Cortical Excitability in Schizophrenia and
Bipolar Disorder
A Study of an EEG-Based Index
Clara M. F. Timpe

Submitted as Master Thesis
at the Department of Psychology

UNIVERSITY OF OSLO

June 2020

Cortical Excitability in Schizophrenia and
Bipolar Disorder
A Study of an EEG-Based Index

© Clara M. F. Timpe

2020

Cortical Excitability in Schizophrenia and Bipolar Disorder: A Study of an EEG-based Index

Clara M. F. Timpe

http://www.duo.uio.no

Printed at The University Print Centre, University of Oslo

IV

Summary
Author: Clara M. F. Timpe
Title: Cortical Excitability in Schizophrenia and Bipolar Disorder: A Study of an EEG-based
Index
Author Statement: My thesis is part of a larger project at the Norwegian Centre for Mental
Disorders Research (NORMENT), the idea for the thesis was provided by Torbjørn
Elvsåshagen. The EEG data utilized here comes from the data pool available at NORMENT,
to which I also contributed by collected data. I developed the preprocessing pipeline for the
EEG data together with a colleague and adjusted it for implementation in this study. The
preprocessed polygenic risk scores were provided by Alexey Shadrin and Francesco Bettella.
I conducted the statistical analysis myself.
Main Supervisor: Torbjørn Elvsåshagen
Co-Supervisor: Daniël Roelfs
Abstract: Cortical excitability dysregulation is emerging as a possible underlying mechanism
in both schizophrenia and bipolar disorder, but little research is available due to limited noninvasive investigation methods in humans. Recent work proposes that cortical excitability
might be reflected in the 1/f-like slope of the power spectrum density of
electroencephalography (EEG) data, where a flatter slope indicates increased and a steeper
slope indicates reduced cortical excitability. Applying a novel algorithm (Fitting Oscillations
and One Over F; FOOOF), we parametrized the 1/f-like slope in resting state EEG data in a
sample of schizophrenia spectrum disorder patients (SCZ; n = 35), bipolar spectrum disorder
patients (BD; n = 40) and healthy controls (HC; n = 252). We replicated previous findings of
flatter 1/f-like slope with increasing age and effects of spatial location of the electrodes on the
1/f-like slope estimated in the sample of HC. For a group comparison, we extracted an ageand sex-matched sub-sample of the HC (n = 75) and found significantly flatter 1/f-like slopes
in BD compared to healthy controls, but no significant differences between SCZ and HC. We
additionally investigated the relationship between the 1/f-like slope and disorder-specific and
excitability-related polygenic risk scores (PRSs) in the sample of HC with available genetic
data (n = 190). We found no significant associations with the PRSs. Taken together, our
findings suggest that the FOOOF algorithm provides a promising approach to parametrizing
the 1/f-like slope as an excitability-index in resting state EEG data. We furthermore provide
additional evidence of increased cortical excitability in BD.
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Introduction
Schizophrenia (SCZ) and bipolar disorder (BD) are severe psychiatric disorders that
considerable diminish the quality of life of the patients (American Psychiatric Association
[APA], 2013; World Health Organization, 2008). Lifetime prevalence for both disorders is
about 1% (Merikangas et al., 2007; Saha, Chant, Welham, & McGrath, 2005), and both
disorders are associated with impairing symptoms, such as hallucinations, delusion, and
depressed mood (APA, 2013; Konopaske & Coyle, 2015). They are also associated with
elevated mortality, mainly due to increased risk of cardiovascular diseases and an increased
rate of suicidality reducing the life expectancy by up to 20 years for patients with SCZ or BD
(APA, 2013; Hayes, Marston, Walters, King, & Osborn, 2017; Laursen et al., 2013). SCZ and
BD account for 1.1% and 0.9% of the worldwide disability-adjusted life years (World Health
Organization, 2008), an index which is based on years spent with a disability and years of life
lost due to an early death (Lopez, Mathers, Ezzati, Jamison, & Murray, 2006). As such, SCZ
and BD singly lay just below the impact of diabetes, which accounts for 1.3% of the
disability-adjusted life years, and exceed it greatly when considered together (World Health
Organization, 2008). Both SCZ and BD are highly heterogeneous in their clinical presentation
(see e.g., Bhati, 2013; Harrison, Geddes, & Tunbridge, 2018) with a high degree of symptom
overlap, posing challenges when studying these disorders.
Symptoms associated with SCZ are grouped into the categories “positive”, “negative”
and “cognitive” (Konopaske & Coyle, 2015). Positive symptoms describe an excess above
normal functioning and negative symptoms are characterized through a deficit of normal
functioning. Cognitive symptoms describe cognitive deficits, which commonly manifest as
for instance impairment in working memory. Core features of SCZ include delusions,
hallucinations, impaired motivation, trouble speaking and social withdrawal (APA, 2013),
episodes of elated or depressed mood can occur as well (Konopaske & Coyle, 2015). The
schizophrenia spectrum describes a broader group of disorders closely aligned with SCZ,
where the symptoms range from mild to severe. Schizophrenia spectrum disorder includes for
example schizophreniform disorder, which reflects a briefer duration of SCZ symptoms up to
six months, and schizoaffective disorder, which is characterized by SCZ symptoms lasting for
at least two weeks in concordance with mood symptoms (Bhati, 2013).
BD is characterized by episodes of depressed and elated mood (Belmaker, 2004) and
includes BD type I (BD I) and II (BD II). The differentiation between type I and II is based on
the severity of manic episodes. Mania is in general characterized by euphoria, irritable mood,
decreased need of sleep, increased sexual or aggressive activity and poor judgment and can
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have delusional or hallucinational features (APA, 2013; Belmaker, 2004). BD I and BD II
differ in that BD II is associated with hypomania as opposed to mania, which is defined as a
milder or shorter episode of mania than commonly presented in BD I (Belmaker, 2004;
Harrison et al., 2018). Depressive episodes are associated with both BD I and BD II and
include symptoms such as depressed mood and poor concentration, which sometimes come
along with reduced appetite, weight loss, insomnia, fatigue as well as suicidal thoughts and
decreased interest in sexual and other pleasurable activities (APA, 2013; Belmaker, 2004).
Bipolar spectrum disorder is, similarly to schizophrenia spectrum disorder, a broader
construct including both BD I, BD II and other disorders not defined by the exact criteria of
either of the prior (Harrison et al., 2018).
Unifying characteristics of SCZ and BD are the age of onset, usually around
adolescence or early adulthood (Harrison et al., 2018; Owen, Sawa, & Mortensen, 2016), their
high heritability, estimated to be around 80% for SCZ (Cardno & Gottesmann, 2000;
Sullivan, Kendler, & Neale, 2003) and 85% for BD (McGuffin et al., 2003) based on twin
studies, and their polygenic nature (Ripke et al., 2014; Stahl et al. 2019). Additionally, the
partial overlap of associated genetic risk loci (Andreassen et al., 2013; Lee et al., 2013;
Purcell et al., 2009; Ruderfer et al., 2018) as well as overlap of symptoms such as
hallucinations and delusions (Owen et al., 2016) suggest that there may be common
underlying biological processes involved. Both the overlap between SCZ and BD symptoms
as well as the broader group of associated disorders, such as schizophrenia spectrum disorder,
emphasize the difficulty of diagnosing the disorders in the absence of a reliable biomarker
(McIntyre et al., 2014; Owen et al., 2016). Due to the heterogeneity of the disorders, varies
treatment response in patients widely. This is reflected in the limited therapeutic efficacy of
lithium treatment, the most prominent treatment option for BD (Harrison et al., 2018) in about
40% of patients with BD (Viguera, Tondo, & Baldessarini, 2000) and general treatment
resistance in about 30% of patients with SCZ (Meltzer, 1997; van Os & Kapur, 2009). The
discovery of biomarkers may help developing more effective treatment, and ultimately
improve treatment outcomes. This discovery can be facilitated by a better understanding of
the underlying biological mechanisms in SCZ and BD, which as to date is limited.

Biological Mechanisms
There are several hypotheses concerning the etiology of SCZ that incorporate different
biological pathways, some of which may be contradictory (Devor et al., 2017). For example,
the prominent hypotheses of dopamine, glutamate and γ-aminobutyric acid (GABA)
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dysfunction in SCZ do individually not offer a comprehensive theory about the etiology of the
symptoms and occasionally may be mutually exclusive (see e.g., Devor et al., 2017). The
dopaminergic hypothesis stresses the influence of increased dopaminergic signaling on acute
psychoses and thus the positive symptoms of SCZ (Kapur, 2003). This hypothesis states that
an increase in dopamine release creates associations between new neutral stimuli and
motivational salience. An excess of dopamine neurotransmitters in the synaptic cleft
facilitates synaptic hyperactivity, resulting in hallucinations which in turn leads to delusions
(Kapur, 2003; van Os & Kapur, 2009). The glutamatergic hypothesis highlights the
importance of dysfunctional N-methyl-D-aspartate receptors (NMDARs) and the associated
increase of glutamatergic signaling through another type of glutamate receptor in the
emergence of SCZ symptoms (Moghaddam & Javitt, 2012). The GABAergic hypothesis on
the other hand focuses on the role of GABA interneurons as the site of NMDAR
hypofunction, which in turn leads to a reduction of GABAergic signaling (Nakazawa et al.,
2012). Due to GABA being the main inhibitory neurotransmitter in the brain, this can lead to
increased neuronal activity and thereby cause SCZ symptoms, which is in particular
established for cognitive symptoms (Nakazawa et al., 2012).
There is limited knowledge concerning the etiology of BD (Harrison et al., 2018),
which is reflected in a small number of different hypotheses concerning the biological
mechanisms, e.g., concerning inositol, neurogenesis or calcium signaling. The inositol
hypothesis suggests depletion of inositol, a lipid crucial to neuronal signaling, as the point of
action of lithium treatment in connection with BD (Berridge, Downes, & Hanley, 1989). This
depletion of inositol is then assumed to lead to reduced symptoms (Berridge et al., 1989). The
neurogenesis hypothesis posits that impaired hippocampal neurogenesis is one substrate for
mood dysregulation in BD and that neurogenesis deficits could be mediated by reduced brainderived neurotropic factors (Berridge, 2014; Martinowich, Schloesser, & Manji, 2009). The
calcium signaling hypothesis states increased levels of intracellular calcium in connection
with BD, which in turn is thought to be normalized by lithium treatment (Warsh,
Andreopoulos, & Li, 2004). Calcium signaling is also an important factor contributing to
neuronal excitability (Berridge, 2014), which presents a new promising approach towards a
more comprehensive understanding of the etiology of both SCZ and BD.

