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Abstract

Functional neurological disorders (FND) comprise the appearance of diverse neurological
symptoms without an underlying classical neurological condition. “Medically unexplained
neurological symptoms” have been stigmatized for a long time, and patients were often not
been taken serious in their suffering. As historically FND has often been explained as a
psychogenic disorder, underpinning the importance of psychological stress, contemporary
models aim at integrating a multifactorial origin of FND by means of a biopsychosocial or
stress-diathesis model unifying neuroscientific, psychological, and biological concepts in FND.
Nowadays, FND is considered a neuropsychiatric disorder, and various risk factors could be
identified, reliable clinical signs have been validated, and successful treatment options have
been developed. Notwithstanding the enormous effort that has been devoted to identifying why
and how FND develops, a satisfactory model of underlying pathophysiological mechanisms of
FND remain elusive, and thus, objective biomarkers are lacking.

To fill this gap, this thesis aimed at connecting the questions on wiy and how FND emerges
by studying the neurological, psychological, and physiological aspects of stress and unifying
them within the context of a stress-diathesis model for FND. As such, potential biomarkers are
investigated, and novel concepts of potential pathophysiological mechanisms are discussed.

First, the robustness and generalizability of resting-state functional magnetic resonance
imaging (fMRI) was tested and evaluated in a multi-centre setting, as this has previously been
suggested to serve as a potential positive imaging-based biomarker for FND. Second, stress
biomarkers were examined and how they potentially relate to psychological and neurological
correlates of FND. Third, large-scale functional brain network dynamics and their possible
implication in the clinical presentation of symptoms were analysed.

The findings presented in this thesis demonstrate the applicability as well as the persisting
technical limitations of resting-state fMRI as an imaging-based biomarker for FND. Further, it
could be shown that FND patients have a flattened cortisol awakening response — a common
biomarker for psychosocial stress — which was associated to emotional neglect as a precipitating
risk factor for FND. Moreover, volumetric brain alterations have been identified in FND and
their hypothetical role as predisposing factor was discussed. Lastly, distinct dynamic functional
alterations encompassing the salience and limbic network were identified in FND patients,
which appeared to correlate with symptom severity and stress biomarkers.

To conclude, the findings are discussed in the context of pre-existing pathophysiological
models for FND and introduce novel points of view. Furthermore, the limitations of this work
are thoroughly evaluated, and future directions and their applications are addressed. Lastly, the
clinical importance and contribution to the field is comprehensively highlighted.

Altogether, the findings presented in this thesis support and expand previous literature by
1) demonstrating the predictive power of imaging-based biomarkers, 2) identifying potential
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abnormalities in the biological stress axis within a standardized setting and discussing their
novelty in the framework of the stress-diathesis model, and 3) firstly adopting a spatio-temporal
network analysis in FND and reflecting on its neurophysiological relevance. In summary, this
thesis supports a stress-diathesis model of FND and highlights potential psychological,
neurological, and physiological attributes in the pathophysiological mechanisms of FND.
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CHAPTER 1

General Introduction



1.1. Functional neurological disorders

Functional neurological disorder (FND; conversion disorder; historically referred to as
hysteria) is a debilitating and common neurological condition at the crossroads between
neurology and psychiatry. Across the different subtypes of FND, patients often present with
various neurological symptoms such as motor symptoms (e.g., tremor, weakness, gait disorder),
sensory symptoms, psychogenic non-epileptic seizures (PNES), functional cognitive disorder,
or persistent perceptual postural dizziness (Bennett et al., 2021; Hallett et al., 2022; Stone and
Carson, 2015). In addition, patients can present with substantive symptom overlaps with a
comorbid neurological disorder (e.g., stroke, multiple sclerosis, Parkinson’s disease) and
develop different symptoms throughout the course of their disease (Mckenzie et al., 2011).
Amongst others, typical hallmark of functional neurological symptoms are inconsistency during
distraction (Espay and Lang, 2015) or variability of the symptoms during neurological
examinations (Hallett, 2015), paroxysmal akinesia or hyperkinesia (Espay et al., 2018a), or
sensory loss unrelated to the dermatome map of innervation (Stone and Vermeulen, 2016). The
symptoms, however, cannot be explained by traditional neurological diseases (Espay et al.,
2018a) and were often categorized to as medically unexplained (Stone et al., 2009b). The
symptoms, however, appear to be the product of underlying functional brain alteration (Drane
et al., 2020; Perez et al., 2021), of which traditionally a psychogenic origin has been attributed
(Kanaan and Craig, 2019). Nonetheless, the exact underlying pathophysiological mechanism
remains unidentified (Voon et al., 2016).

Despite of ‘functional/psychological’ being the second most common diagnosis in
outpatient neurology clinics in the UK (J. Stone et al., 2010a), patients often undergo multiple
time- and cost-consuming tests (Stephen et al., 2021) and clinical examinations to rule out an
underlying organic lesion, neurological diseases, or other comorbid conditions (Espay et al.,
2009; LaFaver et al., 2020). Even though accurate diagnostic criteria are nowadays well
established (Bennett et al., 2021; Daum et al., 2015), clinicians themselves are still afraid of
misdiagnosing patients (Walzl et al., 2019), suspect feigning (MacDulffie et al., 2021), or simply
do not feel comfortable of addressing FND as a ‘psychogenic’ diagnosis to their patients
(Kanaan et al., 2009). In addition, patients often suffer from comorbidities such as fatigue, pain,
as well as panic-, mood-, or anxiety disorders (Carson and Lehn, 2016). As a consequence,
neurologists often acknowledge the severity of the patients’ suffering, but do not feel
responsible for their psychological concerns, what would force them to work outside of their
field of expertise (Kanaan et al., 2009). On the contrary, patients feel insecure and not taken
serious (Crimlisk et al., 2000), which often worsens their symptoms, as then an early diagnosis
and corresponding treatment is often delayed (Gelauff et al., 2014).

The limited understanding of the pathophysiological mechanisms, the diverse symptom
presentations, the physical- and psychological comorbidities, the unbearable suffering of
patients, and the high socioeconomic burden highlight the need of advancing the understanding
of FND as a disorder but also its significance as a diagnosis.
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1.1.1. A historical view on functional neurological disorders

First records on FND predate 4000 years ago. Ancient Egyptians reported on convulsive
symptoms presumably caused by spontaneous movements of the uterus (Tasca et al., 2012).
Almost 2000 years later, Hippocrates — traditionally referred to as the father of medicine —
reported on symptoms similar to those nowadays observed in FND. Hysteria — as he called the
disease — was solely attributed to women caused by an unsatisfactory sexual life, which further
caused the uterus to migrate — resulting in convulsions, tremors, anxiety, or paralysis. As such,
the body part affected by the symptoms were explained as in where in the body the uterus was
roaming (King, 1993; Tasca et al., 2012).

During the 18" century, the work on Hysteria was resumed by Pierre Briquet who shifted
the aetiology of Hysteria away from female sexual frustration and towards a disease of the
nervous system. Briquet theorized that the symptoms resulted from the suffering of the part of
the brain responsible for emotional impressions and sentiments (Mai and Merskey, 1981).

In the late 19™ century, Jean-Martin Charcot — known for his exceptional work on Hysteria
— postulated that the symptoms might be produced by a dynamic neurological lesion triggered
by emotional trauma (Aybek, 2019; Harris, 2005). Moreover, he firstly confirmed male hysteria
(Harris, 2005). Research in FND took a turn as Sigmund Freud and Josef Breuer — founders of
psychoanalysis - defined FND as a disorder of a psychological origin. They assumed that the
repression of insufferable psychological-, or emotional distress from conscious awareness lead
to the expression as — or conversion into — bodily symptoms (Kanaan, 2016; Nemiah, 1996),
giving rise to the term conversion disorder. Moreover, these stressors were often assumed to be
of sexual or physical nature (Roelofs and Pasman, 2016).

As in the 20" century neurology and psychiatry were split in two distinct medical fields of
expertise (Baker et al., 2002) — and with its division separated the mind from the body — FND
was left behind in the ditch. Together with the traumatic aftermath of the world wars and their
relevance for medicine, neurologists simply lost their interest in FND, and research in the field
was put on hold (Fend et al., 2020). With the upcoming of functional magnetic resonance
imaging (fMRI) in the late 20" century, neurology and psychiatry were united again in FND,
which in turn regained its deserved attention in research (Raynor and Baslet, 2021). Suddenly,
intrinsic differences in brain function could be studied (Aybek and Vuilleumier, 2016) and a

new line of research developed trying to not only understand why but also Zow symptoms in
FND develops (J. Stone et al., 2010b).



1.2. Functional neurological disorders and stress: a
comprehensive view on why the symptoms develop

With Freud establishing FND as a psychogenic disorder, psychological stress or trauma
became a critical requirement for the diagnosis of FND. Consequently, high interest has been
devoted to study the role of psychological stress and trauma history in FND. Accordingly,
sexual abuse (Betts and Boden, 1992), together with physical abuse (Alper et al., 1993) was
firstly associated to PNES patients and to other FND subtypes (Roelofs et al., 2005, 2002;
Spinhoven et al., 2004). Moreover, they linked severity and frequency of childhood abuse to
symptom severity. Similarly, symptom onset and severity could be connected to recent adverse
social-occupational life events with a partial link to early childhood physical and sexual abuse
(Roelofs et al., 2005), highlighting the importance of type but also timing of trauma.

A substantial proportion of patients however, did not report on psychological stressors or
past trauma, and consequently their causal role in the development of FND had to be questioned
(Nicholson et al., 2011; Jon Stone et al., 2010). The diagnostic criteria for FND were thus
reformulated in the 5™ Edition of the Diagnostic and Statistical Manual of Mental Disorders
(DSM-5), shifting from psychological stress and trauma as a prerequisite to a precipitating risk
factor (American Psychiatric Association, 2013). Hence, the mind-body dualism of that
symptoms are either the result of a psychiatric disorder or a neurological disease was resolved
for FND (Cretton et al., 2020) and the disorder was newly defined a neuropsychiatric condition,
linking psychological stressors and trauma as a risk factor — and not a requirement anymore —
to the aetiology of FND. In this regard, recent models aim to integrate a multifactorial origin of
FND investigating the neuropathophysiological mechanisms by means of a biopsychosocial
model, unifying knowledge from neuroscience, psychology as well as biology to advance the
understanding of FND (Cretton et al., 2020; Keynejad et al., 2019).

1.2.1. The role of trauma in functional neurological disorders

Adverse (early) life events have recurrently been reported in FND (Kanaan and Craig,
2019; Karatzias et al., 2017; Reuber et al., 2007; Roelofs and Pasman, 2016), traditionally
highlighting the role of sexual (and physical) abuse during childhood. A recent meta-analysis
on 34 studies comparing traumatic life events in FND patients to those in HCs and psychiatric
control patients, indeed, confirmed an increased frequency of childhood and adult adverse life
events and abuse in FND patients, as compared to other psychiatric conditions. On the contrary,
it also highlighted once more the large number of patients who did not report on a particular
trauma history (ranging from 14 to 77% across 13 studies). Denial or a memory- or recall bias,
however, could not be excluded. Rather unexpectedly, the analysis also identified emotional
neglect to be much stronger associated with the development of functional neurological
symptoms, and thus weakened the dominating role of sexual abuse in the suspected aetiology
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of FND (Ludwig et al., 2018). Similarly, a systematic review on 133 studies identified physical
injury in 37% of the patients prior to symptom onset (Stone et al., 2009a). Interestingly,
physical trauma was associated with late-onset of FND, whereas early-onset was rather linked
to childhood sexual abuse (Morsy et al., 2021; Myers et al., 2021; Stone et al., 2009a).
Alongside with psychological stressors, physical injuries (and correspondingly, inflammatory
reactions) as precipitating risk factor opened the debate on how biology needs to be integrated
in the disease model of FND.

Functional- and structural imaging studies intensively investigated the relationship
between traumatic life events, symptom presentation and brain functional- and structural
abnormalities in FND. Aybek and colleagues were the first to link recall of autobiographic
traumatic memories to aberrant brain function in FND patients (Aybek et al., 2014a). While
recalling traumatic events with escape potential!, increased activity was found in the right
supplementary motor area (SMA), the right temporo-parietal junction (TPJ), and the left
dorsolateral prefrontal cortex (dIPFC). During the same condition, decreased activity was found
in hippocampal and parahippocampal regions. Moreover, post-hoc functional connectivity (FC)
analysis revealed an increased connectivity between the SMA and the left amygdala. The dIPFC
is involved in executive functions (Grier, 2005; Hoffmann, 2013) such as the cognitive
regulation of emotions (Dixon et al., 2017), and — together with the SMA (Nachev et al., 2008)
— involved in motor planning and selection of action sequences based on internal and external
cues. On the other hand, the hippocampal- and parahippocampal regions are essential for
declarative and episodic memories (Natu et al., 2019), whereas the amygdala is a key region
for emotion processing; Both regions are key hubs of the limbic network and amygdalar-
hippocampal circuits thus play a key role in emotion-associated memory processing (Yang and
Wang, 2017). Aybek and colleagues (Aybek et al., 2014a) could therefore firstly show that
memories of traumatic events directly affect brain function in FND patients. Namely, reduced
hippocampal activity might be a neural correlate of memory suppression, whereas the enhanced
connectivity between the amygdala and the SMA might reflect increased arousal to emotional
stress, which further modulates motor preparation and thus might represent a neural correlate
of physical symptom presentation in FND. Nevertheless, preliminary results on memory
suppression using a neuropsychiatric test battery did not reveal that patients suppressed
negatively valenced memories. An impairment in declarative emotional memory thus, could
not yet be identified in FND patients (Brown et al., 2014).

In a subsequent study, increased activity was found in the amygdala, the peri-acqueductal
gray (PAG) matter, the dIPFC, the SMA, and the cingulate cortex in response to negatively

! Escape potential in traumatic events refers to having a secondary gain of being ill (Feinstein, 2011). As
such, it is defined as the extent to which a subsequent disease after an adverse event might reduce the stressful
effect of the event itself. An exemplification of a traumatic event with escape potential describes when a spouse
threatens to divorce, and the subsequent illness of the individual might prevent the spouse from ending the
relationship.
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valenced (fearful and sad) faces (Aybek et al., 2015). Particularly via its connection to the
amygdala, the PAG is a key region involved in motor reactions towards threatening stimuli
(LeDoux et al., 1988). The results of these studies could once more link abnormal emotion
regulation to motor dysfunctions in FND patients. In a similar study setting, neural responses
to fearful and happy faces were compared between HC, functional- and essential tremor (Espay
et al., 2018c¢), as well as between HC, functional- and organic dystonia (Espay et al., 2018b).
Increased activity in the paracingulate cortex was found in functional tremor patients as
compared to HC, as well as reduced primary motor regions (i.e., precentral gyrus) activation as
compared to essential tremor. Moreover, decreased activity in motor regions as well as the
insula were found in functional dystonia patients compared to both groups. The insula is an
important hub of the salience network and involved in conscious and unconscious emotion
processing as well as emotional awareness and interoception (Gu et al., 2013). Emotional
awareness refers to the conscious (but also subconscious) processing of affective stimuli,
whereas interoception refers to the perception of the body’s state closely related to its emotional
state (Gu et al., 2013). Hereafter, these studies confirmed an emotional-stimulus dependent
alteration of brain networks involved in emotion processing as well as motor preparation and
execution.

Abnormal emotion regulation was firstly directly linked to motor output in patients in a
study in which the participants were asked to maintain a grip force while pleasant and
unpleasant images were shown (Blakemore et al., 2016). Differently than in HC, patients
showed an amplified force towards unpleasant images, together with increased activity in the
hippocampus and the posterior cingulate cortex (PCC). The PCC and the hippocampus are
thought to be involved in self-reflective behaviour (Brewer et al., 2013), and their aberrant
activity was attributed to enhanced evaluation of visual stimuli as emotionally relevant. To
recap, it was firstly shown that psychological stressors in patients might modulate voluntary
motor actions.

Further, an aberrant neural response of cortico-limbic structures to stress was found during
a psychosocial stress test, in which patients were asked to perform difficult math problems
under time pressure and receiving negative feedback on their performance. As such, this study
design allowed to directly observe brain function in response to acute stress situations. An
increased neural response to psychosocial stress was found in the dorsomedial prefrontal cortex
(dmPFC) and the left hippocampus, together with a reduced response in the dIPFC and the right
hippocampus (Balachandran et al., 2021). It has been shown previously, that especially a
decreased PFC and hippocampal activation has an inhibitory effect on the autonomic and
endocrine stress response (Pruessner et al., 2008; Wheelock et al., 2016). Moreover,
hippocampal deactivation disinhibits the hypothalamus-pituitary-adrenal (HPA) axis,
triggering the stress response (e.g., cortisol secretion from the adrenal glands) (Pruessner et al.,
2008; Wheelock et al., 2016). As such a direct link was established between aberrant brain
activity, emotional hyperarousal, and the biological stress response.



