et al., 2020). Our LMM analysis
confirmed the hierarchical compensation hypothesis: individuals fail to
allocate attentional resources to task-related processing, leading to a
decrease in cognitive efficiency. The results showed that, under normal
sleep conditions, the association (f-estimate) between N2 and vigilance
performance was stronger than that of early ERP in the frontal area.
However, the p-estimates for both N2 and P3 became non-significant
after sleep deprivation. This finding implies that top-down attentional
control plays a dominant role in sustaining vigilance under a well-rested
state, even more crucial for maintaining alertness than early perceptual
representation. In contrast, this top-down attention modulation function
collapses after sleep deprivation.

4.3. Revealing the information processing of vigilance from the perspective
of sleep loss

Neural resources are limited, with thousands of pieces of information
influxing daily from sensory inputs, which must compete for processing
priority and representation (Desimone & Duncan, 1995). In the current
study, we characterize vigilance-related information processing patterns
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in both optimal (NS) and resource-depleted (SD) states using ERPs.
When well-rested, resources are sufficient for top-down control, which
effectively biases this competition toward task-relevant representation
while suppressing task-irrelevant noise during information processing
(see review, Smith & Ratcliff, 2009). However, after sleep loss, resource
depletion reduces top-down control, leading to greater reliance on the
quality of early perceptual representations for vigilance maintenance
under the SD state.

Biased-competition models of attention suggest that visual attention
involves matching the current perceptual representation with the
attentional template retained in parietal regions and biasing neural re-
sources toward task-relevant processing in the visual system by frontal
regions (Desimone & Duncan, 1995). An fMRI study investigated the
attention lapses under this theoretical framework and linked longer RT
to less DMN deactivation, less occipital cortex activation, less attention
reorientation-related areas activation, and more ACC activation, high-
lighting the importance of top-down attention modulation like conflict
monitoring and attention allocation in maintaining focused attention
(Weissman et al., 2006). Our results, with millisecond-level time reso-
lution, validated the critical role of top-down attention modulation in
online processing and attention performance, as well as the impact of
resource depletion on top-down control.

Neural resource depletion commonly occurs when individuals
repeatedly respond to stimuli or remain in prolonged wakefulness. The
extended or intensive use of task-related regions that constitute cogni-
tive pathways may result in local sleep and subsequent degradation of
information processing, leading to a gradual increase in performance
instability (Van Dongen et al., 2011). Sleep deprivation provides a
powerful, reversible intervention that allows probing the information
processing mediated by neural resource levels and aggravating cognitive
fatigue (Hudson et al., 2020). The current study not only revealed
altered neural activity patterns that explain the attention lapses but may
also imply a common mechanism underlying attention lapses and the
time-on-task effect. Specifically, when the fronto-parietal regions are
overused, top-down attention deteriorates, inducing compensatory
recruitment of stimulus-triggered visual processing.

5. Conclusion

This study elucidated the effect of sleep deprivation on the neural
activity pattern underlying vigilance performance. We found that sleep
deprivation delays top-down attention modulation, rendering it too
unstable to support vigilance performance, as evidenced by longer la-
tencies and later ERPs, indicating behavioral decoupling. In addition,
the present study identified an inefficient vigilance-maintaining strategy
adopted in a sleep-deprived state, in which lower-level processing is
compensatorily recruited to address scarce neural resources and ineffi-
cient attention control. The current research provides direct evidence of
altered neural correlates of vigilance and extends understanding of the
critical role of sleep in sustaining vigilance from a temporal perspective.

CRediT authorship contribution statement

Yuqi Zhou: Writing — original draft, Methodology, Investigation,
Formal analysis. Tian Xie: Writing — review & editing, Investigation.
Zehui Liu: Writing - review & editing, Investigation. Biao Han: Writing
- review & editing, Methodology, Funding acquisition, Conceptualiza-
tion. Ning Ma: Writing — review & editing, Methodology, Funding
acquisition, Conceptualization.

