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The vigilance decrement in speed and accuracy of response is prevalent in
studies of sustained attention. The amplitudes of Event-Related Potentials (ERPs)
elicited by task stimuli also show temporal decline. However, it is difficult
to link the behavioral performance decrement to loss of efficiency in the
specific brain circuits that control human attention. A recent study published
by the authors used an extended duration-version of the Attention Network
Test to explore temporal changes in behavioral and electroencephalographic
indices in executive control, alerting, and orienting attention networks. This
study found evidence for temporal decline in ERPs associated with the alerting
network, as well as slowing of uncued reaction time. This study, like most
psychophysiological studies of sustained attention, analyzed group data. The
present article provides new analyses of data from the authors' previous
study to investigate individual differences in loss of attention on the extended
ANT, and their relationships with positive and negative affect. Data analyses
addressed the temporal stability of attention network metrics, inter-relationships
between different metrics, and associations between metrics and affective
states. Results illustrated some challenges in assessment of brain networks
at the individual level on tasks requiring sustained attention. Issues included
differential temporal stability of metrics, divergence of behavioral and ERP
measures, and distinguishing changes in network function from changes in
baseline response. The ANT is well-supported by group data as a tool for
investigating attentional functioning. However, the present results suggest that
caution is necessary in utilizing network indices at the individual level in clinical
and other applied contexts.

KEYWORDS

attention networks, sustained attention, alerting, event-related potentials, individual
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1 Introduction

The Attention Network Test (ANT; Fan et al., 2002) is widely used in diverse research
areas including studies of cognitive neuroscience, human performance, and clinical
conditions (de Souza Almeida et al., 2021; Posner, 2023). A strength of the ANT is that
is based on Petersen and Posner’s (2012) attention network theory which distinguishes
brain circuits for executive control, alerting, and spatial orienting. The theory is supported
by converging evidence from behavioral, psychophysiological, and neurological research
(Petersen and Posner, 2012; Posner, 2023; Posner and Rothbart, 2007).
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Much research using the ANT is focused on group data, such as
differences between patient groups and healthy controls. However,
the ANT is considered a validated psychometric test (Fan et al,
2002, 2007) although some psychometric limitations have been
identified (MacLeod et al., 2010). As such, it can be utilized to assess
attentional functioning in individuals, supported by correlational
evidence that establishes a nomological network for the three
indices of network functioning (e.g., Matthews and Zeidner, 2012).
In this article, we consider the extent to which behavioral and
electroencephalographic ANT indices can serve as indicators for
individual readiness for vigilance and sustained attention.

1.1 Attentional network theory and
research

According to attention network theory, the executive control
network, localized in prefrontal and frontal areas, supports
top-down regulation of attention, especially when stimuli elicit
conflicting responses (Posner and Rothbart, 2007). Alerting is
supported by frontal, parietal, and thalamic circuits that maintain
attention following arrival of a warning of cue stimulus. Orienting,
supported by parietal areas and the frontal eye fields, enhances
selective attention to a sensory source. The ANT (Fan et al,
2002) measures the three networks as follows. The basic task is to
discriminate whether an arrow stimulus is pointing left or right.
Executive control is measured as the difference in response times
(RTs) to target stimuli flanked by incongruent or congruent stimuli.
Inhibition of incongruent flankers engages the executive control
network. Alerting is measured as the RT difference for cued and
uncued stimuli, with a variable foreperiod. Assessment of orienting
is based on response to stimuli presented above or below the initial
fixation point. The orienting index is the RT difference between
trials with a spatial cue to direct attention and trials with a non-
directional cue presented at fixation. The three indices are largely
independent of one another, although dependencies that reflect
interactions between the three networks may occur (Fan et al., 2002,
2007). Indeed, brain networks defined by intrinsic connectivity
may overlap and it is challenging to map attention networks; the
Petersen and Posner (2012) theory may need updating (Markett
et al., 2022).

The ANT has been used to investigate attentional dysfunction
in a wide range of clinical conditions, including psychiatric
disorders such as attention deficit/hyperactivity disorder (ADHD;
Arora et al,, 2020), depression (Sinha et al., 2022), anxiety (Heeren
et al., 2015), neurodegenerative diseases (Sarrias-Arrabal et al.,
2023), and physical conditions such as cardiovascular disease
(Razumnikova et al., 2021). Use of the ANT can link disorders to
specific networks, such as deficits in executive control observed in
schizophrenia (Spagna et al., 2018), depression (Sinha et al., 2022),
and anxiety (Pacheco-Unguetti et al., 2011). The ANT may thus
be useful to clinicians for psychiatric and neurological assessment,
identifying cognitive decline, and as a diagnostic aid (Guo et al,,
2022; Liet al., 2023).

The ANT has also been used in studies of individual
differences in performance in non-clinical samples. Such studies
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elucidate relationships between personality traits, mood states
and attentional processing (Matthews and Zeidner, 2012; Moriya
and Tanno, 2009; Noh et al., 2012). For example, Matthews and
Zeidner (2012) found that extraversion and conscientiousness were
associated with stronger executive control. Some ANT studies
investigated individual differences in attentional functioning in
applied contexts. These include attentional factors in vehicle
driving performance (Guinosso et al., 2016; Lopez-Ramon et al.,
2011) and impacts of shift work (Suminska et al., 2021).

Studies of the ANT and individual differences in affect illustrate
the challenges of finding replicable effects. Theories of affect
propose that executive control is associated with negative emotional
conditions including anxiety (Eysenck et al., 2023) and depression
(Quigley et al., 2022). Matthews and Zeidner (2012) confirmed
that state distress was related to impaired executive control, but
other studies have failed to find similar associations (Finucane
et al, 2010; Noh et al,, 2012). Another study found that trait
but not state anxiety was associated with poorer executive control
(Pacheco-Unguetti et al., 2010; Study 1).

Negative affect (especially anxiety) is linked to vigilance for
threat, so that associations with alerting and orienting are expected
(Ghassemzadeh et al, 2019). Pacheco-Unguetti et al. (2010)
confirmed this hypothesis for orienting but not alerting. Several
studies have reported associations between stronger orienting and
various trait and state negative affect dimensions (Matthews and
Zeidner, 2012; Moriya, 2018; Noh et al., 2012; Pacheco-Unguetti
et al., 2010), although there are also contrary findings (Moriya
and Tanno, 2009). There are similar inconsistencies in studies of
alerting, with some studies showing a positive association between
the ANT index and negative affect scales, and some showing no
relationship (Moriya, 2018). Noh et al. (2012) reported a negative
association between alerting and positive affect.

The ANT can also be used to secure electrophysiological
as well as behavioral indices of attentional network activity.
Analysis of the Event-Related Potential (ERP) response to ANT
stimuli may provide a more sensitive indicator of network activity
than RT-based indices, as well as tracking the time course of
activity (Kustubayeva et al., 2022; Neuhaus et al., 2010). Typically,
the cueing manipulations associated with alerting and orienting
networks increase the amplitude of the early N100 wave at posterior
sites, whereas the incongruent flankers that elicit executive control
reduce the later P300 response (Galvao-Carmona et al., 2014;
Kaufman et al.,, 2016; Kustubayeva et al.,, 2022; Neuhaus et al,
2010). There has been extensive research on the use of ERPs
for evaluating neurocognitive functioning in a range of applied
contexts (Fu and Parasuraman, 2006), usages that might be
enhanced by further research on the validity of ERPs as measures
of brain attention networks.

Use of the ANT for diagnostic purposes in applied contexts
requires that is suitable for assessing the individual. Some
psychometric concerns have been raised including relatively low
reliability of measures (Ishigami and Klein, 2010; MacLeod et al.,
2010), statistical interdependence of network metrics (MacLeod
et al., 2010), handling of errors (de Souza Almeida et al.,, 2021),
and choice of control condition trials (de Souza Almeida et al.,
2021). An analysis of fMRI data secured from an ANT study raised
similar concerns about reliability and discrimination of attentional
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networks (Kong et al, 2024). The use of difference scores as
network indices is potentially a source of difficulty, especially if
criterion values are associated with RTs in control or baseline
conditions. Similarly, when using the ANT to investigate temporal
performance decrements, change scores may be confounded with
baseline scores. Typically, psychophysiological data obey the Law
of Initial Value (LIV; Wilder, 1957), such that change is negatively
correlated with baseline value, potentially leading to artifactual
findings (Burt and Obradovi¢, 2013). There are different methods
for calculating change scores. The most straightforward is to
calculate a simple difference or delta between the index measured
at baseline and measured during task performance, or, as in
the present study, between the index measured at early and late
temporal stages. Alternative metrics for change include percentage
change from the initial score difference and residualized change
score. Different metrics have differing psychometric properties
and differing correlations with other criterion variables (Burt and
Obradovi¢, 2013; Matthews et al., 2017a).

1.2 Applications to sustained attention and
vigilance

The ANT is a promising tool for understanding sustained
attention and the vigilance decrement, i.e., the decline in target
detections characteristic of performance over extended time
intervals (Warm et al., 2008). Currently, the leading theory of
vigilance is based on attentional resource theory (Helton and
Wen, 2023; Neigel et al., 2020; Warm et al., 2008), although
the decrement has also been attributed to failures in executive
control (Luna et al., 2021; Thomson et al., 2015) and to attentional
lapses (Smallwood et al., 2004). However, a limitation of resource
theory is that “resources” are difficult to define and operationalize
precisely (Matthews et al., 2000). The Petersen and Posner (2012)
theory potentially supports a more precise account of which
specific attention network(s) become impaired during prolonged
performance. A case could be made for each of the networks
contributing to loss of target detection accuracy. Thomson et al.
(2015) stated that impairment in executive control leads to
failure to allocate resources effectively, without temporal change
in resource availability. Posner (2008) himself attributed vigilance
to the alerting network. Consistent with this view, vigilance is
impaired by introducing temporal asynchrony to the stimulus
sequence (Scerbo et al., 1986), so that there is a variable rather than
a constant foreperiod, increasing demands on alerting. Conversely,
providing a cue that signals likely arrival of a target reduces
vigilance decrement (Hitchcock et al., 2003). The role of orienting
has been neglected but an earlier generation of theories of vigilance
including expectancy and observing theory highlighted the possible
role of selective attention failures in decrement (Davies and
Parasuraman, 1982). Spatial uncertainty in multiple modalities also
amplifies vigilance decrement (Hess and Greenlee, 2024).