Excitability
Excitability regulation is emerging as a possible unifying mechanism for the
contradictory hypotheses in SCZ and BD (Uhlhaas & Singer, 2012; Radhu et al., 2013; Stahl
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et al., 2019). Excitability describes the readiness of single neurons or larger scale neural
networks to fire and can be defined through the strength of response (Ly et al., 2016). The
term neuronal excitability will here be used to describe the smaller scale excitability of single
or multiple neurons in a local field. Cortical excitability on the other hand will refer to largescale excitability of the cortex, which encompasses the excitability properties of the
underlying individual neurons (Ly et al., 2016). Excitability is regulated as a ratio between
excitatory and inhibitory input, whereof the largest contribution respectively are
glutamatergic and GABAergic signaling (Banich & Compton, 2018; Xue, Atallah, &
Scanziani, 2014).
The balance between excitation and inhibition – also referred to as E/I balance –
contributes to the critical state in which neural networks normally function and which creates
a spontaneous level of background activity maintaining the optimal excitability (Alvarez &
Destexhe, 2004). In this system of spontaneous background activity, avalanche dynamics can
emerge which in turn constitute to the critical state of the network (Beggs & Plenz, 2003).
The E/I balance consists of 2-4 times more inhibition than excitation (Alvarez & Destexhe,
2004; Rudolph, Pelletier, Pare, & Destexhe, 2005), which is essential for efficient neural
coding and optimized information transmission (Shew, Yang, Yu, Roy, & Plenz, 2011; Zhou
& Yu, 2018). It is furthermore assumed to be crucial for the formation of neuronal oscillations
(Atallah & Scanziani, 2009). More excitation relative to inhibition – i.e., hyperexcitability –
results in a decreased signal-to-noise ratio as it allows for more spontaneous activity
(Rubenstein & Merzenich, 2003), which results in decreased neural coding efficiency (Zhou
& Yu, 2018). This has amongst others been associated with decreased cognitive functioning
in aging (Dave, Brothers, & Swaab, 2018; Voytek et al., 2015) and a susceptibility to
epileptic seizures (Rubenstein & Merzenich, 2003). If the ratio of E/I is abnormally tilted
towards inhibition – i.e., hypoexcitability – reduced signaling will follow, leaving the
neuronal network unable to perform optimally (Shew et al., 2011). This has for example been
associated with alcohol intoxication, which is known to act through increased GABAergic
signaling (Stock, Petermann, Mückschel, & Beste, 2019).
Recent work provided evidence of the involvement of excitability regulation as a
putatively important mechanism underlying SCZ and BD. One line of evidence comes from
genome-wide association studies (GWASs). GWASs are hypotheses-free investigations of
single nucleotide polymorphisms and their association with a certain trait or disorder
(Manolio, 2010; Wray et al., 2014). A GWAS tests whether the frequency of different
variants in a population (i.e., nucleotide variation at specific positions) are associated with a
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certain phenotype, i.e., it allows for the investigation of which nucleotide variation is more
common in a certain disorder. There is thus need for both a sample of people with and
without the trait or disorder in question (Manolio, 2010). A recently conducted SCZ GWAS
has identified risk variants associated with SCZ across a variety of neurotransmitter systems,
ion channels, and signaling pathways (Ripke et al., 2014), which could be unified by the
common basis of the contribution to excitability regulation (Devor et al., 2017). Also, a recent
BD GWAS identified risk loci associated with excitability regulation (Stahl et al., 2019).
Analyses of GWASs across various psychiatric disorders – i.e., SCZ, BD and major
depressive disorder – have furthermore shown common associations of the disorders with loci
involved in synaptic functioning and neuronal signaling pathways (O’Dushlaine et al., 2015).
Additional evidence comes from induced pluripotent stem cell (iPSC)-derived neurons
from BD patients, which have been shown to be hyperexcitable (Mertens et al., 2015; Stern et
al., 2018). This hyperexcitability could be normalized through lithium treatment in iPSCderived neurons from lithium-responsive BD patients (Mertens et al., 2015; Stern et al.,
2018). Moreover, excitability regulation as an underlying biological mechanism might
explain comorbidity as well as overlap of genetic variants of both SCZ and BD and other
disorders, e.g., BD and epilepsy (Lopez et al., 2017; Wotton & Goldacre, 2014) as well as
SCZ and epilepsy (Clancy, Clarke, Connor, Cannon, & Cotter, 2014; Sebat, Levy, &
McCarthy, 2009). Taken together, these findings suggest that excitability dysregulation is a
central mechanism involved in SCZ and BD, which furthermore appears to be at least
partially genetically mediated.

Assessment of Excitability
Despite the fact that excitability regulation emerges as an important mechanism in
SCZ and BD, it is not very much researched. This might particularly be due to the fact that
excitability has been difficult to assess in vivo in humans (Gao, Peterson, & Voytek, 2017).
Methods for estimating neuronal excitability include recordings of single units or multiple
units (i.e., single or multiple neurons), local field potentials (LFPs; Haider, Duque,
Hasenstaub, & McCormick, 2006), and intracranial electrocorticography recordings
(Peyrache et al., 2012), all of which are invasive procedures and cannot be applied to a broad
group of participants.
Another approach employs transcranial magnetic stimulation (TMS) in order to
investigate cortical excitation and inhibition (Wobrock, Kadovic, & Falkai, 2007). TMS is a
non-invasive method, which utilizes a local magnetic field to induce electrical currents in the
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cortex (Barker, Jalinous & Freeston, 1985). Depending on the intensity and the type of
stimulation scheme, reducing or enhancing effects on the cortical activity can be observed and
peripheral muscle twitches can be evoked (Post et al., 1999; Wobrock et al., 2007). Most
studies utilizing TMS have focused on cortical motor areas (Kaskie & Ferrarelli, 2018) and
have employed TMS in combination with recordings of muscle activity (i.e.,
electromyography) of a specific muscle, e.g., in the hand, in order to obtain indexes of
inhibition and excitation (Wobrock et al., 2007). Thus, TMS allows for a focused
investigation of excitability in a specific cortical area and relies on the electrical activity
altered by the magnetic field. Based on these focused investigations of certain cortical areas, a
global conclusion concerning excitability might be difficult (Hoffman & Boutros, 2001).
Utilizing this approach, some abnormalities of cortical excitability in SCZ and BD have been
reported, such as increased excitation in motor cortical regions in SCZ or reduced excitation
in BD, though there have been contradicting findings (e.g., Chroni, Lekka, Argyriou,
Polychronopoulos, & Beratis, 2008; Wobrock et al., 2007).
Additionally, measures utilizing electroencephalography (EEG) recordings have been
proposed. EEG is a non-invasive method recording electrical activity at the scalp, which
mainly reflects spatially and temporally summed postsynaptic potentials (Luck, 2014). Using
certain EEG paradigms, electrical potentials evoked through sensory stimuli – such as
auditory evoked potentials – can be recorded, the degree of habituation of these have in turn
been proposed to reflect cortical excitability (Ethridge et al., 2016). As the E/I balance is
connected to signal-to-noise ratio (Rubenstein & Merzenich, 2003), estimation of this ratio
based on EEG data could also be utilized for the estimation of excitability. In this manner,
Winterer and Weinberger (2003) report a reduced signal-to-noise ratio in SCZ patients. These
approaches have the advantage of being non-invasive but still pose the difficulty of
interpreting the indirect measures.
A new approach presented by Gao et al. (2017) states that excitability is reflected in
the slope of the power spectrum density (PSD) of recorded electrical activity, e.g., in LFP or
EEG recordings. The PSD displays the recorded signal in the frequency domain, reflecting the
power of the different frequencies putatively contributing to the signal (Luck, 2014). The
underlying slope of the PSD is also known as the aperiodic signal or the 1/f-like slope, as it
follows a proportional decline of power with increasing frequency (Peterson, Rosen,
Campbell, Belger, & Voytek, 2017). The slope has to be seen in contrast to putatively present
oscillations (Haller et al., 2018), which are not the main focus for estimating excitability. In
order to keep consistency and for the sake of simplicity, the term 1/f slope will in the
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following be used to refer to the underlying aperiodic signal putatively reflecting excitability.
Examples of PSDs with varying 1/f slopes can be seen in Figure 1.

