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Abstract
Clinical studies of adaptive control emphasize the role disruptions in control play in
psychopathology. However, many studies used confound-laden designs and examined only one
type of psychopathology. Recent studies of event-related potentials (ERPs) suggest that robust
congruency sequence effects (CSEs) — a popular index of adaptive control — appear in confound-
minimized designs. Thus, the present study sought to determine whether a confound-minimized
CSE paradigm could identify adaptive control dysfunction in people with major depressive
disorder (MDD), generalized anxiety disorder (GAD), and obsessive-compulsive disorder
(OCD). We predicted that participants with MDD and GAD would show smaller ERP CSEs and
that participants with OCD would show larger ERP CSEs than healthy controls. Data from 44
people with GAD, 51 people with MDD, 31 people with OCD, and 56 healthy comparison
participants revealed normal CSEs as indexed by response times (RTs) and ERPs in the
psychopathology groups. Moreover, psychiatric symptoms did not moderate these CSEs. Finally,
we observed a strong mean-variance relationship in RT CSEs, such that participants with
stronger post-recruitment of control in mean RT scores showed the most consistent post-conflict
responses (i.e., the least intraindividual variability). These findings suggest that prior findings
from confound-laden tasks indicating altered CSEs in psychopathology stem from processes that
are unrelated to adaptive control. Future research should employ experimental designs that

isolate these processes to advance our understanding of abnormal CSEs in psychopathology.
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Adaptive control refers to the coordination of cognitive, emotional, and physiological
processes associated with identifying problems or conflict in the environment and optimizing
subsequent goal-directed behavior (Miller & Cohen, 2001). Adaptive control is fundamental to
everyday living, and includes such processes as overriding pre-potent responses, ignoring
irrelevant stimuli, and monitoring performance. Models of adaptive control emphasize these
applications and try to account for the remarkable flexibility in decision-making that healthy
people demonstrate in the real world, while clinical research emphasizes the role that disruptions
in adaptive control play in psychopathology. However, many studies of adaptive control in
psychopathology are based on confound-laden designs and analyses that are inconsistent with
best practices for examining adaptive control (Braem et al., 2019). In addition, studies of
adaptive control in psychopathology tend to compare a single type of pathology with healthy
individuals. Few studies directly compare multiple psychopathology types, which limits the
inferences and associations with pathological processes that one can make. To overcome these
obstacles, we sought to determine whether a confound-free adaptive control paradigm could
identify dysfunction in people with psychopathology, including comparisons across multiple
common types of psychopathology.

Congruency Sequence Effects

A core behavioral phenomenon that supports the role of conflict or discrepancy detection
and subsequent adjustments in adaptive control is the behavioral alterations that occur after high-
conflict trials. For example, in studies using the flanker task (Eriksen & Eriksen, 1974), high-
conflict or incongruent trials (e.g., <<><<<) are associated with slower response times (RTs) and
higher error rates than low-conflict or congruent trials (e.g., <<<<<), and this is typically referred

to as the congruency effect or the flanker effect (MacLeod, 1991). According to the conflict



monitoring theory of adaptive control, conflict leads to the recruitment of adaptive control,
which serves to shift attention toward the target stimulus and improve subsequent performance
(Botvinick et al., 2001b; Botvinick et al., 2004b). Consistent with this view, performance
improves after incongruent trials. Specifically, increases of control are associated with faster RTs
and lower error rates on incongruent trials preceded by (a) incongruent trials (il trials) as
compared to (b) congruent trials (cI trials). Researchers call the resulting reduction of the
congruency effect following incongruent relative to congruent trials “conflict adaptation”
(Botvinick et al., 2001a; Botvinick et al., 2004a; Carter & van Veen, 2007a), the “Gratton effect”
(Gratton et al., 1992), or the “congruency sequence effect” (CSEs; for review, see Braem et al.,
2019).

The conflict monitoring theory posits that CSEs are due to adjustments in control
following conflict, and that the anterior cingulate cortex (ACC) is a brain region central to the
detection of such conflict (Botvinick et al., 2001b; Botvinick et al., 2004b; Botvinick et al., 1999;
Carter et al., 1998; Yeung et al., 2004; Yeung & Nieuwenhuis, 2009). Once conflict is detected,
compensatory mechanisms adjust behavior by engaging adaptive control. The dorsolateral
prefrontal cortex (dIPFC) exerts control by selectively increasing or decreasing attention to the
target stimulus (Botvinick et al., 2001b; Cohen et al., 2000; Corbetta & Shulman, 2002; Kerns et
al., 2004). For example, control might serve to increase attention to the target following conflict,
which results in reduced conflict related activity. This coupling between ACC and dIPFC is
commonly referred to as the conflict-control loop (Carter & van Veen, 2007b), but research has
added to this conceptualization by implicating other brain regions, such as the ventrolateral

prefrontal cortex (Egner, 2011). Much of the work to date has used fMRI to support a role for the



ACC in conflict detection, but electrophysiological manifestations of ACC activity also show
patterns that support a role for the ACC in detecting conflict (Larson et al., 2014).

Alternative explanations of CSEs during the flanker task refer to feature integration
(Hommel et al., 2004; Notebaert et al., 2001; Wendt et al., 2006) and contingency learning
(Schmidt & Besner, 2008; Schmidt et al., 2007; Schmidt & De Houwer, 2011). The feature
integration account attributes the CSE to uncontrolled stimulus and/or response repetitions
whose natures varies across different sequences of congruent and incongruent trials. The
contingency learning account attributes the CSE to learning that each distractor is more often
associated with the congruent response than with each possible incongruent response when each
congruent stimulus appears more frequently than each incongruent stimulus. Consistent with
these accounts, the CSE is often absent in tasks without feature integration or contingency
learning confounds (Mordkoff, 2012; Schmidt & De Houwer, 2011).

Event-Related Brain Potentials

Scalp-recorded event-related brain potentials (ERPs) associated with conflict monitoring
are sensitive to trial-by-trial adjustments in adaptive control. In studies of the flanker task, the
conflict N2 is sensitive to CSEs (Clayson & Larson, 2011a, 2011b, 2012, 2013b; Forster et al.,
2011; Larson et al., 2012a; Yang et al., 2019), such that the N2 is smaller for il than for cI trials.
The conflict N2 is a negative-going component that peaks approximately 250 to 350 ms after the
presentation of a flanker stimulus and is generally considered to index conflict monitoring
(Larson et al., 2014). In Stroop-like tasks, N450 and the conflict slow potential (conflict SP) are
associated with conflict monitoring and resolution, respectively, and both ERPs are sensitive to
CSEs (Larson et al., 2016b; Larson et al., 2009a, 2009b; West & Alain, 1999, 2000; West &

Bailey, 2012). Similar to the N2, the N450 and conflict SP are smaller for il than for cI trials, and



these amplitude changes are generally interpreted as reflecting reactive adjustments in control
following conflict.
Confound-Minimized Designs

