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Abstract

Background. Sustained attention is integral to goal-directed tasks in everyday life. It is a
demanding and effortful process prone to failure. Deficits are particularly prevalent in mood
disorders. However, conventional methods of assessment, rooted in overall measures of perform-
ance, neglect the nuanced temporal dimensions inherent in sustained attention, necessitating
alternative analytical approaches.

Methods. This study investigated sustained attention deficits and temporal patterns of atten-
tional fluctuation in a large clinical cohort of patients with bipolar depression (BPd, n = 33),
bipolar euthymia (BPe, n = 84), major depression (MDd, n = 38) and controls (HC, n = 138)
using a continuous performance task (CPT). Longitudinal and spectral analyses were employed
to examine trial-level reaction time (RT) data.

Results. Longitudinal analysis revealed a significant worsening of performance over time
(vigilance decrement) in BPd, whilst spectral analysis unveiled attentional fluctuations concen-
trated in the frequency range of 0.077 Hz (1/12.90 s)-0.049 Hz (1/20.24 s), with BPd and MDd
demonstrating greater spectral power compared to BPe and controls.

Conclusions. Although speculative, the increased variability in this frequency range may have
an association with the dysfunctional activity of the Default Mode Network, which has been
shown to oscillate at a similar timescale. These findings underscore the importance of consid-
ering the temporal dimensions of sustained attention and show the potential of spectral analysis
of RT in future clinical research.

Introduction

Sustained attention is the capacity to maintain a focused state of mind whilst avoiding distrac-
tions over time. It is resource-demanding thus there is an increase in response errors, reaction
time (RT) fluctuations, or slowing with increasing cognitive load or time-on-task (Warm et al.,
2008). Clinical populations show a higher tendency for sustained attention failures than the
general population. For example, although characterized by a broad profile of cognitive dys-
function, people with mood disorders consistently show evidence of sustained attention deficits;
both in major depressive disorder and bipolar disorder relative to healthy controls (Ancin et al.,
20105 Clark et al., 2002; Gallagher, 2020; Harmell et al., 2014; Paelecke-Habermann et al., 2005;
Van Der Meere et al., 2007). This has been attributed to the disruption of white matter integrity
that has been observed in mood disorder populations (Poletti et al., 2015; Tamnes et al., 2012).
However, sustained attention is a complex, multifaceted construct (Fortenbaugh et al., 2017) and
the pattern and magnitude of observed deficits may be dependent upon the demands of the task
and the method for quantifying performance.

Continuous performance tasks (CPT) are widely used in clinical settings to measure sustained
attention. Deficits in CPT performance have been found in symptomatic states (Fleck et al., 2012;
Koetsier et al., 2002; Little et al., 2024; Porter et al., 2003), as well as in euthymia (Doyle et al., 2005;
Kolur et al., 2006; Liu et al., 2002). The principal variables of interest in CPT's are typically overall
performance accuracy (e.g. d-prime, or hit-rate) and mean RT. However, these measures fail to
account for the intrinsic variability stemming from fluctuations in performance over time. To
retain this information, it is possible to use indices such as the standard deviation of trial-by-trial
RT, or the coefficient of variation (CoV) of RT which corresponds to the mean-normalized
standard deviation. Few studies have assessed intraindividual variability in mood disorder, but
existing evidence suggests higher variability in bipolar disorder (Kim et al., 2015) and in major
depression (Naim-Feil et al., 2015; Schmidt et al., 2021) compared to healthy controls.
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Distributional analysis is an alternative to this approach. It
entails fitting individual-level RT data to a non-normal distribution
(Costa et al., 2019) such as the ex-Gaussian. This distribution is the
convolution of a Gaussian and an Exponential distribution and is
characterized by three parameters: mu and sigma, respectively the
mean and standard deviation of the Gaussian, and tau, the scale of
the Exponential. The ex-Gaussian distribution has been shown to
fit empirical RT data well (Luce, 1986) and to reveal effects which
might be masked by ‘standard’ methods of analysis (Parris et al.,
2013). Previously, for instance, we reported evidence of deficits in
different subcomponents of sustained attention in mood disorders
by fitting RT data to an ex-Gaussian distribution to estimate the
three parameters (Gallagher et al., 2015), obtained from the Vigil
CPT (Cegalis & Bowlin, 1991). Specifically, relative to healthy
controls, the euthymic bipolar group was characterised by a sig-
nificantly larger tau parameter, that is the tendency for dispropor-
tionately slow responses. The depressed bipolar group showed
significantly larger sigma and tau, suggesting higher trial-to-trial
variability, while the medication-free major depression group did
not differ in terms of ex-Gaussian parameters. However, the func-
tional relevance and psychological interpretation of the parameters
of the ex-Gaussian distribution remains unclear (Fitousi, 2020;
Heathcote et al., 1991). Crucially, such methods fail to characterize
the temporal dimension of performance (Machida et al., 2022).