While most studies investigated the relationship between psychosocial stress and
functional brain abnormalities in FND within a task-based setting, similar results were also
achieved in a resting-state setting, during which participants did not perform a specific task,
and were asked to lay as calm as possible in the scanner. As such, using step-wise FC analyses
on resting-state data of FND patients, Diez and colleagues identified enhanced functional
propagation from primary motor areas to the amygdala, the insula, the cingulate cortex, as well
as the TPJ (Diez et al., 2019). Moreover, functional propagation profiles of the insula and the
amygdala correlated with symptom severity and could predict clinical improvement after a six-
months follow-up. Comparatively in a seed-based analysis, connectivity between the right
amygdala (seed) and the right middle frontal gyrus was reduced in FND patients and could be
correlated to age of onset as well as symptom severity in FND (Spagnolo et al., 2020). Similarly,
physical trauma in FND patients could be linked to aberrant connectivity profiles in limbic
(amygdala-hippocampus), paralimbic (cingulo-insular and ventromedial prefrontal), as well as
sensorimotor cortices (Diez et al., 2020). Interestingly, these connectivity profiles were not
observed in psychiatric control patients with similar trauma scores as the FND cohort.

While functional MRI studies are abundant in FND, only few studies investigated structural
aberrancies in relation to trauma, stress, and symptom presentation. As such, women with FND
(N = 18) showed an inverse relationship between childhood abuse and a reduce brain volume
in the insula (Perez et al., 2017a). In the full cohort (N = 23), a significant inverse relationship
was found between number of traumatic events in FND patients and reduced volume in the
hippocampus (Perez et al., 2017a). Comparatively, increased cortical thickness was found in
premotor cortex of hemiparetic FND patients, which further positively correlated with symptom
severity (Aybek et al., 2014b). Likewise, reduced cortical thickness in the anterior cingulate
cortex (ACC) was found to be negatively associated to somatoform dissociation symptoms in
motor FND patients (Perez et al., 2018).

In summary, increased amygdalar reactivity and increased limbic-motor, as well as altered
cortico-limbic connectivity patterns have consistently been found in task-based, as well as
resting-state fMRI studies in relation to stress and adverse life events. These regional
abnormalities and alterations in FC can be associated to an altered social-emotional cognition,
impaired interoceptive- and emotional awareness, as well as abnormal emotion-motion
interactions in FND (Pick et al., 2019). These patterns might represent a maladaptive reaction
to stress, could be related to the disorder itself (state) or might represent a predisposing
vulnerability trait derived from preceding traumatic life events (Kozlowska, 2007; Roelofs and
Pasman, 2016). The exact mechanisms or a potential causal relationship between trauma
history, emotional arousal, and brain structural- and functional abnormalities, however, remain
to be discovered.



1.2.2. Biological stress in functional neurological disorders

While the neural response to psychological stress and previous trauma has extensively been
studied in FND, only little has been done focusing on the biological implications of stress.
Previous results — especially on increased amygdalar reactivity to stress (see previous chapter)
— suggests that patients find themselves in a hyperarousal state. Yet only little is known about
the biological underpinnings of stress and its corresponding biomarkers of a potential
hyperarousal state in FND. Responses to stress can be mediated twofold: 1) through a rapid
sympathetic response mediated by the autonomic nervous system, and 2) through a slower
response mediated by the HPA axis. Autonomic sympathetic stress responses mediated through
biological messengers such as adrenaline and can be measured by means of an increase in heart
rate, blood pressure, and respiratory frequency, as well as pupil dilatation, sweating, etc.
(Gibbons, 2019). The hypothalamus, the pituitary gland, and the adrenal glands correspond to
the three main anatomical structures regulating the adaptive (slow) response to stress (Smith
and Vale, 2006), and will be further elucidated in Chapter 1.4.2.4. Activation of the HPA axis
eventually leads to glucocorticoid synthesis and secretion of stress hormones such as cortisol.
Cortisol itself can be measured non-invasively in the saliva and proved itself a reliable
biomarker to study stress (Hellhammer et al., 2009; Wust et al., 2000).

Studying stress biomarkers in FND could advance the understanding of stress-related
pathophysiological mechanisms, and a more detailed comprehension on the attributed effects
from preceding stressful life events or predisposing factors might be obtained. As such, Bakvis
and colleagues could show that PNES patients have a positive attentional bias towards
threatening stimuli during an emotional Stroop task (Bakvis et al., 2009a), with an even stronger
effect in patients with a history of sexual abuse. Correspondingly, the authors detected a
decreased heart rate variability compared to HC, which was previously associated with poor
emotion regulation (Ruiz-Padial et al., 2003). In summary, it was shown that patients were
hypervigilant towards threatening stimuli together with an abnormal autonomic stress response.
Likewise, increased heart rate and lower heart rate variability was found in children with FND
during different task settings including a resting-state condition, an auditory attention task, and
an emotional face-processing task during electro-encephalography measures (Kozlowska et al.,
2017b, 2015). Some patients experienced a non-epileptic seizure during the data acquisition,
which was accompanied with higher baseline heart rate, lower heart rate variability and
exceptionally high resting respiratory rates, as compared to the other (non-seizure) patients
(Kozlowska et al., 2015). Moreover, patients had a higher amplitude of event-related potentials
to the emotionally-neutral auditory stimulus during the attention task (Kozlowska et al., 2017b),
indicating a hyperarousal state in FND patients which can be linked to — or precede — the
functional symptoms.



The same authors further identified a blunted cortisol awakening response (CAR?) in
children with FND (Chung et al., 2022) measured at wake-up and 30 minutes later. Moreover,
subjective stress and adverse childhood events negatively correlated with the CAR. Here, a
potential HPA dysfunction was firstly shown in children with FND, which might contribute to
physical symptoms such as fatigue (due to a disturbed circadian rhythm). These results might
represent a long-term maladaptive habituation to stress, which might substantially contribute to
the development of FND by increasing the patients’ vulnerability to stress.

Similar results were found in a study comparing serum levels of different stress hormones
between 6 pm to 8§ pm in 15 PNES patients to 60 HC with and without history of abuse. Patients
with PNES showed lower basal levels of cortisol compared to HC with sexual abuse but not
compared to HC without a history of sexual abuse (Winterdahl et al., 2017). Interestingly, PNES
patients were found to have higher levels of adrenocorticotropic hormone (ACTH), which is
known to stimulate glucocorticoid synthesis and secretion in the adrenal glands.
Contradictorily, increased basal diurnal cortisol, and no significant differences in morning
cortisol was found in an earlier study (Bakvis et al., 2010), during which saliva samples were
collected throughout two consecutive days in a domestic setting. Cortisol levels were
particularly elevated in PNES patients with a history of sexual abuse. In a further study on 33
motor FND patients and age-, and gender matched HC, however, no significant differences in
morning cortisol levels, nor diurnal cortisol levels could be detected (Maurer et al., 2015). The
subjects of this study were hospitalized overnight and woken-up the next day by the nursing
staff. Participants could potentially have woken-up prior to the wake-up time given by the
nursing staff, which could have affected the cortisol awakening response. Moreover, in 24% of
the subjects, disease duration was less than a year and no changes in HPA axis activity might
indicate a long-term adaptive process throughout the course of the disease.

As compared to measures at rest, two studies examined the stress response in motor FND
patients (Apazoglou et al., 2017), as well as in PNES patients (Bakvis et al., 2009a) using the
Trier Social Stress Test (TSST). In both studies, patients exhibited a response to psychosocial
stress that was comparable to the stress response of HC indicating a functioning adaptation to
psychosocial stress situations. The motor FND patients in particular showed also higher levels
of cortisol during the stress test (Apazoglou et al., 2017), whereas no differences were found in
PNES patients (Bakvis et al., 2009a). Lastly, Apazoglou and colleagues also investigated basal
cortisol levels and patients showed overall increased levels in cortisol during the afternoon
(Apazoglou et al., 2017), and were related to the number of adverse life events. These findings
are consistent with the previous results of Bakvis and colleagues (Bakvis et al., 2010).

2 The cortisol awakening response (CAR) describes the rapid increase in cortisol upon awakening, which
occurs naturally and maintains a crucial role in diverse homeostatic processes of the body (e.g., gluconeogenesis,
immune system, mobilization, consciousness, alertness) (Clow et al., 2010; Pruessner et al., 1997; Wust et al.,
2000).



In summary, previous results on cortisol as a marker of stress in FND were often
inconsistent and exhibited a large heterogeneity. However, in many of the here mentioned
studies, a potential association between HPA axis dysfunction and traumatic life events could
be established, which suggests a certain role in the symptom presentation of FND.

Apart from the large heterogeneity across studies, the significance of a dysfunctional stress
response in the symptom production or pathogenesis of FND is not yet clear. In other studies
on stress-related disorders, chronic stress was often associated with neuroanatomical changes
(i.e., reduced volumes), particularly in regions with high glucocorticoid receptor concentration
such as the prefrontal cortex, the hippocampus or the amygdala (Lupien et al., 2018; McEwen,
2017). Accordingly, it was suspected that chronically elevated levels of cortisol might exhibit
a neurotoxic effect on these regions (Conrad, 2008; Lupien et al., 2018). This hypothesis has
particularly been studied in trauma survivors with post-traumatic stress disorder (PTSD),
whereat a decreased hippocampal volume could be detected (Heim et al., 2000; Herman, 2013;
Yehuda and Ph, 2001; Yehuda and Seckl, 2011).

While the relationship between psychological stress and functional- and structural brain
abnormalities has been extensively studied, no studies so far identified a link between biological
stress markers and these abnormalities in FND. Studying biological stress markers in
conjunction with neurological-, and psychological hallmarks of FND could advance the
understanding on disease mechanisms in FND.

1.3. Functional neurological disorders and functional brain
alterations: mechanistic insights on Zow the symptoms
develop

Throughout history, multiple attempts have been made on explanatory theories on the
mechanisms of the sudden onset of neurological symptoms in the assumed absence of a
structural cause. Consequently, clinicians often suspected feigning of symptoms, as a result of
being unable to identify a causal reason for the symptoms (MacDuffie et al., 2021). With the
emerging of neuroimaging techniques, the neural correlates of functional neurological
symptoms could firstly be described by comparing neural activity during the attempted
movement of the affected body parts with the activity occurring during the movement of the
unaffected parts (Marshall et al., 1997; Tiihonen et al., 1995). Instead of activating the premotor
regions as a response to voluntarily attempted movement of the affected limb, orbitofrontal
regions, as well as the ACC were activated, which were suspected to exert an inhibitory effect
on motor regions and motor initiation, eventually causing functional paralysis. Similarly,
distinct brain activation patterns were identified in subsequent studies, in which functional
symptoms were compared with simulated symptoms in HC (Stone et al., 2007), or when motor
imagery was compared between affected and non-affected sides in FND patients (de Lange et
al., 2008, 2007). Particularly, the ventromedial prefrontal cortex showed enhanced activity
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during motor imagery of the affected hand. The ventromedial prefrontal cortex is part of the
default mode network (DMN), and normally reduces its activity during demanding cognitive
tasks, but is active during self-referential mental activity (Gusnard et al., 2001). An increased
ventromedial prefrontal cortex activity in patients was thus attributed to enhanced self-
monitoring in patients with FND (de Lange et al., 2008). These results were further confirmed
in a study investigating motor initiation and inhibition in a patient with left-sided paralysis
(Cojan et al., 2009). Furthermore, the authors identified increased FC between the ventromedial
prefrontal cortex, the PCC and the precuneus with the right motor cortex, revealing that
increased self-reflective processes in patients might negatively interact with motor pathways.
These first findings showed that symptoms of patients are not the product of feigning but are
rather associated with a dysfunction in motor initiation, partially driven through increased self-
monitoring processes.

Subsequent studies, in which patients had to judge either when they felt the urge to move
(attention to motor intention) or when they actually moved (attention to movement), confirmed
impaired awareness of voluntary motor intention in FND patients (Baek et al., 2017; Edwards
etal., 2011). Baek further associated the impaired attention to awareness with increased activity
in the dIPFC, and the SMA, and reduced activity in the right inferior parietal lobule. Moreover,
FC at rest was reduced between the right inferior parietal cortex and prefrontal structures but
increased between premotor regions (Baek et al., 2017). Particularly, the reduced connectivity
in fronto-parietal networks points towards an impairment already upstream of motor intention
and action selection, and is thought to be involved in the inhibition of already ongoing motor
programs (Brass et al., 2005). In line with this, it could be shown that voluntary, straight
movements of functional tremor patients worsened when attention was explicitly shifted
towards a visual feedback, but improved with a shift of the attention to different aspects of the
movement, e.g., increasing its velocity (Huys et al., 2021). Therefore, locating the attention on
the visual feedback of the movements itself might interfere with the implicit (“automatic’)
execution of a motor program by replacing it with an explicit control of movement, which is
then normally less smooth and less well performed (Wulf, 2013).

The voluntary — or involuntary — control of movements in patients with FND was also
previously addressed in a study during which brain activity of patients was examined in the
very same moment they experienced their motor symptoms, i.e., tremor (Voon et al., 2010b).
Brain activity during symptom occurrence was compared to the brain activity when patients
were asked to mimic their tremors. As compared to the activation during the voluntarily
mimicked symptoms, a hypoactivation in the right TPJ was found during the involuntarily
experienced symptoms. A subsequent resting-state study further identified decreased FC
between the right TPJ and sensorimotor regions, the insula and the SMA (Maurer et al., 2016).
The right TPJ represents a key node for multimodal integration of information (Eddy, 2016;
Sepulcre et al., 2012), and is of particular importance in the computational comparison between
internal prediction models and external states, and is often associated to the sense of agency
(SoA), i.e., the sense of being in control over one’s own actions (Haggard, 2017). Enhanced
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activation of the TPJ was associated with greater incongruence between the internal model
(feedforward) and external events (sensory information) (Spengler et al., 2009), and thus a
reduced SoA. In summary, these findings emphasize that functional symptoms might arise as a
pathology of the attentional network rather than — or in combination with a dysfunction of the
motor system.

Misdirected attention, increased self-monitoring and a reduced SoA in FND can be
reflected by the basis of a hierarchical Bayesian model, in which the brain is thought to make
predictions on sensory inputs (posterior) based on precise internal models (priors) (Edwards et
al., 2012; Friston, 2010). A mismatch between the posterior and the prior is defined as the
prediction error and leads to a constant update of the internal model in terms of integrating the
feedback from the environment, and thus increasing the precision of the prior. The concept of
altered attention regarding self-reflective processes was firstly illustrated in a Bayesian
framework by Pareés and colleagues conducting a study in which tremors of functional and
organic patients were objectively assessed using wrist actigraphy, as well as subjectively rated
by the patients themselves. FND patients were found to over-report on their daily tremor-
frequency in comparison to organic tremor patients (Pareés et al., 2012). In a subsequent study,
FND patients were found to perform particularly worse during a visuomotor task in which the
executed movements could be pre-planned with a high precision (precise priors), than compared
to when external noise was added (high prediction error) (Pareés et al., 2013). The results of
these studies were interpreted as patients overweighting their priors to the extent that their motor
performance relies mostly on prior expectancy rather than external sensory inputs (posterior).
The sensation of the symptoms was therefore strongly influenced by the belief (prior) on the
severity of the symptoms. Consequently, when turning the attention towards symptoms, the
prior expectancy on the symptoms gets increased strong enough to cause an abnormal motor
behaviour. Consequently, the misinterpretation of the prediction error by higher-order regions
then leads to an abnormal SoA. In line with this theory, patient’s symptoms often improve,
when attention is drifted away from the symptoms (Espay and Lang, 2015; Huys et al., 2021),
hence reducing the weight of the priors. Such an attentional shift towards overweighting the
priors, might possibly be explained by judging new sensory input based on past (negative)
experience, such as e.g., a preceding physical injury or psychological trauma (Pareés et al.,
2012). A more recent perspective on the Bayesian model for FND (Fiorio et al., 2022) also
proposed nocebo-like mechanisms which increase prior beliefs in FND patients through
misdirected attention towards the expected sensory inputs. The nocebo effect describes the
appearance or worsening of symptoms upon administration of a sham treatment within a
negative psychosocial environment (Benedetti, 2013). The nocebo effect is thought to result
from a top-down attentional process which involves the expectations of a possible negative
outcome (Fiorio et al., 2022, 2012). Moreover, it is suggested that the nocebo effect can be
learned in the form of a classical conditioning (Van den Bergh et al., 2002), as such that
expectations on a negative outcome can trigger the somatic sensation (Beissner et al., 2015). In
addition, anxious personality traits might favour the nocebo effect (Plan¢s et al., 2016), due to
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a tendency to stronger emphasize on negative outcomes (Barsky, 2002). Taken together,
nocebo-like mechanisms might be involved in the development of FND symptoms in the form
of increasing prior beliefs (weight) on somatic symptoms through a maladaptive attentional
process induced by a negative psychosocial context (Fiorio et al., 2022).