Recent behavioral and electrophysiological evidence suggests that robust CSEs can be
observed in the absence of feature integration processes and contingency learning. For example,
studies using four-choice response tasks during which stimulus and response repetitions are not
allowed generally show intact, robust CSEs (Duthoo et al., 2014; Freitas & Clark, 2015; Jimenez
& Mendez, 2013, 2014; Kim & Cho, 2014; Schmidt & Weissman, 2014; Weissman et al., 2015;
Weissman et al., 2014). In these four-choice response tasks, no stimuli or responses repeat in
consecutive trials, which precludes feature integration confounds, and each distractor-response
pairing is equally likely to occur, which precludes contingency learning confounds (see Braem et
al., 2019 for a review). After removing S-R repetitions during a flanker task, N2 amplitudes
showed robust CSEs (Clayson & Larson, 2011a, 2011b) and a linear reduction in amplitude in up
to three consecutive incongruent trials (Clayson & Larson, 2011a). These analyses provide
evidence that S-R repetitions do not fully account for the post-conflict recruitment of adaptive
control. Further evidence comes from a study that employed a confound-minimized design
involving a four-choice task. Here, the N450 and conflict slow potential (SP) amplitudes, which
are ERPs associated with conflict detection and resolution during Stroop-like tasks (for review,
see Larson et al., 2014), showed robust CSEs (Larson et al., 2016b), similar to other ERP studies
using the color-word Stroop task (Larson et al., 2012a; Larson et al., 2011; Larson et al., 2009b).
CSEs in Clinical Research

Clinical research has used adaptive control studies to identify subtle cognitive difficulties

in neurological and psychiatric disorders. For example, traumatic brain injuries (TBIs) appear to



have long-term negative effects on CSEs, but these changes are only observed in ERPs, not in
behavior (Larson et al., 2011; Larson et al., 2009a). Similar findings of intact behavioral CSEs
but reduced ERP CSEs are observed in autism spectrum disorders (Larson et al., 2012b).
Although behavioral research has yielded mixed findings on the relationship between CSEs and
anxiety or depression (for review, see Dignath et al., 2020), ERP studies of CSEs indicate weak
CSEs related to both anxiety (Larson et al., 2013; Osinsky et al., 2010) and depression (Clawson
et al., 2013). Finally, unlike anxiety or depression, participants with obsessive-compulsive
disorder (OCD) showed exaggerated CSEs indexed by conflict N2 and RTs (Riesel et al., 2017),
which is consistent with other behavioral research (Liu et al., 2012; Meiran et al., 2011). A
limitation of most studies, however, is the use of confound-laden tasks, wherein confounds can
make it difficult to isolate the “control-driven” CSE in neurological or psychiatric illness. To fill
this gap in the present study, we employ a confound-minimized task to investigate the CSE.

A second limitation is that most studies focus on comparing the CSE in a single
psychopathology group to the CSE healthy controls. Investigations that include multiple
psychopathology groups might shed more light on why CSEs are sometimes smaller and
sometimes larger in different groups. Consistent with this possibility, distinct patterns of
impairment have been observed in psychopathology with smaller CSEs in depression and anxiety
(Clawson et al., 2013; Larson et al., 2013; Osinsky et al., 2010) and larger CSEs in OCD (Riesel
et al., 2017). However, researchers have not made these distinctions within the same study to
allow a quantitative (not just qualitative) comparison of the CSE across groups.

The source of altered CSEs in psychopathology remains unclear. In people with
depression and anxiety, relatively small CSEs might be related to increased rumination about

past behavior or worry about future actions due to an inability to effectively manage cognitive



control—leading to loop of negative thoughts and abnormalities regulating emotion (e.g., Etkin
& Schatzberg, 2011). In OCD, more robust CSEs and error monitoring could be due to a poorly
tuned control system that fails to downregulate unambiguous or non-conflicting situations—
potentially leading to repetitive behaviors and attempts to resolve perceived conflicts (e.g.,
Endrass & Ullsperger, 2014; Riesel et al., 2017).

Although distinct patterns of CSEs appear in prior studies of anxiety and OCD, both
disorders are associated with heightened worry and overestimation of threat, which might
suggest a similar pattern of impairment in CSEs. Consistent with this possibility, related work
shows that the error-related negativity (ERN), an index of error monitoring, is heightened in both
OCD (Riesel, 2019) and anxiety (Clayson et al., 2020; Moser et al., 2016). Theoretical work
suggests ERN and N2 reflect conflict monitoring, and neuroimaging studies implicate the
anterior cingulate cortex (ACC) in generating both signals (for review, see Larson et al., 2014).
An examination of CSE-symptom relationships across psychopathology groups, especially in the
context of a confound-minimized task, may identify unique associations between psychiatric
symptoms and CSEs that can guide cross-diagnostic interventions of abnormal cognitive control.
Thus, studying both psychopathology groups within the same study may help to determine
whether studies of the CSE that relied on traditional diagnostic categories missed key individual-
differences relationships that become clear when using a trans-diagnostic approach. To fill this
gap, we investigate whether CSEs vary across different psychopathology groups.

Present Study

The purpose of the present study was to determine whether ERP indices of confound-

minimized (i.e., “control-driven””) CSEs vary across different psychopathology groups and

whether ERPs are more sensitive than RTs to disturbances related to psychopathology. Larson et



al. (2016b) used a confound-minimized design to examine CSEs in the N450 and conflict SP.
Both ERPs showed CSEs in the absence of feature integration effects or contingency learning
confounds. Therefore, we focused on these ERP components in the present study. Specifically,
we sought to determine whether CSEs vary across three psychopathology groups: major
depression disorder (MDD), generalized anxiety disorder (GAD), and OCD. We predicted that
participants with MDD and GAD would show smaller CSEs, indexed by N450 and conflict SP,
than healthy controls while participants with OCD would show larger ERP CSEs than healthy
controls. We had no specific predictions related to RT CSEs. We also conducted exploratory
analyses to explore relationships between different CSE measures and psychiatric symptoms.
Method
Participants

Response-locked ERP data from the present sample of 182 participants were previously
reported in a study of the error-related negativity (Clayson et al., 2022). The present analyses
focused on CSEs for response times (RTs) and two stimulus-related ERPs: N450 and conflict SP.
CSEs in RTs or ERPs were not previously reported. The Brigham Young University Institutional
Review Board approved all study procedures, and participants provided written informed
consent.

We recruited participants with GAD, MDD, and OCD via flyers and referrals from
university and community mental health centers. An inclusion criterion of these participants was
a primary self-reported diagnosis of GAD, MDD, or OCD made by a psychiatrist, psychologist,
or physician in the community, and we used this selection criterion to improve the ecological
validity of the clinical sample (see Clayson et al., 2022). We recruited healthy controls from

undergraduate psychology courses and advertisements around campus. Exclusion criteria for all
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participants included medication changes in the last two months, neuroleptic medications,
psychotic or bipolar disorder diagnosis, history of any substance use disorder of any severity,
self-reported learning disabilities or attention-deficit/hyperactivity disorder, neurological disease,
left-handedness, and status as a minor (age < 18 years old). We also excluded healthy controls if
they self-reported any psychiatric diagnosis; demographic summary data appear in Table 1.