Figure 1. Power Spectrum Densities. This figure displays averaged power spectrum
densities from nine different participants, plotting the power of the signal (in dB) against
the frequencies (in Hz). There is a clear decline in power with increasing frequency, though
the decline of the 1/f slope is varying, and often a pronounced peak in alpha frequencies (813 Hz; Luck, 2014), which reflects a putative oscillation at that frequency range (Haller et
al., 2018).

The 1/f slope allows for the assessment of excitability both non-invasively and in a
relatively direct manner also in resting state EEG (rs-EEG). The estimation of excitability is
here based on the specific properties of excitation and inhibition. Excitation is defined
through a fast rise and fall in amplitude compared to the slower functioning inhibition, which
allows to separate them to a certain degree when investigating the data in the frequency
domain (Gao et al., 2017). A changed ratio of E/I towards more excitation will thereby lead to
a flatter 1/f slope of the PSD, more inhibition on the other hand will lead to a steeper 1/f slope
(see Figure 2; Molina et al., 2020; Gao et al., 2017). Using this approach, aging effects on the
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1/f slope were reported (Dave et al., 2018; Voytek et al., 2015). In particular, flatter 1/f slopes
were reported for older adults assessed during different tasks, which was proposed to explain
the decline of cognitive functions in accordance with the neural noise hypotheses (Dave et al.,
2018; Voytek et al., 2015).

Figure 2. Excitability and the 1/f Slope. Simplified depiction of how the 1/f slope changes
with differing E/I ratios. The lighter blue, flatter PSD displays an E/I ratio with more
excitation compared to the darker blue PSD. This figure was created by tilting the original
average PSD (darker blue) and does not depict true values of a changed slope.

This previous work strongly suggest that the 1/f slope can be used as an EEG-based
index of cortical excitability. In order to utilize this index, one needs a tool that can
parametrize the 1/f slope value from the PSD. One option is to simply fit a line to the PSD,
which then can be used as an approximation of the underlying 1/f slope (see i.e., Gao et al.,
2017). This approach has been applied in a study suggesting a steeper 1/f slope in SCZ
patients compared to healthy controls (Peterson et al., 2017), but it does not account well for
the fact that the PSD consists of both an aperiodic and a periodic part, the underlying 1/f slope
and the oscillations, respectively. It is therefore important to be able to separate between those
two components to avoid confounding effects (Haller et al., 2018). The Fitting Oscillations
and One Over F (FOOOF; Haller et al., 2018) algorithm was developed to achieve this and is
used for this study. Previous studies have applied and used the FOOOF algorithm to describe
tendencies of spatial effects in healthy controls, i.e., higher slope values in midline electrodes
8

(Mdanda, Donoghue, & Voytek, 2018), steeper 1/f slopes in attention-deficit/hyperactive
disorder (Robertson et al., 2019) and in schizophrenia (Molina et al., 2020). There are no
previous studies utilizing FOOOF to investigate excitability in BD.

Polygenic Risk Scores
The investigation of relationships between disorders with heterogeneous symptoms,
such as SCZ and BD, and certain measures of interest can be difficult due to the variability
within the patient groups and possible effects of medications (see e.g., Wobrock et al., 2007).
An alternative approach that avoids the difficulties connected to heterogeneity is the
investigation of disorder-specific polygenic risk scores (PRSs) and their relationships to
measures of interest, e.g., cortical excitability (Wray et al., 2014). PRSs measure the
cumulative burden of trait- or disorder-associated risk alleles in the individual’s genome
based on the risk allele’s effect sizes and significance values identified in GWASs (Wray et
al., 2014). Utilization of PRSs allows for the investigation of genetic liability for a certain
disorder and its association with disorder-related symptoms or measures outside of disease, as
they can be calculated for healthy controls (HC; Ranlund et al., 2018; Wray et al., 2014).
Effects connected to having the disorder, illness duration and medication can thus be avoided.
The scores can be calculated for specific disorders or pathways associated with certain
disorders (see e.g., Barbu et al., 2019 for an example), and as such can also PRSs of, e.g.,
excitability related pathways associated with SCZ or BD be calculated. This allows to
investigate the specific association between disease risk that lays within certain pathways and
the phenotype of interest, i.e., in this case the EEG-based excitability index.
In addition to group comparisons between HC and patients, the investigation of PRSs
(i.e., SCZ-PRS, BD-PRS, and excitability-specific PRSs for SCZ and BD) in HC and their
correlation with excitability might thereby contribute to the understanding of the role
excitability plays in SCZ and BD.

Hypotheses
Based on the background described above, the present study investigated the
following hypotheses (H). Firstly, this study aimed to replicate findings from previous studies
and to validate the application of FOOOF in a new dataset of rs-EEG recordings from healthy
individuals. Previous findings include the described spatial as well as age effects on the 1/f
spectral slope (Dave et al., 2018; Mdanda et al., 2018; Voytek et al., 2015). Therefore, we
hypothesized that, in our sample of HC, older adults would have a flatter 1/f slope than
9

younger adults (H1) and we expected spatial differences of the 1/f slope across the cortex
(H2). Secondly, the main research questions focused on differences in cortical excitability
between patients with either SCZ or BD and HC. Based on the previous research described
above (e.g., Devor et al., 2017; Mertens et al., 2015), we expected group differences of the 1/f
slope between patients and HC (H3). Additionally, we investigated possible differences in
excitability in patients with SCZ or BD to clarify if the potential effects are unique to one
disorder or a more general feature. We expected no significant differences of excitability
between SCZ and BD due to their genetic and symptomatic overlap described above (H4;
e.g., Lee et al., 2013; Owen et al., 2016). In a further step, we investigated correlations
between the PRSs for either SCZ or BD as well as excitability-specific PRSs in HC and the
1/f slope in order to find support for a possible mechanistic involvement of excitability
regulation in the disorder. Higher PRSs were expected to be correlated with greater alterations
in excitability (H5). All the hypotheses were tested against the null hypotheses H0 of no
difference between groups or location (for H1-H3, H5) or respective difference between
groups (for H4).
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Materials and Methods
Participants
The participants for this study were recruited for two studies at the Norwegian Centre
for Mental Disorders Research (NORMENT). These studies are the Thematically Organized
Psychosis (TOP) study and the StrokeMRI study, which were approved by the Regional
Committee for Medical and Health Research Ethics of South-Eastern Norway (REK 2014/644
and REK 2014/694). From the StrokeMRI sample, only the HC were included in this study,
stroke patients were excluded. For the StrokeMRI study, healthy volunteers were recruited
through announcements in national newspaper and social media (described in Richard et al.,
2018). For the TOP sample, healthy individuals were recruited through Statistics Norway
(Statistisk sentralbyrå) and announcements in national newspapers (described in Valstad et
al., 2020). Patients were referred to the TOP study through their clinicians. The exclusion
criteria for all participants included a history of moderate or severe head injury or
neurological diseases, limited cognitive ability (IQ < 70) as well as age outside the set age
range (18 to 65 years) for the TOP participants. HC were furthermore excluded if they
reported having a psychiatric disorder, having a drug dependency or diagnosis of a
neurological or psychiatric illness at any point in their life. HC were screened for psychiatric
disorders at intake and the diagnoses of the patients were reevaluated by trained clinicians at
NORMENT. All participants went through a detailed protocol, which included
neuropsychiatric evaluation, blood sampling for genetic analyses, magnetic resonance
imaging scan and EEG. Only participants from whom rs-EEG was recorded were included in
the current study.
After excluding incomplete datasets (i.e., datasets without available age information; n
= 8) as well as datasets with poor data quality (i.e., with more than 20% interpolated channels;
n = 39), the sample consisted of 252 healthy controls, 23 patients with schizophrenia, 8 with
schizoaffective disorder and 4 with schizophreniform disorder as well as 22 patients with BD
I and 18 patients with BD II. We collapsed the patient groups of the schizophrenia and bipolar
spectrum disorders, respectively. We chose this based on the close relationship and overlap of
the spectrum disorders, as described above, and as it allowed us to obtain larger patient group
sizes. The schizophrenia spectrum disorders (i.e., schizophrenia, schizoaffective disorder, and
schizophreniform disorder; n = 35) are in the rest of this paper referred to as SCZ, whereas
the bipolar spectrum disorders (i.e., bipolar disorder I, bipolar disorder II; n = 40) are referred
to as BD.
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For the statistical analysis concerning age (H1) and spatial differences (H2) as well as
analyses including PRSs (H5), we included only HC. We chose this to avoid possible
influences of the diagnosis on the results and as the inclusion of patients would skew the
distribution of the risk scores. As such, we included the total sample of HC (n = 252) for H1
and H2. The number of subjects in the PRS analyses (H5) was reduced (n = 190) due to the
lack of genetic data for parts of the controls. An overview of the demographics of the total HC
sample as well as the HC sample used for the PRS related statistical analyses is shown in
Table 1.

Table 1
Demographic Characteristics of the Healthy Controls
Group

Age (Years)

Sex

M

SD

Range

n Female

% Female

HC total (n = 252)

51.7

16.9

19-86

144

57.1

HC PRS (n = 190)

54.3

16.6

20.2-86

115

60.5

Note. This table displays the age and sex distribution in the total sample of healthy controls
(HC total) as well as the reduced sample of healthy controls with available genetic data (HC
PRS).