ANT studies of sustained performance have provided mixed
outcomes. Zholdassova et al. (2021, Study 1) investigated the
sensitivity of the three attentional networks to temporal change
by utilizing an ANT that contained three times as many trials as
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the standard ANT, lasting about 1 h. There were improvements in
alerting and executive control in initial trial blocks, after which
performance tended to stabilize; no network exhibited temporal
decrement. Zholdassova et al. (2021, Study 2) introduced masking
and trial-blocking manipulations to increase task demands, as
suggested by a resource theory perspective. However, even under
increased task demands no temporal decrements in the ANT
indices were found. This study found that RTs for congruent-
flanker trials tended to increase over time, highlighting the issue
that changes in ANT indices may potentially be contaminated by
changes in baseline RTs. Overall, these studies suggested that all
three networks were resilient during prolonged performance and
the traditional vigilance decrement (Davies and Parasuraman, 1982;
Warm et al., 2008) could not be attributed to any specific network.
An alternate approach is to modify the ANT to measure
vigilance independently of the three Petersen and Posner (2012)
networks. The ANTI-VEA (Luna et al, 2022) interpolates
additional trials to measure “executive vigilance” to small vertical
displacements of the central target arrow, and “arousal vigilance”
to a decrementing time counter. Executive vigilance represents
the ability to monitor and detect infrequent critical signals,
similar to classic vigilance tasks such as the Mackworth Clock
(Luna et al., 2023). Arousal vigilance reflects readiness for rapid
response without the need for the response selection, similar to the
Psychomotor Vigilance Task (PVT; Drummond et al., 2005). Two
reports on a large-scale study (Luna et al., 2021, 2022) reported
temporal decrements on both these novel indices of vigilance.
Luna et al. (2022) also found an increase in the standard ANT
executive control index across the first two three trial blocks of
their 33 min task, contrary to Zholdassova et al.’s (2021) finding.
Participants who showed decreasing executive control on the
standard ANT index also showed greater temporal decrement
on the novel executive vigilance metric. These findings were
interpreted as supporting resource-control theory (Thomson et al.,
2015), which attributes vigilance decrement to weakening executive
control over time. Luna et al. (2022) also showed increasing RTs on
arousal vigilance trials, although the arousal vigilance decrement
was not modulated by executive control. Studies using the ANTI-
VEA have also investigated factors that influence vigilance such as
caffeine and exercise (Sanchis et al., 2020). Further discussion of
ANTI-VEA research is beyond the present scope but it appears
that there may be multiple mechanisms controlling temporal
decrements on the ANT, depending on the task version used.
Given the challenges of demonstrating temporal decrements on
the standard ANT indices, Kustubayeva et al. (2022) investigated
whether ERPs might provide more sensitive measures of temporal
change in the Petersen and Posner (2012) networks. Previous
studies of vigilance and other tasks requiring sustained attention
typically show temporal decline in the amplitude of both N100 and
P300 waves (Arnau et al., 2021) although there have been some
contrary findings (e.g., Haubert et al., 2018). An ANTI-VEA study
(Luna et al., 2023) found that temporal decrement in executive
vigilance was accompanied by increased amplitude in parietal P300
response on correct detection trials but there were no significant
temporal changes in either behavioral or ERP responses for arousal
vigilance. Kustubayeva et al. (2022) recorded ERPs from multiple
sites during performance of the extended-duration version of the
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ANT. Behavioral data showed a tendency for RT to increase in most
conditions. There was no significant temporal change in executive
control over time but, paradoxically, the alerting index showed
increasing values over time. This finding reflected a greater slowing
in the control, no cue condition (ART = 28 ms) compared with
the double-cue condition that activates alerting (ART = 14 ms).
Participants become more dependent on the cue over time as
in standard vigilance paradigms (Hitchcock et al., 2003) but the
Alerting index was misleading as an index of temporal change.

Kustubayeva et al. (2022) also found a general tendency for
N100 and P300 amplitudes to decline over time in multiple
conditions, consistent with previous ERP studies of sustained
attention (Arnau et al., 2021). Temporal declines in amplitude
were somewhat similar for congruent and incongruent flanker trials
suggesting that there was no decrement specific to the executive
control network. However, N100 amplitude decrement at posterior
sites in the double cue condition was about twice the magnitude
of the decrement in the no-cue condition. These data suggest
temporal deterioration in alerting over time, but the ERP data did
not exactly match the behavioral data.

1.3 The present study

Kustubayeva et al. (2022) confirmed that, in ANT data, ERP
data may provide a more sensitive test of temporal change in
network function than the Fan et al. (2002) behavioral indices.
The present study reports additional analyses of the Kustubayeva
et al. dataset to examine the psychometric properties of indices
of temporal change in behavioral and ERP metrics for the three
attentional networks. What do the various metrics available tell
us about the individual’s neurocognitive readiness for performing
sustained attention tasks?

Specifically, data were analyzed to address the following issues:

o Stability of individual differences. We assessed the test-retest
stability of behavioral and electroencephalographic ANT
metrics across the first and last stages of the 70-min task.
Metrics included Fan et al’s (2002) indices for the three
networks, as well as a baseline response index, given evidence
for temporal change in RT and ERP amplitude in control
conditions (Kustubayeva et al, 2022; Zholdassova et al.,
2021). Given that ANT metrics correlate with various stable
personality traits (e.g., Matthews and Zeidner, 2012) and
clinical conditions (e.g., Sinha et al., 2022), we hypothesized
that both types of metric would show significant stability.
From an applied perspective, results indicate whether initial
levels of performance and ERP amplitude predict responses
toward the end of the task.

o Inter-relationship of behavioral and ERP metrics. We expected
that RT and ERP-based metrics for the same network
would intercorrelate. We also checked correlations between
N100 and P300 amplitudes. These reflect different cognitive
processes and so should dissociate.

o Inter-relationships of initial and change scores. There are two
conflicting perspectives on the relationship between initial
metric values and subsequent temporal change. Consider
an individual whose alerting network is already functioning
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poorly at the beginning of the task. Given the general trend
toward temporal decline in alerting, the person may show a
larger decline in alerting metrics than someone with a well-
functioning network. That is, initial processing inefficiency
predicts greater vulnerability to subsequent impairment. (The
logic is similar to additive factors theory, which posits that
two sources of impairment will together impact performance
disproportionately: Verwey et al., 2015). Conversely, adopting
the LIV perspective suggests that an individual initially poor in
alerting will show relatively small subsequent decline, either
for statistical reasons including regression to the mean or
because there is less scope for decline relative to a high-
alerting individual.

e Correlations between change metrics. Analyses of change scores
compared metrics based on a simple difference score or
delta, with residualized metrics that express the extent to
which the change score is more or less than expected on
the basis of initial level of the metric. Although these two
metrics typically correlate highly they may have different
psychometric properties and relationships with external
criteria (Burt and Obradovi¢, 2013; Matthews et al., 2017b).
We examined the inter-correlations of behavioral and ERP-
based change metrics for both types of change score, on an
exploratory basis.

e Correlations with individual differences in affect. Previous
work has shown correlations between the ANT RT-based
indices and affective variables. Findings are mixed but scales
for negative affect tend to correlate with impaired executive
control and enhanced orienting (Matthews and Zeidner,
2012; Moriya, 2018; Noh et al, 2012; Pacheco-Unguetti
et al., 2010). We explored whether scales for positive and
negative affect might relate more strongly to ERP than to
behavioral measures. We also tested associations with baseline
RT, which may relate more strongly to affective state than
the network indices do (Finucane et al., 2010). We also
explored relationships between affect scales and network
change metrics, given that sustained attention impairments
may provide a marker for various clinical conditions including
mood disorder (Fortenbaugh et al., 2018).

2 Method
2.1 Participants

One hundred and two healthy volunteers (49 males; 53 females)
were recruited from the Almaty city area and universities. Mean
age was 22.33 (SD = 5.63). Achieved power values for Pearson
correlations of 0.1, 0.3, and 0.5 (p < 0.05, two-tailed) were 0.17,
0.87, and 1.00. The study received approval from the Ethics
Committee of the Faculty of Medicine and Health Care of the
al-Farabi Kazakh National University.

2.2 ANT task

The ANT task was programmed in E-Prime 2.0 software
(Psychology Software Tools, Pittsburgh, PA). The task was identical
to Fan et al’s (2002) ANT, except that the number of trials
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was extended to nine periods of 96 trials (864 in total). Task
duration was ~70 min. The display for the task was 65cm from
the participant’s eyes. Stimuli were presented in black, against a
white background (see Kustubayeva et al., 2022, for illustrations).
Cue stimuli subtended ~0.3° visual angle, and the arrow stimuli
~0.5°. After presenting an initial fixation cross and a cue stimulus,
a central arrow stimulus (the target) appeared on the screen. The
participant had to discriminate the direction of the arrow as quickly
and as accurately as possible by using left and right response
keys. The experiment included four categories of the cue—no cue,
double cue, central cue, spatial cue (above or below fixation cross);
and three categories of the flanker—congruent, incongruent, or
neutral. The task was programmed as a sequence of nine blocks
of trials. Each block contained two repetitions of 48 different trial
types (96 trials per block), i.e., 4 cue types x 3 flanker types x
2 target locations (above or below fixation) x 2 target directions
(left or right). All stimulus attributes were counter-balanced in a
fixed pseudorandom sequence. Response time to target in ms and
accuracy were recorded for each trial.

Kustubayeva et al. (2022) analyzed data using means averaged
across three consecutive stages, i.e., blocks 1-3, 4-6, and 7-9. This
article compared data from the first and third stages to investigate
temporal changes. Attentional network indices were calculated
according to Fan et al.’s (2002) formulae:

Executive control = mean RT for incongruent flanking trials —
mean RT for congruent flanking trials;

Alerting = mean RT for no-cue trials - mean RT for double-
cue trials;

Orienting = mean RT of center cue trials — mean RT of spatial
cue trials.

Mean RT on trials with no cue and neutral flankers was used
to provide a baseline measure of response speed. As a check on
the consistency of using the mean to capture central tendency in
response, we calculated the alpha coefficient for the six RTs that are
utilized in the Fan et al. (2002) formulae. Alphas were 0.989 at stage
1, and 0.986 at stage 3.