The vigilance decrement refers to the phenomenon of worsen-
ing performance over time (Parasuraman & Davies, 1977) which is
usually attributed to either a lack of cognitive resources (Warm
et al, 2008) or inadequate allocation of the available resources
(Thomson et al., 2015). The vigilance decrement can be examined
using several approaches; the most common method entails mod-
eling general linear trends, by examining the variables extracted in
several trial blocks over time. However, attention (VanRullen,
2018) and cognition in general (Shalev et al., 2019) work rhythmic-
ally, therefore performance variability should also be examined in
terms of cyclical or oscillatory patterns of performance.

Infraslow oscillations (within a frequency range of 0.01 Hz-
0.10 Hz, (Monto et al., 2008)) can be detected in both brain activity
(Fox et al., 2005) and in behavioral data (Di Martino et al., 2008). In
the latter, they can be obtained using the Fast Fourier Transform
(FFT, Figure 1). This technique enables the extraction of the
relevance (power) of oscillatory components present in the signal,
each characterized by a distinct period or frequency. In the obtained
curve, if any periodic recurring changes are present in RT they will

Reaction time (ms)
Power Spectral Density

Time Frequency

Figure 1. Spectral analysis transforms RT data from the time domain (A, seconds or
trials) to the frequency domain (B), potentially revealing oscillatory behavior.
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be shown as peaks of power at the specific frequency. The integrated
area under the power curve equates to the total variance of the RT
signal. Therefore, the technique provides an examination of specific
time scales within the total variance. In other words, it is possible to
highlight whether performance variation follows specific temporal
frequencies. Despite the relevance of this method, few studies have
assessed these frequency oscillations in clinical cohorts. Frequency
decomposition using FFT or wavelet analyses has been examined in
attention-deficit/hyperactivity disorder (ADHD) (Karalunas et al.,
2014). Compared to healthy controls, increased power is found
between the interval of 0.07 Hz-0.02 Hz and centered around
0.05 Hz (Castellanos et al., 2005; Di Martino et al., 2008; Johnson et al.,
2007; Vaurio et al., 2009). In other words, the increased performance
variability due to attentional fluctuations found in ADHD is consist-
ently located within a frequency range (every 14-50 s). Therefore, by
utilizing spectral analysis, it is possible to develop the observation of
attentional fluctuation to characterize their specific periodicity. This
intraindividual variability in attention may constitute a transdiagnos-
tic endo-phenotype (Karalunas et al., 2014). The aim of this study is to
characterize in detail the vigilance decrement and periodicity of
attentional fluctuation across mood disorders; specifically bipolar
depression, euthymia, and major depression. Building from the dis-
tributional analysis of RT data shown previously (Gallagher et al.,
2015), the novelty of our current approach is first in retaining the
temporal dimension. Given the increased variability found in the
clinical samples, we hypothesize a more pronounced vigilance decre-
ment in mood disorder groups compared to healthy controls. Sec-
ondly, in order to utilize RT data from common attentional CPTs
(where responses do not occur at fixed intervals) we apply a novel
method of spectral analysis to characterize the periodicity of atten-
tional fluctuations.