Informed consent

All procedures followed were in accordance with the ethical stan-
dards of the responsible committee on human experimentation (the
ethical committee at South China Normal University) and with the
Helsinki Declaration of 1975, as revised in 2000 (5). Informed consent

Biological Psychology 203 (2026) 109185

was obtained from all participants for being included in the study.

Declaration of Generative AI and Al-assisted technologies in the
writing process

The authors did not use generative Al technologies for preparation of
this work.

Declaration of Competing Interest

The authors report no conflict of financial or academic interest. All
authors have read and approved the manuscript.

Acknowledgments

This work was supported by Guangdong Basic and Applied Basic
Research Foundation, China (No. 2023A1515011873) and Research
Center for Brain Cognition and Human Development, Guangdong, China
(No. 2024B0303390003).

Data Availability

Data will be made available on request. The data that support the
findings of this study are available on request from the corresponding
author.

References

Ahmadi, M., McDevitt, E. A., Silver, M. A., & Mednick, S. C. (2018). Perceptual learning
induces changes in early and late visual evoked potentials. Vision Research, 152,
101-109. https://doi.org/10.1016/j.visres.2017.08.008

Beck, A. T., & Steer, R. A. (1984). Internal consistencies of the original and revised beck
depression inventory. Journal of Clinical Psychology, 40(6), 1365-1367. https://doi.
0rg/10.1002/1097-4679(198411)40:6<1365::AID-JCLP2270400615>3.0.CO;2-D

Buysse, D. J., Reynolds, C. F., Monk, T. H., Berman, S. R., & Kupfer, D. J. (1989). The
Pittsburgh sleep quality index: A new instrument for psychiatric practice and
research. Psychiatry Research, 28(2), 193-213. https://doi.org/10.1016/0165-1781
(89)90047-4

Chen, S., Song, T., Peng, Z., Xu, L., Lian, J., An, X., & Shao, Y. (2024). Total sleep
deprivation triggers a compensatory mechanism during conflict monitoring process:
Evidence from event-related potentials. Archives of Clinical Neuropsychology, 39(3),
367-377. https://doi.org/10.1093/arclin/acad083

Delorme, A., & Makeig, S. (2004). EEGLAB: An open source toolbox for analysis of single-
trial EEG dynamics including independent component analysis. Journal of
Neuroscience Methods, 134(1), 9-21. https://doi.org/10.1016/j.
jneumeth.2003.10.009

Desimone, R., & Duncan, J. (1995). Neural mechanisms of selective visual attention.
Annual Review of Neuroscience, 18, 193-222. https://doi.org/10.1146/annurev.
ne.18.030195.001205

Doran, S. M., Van Dongen, H. P., & Dinges, D. F. (2001). Sustained attention performance
during sleep deprivation: Evidence of state instability. Archives Italiennes Delelott
Biologie, 139(3), 253-267.

Dosenbach, N. U. F,, Fair, D. A., Cohen, A. L., Schlaggar, B. L., & Petersen, S. E. (2008).
A dual-networks architecture of top-down control. Trends in Cognitive Sciences, 12(3),
99-105. https://doi.org/10.1016/j.tics.2008.01.001

Drummond, S. P. A., Bischoff-Grethe, A., Dinges, D. F., Ayalon, L., Mednick, S. C., &
Meloy, M. J. (2005). The neural basis of the psychomotor vigilance task. Sleep, 28(9),
1059-1068. https://doi.org/10.1093/sleep/28.9.1059

Durmer, J. S., & Dinges, D. F. (2005). Neurocognitive Consequences of Sleep Deprivation.
Seminars in Neurology, 25(01), 117-129. https://doi.org/10.1055/5-2005-867080

Foxe, J. J., & Simpson, G. V. (2002). Flow of activation from V1 to frontal cortex in
humans. A Framework for defining ‘Early’ Visual Processing Experimental Brain
Research, 142(1), 139-150. https://doi.org/10.1007/s00221-001-0906-7