2.3 EEG recording

EEG recording was done with a 256 Hz sampling rate with
a Neuron-Spectrum_4 system (Neurosoft Ltd, Ivanovo, Russia).
Electrodes were placed according to the 10-20% international
recording system from frontal, temporal, parietal, occipital, and
central areas (FPz, F3, F4, F7, F8, Fz, FCz, C3, C4, Cz, CPz, P3,
P4, Pz, O1, 02, Oz) with indifferent ear electrodes in the following
situations: open eyes (1 min); closed eyes (1 min); completing
the ANT task (70 min). EEG/ERP preprocessing and analysis of
P300 and N100 parameters for the central and parietal-occipital
electrodes (Fz, Cz, Pz, FPz, FCz, CPz, P3, P4, O1, O2) were done
with the EEG/ERPlab toolbox (Lopez-Calderon and Lusk, 2014).
Preprocessing included DC correction, bandpass filtering (0.1-
30 Hz), epoching, baseline correction, artifact rejection (75uV),
and artifact removal with ICA algorithm (Independent Component
Analysis). N100 wave was defined as the maximum negative peak at
the latency from 240 to 290 ms after target stimulus; P300 wave was
determined as the maximum positive peak between the latencies
250 and 600 ms. Latencies were determined separately for each
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participant by calculating the peak amplitude for each participant
in each condition. These intervals were chosen to capture peak
amplitudes across multiple recording sites at intervals consistent
with previous ERP studies of the ANT (e.g., Neuhaus et al,
2010). Further details of EEG recording methods are available in
Kustubayeva et al. (2022).

ERP data were analyzed by defining sets of electrodes linked
to each of the three networks according to past practice in ERP
studies and theory (Petersen and Posner, 2012). For the executive
control network, we averaged ERP amplitudes at Pz and CPz
sites, following Kaufman et al. (2016). For alerting and orienting
networks, amplitudes were averaged across Pz, P3, P4, O1, and O2
electrode sites (Neuhaus et al., 2010).

Network indices for ERP N100 and P300 amplitudes were
calculated according to Kaufman et al.’s (2016) formulae, analogous
to the behavioral ANT indices:

Executive control = ERP amplitude for congruent flanking
trials - ERP amplitude for incongruent flanking trials;

ERP amplitude for double-cue trials - ERP
amplitude for no-cue trials;

Alerting =

Orienting = ERP amplitude of spatial cue trials - ERP
amplitude of center cue trials.

Because N100 is a negative voltage, we multiplied N100
amplitude measures by —1 so that higher scores indicate a larger-
amplitude wave.

We also analyzed no-cue baseline measures of amplitude
equivalent to the behavioral baseline measure. As for RTs, we
calculated alpha coefficients for the six amplitude measures utilized
in the above formulae. For N100, alpha was 0.953 at stage 1
and 0.933 at stage 3. For P300, the respective alphas were 0.961
and 0.953.

2.4 Measure of affect

The Positive and Negative Affect Scale (PANAS; Watson et al.,
1988) was used to measure positive affect (PA) and negative affect
(NA). Instructions asked respondents to report their current mood
state. It was translated into the Kazakh language. The PANAS was
administered prior to and after performance of the ANT.

3 Results

Statistical analyses to address the aims of this article are
reported, using the data reported by Kustubayeva et al. (2022).
All analyses are new. Box-and-whisker plots for key variables are
provided in Appendix 1 and confidence intervals for correlations
are reported in Appendix 2. ANOVAs testing effects of flanker
type, cue type, and stage of the task on RT and ERP amplitude
are reported in Kustubayeva et al. (2022). Voltage plots and
topographical maps to illustrate ERPS in different conditions may
also be found in this publication.

3.1 Distributions of measures

Table 1 gives means for the RT and ERP amplitude measures
at stages 1 and 3, together with Bonferroni-corrected t-tests for
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TABLE 1 Means (and SDs) for RT- and ERP-based indices at stages 1 and 3 of the task.

Type of index

Baseline

Stagel Stage3

Executive control

Stage 1l Stage3

Alerting
Stage1l Stage3

10.3389/fcogn.2025.1547773

Orienting
Stage 1l Stage3

RT 577 (74) 608 (82) | 6.12% 113(44) 109 (40) | 1.26 55 (24) 73 (31) 531 37(23) 44 (31) 2.15

N100 2.60 (1.90) | 1.90(1.83) | 3.61** | 0.14(1.47) | 0.15(1.43) 135 | 1.73(2.07) | 1.08(222) | 2.88* | 0.31(1.53) | 0.33(1.57) & 0.12

P300 424(1.90) | 3.76(2.11) | 3.33* | 031(1.48) | 0.36(1.25) | 030 | 0.04(1.69) & 026(2.03) | L1l | 028(1.39) | 0.28(1.23)  0.10
*p < 0.01.

TABLE 2 Intercorrelations of ERP-based indices at stages 1 and 3 of the task for N100.

Stage 1 Stage 3
Baseline Executive Alerting Orienting Baseline Executive Alerting Orienting
control control

Stage 1 Baseline -

Executive control —0.149 -

Alerting —0.094 0.069 -

Orienting —0.045 0.236* 0.068 -
Stage 3 Baseline 0.542% —0.180 0.014 —0.031 -

Executive control 0.180 —0.184 0.045 0.005 0.016 -

Alerting 0.000 0.022 0.433** —0.190 0.040 0.127 -

Orienting —0.121 —0.109 —0.044 0.103 —0.015 —0.106 —0.225* -

*p < 0.05,*p < 0.01.

differences in means by stage. N100 amplitudes were multiplied
by —1 as indicated previously. Mean values for the three network
indices were consistent with those reported by Fan et al. (2002)
and other investigations. The baseline RT data showed a substantial
increase in RT over time (Hedges’ g = 0.61), together with an
increase in the alerting index (g = 0.53). However, the apparent
improvement in alerting over time is misleading because of the
baseline change. It reflects a smaller increase in RT in the double-
cue condition (ART = 14 ms) than in the no-cue condition (ART =
28 ms; see Kustubayeva et al., 2022, Table 1). The Executive Control
and Orienting indices did not change significantly over time. In
the baseline condition, there were significant decreases over time in
amplitudes of both N100 (g = 0.35) and P300 (g = 0.35). The only
ERP network index measure to change was N100 alerting, which
decreased (g = 0.28). In this instance, by contrast with RT data,
amplitude decreased more in the double-cue condition (AN100 =
-1.29 1V) than in the control condition (AN100 = —0.63 L V; see
Kustubayeva et al., 2022, Table 2).

3.2 Stability of individual differences

Table 3 shows correlations between RT-based indices at stages
1 and 3. Baseline RT and executive control showed substantial
stability over time, whereas alerting was less stable, and the two
orienting measures were not significantly correlated. The table
also confirms the independence of the three network indices at
both time points. However, baseline RT was significantly positively
correlated with alerting, and, to a lesser degree, with executive
control.
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Tables 2, 4 show the corresponding correlations between
indices for ERP amplitude measures. Baseline RT and alerting
showed the highest levels of stability, for both waves. For executive
control, there was a significant cross-stage correlation only for
P300, and orienting measures were unrelated. There were some
small but significant correlations between metrics for different
networks and baseline P300 amplitude was significantly negatively
correlated with the alerting metric at both time points.

3.3 Inter-relationships of behavioral and
ERP metrics

Table 5 shows correlations of the corresponding network
indices derived from RTs, N100 amplitudes and P300 amplitudes,
e.g., in the first cell, baseline N100 amplitude vs. baseline RT. The
behavioral, RT-based measures were largely independent of the
amplitude measures, with the exception of a small but significant
correlation between N100 and baseline RT at stage 1. The table
also shows a substantial negative correlation between the N100 and
P300 executive control indices at stages 1 and 3, and a smaller
positive association between baseline ERP amplitudes at stage 1.

3.4 Inter-relationships of initial index scores
and change scores

Simple change scores (deltas) were calculated as (stage 3

index-stage 1 index) for behavioral and EEG indices, using the
means given in Table 1. Table 6 shows correlations between stage
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TABLE 3 Intercorrelations of RT-based indices at stages 1 and 3 of the task.

10.3389/fcogn.2025.1547773

Stage 1 Stage 3
Baseline Executive Alerting Orienting Baseline Executive Alerting Orienting
RT control RT control

Stage 1 Baseline RT -

Executive control 0.196* -

Alerting 0.400** —0.059 -

Orienting 0.168 0.159 0.042 -
Stage 3 Baseline RT 0.796™* 0.190 0.342** 0.093 -

Executive control 0.227* 0.650™* 0.071 0.053 0.204* -

Alerting 0.230* 0.002 0.305** 0.102 0.476** 0.007 -

Orienting 0.058 —0.023 0.152 0.170 0.080 0.107 0.192 -

*p <0.05,*p < 0.01.

TABLE 4 Intercorrelations of ERP-based indices at stages 1 and 3 of the task for P300.

Stage 1 Stage 3
Baseline Executive Alerting Orienting Baseline Executive Alerting Orienting
control control

Stage 1 Baseline -

Executive control 0.141 -

Alerting —0.247* 0.242* -

Orienting —0.196* 0.107 0.031 -
Stage 3 Baseline 0.743** 0.036 —0.072 —0.294** -

Executive control —0.06 0.280** 0.067 —0.059 —0.015 -

Alerting —0.050 0.117 0.422* —0.004 —0.543* 0.013 -

Orienting —0.760 —0.170 —0.129 0.073 —0.098 —0.080 —0.050 -

*p < 0.05,%p < 0.01.

1 means for the four ANT indices and deltas. The table shows
a consistent pattern of negative correlations, except for baseline
RT which did not predict change in RT. Individuals with high
baseline ERP amplitudes showed decreases on both baseline ERP
indices, especially for N100. All three stage 1 index scores were
negatively associated with the corresponding deltas. Notionally,
these findings suggest that individuals initially poor at executive
control improve in control over time, and those with good alerting
and orienting deteriorate in these functions. However, these data
are also consistent with the LIV which may reflect purely statistical
factors such as regression to the mean (Burt and Obradovi¢, 2013).