In brief, FND is not caused by a single malfunctioning brain region, but rather depicts a
large-scale brain network dysfunctions involving different neural networks and neuroscientific
concepts with a direct effect on symptom production (Aybek and Vuilleumier, 2016; Demartini
etal., 2021; Drane et al., 2020; Perez et al., 2021, 2012; Pick et al., 2019). In sum, patients were
found to have impairments in 1) emotion processing, awareness and interoception — involving
the salience and limbic network (as discussed in the previous chapter), 2) attention — involving
fronto-parietal networks, as well as 3) motor intention and self-agency — involving fronto-
parietal and sensorimotor pathways.

Uncovering the distinct neural activation and aberrant FC patterns in FND, and further
connecting them to dysfunctional neuroscientific concepts and symptom production, has set
path towards investigating their clinical utility and their potential as biomarkers. Apart from the
well-established positive clinical signs for FND (Daum et al., 2015; Stone and Carson, 2015),
objective (data-based) biomarkers could monitor disease progression, predict treatment
responses, or could add an additional diagnostic certainty (Thomsen et al., 2020). As such,
numerous studies identified neural correlates of patient-reported symptom severity or duration
of symptoms (Diez et al., 2021, 2019; Jungilligens et al., 2021; Perez et al., 2017a), or predicted
treatment outcome based on functional imaging data (Espay et al., 2019; Faul et al., 2020).
Lastly, Wegrzyk firstly applied a multivariate classification approach to resting-state data of
motor FND patients aiming at distinguishing them from healthy controls in a predictive,
diagnostic setting solely based on their FC (Wegrzyk et al., 2018). With an accuracy of almost
70%, this study showed feasibility and a potential clinical applicability of using imaging-based
biomarkers as an additional objective rule-in test for the disorder.

In summary, impairments in diverse networks have been identified and integrative models
on symptom production in FND emerged across the last decades. Moreover, neural correlates
of FND could be linked to the clinical presentations of patients and showed their potential as
prognostic and diagnostic biomarker for FND.

1.4. Overview of the Thesis

FND is a long-known disorder, nonetheless, for long time neglected in research and clinical
practice. Research in the field has advanced tremendously throughout the last decades, but
underlying pathophysiological mechanisms remain unclear. In the framework of a
biopsychosocial model, the role of different precipitating, predisposing, and perpetuating risk
factors were commonly assessed and examined. To answer the question on wiay FND develops,
research highlighted the role of precipitating childhood adversities and identified a potential
dysfunction in the biological stress regulation. To answer the question on zow FND develops,
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research often focus on aberrant functional brain networks and neuroscientific concepts as
assessed with various neuroimaging techniques, with which distinct functional abnormalities
could be linked to abnormal 1) emotion processing, emotion-motion interactions and
interoception, 2) attention, and 3) self-agency and motor planning and intention. This thesis
aims at connecting the research on the questions on the Zow and the why by means of studying
the role of stress in conjunction with functional- and structural brain abnormalities in patients
with FND. Studying the neurological-, biological-, and psychological aspects of FND could
thereby advance the conception of its pathophysiological mechanisms.

1.4.1. Scope and Aims of the Thesis

The aim of this thesis was to study stress as a risk factor in FND patients and to evaluate
its relationship to neurological- and psychological correlates of FND. Based on the well-
established literature presented in Chapter 1, we set out the following goals:

1. Aberrant functional connectivity can be defined as a positive imaging-based
biomarker of FND: In order to establish validity and feasibility of a previously
published classification approach (Wegrzyk et al., 2018) within a world-wide multi-
centre setting, three different validation steps were implemented. The first goal of the
study was the replication of previous results within different FND datasets collected at
other centres (intra-centre cross-validation step). Secondly, the robustness of a multi-
centre classification approach was assessed by pooling the data of these centres together
(pooled cross-validation step). Thirdly, the generalizability of the method was evaluated
by using data from each single centre once as test set after training on the data from the
other centres (inter-centre cross-validation step). Successfully distinguishing FND
patients from HC sets path towards a clinical application.

2. Dynamic functional alterations in FND patients may underlie the fluctuating
symptoms of FND: Analysing not only spatial but also temporal features of brain
functional abnormalities might provide important mechanistic insights to the aetiology
of FND. As such, this study identified dynamic functional aberrancies of the limbic
network in FND and examined their spatial and temporal characteristics. Furthermore,
the relationship between dynamic brain network alterations and clinical scores were
assessed in order to deepen the understanding of dynamic brain states in FND and to
examine their role in the pathophysiological mechanisms underlying the symptom
production in FND.

3. Chronic stress relates to experience-dependent neurophysiological changes and
might play a role in the pathophysiology of FND: Inspired by previous literature on
stress and hyperarousal symptoms in FND, this study set out to assess the daytime
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cortisol profile in FND patients. As such, it was hypothesized that patients will show
increased basal activity of the HPA axis indexed by cortisol levels. Furthermore, the
relationship between aberrant HPA axis function, preceding trauma and structural- and
functional brain alterations was assessed in order to clarify the biological relevance of
stress in FND.

The hypotheses of this thesis were tested in two experiments. During the first experiment,
resting-state fMRI data were collected retrospectively in four distinct functional movement
disorder centres. The results of this study are detailed in Chapter 2. In a second experiment,
multimodal data from FND patients and age-and gender matched healthy controls (HC) were
acquired in a cross-sectional experiment. Participants were asked to collect nine saliva samples
throughout the day in order to assess their diurnal cortisol levels. Further, participants
completed questionnaires on subjective stress, depression, anxiety, childhood trauma, and
traumatic life events. A structural MRI was acquired from each participant. Additionally,
resting-state brain activity of each participant was acquired during a six-minutes resting-state
functional MRI. Patients further underwent a neurological examination. The results of this
study are detailed in Chapter 3 and Chapter 4.

This thesis thus advances the knowledge on pathophysiological mechanisms in FND at two
different levels. First, this study identified potential links between the why and the how axes, a
line of research that has never been followed before. Second, the identification of possible
biological and/or imaging-based biomarkers enables the translation of objective diagnostic and
prognostic quantitative data into the clinical daily routine, not to replace the clinical diagnosis
but to further strengthen it.

1.4.2. Applied Methods

In the following sections, a short introduction to each of the methods used in this thesis
will be given. It will cover the principles of computing the static resting-state FC derived from
functional MRI data and its graph-based embedding into vector space in order to integrate the
data into a machine-learning based approach. Furthermore, dynamic FC, or more specifically
co-activation pattern (CAP) analysis will be covered, which offers a new approach to study
functional brain dynamics. Ultimately, an overview will be given on the biological stress system
in humans along with the different measures that can be calculated derived from salivary
cortisol.

1.4.2.1. Brain Network Analyses

Functional magnetic resonance imaging (fMRI) gained attention as a potential non-
invasive tool to study brain function and identify imaging-based biomarkers for
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Figure 1.1: Schematic overview of calculation of functional connectivity. 3D functional brain volumes are acquired across
a specific measurement period ¢ and parcellated according to predefined ROIs or network atlases. Region/network-averaged
BOLD signal is extracted and temporal cross-correlations (i.e., functional connectivity) is calculated. Whole-brain functional
connectivity can be represented using a correlation matrix (functional connectivity matrix).

neuropsychiatric disorders (Takamura and Hanakawa, 2017). During an fMRI acquisition the
blood oxygen level dependent (BOLD) signal is measured reflecting neural responses to
metabolic changes in the brain (Logothetis, 2003). The very first fMRI studies investigated
fluctuations of the BOLD signal in response to externally controlled stimuli or tasks (task-based
fMRI), offering — for instance - a possibility to study certain brain regions involved in a
particular cognitive function (Heeger and Ress, 2002; Ogawa et al., 1990). Furthermore, it could
be shown that brain regions do not exhibit isolated activation but rather show a simultaneous
temporal activation, which is often highly correlated between distinct brain regions. This so-
called functional connectivity between brain regions was defined as “the temporal correlation
of neurophysiological events between spatially separated brain regions” (Friston et al., 1993).
Interestingly, Biswal and colleagues firstly introduced the idea of studying the brain at rest
(Biswal et al., 1995), and identified spontaneous brain activity in volunteers that were measured
under fMRI and were instructed to relax and to not think of anything in particular. These
spontaneous fluctuations — predominantly occurring in low frequency ranges (< 0.1 Hz) — were
interpreted as ongoing cognitive processes (Biswal et al., 1995, 1997). Nowadays, so-called
resting-state fMRI approaches are widely used in research on neuropsychiatric disorders, as it
is relatively easy applicable, does not require a complex set-up, and is less demanding for the
patient in comparison to task-based approaches (Greicius, 2008; Takamura and Hanakawa,
2017). Up to now, multiple fMRI-based methodological approaches exist, with the aim to map
behavioural differences and symptom presentation of patients to underlying functional brain
abnormalities (Sokolov et al., 2019; van den Heuvel and Hulshoff Pol, 2010). In the scope of
this thesis, (static) resting-state FC and — derived from it - a whole-brain graph analytical
approach, as well as a dynamic FC approach will be discussed in more details.

When acquiring a resting-state fMRI, the participants are usually instructed to rest calmly
in the scanner, to not fall asleep, and to not think of anything in particular. During the
acquisition time, a time series of functional 3D volumes is acquired, at which each individual
volume represents a snapshot of the brain activity at timepoint z. FC can be computed using a
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voxel-wise, seed-based or atlas-based approaches, and is commonly calculated using Pearson’s
correlation coefficient. Voxel-wise approaches are widely used in multivariate analyses such as
independent component analysis (ICA) (Allen et al., 2011). During seed-based FC approaches,
FC (temporal cross-correlation) is computed between a predefined region-of-interest (ROI, i.e.,
seed) and the remaining voxels in the brain (Fox et al., 2005; Lv et al., 2018). Seed-based
connectivity analyses are particularly helpful when prior knowledge of functional brain
alterations is given (Sokolov et al., 2019). During atlas-based approaches, the functional
volumes are first parcellated into predefined brain regions or brain networks (Tzourio-Mazoyer
et al., 2002; Yeo et al., 2011) and the FC is calculated between all pairs of regions at which the
signal within a region represents the averaged signal of the voxel laying within the predefined
region (Smith et al., 2011; Sokolov et al., 2019; van den Heuvel and Hulshoff Pol, 2010).
Pairwise FC can then be represented using a correlation (FC) matrix with each cell representing
the temporal correlation between two regions of interest, Figure 1.1.

Resting-state FC can further be represented using an undirected graph G = (V,E),
consisting of a set of vertices and edges. The vertices V' thus correspond to each individual ROI,
whereas the edges E represents the connectivity, i.e., correlation coefficient, between two
vertices (Achard et al., 2006; Richiardi et al., 2010). Complex properties of the functional brain
network can be derived using a graph-based approach, such as e.g., the nodal degree, describing
the number of connections of each individual node (see Chapter 2, 2.2.7.1. Most discriminative
connections). A highly connected node is then often referred to as hub. Figure 1.2 represents a
simple example of the brain network organization using a graph-based approach.

time ppints

| Correlation p(x.y)

Figure 1.2: Schematic representation of the functional connectivity network. (A) Pearson’s correlation coefficient can be
calculated between two individual graphs as a measure of functional connectivity. (B) The functional brain network can be
represented as a graph consisting of a set of vertices (orange circles) and edges (orange lines). Highly connected nodes are
referred to as hubs (green circle).

Assessing FC between voxels or spatially distinct brain regions thus represent a static
approach, summarizing the cross-correlation across the whole acquisition time and thus
assuming that the activity remains constant over time. Brain activity, however, has been found
to show fluctuations over shorter periods of time (Brembs, 2021; Chang and Glover, 2010),
highlighting the importance of time-resolved analyses (i.e., dynamic FC). Recently, various
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Figure 1.3: Schematic representation of co-activation pattern (CAP) analysis. CAPs are derived by selecting those
volumes that highly co (de-)activate with the selected seed(s). The selected seeds are further grouped into different brain states
using a temporal clustering approach. (Adapted from (Sokolov et al., 2019))

methods have been established to study the temporal dynamics of the resting brain (for review:
Preti et al., 2017). Dynamic FC approaches therefore can be used to identify different brain
states and their temporal characteristics (e.g., relative occurrence of individual brain states), at
which a brain state is defined as the synchronous firing of a group of neurons in the same
frequency (Brown, 2006). In the framework of this thesis, a co-activation pattern (CAP; Liu et
al., 2018; Liu and Duyn, 2013) based analysis approach was adapted (Chapter 4). On a
conceptual level, only a few fMRI volumes or “frames” are thought to be sufficient to identify
seed-based FC maps or networks (Tagliazucchi et al., 2016). During a first step thus, one or
multiple seeds are defined and only a reduced number of volumes are selected, which strongly
(de-)activate with the seed. Second, a temporal clustering approach is applied to the selected
volumes yielding the representative brain states (Liu et al., 2018; Preti et al., 2017), Figure 1.3.

1.4.2.2. Machine Learning

In the last decades, machine learning algorithms gained interest as a complementary tool
for the analysis of neuroimaging data. Among the multiple existing algorithms, Support Vector
Machine (SVM) classifiers are the most popular, as they are comparably simple in application,
can operate with high dimensional data, and still require only a low computational load
(Janardhanan et al., 2015). SVM are supervised learning algorithms, at which a discriminative
model is built autonomously, that best separates the different groups within a dataset given prior
knowledge about the group labels (e.g., controls versus patients). During an evaluation-, or test
step, the discriminative model will be applied to a naive dataset in order to make accurate
predictions about the group labels (Russel and Norvig, 2009).

In the scope of this thesis (Chapter 2: Multi-centre Classification using Resting-state
Functional Connectivity), a non-linear classification was implemented by mapping FC features
into a high-dimensional space using a graph-based approach (Richiardi et al., 2011, 2010),
building a hyperplane that separates the two groups optimally according to their FC features
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(Cortes and Vapnik, 1995; Russel and Norvig, 2009). As such, the features of each subject are
defined as a vector containing the different FC values across the whole brain. During the initial
so-called training step, a discriminative model is built by assigning a weight to each feature,
with higher weights representing a greater contribution to the model. The subsequent evaluation
step was performed using a leave-one-out (LOO) cross-validation approach. During the LOO
cross-validation approach, the classification is repeated N-times with N representing the number
of subjects in the dataset. During each fold, the model is built using N-/ subjects, and
tested/evaluated on the left-out subject.

The accuracy of the model can be calculated as the percentage of overall subjects correctly
classified. Moreover, sensitivity (true-positive rate), specificity (true-negative rate) and area-
under-receiver-operating-characteristic curve (AUC) were computed. Statistical significance
was assessed using permutation testing, at which the classification was performed 1000-times
with randomly permuted class labels (i.e., FND patients and HC), in order to estimate the
likelihood of the results to be observed by chance.

In other neuropsychiatric or affective disorders, applying machine learning approaches to
neuroimaging data could provide a potential clinically significant way of identifying new
biomarkers (Hahn et al., 2010; Nakano et al., 2020; Nunes et al., 2020; Patel et al., 2015; Xia
et al., 2018), predicting individual treatment responses (Jiang et al., 2018; Redlich et al., 2016),
or evaluating personalized treatment strategies (Liu et al., 2012).

Thereby, machine learning-based approaches bring new possibilities to study underlying
structural and functional brain network dysfunctions in a diagnostic and/or prognostic way, and
are widely used and applied using different models and imaging modalities (for review: Gao et
al., 2018). Nevertheless, those methods are still at an exploratory stage and face several
technical challenges - by way of example, how to handle the heterogeneity of the imaging data
- which in turn affects comparability between different studies.

Together with the large clinical heterogeneity of neuropsychiatric disorders such as FND,
studies using machine learning algorithms are often limited by the small sample size of the
individual data set. Small sample sizes have often been associated with insufficiently
controlling for overfitting, resulting in high classification performance on the training set, but
poor performance on the validation set (i.e., poor generalizability; Vabalas et al., 2019).
Importantly, the appropriate model must be carefully selected and built, and evaluation of the
model must be accompanied by a proper cross-validation strategy, in order to evaluate its
generalizability to naive, unseen data (Erickson et al., 2017; Russel and Norvig, 2009).
Moreover, performance of classification approaches using multi-centre data need to be
evaluated in order to generalize across centres and symptom types.