Methods
Participants

This study utilized a pooled multi-study dataset which was com-
piled for (Gallagher et al., 2015). We utilized this dataset as all index
studies used the same attentional task, followed the same admin-
istration procedure, and were conducted by the Faculty of Medical
Sciences, Newcastle University (Gallagher et al., 2014; Macritchie
etal,, 2010; Porter et al., 2003; Thompson et al., 2005). The dataset
included a total of 296 participants between 18 and 65 years old.
After the pre-processing which entailed a minimum accuracy on
the attention task of 60% (see the section below for more details),
the total number of participants was 293. Table 1 presents the
demographics of the four diagnosis groups.

For the bipolar cohorts, the diagnosis of bipolar disorder was
confirmed using the Structured Clinical Interview for DSM-IV
(SCID). Recruitment was from secondary and tertiary care services.

Table 1. Participant demographics

Mean age in
Diagnosis Code N years (SD) N males
Control HC 138 40.5 (12.50) 61
Bipolar depression BPd 33 47.0 (8.64) 19
Bipolar euthymia BPe 84 43.7 (9.47) 40
Major depressive disorder MDd 38 31.6 (9.97) 14
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All were out-patients and either currently in a SCID-defined
depressive episode (BPd); or euthymic, prospectively confirmed
at initial assessment and after 4 weeks (BPe). All were receiving
medication at the time of testing, stable for 4 weeks or more.
Exclusion criteria were: any other current Axis I disorder (except
anxiety) or substance dependence/abuse.

For the MDD cohort, all had a DSM-IV diagnosis of major
depressive disorder and were in a current depressive episode
(MDd). All were recruited from general practice clinics and were
psychotropic medication-free for at least 6 weeks before recruit-
ment. Neuropsychological testing occurred as soon as possible after
recruitment to minimize delay in treatment.

Healthy controls were recruited by advertisement and were
demographically matched to the clinical groups. Exclusion criteria
were: a personal or first-degree history of psychiatric illness, a
significant untreated medical condition likely to affect cognitive
function, and a current/history of alcohol/drug abuse or dependence.
Fuller diagnostic and clinical details can be found in the original
papers.

For all participants, illness characteristics, clinical ratings, and
medication history were determined by trained psychiatrists using
full history, case notes, medication review, and standardized rating
scales. All studies were approved by the local National Health
Service (NHS) Research Ethics Committee and all participants gave
written informed consent.

Materials and task

Each participant completed the Vigil CPT (Cegalis & Bowlin,
1991), a computerized task used to assess sustained attention in
participants. In each of the 480 trials, a random letter was presented
for 85 ms, followed by 900 ms of interstimulus interval (shown as a
centered white letter on a dark screen). Participants were instructed
to respond only to the target sequence of an “A” followed by a “K,”
as quickly and as accurately as possible by pressing the spacebar.
The stimulus presentation was not interrupted should the partici-
pant fail to provide a response within the response window. The
total number of targets was 100, semi-randomly distributed across
the length of the task (25, in each of the 4 blocks of 120 trials).

Data analysis

All data extraction, preprocessing, and analysis were performed
using the R programming language (R Core Team, 2021), in addition
to multiple packages including tidyverse (Wickham et al., 2019),
retimes (Massidda, 2013), Ime4 (Bates et al., 2015), psych (Revelle,
2022), and lomb (Ruf & Astropy, 2022).

Preprocessing

The preprocessing of data followed a different algorithm from that
applied previously (Gallagher et al., 2015). Traditionally, RT in the
Vigil CPT can have a range of 0 ms to 985 ms (the interval between
the onsets of two consecutive stimuli). In this updated procedure,
the window of response was increased to 1135 ms (985+ 150 ms
within the following stimulus response window). The increased
response window was implemented to obtain a wider range of RT as
it allowed potential attentional lapses (very slow RT) that
occurred after the onset of the following stimulus. The categor-
ization of responses followed a similar procedure to a traditional
Signal Detection Theory approach (Stanislaw & Todorov, 1999),
which resulted in identifying correct responses (a response after
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the target sequence), commission errors (a response following a
non-target trial), correct rejection (no responses to a non-target
trial), and misses (no responses to a target trial). The procedure to
obtain RT was implemented only on correct responses. Once the
number of responses by a participant was obtained, an accuracy of
at least 60% (60 correct responses over 100 potential target trials)
was used to filter performance. This threshold was implemented
because the spectral analysis requires as much available data as
possible to produce stable output.

