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Abstract

Recent evidence indicates that measures of brain functioning as indexed by event-related potentials (ERP) on the electroen-
cephalogram aligns more closely to transdiagnostic measures of psychopathology than to categorical taxonomies. The Hierarchi-
cal Taxonomy of Psychopathology (HiTOP) is a transdiagnostic, dimensional framework aiming to solve issues of comorbidity,
symptom heterogeneity and arbitrary diagnostic boundaries. Based on shared features, the emotional disorders are allocated
into subfactors Distress and Fear. Evidence indicate that disorders which are close in the HiTOP hierarchy share etiology,
symptom profiles and treatment outcome. However, further studies testing the biological underpinnings of the HiTOP are
called for. In this study, we assessed differences between Distress and Fear in a range of well-studied ERP components. Fifty-
one patients with emotional disorders were divided into two groups (Distress, N = 26; Fear, N = 25) according to HiTOP
criteria and compared against 37 healthy comparison subjects (HC). Addressing issues in traditional ERP preprocessing and
analysis methods, we applied robust single-trial analysis as implemented in the EEGLAB toolbox LIMO EEG. Several ERP
components were found to differ between the groups. Surprisingly, we found no difference between Fear and HC for any of the
ERPs. This suggests that some well-established results from the literature, e.g., increased error-related negativity in OCD, is
not a shared neurobiological correlate of the Fear subfactor. Conversely, for Distress, we found reductions compared to Fear
and HC in several ERP components across paradigms. Future studies could utilize HiTOP-validated psychopathology measures
to more precisely define subfactor groups.
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Introduction

The Hierarchical Taxonomy of Psychopathology (HiTOP) is a transdiagnostic, dimensional framework aim-
ing to cover the full range of psychopathology, from healthy to ill, from symptom to spectrum (Kotov et
al., 2017). Testing of this new proposal for neurobiological support is called for and would increase our
understanding of the underlying mechanisms of mental disorders (DeYoung et al., 2023). Recent evidence
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suggests that measures of brain functioning as indexed by event-related potentials (ERPs) on the electroen-
cephalogram (EEG) aligns more closely to transdiagnostic measures of psychopathology than to categorical
taxonomies such as ICD-10 and DSM-5, which impose arbitrary diagnostic thresholds, comorbidity and
symptom heterogeneity within disorders (Donaldson et al., 2020; Granros, 2021; Macedo et al., 2021; Riesel
et al., 2022). However, issues inherent in these traditional taxonomies as well as in ERP preprocessing and
analysis methods contribute to inconsistent results (Feuerriegel & Bode, 2022). In this study, we apply novel
robust single-trial ERP analysis methods to a range of well-studied ERPs in order to test the neurobiologi-
cal underpinnings of the HiTOP subfactors ‘Distress’ and ‘Fear’ covering the emotional disorders including
anxiety disorders, obsessive-compulsive disorder (OCD) and depression.

Established categorical taxonomies ICD-10 and DSM-5 posit that mental disorders are discrete entities with
specific and unique symptoms and clear-cut boundaries between the mentally healthy and ill (DSM-IV-TR.,
2000; WHO, 2004). While constituting the foundation of psychiatry, these taxonomies come with several
problems for clinical practice and research (Clark et al., 2017). First, categorical taxonomies introduce
comorbidity, the presence of more than one diagnosis in the same patient (González-Robles et al., 2018). For
example, among patients with an anxiety disorder, 63% have a current and 81% a lifetime depressive disorder
(Lamers et al., 2011). Second, symptom heterogeneity within disorders means that patients with the same
diagnosis often present with vastly different symptom profiles or might have no overlapping symptoms at all
(Clark et al., 2017; Kotov et al., 2017). Lastly, arbitrary boundaries between diagnoses and between healthy
and ill pertains to loss-of-information in that the full range of psychopathology goes unaccounted for. Taken
together, these issues limit the clinical and research usability of the categorical taxonomies (Perkins et al.,
2020).

The HiTOP was developed to resolve the issues of categorical taxonomies and to facilitate basic research
(Conway et al., 2022). The HiTOP is an evidence-based, data-driven, and atheoretical proposal for a taxo-
nomy of psychopathology based solely on individual symptoms and maladaptive traits as the basic building
blocks of mental disorders (Kotov et al., 2021; Lahey et al., 2021; Pianowski et al., 2019). Clustering of these
building blocks according to observed covariation results in a hierarchical structure with at least four levels
(Kotov et al., 2021; Ringwald et al., 2021). The lowest level consists of individual symptoms, such as anxious
apprehension and compulsive thoughts, and maladaptive personality traits, such as negative affect and neu-
roticism. Correlated symptoms and traits are clustered into syndromes, roughly corresponding to diagnoses
as we know them. However, HiTOP syndromes are dimensions, not categories, and do not necessarily map
directly unto specific diagnoses. At the next level, syndromes are clustered into subfactors, examples of which
are Fear and Distresscontaining between them all of the emotional disorders. As a result, syndromes corre-
sponding to the diagnoses of OCD and social anxiety disorder (SAD), located in the Fear subfactor, have
more symptoms and traits in common with each other than with either generalized anxiety disorder (GAD)
or major depressive disorder (MDD), which are located in the Distress subfactor (Watson et al., 2022). At
the next level, subfactors are clustered into one of six Spectra which represent the broadest possible division
of mental disorders. Examples are theInternalizing , Externalizing and Thought disorderspectra. Recently,
an all-encompassing general p-factor has been added at the top of the hierarchy. This level accounts for the
positive correlation among all psychiatric symptoms, in essence signifying that a patient is more likely than
a healthy comparison subject to experience any psychiatric symptom (Carragher et al., 2021; Forbes, 2020;
Levin-Aspenson et al., 2021).

Accordingly, in the HiTOP, heterogeneity within disorders is modeled by clustering related symptoms to-
gether and unrelated symptoms elsewhere in the hierarchy. Comorbidity is accounted for in that higher levels
in the hierarchy denote correlations among lower levels. For example, comorbidity within the emotional dis-
orders is modeled by their common placement in the Internalizing spectrum.

In research, the HiTOP provides a refined perspective of the interface between neurobiology and psycho-
pathology by allowing for testing at several levels of the hierarchy (Conway et al., 2019; Michelini et al.,
2021; Perkins et al., 2019). Researchers can investigate whether a given ERP measure is a marker of an
individual symptom or trait, of a subfactor or of an entire spectrum. Compelling evidence indicates that
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closeness in the hierarchy implies similarities in etiology and genetic underpinnings as well as in treatment
response and risk factors (Kotov et al., 2022; Waszczuk et al., 2020). While such correlations with biological
measures have primarily been explored at the spectrum level, studies extending the scope to lower levels of
the hierarchy are called for (Conway et al., 2022; Perkins et al., 2019). Two recent major reviews on potential
biological markers of the HiTOP Internalizing and Thought disorder spectra indicate that EEG measures
are implicated at several levels of the hierarchy, including spectrum, subfactor and syndrome levels (Kotov
et al., 2020; Watson et al., 2022).

However, multiple issues complicate the use of past studies to validate the HiTOP framework. First, results
are necessarily extrapolated from studies conducted on categorical taxonomies affected by aforementioned
issues. Second, the field of clinical EEG, like other areas of neuroscience, is burdened by contradictory results
and publication bias (Clayson et al., 2013, 2019, 2021; Clayson, 2020; Fields & Kuperberg, 2020; Klawohn,
Meyer, et al., 2020; Saunders & Inzlicht, 2020). At least part of these inconsistencies stem from technicalities
such as methods of baseline subtraction, hi-pass filtering and ERP amplitude extraction, which differ between
studies (Alday, 2019; Feuerriegel & Bode, 2022; Luck & Gaspelin, 2017; Sandre et al., 2020; Šoškić et al.,
2022; Tanner et al., 2016).