3.5 Correlations between change metrics

Residualized change measures were obtained by regressing the
stage 3 index on the stage 1 index and saving the standardized
residual. Residualized change scores correlate at zero with the
stage 1 index. Table 7 shows intercorrelations of the two versions
of the RT-based change scores, simple deltas and residuals. As
expected, correlations for the two types of score were highly
correlated for corresponding measures. For baseline RT, the
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correlation approached unity, but correlations were somewhat
lower for network indices. The table also shows that change scores
for alerting were substantially correlated with change scores for
baseline RT.

Tables 8, 9 show the correlations between change scores for
the ERP measures. The two alternate change score measures
were highly correlated for corresponding indices, but correlation
magnitudes tended to be smaller than for RT, especially for
executive control and orienting. Baseline and alerting change scores
were strongly negatively correlated for P300 but not for N100.

We also investigated correlations between RT-based and
ERP-based metrics for change. Significant correlations between
behavioral and ERP metrics barely exceeded chance levels; the
correlation matrix is provided in Appendix 3. However, N100 and
P300 change scores were more extensively correlated. The first four
columns of Table 10 show correlations between delta scores and
the remaining columns show correlations between residuals. For
corresponding measures, significant negative correlations between
amplitudes were found for all three network index change scores.
For example, individuals who showed increasing N100 executive
control scores over time also showed decreasing P300 scores for
both types of change score. Baseline P300 change was positively
associated with N100 alerting change on both change measures.
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TABLE 5 Correlations of corresponding network indices at stages 1 and 3 of the task.

Stage 1 Stage 3
Baseline Executive control Alerting Orienting Baseline Executive control Alerting Orienting
N100 vs. RT-based —0.199* 0.047 —0.048 —0.079 0.026 —0.016 —0.060 0.067
P300 vs. RT-based —0.060 0.086 0.049 0.116 —0.037 ~0.170 0.126 —0.049
N100 vs. P300 0.236* —0.478"* —0.095 —0.084 0.157 —0.388" 0.064 —0.011

*p < 0.05,%p < 0.01.

TABLE 6 Correlations between stage 1 scores for ANT indices and change
scores (deltas).

Stage 1 scores

Baseline  Executive  Alerting Orienting
control
RT-based —0.165 —0.507** —0.455* —0.514"*
N100 —0.512% —0.777* —0.486™ —0.714**
P300 —0.231* —0.684** —0.413* —0.728*

*p <0.05,*p < 0.01.

Additional correlations between N100 executive control change
and other P300 measures were significant only for the delta
change measure.

3.6 Correlations with individual differences
in affect

Comparisons of pre- and post-task means on the PANAS
showed a significant decrease in NA during the task, ¢(;9;) = 2.66, p
< 0.01. Means (and SDs) were 16.8 (4.4) pre-task and 15.7 (3.9)
post-task. PA also decreased over time, t(19;) = 2.67, p < 0.01.
Means (and SDs) were 29.4 (5.8) pre-task and 27.9 (7.1) post-task.
Thus, performing the task appeared to produce a general decline
in emotional arousal, but was not otherwise stressful. There were
significant test-retest correlations for both NA (r = 0.431, p <
0.001) and for PA (r = 0.676, p < 0.001). Subsequent analyses
used measures of NA and PA averaged across pre- and post-task
administrations on this basis.

Correlations between the two affect scales and RT-based
measures are shown in Table 11. The residualized measures were
used to index change. At stage 1, higher PA was associated with
faster baseline RT and with lower values for the Alerting index.
NA was positively correlated with the Executive Control index, i.e.,
poorer control. However, neither affect dimension was significantly
correlated with any of the change scores. We also correlated PA
and NA with N100 and P300 amplitude measures (stage 1 and
residualized change scores), but significant correlations did not
exceed chance levels.

4 Discussion

The current study explored individual differences in behavioral
and electroencephalographic metrics provided by the ANT (Fan
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et al.,, 2002), including their suitability as markers for sustained
attention. Table 12 summarizes the outcomes of the data analyses
we performed. Findings differed from expectations in several
respects. We confirmed that the majority of metrics were
stable over the course of the experiment but level of stability
varied considerably. Contrary to expectation, RT-based and ERP
amplitude metrics were not significantly correlated, in general,
raising questions about which provides the more valid indices
of attentional network functioning. Analyses of simple change
scores (deltas) showed that almost all were subject to the LIV
(Wilder, 1957); that is, initial scores did not identify impairments in
attentional network functioning that deepened over time. Data also
showed moderate divergence of delta and residualized scores for
some measures. Finally, positive and negative affect both predicted
behavioral metrics but not ERP amplitudes or change metrics.

Next, we consider the implications of these findings for three
focal issues. First, we discuss choice of metrics for assessing
individual differences in sustained attention, including behavioral
vs. electroencephalographic measures, and network indices vs.
baseline measures. Second, we address the prediction of change
in sustained attention; how can we identify individuals vulnerable
to performance decrement? Third, we compare our findings on
associations between affect and attentional performance with
results of previous studies.

4.1 Metrics for individual differences in
sustained attention

Traditionally, sustained attention research has utilized a variety
of behavioral metrics, such as the hit and false alarm rate measures
commonly used in vigilance research (See et al., 1995). Such metrics
can be used to index both overall level of performance on a
task requiring sustained attention as well as temporal decrement
(Davies and Parasuraman, 1982). Cognitive neuroscience research
suggests two innovations. First, the identification of multiple brain
networks for attention (Petersen and Posner, 2012) implies that
we can discriminate multiple metrics for network functioning that
provide a more informative specification of stability and change
in sustained attention than overall performance measures. Second,
psychophysiological measures of network function such as ERP
amplitudes may provide more valid assessment of networks than
behavioral data. The present findings suggest some challenges in
deriving sustained attention metrics via the cognitive neuroscience
approach, as we next discuss. The temporal stability of metrics
varies across the different metrics, behavioral and ERP metrics
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TABLE 7 Intercorrelations of two types of change score measure for RT-based indices.

Deltas Residuals
Exec. Alerting Orient. . Exec. Alerting Orient.
control control

Deltas Base. -

Exec. control —0.028 -

Alerting 0.429** —0.109 -

Orient. 0.102 0.222* 0.015 -
Res. Base. 0.986* —0.026 0.422% 0.093 -

Exec. control —0.018 0.862** —0.099 0.184 0.003 -

Alerting 0.469* —0.043 0.891* 0.071 0.494** —0.038 -

Orient. 0.062 0.176 0.057 0.858* 0.068 0.174 0.139 -

Base., baseline; Exec. control, executive control; Orient., orienting; Res., residuals; *p < 0.05, **p < 0.01.

TABLE 8 Intercorrelations of two types of change score measure for N100.

Deltas Residuals
Exec. Alerting Orient. . Exec. Alerting Orient.
control control

Deltas Base. -

Exec. control —0.096 -

Alerting —0.063 0.079 -

Orient. 0.067 0.123 —0.008 -
Res. Base. 0.859* 0.015 —0.023 0.048 -

Exec. control —0.183 0.630** 0.075 —0.128 —0.121 -

Alerting —0.009 0.082 874% —0.056 0.007 0.119 -

Orient. 0.112 0.020 —0.164 0.700** 0.061 —0.134 —0.216* -

Base., baseline; Exec. control, executive control; Orient., orienting; Res., residuals;

*p < 0.05,*p < 0.01.

fail to converge, and metrics for alerting are confounded with
baseline response.

Much of the applied literature assumes that individual
differences in network function in part reflect stable, traitlike
attributes of the brain. For example, research on depression (Sinha
et al., 2022) and schizophrenia (Spagna et al., 2018) has assumed
that deficits in executive function are integral to the clinical
condition concerned. Studies of test-retest reliability (stability) of
the Fan et al. (2002) behavioral indices across test sessions have
shown that stability is higher for executive control than for alerting
and orienting (Fan et al., 2001; Kong et al., 2024). Variation in
metric stability across networks may reflect both actual network
stability and variation in reliability of measurement (MacLeod et al.,
2010). The present study is the first to examine stability within
a prolonged test session. Similar to cross-session analyses (Kong
et al,, 2024), we found greater temporal stability for executive
control than for alerting and orienting. We also found that baseline
RT stability was more stable than any of the derived indices.

A contrasting picture emerged from the ERP data, in which
alerting showed the highest stability from stage 1 to stage 3,
although the correlation magnitudes for the two waves were
modest. Executive control showed significant temporal stability for
P300 but not N100, which may reflect that the later waveform
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represents the primary expression of network activity (Neuhaus
et al,, 2010). The orienting ERP metric showed no stability. As
for RT metrics, the highest stability was found for ERPs in the
baseline condition.

We also anticipated convergence between behavioral and ERP
metrics, given that they reflect the same underlying construct of
network activity. However, both N100 and P300 amplitudes were
largely independent of the corresponding behavioral metrics, with
the exception of a small but significant association between N100
and speed of response in the baseline condition. We also found
an unanticipated negative correlation between N100 and P300
amplitudes for executive control, perhaps reflecting individual
differences in strategy for resource allocation across processing
stages. The effects of cue and flanker type in the dataset (see
Kustubayeva et al., 2022) were consistent with previous behavioral
(Fan et al., 2002) and ERP (Kaufman et al., 2016; Neuhaus et al.,
2010) findings, supporting the validity of both types of metric
at the level of group data. However, at the individual level,
RTs and amplitude measures do not seem to be measuring the
same construct.

A final measurement challenge is the role of baseline response
in assessment of sustained attention. In the behavioral data, we
found that baseline RT was significantly positively correlated with
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TABLE 9 Intercorrelations of two types of change score measure for P300.

10.3389/fcogn.2025.1547773

Deltas Residuals
Exec. Alerting Orient. Exec. Alerting Orient.
control control

Deltas Base. -

Exec. control 0.163 -

Alerting —0.658"* 0.044 -

Orient. 0.192 0.172 0.063 -
Res. Base. 0.973* 0.126 —0.663** 0.205* -

Exec. control 0.098 0.729** —0.020 0.049 0.076 -

Alerting —0.689* —0.028 0.991* 0.018 —0.720% —0.022 -

Orient. 0.100 0.103 0.061 0.686* 0.065 —0.027 0.007 -

Base., baseline; Exec. control, executive control; Orient., orienting; Res., residuals; *p < 0.05, **p < 0.01.

TABLE 10 Intercorrelations of N100 and P300 change scores, for two types of change score measure.