Vigilance decrement in variability

The first step of the analysis entailed the extraction of an index of RT
variability, which corresponded to the CoV (the standard deviation
of RT divided by the mean RT). This was calculated for each
individual participant separately using RT obtained from correct
responses, in 8 blocks of 60 trials. This was preferred over utilizing
4 blocks as the change of performance over time was modeled
linearly, a higher number of measures over time allow for a more
reliable estimation of the trend. The CoV RT was then modeled using
a mixed effect model that included the effects of grouping
(Diagnosis) and time-on-task (Block, mean-centered to allow a more
meaningful interpretation of the model terms), and their interaction.
Additionally, the model included the covariates of age and sex, to
control for differences between the cohorts. Finally, the model
comprised a random slope and intercept for each individual to allow
individual differences: the random intercept allowed each individual
to have a different average CoV RT whereas the random slope
allowed each participant to have a different effect of Block. The
statistical significance of diagnosis and block was assessed with an
F-test utilizing an approximation of degrees of freedom following the
Satterthwaite’s method. If any of these factors was significant, mul-
tiple comparisons were implemented with Tukey adjustments when
required. Contrasts were dummy coded with the HC group as a
reference for comparisons. Measures of estimates in the model will be
provided in the original scales of the variable and standardized in an
ad hoc table. An approximation of model fit will be provided as
marginal and conditional R” (Rights and Sterba 2019).

Spectral analysis of RT

To investigate whether differences in RT variance between the
groups were located at specific time periods, group-averaged peri-
odograms were examined. These were derived from the responses
of each individual, where RT for correct responses was extracted
and detrended. Due to the task requirements of the Vigil CPT,
traditional frequency decomposition based on the Fast Fourier
Transform is not usually straightforward to implement (although
see [Gazzellini et al., 2017]). Due to the low target rate of the Vigil
CPT, the ‘sampling’ of RT is uneven, making it unsuited for FFT.
Instead, the Lomb-Scargle method (Ruf, 1999) was implemented in
R. This algorithm is suited for unevenly sampled data and returns
the power at specific frequencies, similar to that derived with an
FFT. This method utilizes an automated heuristic that extracts an
ideal set of frequencies, depending on the input data (range, data
recordings over time).

A functional data analysis approach was used to detect any
differences between groups (Ramsay & Silverman, 2005). First, the
power curve of each participant obtained from the Lomb-Scargle
periodogram was smoothed using a cubic spline with 46 basis (and
44 knots) (Figure 3A). This value was selected to reasonably maintain
potential peaks in the curves. The functions were then evaluated at the
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appropriate range of frequencies (corresponding to maximum and
minimum frequencies obtained from the frequency decomposition).
We first conducted a functional ANOVA to determine if there were
any frequencies during which the power differed between Diagnosis
groups (Figure 3B). Following the functional ANOVA, post-hoc
functional t-tests were run between group pairs. Two sets of critical
t-values were calculated for each comparison, one uncorrected and
one Bonferroni corrected. Calculations of ANOVA (F-test) and t-tests
were performed from regression models that included age and sex as
covariates, consistently with the analysis of the vigilance decrement
in CoV.

Results
Vigilance decrement

The mixed effect model [Marginal R? = 0.06, Conditional R? = 0.31]
(Figure 2 and Tables 2 and 3) showed that diagnosis (F[3, 287] =
14.95, p < 0.001), and the interaction between diagnosis and block
(F[3, 289] = 4.32, p = 0.005) had a significant effect on RT vari-
ability. The main effect of block (F[1, 289] = 0.90, p = 0.34) was not
significant.