Single-trial analysis of EEG data as implemented in the EEGLAB toolbox LIMO EEG is a richer and more
robust alternative to traditional methods and at least partly remedies preprocessing and amplitude extraction
issues (Fields & Kuperberg, 2020); Delorme & Makeig (2004); C. R. Pernet et al. (2011); C. R. Pernet et al.
(2021)]. LIMO EEG is a bootstrap-based approach to mass univariate analysis of single-trial EEG data and
builds on statistical parametric mapping (SPM) widely used in the analysis of fMRI data (Kiebel & Friston,
2004, 2004). In contrast to traditional methods which require the á priori selection of channels and time
windows to analyze, LIMO EEG analyzes all channels and time samples concurrently with equal or even
greater statistical power (Fields & Kuperberg, 2020). In the method, the epoched or continuous EEG data is
modeled in a two-level hierarchical generalized linear model (GLM). The first-level, the subject-level, models
within-subject trial-to-trial variability due to noise and response variability. The second level, group-level,
integrates subject-level estimates and models between-subject variability, e.g., differences between conditions
or groups. A wealth of robust statistical tests can hereby be conducted, e.g., t-tests, ANOVA/ANCOVA and
regression analyses with behavioral measures. False positives from multiple testing ofchannels∗ timeframes
is controlled with established and validated methods, e.g., maximum statistics, spatiotemporal clustering
and threshold-free cluster enhancement (Maris & Oostenveld, 2007; C. R. Pernet et al., 2011; C. R. Pernet,
2015; Smith & Nichols, 2009). Another advantage of robust single-trial analysis concerns the preprocessing
of ERP data, which amounts to removing as much artifacts and noise as possible without affecting the
true brain signal. However, with no ground truth available, the effects of arbitrary preprocessing choices is
often unknown (Feuerriegel & Bode, 2022; Robbins et al., 2020). It has been shown that robust single-trial
analysis methods are less affected by preprocessing parameters and handles noisy data better than traditional
methods, allowing for less strict cleaning and thereby more preserved brain activity (Alday & van Paridon,
2021; Bailey et al., 2022). Crucially, while single-trial analysis involves changes in in ERP methods, the units
of analysis, i.e., peak amplitude and latency, remain unchanged, allowing for comparison with the literature.

In this study, we applied robust single-trial analysis to a range of well-studied ERPs with the aim to test for
the biological underpinnings of the HiTOP classification of the emotional disorders into subfactors Distress
and Fear under the Internalizing spectrum. Based on HiTOP criteria in terms of primary categorical ICD-
10 diagnosis, 51 patients with emotional disorders about to start psychotherapy were divided into either a
Distress or Fear subfactor group. These two groups were then compared against each other and against a
group of 37 healthy comparison subjects (HC). All subjects were evaluated with three classic ERP paradigms
eliciting a range of ERPs, including the error-related negativity (ERN), error positivity (Pe), correct-related
negativity (CRN), correct positivity (Pc), P2, P3a, P3b, N1, two versions of the N2, as well as three versions of
auditory mismatch negativity (MMN) and the corresponding difference wave P3a, dP3a (Luck & Kappenman,
2011).

To elucidate which ERPs, if any, align with the HiTOP would contribute to a greater understanding of the
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neurobiological underpinnings of the mental disorders. While we did not expect all ERPs to align consistently
with levels of the HiTOP hierarchy, we hypothesized that some ERPs can differentiate between the three
groups. Specifically, we hypothesized that ERN is enhanced (a more negative amplitude) for the Fear group
and reduced for the Distress group compared to each other and to the HC group (Macedo et al., 2021). P3b
was likewise hypothesized to be enhanced for the Fear group and reduced for the Distress group compared
to each other and to the HC group (Botelho et al., 2023; Gohle et al., 2008; Klawohn, Santopetro, et al.,
2020). We also hypothesized that some ERPs might be abnormal in both subfactor groups compared to HC,
indicating abnormalities in brain functioning at the spectrum or p-factor level.

Results will be presented at established regions of interest even though the analysis method evaluates the
whole ERP time course at all channels simultaneously. Our study might therefore reveal significant group
effects at time intervals and channels not previously described in the literature (Fields & Kuperberg, 2020).

Methods

Participants

Patients (N=51) of both sexes aged 18 to 59 with a primary ICD-10 diagnosis of either agoraphobia, depressi-
on, generalized anxiety disorder (GAD), obsessive-compulsive disorder (OCD), social anxiety disorder (SAD)
or panic disorder (PD), with or without comorbidities including another emotional disorder, attention-deficit
hyperactivity disorder and personality disorder about to start Unified Protocol (UP) transdiagnostic group
cognitive behavior therapy were recruited from three tertiary free-of-charge public Mental Health Service
outpatient clinics in Denmark, as described in detail in (Reinholt et al., 2021). Patients were referred to the
clinic after two previous failed treatment attempts in primary care.

Exclusion followed the exclusion criteria for receiving treatment in the participating outpatient clinics: an
ICD-10 F20 diagnosis, bipolar disorder or autism, alcohol- or substance use disorder, increased risk of sui-
cide, recent (< 4 weeks) onset or alteration of psychotropic medication, previous traumatic brain injury or
organic brain disorder as assessed by journal look-up, and normal mental capabilities as estimated by having
completed primary school. Healthy comparison subjects (HC, N=37), matched with the patient group as a
whole in age and sex, were recruited from the local community through posters and online advertisement.
Exclusion criteria were the same as for patients but also included no prior or present psychiatric diagnosis
or psychotropic medication. All participants had normal or corrected-to-normal eye vision.

Based on a recent meta-analysis of the structure of the HiTOP hierarchy, patients were allocated according
to primary diagnosis into either the Distress (depression and GAD) or the Fear (agoraphobia, OCD, PD and
SAD) group (Ringwald et al., 2021).

Measures

Current medication status was extracted from the electronic health record including type of medication, dosa-
ge, treatment duration and changes hereof. Information on handedness and hearing status (normal/impaired)
was interview-based. All participants were assessed with the the Mini-International Neuropsychiatric Inter-
view version 7 (M.I.N.I.) diagnostic interview psychiatry specialist-trainee (MR) (Sheehan et al., 1998). For
patients, a primary diagnosis within the emotional disorder spectrum was confirmed, and up to three con-
current secondary diagnoses were noted. Healthy comparison subjects were likewise screened for the absence
of symptoms fulfilling criteria for any psychiatric diagnosis.

Patients were additionally administered self-report questionnaires relating to their primary diagnosis. Ac-
cordingly, patients with a primary ICD-10 diagnosis of agoraphobia were administered the Mobile Inventory
(MI) (Chambless et al., 1985), depression the Patient Health Questionnaire (PHQ-9) (Kroenke & Spitzer,
2002), GAD the GAD-7 (Spitzer et al., 2006), OCD the Brief Obsessive-Compulsive Scale (BOCS) (Bejerot
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et al., 2014), PD the self-report version of the Panic Disorder Severity Scale (PDSS) (Houck et al., 2002),
and SAD the self-report version of the Liebowitz Social Anxiety Scale (LSAS) (Rytwinski et al., 2009). Ques-
tionnaire data were obtained using the online survey and database management web application REDCap
licensed to Region Zealand, Denmark (Harris et al., 2019). Patients were instructed to answer +/- 1 week
from the EEG recording.

Procedures

EEG laboratory setup

EEG was recorded at two psychiatric hospitals in Region Zealand, Denmark. Each session took place either
in the morning or early afternoon and lasted approximately three hours including information, electrode
and cap application, EEG recording (~1 hour), M.I.N.I diagnostic interview and breaks. Participants were
instructed to show up rested and to avoid coffee and nicotine intake 2 hours before. Patients were also
instructed to avoid, if possible, medication prescribed “as needed” on the night before and day of recording.
During EEG recording, participants were seated in a comfortable armchair in a secluded room and instructed
to sit as still as possible. Visual stimuli were presented on a 17” LCD monitor situated 1.5 meters from the
participant. Audio stimuli were presented with airtube stereo insert earphones (C and H Distributors Inc.,
Milwaukee, WI, USA, 2021). Similar room luminosity at the two sites was ensured with blackout curtains
but was not objectively measured.