We primarily aimed to assess an ecologically-valid sample presenting from the
community with self-reported diagnoses (see Clayson et al., 2022). Nonetheless, we further
aimed to determine whether the pattern of results would be similar in participants with confirmed
clinical diagnoses. Therefore, psychiatric diagnoses were confirmed using the Mini-International
Neuropsychiatric Inventory (MINI; Sheehan et al., 1998), which was administered to all
participants by clinical psychology students trained and supervised by a licensed clinical
psychologist (MJL). The MINI was chosen because of its good concordance with the Structured
Clinical Interview for DSM-IV Axis I Disorders (SCID) and with diagnoses made by physicians
and psychiatrists. In addition, the MINI requires less time to administer than the SCID (Amorim,
2000; Amorim et al., 1998; de Azevedo Marques & Zuardi, 2008; Sheehan et al., 1998).
Summary information for the subset of participants with MINI-confirmed diagnoses appears in
Supplementary Table 1.

Clinical Ratings

Depression symptoms were measured with the Beck Depression Inventory, 2™ Edition
(BDI-II; Beck, 1996), trait worry was measured using the Penn State Worry Questionnaire
(PSWQ; Meyer et al., 1990), obsessive-compulsive symptoms were measured using the Yale-
Brown Obsessive Compulsive Scale (Y-BOCS; Goodman et al., 1989a; Goodman et al., 1989b).

Coefficient alphas for each measure in the current sample were .94 (95% CI: .93, .95) for BDI-II,
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.95 (95% CI: .94, .96) for PSWQ, and .92 (95% CI: .91, .94) for Y-BOCS. Reliabilities by group
are included in Supplementary Table 2, and all point estimates were above .80, except for the
BDI-II in controls, which was .78.
Experimental Task

The experimental task was identical to the task used in Larson et al. (2016b). Stimuli
appeared on a 17-inch computer monitor located approximately 60 cm from the participant’s
head. Each block began with a fixation cross (white, Arial 50-point font), which was presented
for 2000 ms on a black background. Three horizontally-oriented, identical distractor words
(“Left”, “Right”, “Up”, or “Down”’; white, Arial 48-point font)—one just above fixation, one at
fixation, and one just below fixation—appeared at the center of the screen for 133 ms. After a 33
ms blank screen, one of four possible target words (“Left”, “Right”, “Up”, or “Down”; white,
Arial 77-point font) appeared for 133 ms at the center of the screen. After 133 ms, the target
word was replaced by a fixation cross. Participants were instructed to identify the target word as
quickly and accurately as possible by making a spatially compatible button press on a computer
keyboard. Participants were instructed to press the “F” key with the left middle finger to indicate
the target word was “Left”, and “G” key with the left index finger for the target word “Right”,
the “J” key with the right middle finger for the target word “Up”, or the “N” key with the right
index finger for the target word “Down”. The word “Error” replaced the fixation cross for 200
ms 1500-1700 ms after target onset, if a participant responded incorrectly or not at all within
1500 ms of target onset. The inter-trial interval (ITI) varied randomly (without replacement)
between 1850 ms and 2150 ms in steps of three ms around an average duration of 2000 ms.

The distracter and target stimuli described above were combined to create four congruent

distracter-target pairs (left-left, right-right, up-up, down-down) and four incongruent distracter-
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target pairs (left-right, right-left, up-down, down-up). Distracter-target pairs involving the words
“Left” and/or “Right” were presented in odd trials while distracter-target pairs involving the
words “Up” and/or “Down” were presented in even trials. Each congruent and each incongruent
distracter-target pair was randomly presented twelve times within a block. Participants
completed a 48-trial practice block and eight 96-trial test blocks.

The order of congruent and incongruent trials within each block was first-order
counterbalanced. This ensured that each of the four sequential trial types that are needed to
calculate the CSE (i.e., cC trials, iC trials, cI trials, and il trials) appeared 24 times per block,
except for one sequential trial type that appeared only 23 times because the first trial of each
block was not preceded by a congruent or an incongruent trial. The underrepresented sequential
trial type varied randomly across blocks as trial order was randomized for each block separately.
We used the Psychophysics Toolbox (Brainard, 1997) for MATLAB (Natick, MA) running on a
Windows PC machine for stimulus presentation and to record each participant’s responses.
Electrophysiological Data Recording and Reduction

EEG was recorded from 128 passive scalp sites using a 129-channel hydrocel geodesic
sensor net and Magstim Electrical Geodesics, Inc. (Magstim EGI; Eugene, OR) amplifier system
(20K nominal gain, delta-sigma sinc lowpass filter with a half-power cutoff of 2,000 Hz). The
sensor layout of the hydrocel net is shown in Clayson et al. (2011). EEG was online referenced
to the vertex electrode, and a ground sensor was placed at location PCz. EEG was digitized
continuously at 250Hz with a 24-bit analog-to-digital converter. Impedances were maintained
below 50kQ.

EEG data were subsequently filtered offline using a sixth-order (36 db/oct) infinite

impulse response Butterworth filter with half-amplitude cutoffs at .1 and 30 Hz implemented in
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ERPLab v6.1.4 (Lopez-Calderon & Luck, 2014). Stimulus-locked epochs were then extracted
separately for each participant using a temporal window from 300 ms prior to the presentation of
the target stimulus to 1,000 ms following presentation of the target stimulus. Consistent with our
previous work (Clawson et al., 2017; Clayson & Larson, 2011a, 2011b; Larson et al., 2016a;
Larson et al., 2016b), eye blinks and horizontal and vertical saccadic eye movement were
removed from the segmented waveforms using independent components analysis (ICA). For the
ICA procedure, epoched EEG data from all channels were processed through a binary version of
EEGLab’s runica function called binica (Delorme & Makeig, 2004). Any ICA components that
correlated at .9 or above with the scalp topography of a blink template and at .8 or above with the
scalp topography of vertical and horizontal saccade templates were removed from the data. The
templates that we used for artifact correction included those that were automatically generated by
the ERP PCA Toolkit and those that were created by the present authors from the present dataset.

Following artifact correction, channels with more than a 100 pV step within 100 ms
intervals, a voltage difference of 300 puV through the duration of the epoch, or an absolute
correlation with the nearest six neighboring channels that fell below .4 were marked as a bad for
the epoch. Channels that were marked bad for more than 20% of epochs were considered
globally bad. Bad channels were interpolated using spherical splines (Perrin et al., 1989), but if
more than 10% of channels were marked bad for an epoch, the entire epoch was rejected. EEG
data were then rereferenced off-line to an average reference. The period from 300 ms to 100 ms
prior to presentation of the target stimulus was used for baseline adjustment.