1.4.2.3. Voxel-based Morphometry

Voxel-based morphometry (VBM) is a computational approach in neuroimaging to assess
statistical differences in grey matter tissue (Ashburner and Friston, 2000). To do so, the
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individual T1-weighted (“anatomical”’) MR images are segmented into the different tissue types
such as grey matter, white matter, or cerebrospinal fluid etc. At its simplest, segmentation is
achieved by overlapping the anatomical image with tissue probability maps, which give the
probability of any voxel belonging to a certain tissue. The segmented anatomical images are
then further mapped into a common template space (Ashburner and Friston, 2005) in order to
account for inter-individual differences (normalization). Lastly, the normalized, segmented
images are smoothed using an isotropic Gaussian kernel. Each voxel contains now the average
grey matter concentration from itself and its surrounding voxels. Spatial smoothing makes the
voxels more Gaussian and can compensate for inaccurate spatial normalization (Ashburner and
Friston, 2000).

To assess group differences, a voxel-wise parametric test can be applied to the images.
Most commonly, a general linear model (GLM) is used (Friston et al., 1994), which allows to
further account for confounding factors such as e.g., age or gender. To account for voxel-wise
multiple comparisons, an appropriate correction is applied. Figure 1.4 provides a graphical
representation of the VBM workflow.
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Figure 1.4: Workflow voxel-based morphometry. The T1-weighted anatomical image is first segmented, then normalized to a
standard (template) space, and smoothed using a Gaussian kernel. Statistical inference is made upon voxel-wise comparison of
grey matter using a general linear model (GLM).
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1.4.2.4. Cortisol

The hypothalamic-pituitary-adrenal (HPA) axis is one of the main regulatory systems for
stress. As a response to stress, hypophysiotropic neurons in the paraventricular nucleus of the
hypothalamus secret corticotropin-releasing factor (CRF), which binds to its receptor in the
pituitary gland, resulting in the release of adrenocorticotropic hormone (ACTH). Blood-
circulating ACTH targets the adrenal cortex, where it promotes the release of cortisol (Smith
and Vale, 2006). The HPA-axis itself is regulated through a negative feedback triggered by
increased levels of circulating cortisol (McEwen, 2017; Smith and Vale, 2006), Figure 1.5.
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Figure 1.5: Schematic representation of HPA Axis. Corticotropin-releasing factor (CRF) is released in the paraventricular nucleus
of the hypothalamus, resulting in the secretion of adrenocorticotropic hormone (ACTH) in the pituitary gland, subsequently
triggering cortisol release form the adrenal glands.
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A dysfunctional regulation or activation of the HPA-axis was frequently found to
contribute to the development of stress-related pathologies (McEwen, 2017; Munk et al., 1984).
Generally, cortisol acts systemically and is not only secreted in response to stress. Cortisol
receptors are abundant in the body and involved in numerous homeostatic processes, such as
glucose homeostasis or the immune response (Kadmiel and Cidlowski, 2013; Oakley and
Cidlowski, 2013). Cortisol secretion is thus strictly regulated within the body. Importantly, the
HPA-axis also follows a circadian rhythm with a peak of cortisol secretion in the morning upon
awakening (cortisol awakening response, CAR) and low levels towards the afternoon/night
(Oster et al., 2017), Figure 1.6. The CAR is defined as the rapid dynamic increase in cortisol
secretion across the first 30 to 45 minutes upon awakening (Pruessner et al., 2003; Stalder et
al., 2016).

Correspondingly, specially cortisol — as the end effector of the HPA axis - has often been
used as a biomarker in stress research (Hellhammer et al., 2009; Wust et al., 2000). More
specifically, the CAR as a hallmark for proper HPA-axis function has been found to show
distinctive associations with psychosocial-, and health-related parameters (Adam et al., 2017;
Pruessner et al., 2003). Moreover, environmental noise and the adaptive response of the HPA-
axis has been found to be reflected by the CAR with a high accuracy and high intraindividual
stability (Wust et al., 2000). Deviations from the typical CAR peak are further assumed to be
associated with maladaptive neuroendocrine processes to long-term stress (Clow et al., 2004;
Stalder et al., 2010), making it the perfect trait biomarker to study stress-related disorders.
However, cortisol itself is also very susceptible to various trait- and state factors such as age,
sex, but also medication, smoking, or hormonal contraception (Schlotz et al., 2011), which need
to be carefully addressed during the analysis.

In 2016, expert consensus guidelines (Stalder et al., 2016) were published, formulating
clear guidelines on sampling protocols, participant instructions and adherence, accounting for
covariates, as well as statistical considerations when reporting and interpreting the CAR. In the
framework of this thesis, salivary cortisol data was assessed by adhering strictly to the
consensus guidelines with regards to the study design, and statistical analysis. Methodological
considerations are further explained in Chapter 3, as well as in Appendix B, Supplementary
Material for Chapter 3.
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Figure 1.6: Graphical illustration of the circadian rhythm of cortisol. The initial peak in the morning, 30 to 45 minutes upon

awakening represents the cortisol awakening response. During the afternoon, the cortisol levels are low.
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Abstract

Patients suffering from functional neurological disorder (FND) experience disabling
neurological symptoms not caused by an underlying classical neurological disease (such as
stroke or multiple sclerosis). The diagnosis is made based on reliable positive clinical signs,
but clinicians often require additional time- and cost consuming medical tests and
examinations. Resting-state functional connectivity (RS FC) showed its potential as an
imaging-based adjunctive biomarker to help distinguish patients from healthy controls and
could represent a “rule-in” procedure to assist in the diagnostic process. However, the use
of RS FC depends on its applicability in a multi-centre setting, which is particularly
susceptible to inter-scanner variability. The aim of this study was to test the robustness of
a classification approach based on RS FC in a multi-centre setting.

This study aimed to distinguish 86 FND patients from 86 healthy controls acquired in
four different centres using a multivariate machine learning approach based on whole-brain
RS FC. First, previously published results were replicated in each centre individually (intra-
centre cross-validation) and its robustness across inter-scanner variability was assessed by
pooling all the data (pooled cross-validation). Second, we evaluated the generalizability of
the method by using data from each centre once as a test set, and the data from the
remaining centres as a training set (inter-centre cross-validation).

FND patients were successfully distinguished from healthy controls in the replication
step (accuracy of 74%) as well as in each individual additional centre (accuracies of 73%,
71% and 70%). The pooled cross validation confirmed that the classifier was robust with
an accuracy of 72%. The results survived post-hoc adjustment for anxiety, depression,
psychotropic medication intake, and symptom severity. The most discriminant features
involved the angular- and supramarginal gyri, sensorimotor cortex, cingular- and insular
cortex, and hippocampal regions. The inter-centre validation step did not exceed chance
level (accuracy below 50%).

The results demonstrate the applicability of RS FC to correctly distinguish FND
patients from healthy controls in different centres and its robustness against inter-scanner
variability. In order to generalize its use across different centres and aim for clinical
application, future studies should work towards optimization of acquisition parameters and
include neurological and psychiatric control groups presenting with similar symptoms.
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2.1. Introduction

Functional neurological disorders (FND) describe the presence of neurological symptoms
not caused by a classical neurological disease (American Psychiatric Association, 2013) but
related to brain dysfunctions (Drane et al., 2020). Patients can experience a wide range of
neurological symptoms, most frequently motor (e.g., weakness or abnormal movements),
sensory (e.g., numbness), or attacks of clouded consciousness which are sometimes
accompanied by convulsions (Brown, 2016; World Health Organization, 1993). Nowadays, the
diagnosis of FND is made on the basis of positive clinical signs (Daum et al., 2015; Stone and
Carson, 2015), and less emphasis is put on an exclusion process (i.e., not identifying an
underlying explanatory neurological disease). Indeed, even if there is no gold standard against
which to compare the validity of these signs, several recent studies have shown excellent
specificity for several bedside clinical signs (Daum et al., 2015; Espay et al., 2018a; Syed et al.,
2011). However, due to heterogeneity of FND symptoms and a broad spectrum of potential
differential diagnosis, specialists often request multiple time- and cost-consuming additional
tests to rule out an underlying organic lesion or comorbid condition (Espay et al., 2009), even
if they were convinced of the diagnosis based on their initial clinical evaluation (Espay et al.,
2018a). This highlights the need to identify an adjunctive positive biomarker to support
clinicians in their daily clinical routine. Such a marker could allow rapid confirmation of the
clinical diagnosis, rather than engaging in a long and exhaustive process of excluding all evoked
differential diagnoses.

In the search for new biomarkers in neuropsychiatric disorders, resting-state (RS)
functional magnetic resonance imaging (fMRI) has gained growing attention as a promising
and easily applicable tool (Greicius, 2008). Resting-state fMRI allows studying blood oxygen
dependent level (BOLD) signal fluctuations in the brain under resting condition and therefore
does not depend on the patient’s active participation. Furthermore, inter-regional correlations
of temporal fluctuations are thought to reflect FC between spatially distinct brain regions.
Therefore, RS fMRI can reveal important information about underlying
neuropathophysiological changes in functional networks of patients (Sokolov et al., 2019;
Takamura and Hanakawa, 2017; van den Heuvel and Hulshoff Pol, 2010). Even though task-
based fMRI studies are predominant in FND, RS studies in FND were able to confirm findings
from task-based studies and identified consistent results. Amongst the existing RS studies, (1)
increased limbic connectivity to motor control areas (Baek et al., 2017; Maurer et al., 2016; van
der Kruijs et al., 2012), (2) aberrant connectivity from the right temporoparietal junction (TPJ)
to sensorimotor regions (Diez et al., 2019; Hassa et al., 2017; Maurer et al., 2016; Mueller et
al., 2022; Wegrzyk et al., 2018), as well as (3) altered connectivity from memory-related
temporal structures (Longarzo et al., 2020; Monsa et al., 2018; Szaflarski et al., 2018) were
identified.

In parallel, the application of machine learning algorithms offers a complementary tool for
RS fMRI data analysis. Moreover, machine learning approaches have shown to be robust and
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sensitive to disease-specific alterations in functional and structural medical images (Erickson
et al., 2017). As such, its value has been demonstrated in several neurological diseases and
heterogenous psychiatric disorders by successfully distinguishing patients from healthy
controls based on RS FC (for review see (Nielsen et al., 2020)).

In the field of FND, our previous study (Wegrzyk et al., 2018) showed promising results
with regards to accurately distinguishing FND from healthy controls (HC). We applied a
multivariate classification approach based on whole-brain RS FC aiming at discriminating
motor FND patients from healthy controls in a predictive setting. Similarly, in another study
the seizure-subtype of FND (psychogenic non-epileptic or functional seizures) was successfully
classified against healthy controls, based on RS FC (Ding et al., 2013) and T1-weighted
structural MRI data (Vasta et al., 2018). Even though real-life use of such a biomarker will need
control groups with similar symptoms to FND and not only healthy controls, these studies
provided a strong rationale to continue the validation of such classification algorithms. Indeed,
most bedside positive signs for FND are specific and reliable, but neuroimaging classification
based on machine learning might provide a future clinical tool in the form of an additional rule-
in test against other neurological and psychiatric diseases and disorders.

The translation of neuroimaging data from bench to bedside has always been challenging
due to the clinical heterogeneity (Espay et al., 2018a; Galli et al., 2020) and within-group
differences of neuropsychiatric disorders (i.e., FND patients), and consequently its limited
generalizability within and between patient populations (Stone et al., 2011). Importantly,
overcoming the problem of low generalizability requires large samples, which includes patients
with different symptom types and symptom severities, and preferably from different centres.
Furthermore, establishing RS FC as an adjunctive positive biomarker for FND requires its
applicability within and across different centres, i.e., different symptom types and symptom
severity, consequently increasing the sample size and the heterogeneity of the dataset, which
might benefit the classification performance. The next step towards a clinical application
therefore includes the validation of multivariate classification approaches in different datasets
(i.e., with regard to FND subtypes or scanners), and to assess their performance when using
multi-centre data.

To bridge this gap, we set out to further evaluate the classification performance of our
previously published classification approach (Wegrzyk et al., 2018) through three different
validation steps (Dyrba et al., 2013; Nunes et al., 2020; Rozycki et al., 2018). First, our aim was
to replicate the previous results by applying the method in additional datasets collected at other
centres (intra-centre cross-validation step) and test its robustness when used in a multi-centre
setting by pooling the data of these centres together (pooled cross-validation step). Our second
aim was to assess the generalizability of the method by using data from each single centre once
as test set after training on the data from the other centres (inter-centre cross-validation step).
Successfully distinguishing FND patients from HC in a multi-centre setting could set path
towards a clinical application by including neurological and psychiatric controls with similar
symptoms (but other diagnoses) in future studies.
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2.2. Materials and methods
2.2.1. Participants

Data were collected retrospectively from four different European University Neurology
Departments: 1) Geneva (Switzerland, previously published in (Wegrzyk et al., 2018)), ii) Bern
(Switzerland), iii) Prague (Czech Republic, previously published in (Mueller et al., 2022)) and
iv) Groningen (The Netherlands, previously reported in (Marapin et al., 2021, 2020)). Board-
certified neurologists confirmed the diagnosis of FND according to DSM-5 (World Health
Organization, 1993) and using positive signs (Stone and Carson, 2015).We included FND
patients with motor and sensory symptoms (F44.4 and 44.6), with functional seizures (F44.5),
and mixed symptom type (F44.7). For movement disorders (F44.4), clinically definite and
documented diagnoses according to (Gupta and Lang, 2009) were included. Exclusion criteria
were a current neurological disease or disorder (other than FND), alcohol or drug abuse,
pregnancy or breast-feeding, and contraindication for MRI scanning. The studies were
approved by local ethics committees at each of the centres, i.e., the ethics committee of the
University Hospitals of Geneva (CER 14-088), the Competent Ethics Committee of the Canton
Bern (SN _2018-00433), the Ethics Committee of the General University Hospital in Prague
(approval number 26/15) and the Medical Ethical Committee of the Amsterdam University
Medical Center, location AMC, the Netherlands (identification number MEC10/079). All
subjects provided written informed consent.

The dataset included 220 MRI scans from patients suffering from FND and age- and sex-
matched HC. Data from 21 subjects were excluded due to too high motion artefacts (see section
2.3), and 10 subjects were excluded due to insufficient quality of the functional data (slice
artefacts in frontal and/or parietal regions). To maintain an equal number of age- and sex
matches, the equivalent age- and sex match of each excluded subject was discarded as well (n
= 17), in order to have a well-balanced dataset (Dyrba et al., 2013; Nielsen et al., 2020). We
confirmed matched ages within and between the centres using a type III - ANOVA with factor
group and centre. The remaining 172 MRI scans included data from 86 patients and their 86
age- and sex-matched healthy controls (Table 2), correspondingly, it needs to be underlined that
- as compared to the previous work - two healthy controls were excluded from the original
dataset of centre I in order to have equal number of subjects in both groups. Similarly, as
compared to the dataset in (Marapin et al., 2021, 2020), two subjects were excluded due to
motion artefacts along with their corresponding age- and sex match).

2.2.2. Data Acquisition

Mood disorders are known comorbidities in FND patients (Carson and Lehn, 2016).
Therefore, anxiety and depression scores, as well as psychotropic medication (i.e.,
benzodiazepines, neuroleptics, antidepressants, antiepileptics, and opioids) are commonly
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assessed in studies on FND patients. Accordingly, centre I, II, and III collected behavioural data
of patients and controls on anxiety and depression using the Spielberg State-Trait Anxiety
Inventory (STAI, Spielberger et al., 1983) and the Beck’s Depression Inventory (BDI, Beck,
1961). Centre IV collected behavioural data on anxiety and depression in patients using the
Beck’s Anxiety Inventory (BAI, Beck et al., 1988) and the Beck’s Depression Inventory (BDI,
Beck, 1961). Symptom severity was evaluated using the Clinical Global Impression (CGI)
score (0 = no symptoms to 5 = very severe symptoms) in centre I; using the CGI score (0 = no
symptoms to 7 = very severe symptoms) in centre II and I'V; and using the Simplified Version
of the Psychogenic Movement Disorder Rating Scale (S-FMDRS, Nielsen et al., 2017) in centre
II1. CGI scores with different scales were converted into the same scale. S-FMDRS scores were
converted into CGI scores (see Appendix A, Supplementary Material for Chapter 2).
Differences in symptom severity between centres (CGI score) were analysed using one-way
ANOVA.