EEG recording

EEG at the two sites was recorded with identical Biosemi ActiveTwo Mark 2 systems with 64 Ag/AgCl pin-
type active electrodes attached to a cap according to the 10/20 system (BioSemi, Amsterdam, 2021). The
signal was recorded reference-free with common mode sense (CMS) and driven right leg (DRL) electrodes
as “ground” placed centrally close to POz. The signal was digitized at 24-bit resolution with a sampling rate
of 2048 Hz. Electrode offset was kept below 40 μV.

EEG paradigms

All paradigms were presented using Presentation® software version 23.0 (Neurobehavioral Systems, 2021).
The paradigms, presented in this order for all participants, were:

Attended oddball (AO)

Auditory stimuli delivered binaurally in a pseudorandom order: 10% target tones (1100 Hz, 50 ms duration),
6% distractor tones (a 50 ms bell sound) and 84% standard tones (1000 Hz, 50 ms). 50 dB sound intensity and
10 ms rise/fall for all stimuli. Participants were instructed to fixate on a white cross on a black background
on the monitor and to press the left mouse button with their index finger when hearing the target tone while
ignoring distractor stimuli. Participants started with a 30 stimuli test round.

Flanker

The flanker task was a modified version of the Eriksen Flanker (Eriksen & Eriksen, 1974) commonly used in
the literature, e.g., (Riesel et al., 2022; Seow et al., 2020). Five horizontal arrows were presented in white on
a black background on the monitor. Trials could be either congruent (<<<<< or >>>>>) or incongruent
(<<><< or >><>>) and were presented for 200 ms. Trials were 50% congruent and 50% incongruent trials
presented in random order. Participants were instructed to respond as quickly and accurately as possible
by pressing either the left or right mouse button indicating the direction of the central arrow. Participants
had 1050 ms to respond. Feedback was delivered on the monitor at the end of each block: if >90% correct
responses or <25% missed trials (“Try to respond faster!”) and if accuracy <75% (“Try to respond more
accurately”. Otherwise feedback was “Good job!”. If participants had less than 17 errors in total, up to
two extra blocks were administered in order to ensure internal consistency of the ERN (Clayson, 2020).
Participants at first completed a test round consisting of 12 trials to ensure instructions were understood.
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Unattended oddball (UO)

Participants watched a muted nature documentary while auditory stimuli were delivered binaurally at 50
dB in a pseudorandom order: 6% frequency deviant tones (1100 Hz, 50 ms duration), 6% duration deviant
tones (1000 Hz, 100 ms duration), 6% combined frequency and duration deviant tones (1100 Hz, 100 ms
duration) and 82% standard tones (1000 Hz, 50 ms). 50 dB sound intensity and 10 ms rise/fall for all stimuli.
Participants were instructed to ignore all auditory stimuli and focus on the monitor.

EEG preprocessing

EEG data were processed offline in EEGLAB 2023.1 on MATLAB R2021b (Delorme & Makeig, 2004; Ma-
thworks, 2022). Cleaning of artifacts and noise was with the The Reduction of Electroencephalographic
Artifacts (RELAX) preprocessing pipeline, a novel pipeline based on an empirical assessment of established
cleaning methods (Bailey et al., 2022, 2023). We applied the default RELAX pipeline, RELAX MWF wICA,
which utilizes methods from the following published toolboxes: fieldtrip, the MWF toolbox, wICA (Castel-
lanos & Makarov, 2006), ICLabel (Pion-Tonachini et al., 2019), PREP (Bigdely-Shamlo et al., 2015) and
Zapline-plus (Klug & Kloosterman, 2021). Given that single-trial analysis handles noisy data better and
in order to remove as little brain activity and obtain as many trials as possible, especially error trials in
the Flanker paradigm, we applied RELAX with less-stringent settings than default for our main analysis
(specified below).

Prior to processing in RELAX, the raw Biosemi EEG data were imported into EEGLAB reference-free
and down-sampled to 250 Hz. In initial preprocessing steps, RELAX removed line-noise at 50 Hz with the
Zapline-plus toolbox and referenced data to common average with the PREP toolbox after the automatic
removal of extremely noisy or flat channels. Data were hi-pass filtered at 0.25 Hz and low-pass filtered at
80 Hz using the default RELAX Butterworth filter, which is suggested to perform better than EEGLAB’s
pop eegfiltnew (Bailey et al., 2023). Note that RELAX applies a 0.25 Hz hi-pass filter by default instead of
the commonly used 1 Hz, a trade-off which somewhat decreases the quality of the subsequent independent
component analysis (ICA) decomposition but does not distort the ERP time course (Bailey et al., 2023;
Luck, 2014; Tanner et al., 2016; Winkler et al., 2015).

Next, artifact reduction based on multiple wiener filtering (MWF) with a delay period of 30 and wavelet-
enhanced ICA (wICA) with the extended infomax ICA algorithm proceeded with less strict than default
RELAX cleaning parameters. Specifically, muscle slope threshold was -0.31 (default -0.59), no channels were
deleted due to muscle artifacts (default: channels with 5% or more muscle artifacts deleted) and only channels
with 15% or more extreme artifacts were deleted (default 5%). Other settings remained on default, including
at most 20% removed channels. On average 59.2 channels remained for the AO, 59.4 for the Flanker and
59.9 for the UO paradigm. There was no difference between groups in number of removed channels.

After interpolating removed channels, the preprocessed data were epoched and baseline-corrected according
to parameters predetermined for each of the three paradigms (see Table 1). Note that RELAX applies a
regression-based baseline correction method instead of the traditional subtraction which has been shown
to distort the ERP waveform (Alday, 2019). For response-locked ERPs in the Flanker paradigm, baseline
regression correction was with one factor with two levels: correct and error response. For stimulus-locked
ERPs from the Flanker paradigm and ERPs from the other two paradigms, regression was with zero factors.
Next, epochs with an absolute voltage amplitude threshold exceeding 100 μV (default 60 μV) or a kurto-
sis/improbable data limit exceeding 3 standard deviations (SD)/median absolute deviation (MAD) overall
or 5 SD/MAD at any channel were rejected.

On average 1069 epochs of all trial types remained for the AO, 418 for the Flanker paradigm and 993 for
the UO paradigm. For AO, there was a significant difference between groups in number of remaining epochs
(HC: 1095, Distress: 1046, Fear: 1066; F(84,87) = 6.79 , p = 0.002). Follow-up 1-way ANOVAs revealed
a significant difference in number of remaining standard stimulus trials (HC: 896, Distress: 879, Fear: 866;
F(84,87) = 6.79 , p = 0.002). This small difference of ˜3% between groups was determined to be of no
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consequence for the main analysis. There were no further differences between groups in number of remaining
epochs for any of the other paradigms. Finally, the preprocessed data were converted to BIDS format to
facilitate the sharing of data with the community (C. R. Pernet et al., 2019).

Table 1 shows an overview of paradigm and ERP variables.

>> Table 1 here <<

ERP analysis and statistics

All demographic and behavioral statistics were conducted in R (R Core Team, 2023). Statistical models
were designed, evaluated and visualized using LIMO EEG in EEGLAB and MATLAB functions (Delorme
& Makeig, 2004; C. R. Pernet et al., 2011).

After preprocessing, ERP single trials data were processed in LIMO EEG. For a given subject, the first-
level of the GLM has the general formY = XB + ε where Y denotes the single-trial ERP data in the form
channels ∗ timeframes,X is a design matrix coding for the paradigm-specific stimulus types, B are the
beta coefficients to be estimated and ε is the residual term representing what is left when the effects of the
beta coefficients are accounted for. Model parameter estimation was with weighted least squares (WLS),
a robust extension to ordinary least-squares (OLS) which uses principal component projection to weigh
down outlier trials (C. Pernet et al., 2022). In example, for response-locked ERPs in Flanker paradigm, the
model wasERPFlanker = XcorrectBcorrect+XerrorBerror+residualwhere XcorrectBcorrect models the correct
trials,XerrorBerror the error trials and residual is the residual signal. Accordingly, ERN = XerrorBerror +
residual. For ERPs which are evaluated as difference waves, e.g., the MMN, linear combinations of beta
coefficients were evaluated. In all ten first-level GLM models were evaluated, each containing one or more
classic ERP components (see Table 1).