Ghani, U., Signal, N., Niazi, I. K., & Taylor, D. (2020). ERP based measures of cognitive
workload: A review. Neuroscience Biobehavioral Reviews, 118, 18-26. https://doi.org/
10.1016/j.neubiorev.2020.07.020

Han, B., Mostert, P., & De Lange, F. P. (2019). Predictable tones elicit stimulus-specific
suppression of evoked activity in auditory cortex. Neurolmage, 200, 242-249.
https://doi.org/10.1016/j.neuroimage.2019.06.033

Hoedlmoser, K., Griessenberger, H., Fellinger, R., Freunberger, R., Klimesch, W.,
Gruber, W., & Schabus, M. (2011). Event-related activity and phase locking during a
psychomotor vigilance task over the course of sleep deprivation: Event-related
activity and phase locking. Journal of Sleeping Research, 20(3), 377-385. https://doi.
org/10.1111/j.1365-2869.2010.00892.x

Hudson, A. N., Van Dongen, H. P. A., & Honn, K. A. (2020). Sleep deprivation, vigilant
attention, and brain function: A review. Neuropsychopharmacology, 45(1), 21-30.
https://doi.org/10.1038/s41386-019-0432-6


https://doi.org/10.1016/j.visres.2017.08.008
https://doi.org/10.1002/1097-4679(198411)40:6<1365::AID-JCLP2270400615>3.0.CO;2-D
https://doi.org/10.1002/1097-4679(198411)40:6<1365::AID-JCLP2270400615>3.0.CO;2-D
https://doi.org/10.1016/0165-1781(89)90047-4
https://doi.org/10.1016/0165-1781(89)90047-4
https://doi.org/10.1093/arclin/acad083
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1146/annurev.ne.18.030195.001205
https://doi.org/10.1146/annurev.ne.18.030195.001205
http://refhub.elsevier.com/S0301-0511(25)00203-0/sbref7
http://refhub.elsevier.com/S0301-0511(25)00203-0/sbref7
http://refhub.elsevier.com/S0301-0511(25)00203-0/sbref7
https://doi.org/10.1016/j.tics.2008.01.001
https://doi.org/10.1093/sleep/28.9.1059
https://doi.org/10.1055/s-2005-867080
https://doi.org/10.1007/s00221-001-0906-7
https://doi.org/10.1016/j.neubiorev.2020.07.020
https://doi.org/10.1016/j.neubiorev.2020.07.020
https://doi.org/10.1016/j.neuroimage.2019.06.033
https://doi.org/10.1111/j.1365-2869.2010.00892.x
https://doi.org/10.1111/j.1365-2869.2010.00892.x
https://doi.org/10.1038/s41386-019-0432-6

Y. Zhou et al.

Iannaccone, R., Hauser, T. U., Staempfli, P., Walitza, S., Brandeis, D., & Brem, S. (2015).
Conflict monitoring and error processing: New insights from simultaneous
EEG-fMRI. Neurolmage, 105, 395-407. https://doi.org/10.1016/j.
neuroimage.2014.10.028

Jagannathan, S. R., Bareham, C. A., & Bekinschtein, T. A. (2022). Decreasing alertness
modulates perceptual decision-making. The Journal of Neuroscience: The Official
Journal of the Society for Neuroscience, 42(3), 454-473. https://doi.org/10.1523/
JNEUROSCI.0182-21.2021

Kiesel, A., Miller, J., Jolicoeur, P., & Brisson, B. (2008). Measurement of ERP latency
differences: A comparison of single-participant and jackknife-based scoring methods.
Psychophysiology, 45(2), 250-274. https://doi.org/10.1111/j.1469-
8986.2007.00618.x

Lim, J., & Dinges, D. F. (2008). Sleep deprivation and vigilant attention. Annals of the
New York Academy of Sciences, 1129(1), 305-322. https://doi.org/10.1196/
annals.1417.002