Pairwise comparisons of diagnosis showed that HC had signifi-
cantly lower RT variability compared to BPd (estimate = —0.075,
P <0.001) and MDd (estimate = —0.033, p = 0.02), whereas it did not
differ from BPe (estimate = —0.018, p = 0.146). BPd had significantly
higher RT variability compared to BPe (estimate = —0.058, p < 0.001)
and MDd (estimate = 0.043, p = 0.024). Bpe did not differ compared
to MDd (estimate = —0.015, p = 0.61).

Post-hoc tests of the slopes revealed that HC (b = —0.0033,
p = 0.005) exhibited a significant decrease in RT variability with
time-on-task, similar to BPe (b = —0.0046, p = 0.002), whereas BPd
showed a significant increase in RT variability (b = 0.0048,
p = 0.042). MDd showed no significant change in RT variability
over time (b = —0.00045, p = 0.836).

Further comparisons of the slopes across groups demonstrated
that the slope for BPd was significantly different from both HC
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(Ab = -0.0080, p = 0.012) and BPe (Ab = -0.0094, p = 0.004).
However, differences in slopes between HC and BPe (Ab = 0.0013,
p =0.889), HC and MDd (Ab = -0.0028, p = 0.668), and BPe and
MDd (Ab = —0.0041, p = 0.396) were not significant.

Frequency analysis of RT

The functional ANOV A revealed a significant effect of diagnosis on
the RT power spectrum (critical F[4, 289] = 2.64, p < 0.05; dashed
line in Figure 3B) between 0.077 and 0.049 Hz (see gray-shaded
region in Figure 3B). In the time domain, this frequency range
reflects RT oscillations (e.g. lapses in attention) once every 12.90s to
once every 20.24 s. Post-hoc comparisons between the groups
(Figure 3C and D) within the frequency limits showed that both
BPd (critical t[169] = 2.67, p < 0.05) and MDd groups (critical t
[171] = 2.67, p < 0.05) were characterized by significantly greater
spectral power in the oscillations than the HC group. The BPe
group exhibited lesser spectral power when compared to BPd
(critical t[115] = 2.68, p < 0.05) as well as when compared to
MDd, but only using the uncorrected critical t-value (critical t
[120] = 1.98, p < 0.05).

Discussion

The aim of this study was to further our understanding of the nature
of intraindividual variability in sustained attention in mood dis-
order, by measuring how response-time variability changes over
time and characterizing the pattern of oscillatory behavior of RT
from a continuous performance test in depressed and euthymic
bipolar disorder, and major depression. Our results showed differ-
ences in sustained attention both in terms of overall variability and
in vigilance decrement between the clinical samples. RT variability
was highest in BPd, significantly greater than HC, BPe, and MDd.
Notably, these differences were further amplified by distinct pat-
terns of vigilance decrement: with time-on-task, variability
increased in BPd, while in the other groups it either remained stable

B
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Diagnosis === HC === BPe === BPd === MDd

Figure 2. Differences in coefficient of variation (CoV) between groups. (a) CoV of reaction times modeled for the 4 groups and across blocks of trials. Dots represent the individual
participants, whilst the lines are the model predictions. (b) Coefficient of Variation by group.
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Table 2. Standardised parameters of the mixed effect model

Lower Upper
Parameter Std_Coefficient 95% ClI 95% Cl
(Intercept) —0.173 —0.270 —0.076
Diagnosis [Bpe] 0.172 0.014 0.330
Diagnosis [BPd] 0.733 0.508 0.957
Diagnosis [MDd] 0.317 0.104 0.531
Block —0.072 —0.122 —0.022
Age —0.030 —0.101 0.040
Sex [Male] 0.004 —0.063 0.071
Diagnosis [Bpe] x Block —0.030 —0.111 0.051
Diagnosis [BPd] x Block 0.179 0.065 0.293
Diagnosis [MDd] x Block 0.062 —0.045 0.170