P300
Deltas Residuals
Baseline  Executive  Alerting Orienting  Baseline  Executive  Alerting Orienting
control control
Baseline 0.096 0.172 —0.046 —0.008 0.113 0.097 —0.032 —0.142
Executive control —0.306** —0.464™* 0.049 —-0.321% —0.166 —0.428* 0.037 —0.049
Alerting 0.287* —0.136 —0.530" 0.157 0.384** —0.020 —0.669** —0.013
Orienting —0.042 —0.141 0.080 —0.217* —0.015 0.047 0.191 —0.273*

*p <0.05,*p < 0.01.

the alerting index at both time points. That is, individuals who
were slow to respond scored higher on alerting. The association
might reflect slow-baseline individuals being more dependent on
exogenous cuing or a statistical effect such that individuals who are
slow with no cue have more scope for speeding up when the alerting
cue is present. In either case, there is a confound that complicates
interpretation of individual differences in alerting. The P300
alerting index was also similarly confounded with baseline P300
amplitude. The negative baseline—alerting correlation indicates
that individuals with a smaller P300 response at baseline scored
higher on alerting. The magnitude of the correlation increased over
time from —0.247 at stage 1 to —0.543 at stage 3. Again, it is unclear
that the index can be interpreted as a pure network activity measure
at the individual level.

4.2 Predicting change in sustained
attention

The prediction of individual differences in temporal change
is important both theoretically and practically. From a theoretical
perspective, cognitive neuroscience accounts of sustained attention
(e.g., Langner and Eickhoff, 2013) should identify attributes
of network functioning that prefigure declines in network
functioning. From an applied standpoint, temporal decline in
sustained attention threatens performance and safety in a variety of
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real-world contexts including transportation, industrial operations
and medical monitoring (Warm et al., 2008), requiring methods
for identifying operators at risk of temporal decrement. The
impairment model of decrement suggests a possible strategy for
predicting change, i.e., individuals in whom the network is already
impaired should be at most risk of decrement as time progresses.
The contrary view is that individual differences in change are
governed by the LIV (Wilder, 1957), so that higher scores on an
index will tend to regress to lower values over time.

The current data support the LIV rather than the impairment
model. Table 5 shows that all three Fan et al. (2002) behavioral
indices conformed to the LIV. Given the scoring of the ANT,
individuals with poor executive control (high index scores) tended
to improve over time, whereas high control individuals at stage 1
had poorer control at the later task stage. Alerting and orienting
indices showed a similar pattern. Similarly, initial levels of the
ERP-based network indices were negatively associated with change
scores. Baseline measures showed the strongest tendency toward
vigilance-like decrements in group-level mean data (Table 1). Mean
RT was longer at stage 3 than stage 1, and both waves decreased
in amplitude over time. We might expect that baseline measures
would thus provide the strongest support for the impairment
model. However, baseline measures showed a trend toward the LIV,
though somewhat weaker than for the derived network indices.
Baseline RT did not predict ART, and baseline ERP amplitudes
showed moderate LIV effects. The impairment model is quite
well-supported in group-level data; e.g., factors that impair initial
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TABLE 11 Correlations between RT-based indices and affect scales at stage 1 and for residualized (deltas).

Stage 1 Residuals
Baseline  Executive  Alerting Orienting  Baseline  Executive  Alerting Orienting
control control
PA —0.281%* —0.105 —0.239* —0.011 —0.035 —0.085 —0.060 ~0.176
NA 0.132 0.259% 0.031 0.136 —0.026 —0.039 0.014 —0.127
*p < 0.05,**p < 0.0L.
TABLE 12 Summary of tests of hypotheses. scores and change in alerting index score was positive for RT,
: negative for P300 amplitude, and non-significant for N100. These
Research Hypothesis Outcomes & : P > &
issue correlations can be understood in the context of temporal change
in the variables. RT, as previously noted, increased more over
Stability of RT and ERP metrics Stabilities vary with metrics . ) . . o
individual are stable over time | - Highest for baseline and RT time in no-cue than in double-cue conditions. Thus, an individual
differences metrics whose baseline RT showed a large temporal increase, but whose

- Lowest for orienting

Inter-relationships Corresponding RT and ERP metrics were

of RT and ERP metrics are largely independent

metrics correlated N100 and P300 executive
control indices were
negatively correlated

Inter-relationships Differing LIV was supported for both

between change
metrics

of initial and predictions from RT and ERP metrics
change scores. impairment model
and LIV
Correlations Exploratory Deltas  and  residualized

measures were substantially
correlated, but dependent on
measure

Changes in baseline and
Alerting were correlated for
RT and P300 metrics

Correlations with
affect

NA is associated
with poorer
executive control
and better orienting

NA related to poorer executive
control

PA related to faster baseline
RT and weaker alerting

Affect was unrelated to
change scores and to ERPs

level of vigilance also tend to induce greater vigilance decrement,
consistent with resource theory (See et al., 1995; Warm et al., 2008).
Overall, the ANT indices do not seem to identify individuals at risk
of progressively increasing impairment over time; regression to the
mean is unlikely to be useful in applied contexts.

The delta score provides the simplest metric for change but
other methods for indexing change have been proposed (Burt and
Obradovi¢, 2013). We compared deltas with residualized change
scores that are independent of the initial value for the measure.
Correlations between deltas and residuals varied from close to
unity for baseline RT to values in the 0.6-0.7 range for certain
of the ERP change scores. Especially for ERP data, the choice
of change metric may make a difference to the correlation with
external criteria. Behavioral and ERP metrics for change diverged,
but there was unexpected interdependence between N100 and P300
metrics, with negative correlations for both alerting and executive
control indices.

Change score data, similar to absolute level data, showed
confounding between baseline and alerting indices (Tables 6, 7).
Somewhat confusingly, the correlation between change in baseline
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double-cue RT did not change, would show a large but possibly
artifactual increase on the RT alerting index. P300 response
declined similarly in both no-cue and double-cue conditions
so that there was no net effect on alerting, consistent with
alerting primarily influencing N100 rather than P300 (Kustubayeva
et al,, 2022; Neuhaus et al., 2010). However, at the individual
level, the substantial negative correlation implies that individuals
whose baseline P300 increased the most also showed the smallest
amplitude increases in double-cue conditions, reducing scores
on the alerting index. As for absolute-level data, these findings
suggest challenges for interpreting temporal change in the alerting
index. Baseline—alerting correlation was similar for both deltas
and residualized change scores, implying that the issue is not
a consequence of confounding of baseline and change scores,
which is eliminated by residualization. However, the N100 alerting
change index, which appears to be one of the more promising
metrics for vigilance decrement, was unconfounded by change
in baseline N100 response, although, curiously, the index was
negatively correlated with P300 change measures (Table 8).

Taken together, these findings show the difficulty of indexing
change at an individual level. Behavioral and RT-based change
metrics should converge but do not. Alerting and baseline change
metrics should not converge, but they do for RT and P300
measures. There were also unexpected relationships between N100
and P300 changes. Using residualized change scores in place of
simple deltas does not mitigate these issues.

4.3 Correlations with affect

The final aim of this study was to evaluate how choice of
metric influenced correlations with affective state. We focused on
affect because there is a fairly substantial literature on affective
correlates of the ANT, utilizing both clinical and non-clinical
samples (e.g., Matthews and Zeidner, 2012; Moriya, 2018; Pacheco-
Unguetti et al., 2010; Sinha et al.,, 2022). Impacts of emotional
stress on attention network functioning are also relevant to human
factors applications such as predicting attentional impairment in
vehicle driving (Guinosso et al., 2016). Data from some clinical
groups show reasonable consistency across studies; for example,
Sinha et al’s (2022) meta-analysis of 11 studies confirmed that
depressed patients have poorer executive control than healthy
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controls. However, correlational studies in non-clinical groups
show some inconsistencies (e.g., Finucane et al., 2010; Moriya,
2018). These inconsistencies may in part reflect limited validity of
the ANT indices at the individual level.

In the present study, we found a small but significant
association between state negative affect and the behavioral
executive control index (i.e., poorer control), consistent with other
studies in clinical groups (Pacheco-Unguetti et al., 2010; Sinha et al.,
2022) and a non-clinical sample (Matthews and Zeidner, 2012). In
this instance, inconsistency across studies may be a product of the
low effect size and need for statistical power. We replicated Noh
et al’s (2012) finding of a significant negative association between
positive affect and alerting. However, we also found that positive
affect was associated with faster baseline response, and baseline RT
is confounded with the ANT index as previously discussed. This
finding reinforces the need to examine baseline data as well as the
computed indices (Finucane et al., 2010).

While behavioral data were broadly consistent with previous
findings, we found no more than chance-level associations between
affective state and ERP-based data, so that the neurological basis
for the behavioral correlates of affect remains uncertain. We also
anticipated that affect might be related to the change metrics, given
that sustained attention deficits are found in a variety of clinical
groups including depression and posttraumatic stress disorder
(Fortenbaugh et al., 2018) and chronic fatigue patients (Ferndndez-
Quirds et al., 2023). However, no significant associations between
affective state and change metrics were found.

4.4 Limitations

One possible limitation is that ERP amplitude measures
are not optimal for evaluating individual differences in brain
network functioning. In support of ERP analysis, group-level
analyses support the validity of amplitude measures (Kaufman
et al., 2016; Kustubayeva et al.,, 2022; Neuhaus et al., 2010) and
there is an extensive literature on individual-difference correlates
of ERPs (e.g., Hajcak et al, 2010). However, there are various
methodological challenges for research on individual differences
in ERPs (e.g., Clayson et al., 2021b) and alternative EEG metrics
might be more diagnostic for sustained attention. These include
measures of coherence (Kamzanova et al.,, 2020) and functional
connectivity (Imperatori et al., 2021), as well as those derived from
deep learning EEG models (Kamrud et al.,, 2021). Other types of
neurological measure such as fMRI (Kong et al., 2024) might also
enhance validity of measurement.