At the second level, the group level, for each model, group effects were examined channel by channel with 1-
way ANOVAs testing for differences at each time frame. These 64 N-ways ANOVAs produced an uncorrected
statistical parametric map (SPM) of size channels∗ timeframes, e.g., 64*151 = 9664 F -values for ERPs in
the AO paradigm. TheF -statistic was calculated with a generalization of Welch’sF -test, a modified F -test
for distributions with unequal variances, applied to the 20% winsorized group mean (Delacre et al., 2019; C.
R. Pernet et al., 2011; Wilcox & Rousselet, 2018). Multiple comparisons correction was conducted using a
well-established and validated non-parametric bootstrap spatiotemporal clustering method at an alpha level
of 5% (Maris & Oostenveld, 2007; C. R. Pernet, 2015). This produced a SPM of corrected p -values denoting
significant clusters representing group effects across channels and time frames.

For the N-ways ANOVAs revealing such significant clusters, follow-up two-sample t-tests where conducted
between each group. Thet -statistic was calculated with Yuen’s t -test, an extension of Welch’s t -test for
winsorized means of distributions with unequal variances (C. R. Pernet et al., 2011; Wilcox & Rousselet,
2018; Yuen, 1974). Corrections for multiple comparisons was likewise with spatiotemporal clustering at an
alpha level of 5%, yielding a SPM of corrected p -values.

Prior to the N-ways ANOVA, an N-ways ANCOVA as implemented in LIMO EEG was used to test for the
effects of age, sex and medication status on group differences. For medication status, due to the variability
in dosage and type of medication, two dummy variables encoded no prescription (0, 0), one prescription
(1, 0) and more than one prescription (1, 1). Medication prescribed “as needed” was not considered since
patients were instructed to avoid intake from the afternoon before the day of recording.

LIMO analysis windows (see Table 1) were chosen as to include the baseline period and to exclude activity
immediately preceding or overlapping with the next epoch. In line with recent research, these wide analysis
windows did not noticeably decrease power (Fields & Kuperberg, 2020). For example, group differences in
ERN were significant at LIMO analysis windows between 0 and 200 ms as well as between -200 and 500
ms. Note that the Attended oddball paradigm had an ISI of 650 to 850 ms. Due to a slower P3b wave
than expected when designing the experiment, the LIMO analysis window was extend to 700 ms in order
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to capture the whole wave. As a result, the last 50 ms of some trials contained activity from the following
epoch. Similarly, there is necessarily an overlap between the stimulus-locked Flanker P3b and the following
response after approximately 300 to 500 ms. Therefore, the stimulus-locked Flanker P3b is included in the
LIMO analysis window but results are not elaborated upon.

ERP grand averages are displayed for each stimulus type and group as the the 20% trimmed mean of subject-
level weighted single-trial ERP data. Trimmed mean represents a robust central tendency estimate of the
mean of the raw single-trial data and corresponds to a traditional grand average ERP waveform (C. R. Pernet
et al., 2011; Wilcox & Rousselet, 2018). Instead of traditional frequentist confidence intervals (CI), which
only gives the long-term probability of the true mean, LIMO EEG by default displays the 95% Bayesian
Highest Density Interval (HDI), which is the 95% probability of the observed 20% trimmed mean (Morey et
al., 2016; C. R. Pernet et al., 2011).

For models with significant clusters in the N-ways ANOVA, we display the group-wise mean beta coefficient
time course with 95% CI at the channel where the corresponding ERP is traditionally evaluated, e.g.,
response-locked Flanker trials at FCz. Significant results from follow-up two sample t-tests are shown as as
channel∗timeframet-statistic heat maps. Here, red denotes a positive difference (positive t-values) between
the two compared groups, with the first denoted group as reference, and blue a negative difference. Shaded
areas in heat maps indicate traditional evaluation windows of ERPs components elicited by the stimulus
type. For simplicity, we denote maximum or minimum t-values as max (|t|).

Results

Demographics, behavioral measures and self-report questionnaires

Table 2 shows demographics and behavioral measures.

>> Table 2 here <<

There was no difference between HC and the Patient group as a whole in sex and age, nor in number of correct
and error trials in the Flanker paradigm. The patient group had significantly longer reaction times (RT)
in both correct and error trials in the Flanker paradigm and to target tones in the AO paradigm. Within
the patient group, the Distress group differed significantly in age and sex and had significantly longer RT in
correct but not in error trials in the Flanker paradigm compared to the Fear group.

Table 3 shows medication status and results from self-report questionnaires for the Distress and Fear patient
groups.

>> Table 3 here <<

The majority (86.1%) of the patients received psychiatric medication. Comorbidity, defined as more than
one diagnosis, was 84% within Distress and 68% within Fear with a mean across both subfactors of 77%.
Subfactor comorbidity, defined as the secondary diagnosis belonging to the other subfactor, was lower for
both groups with Distress at 36% and Fear at 20% with a mean of 28%.

ERP grand average waveforms

Figures 1 to 4 shows the 20% trimmed mean of mean weighted subject-level single-trial ERP data across
groups and stimulus types for all paradigms. Shaded areas indicate the 95% HDI. Established ERP compo-
nents are marked on each plot and appear in much agreement with the literature. The ERPs from the AO
paradigm have reached maximum peak well before 650 ms for all groups.
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Response-locked Flanker

>> Figure 1 here <<

Stimulus-locked Flanker

>> Figure 2 here <<

Attended oddball

>> Figure 3 here <<

Unattended oddball

>> Figure 4 here <<

ERP group comparisons

Effects of age, sex and medication

N-ways ANCOVA with age, sex and medication status (none, one prescription and more than one prescrip-
tion) as covariates showed no effects of sex and medication status in any of the models. For several of the
ERPs, there was an effect of age. In agreement with the literature, age had an effect on the various P300
sub-components, e.g., P3a and P3b from the AO and stimulus-locked Flanker paradigms (Walhovd et al.,
2008). Crucially, the N-ways ANCOVA found the same significant clusters spanning the same regions and
time frames as clusters from the N-ways ANOVA. The exception to this was the cluster corresponding to P2
elicited to standard stimuli in the AO paradigm. Here, N-ways ANOVA found a cluster which the N-ways
ANCOVA did not. On the other hand, there were no significant clusters in the P2 region for covariates age,
sex or medication status either. We attribute this discrepancy to the reduced sensitivity of the ANCOVA
compared to the ANOVA. Taken together, the results from the N-ways ANCOVA show that the significant
clusters found in the N-ways ANOVA, on which we base the follow-up two-sample t-tests, are also significant
when accounting for age, sex and medication status.

Response-locked Flanker

For correct trials (Figure 5, left panel), N-ways ANOVA revealed a significant effect of group at a cluster
between -44 and 96 ms over central, frontal and parietal regions (maximum F = 16.20 at CP3 at 64 ms;
corrected p ≤ 0.001).

>> Figure 5 here <<

Follow-up two-sample t-tests (Figure 6, top panel) revealed a significant difference between HC and Distress
at a cluster between -56 and 116 ms over central, frontal and parietal regions (maximum t= 5.75 at CP3
at 64 ms; corrected p ≤ 0.001). The cluster corresponded well in location and time to the CRN, indicating
a reduced CRN for Distress compared to HC. Note that XcorrectBcorrect is positive-going because CRN =
XcorrectBcorrect + residual is less negative-going than ERN = XerrorBerror + residual. Therefore, the
observed difference in XcorrectBcorrect amounts to a reduced, i.e., less negative, CRN, as is also seen on the
grand average plot (Figure 1, left panel). Note also that the effect was weak at channel FCz and stronger at
more central and posterior channels Cz and CPz. There was no difference between Fear and either Distress
or HC.