(MDd) or decreased (BPe and HC). These potential state-related
effects were corroborated by the significant differences in slope
between the BPd group and BPe and controls. The results of the
spectral analysis complemented these findings, with a significant
difference within the frequency range of 0.049 Hz (1/20.24 s) to
0.077 Hz (1/12.90 s). Within this infraslow frequency range, the
BPd and MDd groups had larger power than the HC; and the BPd
and MDd groups had larger power than the BPe group. However,
some caution is needed when considering the MDd and BPe
comparison as the differences were only significant at the uncor-
rected critical t-value.

The present results replicated and expanded on our previous
findings (Gallagher et al., 2015), where we found that among the
different samples, the depressed BP patients showed higher overall
variability. Here, the analysis identified a significant main effect of
diagnosis and a significant interaction with block, indicating not
only robust cross-methodological differences in overall variability,
but different patterns of performance over time. The inclusion of
time-on-task effects is an approach that has also been recom-
mended in ADHD research (Machida et al., 2022) as it provides a
more complete profile of sustained attention performance
(Esterman et al., 2014). The literature on the vigilance decrement
in mood disorders is limited, particularly in terms of assessing
changes in variability. Some studies have reported stable attentional

performance over time in BPe (Clark et al., 2002; Fleck et al., 2001),
while others have reported fluctuating or increasing differences in
BPe compared to controls at later trial blocks in CPT tasks (Marotta
etal., 2015; Robinson et al., 2013). This might be due to the different
variables examined and the method in which performance over
time was evaluated. The literature in the area displays significant
heterogeneity in the implemented tasks, which are often more
complex and likely to maintain a higher level of participant engage-
ment, which is not ideal to investigate lapses in sustained attention.
To our knowledge, this is the first study to examine this vigilance
decrement in a sample of symptomatic bipolar disorder patients. In
contrast with BPe, BPd variability increased over time. In contrast
with controls and BPe, which showed potential practice effects by
less variable performance, the MDd group remained stable and
consistently more variable than the controls, similar to earlier
studies (Van Der Meere et al., 2007). These results challenge the
view of a trait-level sustained attention deficit in bipolar disorder
and highlight that the deficit might be moderated by the mood state
(Clark & Goodwin, 2004). Although speculative, this partially
supports the notion that sustained attention depends on ‘energetic’
states such as high motivation (Warm et al., 2008), which may be
compromised by depressive symptoms (Grahek et al., 2019; Smith,
2013).

Our results on the spectral analysis of RT are in line with the idea
of state-related deficits of sustained attention, as symptomatic
groups (BPd and MDd) showed higher variability than both con-
trols and euthymia. More specifically, the group effect was found
within the frequency range between 0.049 Hz and 0.077 Hz and
(1/20.24-1/12.90 s) and centered around 0.063 HZ (15.77 s). The
frequency range in which differences were observed overlapped
with the range found in ADHD using similar tasks (Adamo et al,,
2014; Di Martino et al., 2008; Geurts et al., 2008; Johnson et al.,
2007). The range we found also overlapped with the range found for
individuals who suffered traumatic brain injury (Gazzellini et al.,
2017) and those who are ‘high worriers’ (Gazzellini et al., 2016).

There are important potential biological underpinnings of this
frequency range across these different studies and samples. This
pattern of variability has been associated with the Default Mode
Network (DMN), a large-scale brain network, which comprises
areas of the ventral medial prefrontal cortex, the dorsal medial
prefrontal cortex, and the posterior cingulate cortex, particularly
activated during introspective states (Raichle et al., 2001), and
seemingly activated following the same multi-second temporal
frequency (<0.1 Hz) (Fox et al., 2005). In goal-directed behavior
the DMN deactivates, and the brain switches to an extrospective

Table 3. Summary statistics of CoV RT across blocks for the 4 groups of participants, mean (SD)