Functional and structural MRI data were all acquired on 3-Tesla units using different MRI
manufacturers, machines and protocols. Acquisition parameters for the fMRI data of each
centre are summarized in Table 2.1. In one centre (centre IV), fMRI data were based on fast
field single echo planar imaging (FEEPI), whereas in the others, it was based on whole-brain
single shot multi-slice BOLD echo-planar imaging (EPI). Structural scans were obtained using
a T1-weighted Magnetization Prepared Rapid Gradient-Echo (MPRAGE) image in centre I, II,
and III; and using a T1 weighted turbo field echo (TFE) image in centre I'V.

2.2.3. MR pre-processing

Data were pre-processed and analysed using MATLAB (R2017b, MathWorks Inc., Natick,
USA). Each centre was pre-processed individually. An adapted version of the previous pre-
processing pipeline from (Wegrzyk et al., 2018) based on the Statistical Parametric Mapping
version 12 (SPM12) tools (https://www.fil.ion.ucl.ac.uk/spm/software/spm12/) was used,
including: functional realignment and co-registration of the mean functional image to the
structural image, and segmentation of the structural image into grey matter, white matter, and
cerebrospinal fluid. The functional images were additionally checked for excessive head motion
using the framewise displacement (FD) method of Power and colleagues (Power et al., 2014).
Mean FD and number of volumes above threshold of > 0.5mm were calculated per subject. A
type III — ANOVA was used to evaluate differences in motion artefacts for the factors group
and centre. Then, for each subject an individual structural brain atlas based on the AAL atlas
(Tzourio-Mazoyer et al., 2002) was built using a customized version of the IBASPM toolbox
(Aléman-Gomez, Y.M.-G., Melie-Garcia and Valdés-Hernandez, 2006). From the AAL atlas,
we used 88 regions (whole atlas without the cerebellum and pallidum (due to signal drop-out),
same as in (Wegrzyk et al., 2018)). The individual structural atlas was mapped onto the native
resolution of the functional data. Furthermore, region-averaged time-series were extracted and
motion parameters, as well as the average signal from the white matter and the cerebrospinal
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fluid were regressed out (Richiardi et al., 2011; Wegrzyk et al., 2018). The region-averaged
time-series were Winsorized to the 95" percentile to reduce the effect of outliers and linearly
detrended. For optimization purposes of the first validation step (see Chapter 2.2.5.
Classification), the region-averaged time-courses were either bandpass filtered (0.01-0.08 Hz)
or wavelet subband filtered (Richiardi et al., 2011) (see Appendix A, Supplementary Material
for Chapter 2 for further details and explanations on the pre-processing pipelines).

Table 2.1: Scanner acquisition parameters.

Centre Model Manufacturer TR [s] TE Acquisition Volumes flip angle Voxel size[mm?]
[ms] time [min] [°]
I Magnetom TrioTim Siemens 2 20 05:08 150 80 30x3.0x25
II Magnetom Prisma Siemens 2 20 05:08 150 80 3.0x3.0x2.5
11 Magnetom Skyra Siemens 2 30 10:16 300 90 30x3.0x3.0
v Philips Intera Medical o 2 30 07:30 25 70 35x3.5x3.5
Systems

Abbreviations: TR: repetition time; TE: echo time

2.2.4. Resting-State Functional Connectivity Modelling

Pairwise Pearson correlation coefficients between each pair of atlas regions were calculated
for each subject to obtain a correlation matrix (number of regions x number of regions) (Smith
et al., 2011). The correlation coefficients were Fisher-Z transformed to make the connectivity
matrices Gaussian. The Fisher-Z transformed connectivity matrices of each centre were then
connection-wise Z-scored to normalize the data with regard to centre, which acts as a site
harmonization. To evaluate the effectiveness of the normalization, we analysed within- and
between centre and group effects of FC differences between each pair of regions using n-way
ANOVA before and after normalization. For each subject, the upper triangular part (without
the diagonal) of the correlation matrix was extracted and lexicographically organized in a two-
dimensional feature representation, which was used further as input feature vectors for the
classifier. The feature vector of each subject therefore contained [(88 x 87)/2] = 3828
features. The exact procedure can be found in (Richiardi et al., 2011, 2010).

2.2.5. Classification

To perform a binary classification, a Support Vector Machine (SVM) classifier with a
linear Kernel function and L2 regularization was used, which learned a discriminative function
that separated the two groups as accurately as possible. The SVM implementation for
MATLAB of the LIBSVM package (Chang, C.-C. and Lin, 2011) (software available at
https://www.csie.ntu.edu.tw/~cjlin/libsvin/) was used, where the C parameter was set at 1. The
classification process includes two main steps: 1) training and testing of the model and 2)
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evaluation of the model. In order to estimate the performance of our model, we chose three
cross-validation approaches adapted and similarly implemented as in (Dyrba et al., 2013) and
(Nunes et al., 2020):

(1) Intra-centre cross-validation: Each dataset was evaluated individually by separating
training and test set by using an N-fold leave-one-out (LOO) cross-validation approach,
where n represents the number of subjects. For each iteration, N-/ subjects were used
as training data and the remaining subject was used as test data. This was repeated until
each subject within a centre was used once to test the classification performance. During
this intra-centre cross-validation, we therefore replicated the results in centre I, and
validated its applicability in three other datasets originating from three separate centres
(centre II-1V).

(2) Pooled cross-validation: All the data of the four centres were pooled and separated in
a training set and a testing set by using the N-fold LOO cross-validation approach again.
The classifier was trained on N-/ subjects, including all subjects of the four centres, and
tested on the remaining subject. This was repeated until each subject from each centre
was used once to test the classification performance. During this pooled cross-
validation, we evaluated the classifiers performance when working with data that arise
from different scanners introducing a scanner-specific variability.

(3) Inter-centre cross-validation: The data from S-/ scanners were used as a training set
and the data from each remaining single centre was used once as a testing set. During
this inter-centre cross-validation, we investigated if the learned linear SVM model can
be applied to data from an unknown scanner and therefore evaluated its generalization
power.

This setting poses great challenges due to the many sources of uncontrolled variance across
scanners and datasets (Abraham et al., 2017; Noble et al., 2017). We thus further examined the
classification performance when gradually transferring subjects from the test set to the training
set. Doing so, the test set is not fully naive to the potential centre-specific bias introduced in the
inter-centre cross-validation setting. This procedure, however, can help to understand the
impact of scanner-specific bias to the classification performance. We iteratively transferred data
from two subjects (one HC and one FND) from the test set to the training set to examine the
learning curve. In each iteration, two more subjects were transferred from the test set to the
training set until a maximum number of 28 subjects (i.e., 14 HC, 14 FND) was transferred.
Namely, 28 subjects represent the maximum number of subjects that can be transferred in order
to have at least two remaining subjects in the test set.

In each setting, the classification performance was calculated as the average performance
across all folds. Figure 2.1 gives an overview of the three different validation steps (for a
detailed description, see Appendix A, Supplementary Material for Chapter 2).
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2.2.6. Evaluation

To evaluate the classifier’s performance, accuracy, sensitivity, specificity, as well as the
area under receiver operating characteristic curve (AUC) were computed. The accuracy
provides information about the overall performance of the classifier with respect to both groups
and was defined as accuracy = (TP + TN)/N where TP is the number of true positives (patients
correctly classified as patients), and TN is the number of true negatives (controls correctly
classified as controls), and n is the total number of subjects. The sensitivity is the true positive
rate and the specificity the true negative rate, i.e., sensitivity = TP/(TP+FN), specificity =
TN/(TN+FP), where FN and FP refer to the number of false negatives and false positives,
respectively. The AUC assesses the probability of correctly classifying a random pair of patient
and control. It reflects test accuracies as follows: AUC = 1 refers to perfect accuracy, AUC
between 0.7 — 0.9 refers to moderate, AUC between 0.5 — 0.7 = refers to low and, AUC = 0.5
is uninformative. To assess the significance of the classification, we performed permutation
testing, i.e., the classification was repeated 1000 times using its null distribution with the group

labels (patients/control) randomly permuted.
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Figure 2.1: Flow chart of the three cross-validation approaches. Flow chart including (A) intra-centre cross-validation, (B)
pooled cross-validation, and (C) inter-centre cross-validation. Throughout the training, a leave-one-out cross-validation (LOOCV)
approach was applied.
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2.2.7. Post-hoc analyses

2.2.7.1. Most discriminative connections

To shed light on which brain areas may be linked to the pathophysiology of FND and
common across all four centres, we focussed the post-hoc analyses on the validation steps which
pooled all the data from the four centres (step 2: pooled cross-validation). In order to explore
the connections that were most discriminative to distinguish patients and controls, we analysed
the highest weights assigned by the classifier to the different functional connections (i.e.,
correlation coefficients).

Within these most discriminative connections, we then further identified those regions that
appeared with the highest frequency. From this set of regions, we analysed the connectivity
differences between patients and controls by exploring whether these regions were hypo- or
hyper-connected in patients versus controls. For this purpose, we calculated the mean
connectivity between the corresponding pairs of regions for each group (healthy controls and
FND patients).

2.2.7.2. Impact of anxiety, depression, medication, and clinical score on
classification performance

In order to verify that our results were not driven by potential confounding factors like
anxiety (STAI), depression (BDI), psychotropic medication (yes/no), and clinical
scores/symptom severity (CGI), we used a logistic regression analysis (using g/m function in
R, which automatically removes missing data from regression analysis). Specifically, we test
whether the aforementioned factors could predict if a subject was classified correctly or not
(yes/no). We tested each factor individually and in combination.

2.3. Results
2.3.1. Demographic and clinical data

Data from 86 FND patients and 86 age- and sex-matched healthy controls, arising from
four different centres were included in this study. All patients and 71 HC completed the Beck’s
Depression Inventory (BDI, (Beck, 1961)); 71 patients and 71 HC completed the State-Trait
Anxiety Inventory (STAI-S, (Spielberger et al., 1983)). Two patients of centre Il were not rated
using CGI. Demographic and clinical data are presented in Table 2.2. There was no significant
difference in age between centres and groups. One-way ANOVA on symptom severity (CGI
scores) identified a significant effect of factor centre. Post-hoc Tukey's honestly significant
difference (Tukey’s HSD) showed that the difference in symptom severity between centre I and
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IV (P = 0.02), between centre II and IV (P = 0.001) and centre III and IV (P = 0.011) were
statistically significant, meaning centre IV had more severe cases than the three other centres.

FND symptom type was similar between centre I to III with a majority of abnormal
movement (F44.4) diagnosis (see Table 2.2 for details) as well as functional seizures (F44.5)
or mixed (F44.7) whereas centre IV had exclusively abnormal movements (F44.4) cases.

Table 2.2: Demographic and clinical characteristics of the four centres.

Centre I Centre 11 Centre III Centre IV
FND HC FND HC FND HC FND HC
(N=23) (N=23) (N=24) (N=24) (N=24) (N=24) (N=15) (N=15)

Age, mean (SD), ) 4 139) 418(133) 39.8(132) 355(133) 42.6(10.6) 443 (941) 40.8(122) 40.7(132)

years
Sex
2172 20/3 14/10 16/8 2173 2173 7/8 8/7
(females/males)
Disease severity
(CGI, median, 2[0.5-3] NA 1[1-2] M4 1[1-2] M4 3[2-3] N4
quantile)
Psychotropic
medicament 14/9 0/23 6/18 1/23 11/13 717 NA NA
intake (yes/no)
12 11 18
weakness weakness weakness 1
4 seizures 3 seizures seizures
2 gait 12 gait 4 gait 3 tremor
Symptom type*  disorder NA disorder NA disorder NA 13 NA
5 dystonia 1 dystonia 2 dystonia myoclonus
7 tremor 7 tremor 9 tremor
1 2 1
myoclonus myoclonus myoclonus

BDI score, mean |\ 45 19y 644(6.27) 11.0(11.7) 3.54(3.82) 18.0(149) 11.8(13.1) 833 (841) NA

(SD)

STAI-S score,

mean (SD) 60.6 (13.8) 60.7 (15.1) 73.5(23.0) 64.5(17.1) 90.7 (28.4) 84.0(22.7) NA NA
BAI score, mean

(SD) NA NA NA NA NA NA 17.2(13.3) NA

Data from centres I and IV are not the exact same data as used in the previous publications, due to the exact age- and sex match.
Abbreviations: FND: functional neurological disorders, HC: healthy controls, BDI: Beck's Depression Inventors, STAI: State-
Trait Anxiety Inventory, CGI: Clinical Global Impression Score ranging from 0 = none, 1 = mild, 2 = moderate, 3 = severe, 4 =
very severe, SD = standard deviation, NA = not applicable.

2Patients can present with more than one symptom type.

2.3.2. Framewise displacement

FD measures showed a significant main effect of centre (F(3,164) = 5.5210, P = 0.001).
Post-hoc multiple comparison of means showed that the difference between centre I and centre
III (P < 0.0001) and centre IV (P= 0.0006), as well as between centre II and centre III (P =
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0.0002) and IV (P = 0.008) were statistically significant (Appendix A, Supplementary Material
for Chapter 2, Figure A.2), meaning that centres III and IV had more motion artefacts as
compared to centre I and II.

2.3.3. Replication and Robustness of Classification Approach

(1) Replication: Applying the method from (Wegrzyk et al., 2018) on the slightly modified
sample size (see Chapter 2.2.1. Participants) found very similar values: accuracy of
73.9% (published 68.8%), as well as a highly balanced sensitivity of 69.6% (published
68%), specificity of 78.3% (published 69.6%), and with AUC of 0.86.

(2) Intra-centre cross-validation: The exact same method, when applied to centres II, III
and IV, yielded accuracies ranging from 70 — 72.9% (P = 0.02 — 0.001). Equivalently,
the sensitivity and specificity were balanced (sensitivity: 70.8 —79.2%, specificity: 66.7
—70.8), and their diagnostic abilities - indicated by the AUC - were moderate to good
in all three centres (see Table 2.3 for details).

(3) Pooled cross-validation: When data from the four centres were pooled, a significant
classification accuracy of 71.5% (sensitivity: 67.4%, specificity 75.6%, AUC: 0.79, P
= 0.003, see Table 2.3 for details) was found. We present below the list of most
discriminative features with their SVM weights, the confusion matrix, and the receiver
operating characteristic (ROC) curve and of the pooled cross-validation in Figure 2.2.

A visual representation of accuracy, sensitivity, specificity across all centres, and ROC
curve of the intra-centre- and inter-centre cross-validation can be found in Appendix A,
Supplementary Material for Chapter 2, Figure A.3 and Figure A.4.

Table 2.3: Classification performance of the intra-centre and pooled validation steps on the four different centres.

Centre Accuracy (%) Specificity (%) Sensitivity (%) AUC P-value
Intra-centre cross-validation
I 73.9 78.3 69.6 0.86 0.001
1T 72.9 66.7 79.2 0.73 0.002
I 70.8 70.8 70.8 0.67 0.002
v 70 66.7 73.3 0.75 0.02
Pooled cross-validation

71.5 75.6 67.4 0.79 0.003
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Figure 2.2: Classification results of the pooled cross-validation. (A) Overview over the 30 most discriminative features to
distinguish FND from HC representing the weights assigned by the classifier (Median LOOCYV importance). LOOCYV refers to
leave-one-out cross-validation. (B) Confusion matrix for the pooled cross-validation. (C) The receiver operating characteristics
(ROC) curve, and area-under-the-curve (AUC) for the pooled cross-validation.