Due to the differing age and sex distribution in the HC and patient groups (H(2) =
62.36, p < .001; χ2(2) = 7.44, p = .026), we extracted an age- and sex-matched sub-sample
from the HC for the main investigation of group differences (H3). The same analysis using
the whole sample (i.e., including 252 HC) is shown in the Supplementary Analysis 1. For the
main analysis, we used the MatchIt R package (Ho, Imai, King, & Stuart, 2011) with the
nearest neighbor setting in order to get a matched sample and reduced the group of HC (n =
75). There were no further significant differences in age or sex distribution between patients
and HC (U = 3053, p = .367, χ2(1) = 1.43, p = .232) or between the three groups, when
considering SCZ and BD separately (H(2) = 0.96, p = .618, χ2(2) = 5.97, p = .053).
The distribution of age as well as sex in the final sample used for the statistical
analyses testing H3 and H4 are presented in Table 2. The distribution of the clinical scores of
the Positive and Negative Syndrome Scale (Kay, Fiszbeinm & Opler, 1987), the
Montgomery-Åsberg Depression Rating Scale (Montgomery & Åsberg, 1979) and the Young
Mania Rating Scale (Young, Biggs, Ziegler, & Meyer, 1978) for the same sample are shown
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in Table 3. Those scales assess the symptom severity connected to both SCZ and BD
symptoms and are part of the standard neuropsychiatric evaluation package at NORMENT.

Table 2
Demographic Characteristics of the Final Sample
Group

Age (Years)

Sex

M

SD

Range

n Female

% Female

SCZ (n = 35)

33.2

9.72

18-57

12

34.3

BD (n = 40)

35

11.7

20-63

25

62.5

HC (n = 75)

35

9.96

19-57

36

48

Note. This table displays the age and sex distribution in the final sample for H3 and H4
after exclusion of incomplete and bad-quality datasets as well as age- and sex-matching
healthy controls.

Table 3
Clinical Scores of the Final Sample
Group

PANSSa
M

SD

MADRSb

YMRSb

Range

M

SD

Range

M

SD

Range

SCZ (n = 35)

56.05 11.69

36-81

10.44

5.99

0-22

3

2.86

0-8

BD (n = 40)

42.5

8.71

30-78

13.23 10.43

0-42

4

5.27

0-28

HC (n = 75)

-

-

-

0-8

0.89

1.52

0-7

1.4

2.11

Note. This table displays the clinical scores of the two patient groups and the age- and sexmatched HC. PANSS = Positive and Negative Syndrome Scale; MADRS = MontgomeryÅsberg Depression Rating Scale; YMRS = Young Mania Rating Scale. aBased on 22 SCZ,
38 BD; bBased on 25 SCZ, 39 BD, 75 HC.

Procedures
For this study we used EEG recording and genome data. The latter was used to
calculate individual PRSs. Before inclusion into the TOP and StrokeMRI studies, all
participants gave informed written consent. Educated nurses collected blood samples from the
participants from which DNA was extracted and polygenic risk scores were calculated. The
genotyping of the analyzed samples was conducted by deCODE genetics using the Illumina
Human OmniExpress-12v-1-1_B and Human OmniExpress-12v1_H chips (San Diego,
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California). The EEG recordings were conducted by trained experimenters at NORMENT.
All participants had normal or corrected-to-normal vision and hearing. The instructions for
the different paradigms were given to the participants before each paradigm. The EEG
recording lasted around one hour.
The EEG data was collected with a BioSemi ActiveTwo amplifier using active
electrodes (Ag-AgCl electrodes) consisting of 64 scalp electrodes placed according to the
international 10-20 system (see Supplementary Figure 1) and eight external electrodes. Two
external electrodes were placed at the outer canthi of the eyes, two above and below the left
eye, two below the right eye and two on the right clavicle and the left iliac crest, respectively.
This allowed for recording of horizontal and vertical eye movements, muscle twitches of the
right eye and the heart rate. The data was collected at a sampling rate of 2048Hz and the
offset was held below 30mV during the recording. During the different paradigms the stimuli
were presented through a computer screen and headphones. The EEG protocol at NORMENT
includes a visual evoked potential paradigm (described in Valstad et al., 2020), a mismatchnegativity paradigm (see e.g., Baldeweg, Klugman, Gruzelier, &Hirsch, 2004; Näätänen,
Paavilainen, Rinne, & Alho, 2007), a pre-pulse inhibition paradigm (see e.g., Braff, Geyer, &
Swerdlow, 2001 for an overview) and rs-EEG (see Figure 3).

Figure 3. Overview of the Applied EEG Paradigms. This figure illustrates the applied
paradigms as well as the timeline of the EEG recording. VEP = visual evoked potential,
MMN = mismatch negativity, PPI = pre-pulse inhibition, rs-EEG = resting state EEG.

After running preliminary analyses using the first part of the pre-pulse inhibition
paradigm, in which the participants listen to three minutes of white noise, and preliminary
analyses showed that listening to white noise could potentially influence the 1/f slope of the
EEG data (Waschke, Donoghue, Voytek, & Obleser, 2019), we chose to use the data from the
first part of the resting state paradigm for this study. This consists of five minutes of eyes
open rs-EEG where no auditory stimuli are presented and the participant is instructed to look
at a red fixation point on a grey screen. The eyes open rs-EEG was favored over the eyes
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closed rs-EEG since there was a greater chance that participants would fall asleep in the latter,
especially since this was the last part of the whole recording.

Preprocessing of EEG Data
We preprocessed the EEG data with a fully automated preprocessing pipeline
implemented in MATLAB R2017a (MathWorks, 2017) using the EEGLAB toolbox (version
14.1.2b; Delorme & Makeig, 2004). We applied the preprocessing to the continuous, full (i.e.,
both eyes open and eyes closed) rs-EEG datasets. The individual steps of the preprocessing
pipeline are described below.
First, we the down-sampled the data to 512Hz, after which we applied the PREP
pipeline (Bigdely-Shamlo, Mullen, Kothe, Su, & Robbins, 2015) to identify and exclude bad
channels in order to compute a temporary robust average reference and interpolate the bad
channels based on surrounding channels. On average, 6.1 channels were interpolated (range
1-37). We found significant differences in the number of interpolated channels between the
groups (H(2) = 14.01, p < .001). Post-hoc rank comparisons revealed that the number of
interpolated channels was significantly lower in BD (M = 4.1) compared to HC (M = 6.4,
difference = 56.16, critical difference = 42.26, α = 0.05). We then referenced the data to the
average and – in accordance to Winkler, Debener, Müller and Tangermann (2015) – high-pass
filtered at 1Hz before we applied the binary infomax independent component analysis (binica;
by Sigurd Enghoff, based on Makeig, Bell, Jung, & Sejnowski, 1996). Binica was used to
extract as many components as there were independent channels – i.e., the number of
channels interpolated in the PREP pipeline was subtracted from the total number of channels,
resulting in the adjusted number of independent channels.
Successively, we applied ICLabel (Pion-Tonachini, Kreutz-Delgado, & Makeig, 2019)
in order to identify and consecutively reject artifactual components. ICLabel is an automated
independent component classifier for EEG data based on crowd-labeling. It provides
probabilities for each independent component for being either brain activity, muscle, heart or
eye artifacts, line noise, channel noise or belonging to the category of “other”, which
represents a mix of signals and no clear identification of one of the other categories (PionTonachini et al., 2019). ICLabel thereby allows for an automated identification and successive
removal of assumed artifactual components. We defined the thresholds for the removal of
components as less than 30% probability of being brain and less than 50% probability of
being other. Visual inspection of the data at different thresholds showed that the parameters
mentioned above yielded the best results and provided relatively clean data. On average, 27.3
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components were removed (range 9-48), there were no significant differences in number of
rejected components between the groups (F(2,371) = 1.55, p = .214).
Hereafter, we extracted the first five minutes of the rs-EEG data where the participants
had their eyes open. We then split the continuous EEG data into 5s epochs and applied an
epoch rejection threshold of ±100μV as a further artifact rejection step to assure the quality of
the data. On average, 5 epochs were rejected (range 0-58) and there were no significant
differences in number of rejected epochs between the groups (H(2) = 1.68, p = .432). The
threshold for exclusion of datasets with more than 20% interpolated channels we set a priori.
Based on this criterium, we excluded 39 datasets from further analyses.
After this pipeline, we computed the PSD for each epoch and channel using Welch’s
method (Welch, 1967) with a Hamming window length of 1s and 50% overlap (Gao et al.,
2017; Robertson et al., 2019), followed by calculating an average PSD across all epochs,
which resulted in one PSD per channel for each participant. In order to extract the 1/f slope
values from the PSDs, we applied the FOOOF (Haller et al., 2018) algorithm using MATLAB
R2018b (MathWorks, 2018) on the range between 4 and 50Hz, which is in accordance with
previously conducted studies (Molina et al., 2020; Peterson et al., 2017; Robertson et al.,
2019). The FOOOF algorithm includes a series of steps, which allow to parametrize the PSD,
both the periodic part (i.e., oscillations) and the aperiodic part (i.e., underlying slope). Figure
4 illustrates the involved steps. Firstly, a preliminary estimation of the 1/f slope based on the
amplitude of the first frequency as a seed value for the offset and an empiric estimate of the
slope is removed from the PSD, leaving mostly putative oscillations (Figure 4A and 4B). To
identify the oscillations in this signal, the algorithm fits Gaussian functions around the peaks
and regresses them in an iterative process until there is no peak present above a set threshold
(default: 2 SD; Figure 4C). From this process, we obtain the amplitude, frequency and width
of the oscillations. After identifying the oscillations, a multi-Gaussian function is modeled in
order to account for joint power (Figure 4D). This multi-Gaussian function is then subtracted
from the original PSD (Figure 4E) and the fitting process of the background activity is
repeated, resulting in a better estimation of the true offset and decline of the 1/f slope in the
present dataset (Figure 4F). Finally, the estimations of both the periodic and aperiodic signal
are combined (Figure 4G) and a goodness-of-fit-estimation is calculated, resulting in both an
R2 and error-value (Figure 4H). For this study the aperiodic part – the 1/f slope – is of main
interest, therefore only the estimates concerning the slope of the background activity were
extracted and used for further analyses.
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After the application of FOOOF, we calculated an average 1/f slope value across all
scalp channels for each participant. We utilized the average 1/f slope in all analyses, not
including the investigation of spatial differences. We investigated the putative spatial
differences using the 1/f slope values from a subset of channels (i.e., F3, Fz, F4, C3, Cz, C4,
P3, Pz and P4), which allowed us to investigate both an anterior-to-posterior as well as a leftto-right factor.