Stimulus-locked ERPs were then analyzed. To reduce the biasing effects of background
EEG noise on ERP measurements, ERPs were scored using a time-window mean amplitude

approach (Clayson et al., 2013; Luck, 2014). EEG sites for analysis were chosen a priori and
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used sensors and scoring windows based on the previous study from our lab that used this
paradigm (Larson et al., 2016b). Regions of interest (ROIs), which are created by averaging data
across multiple electrodes, were used to provide an improved signal-to-noise ratio over data from
a single electrode (Baldwin et al., 2015; Clayson et al., 2021b). The N450 was extracted as the
average activity over five sites (5, 6 [FCz], 12, 13, 112; for electrode configuration, see Clayson
& Larson, 2013a) and quantified using a time window from 325 to 425 ms following target
onset. The conflict SP was extracted as the average activity over nine sites (60, 66, 67, 71, 72,
76, 77, 84, 85) and quantified as the average activity from 550 to 700 ms following target onset.
Internal Consistency

Generalizability theory was used to calculate dependability (¢), which is an estimate of
internal consistency (Baldwin et al., 2015; Brennan, 2001, 2003, 2010; Carbine et al., 2021;
Clayson et al., 2021a; Clayson et al., 2021d; Shavelson & Webb, 1991), but participants were not
excluded based on internal consistency estimates due to the emphasis on within-person variance.
Generalizability theory is a multifaceted framework for estimating psychometric reliability that
is well suited for studies of ERPs. Dependability estimates from generalizability theory are
analogous to coefficient alpha from classical test theory (for description of generalizability
theory as it relates to studies of ERPs, see Baldwin et al., 2015; Clayson et al., 2021d; Clayson &
Miller, 2017a). Dependability was examined using the ERP Reliability Analysis (ERA) Toolbox
v 0.5.3 (Clayson et al., 2021¢; Clayson et al., 2021d; Clayson & Miller, 2017a, 2017b). The ERA
Toolbox used CmdStan v 2.24.1 (Stan Development Team, 2017) to implement the analyses in
Stan (Carpenter et al., 2017). To estimate variance components, the Hamiltonian Monte Carlo
estimation procedures used 4 chains and 10,000 iterations each. Dependability point estimates

across groups ranged from .97 to >.99 for RTs, .91 to .96 for N450, and .89 to .96 for conflict
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SP. Dependability estimates are reported for each group, and all point estimates were above .80
(see Supplementary Table 3).
Data Analysis

Multilevel models are well suited to examining single-trial ERP scores (Brush et al.,
2018; Clayson & Larson, 2019; Volpert-Esmond et al., 2018; Volpert-Esmond et al., 2021). We
used the location-scale generalization! of multilevel models to address our aims (Walters et al.,
2018), which we have successfully applied in studies of ERPs (Clayson et al., 2021¢; Clayson et
al., 2022; for commentary on the use of these models in studies of ERPs; see Volpert-Esmond,
2022). Traditional, location-only multilevel models include fixed and random effects to estimate
conditional means but hold residual variance in the model constant across fixed/random effects
(i.e., homoskedasticity). Location-only models answer questions about the average participant
scores (e.g., Do healthy controls show more negative amplitudes than psychopathology groups?
Do incongruent trials show longer RTs than congruent trials?).

Location-scale multilevel models expand the multilevel structure into the scale (i.e.,
variance) part of the model, which allows for the simultaneous modeling of means (i.e., location)
and within-person variances (i.e., scale). In other words, location-scale models relax the
assumption of homoskedasticity (equal residual variance across all observations) by introducing
a model for the scale. The multilevel location-scale model allows a multilevel structure for the
residual variance, including fixed and random effects. Thus, the residual variance (i.e., scale) can
be defined by fixed effects capturing the overall variance and random effects that capture the

person-specific deviations from the fixed effects. Modeling the scale portion of the model

' A discussion of location-scale models, their application to ERPs, and code for their
implementation is described in the supplementary material of Clayson et al. (2022).
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answers questions about response variability (e.g., Do healthy controls show less amplitude
variability than psychopathology groups? Do incongruent-trial RTs show less response
variability than congruent-trial RTs?). By simultaneously modeling mean scores (i.e., location)
and within-person variances (i.e., scale), location-scale models can determine whether there are
psychopathology group differences in mean scores or in within-person variation.

Although the current manuscript focuses on analyses using location-scale models, the
supplementary material includes the summaries of the location-only models for comparison to
other work. We fit three multilevel location-scale models using the same predictors on the
location and scale portions. Model I included predictors for previous- and current-trial
congruency and their interaction. Model 2 included the same predictors as Model 1, diagnostic
group (controls, GAD, MDD, OCD), the interaction between GAD and MDD, each interaction
between previous- and current-trial congruency and group. Diagnostic group was dummy coded,
with psychiatrically-healthy controls as the reference level. Model 3 used the same predictors as
Model 1 and included psychiatric symptoms (BDI-II, PSWQ, YBOCS) and each interaction. For
the location and scale portions of the model, we suppressed the overall intercept and estimated
current-trial congruency-specific population intercepts, random intercepts for participants, and
random slopes for previous- and current-trial congruencies. Model 2 evaluated whether
psychopathology group status predicted congruency sequence effects, and Model 3 evaluated
whether psychiatric symptoms predicted congruency sequence effects.

The models were fit within R v4.1.1 (R Development Core Team, 2021) using the
package brms v2.17 (Biirkner, 2017, 2018), which is a front-end wrapper for Stan (Stan
Development Team, 2021). For models with RTs as the dependent variable, the priors for the

current-trial congruency used a normal distribution with a mean of 400 and a standard deviation
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of 100. The priors for the fixed effects estimates of the RT models used a normal distribution
with a mean of 0 and standard deviation of 100. For models with ERP amplitude as the
dependent variable, the priors for fixed effect estimates, including the event-type intercepts, used
a normal distribution with a mean of 0 and a standard deviation of 3. For all models, all variance
components were estimated using a Student’s ¢ prior distribution with 10 degrees of freedom, a
location parameter of 0, and a scale parameter of 2. An LKJ prior distribution with a shape
parameter of 2 was used as the prior for the correlation between the varying intercepts and slopes
effects of event type (correct, error) within persons (Lewandowski et al., 2009). A shape =2
parameter can be considered mildly informative, putting more weight on an identity matrix.
Leave-one-out cross-validation (LOO-CV) was used to compare model fit (Vehtari et al., 2016)
using the /oo package in R (Vehtari et al., 2022).

Simulation studies indicate that the multilevel location-scale models yield sufficient
power (> .80), good coverage, and minimal-to-zero bias with as few as 10 observations per
person for the following effect sizes (pseudo-R?): around .09 for n = 50, around .08 for n = 100,
and around .05 for n = 200 (Walters et al., 2018). The present study included data from 182
participants with an average of 652 observations per participant. Therefore, the location-scale
models should yield robust parameter estimates for the present dataset.

Results

Summary demographic and psychiatric information, RTs, and ERP amplitudes are shown
in Table 1. Grand average waveforms for N450 and conflict SP are shown in Figures 1 and 2,
respectively. Participants were similar in age and years of education (Fs <2.1, ps > .10). There
was an unequal gender distribution across groups, X?(3) = 17.41, p <.001 (see Table 1 for

gender distributions).
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Significant group differences were observed for BDI-II, PSWQ, and Y-BOCS (Fs > 32.9,
ps <.001), and significant differences were decomposed with pairwise contrasts using the Tukey
honest significant difference test to adjust p values for multiple comparisons. Psychopathology
groups showed higher BDI-II scores than the control group (ps < .001), and the MDD group
showed higher BDI-II scores than the OCD group (p = .04). Group differences were not
observed between GAD and MDD (p = .15) or between GAD and OCD (p = .87). All
psychopathology groups showed higher PSWQ scores than the control group (ps <.001), but
differences were not observed between the psychopathology groups (ps > .15). All
psychopathology groups showed higher Y-BOCS scores than the control group (ps <.01). The
OCD group showed high Y-BOCS scores than the MDD or GAD groups (ps < .001). Group
differences between MDD and GAD were not observed for Y-BOCS (p = .29).