2.3.4. Post-hoc analyses

2.3.4.1. Most discriminative connections

In the pooled cross-validation, regions such as the hippocampus, the bilateral angular
gyrus, the cingulate cortex, bilateral frontal regions and the bilateral supramarginal gyrus were
most frequently found within the most discriminative connections. When exploring the
connectivity differences between patients and controls in the regions yielding the most
discriminative connections, we identified increased connectivity in patients between:

(a) the hippocampus and temporal regions (e.g., right superior temporal gyrus and
middle temporal pole), the cingulate cortex, and the bilateral precuneus
(b) the bilateral angular gyrus and sensorimotor regions (e.g., postcentral gyrus), the
bilateral fusiform gyrus, and the left superior occipital gyrus
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(c) right cingulate cortex and right frontal regions (e.g., orbitofrontal gyrus) and the
right thalamus

Similarly, we identified decreased connectivity in patients between

(a) the right hippocampus and right frontal regions (e.g., inferior orbitofrontal
gyrus), subcortical regions (e.g., bilateral parahippocampal gyrus and bilateral
amygdala) and subcortical structures (left putamen)

(b) the anterior cingulate cortex and the right caudate

(c) the right and left amygdala

(d) left supramarginal gyrus and frontal regions (e.g., orbitofrontal and middle
frontal gyrus)

For visualization purposes, regions yielding the most discriminative connections for the
pooled cross-validation are presented in Figure 2.3 (the corresponding figure for each single
centre can be found in Appendix A, Supplementary Material for Chapter 2, Figure A.6). A
figure displaying hyper- and hypoconnectivity between the regions yielding the most
discriminative connections can be found in Appendix A, Supplementary Material for Chapter
2, Figure A.5. Data were visualized using BrainNet Viewer (Xia et al., 2013). Mean FC in
controls and patients between pairs of regions showing most discriminative FC of the pooled
cross-validation can be found in the Appendix A, Supplementary Material for Chapter 2, Table
A2).
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Figure 2.3: Regions yielding the most discriminative connections of the pooled classification based on the AAL atlas. Size of
the nodes correspond to nodal degree, respectively occurrence within the most discriminative connections. Colour of the nodes
corresponds to different lobes of the AAL. Thickness of edges correspond to SVM weights. Thicker edges therefore indicate higher
SVM weights, respectively higher discrimination power. The mean functional connectivity values corresponding to this figure can
be found in Appendix A, Supplementary Material for Chapter 2, Table A.2. The figures corresponding to each single centre can be
found in Appendix A, Supplementary Material for Chapter 2, Figure A.6.
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2.3.4.2. Logistic regression of anxiety, depression, medication, and
clinical scores

Whether a subject was classified correctly or not (yes/no) could not be predicted by anxiety,
depression, medication and clinical scores - neither in the intra-centre nor in the pooled cross-
validation setting (Appendix A, Supplementary Material for Chapter 2, Table A.3). These
potential confounding factors thus did not drive the classification performances.

2.3.5. Generalizability to multi-centre data

(1) Inter-centre cross-validation: When data from each single centre were used once to test
the classifier and data from the remaining three centres were used to train the classifier,
we found classification accuracies ranging from 37.5 — 50% (sensitivity: 37.5 — 56.5%,
specificity: 33.3 — 54.2%), below chance level. Correspondingly, the AUC was below
chance (see Table 2.4 for details).

(2) Centre normalization of functional connectivity data: After normalization (see section
2.3), n-way ANOVA on the different connections with factor group and centre,
corrected for multiple comparisons using false discovery rate (FDR), showed only a
significant effect of factor group in 287 connections. No centre nor interaction effect
was found. After normalization, FC thus only differed between groups (FND and HC),
but no centre effect remained.

(3) Adapting the inter-centre cross-validation: By gradually transferring two subjects (1
HC and 1 FND) from the test set to the training set, we observed an improvement of the
overall classification performance to the level of the intra-centre and pooled cross-
validation. However, after the transfer of approximately 16-20 subjects, the model
started overfitting the results. The different learning curves of accuracy, sensitivity, and
specificity of the four centres are presented in the Appendix A, Supplementary Material
for Chapter 2, Figure A.7).

Table 2.4: Classification performance of the inter-centre cross-validation step on the four different centres.

Inter-centre cross-validation

Centre Accuracy (%) Specificity (%) Sensitivity (%) AUC P-value
Test set: | 50 43.5 56.5 0.46 0.1
Test set: 11 37.5 333 41.7 0.43 1.0
Test set: 111 45.8 54.2 37.5 0.41 1.0
Test set: IV 46.7 46.7 46.7 0.48 1.0
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2.4. Discussion
2.4.1. Classification

In line with our first aim, these results show that classification of RS fMRI brain images
with a machine learning algorithm (Wegrzyk et al., 2018) could be successfully replicated in
three separate samples stemming from different recruiting centres. This means that, overall, this
method can successfully distinguish FND patients from healthy controls with accuracies at or
above 70% (centre I: 73.9% / II: 72.9% / 11I: 70.8% / IV: 70.0%). Importantly, these results
confirm that the method provides an accurate and robust classification of FND patients and
healthy controls within different MRI scanners — as the four centres had different manufacturers
and acquisition parameters — when the models are trained at each site. It also shows robustness
against clinical heterogeneity, because the FND populations of the four centres were not
identical in terms of symptom type and severity. Namely, centre IV included only functional
movement disorders (F44.4), whereas centre I to III included mixed (F44.7) cohorts. Patients
included in centre IV rated their symptoms as more severe compared to the FND patients
included in the other centres.

To strengthen this first validation step, we examined if the classification approach is also
robust when merging the data from all four centres together. Therefore, we ran the exact same
analysis in a second validation step by pooling all the data together, this yielded a similarly high
classification accuracy of 71.5%. Similar results have been found among diverse neurological
and psychiatric conditions (for review: Nielsen et al., 2020; Orru et al., 2012). This strongly
suggests that machine learning is an appropriate and robust tool to detect differences in FC in
FND patients and HC. Furthermore, despite the clinical heterogeneity and potential inter-centre
confounding factors (e.g., inter-scanner variability), the classifier yielded high classification
accuracies. Using a post-hoc logistic regression analysis, we could additionally show that
neither anxiety, depression, psychotropic medication intake, nor clinical scores had an impact
on classification performance. These results indicate that our model probably discriminated
between patients and controls based on features specific to the underlying FND pathology (i.e.,
aberrant FC) and not the clinical comorbidities, nor the symptom severity of FND patients. The
underlying changes in FC — independent of symptom type and severity - might represent a FND
specific trait, rather than a state. To further verify what these FND specific traits are, however,
it is of utmost importance to compare the classification performance against other patient
groups with similar symptoms but different diagnoses (e.g., other neurological disorders and/or
psychiatric controls). Moreover, it must be considered that other predisposing factors might
potentially drive the classification performance. Namely, the aetiology of FND is multifactorial.
For instance, genetic risk factors or preceding traumatic life events are thought to affect the
pathophysiological mechanisms of FND (Hallett et al., 2022). Particularly, traumatic life
experiences and childhood adversities are known risk factors with average odds ratio between
2 — 4 (Ludwig et al., 2018). Moreover, functional and structural alterations have been detected
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in FND patients in the context of trauma exposure, particularly in regions pointed out by the
pooled analysis such as the cingulate cortex, insula, and the hippocampus (Aybek et al., 2015,
2014a; Diez et al., 2020; Maurer et al., 2016; Perez et al., 2017a). To the best of our knowledge,
this 1s the first study using multi-centre data of FND patients including different symptom types
and symptom severity for a multivariate classification approach. Moreover, machine learning
algorithms seem to be robust enough against different symptom types and severity scores, as
represented in our results.

In line with our second aim, we evaluated the generalizability of this classification
approach by examining whether data from a naive centre can be correctly classified when
applying a model that has been trained on data from the three other centres. Even though we
normalized with respect to centre, this third validation step showed that individual classification
accuracies did not exceed chance level. Compared to the pooled validation, this step introduced
scanner bias of the left-out centre only during the testing, whereas during the pooled cross-
validation setting the scanner bias was already included in the training set. This suggests that
variance introduced by inter-scanner variability is too high to be overcome using inter-centre
cross-validation and might be substantially different from variance introduced by other
confounding factors such as comorbidities or symptom severity. With our post-hoc adaptation
of the inter-centre cross-validation setting, in which we gradually transferred subjects from the
test set to the training set in order to introduce centre-specific scanner bias already during the
training, we observed a gradual increase in overall classification performance. This observation
strengthens our assumption of that inter-scanner variability plays a critical role and cannot be
overcome in our inter-centre cross-validation setting. Indeed, inter-scanner variability is a well-
known bias for multi-centre RS fMRI data (Noble et al., 2017; N. Zhao et al., 2018) that yet
has to be overcome. Specifically for multi-centric fMRI graph data, not only functional, but
also structural imaging data has been shown to influence graph representation, as fMRI data is
parcellated according to the structural MRI data (Castrillon et al., 2015). Neither did regressing
out the site substantially aid the classification (Castrillon et al., 2015). Alternatively, our sample
size might be too small to properly capture sufficient variation within each site (whether
subject-driven or related to technical factors) to generalize to completely unseen sites. Another
study on multi-site resting-state connectivity classification for Autism spectrum disorder
showed that, given sufficient subjects in the training set (between 280 and 500 depending on
inclusion criteria), inter-site performance could reach intra-site performance, but that this was
not the case at smaller sample sizes (Abraham et al., 2017). The assumption that a sample size
may be too small, can be strengthened by the fact that after normalizing the data, no significant
centre effect remained.

In summary, a multi-centre scenario increases the sample size (i.e., in our second validation
step) and consequently the heterogeneity of the sample, which might benefit the classification
performance. On the contrary, it introduces systematic inter-scanner variability (“site bias™)
which is unrelated to the underlying disorder of interest and thus might complicate the
discriminative power (Abdulkadir et al., 2011). Consequently, there are only a few studies
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investigating the applicability of multi-centre classification based on RS FC. In line with our
findings, equivalently good classification performances were achieved in pooled multi-centre
classification settings using a SVM classifier based on RS FC e.g., for autism spectrum disorder
(N =240 subjects, accuracy = 79%; Chen et al., 2016), for mild cognitive impairment (N = 367
subjects, accuracy = 72%;Teipel et al., 2017), as well as for major depressive disorder (N =358
subjects, accuracy = 73%; Nakano et al., 2020). The latter also investigated robustness against
site bias on classification using a leave-one-site-out cross-validation (LOSO-CV; equivalent to
our inter-centre cross-validation). Comparable with our results, their LOSO-CV did not succeed
in classifying major depressive disorder in a fully unknown dataset.

The inter-scanner variability clearly limited the -classification performance and
generalizability when data from a specific scanner was only used for testing but not during the
training. Combining data from different modalities, has been found to be one solution to
overcome the limitations of multi-centre RS fMRI (Zhuang et al., 2019). For instance, high
classification accuracies were achieved in pooled as well as LOSO-CV combining T1-weighted
(structural/anatomical) images with RS FC from patients with frontotemporal dementia and
healthy controls (Donnelly-Kehoe et al., 2019). Accordingly, the successful classification of
functional seizures based on structural imaging data (Vasta et al., 2018) would suggest
employing multi-modal data of FND patients for future classification approaches when working
towards a clinical application. Furthermore, previous studies attempted to identify and
characterize inter-scanner variability and how they influence fMRI data (Dansereau et al., 2017;
Friedman et al., 2006). As such, classification was found to be improved by site harmonization
methods (Nakano et al., 2020; Yamashita et al., 2019; Yu et al., 2018). Site harmonization
approaches, however, still face methodological challenges: Recent studies raised concerns that
site harmonization methods might interfere with analytical methods (Chen et al., 2022), depend
on choice of atlas (Yu et al., 2018), or can be substantially impacted by the use of fMRI
acquisition parameters (Mori et al., 2018; Yamashita et al., 2019). Apart from using site
harmonization approaches, promising results have also been found when applying unsupervised
machine learning algorithms such as deep learning. Although they are computationally more
complex, they appeared to be robust against site differences (Dewey et al., 2019; Zeng et al.,
2018). At last, a feature selection could be implemented in order to reduce the high
dimensionality of our feature vectors (Guyon et al., 2003). However, the aim of this project was
to examine the generalizability of the previously applied method on different movement
disorders/FND centres, rather than developing the best possible machine learning approach
suitable for a multi-centre setting. Nevertheless, this could be the goal of future additional
validation studies.

2.4.2. Connectivity patterns

Upon visualization of the most discriminative weights of individual connections, we could
evaluate their individual contribution to the overall classification. Our study identified regions
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as most discriminative that indeed were commonly reported in the literature, such as the
cingulate cortex (Aybek et al., 2015; Baek et al., 2017; Blakemore et al., 2016; Marapin et al.,
2020), right temporal regions (i.e., the temporoparietal junction, TPJ) (Aybek et al., 2014a;
Espay et al., 2018b; Maurer et al., 2016), the amygdala (Aybek et al., 2015; Morris et al., 2017;
Voon et al., 2011), the insula (Espay et al., 2018b; Stone et al., 2007; Voon et al., 2011), the
inferior frontal gyrus (IFG, Espay et al., 2018b) or the dorsolateral prefrontal cortex (dIPFC,
Aybek et al., 2014; Voon et al., 2016, 2011). However, feature weights need to be interpreted
with caution, as a machine learning algorithm values the utility for classification, rather than
the clinical relevance of a feature (Nielsen et al., 2020; Nunes et al., 2020). Therefore, one
should not infer upon the potential underlying mechanisms of a disorder, but rather examine
the weights for their potential pathophysiological validity. As such, our results provided
connectivity patterns that are particularly interesting to further construe: connections including
1) the angular- and supramarginal gyri, to sensorimotor regions and 2) cingular- and insular
cortex, to hippocampal regions. The angular and supramarginal gyrus are located
within/bordering the temporo-parietal junction (TPJ), a key structure for FND. Abnormal
interaction between the TPJ and sensorimotor regions has been repeatedly found in FND patient
and is thought to be associated with their impaired sensory prediction signal (i.e., the sense of
agency) (Perez et al., 2012; Voon et al., 2010b). Similarly, RS-fMRI study in FND identified
decreased connectivity from the TPJ to sensorimotor regions (Maurer et al., 2016), to the
precuneus (Mueller et al., 2022), and between the TPJ, motor regions, cingulate cortex and
insula (Diez et al., 2019), as well as decreased connectivity between the right inferior parietal
cortex to the dIPFC and the anterior cingulate cortex (Baek et al., 2017) supporting the theory
of impaired sensorimotor integration and impaired sense of agency. On the other hand, the
cingular- and insular cortex, and hippocampal regions belong — amongst others - to the limbic
network and are considered to be part of the emotion-cognition integrative system (Pessoa,
2008). Altered connectivity in FND in limbic regions have been associated with abnormal
frontal lobe emotional control and emotion-motion interactions (Aybek et al., 2014a; Monsa et
al., 2018). In particular, aberrant hippocampus activity was found in response to aversive
stimuli in task-based fMRI using emotional stimuli (Aybek et al., 2014a; Blakemore et al.,
2016; Szaflarski et al., 2018). Moreover, increased FC was found between the cingulate cortex,
precuneus, and the ventromedial prefrontal cortex during a motor task (Cojan et al., 2009).
Similarly, RS fMRI studies on FND identified increased connectivity from parahippocampal
structures to the right superior temporal gyrus (Longarzo et al., 2020) and to the middle- and
inferior temporal gyrus (Szaflarski et al., 2018) , increased connectivity between the
hippocampus and default mode network (DMN) related regions (Monsa et al., 2018), as well
as increased FC from the amygdala to the dIPFC (Morris et al., 2017). Alterations in RS FC in
these regions thus support previous findings on task-based fMRI stating an impaired emotion
regulation in FND (Aybek et al., 2015, 2014a; Espay et al., 2018b).
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2.4.3. Towards a clinical application

Excellent sensitivity and specificity (between 80-100%) has been found for bedside clinical
signs (Daum et al., 2015; Espay et al., 2018a; Syed et al., 2011). However, these maneuvers
may still face several limitations, including a lack of gold standards against which to compare
them and unblinded assessments in most studies along with other methodological issues such
as a poor description of how the diagnosis of FND was made. Additional diagnostic procedures
might support the clinical diagnostic process. With regard to a multivariate classification
approach applied within a clinical setting, an accuracy of 70% might not present a final solution.
The setting of classifying patients against healthy controls does not represent the clinical need
and limits the generalizability of these results to clinical application at this stage. For daily
clinical routine, one should rather aim at distinguishing a functional symptom from
identical/similar neurological and psychiatric symptoms, and not from a healthy control. The
potential applicability of such a machine learning approach would be for example to assist
screening of patients in the emergency department in cases of ambiguous neurological
symptoms or could provide more details in difficult cases. Therefore, rather than replacing a
clinical diagnosis, it might provide additional diagnostic support in the form of additional rule-
in tests. A patient with a functional disorder could easier be identified as such - in addition to
the bedside clinical signs - and could be directly referred to a specialist, before undergoing
multiple medical tests and examinations (Espay et al., 2009). Besides, the medico-legal context
highlights the importance of identifying an adjunctive positive biomarker in order to help
distinguishing FND from intentionally produced neurological symptoms as observed in
malingering or factitious disorders in which patients fabricate their symptoms or simply are
feigning or lying about their symptoms (Colombari et al., 2021). Therefore, to test the power
against differential diagnoses, it is of utmost importance — as a next step - to classify FND
patients against similar psychiatric patients, trauma patients or against neurological patients
with the same or similar symptoms (e.g., dystonia, essential tremor, Parkinson’s disease, or
multiple sclerosis). In summary, machine learning algorithms could thus further support
differential diagnoses and optimize treatment prevention and patient management. However,
diagnostic utility is only provided if these results can be replicated in other patients with the
same or similar symptoms, but different diagnoses.