>> Figure 6 here <<

For error trials (Figure 5, middle panel), N-ways ANOVA revealed a significant effect of group at a cluster
between 120 and 260 ms over central, frontal and parietal regions (maximum F = 12.89 at P2 at 180 ms,
corrected p ≤ 0.021). Two-sample t-tests between HC and Distress (Figure 6, bottom panel) revealed two
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significant clusters (cluster 1: from -16 to 56 ms over frontal, central and parietal regions, maximum t =
-5.04 at Fz at 8 ms; cluster 2: from 120 to 296 ms over mainly central and parietal regions, maximumt = 4.90
at P2 at 180 ms; corrected p ≤ 0.021). The first cluster corresponded well in location and time to ERN and
indicated a reduced (less negative) ERN for Distress compared to HC. The second cluster corresponded well
to Pe and indicated a reduced (less positive) Pe for Distress compared to HC. Note that N-ways ANOVA
revealed only one significant cluster, corresponding to Pe, whereas follow-up two-sample t-tests found clusters
corresponding to both ERN and Pe. Also note that the effect was stronger at FCz compared to more central
and posterior channels Cz and CPz. Again, there was no difference between Fear and either Distress or HC.

In summary, results for the response-locked Flanker paradigm revealed a reduced CRN, ERN and Pe for
Distress compared to HC.

Stimulus-locked Flanker

For congruent stimuli with correct response (Figure 7, left panel), N-ways ANOVA revealed a significant
cluster between 256 and 472 ms over frontal, central and parietal regions (maximum F = 18.95 at CP2 at
360 ms, corrected p ≤ 0.001).

>> Figure 7 here <<

Follow-up two-sample t-tests between HC and Distress (Figure 8, top panel) revealed a significant cluster
from 248 to 480 ms over frontal, central and parietal regions (maximum t = 5.67 at FT7 at 332 ms,p ≤
0.001).

>> Figure 8 here <<

This cluster corresponded to P3b which cannot be reliably analyzed due to overlap with the following
response. There was no difference for either congruent stimulus N2 or P3b between Fear and either Distress
or HC.

For incongruent stimuli with correct response (Figure 7, middle panel), N-ways ANOVA revealed a significant
cluster between 404 and 620 ms over frontal, central and parietal channels (maximum F = 14.25 at CP2
at 428 ms, corrected p ≤ 0.004). Follow-up two-sample t-tests between HC and Distress (Figure 8, bottom
panel) revealed two significant clusters, the first over mainly central and parietal regions and the second
over mainly frontal and central regions (cluster 1: from 396 to 624 ms, maximum t = 5.06 at P2 at 444 ms;
cluster 2: from 220 to 336 ms, maximum t = 5.44 at CP6 at 276 ms; correctedp ≤ 0.036). Similar to the
betas for congruent stimuli, the first cluster corresponded to P3b and was therefore not further analyzed.
The second cluster corresponded to N2 and indicated a reduced (less negative) N2 for Distress compared to
HC. There was no difference for either incongruent N2 or P3b between Fear and either Distress or HC.

In summary, results for the stimulus-locked Flanker paradigm revealed a reduced N2 to congruent stimuli
preceding correct responses for Distress compared to HC.

Attended oddball

For standard stimulus (Figure 9, left panel), N-ways ANOVA revealed a significant effect of group at three
clusters (cluster 1: from 116 to 220 ms over mainly frontal and central regions, maximum F = 16.16 at FC3
at 140 ms; cluster 2: from 276 to 348 ms, over mainly central and parietal regions, maximum F = 18.08 at
C4 at 296 ms; cluster 3: from 488 to 700 ms over mainly parietal regions, maximum F = 22.23 at CP4 at
612 ms; corrected p ≤ 0.045).

>> Figure 9 here <<

Follow-up two-sample t-tests revealed that these clusters were generated by differences between Distress and
both HC and Fear (Figure 10, top panel).

>> Figure 10 here <<

10
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Distress and Fear differed at a cluster from 272 to 396 ms over frontal, central and parietal regions with
maximum t = 5.89 at C4 at 296 ms (corrected p ≤ 0.035). This cluster (Figure 10, top panel, left) corre-
sponded well to a somewhat late N2, which on the grand average (Figure 3, middle panel) at FCz can be
seen peaking around 290 ms, and indicated a reduced (less negative) N2 to standard stimuli for Distress
compared to Fear. HC and Distress differed at two clusters (cluster 1: from 472 to 700 ms over mainly
parietal regions, maximumt = 6.27 at CP4 at 612 ms; Cluster 2: from 112 to 224 ms over frontal, central
and parietal regions, maximum t = 5.19 at FC3 at 140 ms; corrected p ≤ 0.028). The first cluster did not
clearly correspond to any known ERP. Two possibilities are the late-positive potential (LPP) cut short by
the following stimulus and polarity-reversed in parietal regions where HC and Distress differed (Figure 11)
(Luck & Kappenman, 2011). Another possibility is the N400, which is typically elicited in language-related
paradigms (Kutas & Federmeier, 2011).

>> Figure 11 here <<

The second cluster corresponded well to P2 and indicated a reduced (less positive) P2 for Distress compared
to HC, which is also apparent on the grand average plot (Figure 3, middle panel).

For target stimulus (Figure 9, middle panel), N-ways ANOVA revealed a significant effect of group at a
cluster from 316 to 696 ms over frontal, central and parietal regions (maximum F = 20.93 at P3 at 404
ms; p ≤ 0.001). Follow-up two-sample t-tests revealed differences between Distress and both HC and Fear
(Figure 10, bottom panel). Distress differed from HC at a cluster from 324 to 700 ms over frontal, central
and parietal regions (maximum F = 5.47 at P3 at 404 ms; p ≤ 0.001) and from Fear at two clusters, together
covering the same time window and regions (cluster 1: from 448 to 688 ms, maximum F = 5.33 at F7 at
516 ms; cluster 2: from 296 to 440 ms, maximum F = 5.32671 at PO7 at 408 ms; p ≤0.019). The clusters
corresponded well to the P3b and indicated a reduced (less-positive) P3b for Distress compared to both HC
and Fear, with no difference between the latter two.

In summary, results from the AO paradigm revealed a reduced P3b for Distress compared to both HC and
Fear. In addition, Distress had a reduced N2 compared to Fear and a reduced P2 compared to HC. Lastly,
Distress differed from HC also at an unidentified late, mainly parietal cluster, possibly the LPP or N400.
Note that there were no significant clusters for ERPs to the distractor stimulus eliciting P3a.

Unattended oddball

For the Duration difference wave, N-ways ANOVA revealed a significant cluster from 128 to 192 ms over
frontal, central and parietal regions (maximum F = 13.89 at P6 at 176 ms; p ≤ 0.002). There were no
significant group effects for the Combined and Frequency difference waves.

>> Figure 12 here <<

Follow-up two sample t-tests revealed differences between Distress and both HC and Fear (Figure 13).

>> Figure 13 here <<

Distress differed from Fear at two clusters (cluster 1: from 232 to 308 ms over frontal, central and parietal
regions, maximum t = 4.88 at F8 at 276 ms; cluster 2: from 100 to 184 ms over frontal, central and parietal
regions, maximum t = -5.17 at P6 at 176 ms; p≤ 0.027). The first cluster corresponded well to dP3a,
indicating a reduced dP3a for Distress compared to Fear, while the second cluster corresponded well to
dMMN, indicating a reduced dMMN for Distress compared to Fear, as is also evident on the grand average
plot (Figure 4, middle panel). Distress also differed from HC at a barely significant cluster from 128 to
192 ms over parietal and occipital regions (maximumt = 4.02 at Iz at 184 ms; p ≤ 0.047). This cluster
corresponded to dP3a and indicated a reduced P3a for Distress compared to HC, but only at parietal and
occipital regions.