We utilized the standard ANT here because of its basis in
cognitive neuroscience theory (e.g., Fan et al, 2007) and the
extensive research base supporting its usage (de Souza Almeida
et al, 2021). The task produced moderate temporal declines
in baseline RT and ERP response. Effect sizes were consistent
with those previously reported in vigilance studies, according
to a meta-analysis (See et al., 1995). However, “vigilance” tasks
are heterogeneous and vary in their demands on information-
processing (Warm et al., 2008), and the magnitude of temporal
performance decrement varies markedly across different vigilance
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tasks (See et al.,, 1995). Correlational studies of multiple vigilance
tasks have shown that while performance measures tend to
correlate significantly across tasks, correlational magnitudes are
often quite modest, falling into the 0.3-0.4 range (Matthews et al.,
1993, 2017b). Recent research utilizing the ANTI-VEA has made
a useful contribution to this literature in showing dissociation
between executive and arousal vigilance indices. However, the
field lacks a comprehensive dimensional model of performance
encompassing the spectrum of vigilance tasks. Thus, the current
results may not generalize to other vigilance tasks. Indeed,
convergence between behavioral and electroencephalographic
indices of decrement might be higher on vigilance tasks that
produce larger-magnitude temporal changes. It would also be
of interest to investigate inter-relationships of the two types of
vigilance, executive and arousal vigilance described by Luna et al.
(2022).

Statistical limitations include lack of power to detect small
effect sizes, such as those found here between affect and ANT
indices. There is also a risk of Type 1 error in reporting of
significant correlations, given the number of analyses. We chose
not to apply familywise corrections to significance levels because
in some cases we report correlations between arithmetically
dependent variables, e.g., initial score vs. delta, which existing
correction procedures are not designed to address. We urge
caution in interpreting correlations of 0.01< p < 0.05. The
key findings summarized in Table 12 are mostly supported by
correlations that were significant at p < 0.01 or better. However,
significant correlations between the ANT indices and affect were
of modest magnitude, in the 0.2-0.3 range. These associations
require replication although correlation magnitudes were in
line with those found in previous studies (e.g., Matthews and
Zeidner, 2012; Noh et al., 2012). Indexing temporal change solely
through comparing early and late stages of performance may also
be limiting.

A reviewer of this manuscript noted that using mean RT
to index behavioral response may be questionable because RT
distributions are commonly skewed. We used means here because
this metric is specified in the Fan et al. (2002) formulae which
are routinely used in ANT research. We also confirmed that
reliability of RT measurement across different conditions was high,
suggesting stability in measurement of individual differences in
mean. However, the strong intercorrelation of RTs across different
task conditions limits the accuracy of measurement of the Fan et al.
(2002) difference scores, consistent with previous psychometric
critiques of the ANT (MacLeod et al., 2010). Reliabilities of ERP-
based difference scores are also sensitive to the intercorrelation of
the constituent scores of the formula (Clayson et al., 2021a). Future
research might look more closely at properties of intra-individual
RT distributions. In the present data analysis, we checked inter-
individual distributions of mean RT and we did not detect excessive
skew. On a similar point, there are also concerns about the stability
of peak ERP amplitude as an individual difference measure, and it
has been recommended to use mean amplitude within a defined
window as a better alternative (Clayson et al., 2021b; Luck et al,,
2021). We chose to use peak amplitude for comparability with
our companion article (Kustubayeva et al., 2022) and other ERP
studies of the ANT (e.g., Neuhaus et al, 2010). However, it
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would be desirable for future research to compare psychometric
properties of peak and mean amplitude, given the advantages of
the latter.

4.5 Conclusion

The ANT has become established as a leading research tool
for investigating multiple aspects of attention (de Souza Almeida
et al, 2021), including sustained attention (Zholdassova et al,
2021). Group-level data from many studies support its usage for
investigating a variety of research issues including clinical deficits
in attention and attentional impairments in real-life settings. In the
current data, the N100 alerting index showed promise as a metric
for sustained attention. However, the present findings also suggest
that researchers and practitioners should use considerable caution
in using the ANT to assess and temporal performance deficits in
individuals. Specifically, we identified the following issues:

e Metrics vary in stability; individual differences in temporal
change largely reflect the LIV. Further work is necessary to
identify neurocognitive measures that can be used in applied
settings to identify vulnerability to temporal decrements in
brain network functioning.

data show that

informative about the neural processes supporting attentional

e Group-level ERP-based metrics are
performance. However, at the individual level, behavioral and
ERP-based metrics of network functioning failed to converge,
both for absolute-level and change metrics. Measuring the
individual’s network efficiency appears to be challenging, and
novel assessment methods may be necessary.

e The behavioral alerting index tended to be correlated with
baseline RT. Group-level data suggested participants become
increasingly dependent on the alerting cue over time.
Similarly, interpreting individual-level data requires attention
to changes in baseline as well as changes in the alerting index.

e Correlations between affect measures and the ANT were
broadly consistent with previous findings. However, findings
also show the need to examine baseline RT correlates as well
as those of the network indices.

Several authors (e.g., de Souza Almeida et al., 2021; MacLeod
et al., 2010) have drawn attention to psychometric limitations of
the ANT including its dependence on difference-score indices. The
current data are consistent with these critiques and highlight the
need to examine ANT data in depth rather than relying on analyses
of the three Fan et al. (2002) indices alone.

Data availability statement

The datasets presented in this article are not readily available
because restrictions apply to the datasets. Requests to access the
datasets should be directed to almira.kustubaeva@kaznu.edu.kz.

Frontiersin Cognition

10.3389/fcogn.2025.1547773

Ethics statement

The studies involving humans were approved by Ethics
Committee of the Faculty of Medicine and Health Care of
the al-Farabi Kazakh National University. The studies were
conducted in accordance with the local legislation and institutional
requirements. The participants provided their written informed
consent to participate in this study.

Author contributions

GM: Writing — original draft. AK: Writing - original draft. MZ:
Writing — original draft. GB: Writing — original draft.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This research was funded
by the Committee of Science of the Ministry of Science and Higher
Education of the Republic of Kazakhstan (Grant No. BR27198099).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

The author(s) declared that they were an editorial board
member of Frontiers, at the time of submission. This had no impact
on the peer review process and the final decision.

Generative Al statement

The author(s) declare that no Gen AI was used in the creation
of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fcogn.2025.
1547773 /full#supplementary-material

frontiersin.org


https://doi.org/10.3389/fcogn.2025.1547773
mailto:almira.kustubaeva@kaznu.edu.kz
https://www.frontiersin.org/articles/10.3389/fcogn.2025.1547773/full#supplementary-material
https://www.frontiersin.org/journals/cognition
https://www.frontiersin.org

Matthews et al.

References

Arnau, S., Brimmer, T., Liegel, N., and Wascher, E. (2021). Inverse effects of time-
on-task in task- related and task-unrelated theta activity. Psychophysiology 58:e13805.
doi: 10.1111/psyp.13805

Arora, S., Lawrence, M. A., and Klein, R. M. (2020). The attention network
test database: ADHD and cross-cultural applications. Front. Psychol. 11:388.
doi: 10.3389/fpsyg.2020.00388

Burt, K. B., and Obradovi¢, J. (2013). The construct of psychophysiological
reactivity: ~ statistical and psychometric issues. Dev. Rev. 33, 29-57.
doi: 10.1016/j.dr.2012.10.002

Clayson, P. E., Baldwin, S. A., and Larson, M. J. (2021a). Evaluating the internal
consistency of subtraction-based and residualized difference scores: considerations
for psychometric reliability analyses of event-related potentials. Psychophysiology
58:e13762. doi: 10.1111/psyp.13762

Clayson, P. E., Brush, C. J., and Hajcak, G. (2021b). Data quality and reliability
metrics for event-related potentials (ERPs): the utility of subject-level reliability. Int.
J. Psychophysiol. 165, 121-136. doi: 10.1016/j.ijpsycho.2021.04.004

Davies, D. R., and Parasuraman, R. (1982). The Psychology of Vigilance. London:
Academic Press.

de Souza Almeida, R., Faria-Jr, A., and Klein, R. M. (2021). On the origins and
evolution of the Attention Network Tests. Neurosci. Biobehav. Rev. 126, 560-572.
doi: 10.1016/j.neubiorev.2021.02.028

Drummond, S. P., Bischoff-Grethe, A., Dinges, D. F., Ayalon, L., Mednick, S. C.,
and Meloy, M. J. (2005). The neural basis of the psychomotor vigilance task. Sleep 28,
1059-1068.

Eysenck, M. W., Moser, J. S., Derakshan, N., Hepsomali, P., and Allen,
P. (2023). A neurocognitive account of attentional control theory: how does
trait anxiety affect the brains attentional networks? Cogn. Emot. 37, 220-237.
doi: 10.1080/02699931.2022.2159936

Fan, J., Kolster, R, Ghajar, J., Suh, M., Knight, R. T. Sarkar, R, et al
(2007). Response anticipation and response conflict: an event-related potential
and functional magnetic resonance imaging study. J. Neurosci. 27, 2272-2282.
doi: 10.1523/J]NEUROSCI.3470-06.2007

Fan, J., McCandliss, B. D., Sommer, T., Raz, A., and Posner, M. L. (2002). Testing the
efficiency and independence of attentional networks. J. Cogn. Neurosci. 14, 340-347.
doi: 10.1162/089892902317361886

Fan, J., Wu, Y., Fossella, J. A., and Posner, M. L. (2001). Assessing the heritability of
attentional networks. BMC Neurosci. 2, 1-7. doi: 10.1186/1471-2202-2-14

Fernandez-Quirs, J., Lacasa-Cazcarra, M., Alegre-Martin, J., Sanmartin-Sentafies,
R., Almirall, M., Launois-Obregén, P., et al. (2023). The Conners Continuous
Performance Test CPT3™: is it a reliable marker to predict neurocognitive
dysfunction in Myalgic encephalomyelitis/chronic fatigue syndrome? Front. Psychol.
14:1127193. doi: 10.3389/fpsyg.2023.1127193

Finucane, A. M., Whiteman, M. C., and Power, M. J. (2010). The effect of happiness
and sadness on alerting, orienting, and executive attention. J. Attention Disord. 13,
629-639. doi: 10.1177/1087054709334514

Fortenbaugh, F. C., Rothlein, D., McGlinchey, R., DeGutis, J., and Esterman,
M. (2018). Tracking behavioral and neural fluctuations during sustained
attention: a robust replication and extension. Neuroimage 171, 148-164.
doi: 10.1016/j.neuroimage.2018.01.002

Fu, S., and Parasuraman, R. (2006). “Event-related potentials in neuroergonomics,”
in Neuroergonomics: The Brain at Work, eds. R. Parasuraman and M. Rizzo (Oxford:
Oxford University Press), 32-50. doi: 10.1093/acprof:0s0/9780195177619.003.0003