2.4.4. Limitations and future directions

This study has several limitations. Even though data from four different centres were used,
the sample size is small compared to other multi-centre classification studies using multi-centre
data bases, such as the Alzheimer’s Disease Neuroimaging Initiative (ADNI) (Jack et al., 2008)
or the Autism Brain Imaging Data Exchange (ABIDE) project (Di Martino et al., 2014). To
date, a large, multi-centre database sharing imaging data of FND patients unfortunately does
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not exist. Small sample sizes have been associated with higher reported accuracies without
properly controlling for overfitting (Vabalas et al., 2019). We avoided overfitting by perfectly
matching our groups within- and between centres and by applying a leave-one-out cross-
validation approach, which is a powerful tool against overfitting and recommended in small
samples (Vabalas et al., 2019). Accordingly, our results of the intra-centre and pooled cross-
validation are comparatively high with significant accuracies and highly balanced sensitivities
and specificities. Nevertheless, a multi-centre database would bring the advantage of adjusting
scanner protocols on each centre and scanner type and would thus provide comparably high
data quality and low inter-scanner variability. Thereby, multi-centre imaging studies must be
planned carefully with regards to scanner hardware and software, implementation of an
appropriate quality assurance program to properly validate and monitor data, and application
of proper site standardization methods (for recommendations see Glover et al., 2012).

A second limitation is the use of only one atlas with 90 cortical- and subcortical regions.
As for now, the purpose of this project was to validate the previously published method across
different centres, no changes were made to the pre-processing pipeline. Despite involving a
higher computational load, a more fine-grained parcellation (e.g., Glasser atlas (Glasser et al.,
2016)) or a voxel-wise approach could detect different information (Eickhoff et al., 2018), and
may aid the future development of an adjunctive imaging-based biomarker. On the contrary,
using an approach with a higher spatial resolution also bears the risk of overfitting or missing
important information due to the comparable high amount of probably uninformative features
(Erickson et al., 2017).

A third limitation is that centres III and IV were found to have higher head motion than
centres I and II, what might negatively affect FC (Van Dijk et al., 2012). The significant results
obtained in intra-centre and pooled-centre validation, however, indicate that even patients
known to have a lot of movements (Centre III and IV had more motor subtypes of FND F44.4)
can be correctly classified. For future studies, subjects should be strictly advised to lay calmly,
and their head should be fixed using foam cushions. Ideally, prospective motion correction
techniques including motion-tracking cameras or a pilot tone approach (Ludwig et al., 2021)
could be used to further improve data quality in this respect.

A last limitation is that clinical data where not uniformly collected and used different scales
(CGI, S-FMDRS scales), which meant that scales needed to be adjusted. Including symptom
severity in our post-hoc logistic regression analysis is therefore not optimal, as the
transformation we have done from S-FMDRS to CGI is intuitive but not validated. Similarly,
as anxiety and/or depression scores were collected using different questionnaires (STAI, BDI
or BAI), the regression analysis showing no influence of mood on the classification
performance should be interpreted with caution until future studies confirm this with
prospectively collected uniform clinical data. Together with the uneven distribution of
symptom types, we cannot fully account for it with good reliability. From a technical point of
view, a future project should aim at balancing the different symptom types, so that a data-driven
machine learning approach would learn to recognize those patients as well who are normally
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underrepresented in a clinical setting. To overcome the problem of different symptom type
distribution, patients could also be stratified according to their symptom types and/or include
the clinical data (e.g., CGI) into the model (Patel et al., 2015). In order to achieve this in a multi-
centre setting, it would be necessary that the same clinical data and psychiatric comorbidities
are collected using the same clinical scores and identical questionnaires in each centre.
Additionally, data on traumatic life events or childhood adversities should be collected, in order
to assess the potential influence on functional brain aberrancies.

2.4.5. Conclusion

In summary, multi-centre RS FC has shown its potential to distinguish FND patients from
HC. These findings set the ground for future research on adjunctive biomarkers for FND as the
method will need to be improved regarding its generalizability regarding inter-scanner
variability and the heterogeneity of symptoms, comorbidities, and severity of symptoms. To
provide diagnostic utility, future studies must investigate the classification power when
classifying FND patients against classical neurological diseases and/or psychiatric disorders as
this would represent a closer setting to the clinical daily routine and could be used as a decision
support method for the clinical diagnosis. Importantly, not to replace the clinical diagnosis, but
to provide additional rule-in criteria for the diagnosis instead.
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CHAPTER 3
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Diathesis Model
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Abstract

Stress is a well-known risk factor to develop a functional neurological disorder, a frequent
neuropsychiatric medical condition in which patients experience a variety of disabling
neurological symptoms. Only little is known about biological stress regulation, and how it
interacts with predisposing biological and psychosocial risk factors. Dysregulation of the
hypothalamic-pituitary-adrenal axis in patients with functional neurological disorders has been
postulated but its relationship to preceding psychological trauma and brain anatomical changes
remains to be elucidated. We set out to study the hypothalamic-pituitary-adrenal axis analysing
the cortisol awakening response and diurnal baseline cortisol in 86 patients with mixed
functional neurological symptoms compared to 76 healthy controls. We then examined the
association between cortisol regulation and the severity and duration of traumatic life events.
Finally, we analysed volumetric brain alterations in brain regions particularly sensitive to
psychosocial stress, acting on the assumption of the neurotoxic effect of prolonged cortisol
exposure. Overall, patients had a significantly flatter cortisol awakening response (P < 0.001)
and reported longer (P = 0.01) and more severe (P < 0.001) emotional neglect as compared to
healthy controls. Moreover, volumes of the bilateral amygdala and hippocampus were found to
be reduced in patients. Using a partial least squares correlation, we found that in patients,
emotional neglect plays a role in the multivariate pattern between trauma history and
hypothalamic-pituitary-adrenal axis dysfunction, whilst cortisol did not relate to reduced brain
volumes. This suggests that psychological stress acts as a precipitating psychosocial risk factor,
whereas a reduced brain volume rather represents a biological predisposing trait marker for the
disorder. Contrarily, an inverse relationship between brain volume and cortisol was found in
healthy controls, representing a potential neurotoxic effect of cortisol. These findings support
the theory of reduced subcortical volumes representing a predisposing trait factor in functional
neurological disorders, rather than a state effect of the illness. In summary, this study supports
a stress-diathesis model for functional neurological disorders and showed an association
between different attributes of trauma history and abnormalities in hypothalamus-pituitary-
adrenal axis function. Moreover, we suggest that reduced hippocampal- and amygdalar volumes
represent a biological ‘trait marker’ for functional neurological disorder patients, which might
contribute to a reduced resilience to stress.
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3.1. Introduction

Functional neurological disorders (FNDs) represent a frequent medical condition (Bennett
etal., 2021; Carson and Lehn, 2016; Hallett et al., 2022) in which typical symptom presentation
(Aybek and Perez, 2022; Espay et al., 2018a), diagnostic criteria (American Psychiatric
Association, 2013), and multimodal treatment options (Bennett et al., 2021; Hallett et al., 2022;
LaFaver, 2020) are well established, but only little is known about the underlying
neuropathophysiological mechanisms causing the diverse symptoms (Drane et al., 2020).
Recent pathophysiological models focus on a multifactorial origin of FND in the framework of
a stress-diathesis model (Ingram and Luxton, 2005; Monroe and Cummins, 2015) (from the
ancient Greek term “diathesis” = predisposition) integrating predisposing, precipitating and
preceding risk factors (Cretton et al., 2020; Hallett et al., 2022; Reuber et al., 2007), and
evaluate state versus trait markers of the disorder (Conejero et al., 2022; Perez et al., 2021).
Studying biopsychosocial vulnerability factors is thus of utmost importance and could further
explain the development of FND symptoms in a subgroup of (biologically) vulnerable
individuals with certain psychosocial risk factors (Cretton et al., 2020; Keynejad et al., 2019).

Negative life events have recurrently been reported in FND (Kanaan and Craig, 2019;
Karatzias et al., 2017; Reuber et al., 2007; Roelofs and Pasman, 2016), traditionally
highlighting the role of sexual and physical abuse during childhood as preceding risk factor
(Reuber et al., 2007; Roelofs et al., 2005; Roelofs and Pasman, 2016). Moreover, severity and
frequency of childhood abuse could be linked to symptom severity (Roelofs et al., 2002).
Similarly, symptom onset and severity could be connected to recent adverse social-occupational
life events with a partial link to early childhood physical and sexual abuse (Roelofs et al., 2005),
highlighting the importance of type but also timing of trauma. In this regard, a recent meta-
analysis confirmed an increased frequency of childhood and adult adverse life events and abuse
in FND patients compared to healthy controls (HC) and psychiatric control patients (Ludwig et
al., 2018). Additionally, emotional neglect was identified to be much stronger associated with
the symptom development, and thus weakened the dominating role of sexual abuse in the
suspected aetiology of FND (Ludwig et al., 2018).

Neuroimaging studies intensively investigated the relationship between traumatic life
events, symptom presentation and brain functional- and structural abnormalities in FND. As
such, structural alterations in limbic and motor regions could be associated to childhood abuse
and symptom severity (Aybek et al., 2014b; Perez et al., 2018, 2017b), whose effect was even
more pronounced in women (Perez et al., 2017a). Similarly, an aversive emotional-stimulus
dependent alteration of cortico-limbic and limbic-motor brain networks, involving regions such
as the hippocampus (Aybek et al., 2014a; Balachandran et al., 2021; Diez et al., 2020), the
amygdala (Diez et al., 2020, 2019), the supplementary motor area (SMA, Aybek et al., 2014a)
and the prefrontal cortex (PFC, Aybek et al., 2014a; Balachandran et al., 2021) have been
identified in FND. Noteworthy, hippocampal deactivation is suggested to disinhibit the
hypothalamus-pituitary-adrenal (HPA) axis, triggering a stress response (Pruessner et al., 2008;
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Wheelock et al., 2016), resulting in the release of stress hormones such as cortisol (Smith and
Vale, 2006). HPA-axis alterations — as for example observed under chronic stress — have been
associated with neuroanatomical changes, particularly in the hippocampus, the amygdala, or
the PFC (Lupien et al., 2018; McEwen, 2017) which was attributed to a potential neurotoxic
effect of glucocorticoids (Conrad, 2008; Lupien et al., 2018).

In FND, some studies suggested that patients have prominent hyperarousal, as stress
markers of the autonomic nervous system were found to be increased (Bakvis et al., 2009a;
Kozlowska et al., 2017b, 2015). Only few studies, however, analysed cortisol in FND
(Apazoglou et al., 2017; Bakvis et al., 2010, 2009a; Chung et al., 2022; Maurer et al., 2015;
Winterdahl et al., 2017), — as a measure of the adaptive (slow) stress response (Smith and Vale,
2006) — and the results were inconsistent. As such, decreased morning (Chung et al., 2022) and
basal diurnal (Winterdahl et al., 2017) cortisol were reported, in contrast to no differences
(Maurer et al., 2015) or increased basal diurnal cortisol compared to levels in HC (Apazoglou
etal., 2017; Bakvis et al., 2010). This is explained essentially by methodological issues: studies
were conducted using small sample sizes, focusing on only one particular symptom type, or
within different test settings, potentially biasing the results (Stalder et al., 2016). This highlights
the need to study the role of biological stress in relation to its neurological-, and psychological
correlates, which could advance the understanding of pathophysiological mechanisms in FND
and could generalize previous findings.

We set out to study alterations in the HPA-axis in a transdiagnostic approach across a large
cohort of FND patients with mixed symptoms in a standardized domestic setting, to minimize
biases of experimental setting. We adapted a transdiagnostic approach, as this efficiently targets
the commonalities across the different symptom types. The primary aim was to assess the
cortisol awakening response in FND compared to HC. The secondary aim was to evaluate the
relationship between HPA-axis dysfunction, volumetric brain alterations and preceding trauma,
and to discuss their potential role as predisposing (trait) versus precipitating factors.

3.2. Materials and methods
3.2.1. Participants

The study was conducted at the University Hospital Inselspital Bern, Switzerland. We
included data of 86 FND patients with motor (F44.4) and sensory symptoms (F44.6), with
functional seizures (F44.5), mixed symptom type (F44.7), and persistent postural-perceptual
dizziness (PPPD). Board-certified neurologists confirmed the diagnosis of FND according to
DSM-5 (American Psychiatric Association, 2013) and using positive signs (Stone and Carson,
2015). We included 76 age-and sex matched HC. Due to COVID-19 pandemic regulations in
the hospital, no HC older than 65 years were allowed to be invited, and thus FND patients older
than 65 years were not matched. Exclusion criteria were: 1) major neurological comorbidities,
2) a current severe psychiatric condition (acute suicidality, active psychotic symptoms), 3)
alcohol or drug abuse, 4) pregnancy or breast-feeding, 5) contraindications for MRI and 6)
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insufficient language skills. The study was approved by the Competent Ethics Committee of
the Canton Bern (SNCTP000002289) and conducted according to the Declaration of Helsinki.
All subjects provided written informed consent.

3.2.2. Saliva Samples

Saliva samples were collected according to the consensus guidelines of Stalder (Stalder et
al., 2016), concerning design and strategies to control for adherence, and to account for
covariates. All participants were instructed in an initial face-to-face appointment and received
written take-home instructions and a self-reported diary. We assessed smoking habits, and for
female participants information about their menstrual cycle and intake of hormonal
contraceptives, as they represent potentially confounding factors of cortisol secretion
(Pruessner et al., 1997; Stalder et al., 2016; Wust et al., 2000). Saliva was collected within a
domestic setting, and a sampling date convenient for the participant was set. A reminder was
sent by e-mail the evening prior to the sampling date. Participants were asked to collect nine
saliva samples throughout the day by chewing for 2 minutes on a cotton swab (Salivette
collection devices, Sarstedt, Rommelsdorf, Germany). Samples were taken directly upon
awakening, 15-, 30- 45- and 60 minutes post awakening and further at 2-, 3-, 4- and 5 p.m.
Participants were instructed to complete the five samples before breakfast and to refrain from
heavy meals, fruits or fruit juices, coffee, carbonated soft drinks, chewing gum, smoking, teeth
brushing or strenuous physical activities during the sampling in the morning and 45-60 minutes
prior to sampling in the afternoon. Participants were instructed to note their wake-up time, any
deviations from the sampling time and potential confounds in their self-reported diary.
Participants were free to wake-up naturally or using an alarm clock and to follow their daily
routine as usual. Saliva samples were collected the next day, centrifuged (10 min at 3900 rpm
and room temperature) and frozen at -20 °C.

3.2.3. Demographic, Behavioural, and Clinical Characteristics

Symptom severity was evaluated using the Clinical Global Impression (CGI) score (zero =
no symptoms to seven = among the most extremely ill patients) and the Simplified Version of
the Functional Movement Disorder Rating Scale (S-FMDRS, Nielsen et al., 2017). Duration of
symptoms was calculated from onset of symptoms to date of the study inclusion (in months).
Use of psychotropic medication (i.e., benzodiazepines, opioids, antidepressants, neuroleptics,
and antiepileptics), as well as corticosteroid medication were recorded. Mood was assessed
using the Spielberg State-Trait Anxiety Inventory (STAI Spielberger et al., 1983) and the
Beck’s Depression Inventory (BDI, Beck, 1961). Sleep quality of the night prior to saliva
sampling was assessed using item four and five of the Leeds Sleep Evaluation Questionnaire
(LSEQ, Shahid et al., 2011).
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3.2.4. Traumatic Life Events

Traumatic life experiences were measured using the Traumatic Experiences Checklist
(TEC, Nijenhuis et al., 2002). The TEC is a 29-item self-reported questionnaire which assesses
the presence of diverse physical, emotional, and sexual traumata including age, relationship to
the perpetrator, and the self-reported impact of the respective trauma. The TEC was scored
using the syntax available at http://www.enijenhuis.nl/tec. Based on the syntax we computed

1) the overall number of experienced traumata (sum of all items), 2) six individual trauma
severity subscores (determined by subjective impact and age of trauma for emotional neglect,
emotional abuse, physical abuse, sexual harassment, sexual abuse, and bodily threat), and 3)
developmental composite scores calculating experienced trauma according to the age ranges of
0 to 6 years, 7 to 12 years, 13 to 18 years and > 19 years. Additionally, we computed duration
and relationship to the perpetrator for each trauma subscore. The duration of trauma was
calculated using the maximum duration within those questions belonging to each trauma
subscore. The relationship to the perpetrator was coded into categorical variables being one:
inner-family circle (parents, siblings, partner), two: outer-family circle (relatives), three: friends
and acquaintances, four: strangers. Additionally, to focus on trauma occurring only during
childhood, we used the Childhood Trauma Questionnaire (CTQ, Bernstein et al., 1998); a 25-
item self-reported questionnaire which assesses childhood trauma across five domains
including emotional- and physical abuse and neglect, and sexual abuse.