Block
1 2 3 4 5 6 7 8

Diagnosis HC 0.21 0.18 0.19 0.18 0.17 0.17 0.18 0.17
(0.10) (0.09) (0.10) (0.11) (0.09) (0.09) (0.09) (0.08)

BPd 0.24 0.22 0.29 0.24 0.26 0.27 0.26 0.27

(0.10) (0.13) (0.12) (0.12) (0.11) (0.15) (0.11) (0.13)

BPe 0.24 0.20 0.19 0.18 0.18 0.20 0.19 0.19

(0.12) (0.10) (0.08) (0.08) (0.10) (0.09) (0.09) (0.08)

MDd 0.25 0.21 0.20 0.21 0.21 0.20 0.21 0.24

(0.14) (0.11) (0.08) (0.09) (0.10) (0.10) (0.12) (0.12)

https://doi.org/10.1017/50033291725000509 Published online by Cambridge University Press
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Figure 3. Frequency analysis of reaction time data and investigation of differences

Frequency

between the clinical groups. (a) averaged power curves for each experimental group.

(b) functional F-test between the power curves; the dotted line represents the critical F-value; the grayed area is where the F-test is considered significant. (c) average absolute
power for each group within the frequency range where the F-test was significant. (d) functional t-tests following the significant F-test; the dotted horizontal line represents

uncorrected critical t-value whilst the solid line is the Bonferroni corrected value.

state where other areas (referred to as task-positive areas) are
activated (Fransson, 2005). Dysfunctional behavioral oscillations
in clinical conditions have therefore been explained in terms of
periodic intrusion of the DMN, usually active during resting state
and believed to be incompatible with effective sustained attention
performance during goal-directed action (Hultsch et al., 2002).
Remarkably, the DMN has been shown to fluctuate following the
same time signature as behavioral lapses in ADHD (Sonuga-Barke
& Castellanos, 2007; Zhang et al., 2022). Although preliminary, our
results may suggest that the same dysfunctional mechanism of
DMN regulation might be present in mood disorders, especially
in symptomatic states. Dysregulation of the DMN has been high-
lighted both in major depression (Marchetti et al., 2012), and in
bipolar disorder (Rodriguez-Cano etal., 2017) and our results are in
line with the notion of mood state-related differences in DMN
activity in bipolar disorder (Martino et al., 2016).

There are important methodological considerations to note
regarding the current findings. Previous studies have used common
methods such as the Fourier Transform and the Wavelet Transform
to decompose oscillatory signals into power and frequencies, which
could not be applied due to the CPT task characteristics. The Lomb-
Scargle periodogram method used here is promising and applicable
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to tasks with non-regular responses (Ruf, 1999). However, few
previous applications of this method exist in neuropsychological
research and therefore results should be interpreted carefully. Add-
itionally, the range of frequencies obtained from the spectral
decomposition is dependent on the density of the behavioral
recording. Since the target rate of the Vigil CPT task is low, the
recording was sparse. Future investigations should implement tasks
with higher target rate to obtain richer data in terms of frequency
range and to output results that could be more easily compared to
existing findings, which have settled on a specific class of CPT
(e.g. the SART [Johnson et al., 2007]) (Geurts et al., 2008). Finally,
future studies should consider the recording of neurophysiological
measurements (e.g. EEG (Helps et al., 2008)) alongside behavioral
data, as this would provide an analytical approach on the same time
scale and permit a more direct assessment of the association
between the brain and behavior (Gazzellini et al., 2017).

This study utilized novel methods of analysis to develop our
understanding of attentional dysregulation in mood disorders.
Previously, the utility of distributional modeling has been demon-
strated to separate components of the RT distribution more pre-
cisely between mood disorders and healthy controls. Here, we have
found important differences when temporal characteristics are
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retained, particularly in relation to depressive episodes and bipolar
disorder. This study underscores the potential value of such
approaches in characterizing sustained attention dysregulation,
which could prove useful in future clinical and non-clinical
research. The study also highlights that this deficit is seen in a
functionally relevant metric, which may suggest a close coupling
with brain network activity and represents an important direction
for further research.
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