Galvao-Carmona, A., Gonzéle-Rosa, J. J., Hidalgo-Muifoz, A. R, Pdramo, D.,
Benitez, M. L., Izquierdo, G., et al. (2014). Disentangling the Attention Network Test:
behavioral, event related potentials, and neural source analyses. Front. Hum. Neurosci.
8:813. doi: 10.3389/fnhum.2014.00813

Ghassemzadeh, H., Rothbart, M. K, and Posner, M. I (2019). Anxiety

and brain networks of attentional control. Cogn. Behav. Neurol. 32, 54-62.
doi: 10.1097/WNN.0000000000000181

Guinosso, S. A., Johnson, S. B., Schultheis, M. T., Graefe, A. C., and Bishai, D. M.
(2016). Neurocognitive correlates of young drivers’ performance in a driving simulator.
J. Adolescent Health 58, 467-473. doi: 10.1016/j.jadohealth.2015.12.018

Guo, Y., Zhao, S., Hou, X,, Nie, S, Xu, S., Hong, Y., et al. (2022). Insidious
attentional deficits in patients with cerebral small vessel disease revealed by attention
network test. Front. Neurol. 13:865307. doi: 10.3389/fneur.2022.865307

Hajcak, G., MacNamara, A., and Olvet, D. M. (2010). Event-related potentials,
emotion, and emotion regulation: an integrative review. Dev. Neuropsychol. 35,
129-155. doi: 10.1080/87565640903526504

Haubert, A., Walsh, M., Boyd, R., Morris, M., Wiedbusch, M., Krusmark, M., et al.
(2018). Relationship of event-related potentials to the vigilance decrement. Front.
Psychol. 9:237. doi: 10.3389/fpsyg.2018.00237

Frontiersin Cognition

10.3389/fcogn.2025.1547773

Heeren, A., Maurage, P., and Philippot, P. (2015). Revisiting attentional processing
of non-emotional cues in social anxiety: a specific impairment for the orienting
network of attention. Psychiatry Res. 228, 136-142. doi: 10.1016/j.psychres.2015.04.030

Helton, W. S., and Wen, J. (2023). Will the real resource theory please stand up!
Vigilance is a renewable resource and should be modeled as such. Exp. Brain Res. 241,
1263-1270. doi: 10.1007/s00221-023-06604-x

Hess, L. J., and Greenlee, E. T. (2024). Auditory vigilance task performance
and cerebral hemodynamics: effects of spatial uncertainty. Exp. Brain Res. 242, 1-9.
doi: 10.1007/500221-024-06857-0

Hitchcock, E. M., Warm, J. S., Matthews, G., Dember, W. N., Shear, P. K.,
Tripp, L. D., et al. (2003). Automation cueing modulates cerebral blood flow and
vigilance in a simulated air traffic control task. Theor. Issues Ergon. Sci. 4, 89-112.
doi: 10.1080/14639220210159726

Imperatori, L. S., Cataldi, J., Betta, M., Ricciardi, E., Ince, R. A., Siclari, F.,
et al. (2021). Cross-participant prediction of vigilance stages through the combined
use of WPLI and wSMI EEG functional connectivity metrics. Sleep 44:zsaa247.
doi: 10.1093/sleep/zsaa247

Ishigami, Y., and Klein, R. M. (2010). Repeated measurement of the components
of attention using two versions of the Attention Network Test (ANT): stability,
isolability, robustness, and reliability. J. Neurosci. Methods 190, 117-128.
doi: 10.1016/j.jneumeth.2010.04.019

Kamrud, A. Borghetti, B., Schubert Kabban, C., and Miller, M. (2021).
Generalized deep learning EEG models for cross-participant and cross-task
detection of the vigilance decrement in sustained attention tasks. Sensors 21:5617.
doi: 10.3390/521165617

Kamzanova, A., Matthews, G., and Kustubayeva, A. (2020). EEG coherence metrics
for vigilance: sensitivity to workload, time-on-task, and individual differences. Appl.
Psychophysiol. Biofeedback 45, 183-194. doi: 10.1007/510484-020-09461-4

Kaufman, D. A. S., Sozda, C. N., Dotson, V. M., and Perlstein, W. M. (2016). An
event-related potential investigation of the effects of age on alerting, orienting, and
executive function. Front. Aging Neurosci. 8:99. doi: 10.3389/fnagi.2016.00099

Kong, Z., Chen, J., Liu, J., Zhou, Y., Duan, Y., Li, H,, et al. (2024). Test-retest
reliability of the Attention Network Test from the perspective of intrinsic network
organization. Euro. J. Neurosci. 60, 4453-4468. doi: 10.1111/ejn.16448

Kustubayeva, A., Zholdassova, M., Borbassova, G., and Matthews, G. (2022).
Temporal changes in ERP amplitudes during sustained performance of the Attention
Network Test. Int. J. Psychophysiol. 182, 142-158. doi: 10.1016/j.ijpsycho.2022.10.006

Langner, R., and Eickhoff, S. B. (2013). Sustaining attention to simple tasks: a meta-
analytic review of the neural mechanisms of vigilant attention. Psychol. Bull. 139,
870-900. doi: 10.1037/a0030694

Li, N, Li, C, Xie, X, Liu, G, Wang, K, Zhang, W, et al. (2023).
Impairment of attention network function in posterior circulation ischemia-
evidence from the Attention Network Test. Front. Hum. Neurosci. 16:1001500.
doi: 10.3389/fnhum.2022.1001500

Lopez-Calderon, J., and Lusk, S. J. (2014). ERPLAB: an open-source toolbox
for the analysis of event-related potentials. Front. Hum. Neurosci. 8:213.
doi: 10.3389/fnhum.2014.00213

Lépez-Ramén, M. F., Castro, C., Roca, J., Ledesma, R., and Lupianez, J. (2011).
Attentional networks functioning, age, and attentional lapses while driving. Traffic
Injury Prev. 12, 518-528. doi: 10.1080/15389588.2011.588295

Luck, S.J., Stewart, A. X., Simmons, A. M., and Rhemtulla, M. (2021). Standardized
measurement error: a universal metric of data quality for averaged event-related
potentials. Psychophysiol. 58:¢13793. doi: 10.1111/psyp.13793

Luna, F. G., Aguirre, M. J., Martin-Arévalo, E., Ibafiez, A., Lupidfiez, J., and
Barttfeld, P. (2023). Event-related potentials associated with attentional networks
evidence changes in executive and arousal vigilance. Psychophysiology 60:e14272.
doi: 10.1111/psyp.14272

Luna, F. G., Barttfeld, P., Martin Arévalo, E., and Lupidfiez Castillo, J.
(2021). The ANTI-Vea task: analyzing the executive and arousal vigilance
decrements while measuring the three attentional networks. Psicolégica 42, 1-26.
doi: 10.2478/psicolj-2021-0001

Luna, F. G., Tortajada, M., Martin-Arévalo, E., Botta, F., and Lupiafez, J.
(2022). A vigilance decrement comes along with an executive control decrement:
testing the resource-control theory. Psychonomic Bull. Rev. 29, 1831-1843.
doi: 10.3758/s13423-022-02089-x

MacLeod, J. W., Lawrence, M. A., McConnell, M. M., Eskes, G. A., Klein, R. M., and
Shore, D. L. (2010). Appraising the ANT: psychometric and theoretical considerations
of the Attention Network Test. Neuropsychology 24, 637-651. doi: 10.1037/a0019803

Markett, S., Nothdurfter, D., Focsa, A., Reuter, M., and Jawinski, P. (2022). Attention
networks and the intrinsic network structure of the human brain. Hum. Brain Mapp.
43, 1431-1448. doi: 10.1002/hbm.25734

frontiersin.org


https://doi.org/10.3389/fcogn.2025.1547773
https://doi.org/10.1111/psyp.13805
https://doi.org/10.3389/fpsyg.2020.00388
https://doi.org/10.1016/j.dr.2012.10.002
https://doi.org/10.1111/psyp.13762
https://doi.org/10.1016/j.ijpsycho.2021.04.004
https://doi.org/10.1016/j.neubiorev.2021.02.028
https://doi.org/10.1080/02699931.2022.2159936
https://doi.org/10.1523/JNEUROSCI.3470-06.2007
https://doi.org/10.1162/089892902317361886
https://doi.org/10.1186/1471-2202-2-14
https://doi.org/10.3389/fpsyg.2023.1127193
https://doi.org/10.1177/1087054709334514
https://doi.org/10.1016/j.neuroimage.2018.01.002
https://doi.org/10.1093/acprof:oso/9780195177619.003.0003
https://doi.org/10.3389/fnhum.2014.00813
https://doi.org/10.1097/WNN.0000000000000181
https://doi.org/10.1016/j.jadohealth.2015.12.018
https://doi.org/10.3389/fneur.2022.865307
https://doi.org/10.1080/87565640903526504
https://doi.org/10.3389/fpsyg.2018.00237
https://doi.org/10.1016/j.psychres.2015.04.030
https://doi.org/10.1007/s00221-023-06604-x
https://doi.org/10.1007/s00221-024-06857-0
https://doi.org/10.1080/14639220210159726
https://doi.org/10.1093/sleep/zsaa247
https://doi.org/10.1016/j.jneumeth.2010.04.019
https://doi.org/10.3390/s21165617
https://doi.org/10.1007/s10484-020-09461-4
https://doi.org/10.3389/fnagi.2016.00099
https://doi.org/10.1111/ejn.16448
https://doi.org/10.1016/j.ijpsycho.2022.10.006
https://doi.org/10.1037/a0030694
https://doi.org/10.3389/fnhum.2022.1001500
https://doi.org/10.3389/fnhum.2014.00213
https://doi.org/10.1080/15389588.2011.588295
https://doi.org/10.1111/psyp.13793
https://doi.org/10.1111/psyp.14272
https://doi.org/10.2478/psicolj-2021-0001
https://doi.org/10.3758/s13423-022-02089-x
https://doi.org/10.1037/a0019803
https://doi.org/10.1002/hbm.25734
https://www.frontiersin.org/journals/cognition
https://www.frontiersin.org

Matthews et al.