Figure 4. Schematic Overview of Fitting Oscillations and One Over F (FOOOF). This
figure illustrates the steps in the FOOOF algorithm. PSD = power spectrum density.
Reprinted with permission from Haller et al. (2018).

Calculation of Polygenic Risk Scores
The raw genetic intensity files, which are based on the chips described above, were
converted into unimputed genotypes with GenomeStudio. Individual as well as variant quality
control was done using PLINK 1.9 (Chang et al., 2015). Eagle2 (Loh et al., 2016) was used
for reference-based phasing and the imputation was successively performed with Minimac3
(Das et al., 2016) using Haplotype Reference Consortium data (McCarthy et al., 2016) as a
reference.
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The PRSs were based on GWAS summary statistics, which provide the risk alleles as
well as their effect sizes. The excitability specific PRSs were based on available gene
databases and the corresponding GWASs for SCZ or BD, respectively. All PRSs in this study
were calculated using PRSice-2 (Choi & O’Reilly, 2019) with p-value threshold of .05 and
linkage disequilibrium pruning r2 threshold of 0.1. The choice of p-value threshold was based
on Ripke et al. (2014), where the .05 threshold showed the best performance in out-of-sample
prediction performance of SCZ diagnosis. We obtained the effect sizes and corresponding pvalues for the PRSs in our study from the most recent GWASs of SCZ (Ripke et al., 2014)
and BD (Stahl et al., 2019). Parts of the samples used in our study were also included in the
named GWASs, which could lead to biased results if the PRSs were calculated on publicly
available GWAS summary statistics. To avoid this potential bias, we calculated the PRSs
from GWAS summary statistics where participants from NORMENT were excluded. After
this exclusion, the SCZ GWAS contained 35,099 cases and 46,436 controls and the BD
GWAS contained 19,754 cases and 30,692 controls.
We calculated conventional disorder-specific PRSs based on the genome-wide set of
variants (~48,000 and ~29,000 variants for SCZ and BD, respectively), and two types of
excitability-specific PRSs for each disorder: a core excitability PRS and an extended
excitability PRS. The excitability-specific PRSs were based on variants inside or close (within
10kb flanking regions) to preselected gene sets. For the core excitability PRS, based on Devor
et al. (2017), we selected ten excitability-related pathways: calcium signaling, cyclic
adenosine monophosphate signaling, phosphatidylinositol signaling, long-term potentiation,
glutamatergic synapse, cholinergic synapse, serotonergic synapse, GABAergic synapse,
dopaminergic synapse, and long-term depression. The Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway database provided genes corresponding to these pathways
(Kanehisa, Furumichi, Tanabe, Sato, & Moroshima, 2017), resulting in 617 different genes.
These 617 genes – corresponding to ~2,300 and ~1,300 variants for SCZ and BD,
respectively – were used for the core excitability PRS calculation. The KEGG pathway
database is based on manually curated maps for specific pathways. While this approach
produces gene sets of high confidence, it can result in the fairly limited number of genes,
which cannot cover highly polygenic architecture of SCZ or BD (Ripke 2014; Stahl et al.,
2019). Thus, we used the available Synpatic Gene Ontologies database (Koopmans et al.,
2019) containing a rich collection of genes related to synaptic function, which can be seen as
influential for excitability regulation and furthermore is assumed to be altered in SCZ (Devor
et al., 2017) and BD (Stahl et al., 2019), in addition. Combining this database with the KEGG
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pathway database allowed for a broader approach to the investigation of excitability-related
pathways while still narrowing the PRS down to a specific area of interest in comparison to
general disorder-specific PRSs. From the Synpatic Gene Ontologies database we included
1,105 genes involved in synaptic functioning and merged them with 617 genes obtained from
KEGG. This resulted in a list of 1,492 unique genes (corresponding to ~5,900 and ~3,300
variants for SCZ and BD, respectively), which were then used for the extended excitability
PRS calculation.

Statistical Analyses
The statistical analyses were performed in R version 3.6.1 (R Core Team, 2019). We
investigated H1 using a linear regression analysis, H2 using a repeated-measures analysis of
variance (ANOVA), and H3 and H4 using a Kruskal-Wallis test on the slope values that were
z-transformed and pre-residualized for age and sex. Finally, we addressed hypothesis H5 with
linear regression models between the different PRSs (i.e., both core and extended excitabilityspecific PRSs for SCZ or BD and the disorder specific SCZ- and BD-PRS) and the EEGbased excitability index in HC. Unless otherwise specified, all prior assumptions were met.
Alpha level was corrected for multiple testing via Bonferroni correction, unless otherwise
specified. Both p-values and Cohen’s d or R2 are reported where appropriate. Cohen’s d
between 0.2 and 0.5 are considered small, between 0.5 and 0.8 medium and > 0.8 large effects
(Cohen, 1992). In a similar manner are R2 between 0.01 and 0.09 considered small, between
0.09 and 0.25 medium and > 0.25 large (Cohen, 1992). The effect sizes were either obtained
through the statistical analysis in R or subsequently calculated (Lenhard & Lenhard, 2016).
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Results
Effect of Age and Spatial Location on Excitability
We investigated the relationship between the estimations of the 1/f slopes and age in
HC with a linear regression. We found a significant negative relationship between age and 1/f
slope (b = -0.006, t(250) = -7.98, p < .001; see Figure 5). The variance of slope explained by
age was R2 = 0.204 (R2Adj = 0.201, F(1,250) = 63.95, p < .001).

Figure 5. Relationship Between 1/f Slope and Age in Healthy Controls. This plot shows the
relationship between the mean slopes and age in healthy controls, including the regression
line with 95% confidence interval.
In order to test for spatial effects on the slope in HC, we extracted a set of nine
channels representing the anterior-to-posterior as well as left-to-right dimension, i.e., F3, Fz,
F4, C3, Cz, C4, P3, Pz, and P4. We used these two dimensions as factors in a factorial
repeated-measures ANOVA. Figure 6 illustrates the distribution of the slop values across the
scalp as well as the channels used for this analysis. The slope values were significantly nonnormal in all factor combinations, all p < .05, and the assumption of sphericity was violated
for both the anterior-to-posterior factor as well as the interaction between the anterior-toposterior and left-to-right factors (W = 0.73, p < .001 and W = 0.63, p < .001, respectively).
We therefore used the Greenhouse-Geisser corrected statistics for those analyses.
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Figure 6. Topographical Plot of the 1/f Slope Values. Topographical plot showing the mean
slope values of the healthy controls across the scalp, ranging from 1.2 to 1.65. The circles
mark the channels used in the repeated-measures ANOVA, i.e., F3, Fz, F4, C3, Cz, C4, P3,
Pz, and P4 (from left to right and anterior to posterior). Darker colors represent a flatter
slope, lighter colors a steeper slope (scale ranges from 1.1 to 1.7; Crameri, 2018).