Model Selection

We first determined the best fitting models for RTs, N450, and conflict SP amplitudes.
For each dependent variable, Model I included only previous- and current-trial congruencies and
their interaction. Model 2 included previous- and current-trial congruencies, diagnostic group,
and their interactions. Model 3 included previous- and current-trial congruencies, psychiatric
symptoms, and their interactions. Predictors were included on both location and scale portions?
of the models.

Model I was the best fitting model for RTs, N450 amplitudes, and conflict SP amplitudes

(see Supplementary Table 4). Therefore, the inclusion of predictors for diagnostic group or

2 Location-scale models showed substantial improvement in fit over location-only models.
Differences in expected log predictive density (elpd,,,) were above 4,597 in favor of location-
scale models (SEs < 172; see Supplementary Table 3). Location-only models are summarized in
supplementary material Tables 3-5.
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psychiatric symptoms did not substantially improve model fit, suggesting that diagnostic status
and psychiatric symptoms did not moderate CSEs (see Psychopathology Effects section). Model
1 was consequently selected for further interpretation below for each dependent variable, and
model parameters are summarized in Table 2.

The same models were fit within participants who had MINI-confirmed diagnoses. The
pattern of effects was the same, and Model I was again the best fitting model for RTs, N450
amplitudes, and conflict SP amplitudes (see Supplementary Table 5). Therefore, the present
analyses focus on data from all participants.

Because all dependent variables showed best model fit using the predictors in Model 1,
analyses were rerun using a multivariate location-scale model framework?, wherein all
dependent variables are modelled simultaneously from a single multivariate distribution. The
advantage of this approach is the estimation of (co)variance components between dependent
variables, such as relationships between RT, N450, and conflict SP conflict adaptation indices.
Response Times

RTs showed the expected congruency effect and were longer for incongruent trials than
congruent trials (95% credible interval [95% CrI]: 103 to 113 ms). Regarding the impact of

previous-trial congruency, RTs were longer for iC trials than for cC trials (95% Crl: 18 to 22

3 Multivariate models estimate relationships between between-person, within-person, and
residual effects across outcomes. This approach contrasts against the separate analysis of each
outcome, which effectively constrains relationships between outcomes to 0. See Baldwin, Imel,
Braithwaite, and Atkins (2014) for a thorough discussion of multivariate multilevel models, and
see Williams, Martin, Liu, and Rast (2020) for an in-depth discussion of multivariate location-
scale models. For the present analyses measurements (RT, N450, conflict SP) from the same trial
were analyzed using multivariate location-scale models, and an LKJ prior distribution with a
shape parameter of 2 was used as the prior for the correlation between residuals. Some RT
measurements were dropped in the multivariate analysis due to EEG data not being available for
a given trial due to artifact rejection. Results for RTs from the multivariate and univariate
analyses were similar.
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ms), and RTs were faster for il trials than for cl trials (95% Crl: -14 to -9 ms). A CSE index was
calculated using the following equation: (cI — cC) — (il —iC) (see Clayson & Larson, 2012;
Nieuwenhuis et al., 2006; van Steenbergen et al., 2010), and a robust CSE was observed for RTs
(95% Crl: 29 to 36 ms)*.

For the scale portion of the model, parameters were exponentiated to transform them
from the log- to a standard deviation scale. Comparisons are expressed as ratios, rather than
linear differences, because differences were first computed on the log scale—e.g.,
exp(incongruent — congruent) = exp(incongruent)/exp(congruent). The standard deviation for
incongruent trials was larger than it was for congruent trials (95% CrI Ratio: 1.03 to 1.09),
indicating that on average within-person variance was 3% to 9% larger for incongruent trials
than for congruent trials. Differences were not observed between iC and cC trials (95% Crl
Ratio: 0.98 to 1.02) or between il and clI trials (95% Crl Ratio: 0.97 to 1.01), and CSEs were not
observed (95% Crl: -.002, 0.06; see footnote 4). Therefore, only a congruency effect was
observed on the scale portion of the RT model.

The use of location-scale models permits the examination of relationships between means
and variances because random effects parameters are jointly estimated from a multivariate
normal distribution. Therefore, we examined whether CSEs on the location portion of the model
were related to CSEs on the scale portion. On average, larger CSEs on the location portion of the
model were strongly related to larger CSEs on the scale portion of the model (95% Crl r: .73 to
.94). Similarly, larger il and cl differences on the location portion were closely related to larger il

and cl differences on the scale portion of the model (95% Crl r: .53 to .83), and larger cC and iC

4 Models were reparameterized for the calculation of CSEs (cI — cC) — (il — iC). CSEs were
estimated within the parameterized model, so they are on the log scale and not expressed in
terms of ratios.
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differences on the location portion were related to larger cC and iC differences on the scale
portion of the model (95% Crl r: .31 to .73), and a larger congruency effect® on the location
portion was related to a larger congruency effect on the scale portion of the model (95% CrI 7:
.30 to .57). These relationships indicate that those participants who responded fastest showed
greater consistency (i.e., less variability) in their RTs (see also Williams et al., 2021).

N450 Amplitude

As expected, N450 amplitudes were larger (i.e., more negative) for incongruent trials
than for congruent trials (95% Crl: -.20 to -.04 uV). For previous-trial effects, N450 was smaller
for iC trials than for cC trials (95% Crl: .14 to .26 nV) and for il trials than for clI trials (95% Crl:
.10 to .24 uV), but the CSE was not present (95% Crl: -.06 to .11 uV).

Examination of the scale portion of the model indicated that within-person variances
were similar for congruent and incongruent trials (95% Crl Ratio: 0.98 to 1.01). Differences in
within-person variances were not observed between iC and cC trials (95% CrI Ratio: 0.99 to
1.02) or between il and cl trials (95% CrI Ratio: 0.99 to 1.02), and a CSE was similarly not
observed for N450 (95% Crl: -.02 to .02).

CSEs on the location portion of the N450 model were unrelated to CSEs on the scale
portion of the model (95% Crl r: -.51 to .58). Similarly, cI and il differences and cC and iC
differences on the location portion were not related to cC and iC differences on the scale portion
of the model (cl/il 95% Crl r: -.35 to .30; cC/iC 95% Crl r: -.33 to .38), and the congruency
effect was not related across the location and scale portions of the model (95% Crl r: .-.17 to

32).

5> A comparison of mean-variance relationships was not originally planned, but they are included
due to their relevance for CSEs. Models were reparamaterized and rerun to report the
congruency effects and CSEs for mean-variance relationships.
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Conflict SP Amplitude

Incongruent trials were associated with larger conflict SP amplitudes than congruent
trials (95% Crl: 0.45 to 0.72 uV). Although conflict SP did not differ between iC and cC trials
(95% Crl: -.12 to 0.04 V), conflict SP did show larger cI amplitude than il amplitude (95% Crl:
-.50 to -.33 uV) and robust CSEs (95% CrI: 0.27 to 0.51).

Conflict SP amplitudes on the scale portion of the model showed a similar lack of effects
as N450 amplitudes. Within-person variances for conflict SP were similar across congruent and
incongruent trials (95% CrI Ratio: 0.98 to 1.00). Differences in within-person variances were not
observed between iC and cC trials (95% CrI Ratio: 0.98 to 1.01) or between il and clI trials (95%
Crl Ratio: 0.99 to 1.02) or for CSEs (95% Crl: -.03 to .02).