In summary, results from the UO paradigm revealed reduced dMMN and dP3a for Distress compared to
Fear. In addition, a barely significant cluster indicated a reduced dP3a for Distress compared to HC, but
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only at parietal and occipital regions.

Discussion

In this study we investigated whether robust single-trial ERPs as recorded on the EEG can differentiate
between groups based on the HiTOP classification of the emotional disorders into subfactors Distress and
Fear. These two groups were also compared against a group of healthy comparison subjects (HC) matched
with the whole patient group in age and sex. Addressing issues of traditional ERP preprocessing and analysis
methods, we applied robust single-trial ERP analysis as implemented in the EEGLAB toolbox LIMO EEG.

We found several statistically significant differences between the three groups. For all ERPs differentiating
between the two HiTOP subfactors, Distress had a weaker response in terms of a reduced absolute amplitude
compared to Fear. For other ERPs, Distress differed only from HC, again with a reduced absolute amplitude,
and in no cases did we find a difference between Fear and HC.

Contrary to our expectations, we found no difference between Distress and Fear in any of the response-locked
Flanker ERPs. Hyperactive performance monitoring as indexed by enhanced ERN, and to a lesser extent,
CRN, is consistently found in OCD and have been associated with broad symptoms in the Internalizing
spectrum (Macedo et al., 2021; Pasion & Barbosa, 2019). Recent evidence from a large sample covering
the full spectrum of OCD characteristics found more specific associations between ERN and a composite
dimension of anxiety and neuroticism and between CRN and compulsivity (Riesel et al., 2022). In the
HiTOP, the placement of OCD in Fear is debated due to heterogeneous symptoms cross-loading on both
the Fear subfactor and on the Thought disorder spectrum (Faure & Forbes, 2021). Our results support
this in indicating that enhanced response-locked Flanker ERPs are not markers of the whole Internalizing
spectrum or of the more narrow Fear subfactor, but more likely of symptoms and traits at lower levels of the
HiTOP hierarchy (Härpfer et al., 2022). However, the ERN has been shown to be sensitive to manipulations
of experimental factors such as the amount, timing and type of feedback, the ratio between congruent and
incongruent stimuli and the addition of response-dependent reward or punishment (Gloe & Louis, 2021;
Larson et al., 2014; Nuñez-Estupiñan et al., 2022). Given this, it is possible that increased ERN can be
observed uniformly in Fear at exposure leading to increased levels of anxiety, but not in the comparably
relaxed and safe laboratory setting. As it stands, the wide 95% HDI on the grand average plot (Figure 1,
right panel) suggests that Fear is not a sufficiently homogeneous group in terms of the ERN to render it
different from either Distress or HC.

All of ERN, CRN and Pe were reduced in Distress compared to HC. The disorders in Distress included in
this study (depression and GAD) are often comorbid, share a significant symptom overlap and have been
suggested to be variations of the same etiology (Crocq, 2017; Hettema, 2008). Both enhanced and reduced
ERN have been reported in depression and GAD (Cho et al., 2022; Dell’Acqua et al., 2023; Ladouceur et
al., 2012; Weinberg et al., 2010; Z. Xiao et al., 2011). A recent meta-analysis using a p-curve method to
detect publication bias found a significant albeit weak effect of reduced ERN in depression (Clayson et al.,
2020). One study investigating GAD with and without comorbid depression in females found increased ERN
compared to healthy comparison subjects only in GAD without depression (Weinberg et al., 2012). Howe-
ver, these results are not as robust as in OCD and are obscured by methodological issues associated with
traditional ERP baseline subtraction methods. The ERN is preceded by and overlaps with the P3b, which
is consistently reduced in depression (Francis et al., 2021). With traditional baseline correction methods,
the subtraction of a smaller P3b in the baseline period will produce an artificially larger ERN (less is sub-
tracted)(Klawohn, Santopetro, et al., 2020). This is not the case for the regression-based baseline correction
method implemented in RELAX and utilized in this study. We see that the stimulus-locked Flanker P3b to
correct trials is significantly reduced for Distress compared to HC, and so is the following response-locked
CRN. Our results are therefore in line with recent evidence suggesting that reduced ERN is associated with
specific cognitive anxiety - perhaps well-captured in our Distress sample - as opposed to physiological anxiety
which is associated with an increased ERN (Macedo et al., 2021).
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Finally, we see that the error positivity, Pe, indexing error awareness, is reduced for Distress compared to HC.
Less studied than the ERN, the anatomical and functional correlates of the Pe are still being investigated,
with some evidence indicating that Pe is a part of the P300 complex (Dali et al., 2023; Ridderinkhof et al.,
2009). Although we are not aware of consistent results, evidence suggest an association between reduced Pe
and symptoms of depression (Schroder et al., 2013). As such, our results support a reduced Pe in the Distress
disorders depression and GAD.

We examined two versions of the N2, the exact biobehavioural correlates of which are not established and
likely paradigm-dependent (Folstein & Van Petten, 2008; Larson et al., 2014). The N2 elicited in the stimulus-
locked Flanker paradigm (FN2) is often described as an index of conflict monitoring and is larger for in-
congruent compared to congruent stimuli (Ka lama la et al., 2018; Riesel et al., 2017). We note that not
all studies using equiprobable congruent and incongruent stimuli, as we do in this study, find the Flanker
N2 (Ka lama la et al., 2018). FN2 is consistently enhanced in OCD (Riesel et al., 2017). Results on FN2 in
depression are inconsistent and seem to be paradigm-dependent (Alderman et al., 2015; Luck & Kappenman,
2011). In GAD, somewhat more consistent results indicate a reduced FN2 compared to healthy comparison
subjects (Larson et al., 2013; Nawani et al., 2018; Yu et al., 2018). We find that FN2 elicited to incongruent
stimuli is reduced in Distress compared to HC. These results are in line with results from the response-locked
Flanker ERPs in suggesting that Distress has globally reduced conflict-related ERPs compared to healthy
comparison subjects. Given that ERN and FN2 are both generated in the dorsal anterior cingulate cortex,
our results support that abnormalities in this region is a hallmark of Distress disorders (Hochman et al.,
2014; J. Xiao et al., 2023).

The N2 from the Attended oddball paradigm (AN2) is elicited to auditory stimuli (standard, target and
distractor stimuli) and is described as an index of stimulus identification and distinction (Patel & Azzam,
2005). Results on AN2 in Distress and Fear disorders are inconsistent and depends on the paradigm (Iwanami
et al., 1997; Luck & Kappenman, 2011; Perera et al., 2019). Interestingly, we find that Distress and Fear
differ in AN2 elicited to standard stimuli, and neither differ from HC. From the grand average plot (Figure
3, middle panel) it can be speculated that with more power Fear would differ also from HC. If so, increased
AN2 would be able to differentiate Fear from Distress and HC.

The auditory P2 has mainly been studied in the context of the central N1-P2 auditory response to estimate
auditory threshold or hearing loss (Crowley & Colrain, 2004; Lightfoot, 2016). Evidence indicate that
the loudness dependency of the P2 predicts SSRI-treatment outcome in depression (Gallinat et al., 2000).
However, we are not aware of abnormalities in P2 in either Distress or Fear disorders. We find that the
auditory P2 elicited to standard stimuli is reduced for Distress compared to HC. On the grand average
(Figure 3, middle panel), it would appear that P2 is significantly increased for Fear compared to Distress.
However, as for the ERN, the wide 95% HDI suggests that Fear contains heterogeneous disorders in terms
of P2.