Concerning spatial location of the channels, the repeated-measures ANOVA revealed
significant main effects of both left-to-right and anterior-to-posterior location on the slope,
(F(2, 502) = 395.62, p < .001, generalized η2 = 0.101, corresponding to d = 0.66, and F(2,
502) = 55.95, p < .001, generalized η2 = 0.022, corresponding to d = 0.3). Post-hoc tests
revealed significant differences between all three levels of the left-to-right factor (i.e., left (M
= 1.4), midline (M = 1.59), and right (M = 1.37), all p < .001). We also found significant
differences between all three levels of the anterior-to-posterior factor (i.e., frontal (M = 1.41),
central (M = 1.44) and parietal (M = 1.52), all p < .01).
There was furthermore a significant interaction effect between left-to-right and
anterior-to-posterior location (F(2, 1004) = 15.35, p < .001, generalized η2 = 0.006, d = 0.16).
The Bonferroni-corrected p-values for the post-hoc tests are shown in Table 4. We found no
significant differences between left-frontal and left-central, left-frontal and right-frontal or
right-central locations, between any of the midline anterior-to-posterior locations, between
left-parietal and right-parietal and between right-frontal and right-central location.
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Table 4
Spatial Location: Pairwise t-tests Interaction Effects
L-F

L-C

L-P

M-F

M-C

M-P

R-F

L-C

.39

L-P

<.001

<.001

M-F

<.001

<.001

<.001

M-C

<.001

<.001

<.001

1.00

M-P

<.001

<.001

<.001

1.00

1.00

R-F

1.00

<.001

<.001

<.001

<.001

<.001

R-C

1.00

.008

<.001

<.001

<.001

<.001

1.00

R-P

<.001

<.001

1.00

<.001

<.001

<.001

<.001

R-C

<.001

Note. This table displays the Bonferroni-corrected p-values of the post-hoc tests
investigating the interaction effect between the left-to-right and the anterior-to-posterior
factor. The first letter indicates the level of the left-to-right factor, the second letter
indicated the level of the anterior-to-posterior factor. L = left, M = midline, R = right, F =
frontal, C = central, P = parietal.

Group Differences in Excitability
The 1/f slopes in the BD group as well as the HC group were significantly nonnormally distributed (W = 0.92, p = .019, and W = 0.95, p = .032, respectively). Furthermore,
the assumption that the variances of the slopes are equal among the three groups was violated
(F(2,147) = 6.09, p = .003). We thus z-transformed the slope values and residualized the
resulting values for sex and age. The distributions of the adjusted slope values in the different
groups is shown seen in Figure 7.
As the corrected slope values were still not normally distributed in the BD group (W =
0.92, p = 0.009) and homogeneity of variances was not given (F(2, 147) = 5.05, p = 0.008),
we conducted a Kruskal-Wallis test to investigate possible group differences. We found a
significant effect of groups on the slope values (H(2) = 7.76, p = 0.021, calculated from this d
= 0.404, mean rank slope of 73.09 for SCZ, 60.92 for BD and 84.4 for HC). Post-hoc tests
comparing the mean ranks between the groups revealed significant lower slope values in BD
(Madjusted = -0.34) compared to HC (Madjusted = 0.11; difference = 23.48, critical difference =
20.36), while none of the other groups differed significantly (see Table 5).
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Figure 7. Boxplot and Violin Plot of the 1/f Slope in the Three Groups. This plot displays
the distribution of the z-transformed mean 1/f slope values adjusted for sex and age in the
three different groups, i.e., HC, SCZ, and BD. *p < .05.

Table 5
Group Comparisons: Results Post-Hoc Tests
Groups

Observed Difference

Critical Difference

HC-SCZ

11.31

21.29

HC-BD

23.48

20.36

BD-SCZ

12.16

24.07

Note. This table displays the results of the post-hoc tests conducted in order to investigate
the differences between the three groups. All critical differences were obtained at an α =
0.05, which was corrected for multiple testing.

Polygenic Risk Scores and Excitability
The genetic data from the participants came from different genotyping batches and the
PRSs were calculated per batch. As each of the batches consists of a slightly different
composition of patients and controls, this can lead to distortions in the PRS estimations. We
therefore normalized the PRSs in each batch by subtracting the median PRS of the HC in that
batch from each individual score. The resulting distribution of the general SCZ- and general
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BD-PRS in all three groups is shown in Figure 8, the distributions of the excitability-specific
PRSs are shown in Supplementary Figure 2 and 3.

Figure 8. Boxplots of the SCZ- and BD-PRS Distributions. These plots display the
distributions of the disorder PRSs in both SCZ (n = 24), BD (n = 36) and HC (n = 190).
Individuals with SCZ had significantly larger BD-PRS than HCs. *p < .05.