Maire, M., Reichert, C. F., Gabel, V., Viola, A. U., Phillips, C., Berthomier, C.,
Borgwardt, S., Cajochen, C., & Schmidt, C. (2018). Human brain patterns underlying
vigilant attention: Impact of sleep debt, circadian phase and attentional engagement.
Scientific Reports, 8(1), 970. https://doi.org/10.1038/541598-017-17022-9

Maris, E., & Oostenveld, R. (2007). Nonparametric statistical testing of EEG- and MEG-
data. Journal of Neuroscience Methods, 164(1), 177-190. https://doi.org/10.1016/j.
jneumeth.2007.03.024

Miller, E. K., & Cohen, J. D. (2001). An integrative theory of prefrontal cortex function.
Annual Review of Neuroscience, 24(1), 167-202. https://doi.org/10.1146/annurev.
neuro.24.1.167

Nieuwenhuis, S., Yeung, N., van den Wildenberg, W., & Ridderinkhof, K. R. (2003).
Electrophysiological correlates of anterior cingulate function in a go/no-go task:
Effects of response conflict and trial type frequency. Cognitive, Affective Behavioral
Neuroscience, 3(1), 17-26. https://doi.org/10.3758/cabn.3.1.17

Nieuwland, M. S., Politzer-Ahles, S., Heyselaar, E., Segaert, K., Darley, E., Kazanina, N.,
Von Grebmer Zu Wolfsthurn, S., Bartolozzi, F., Kogan, V., Ito, A., Méziére, D.,
Barr, D. J., Rousselet, G. A., Ferguson, H. J., Busch-Moreno, S., Fu, X., Tuomainen, J.,
Kulakova, E., Husband, E. M., ... Huettig, F. (2018). Large-scale replication study
reveals a limit on probabilistic prediction in language comprehension. eLife, 7.
https://doi.org/10.7554/eLife.33468

O’Connell, R. G., Dockree, P. M., & Kelly, S. P. (2012). A supramodal accumulation-to-
bound signal that determines perceptual decisions in humans. Nature Neuroscience,
15(12), 1729-1735. https://doi.org/10.1038/nn.3248

O’Connell, R. G., & Kelly, S. P. (2021). Neurophysiology of human perceptual decision-
making. Annual Review of Neuroscience, 44(1), 495-516. https://doi.org/10.1146/
annurev-neuro-092019-100200

Patanaik, A., Zagorodnov, V., Kwoh, C. K., & Chee, M. W. L. (2014). Predicting
vulnerability to sleep deprivation using diffusion model parameters. Journal of
Sleeping Research, 23(5), 576-584. https://doi.org/10.1111/jsr.12166

Peng, Y., Zhang, X., Yang, X., Feng, S., Du, M., Zhang, R., Sima, J., Wu, X,, Zou, F.,
Wang, Y., Luo, Y., & Zhang, M. (2024). Sleep deprivation weakens goal-driven
processing by highlighting stimulus-driven processing in conflict processing. Current
Psychology, 43(11), 10383-10397. https://doi.org/10.1007/512144-023-05182-z

Perrin, F., Pernier, J., Bertnard, O., Giard, M. H., & Echallier, J. F. (1987). Mapping of
scalp potentials by surface spline interpolation. Electroencephalography and Clinical
Neurophysiology, 66(1), 75-81. https://doi.org/10.1016/0013-4694(87)90141-6

Biological Psychology 203 (2026) 109185

Polich, J. (2007). Updating P300: An integrative theory of P3a and P3b. Clinical
Neurophysiology: Official Journal of the International Federation of Clinical
Neurophysiology, 118(10), 2128-2148. https://doi.org/10.1016/j.
clinph.2007.04.019

Raichle, M. E., MacLeod, A. M., Snyder, A. Z., Powers, W. J., Gusnard, D. A., &
Shulman, G. L. (2001). A default mode of brain function. Proceedings of the National
Academy of Sciences of the United States of America, 98(2), 676-682. https://doi.org/
10.1073/pnas.98.2.676