Regarding mean-variance relationships, conflict SP CSEs (95% CrI r: -.20 to .61), il and
cl differences (95% Crl r: -.21 to .46), and cC and iC differences (95% Crl r: -.29 to .36) were
not related across location and scale portions of the model. The congruency effect was also not
related across the location and scale portions (95% Crl 7: -.01 to .36).

RT-ERP Relationships

A motivation for using multivariate models is to allow an examination of potential
relationships among location and scale portions the RT, N450, and conflict SP models.
Correlations for congruency sequence effects among means and variances of each measurement
appear in Tables 5 and 6. Only RT parameters showed mean-variance relationships, and these
relationships were reported above (see Figure 3).

Psychopathology Effects
A primary motivation of the current study was to examine psychopathology group

differences in CSEs. Although Models 2 and 3 did not improve the predictive accuracy over
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Model 1, we examined the interaction effects between CSE and diagnostic group and between
CSE and psychiatric symptoms to assess whether CSEs differed across any particular diagnostic
group or psychiatric symptom dimension. Neither diagnostic group nor psychiatric symptom
dimension moderated any of the CSEs for RTs, N450, or conflict SP (see Table 7).
Discussion

The aim of the present study was to determine whether altered ERP indices of confound-
minimized (i.e., “control-driven’”) CSEs are associated with psychopathology. We replicated the
expected RT and conflict SP CSEs (Larson et al., 2016b), and extended these findings by
showing a strong mean-variance relationship in RT CSEs. Contrary to our initial expectations,
however, RT, N450, and conflict SP CSEs were similar in magnitude across healthy controls and
the three psychopathology groups. Moreover, CSEs were not moderated by traditional diagnostic
categories or clinical symptom status examined in a trans-diagnostic fashion. These findings
suggest that altered CSEs in previous studies of psychopathology may index feature integration
or contingency learning confounds rather than differences in the recruitment of adaptive control.

In confound-laden designs, learning and memory accounts suggest that CSEs index
feature integration (Hommel et al., 2004; Notebaert et al., 2001; Wendt et al., 2006) and/or
contingency learning confounds (Schmidt & Besner, 2008; Schmidt et al., 2007; Schmidt & De
Houwer, 2011). Thus, group differences in such designs may indicate that participants with
GAD, MDD, or OCD show abnormalities related to either or both confounds. Interestingly, the
processes underlying these confounds are common targets of cognitive bias modification for
people with psychopathology (for review, see Martinelli et al., 2022), an intervention that targets
maladaptive information processing in a range of psychiatric conditions including depression

(Yang et al., 2015), anxiety (Amir et al., 2009), and OCD (Williams & Grisham, 2013).
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Cognitive bias modification facilitates processing stimuli and learning contingencies in a fashion
that circumvents or opposes maladaptive processing styles (MacLeod & Clarke, 2015; MacLeod
& Mathews, 2012). The present findings indicating intact “control-driven” CSEs in MDD, GAD,
and OCD fit with the cognitive bias modification approach in suggesting that some deficits in
psychopathology index processes unrelated to adaptive control.

Another contribution of the present study is that we independently replicated findings of
conflict SP CSEs using a confound-minimized design (Larson et al., 2016b). Although Larson et
al. (2016b) observed CSEs for N450 amplitudes, the present study failed to replicate this
particular finding. It is possible that N450 is not as sensitive to CSEs as conflict SP, as findings
from Stroop tasks typically support stronger trial-by-trial effects for conflict SP than for N450
(e.g., Larson et al., 2009a; Larson et al., 2009b). The present study used about three times more
participants than the Larson et al. study (182 healthy and psychiatric participants compared to 59
healthy participants), and it is possible that the original finding was due to sampling error.
Nonetheless, the failure to observe CSEs in N450 can be considered in future studies of ERP
CSEs using confound-minimized designs to determine whether N450 is robustly sensitive to
trial-by-trial adjustments in control.

We extended the findings of Larson et al. (2016b) by examining intra-individual
variability in RT and ERP responses and mean-variance relationships. For RTs, we observed a
congruency effect for means and intra-individual variability, such that incongruent trials were
associated with longer RTs and greater within-person variability of single-trial responses than
congruent trials. Additionally, the mean-variance analysis indicated that a stronger congruency
effect for mean scores was related to a stronger congruency effect for within-person variance.

This outcome conceptually replicates findings from the flanker and Stroop tasks (Williams et al.,
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2021). Put simply, participants who are better at inhibiting task-irrelevant information (i.e.,
flankers) also respond more consistently. This pattern of effects extended to CSEs: larger cl/il
differences in mean scores related to larger cl/il differences in within-person variability. This
pattern indicates that stronger post-conflict recruitment of control in mean RT scores relates to
more consistent post-conflict responses. To the best of our knowledge, the present results
represent the first examination of mean-variance relationships in CSEs. We further note that,
although within-person variability in RTs was related to CSEs, these relationships were not
observed for N450 or conflict SP.

An examination of RT-ERP relationships did not yield strong effects, which is not
consistent with research using confound-laden designs. The only prior study using the present
paradigm did not examine RT-ERP relationships (Larson et al., 2016b). RT-ERP correlations
have been examined for conflict N2 (Clayson & Larson, 2011a; Larson et al., 2013; Larson et al.,
2016a) and for N450 and conflict SP (Larson et al., 2009b), but findings are mixed. For example,
larger N2 for cI (Clayson & Larson, 2011b) or il trials (Clayson & Larson, 2011a; Larson et al.,
2016a) sometimes relates to faster RTs, but this is not always the case (Larson et al., 2013). This
inconsistent pattern of effects might be expected. While the N450 closely relates to conflict
detection and the conflict SP relates to conflict resolution, RT reflects numerous cognitive,
affective, and motor processes. Thus, relationships between RT and different ERP indices of
CSE:s likely reflect at least partially distinct processes, leading to an inconsistent pattern of RT-
ERP relationships across studies. Furthermore, the present study analyzed single-trial
measurements and showed that RTs and ERPs were not correlated within people. Another
possible explanation of the inconsistent RT-ERP correlations across studies is the use of solely

between-subjects analyses in other research (e.g., correlations of subject averages across
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participants), which might misrepresent within-subject relationships like those assessed in the
present study.

The present study had some limitations. First, the focus was on an ecologically valid
sample of participants with diagnoses made by community practitioners, which could have led us
to misclassify some participants. However, study findings were consistent when only examining
participants with MINI-confirmed diagnoses. Additionally, dimensional analyses between
psychiatric symptoms and CSEs did not yield strong effects, indicating that the clinical symptom
status of the participants with psychopathology did not contribute to the lack of effects. Second,
many participants with clinical diagnoses were receiving medication which might have
normalized CSEs. Studies of OCD (Riesel et al., 2017) and MDD (Clawson et al., 2013),
however, have not shown that medication status alters CSEs. Therefore, the use of psychoactive
medications is unlikely to account for the similarity in ERP CSEs across psychopathology and
healthy control groups. Third, the sample sizes of each group (ns: 31 to 56) were large relative to
the average ERP group sample size of 21 (see Clayson et al., 2019), but still modest and might
not have been sufficiently powered to detect group differences. Nonetheless, psychiatric
symptoms examined trans-diagnostically in the full sample (» = 182) did not yield relationships
with CSEs. Despite these limitations, this study used a unique technique to model intra-
individual variability and multiple psychopathology groups for comparison and assessment of
psychiatric symptoms.