Prior to the analyses on the PRSs and the 1/f slopes, we investigated the differences in
disorder PRSs between the three groups of participants included in this study. We applied
Kruskal-Wallis tests as the assumptions for an ANOVA were violated (see Supplementary
Analysis 2). We found a significant difference for the BD-PRS between SCZ and HC (H(2) =
8.42, p = 0.015, difference = 42.63, critical difference = 37.5), but no group differences for
the SCZ-PRS (H(2) = 4.77, p = .092). As the group sizes are very small in this sample, we
repeated the investigation of differences in disorder PRSs between the groups in all available
datasets at NORMENT consisting of 1.051 HC, 363 BD, and 375 SCZ (an overview of the
distributions of the core disorder PRSs in all available datasets are shown in Supplementary
Figure 4). We found significant differences in SCZ-PRS (H(2) = 173.61, p < .001), and
significant differences in BD-PRS (H(2) = 107.93, p < .001). Post-hoc tests revealed
significant differences between all three groups for the SCZ-PRS and between HC and the
two patient groups for the BD-PRS (all p < .05). This served as a proof of principle and
allowed us to assume that the PRSs were computed appropriately. For the regression analyses
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connected to the slope values, we only included the PRSs from HC from whom we also had
available rs-EEG data (n = 190).
In order to investigate the relationship between the different PRSs we conducted
multiple regression analyses. We included both the age at the EEG recording as well as sex,
the genetic batch number and the first two genetic principle components in the regression
models, as those variables can affect the 1/f slope values or PRSs.
Investigating the relationship between the general SCZ-PRS and the 1/f slope
including the above mentioned covariates, we found our model to be significant (F(6,183) =
8.47, R2 = 0.217, R2Adj = 0.192, p < .001). We found no significant influence of SCZ-PRS
(t(183) = -1.1, p = .273, see Supplementary Table 1). Also, the model comparing the core
excitability SCZ-PRS to the 1/f slope was significant (F(6,183) = 8.33, R2 = 0.214, R2Adj =
0.189, p < .001). We found no significant influence of the core excitability SCZ-PRS (t(183)
= 0.73, p = .468, see Supplementary Table 2). The model including the extended excitability
SCZ-PRS explained a significant amount of the variance of the mean slope (F(6,183) = 8.24,
R2 = 0.213, R2Adj = 0.187, p < .001). We did not find a significant effect of the extended
excitability SCZ-PRS (t(183) = 0.37, p = .714, see Supplementary Table 3).
The linear regression model testing the general BD-PRS explained a significant
amount of the variance of the mean slope (F(6,183) = 8.23, R2 = 0.213, R2Adj = 0.187, p <
.001), but showed no significant effect of the BD-PRS (t(183) = -0.28, p = .783, see
Supplementary Table 4). Also, for the core excitability BD-PRS, the linear regression model
was significant (F(6,183) = 8.34, R2 = 0.215, R2Adj = 0.189, p < .001), but there was no
significant effect of the BD core excitability PRS (t(183) = -0.76, p = .447, see Supplementary
Table 5). Finally, investigating the extended excitability BD-PRS we found our model to be
significant (F(6,183) = 8.22, R2 = 0.212, R2Adj = 0.186, p < .001), but we found no significant
effect of the extended excitability BD-PRS (t(183) = 0.04, p = .970, see Supplementary Table
6). In all models, we found a significant effect of age (t(183) = -0.01, standardized β between
-0.455 and -0.442, p < .001).
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Discussion
Our aim in this study was to investigate a cortical excitability index based on rs-EEG
data in HC and patients with SCZ or BD. Abnormal excitability has been proposed in both
SCZ and BD and might reflect a common biological basis of the different etiological
hypotheses of the disorders (see e.g., Devor et al., 2017; Stahl et al., 2019). To index
excitability, we used the FOOOF algorithm (Haller et al., 2018), which is a novel model
aiming at parametrizing amongst others the 1/f slope of the PSD of EEG data, which
putatively reflects the excitability (Molina et al., 2020; Gao et al., 2017). The novelty of the
method contributed to both opportunities and uncertainties. In the first part of this study, we
therefore aimed to replicate previous findings related to age and spatial location in order to
verify the implementation of the method and its reliability (H1 and H2). The second part of
this study aimed at investigating putative differences in excitability, as reflected in the 1/f
slope, between patients with SCZ or BD and HC (H3), as well as differences between patients
with SCZ and patients with BD (H4). In addition, we aimed at investigating the relationship
between the 1/f slope and the disorder-specific general and excitability-related PRSs for SCZ
and BD in HC (H5). This allowed us to investigate the relationship between genetic risk for
the disorders and the 1/f slope while avoiding possibly confounding factors such as
medication or illness duration present in the patient groups.
Until recently, excitability has not been easy to parametrize in vivo in humans, as the
methods were limited to invasive approaches (Haider et al., 2006; Peyrache et al., 2012) or
relied on deducing excitability from indirect EEG measures, e.g., from the degree of
habituation of the auditory evoked potentials (Ethridge et al., 2016). Based on the differing
properties of excitation and inhibition concerning their rise and fall time, Gao et al. (2017)
proposed that E/I balance is in fact reflected in the 1/f slope of the PSDs. Building on this
assumption, the investigation of excitability is possible in a more direct manner in EEG
recordings, namely by estimating the 1/f slope of the PSD. This we utilized in our study. For
the estimation of the 1/f slope we used the novel FOOOF algorithm, which separates the
aperiodic and the periodic parts of the PSD (Haller et al., 2018). As mentioned is this
approach novel, and we therefore aimed to verify our application through the replication of
previous results.
In our study, we showed that FOOOF is sensitive to inter- and intraindividual
differences and yields reliable results compared to previous studies in HC. We replicated the
previously described negative relationship between age and 1/f slope of the PSD in task EEG
data (Dave et al., 2018; Voytek et al., 2015) in our sample of HC utilizing rs-EEG. This
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supports the notion that the estimation of the 1/f slope is also reliable in the absence of tasks,
as it was shown in, e.g., Robertson et al (2019). Our findings suggest that as much as 20% of
the variance in the 1/f slope values can be accounted for by age in our sample. As the 1/f
slope can be seen as an index of cortical excitability, this relationship indicates a greater
excitability with increasing age, which previously has been associated with aging-related
cognitive decline (Dave et al., 2018; Voytek et al., 2015). Increased excitability and thus more
spontaneous activity can negatively affect the signal-to-noise ratio (Rubenstein & Merzenich,
2003), which Voytek et al. (2015) discuss as one substrate for cognitive decline in aging.
We also found significant differences in the 1/f slope at different spatial locations
using the HC sample. Our findings suggest medium effects of the anterior-to-posterior as well
as the left-to-right factor and a small interaction effect. In particular, we found steeper slopes
at parietal channels compared to central or frontal channels, significantly steeper slopes at the
midline (left-to-right factor), and significantly steeper slopes left than right, providing
evidence that the level of excitability is varying across the cortex. This is in accordance with
Mdanda et al. (2018), who found tendencies of higher slopes at the midline (left-to-right
factor) and brings up further evidence concerning more detailed spatial differentiations in the
1/f slope. This suggests that excitability may not be at one certain level for all cortical regions
but rather at slightly varying levels putatively according to the best level for a certain region.
But further research will be necessary to confirm this. In the discussion about the dimensional
effects, it is also important to keep in mind that the effect sizes were small to medium, which
in turn can be interpreted as an overall quite stable excitability. As such, there was no extreme
hypo- or hyperexcitability present at the different spatial locations.
Overall, the findings concerning the effect of age and spatial location suggest that the
FOOOF algorithm is a promising approach to parametrize the 1/f slope and provides reliable
results. This served as a basis to conduct our further analyses concerning alterations of the
excitability index in SCZ or BD. Concerning the main hypothesis of abnormal 1/f slope
values in SCZ and BD, we found evidence for altered values in the latter. Specifically, we
found significantly lower slope values, i.e., indicating higher excitability, in BD compared to
HC when controlling for age and sex, though the effect size of the group difference was small.
An increased excitability in BD is consistent with findings from iPSC-derived neurons from
BD patients, which were found to be hyperexcitable and normalized through lithium (Mertens
et al., 2015; Stern et al., 2018). This hyperexcitability is in accordance with etiological
theories of BD suggesting altered signaling, which is normalized through lithium treatment
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(Berridge et al., 1989; Warsh et al., 2004). As we did not control for medication, we cannot
rule out that use of psychotropic drugs influenced the 1/f slope in the BD group.
We did not find a significant difference in the 1/f slope between SCZ and HC, which
was unexpected as we hypothesized abnormal 1/f slope values in SCZ compared to HC. This
was based on previous findings suggesting altered excitability and respectively 1/f slope in
SCZ (Molina et al., 2020; Peterson et al., 2017; Wobrock et al., 2007). On a speculative basis,
our results show a tendency of reduced 1/f slope values in SCZ (Madjust = -0.09) compared to
HC (Madjust = 0.11), but this effect was not significant (difference = 11.31, critical difference =
21.29). This tendency of reduced 1/f slope in SCZ would be in contrast to Molina et al. (2020)
and Peterson et al. (2017) who reported increased slopes in SCZ patients. These inconsistent
findings might be due to differing sample compositions as we did not group the patients
according to, e.g., illness duration or medication, whereas Peterson et al. (2017) only included
relatively recent-onset SCZ patients. In contrast, our findings show a tendency which would
be in accordance with some previous studies utilizing TMS and reporting increased excitation
in motor cortical regions (see Wobrock et al., 2007 for an overview). But these speculations
have to be considered with caution, as we did not find significant differences in SCZ
compared to HC and contrasting results have been reported in TMS studies (Wobrock et al.,
2007).
There was no significant difference between SCZ and BD, which is in accordance to
our expectations and in line with the close relationship between SCZ and BD both in concern
of genetics as well as symptoms (Lee et al., 2013; Owen et al., 2016; Purcell et al., 2009;
Ruderfer et al., 2018). However, this finding is difficult to interpret in the light of the nonsignificant difference between SCZ and HC, as we cannot discuss an increased excitability in
both disorders. A possible explanation for these findings might be the smaller group size in
the SCZ group (n = 35) compared to the BD group (n = 40), though this difference is not too
large. Another reason might be the heterogeneous nature of the schizophrenia spectrum
disorders which we grouped together for this analysis, as well as the range of different
symptom severity in our sample. The bipolar spectrum disorders do also encompass a large
heterogeneity and the symptoms also varied between the BD patients, yet here we found
significant effects. This in turn can be interpreted in different ways.
These diverging results might be due to a unique or generally larger effect for BD
compared to SCZ, however in light of previously described excitability abnormalities in SCZ
this might be considered unlikely. On the other hand, it might be that the same direction of
effect was present in BD despite the heterogeneity of the spectrum. On the contrary, there
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might be opposing effects present in different subgroups or illness phases in SCZ. Lastly, it
might be that a comparatively large effect of one subgroup, e.g., BD I, or a particular illness
phase drove the group effect discovered here, whereas there were no effects in the other part,
e.g., BD II, or other illness phases. This notion might be supported by the fact that studies on
iPSC, which form part of the background suggesting altered excitability in BD, have focused
on BD I patients (Mertens et al., 2015; Stern et al., 2018). An alternative interpretation can be
drawn from the finding that the hyperexcitablility in iPSC-derived neurons was normalized
through lithium treatment in iPSD-derived neurons from lithium-responsive patients (Mertens
et al., 2015; Stern et al., 2018). This might suggest that the hyperexcitability we find in our
sample of BD could be driven by non-medicated patients.
Based on our finding of altered excitability in BD, we can assume that the 1/f slope as
parametrized with FOOOF is sensitive to potential differences between patients and HC. In
order to investigate the relationship between the genetic underpinnings of the disorders and
the 1/f slope, we included analyses of PRSs. Concerning our investigation of the genetic data,
we found no significant associations between the different PRSs and the 1/f slopes in HC
when controlling for age, sex, batch number and the first two genetic principle components.
The last two variables allowed us to control for batch effects arising from the genotyping and
effects of population variations, respectively. Though the models were significant, age
seemed to be the driving force in all of them (standardized β between -0.455 and -0.442, all p
< .001), while the contributions of the PRSs were small and non-significant (standardized β
between -0.079 and 0.024, all p > .05). As described earlier, aimed this approach to shed light
on the relationship between the genetic basis of the disorders and the 1/f slope while
excluding confounding influences connected to the course of illness. It is furthermore
important to refer to what the disorder PRSs actually represent, which is risk for disease. We
included the excitability specific PRSs as we assumed a putatively stronger association
between the PRSs focused on specifically relevant gene regions for the phenotype of interest,
i.e., excitability.
The lack of a significant association between the investigated PRSs and the
excitability index may suggest that there is no correlation between the genetic underpinnings
of the two investigated disorders and the 1/f slope. This interpretation might seem unlikely in
the light of our finding of significantly lower 1/f slopes in BD in the group analysis. One
would at least expect a correlation between BD-PRS and the 1/f slope. But other reasons
could account for this finding as well.
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Firstly, the sample of HC used in the PRS analyses might have been too small, which
could have underpowered our analyses and prevented us from finding possibly small
relationships between, e.g., BD-PRS and the excitability index. As such, the range of the
PRSs might have been limited in the HC sample. This might be reflected in our finding that
the core disorder PRSs did not differ significantly in most of the group comparisons in our
sample of participants with available rs-EEG.
Secondly, it might suggest that changes in excitability only emerge with the onset of
the disorder or that they are associated with high-risk state and are not part of the etiological
underpinnings of BD. This might be due to a range of factors, which this study cannot
disentangle. Some abnormalities in EEG measures have previously been shown to mainly be
associated with disorder onset or high-risk state, e.g., the attenuation of the mismatch
negativity in SCZ (Erickson, Ruffler, & Gold, 2016). As our sample of HC mainly focused on
the age range which lays after the typical onset of the disorders, i.e., adolescence and early
adulthood (Harrison et al., 2018; Owen et al., 2016), high-risk individuals are most likely not
present or at least under-represented in our HC sample. Further studies will be needed to
investigate these possibilities.

Limitations
There are a few limitations that should be mentioned. Firstly, an automated
preprocessing pipeline as employed here does not only bring the advantage of objectivity and
efficiency with regard to large sample sizes, but treating all datasets in the same way comes
with the disadvantage of putatively suboptimal decisions in single cases. As such, the criteria
for the exclusion of ICs have most definitely lead to more and less ideal artifact rejection
across the different datasets. Also, employing the relatively new ICLabel gave us little
guidelines concerning the thresholds, which might improve in the future when more studies
have used this algorithm. Despite these downsides, the advantage of preprocessing a large
sample objectively made us chose an automated pipeline.
Secondly, grouping the disorders together as schizophrenia and bipolar spectrum
disorders might have led to summarizing potentially opposing effects of patient subgroups
and thereby the cancelation of group differences. As the group sizes of the participants with
disorders were limited, a further separation into the subgroups was not feasible in this study.
This should be addressed in future studies with larger sample sizes. Additionally, factors such
as illness duration, medication and severity of symptoms might also influence the investigated
relationship and should be addressed in future studies.
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Lastly, due to the inclusion methods for the healthy controls and patients, there is most
definitely a selection bias present in our sample (Hernán, Hernández-Díaz, & Robins, 2004).
In case of the patients, this might be due to the fact that they are generally quite wellfunctioning when they get referred from their practitioners and might therefore not represent
the general patient population. This could lead to a limited generalizability of the results.
There is therefore need for studies aiming at replicating the results in different samples
including more severely affected patients.