Ratcliff, R., & Van Dongen, H. P. A. (2011). Diffusion model for one-choice reaction-time
tasks and the cognitive effects of sleep deprivation. Proceedings of the National
Academy of Sciences of the United States of America, 108(27), 11285-11290. https://
doi.org/10.1073/pnas.1100483108

Smith, P. L., & Ratcliff, R. (2009). An integrated theory of attention and decision making
in visual signal detection. Psychological Review, 116(2), 283-317. https://doi.org/
10.1037/a0015156

Song, T., Xu, L., Peng, Z., Wang, L., Dai, C., Xu, M., Shao, Y., Wang, Y., & Li, S. (2023).
Total sleep deprivation impairs visual selective attention and triggers a
compensatory effect: Evidence from event-related potentials. Cognitive
Neurodynamics, 17(3), 621-631. https://doi.org/10.1007/s11571-022-09861-8

Spielberger, C. D. (2010). State-trait anxiety inventory, 1. In I. B. Weiner, &

W. E. Craighead (Eds.), The Corsini Encyclopedia of Psychology (1st ed., p. 1). Wiley.
https://doi.org/10.1002/9780470479216.corpsy0943.

Stojanoski, B., Benoit, A., Van Den Berg, N., Ray, L. B., Owen, A. M., Shahidi Zandi, A.,
Quddus, A., Comeau, F. J. E., & Fogel, S. M. (2018). Sustained vigilance is negatively
affected by mild and acute sleep loss reflected by reduced capacity for decision
making, motor preparation, and execution. Sleep, 42(1), zsy200. https://doi.org/
10.1093/sleep/zsy200

Tramonti Fantozzi, M. P., Banfi, T., Di Galante, M., Ciuti, G., & Faraguna, U. (2022).
Sleep deprivation-induced changes in baseline brain activity and vigilant attention
performance. Brain Sciences, 12(12), 1690. https://doi.org/10.3390/
brainsci12121690

Van Dongen, H. P. A., Belenky, G., & Krueger, J. M. (2011). Investigating the temporal
dynamics and underlying mechanisms of cognitive fatigue. In Cognitive fatigue:
Multidisciplinary perspectives on current research and future applications. (pp. 127-147).
American Psychological Association. https://doi.org/10.1037/12343-006

Vogel, E. K., Woodman, G. F., & Luck, S. J. (2006). The time course of consolidation in
visual working memory. Journal of Experimental Psychology Human Perception and
Performance, 32(6), 1436-1451. https://doi.org/10.1037/0096-1523.32.6.1436

Wang, C., Trongnetrpunya, A., Samuel, I. B. H., Ding, M., & Kluger, B. M. (2016).
Compensatory neural activity in response to cognitive fatigue. The Journal of
Neuroscience, 36(14), 3919-3924. https://doi.org/10.1523/JNEUROSCIL.3652-
15.2016

Weissman, D. H., Roberts, K. C., Visscher, K. M., & Woldorff, M. G. (2006). The neural
bases of momentary lapses in attention. Nature Neuroscience, 9(7), 971-978. https://
doi.org/10.1038/nn1727

Xie, T., Li, M., Hao, C., Peng, Y., Luo, W., & Ma, N. (2023). How the time-of-day affects
the EEG signatures of vigilance fluctuation. Chronobiology International, 40(8),
1059-1071. https://doi.org/10.1080/07420528.2023.2250439