In conclusion, we sought to determine whether participants with GAD, MDD, and OCD
show altered CSEs as indexed by ERPs and RTs using a confound-minimized paradigm. The
results indicated normal CSEs in the psychopathology groups and suggest that prior findings of

altered CSEs in these groups might be due to the use of confound-laden designs and analyses.
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Therefore, future research interested in the specific elements of CSEs that might be normal or
impaired in psychopathology groups should consider using different confound-laden and
confound-free designs to understand the mechanisms associated with abnormal CSEs in
psychopathology. Future studies using different confound-laden and confound-free paradigms
within the same participants would further serve to evaluate the psychometric characteristics of
these paradigms and help clarify the processes involved in trial-by-trial changes in behavior and

ERPs.
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Table 1
Summary Demographic, Diagnostic Information, Response Times, And Error Rate Data for
Behavioral Analyses
Controls GAD MDD OCD
n=>56 n=44 n=>5I n=731
n % n % n % n %
Women 35 63 37 84 39 77 13 42
Medicated 0 0 28 64 36 71 17 55
Mean SD Mean SD Mean SD Mean SD
Age (years) 21.4 4.4 21.6 5.2 22.2 4.4 21.2 2.3
Years of Education 13.6 1.4 14.1 1.5 14.3 1.5 14.0 1.4
BDI-II 2.9 3.2 15.2 8.7 19.1 11.1 13.6 11.8
PSWQ 37.8 10.6 60.8 9.9 56.4 12.9 55.1 12.4
Y-BOCS 1.7 2.9 9.1 8.3 6.6 6.9 18.4 9.3
Response Times (ms)
cC 542 82 551 82 548 70 556 71
iC 562 84 569 81 567 71 578 75
cl 661 94 670 93 680 77 686 80
il 650 93 660 93 672 75 666 78
N450 Amplitude (uV)
cC -0.5 1.6 -1.0 1.4 -0.6 1.3 -0.6 1.3
iC -0.3 1.5 -0.9 1.3 -0.4 1.2 -0.3 1.3
cl -0.7 1.4 -1.1 1.4 -0.7 1.2 -0.7 1.3
il -0.6 1.4 -0.9 1.3 -0.5 1.2 -0.4 1.3
Conflict SP (uV)
cC 0.8 1.6 0.5 1.7 0.9 1.1 0.6 1.9
iC 0.8 1.5 0.5 1.7 0.9 1.3 0.6 2.1
cl 2.0 1.8 1.1 2.0 1.6 1.3 1.2 2.0
il 1.4 1.6 0.9 1.9 1.1 1.2 0.8 2.0

Note: A total of 12 participants with a primary diagnosis of GAD also had a comorbid MDD
diagnosis, and a total of 19 participants with a primary diagnosis of MDD also had a comorbid
diagnosis of GAD. Participants with OCD did not have any identified comorbidities. BDI-II =
Beck Depression Inventory-II; PSWQ = Penn State Worry Questionnaire; Y-BOCS = Yale-
Brown Obsessive Compulsive Scale; cC = congruent trial preceded by a congruent trial; ¢l =
incongruent trial preceded by a congruent trial; iC = congruent trial preceded by an incongruent
trial; il = incongruent trial preceded by an incongruent trial; conflict SP = conflict slow potential
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Table 2

Estimates from Location-Scale Multilevel Models Predicting Response Times

Predictor Estimate SE 95% Crl

Location Portion
Current Congruent

Intercept (Previous Congruent) 548.66 4.93 539.37,558.42
Previous Incongruent 19.97 1.25 17.52,22.46
Current Incongruent
Intercept (Previous Congruent) 672.8 5.54 662.10, 683.53
Previous Incongruent -11.57 1.45 -14.43, -8.72
Scale Portion (SD)
Current Congruent
Intercept (Previous Congruent) 4.93 0.02 4.90, 4.97
Previous Incongruent 0.003 0.01 -0.02, 0.02
Current Incongruent
Intercept (Previous Congruent) 5.00 0.02 4.96, 5.04
Previous Incongruent -0.01 0.01 -0.03, 0.01
Random Effects

Mean Structure
Current Congruent

Intercept (Previous Congruent) 68.76 2.98 62.86, 74.62

Previous Incongruent 7.11 1.34 4.52,9.79
Current Incongruent

Intercept (Previous Congruent) 76.25 3.44 69.71, 83.31

Previous Incongruent 9.66 1.47 6.86, 12.63

Variance Structure (SD)
Current Congruent

Intercept (Previous Congruent) 0.25 0.01 0.23,0.27

Previous Incongruent 0.12 0.01 0.10,0.14
Current Incongruent

Intercept (Previous Congruent) 0.25 0.01 0.22,0.27

Previous Incongruent 0.12 0.01 0.10,0.14

Note: Parameters in standard deviations (SD) units are shown on a log scale. SE = standard error;
95% Crl = 95% credible interval
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Estimates from Location-Scale Multilevel Models Predicting N450 Amplitudes
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Predictor Estimate SE 95% Crl
Location Portion
Current Congruent
Intercept (Previous Congruent) -0.68 0.09 -0.87,-0.50
Previous Incongruent 0.20 0.03 0.14, 0.26
Current Incongruent
Intercept (Previous Congruent) -0.78 0.09 -0.97, -0.60
Previous Incongruent 0.17 0.03 0.10, 0.24
Scale Portion (SD)
Current Congruent
Intercept (Previous Congruent) 1.37 0.02 1.33,1.40
Previous Incongruent 0.004 0.01 -0.01, 0.02
Current Incongruent
Intercept (Previous Congruent) 1.37 0.02 1.33,1.40
Previous Incongruent 0.003 0.01 -0.01, 0.02
Random Effects
Mean Structure
Current Congruent
Intercept (Previous Congruent) 1.27 0.07 1.15, 1.41
Previous Incongruent 0.09 0.05 0.01, 0.20
Current Incongruent
Intercept (Previous Congruent) 1.22 0.06 1.10, 1.35
Previous Incongruent 0.12 0.06 0.01, 0.23
Variance Structure (SD)
Current Congruent
Intercept (Previous Congruent) 0.24 0.01 0.22,0.27
Previous Incongruent 0.09 0.01 0.08,0.11
Current Incongruent
Intercept (Previous Congruent) 0.24 0.01 0.22,0.27
Previous Incongruent 0.08 0.01 0.06, 0.09

Note: Parameters in standard deviations (SD) units are shown on a log scale. SE = standard error;