Conclusion and Future Prospects
In summary, we have replicated previous findings concerning age and spatial effects
on the 1/f slope and thus validated the application of the FOOOF algorithm in a new sample.
As such represents the application of FOOOF on EEG data a promising approach to
investigate excitability non-invasively and with relatively little effort. This allows to index
excitability in a large number of datasets that are already available and opens up the
opportunity of assessing excitability in short rs-EEG recordings. The found differentiated
pattern of the 1/f slope values at different spatial locations in our sample of HC may
furthermore suggest different levels of excitability across the cortex. In addition, we found
evidence towards hyperexcitability in BD, which is in accordance to previous findings and
strengthens the hypothesis of altered excitability being involved in the disorder. Concerning
SCZ we can only speculate about altered excitability, as our findings were not significant.
There might be a trend towards increased excitability in SCZ, which in turn would partly be
in contrast to previous findings. We found no significant correlation between the different
PRSs employed in this study and the excitability index, something that could hint towards the
emergence of abnormal excitability in BD after disease onset or towards an underpowered
analysis.
Further investigations are needed to clarify the found spatial differences of excitability
and to broaden the understanding of the involvement of altered cortical excitability in SCZ
and BD and resolve the contradicting findings. As such, investigations including factors like
illness duration, symptom severity and medication as well as a more differentiated
investigation of the different disorders within the schizophrenia and bipolar spectrum and
larger sample sizes might help achieving this goal. Also, with regard to the PRS
investigations, a larger sample size might help bringing forward the understanding of the
relationship between genetic factors associated with the disorders and excitability.
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Supplementary Figures

Supplementary Figure 1. Location of the 64 Scalp Electrodes plus 4 External Electrodes.
This figure shows the location of the 64 scalp electrodes and 4 external electrodes located
around the eyes (i.e., LO1, LO2, SO1, and IO1). Not shown here are the locations of the
electrodes located below the right eye and the ones on the right clavicle and the left iliac
crest.

Supplementary Figure 2. Boxplot of the BD Excitability PRSs. This figure displays the
distribution of the core and extended excitability BD PRSs in all three groups, i.e., SCZ (n
= 24), BD (n = 36), and HC (n = 190). *p < .05.
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Supplementary Figure 3. Boxplot of the SCZ Excitability PRSs. This figure displays the
distribution of the core and extended excitability SCZ PRSs in all three groups, i.e., SCZ (n
= 24), BD (n = 36), and HC (n = 190). *p < .05.

Supplementary Figure 4. Boxplot of the SCZ- and BD-PRS in the total NORMENT
sample. This figure displays the distribution of the SCZ- as well as BD-PRS in the total
sample of HC (n = 1,031), SCZ (n = 375) and BD (n = 367) with available genetic data. *p
< .05.

43

Supplementary Figure 5. Boxplot and Violin Plot of the Slope Distribution in the Different
Groups. This plot displays the distribution of the slope values for the three different groups
using the whole HC sample (n = 252), i.e., HC, BD, SCZ.
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Supplementary Tables
Supplementary Table 1
Multiple Regression SCZ-PRS and Mean Slope
B

SE B

β

p

Constant

1.874

0.147

-

< .001

SCZ-PRS

-292.2

265.5

-0.079

.273

Age

-0.007

0.001

-0.455

< .001

Sex

-0.055

0.036

-0.101

.129

Genetic PC1

-1.889

7.472

-0.017

.801

Genetic PC2

0.782

3.65

0.015

.831

Batch

-0.016

0.04

-0.026

.691

Note. This table displays the results of the multiple linear regression model predicting the
mean slope value through SCZ-PRS, age, sex, PC1, PC2 and batch number. PC = principal
component.

Supplementary Table 2
Multiple Regression SCZ core excitability PRS and Mean Slope
B

SE B

β

p

Constant

1.863

0.147

-

< .001

SCZ exc. PRS

51.372

70.57

0.049

.468

Age

-0.007

0.001

-0.442

< .001

Sex

-0.053

0.036

-0.097

.144

Genetic PC1

-4.261

7.403

-0.038

.566

Genetic PC2

-0.576

3.452

-0.011

.868

Batch

-0.017

0.04

-0.028

.681

Note. This table displays the results of the multiple linear regression model predicting the
mean slope value through SCZ core excitability PRS, age, sex, PC1, PC2 and batch number.
PC = principal component.
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Supplementary Table 3
Multiple Regression SCZ extended excitability PRS and Mean Slope
B

SE B

β

p

1.86

0.147

-

< .001

SCZ ext. exc. PRS

37.011

100.826

0.024

.714

Age

-0.007

0.001

-0.443

< .001

Sex

-0.054

0.036

-0.099

.139

Genetic PC1

-3.717

7.36

-0.034

.614

Genetic PC2

-0.579

3.457

-0.011

.867

Batch

-0.015

0.04

-0.025

.710

Constant

Note. This table displays the results of the multiple linear regression model predicting the
mean slope value through the SCZ extended excitability PRS, age, sex, PC1, PC2 and batch
number. PC = principal component.

Supplementary Table 4
Multiple Regression BD-PRS and Mean Slope
B

SE B

β

p

Constant

1.811

0.139

-

< .001

BD-PRS

-54.197

196.044

-0.020

.783

Age

-0.007

0.001

-0.446

< .001

Sex

-0.054

0.036

-0.099

.137

Genetic PC1

-3.405

7.358

-0.031

.644

Genetic PC2

-0.127

3.772

-0.002

.973

Batch

-0.016

0.04

-0.027

.700

Note. This table displays the results of the multiple linear regression model predicting the
mean slope value through BR-PRS, age, sex, PC1, PC2 and batch number. PC = principal
component.
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Supplementary Table 5
Multiple Regression BD excitability PRS and Mean Slope
B

SE B

β

p

1.814

0.138

-

< .001

BD exc. PRS

-34.807

45.702

-0.051

.447

Age

-0.007

0.001

-0.451

< .001

Sex

-0.057

0.036

-0.105

.116

Genetic PC1

-3.564

7.334

-0.032

.628

Genetic PC2

-0.492

3.452

-0.009

.887

Batch

-0.015

0.04

-0.026

.703

Constant

Note. This table displays the results of the multiple linear regression model predicting the
mean slope value through BR core excitability PRS, age, sex, PC1, PC2 and batch number.
PC = principal component.

Supplementary Table 6
Multiple Regression BD extended excitability PRS and Mean Slope
B

SE B

β

p

Constant

1.863

0.147

-

< .001

BD ext. exc. PRS

2.654

69.44

0.003

.970

Age

-0.007

0.001

-0.445

< .001

Sex

-0.055

0.036

-0.101

.132

Genetic PC1

-3.552

7.365

-0.032

.630

Genetic PC2

-0.564

3.496

-0.011

.872

Batch

-0.015

0.04

-0.026

.707

Note. This table displays the results of the multiple linear regression model predicting the
mean slope value through BR extended excitability PRS, age, sex, PC1, PC2 and batch
number. PC = principal component.
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Supplementary Analyses
Supplementary Analysis 1: Group differences using whole HC sample
The assumptions of homogeneity of variance was violated (F(2,324) = 3.45, p =
0.033) and the slopes were non-normally distributed in the BD group (W = 0.93, p = .019).
We thus z-transformed and pre-residualized the slope values using a linear model including
age and sex. As the assumption of homogeneity of variances was still violated (F(2,324) =
5.68, p = .004) and the slopes were significantly non-normally distributed in the BD group (W
= 0.93, p = .016) we conducted a Kruskal-Wallis test instead of an ANOVA. There were no
significant differences between the groups (H(2) = 4.6, p = .1, mean rank slope of 162.71 for
SCZ, 134.4 for BD and 168.88 for HC). The distribution of the adjusted slopes in the three
groups including all HC (n = 252) can be seen in Supplementary Figure 5.

Supplementary Analysis 2: Group Differences of Disorder PRSs
For the BD-PRS homogeneity of variances not given (F(2,247) = 8.95, p < .001), and
the distribution was significantly non-normal in all groups (HC: W = 0.94, p < .001; BD: W =
0.91, p = .008; SCZ: W = 0.83, p = .001). Also, for the SCZ-PRS homogeneity of variances
not given (F(2,247) = 4.17, p = .017) and the distribution in the BD group was significantly
non-normal (W = 0.93, p = .029). Results of Kruskal-Wallis test are shown above.

Supplementary Analysis 3: Sex differences in slope
As an exploratory analysis, we investigated possible sex differences concerning the
slopes in the HC group. The distributions of the slopes were normal in both the female and
male group. We found no significant difference of the mean slopes between female and male
participants (t(206.81) = 1.84, p = .067).
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