Zheng, Y., Gao, P., & Li, X. (2023). The modulating effect of musical expertise on lexical-
semantic prediction in speech-in-noise comprehension: Evidence from an EEG study.
Psychophysiology, 60(11), Article e14371. https://doi.org/10.1111/psyp.14371


https://doi.org/10.1016/j.neuroimage.2014.10.028
https://doi.org/10.1016/j.neuroimage.2014.10.028
https://doi.org/10.1523/JNEUROSCI.0182-21.2021
https://doi.org/10.1523/JNEUROSCI.0182-21.2021
https://doi.org/10.1111/j.1469-8986.2007.00618.x
https://doi.org/10.1111/j.1469-8986.2007.00618.x
https://doi.org/10.1196/annals.1417.002
https://doi.org/10.1196/annals.1417.002
https://doi.org/10.1038/s41598-017-17022-9
https://doi.org/10.1016/j.jneumeth.2007.03.024
https://doi.org/10.1016/j.jneumeth.2007.03.024
https://doi.org/10.1146/annurev.neuro.24.1.167
https://doi.org/10.1146/annurev.neuro.24.1.167
https://doi.org/10.3758/cabn.3.1.17
https://doi.org/10.7554/eLife.33468
https://doi.org/10.1038/nn.3248
https://doi.org/10.1146/annurev-neuro-092019-100200
https://doi.org/10.1146/annurev-neuro-092019-100200
https://doi.org/10.1111/jsr.12166
https://doi.org/10.1007/s12144-023-05182-z
https://doi.org/10.1016/0013-4694(87)90141-6
https://doi.org/10.1016/j.clinph.2007.04.019
https://doi.org/10.1016/j.clinph.2007.04.019
https://doi.org/10.1073/pnas.98.2.676
https://doi.org/10.1073/pnas.98.2.676
https://doi.org/10.1073/pnas.1100483108
https://doi.org/10.1073/pnas.1100483108
https://doi.org/10.1037/a0015156
https://doi.org/10.1037/a0015156
https://doi.org/10.1007/s11571-022-09861-8
https://doi.org/10.1002/9780470479216.corpsy0943
https://doi.org/10.1093/sleep/zsy200
https://doi.org/10.1093/sleep/zsy200
https://doi.org/10.3390/brainsci12121690
https://doi.org/10.3390/brainsci12121690
https://doi.org/10.1037/12343-006
https://doi.org/10.1037/0096-1523.32.6.1436
https://doi.org/10.1523/JNEUROSCI.3652-15.2016
https://doi.org/10.1523/JNEUROSCI.3652-15.2016
https://doi.org/10.1038/nn1727
https://doi.org/10.1038/nn1727
https://doi.org/10.1080/07420528.2023.2250439
https://doi.org/10.1111/psyp.14371

	Decreased top-down attention modulation and compensatory recruitment of perception representation in vigilance performance  ...
	1 Introduction
	2 Method
	2.1 Participants
	2.2 Experimental procedure
	2.3 Psychomotor vigilance test (PVT)
	2.4 EEG data acquisition and processing
	2.4.1 EEG recording and preprocessing
	2.4.2 Event-related potentials (ERP) analysis
	2.4.2.1 Spatial-temporal ROI identification
	2.4.2.2 ERP peak amplitude and peak latency

	2.4.3 Time series of ERP data-behavioral performance relation
	2.4.3.1 Linear mixed-effects model (LMM) regression analysis
	2.4.3.2 Single-trial LMM analysis
	2.4.3.3 Comparisons of LMM parameters with jackknife method


	2.5 Statistical analysis
	2.5.1 Cluster-based random permutation test analysis in identifying ERPs
	2.5.2 Correction for multiple comparisons in LMM analysis


	3 Results
	3.1 Behavioral performance
	3.2 Neurophysiology results
	3.2.1 ERP spatial-temporal ROIs identification
	3.2.2 ERP peak amplitude and latency
	3.2.3 Linear mixed-effects model analysis of ERP-PVT performance correlation


	4 Discussion
	4.1 Early perceptual representation plays a compensatory role in maintaining vigilance after sleep deprivation
	4.2 The reduced top-down modulation on vigilance performance after sleep deprivation
	4.3 Revealing the information processing of vigilance from the perspective of sleep loss

	5 Conclusion
	CRediT authorship contribution statement
	Informed consent
	Declaration of Generative AI and AI-assisted technologies in the writing process
	Declaration of Competing Interest
	Acknowledgments
	Data Availability
	References