The components in the P300 ERP complex elicited to attended stimuli in the AO paradigm are some of the
most studied ERPs in neuroscience (Polich, 2007, 2020). We examined two components of the P300, the P3a
elicited to distractor stimuli, indexing involuntary shift of attention, and the P3b elicited to target stimuli,
indexing context updating and memory processing (Luck & Kappenman, 2011). We found no difference
between groups in the P3a, a finding which is contrary to somewhat consistent results of reduced P3a in
depression (Luck & Kappenman, 2011). It is possible that more power would have allowed us to distinguish
between Distress and both Fear and HC, which appear very similar. Again, the wide 95% HDI on the grand
average plot (Figure 3, left panel) indicates that Distress is not a homogeneous construct in terms of P3a.

The P3b elicited to target stimuli was significantly reduced for Distress compared to both Fear and HC.
While we are not aware of studies examining P3b in GAD, our results are in line with somewhat consistent
findings of reduced P3b in depression, especially when comorbid anxiety is accounted for (Bruder et al.,
2002; Nan et al., 2018). For the disorders in Fear, results indicate that P3b is enhanced in OCD but not
in panic disorder (Gohle et al., 2008; Howe et al., 2014). Our results indicate that Distress and Fear as
transdiagnostic constructs are homogeneous enough as to render them different from each other in terms of
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the P3b. As such, our findings corroborate a recent meta-analysis finding increased P3b in Fear compared
to Distress11Note that in Botelho et al. (2023), OCD is placed in the Distress subfactor (Botelho et al.,
2023). However, we find no difference between Fear and HC. The similar 95% HDIs suggest that more power
would not allow us to differentiate between these two groups. In fact, the 95% HDI for Fear overlaps HC in
both directions, indicating that our Fear sample contains disorders associated with both an increased and a
decreased P3b compared to HC.

The mismatch negativity (MMN), an index of detection of change, and the difference wave P3a (dP3a),
reflecting change of attention, are consistently reduced in chronic schizophrenia (Näätänen & Kähkönen,
2009). In depression, results on MMN are inconsistent and depends on comorbidity with anxiety and paradigm
design (Bissonnette et al., 2020). We are not aware of consistent results for any of the other disorders included
in this study (Luck & Kappenman, 2011). Interestingly, both duration MMN and dP3a are reduced in Distress
compared to Fear. We can speculate that with more power Distress would also differ from HC, but HC and
Fear appear similar on the grand average plot (Figure 4, middle panel).

From the above it can be argued that some of our results would have evaded studies based on traditional
ERP analysis methods. For example, for the response-locked Flanker ERPs, we find that differences between
groups are focused on different regions. Whereas the ERN differs at channels around FCz, differences in CRN
are located more posteriously at Cz and CPz. A traditional ERP study with an á priori -defined region of
interest of 0 to 100 ms at either FCz or Cz would have risked obtaining null results or a reduction in statistical
power if analyzing several regions. Crucially, we can conclude that all but one of the significant clusters found
by this method correspond to well-established ERP components. As such, the method translates directly
to a richer version of traditional ERP analysis methods, the only caveat being that the direction of effects
between beta coefficients must be interpreted alongside the residual term and grand average plot.

The HiTOP is based on factor analysis of self-report questionnaires and symptom checklists and not on
biological measures such as ERPs. The subfactor level of the hierarchy describes dimensions, e.g. depression
and panic disorder, which roughly correspond to diagnoses in the categorical taxonomies. ERPs have been
shown to index specific brain functioning and have been associated with categorical diagnoses as well as
specific symptoms and traits. Our results therefore, in the most general sense, validate the HiTOP classifi-
cation of the emotional disorders into subfactors Distress and Fear in showing that two groups based hereof
differ in specific measures of brain functioning. However, this validation is indirect for several reasons. First,
allocation of patients into subfactor groups was based on primary diagnosis, a measure not derived from the
HiTOP but from ICD-10, a categorical taxonomy. Indeed, diagnoses do not exist in the HiTOP and their
placement in subfactors is for guiding purposes only. A more valid approach would have been to allocate pa-
tients according to results from self-report questionnaires directly assessing the Distress and Fear subfactors.
However, such measures are not yet available. Comorbidity in our sample was consistent with established
rates of comorbidity within the emotional disorders. Comorbidity between subfactors was markedly lower,
indicating that the HiTOP captures some comorbidity by grouping similar disorders together. However, in
several cases, the choice of a primary diagnosis was between diagnoses in opposing subfactors, e.g., a patient
with chronic OCD (Fear) presenting with symptoms of depression (Distress). Therefore, it is likely that both
groups contain patients who would have been allocated to the other subfactor had the ‘ground truth’ psycho-
pathology been known. Second, both subfactors cover several diagnoses, Distress containing depression and
GAD, Fear agoraphobia, OCD, PD and SP. Our results indicate that groups based on these subfactors are
coherent enough to be distinguished by ERPs. However, even though our complete sample is rather large (N
= 88), it does not permit comparisons between diagnoses within subfactors, or analysis of the contributions
of each diagnosis to group differences. Therefore, we can not rule out that a few rather than all disorders are
driving the observed differences between subfactors.

In addition to these limitations, Distress and Fear differed significantly in age and sex in that Fear consisted
mainly of younger females. However, the N-ways ANCOVA suggested that the observed group effects were
not due to differences in age or sex. Consequently, we could not corroborate that sex has an influence on the
ERN and its associations with symptoms (Fischer et al., 2016; Imburgio et al., 2020; Sandre et al., 2020).
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Future studies employing Distress and Fear groups matched in age and sex could elucidate this question.

In conclusion, the HiTOP subfactors Distress and Fear can be characterized by a set of abnormalities in brain
functioning as indexed by well-established ERPs analyzed with robust single-trial ERP methods. Specifically,
Distress has uniformly reduced ERP absolute amplitudes compared to Fear (AN2, MMN, dP3a and P3b) and
HC (CRN, ERN, Pe, FN2, P2 and P3b). Contrary to our hypothesis, Fear did not show increased amplitudes
compared to either Distress or HC. Future studies could utilize HiTOP-validated psychopathology measures
rather than ICD-10 primary diagnosis to better characterize subfactor groups.

Tables

Attended oddball Flanker Unattended oddball

Trials 1500 in 5 blocks 480 in 10 blocks 1800 in 6 blocks
ISI 650 to 850 1750 to 2250 450 to 550
Baseline -200 to 0 -200 to 0 -100 to 0
Epoch range -200 to 800 -500 to 1000 -100 to 500

stimulus-locked response- and stimulus locked stimulus-locked
LIMO analysis window -200 to 700 -200 to 500 r.l. -100 to 500

-200 to 800 s.l.
LIMO model Deviant stimulus Correct response, r.l. Combined d.w.*

Distractor stimulus Error response, r.l. Duration d.w.*
Standard stimulus Congr. stim. w. c. r., s.l. Frequency d.w.*

Incongr. stim. w. c. r., s.l.
Traditional ERP N1, P2, N2 CRN, Pc MMN

P3a, P3b ERN, Pe dP3a
Congr. N2
Incongr. N2

Abbreviations: Congr., Congruent; Incongr., Incongruent; r.l., response-locked; s.l., stimulus-locked; w.c.r., with correct response; d.w., difference wave Abbreviations: Congr., Congruent; Incongr., Incongruent; r.l., response-locked; s.l., stimulus-locked; w.c.r., with correct response; d.w., difference wave Abbreviations: Congr., Congruent; Incongr., Incongruent; r.l., response-locked; s.l., stimulus-locked; w.c.r., with correct response; d.w., difference wave Abbreviations: Congr., Congruent; Incongr., Incongruent; r.l., response-locked; s.l., stimulus-locked; w.c.r., with correct response; d.w., difference wave
Note: all measures in milliseconds (ms); * indicates a difference wave in that the beta coefficient to standard stimulus is subtracted Note: all measures in milliseconds (ms); * indicates a difference wave in that the beta coefficient to standard stimulus is subtracted Note: all measures in milliseconds (ms); * indicates a difference wave in that the beta coefficient to standard stimulus is subtracted Note: all measures in milliseconds (ms); * indicates a difference wave in that the beta coefficient to standard stimulus is subtracted