95% Crl = 95% credible interval
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Estimates from Location-Scale Multilevel Models Predicting Conflict SP Amplitudes
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Predictor Estimate SE 95% Crl
Location Portion
Current Congruent
Intercept (Previous Congruent) 0.74 0.11 0.52,0.96
Previous Incongruent -0.04 0.04 -0.12, 0.04
Current Incongruent
Intercept (Previous Congruent) 1.51 0.12 1.28, 1.75
Previous Incongruent -0.42 0.04 -0.50, -0.33
Scale Portion (SD)
Current Congruent
Intercept (Previous Congruent) 1.60 0.01 1.57,1.63
Previous Incongruent -0.01 0.01 -0.02, 0.01
Current Incongruent
Intercept (Previous Congruent) 1.58 0.02 1.55,1.61
Previous Incongruent 0.004 0.01 -0.01, 0.02
Random Effects
Mean Structure
Current Congruent
Intercept (Previous Congruent) 1.47 0.08 1.33,1.63
Previous Incongruent 0.16 0.07 0.02, 0.30
Current Incongruent
Intercept (Previous Congruent) 1.62 0.08 1.46,1.78
Previous Incongruent 0.17 0.07 0.02, 0.30
Variance Structure (SD)
Current Congruent
Intercept (Previous Congruent) 0.19 0.01 0.17,0.21
Previous Incongruent 0.09 0.01 0.07,0.10
Current Incongruent
Intercept (Previous Congruent) 0.20 0.01 0.18,0.22
Previous Incongruent 0.09 0.01 0.08, 0.11

Note: Parameters in standard deviations (SD) units are shown on a log scale. SE = standard error;

95% Crl = 95% credible interval



Table 5

41

Correlations among RT, N450, and Conflict SP for the Differences for Congruent and Incongruent Trials as a Function of Previous-

Trial Congruency

Scale
RT N450 SP
cC-i1C cl-il cC-i1C cl-il cC-i1C cl-il

RT cC-iC 0.5410.31,0.73] -0.03[-0.27,0.22] -0.09 [-0.35,0.18] -0.06[-0.34,0.21] -0.13[-0.40,0.16] 0.15[-0.11, 0.41]

cl-il 0.01[-0.22,0.24] 0.70[0.53,0.83] 0.06[-0.18,0.31] -0.10[-0.36,0.16] -0.09[-0.34,0.16] 0.04 [-0.21, 0.29]

Location N450 cC-iC 0.06[-0.30,0.40] 0.03[-0.32,0.37] 0.03[-0.33,0.38] -0.04[-0.37,0.29] 0.05[-0.32,0.40] -0.11[-0.43,0.25]
cl-il 0.04[-0.30,0.36] -0.08 [-0.40,0.25] -0.03 [-0.35,0.30] -0.04[-0.35,0.30] 0.09[-0.25,0.41] -0.06[-0.39, 0.28]

3p cC-iC -0.09 [-0.39,0.24] -0.12[-0.42,0.21] 0.09 [-0.24,0.41] 0.07[-0.27,0.41] 0.03[-0.29,0.36] 0.06 [-0.27, 0.39]

cl-il 0.12[-0.21,0.42] 0.04[-0.28,0.35] 0.00[-0.33,0.32] 0.03[-0.30,0.35] -0.08 [-0.40,0.26] 0.14[-0.21, 0.46]

Note: ¢C minus iC refers to the difference between a congruent trial preceded by a congruent trial (cC) and a congruent trial preceded
by an incongruent trial (iC). cI minus il refers to the difference between a incongruent trial preceded by a congruent trial (cI) and an
incongruent trial preceded by a congruent trial (cI). RT = response time; SP = conflict slow potential



42
Table 6

Correlations among Congruency Effects and Congruency Sequence Effect for RT, N450, and Conflict SP

Scale

Congruency Effects RT N450 SP

RT 0.4410.30,0.57] 0.15[-0.06, 0.36] -0.08 [-0.26, 0.09]
Location N450 0.02 [-0.17,0.20] 0.08 [-0.17,0.32] 0.05[-0.17,0.26]

SP -0.01 [-0.18,0.14] 0.12[-0.11,0.34] 0.18 [-0.01, 0.36]
Congruency Sequence Effects RT N450 SP

RT 0.59[0.36,0.77] -0.14[-0.41,0.15] 0.00[-0.27, 0.27]
Location N450 -0.04 [-0.39, 0.33] 0.01[-0.35,0.37] -0.03 [-0.38, 0.34]

SP -0.04 [-0.36,0.29] 0.03[-0.32,0.37] 0.13[-0.23, 0.46]

Note: Congruency effects (incongruent minus congruent trials) in the top panel and congruency sequence effects ((cI — cC) — (il —1C))
in the bottom panel. cC = congruent trial preceded by a congruent trial; cI = incongruent trial preceded by a congruent trial; iC =

congruent trial preceded by an incongruent trial; il = incongruent trial preceded by an incongruent trial; RT = response time; conflict
SP = conflict slow potential



Table 7

Interaction Effects for Congruency Sequence Effects (CSEs) and Psychopathology Groups and Psychiatric Symptoms
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RT N450 Conflict SP
GAD [-5.88, 18.30] [-.21, 0.41] [-.27, 0.54]
MDD [-8.17,12.10] [-.23, 0.30] [-.44, 0.25]
OCD [-18.03, 3.10] [-.16, 0.37] [-.18, 0.51]
PSWQ [-6.12, 3.606] [-.21, 0.04] [-.09, .24]
BDI-II [-4.75, 4.53] [-.08, 0.14] [-.11,0.19]
YBOCS [-2.17, 6.20] [-.02,0.19] [-.17,0.10]

Note: 95% credible intervals for the CSE x Group interaction contrasts. RT = response time; Conflict SP = conflict slow potential
GAD = generalized anxiety disorder; MDD = major depressive disorder; OCD = obsessive-compulsive disorder

2
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Figure Captions

Figure 1. Grand average N450 waveforms stimulus-locked to target onset as a function of group.
The N450 waveforms reflect activity from 325 to 425 ms (shaded) following target onset across
multiple fronto-medial sites (5, 6 [FCz], 12, 13, 112). Topographical maps of N450 difference
activity (incongruent minus congruent trials) for each group are shown in the top-right corner of
each plot, and the maps represent the average N450 difference activity from 325 to 425 ms. GAD
= generalized anxiety disorder; MDD = major depressive disorder; OCD = obsessive-compulsive
disorder; cC = congruent trial preceded by a congruent trial; cI = incongruent trial preceded by a
congruent trial; iC = congruent trial preceded by an incongruent trial; il = incongruent trial
preceded by an incongruent trial

Figure 2. Grand average conflict slow potential (conflict SP) waveforms stimulus-locked to
target onset as a function of group. The conflict SP waveforms reflect activity from 550 to 700
ms (shaded) following target onset across multiple parietal sites (60, 66, 67, 71, 72, 76, 77, 84,
85). Topographical maps of conflict SP difference activity (incongruent minus congruent trials)
for each group are shown in the top-right corner of each plot, and the maps represent the average
conflict SP difference activity from 550 to 700 ms. GAD = generalized anxiety disorder; MDD =
major depressive disorder; OCD = obsessive-compulsive disorder; cC = congruent trial preceded
by a congruent trial; cI = incongruent trial preceded by a congruent trial; iC = congruent trial
preceded by an incongruent trial; il = incongruent trial preceded by an incongruent trial

Figure 3. Scatterplots for mean-variance relationships with congruency effects (incongruent
minus congruent trials) in the left column and congruency sequence effects ((cI — cC) — (il —1C))
in the right column. The intraindividual variability (ITV) is show on the y axes and the mean
effects are shown on the x axes. cC = congruent trial preceded by a congruent trial; cl =
incongruent trial preceded by a congruent trial; iC = congruent trial preceded by an incongruent
trial; il = incongruent trial preceded by an incongruent trial; conflict SP = conflict slow potential



Data Code and Availability
Data and code supporting findings of this study are available upon request.
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