Matthews, G., Davies, D. R., and Holley, P. J. (1993). Cognitive predictors of
vigilance. Hum. Factors 35, 3-24. doi: 10.1177/001872089303500101

Matthews, G., Davies, D. R., Stammers, R. B., and Westerman, S. J. (2000). Human
Performance: Cognition, Stress and Individual Differences. Hove: Psychology Press.

Matthews, G., Reinerman-Jones, L., Abich, I. V., J., and Kustubayeva, A. (2017a).
Metrics for individual differences in EEG response to cognitive workload: optimizing
performance prediction. Pers. Individ. Diff. 118, 22-28. doi: 10.1016/j.paid.2017.03.002

Matthews, G., Warm, J. S., and Smith, A. P. (2017b). Task engagement and
attentional resources: multivariate models for individual differences and stress factors
in vigilance. Hum. Factors 59, 44-61. doi: 10.1177/0018720816673782

Matthews, G., and Zeidner, M. (2012). Individual differences in attentional
networks: trait and state correlates of the ANT. Pers. Individ. Diff. 53, 574-579.
doi: 10.1016/j.paid.2012.04.034

Moriya, J. (2018). Attentional networks and visuospatial working memory capacity
in social anxiety. Cogn. Emot. 32, 158-166. doi: 10.1080/02699931.2016.1263601

Moriya, J., and Tanno, Y. (2009). Dysfunction of attentional networks
for non-emotional processing in negative affect. Cogn. Emot. 23, 1090-1105.
doi: 10.1080/02699930802335018

Neigel, A. R., Claypoole, V. L., Smith, S. L., Waldfogle, G. E., Fraulini, N. W.,
Hancock, G. M, et al. (2020). Engaging the human operator: a review of the theoretical
support for the vigilance decrement and a discussion of practical applications. Theor.
Issues Ergon. Sci. 21, 239-258. doi: 10.1080/1463922X.2019.1682712

Neuhaus, A. H., Urbanek, C., Opgen-Rhein, C., Hahn, E., Thi, M. T. T., Koehler,
S., etal. (2010). Event-related potentials associated with Attention Network Test. Int. J.
Psychophysiol. 76, 72-79. doi: 10.1016/].ijpsycho.2010.02.005

Noh, S. R, Larcom, M. J., Liu, X., and Isaacowitz, D. M. (2012). The role of
affect in attentional functioning for younger and older adults. Front. Psychol. 3:311.
doi: 10.3389/fpsyg.2012.00311

Pacheco-Unguetti, A. P., Acosta, A., Callejas, A., and Lupidfiez, J. (2010). Attention
and anxiety: different attentional functioning under state and trait anxiety. Psychol. Sci.
21, 298-304. doi: 10.1177/0956797609359624

Pacheco-Unguetti, A. P., Acosta, A., Marqués, E., and Lupidfez, J. (2011).
Alterations of the attentional networks in patients with anxiety disorders. J. Anxiety
Disord. 25, 888-895. doi: 10.1016/j.janxdis.2011.04.010

Petersen, S. E., and Posner, M. (2012).
the human brain: 20 vyears after. Annu.
doi: 10.1146/annurev-neuro-062111-150525

Posner, M. 1. (2008). Measuring alertness. Ann. N.Y. Acad. Sci. 1129, 193-199.
doi: 10.1196/annals.1417.011

The
Rev.

attention
Neurosci.

system  of
35, 73-89.

Posner, M. 1. (2023). The evolution and future development of attention networks.
J. Intell. 11:98. doi: 10.3390/jintelligence11060098

Posner, M. I, and Rothbart, M. K. (2007). Research on attention networks as
a model for the integration of psychological science. Annu. Rev. Psychol. 58, 1-23.
doi: 10.1146/annurev.psych.58.110405.085516

Quigley, L., Thiruchselvam, T., and Quilty, L. C. (2022). Cognitive control
biases in depression: a systematic review and meta-analysis. Psychol. Bull. 148:662.
doi: 10.1037/bul0000372

Frontiersin Cognition

15

10.3389/fcogn.2025.1547773

Razumnikova, O. M., Tarasova, I. V., and Trubnikova, O. A. (2021).
Specificity of functions of attention systems and self-assessment of health state
associated with age and coronary heart disease. Hum. Physiol. 47, 658-665.
doi: 10.1134/S0362119721060098

Sanchis, C., Blasco, E., Luna, F. G., and Lupidfiez, J. (2020). Effects of caffeine
intake and exercise intensity on executive and arousal vigilance. Sci. Rep. 10:8393.
doi: 10.1038/541598-020-65197-5

Sarrias-Arrabal, E., Izquierdo-Ayuso, G., and Vizquez-Marrufo, M.
(2023). Attentional networks in neurodegenerative diseases: anatomical and
functional evidence from the Attention Network Test. Neurologia 38, 206-217.
doi: 10.1016/j.nrleng.2020.05.022

Scerbo, M. W., Warm, J. S., and Fisk, A. D. (1986). Event asynchrony and
signal regularity in sustained attention. Curr. Psychol. Res. Rev. 5, 335-343.
doi: 10.1007/BF02686601

See, J. E., Howe, S. R, Warm, J. S., and Dember, W. N. (1995). Meta-
analysis of the sensitivity decrement in vigilance. Psychol. Bull. 117, 230-249.
doi: 10.1037/0033-2909.117.2.230

Sinha, N., Arora, S., Srivastava, P., and Klein, R. M. (2022). What networks of
attention are affected by depression? A meta-analysis of studies that used the attention
network test. J. Affective Disord. Rep. 8:100302. doi: 10.1016/j.jadr.2021.100302

Smallwood, J., Davies, J. B., Heim, D., Finnigan, F., Sudberry, M., O’Connor,
R, et al. (2004). Subjective experience and the attentional lapse: task engagement
and disengagement during sustained attention. Consciousness Cogn. 13, 657-690.
doi: 10.1016/j.concog.2004.06.003

Spagna, A., He, G,, Jin, S., Gao, L., Mackie, M. A, Tian, Y., et al. (2018). Deficit
of supramodal executive control of attention in schizophrenia. J. Psychiatric Res. 97,
22-29. doi: 10.1016/j.jpsychires.2017.11.002

Suminska, S., Nowak, K., Lukomska, B., and Cygan, H. B. (2021). Cognitive
functions of shift workers: paramedics and firefighters-an electroencephalography
study. Int. J. Occ. Saf. Ergon. 27, 686-697. doi: 10.1080/10803548.2020.1773117

Thomson, D. R,, Besner, D., and Smilek, D. (2015). A resource-control account of
sustained attention: evidence from mind-wandering and vigilance paradigms. Perspect.
Psychol. Sci. 10, 82-96. doi: 10.1177/1745691614556681

Verwey, W. B., Shea, C. H., and Wright, D. L. (2015). A cognitive framework for
explaining serial processing and sequence execution strategies. Psychonomic Bull. Rev.
22, 54-77. doi: 10.3758/s13423-014-0773-4

Warm, J. S., Parasuraman, R,
requires hard mental work and is
doi: 10.1518/001872008X312152

Watson, D., Clark, L. A, and Tellegen, A. (1988). Development and validation of
brief measures of positive and negative affect: the PANAS scales. J. Pers. Soc. Psychol.
54, 1063-1070. doi: 10.1037/0022-3514.54.6.1063

and Matthews,
stressful.

G. (2008). Vigilance
Hum. Factors 50, 433-441.

Wilder, J. (1957). The law of initial value in neurology and psychiatry; facts
and problems. J. Nervous Mental Dis. 125, 73-86. doi: 10.1097/00005053-195701000-
00009

Zholdassova, M., Kustubayeva, A., and Matthews, G. (2021). The ANT executive
control index: no evidence for temporal decrement. Hum. Factors 63, 254-273.
doi: 10.1177/0018720819880058

frontiersin.org


https://doi.org/10.3389/fcogn.2025.1547773
https://doi.org/10.1177/001872089303500101
https://doi.org/10.1016/j.paid.2017.03.002
https://doi.org/10.1177/0018720816673782
https://doi.org/10.1016/j.paid.2012.04.034
https://doi.org/10.1080/02699931.2016.1263601
https://doi.org/10.1080/02699930802335018
https://doi.org/10.1080/1463922X.2019.1682712
https://doi.org/10.1016/j.ijpsycho.2010.02.005
https://doi.org/10.3389/fpsyg.2012.00311
https://doi.org/10.1177/0956797609359624
https://doi.org/10.1016/j.janxdis.2011.04.010
https://doi.org/10.1146/annurev-neuro-062111-150525
https://doi.org/10.1196/annals.1417.011
https://doi.org/10.3390/jintelligence11060098
https://doi.org/10.1146/annurev.psych.58.110405.085516
https://doi.org/10.1037/bul0000372
https://doi.org/10.1134/S0362119721060098
https://doi.org/10.1038/s41598-020-65197-5
https://doi.org/10.1016/j.nrleng.2020.05.022
https://doi.org/10.1007/BF02686601
https://doi.org/10.1037/0033-2909.117.2.230
https://doi.org/10.1016/j.jadr.2021.100302
https://doi.org/10.1016/j.concog.2004.06.003
https://doi.org/10.1016/j.jpsychires.2017.11.002
https://doi.org/10.1080/10803548.2020.1773117
https://doi.org/10.1177/1745691614556681
https://doi.org/10.3758/s13423-014-0773-4
https://doi.org/10.1518/001872008X312152
https://doi.org/10.1037/0022-3514.54.6.1063
https://doi.org/10.1097/00005053-195701000-00009
https://doi.org/10.1177/0018720819880058
https://www.frontiersin.org/journals/cognition
https://www.frontiersin.org

	Individual differences in brain attention networks: the challenge of indexing temporal change
	1 Introduction
	1.1 Attentional network theory and research
	1.2 Applications to sustained attention and vigilance
	1.3 The present study

	2 Method
	2.1 Participants
	2.2 ANT task
	2.3 EEG recording
	2.4 Measure of affect

	3 Results
	3.1 Distributions of measures
	3.2 Stability of individual differences
	3.3 Inter-relationships of behavioral and ERP metrics
	3.4 Inter-relationships of initial index scores and change scores
	3.5 Correlations between change metrics
	3.6 Correlations with individual differences in affect

	4 Discussion
	4.1 Metrics for individual differences in sustained attention
	4.2 Predicting change in sustained attention
	4.3 Correlations with affect
	4.4 Limitations
	4.5 Conclusion

	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher's note
	Supplementary material
	References