Table 1: Paradigm and ERP overview

HC Patient p (group) Distress Fear p (subfactor)

Female/Male (%) 25 (67.6) 35 (70.0) 0.994 13 (52.0) 22 (88.0) 0.014
12 (32.4) 15 (30.0) 12 (48.0) 3 (12.0)

Age 38.5 (13.2) 34.5 (11.2) 0.125 39.6 (12.5) 29.3 (6.4) 0.001
Flanker
Correct trials 428.1 (38.9) 420.5 (64.8) 0.546 406.9 (73.0) 439.5 (46.8) 0.104
Error trials 55.1 (24.3) 53.2 (41.7) 0.820 58.8 (51.5) 45.5 (21.3) 0.308
RT correct trials 410.1 (51.6) 446.2 (65.5) 0.010 465.2 (72.2) 419.9 (44.5) 0.023
RT error trials 318.1 (40.0) 347.7 (59.3) 0.016 361.4 (64.2) 331.0 (49.4) 0.107
Attended oddball
RT deviant tone 404.8 (47.8) 437.4 (51.5) 0.005 438.3 (48.6) 436.3 (56.7) 0.903
Abbreviations: RT, reaction time in miliseconds (ms) Abbreviations: RT, reaction time in miliseconds (ms) Abbreviations: RT, reaction time in miliseconds (ms) Abbreviations: RT, reaction time in miliseconds (ms) Abbreviations: RT, reaction time in miliseconds (ms) Abbreviations: RT, reaction time in miliseconds (ms) Abbreviations: RT, reaction time in miliseconds (ms)

Table 2: Demographics and Behavioral Measures
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HiTOP Comorbidity ICD-10 N Medication SRQ Mean of max

(%) (%) (SD) (%)
Distress 36.00 Depression 21 75.00 PHQ-9 16.48 (5.82) 61.04

GAD 5 95.00 GAD-7 9.00 (4.06) 42.86
Fear 20.00 Agoraphobia 4 80.00 MI 2.26 (0.63) 45.20

OCD 12 66.67 BOCS 16.17 (2.72) 67.38
PD 8 100.00 PDSS 8.38 (4.96) 29.93
SAD 1 100.00 LSAS 96.00 (-) 66.67

Total/mean 28.00 - 51 86.11 - 52.18
Abbreviations: SRQ, self-report questionnaire Abbreviations: SRQ, self-report questionnaire Abbreviations: SRQ, self-report questionnaire Abbreviations: SRQ, self-report questionnaire Abbreviations: SRQ, self-report questionnaire Abbreviations: SRQ, self-report questionnaire Abbreviations: SRQ, self-report questionnaire Abbreviations: SRQ, self-report questionnaire
Note: Comorbidity defined as comorbidity across HiTOP subfactors Note: Comorbidity defined as comorbidity across HiTOP subfactors Note: Comorbidity defined as comorbidity across HiTOP subfactors Note: Comorbidity defined as comorbidity across HiTOP subfactors Note: Comorbidity defined as comorbidity across HiTOP subfactors Note: Comorbidity defined as comorbidity across HiTOP subfactors Note: Comorbidity defined as comorbidity across HiTOP subfactors Note: Comorbidity defined as comorbidity across HiTOP subfactors

Table 3: HiTOP factor breakdown, medication status and self-report questionnaires

Figures

Figure 1: Response-locked Flanker grand average ERP waveforms at traditional evaluation channel FCz
computed as the 20% trimmed mean of the mean subject-level single-trial ERP data. Shaded areas denote
the 95% Bayesian Highest Density Interval (HDI). Typical ERP components are marked.

16



P
os

te
d

on
21

J
u
l

20
23

—
T

h
e

co
p
y
ri

gh
t

h
ol

d
er

is
th

e
au

th
or

/f
u
n
d
er

.
A

ll
ri

gh
ts

re
se

rv
ed

.
N

o
re

u
se

w
it

h
ou

t
p

er
m

is
si

on
.

—
h
tt

p
s:

//
d
oi

.o
rg

/1
0.

22
54

1/
au

.1
68

99
83

57
.7

87
63

07
8/

v
1

—
T

h
is

a
p
re

p
ri

n
t

an
d

h
a
s

n
o
t

b
ee

n
p

ee
r

re
v
ie

w
ed

.
D

a
ta

m
ay

b
e

p
re

li
m

in
a
ry

.

Figure 2: Stimulus-locked Flanker grand average ERP waveforms to stimuli preceding correct responses at
traditional evaluation channel FCz computed as the 20% trimmed mean of the mean subject-level single-trial
ERP data. Shaded areas denote the 95% Bayesian Highest Density Interval. Typical ERP components are
marked.

Figure 3: Attended oddball grand average ERP waveforms at traditional evaluation channels Pz and FCz
computed as the 20% trimmed mean of the mean subject-level single-trial ERP data. Shaded areas denote
the 95% Bayesian Highest Density Interval. Typical ERP components are marked.

Figure 4: Unattended oddball grand average ERP waveforms at traditional evaluation channel FCz computed
as the 20% trimmed mean of the mean subject-level single-trial ERP data. Shaded areas denote the 95%
Bayesian Highest Density Interval. Typical ERP components are marked.

Figure 5: Time-courses for response-locked Flanker betas for which N-ways ANOVA revealed significant
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group differences (left, correct trial; right, error trial). Shaded regions denote 95% Confidence Intervals.
A.U., Arbitrary Units.
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Figure 6: Results from follow-up two-sample t-tests for the response-locked Flanker betas (top, correct trial;
bottom, error trial) shown as heat maps indicating significant regions (red, positive t-values; blue, negative
t-values). Plot title indicate compared groups with the first denoted group as reference. Shaded regions
indicate traditional evaluation windows. Results corrected with spatiotemporal clustering at an alpha level
of 5%.

Figure 7: Time-courses for stimulus-locked Flanker betas for which N-ways ANOVA revealed significant
group differences (left, congruent stimulus with correct response; right, incongruent stimulus with correct
response). Shaded regions denote 95% Confidence Intervals. A.U., Arbitrary Units.
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Figure 8: Results from follow-up two-sample t-tests for the stimulus-locked Flanker betas (top, congruent
stimulus with correct response; bottom, incongruent stimulus with correct response) shown as heat maps
indicating significant regions (red, positive t-values; blue, negative t-values). Plot title indicate compared
groups with the first denoted group as reference. Shaded regions indicate traditional evaluation windows.
Results corrected with spatiotemporal clustering at an alpha level of 5%.

Figure 9: Time-courses for Attended oddball betas for which N-ways ANOVA revealed significant group
differences (left, standard stimulus; right, target stimulus). Shaded regions denote 95% Confidence Intervals.
A.U., Arbitrary Units.
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Figure 10: Results from follow-up two-sample t-tests for the Attended oddball betas (top, standard stimulus;
bottom, target stimulus) shown as heat maps indicating significant regions (red, positive t-values; blue,
negative t-values). Plot title indicate compared groups with the first denoted group as reference. Shaded
regions indicate traditional evaluation windows. Results corrected with spatiotemporal clustering at an alpha
level of 5%.

Figure 11: Standard stimulus beta coefficient time course at Pz showing a reduced (less-negative) unidentified
late ERP for Distress (blue) compared to HC (black). The observed difference between Distress and Fear
(red) was not significant. A.U., Arbitrary Units.
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Figure 12: Time-course for the Duration difference wave beta from the Unattended oddball paradigm for
which N-ways ANOVA revealed significant group differences. Shaded regions denote 95% Confidence Inter-
vals. A.U., Arbitrary Units.

Figure 13: Results from follow-up two-sample t-tests for the Duration difference wave beta from the Unat-
tended oddball paradigm shown as heat maps indicating significant regions (red, positive t-values; blue,
negative t-values). Plot title indicate compared groups with the first denoted group as reference. Shaded re-
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gions indicate traditional evaluation windows. Results corrected with spatiotemporal clustering at an alpha
level of 5%.
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