3.2.5. Saliva samples analysis

Salivary cortisol was analysed by a commercial saliva-specific competitive enzyme
immunoassay (cELISA, Salimetrics, Newmarket, United Kingdom). The manufacturer states a
functional sensitivity of 0.28 ng/mL, and cross-reactivity for 14 endogenous and synthetic
steroids is reported to be <1% each. The assay had been used according to the protocol provided
by the manufacturer. Intra- and inter-assay coefficients of variation were 4.5% and 4.8%,
respectively.

3.2.6. Neuroimaging data acquisition and pre-processing

To investigate neuroanatomical differences between patients and controls, we used a voxel-
based morphometry approach. Anatomical images were acquired for all subjects except of three
FND patients and three HC. MRI sequence and pre-processing is detailed in the Appendix B,
Supplementary Material for Chapter 3.
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3.2.7. Statistical analysis
3.2.7.1. Behavioural data

Statistical analyses were performed using R software (version 4.1.2.) and MATLAB
(R2017b, MathWorks Inc., Natick, USA). Questionnaire data were tested for normality using
Shapiro-Wilk’s test. Normally distributed data were analysed using two-sample #-test, highly
skewed data using Wilcoxon rank sum test. Questionnaires with subscores were corrected for
multiple comparisons using false discovery rate (FDR). Categorical data were analysed using
Chi-squared test (sex) and Fisher’s exact test (menstrual cycle and relationship to perpetrator
(TEC)). To determine significance alpha-level was set at P < 0.05.

3.2.7.2. Biological data

We analysed two metrics to assess cortisol levels: the cortisol awakening response (CAR)
and the diurnal baseline cortisol (DBC).

The CAR describes the rapid increase in cortisol secretion across the first 30 to 45 minutes
upon awakening and thus, represents the dynamic changes of cortisol secretion occurring upon
awakening (Pruessner et al., 2003; Stalder et al., 2016). It has been shown that the
intraindividual stability is relatively high and subtle changes in HPA-axis function regarding
environmental noise can be detected with high accuracy (Wust et al., 2000). To assess group
cortisol differences in the CAR, a repeated measures ANOVA was used on the fitted data of
the five morning samples (wake-up until 60 min post-awakening) using a linear mixed model
with fixed effects of factor group and timepoint, and using age, sex, smoking, wake-up time,
BDI, STAI, hormonal contraception, corticosteroid medication, psychotropic medication,
menstrual cycle, menopause, and sleep quality as covariates of no interest (Pruessner et al.,
1997).

The DBC represents the dynamic changes of cortisol throughout the afternoon (from 2 p.m.
to 5 p.m.). To analyse the DBC, the same analysis was performed as in the CAR using the four
samples in the afternoon. For the analyses of the CAR and the DBC, we excluded data from
eight FND patients and nine HC as they did not properly adhere to the saliva sampling protocol
with either missing samples (N = 3) and/or delays (N = 16) (strict sampling accuracy margin of
At > 5 min for post-awakening samples and Az > 15 min for afternoon samples (Stalder et al.,
2016)).

As we were interested in examining the multivariate pattern of correlation between cortisol
and other variables (see below), single estimates of the CAR and the DBC were calculated using
area-under-the-curve (AUC) based measures, as recommended in methodological consensus
guidelines (Fekedulegn et al., 2007; Stalder et al., 2016). As such, the post-awakening cortisol
concentration (PACC) and the diurnal baseline cortisol concentration (DBCC) were computed.
The PACC describes the summed cortisol concentration across the first five samples in the
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morning. The DBCC represents the cumulated cortisol concentration of the four afternoon
samples. As a measure for the PACC and DBCC, the AUC with respect to ground (AUCg) was
calculated. Additionally, as a (static) measure for the CAR, the AUC with respect to increase
(AUC)) was calculated on the five morning samples (CARi, Stalder et al., 2016) AUC-based
measures were calculated according to Pruessner (Pruessner et al., 2003). Three subjects were
excluded for calculating the AUC-based measures due to missing samples. Subjects reporting
delays were included, as the AUC formula can account for sampling delays (see Appendix B,
Supplementary Material for Chapter 3 and Figure B.1 for more details). All analyses were
repeated in females only Figure B.9.

3.2.7.3. Imaging data

To analyse between group differences of cortical volumes, we firstly applied a general
linear model on the smoothed whole-brain anatomical images within SPM12. Second, given
the a priori hypothesis of the hippocampus and the amygdala being particularly vulnerable to
anatomical changes in the context of chronic stress (Lupien et al., 2018; McEwen, 2017), we
analysed volumetric differences in those two regions. As such, we performed two region-of-
interest (ROI) analyses using the corresponding ROI masks, derived from the automatic
anatomic labelling atlas 3 (AAL3, Rolls et al., 2020). Whole-brain, as well as ROI analyses
were corrected for multiple comparisons using a family-wise error (FWE) rate at P < 0.05, and
total intracranial volume (TIV), age, sex, depression, and anxiety were added to the analysis as
covariates of no-interest. Lastly, we extracted subject-wise estimates of the mean ROI volumes
for external analyses. All analyses were repeated in females only Appendix B,
Supplementary Material for Chapter 3, Figure B.10, Table B.6.

3.2.8. Multivariate pattern of correlation

In a last step, we applied partial least squares correlation (PLSC, Krishnan et al., 2011;
Mclntosh and Lobaugh, 2004) to evaluate multivariate patterns of correlation between
behavioural data (trauma scores), cortisol AUCG and AUCI measures (CARi, PACC, DBCC),
and volumetric data (mean ROI volume) in FND patients and healthy controls. For the PLSC
analysis, only those subjects were included of which salivary cortisol (FND =84, HC = 75) and
imaging data (FND = 83, HC = 73) were complete. Data was standardized and a correlation
matrix was calculated between the two sets of variables. To find individual weights of the
corresponding data tables (cortisol data, volumetric data, trauma scores), a single value
decomposition (SVD) was applied on the correlation matrix. The SVD leads to different
correlation components consisting of a set of design weights and outcome weights (saliences),
indicating the strength of contribution of each weight to the multivariate pattern. The weights
were used to calculate two sets of latent variables as such that the covariance was maximized.

Significance was evaluated by permutation testing (5000 permutations). Stability of the weights
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was assessed using bootstrapping (200 bootstrapping samples). PLSC allows for examining the
relationship between multiple variables with different attributes. We used the publicly available
PLS toolbox for MATLAB (https://github.com/FND-ResearchGroup/myPLS_SL.git), the use
of which has already been described in other studies (Loukas et al., 2021; Zoller et al., 2019).
We conducted three individual PLSC analyses; First, we used the cortisol values as design

variables, and TEC severity scores, developmental scores, duration of trauma, and relationship
to the perpetrator as outcome variables to evaluate multivariate pattern of correlation of trauma
history and HPA-axis dysfunction. Second, we used the volumetric data of the whole-brain, as
well as hippocampus and the amygdala alone (normalized for TIVs) as design variables, and
age, sex, and cortisol values as outcome variables to evaluate the multivariate pattern of
correlation between cortisol and changes in brain volume. Lastly, we evaluated in patients only
the relationship of the aforementioned factors with clinical data (i.e., symptom severity, and
duration of symptoms), Appendix B, Supplementary Material for Chapter 3 Figure B.6, Figure
B.7 and Figure B.S.

3.3. Results

3.3.1. Clinical, behavioural, and demographic characteristics

Data from 86 FND patients and 76 age- and sex matched HC were included in this study.
Demographic, behavioural, and clinical data are presented in Table 3.1. The most common
symptom types were sensorimotor deficit (38.7%), gait disorder (21.5%), and/or tremor
(14.6%). Level of diagnostic certainty for functional seizure patients were: seven probable,
three clinically established, and four documented, according to diagnostic criteria of
LaFrance.(Lafrance et al., 2013) Five patients were currently under corticosteroid medication,
four of them only in a topical form (nasal spray) used irregularly on demand, and one patient
was under oral prednisone medication. Patients using sprays resigned from using them on the
day of saliva collection. FND patients and HC significantly differed in their smoking habits
(more smokers in FND), their BDI, and STAI scores (more depression and anxiety in FND).
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Table 3.1: Demographic, behavioural, and clinical data

FND He Statistics
(N =86) (N=176)
Age, mean (SD), years, [range] 3[71; 513'72])’ 3&; 9229])’ ns
Sex (females/males) 64/22 55/21 ns
Hormonal Contraception (yes/no) 27/37 18/37 ns
Menopause (yes/no) 14/50 10/45 ns
15 anovulation 10 anovulation
10 follicular 3 follicular
Menstrual Cycle® 22 luteal 33 luteal Two-sided, P=0.05 *
2 menstruation 1 menstruation
7 ovulation 3 ovulation
X(1)=152,P<
Smoker (yes/no) 33/53 8/68 00009 *#*
Disease severity (CGI, median, quantile) 2[1-4] NA
Dlsea-se severity (S-FMDRS, median, 6 [2-12.75] NA
quantile)
Duration of illness (in months) 75 (166)
45 sensorimotor
25 gait disorder
17 tremor
12 myoclonus
13 seizures
Symptom type® 8 dystonia NA
7 PPPD
5 speech disorder
2 functional deafness
1 functional vision loss
63 F44.4
7 F44.5
ICD-10 Classification® 30 F44.6 NA
8 F44.7
6 PPPD
14 benzodiazepines
29 antidepressants
Psychotropic medication 6 neuroleptics 0/76
9 antiepileptics
6 opioids
Corticosteroids (yes/no) 5/81 0/76
BDI score, mean (SD) 14.4 (9.96) 4.59 (6.28) Z=-761 M ff 0.0001
1(156.68) = 3.22,
STAI-S score, mean (SD) 37.2(10.9) 32.1(7.67) P=0.002 **
LSEQ, mean (SD) 0.422 (0.169) 0.455 (0.15) ns

*Menstrual cycle was indeterminable in 8 patients and 5 healthy controls (natural irregularity or continuous intake of hormonal contraception)
PPatients can present with several symptom types

‘Diagnosis of mixed FND (F44.7) was given when F44.4, F44.5, and F44.6 was present

P*** <0.001, P** <0.01, P* <0.05.
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3.3.2. Trauma
3.3.2.1. Traumatic Life Events

(1) Overall number of experienced traumata (TEC): FND patients experienced
significantly more total traumatic events compared to HC (reported as mean + SD:
FND 6.78 +4.37, HC 4.21 £ 4.22, Z=4541, P <0.001), Figure 3.1,A.

(2) Trauma severity scores (TEC): FND patients reported significantly more emotional
neglect (FND 5.26 = 6.32 vs. HC 2.4 + 4.68, Z = 4247, P=0.002), Figure 3.1,B.

(3) Developmental composite scores (TEC): FND patients reported significantly more
traumata occurring in the age range from 0 to 6 (FND 3.43 +£4.87 vs. HC 2.08 = 3.93,
Z=13810, P=0.43) from 7 to 12, (FND 4.71 + 4.81 vs. HC 3.07 = 4.17, Z= 3962, P
=0.043) and > 19 years old (FND 2.9 £ 4.03 vs. HC 1.26 + 2.24, Z=3840, P=0.01),
Figure 3.1,C.

(4) Duration of trauma (TEC): FND patients reported a longer duration of emotional
neglect as compared to HC, i.e., 4.5 years longer (FND 6.95 + 1.2 years vs. HC 2.36
+ 0.6 years, Z=3984, P=0.01), Figure 3.1,D. No significant differences were found
with respect to duration of trauma for the other subscores.

(5) Relationship to the perpetrator (TEC): In FND patients, emotional neglect occurred
more often through members of the inner-family circle (two-sided, P = 0.006). No
significant differences were found in the other subscores.
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Figure 3.1: Traumatic Life Events. (A) For visualization purposes, means and confidence intervals of overall number of
experienced traumata (ranging from 0 to 29). (B) Means and confidence intervals of six trauma severity scores (determined by
subjective impact and age of trauma, ranging from 0 to 13 for emotional neglect, emotional abuse, physical abuse, sexual
harassment, and sexual abuse or from 0 to 24 for bodily threat). (C) Means and confidence intervals of developmental composite
scores (across trauma subscores). (D) Means and confidence intervals of duration of trauma. Significance codes: P*** <(0.001,
P **<0.01, P * <0.05. Results are FDR-corrected.

3.3.2.2. Childhood Trauma

FND patients reported significantly more childhood emotional abuse (reported as mean +
SD: FND 10.1 +£ 5.1, HC 8.2 £ 4.2, Z = 4028, P = 0.02), emotional neglect (FND 11.1 + 5.1,
HC 8.8 +4.2, Z=4194, P =0.009), physical abuse (FND 7.3 + 4.0, HC 5.9 + 2.0, Z = 3875, P
= 0.03), and physical neglect (FND 7.7 + 3.1, HC 6.79 + 2.83, Z = 3935, P = 0.03), Appendix
B, Supplementary Material for Chapter 3, Figure B.2.

3.3.3. Salivary Cortisol

A significant main effect of group was found for the CAR (F(1,680) =28.81, P <0.0001)
with lower levels in FND than HC. Post-hoc multiple comparisons between group and
timepoints, showed that FND patients and HC significantly different in their cortisol levels at
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timepoints 30’ upon awakening, and almost reached significance at timepoint 15°-, 45°-, and
60’ upon awakening (P = 0.052), Figure 3.2. No significant differences were found in the DBC.

Cortisol ng/ml

wake-up 15' 30' 45' 60' 2p.m. 3pm. 4 p.m. 5p.m.
timepoint

Figure 3.2: Cortisol Profile of FND patients and healthy. Mean and confidence intervals of daytime cortisol profile in
FND patients and HC. Significance code: P* < 0.05.

3.3.4. Volumetric brain alterations in FND patients

On a whole-brain level, significant group differences were found between FND patients
and HC in five clusters at thresholds of Prwe = 0.05, Figure 3.3, A and Table 3.2. These clusters
included the following regions with decreased volumes in FND compared to controls: Left
superior temporal gyrus, left gyrus rectus, bilateral amygdala, hippocampal- and
parahippocampal gyri, as well as dorsolateral prefrontal gyri.

In line with the results on a whole-brain level, we confirmed our a priori hypothesis of a
reduced hippocampal- and amygdalar volume in FND patients using an inclusive brain mask at
thresholds of Prwe = 0.05, Figure 3.3, B, Appendix B, Supplementary Material for Chapter 3,
Table B.1 and Table B.2. Upon extraction of ROI volumes for external analyses, we found that
the hippocampus, as well as amygdala volume were significantly smaller in FND patients
compared to HC (F(1,614) =102, P <0.001). Post-hoc Tukey’s HSD test revealed a significant
difference between FND patients and HC in 1) the left hippocampus (P < 0.001), 2) the right
hippocampus (P < 0.001) (Figure 3.3, B, upper panel), 3) the left amygdala (P =0.016), and 4)
the right amygdala (P = 0.025) (Figure 3.3, B, lower panel).
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Figure 3.3: Results of voxel-based morphometry analysis. (A) Differential effect of voxel-wise comparison (HC > FND)
with smaller grey-matter volume in FND in the hippocampus, parahippocampal gyri, amygdala, and dorsolateral frontal gyri.
(B) Differential effect of mean ROI volume using a hippocampal mask (upper panel) and amygdala mask (lower panel) with
smaller grey matter volume in FND. For both analyses, total intracranial volume (TIV), age, sex, depression (BDI), and anxiety
(STAI) were added as covariates, thresholded on whole-brain level at Prpz < 0.05. Significance codes: P*** < 0.001, P** <
0.01, P* <0.05. A model corrected only for TIV, age, and sex can be found in the Appendix B, Supplementary Material for
Chapter 3, Figure B.3, Table B.3.
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Table 3.2: Whole-brain voxel-based morphometric results with total intracranial volume (TIV), age, sex, depression
(BDI), and anxiety (STAI) as covariates of no interest.

Cluster-level Peak-level
Peak
coordinates in
Peak voxel MNI Space

Prwe Prpr  Cluster extent  Prwe Prpr Z-score X,¥,Zz {mm} Cerebral regions
0.001 0.084 255 0.002  0.506  5.248 -54 27 14 Left superior temporal gyrus
0.000 0.004 633 0.004 0506  5.122 -15 3 -24  Left parahippocampal
0.006  0.667  4.996 23 -1.5 -18 Left amygdala
0.017  0.875 4.783 29 -17 -14 Left hippocampus
0.006 0.553 82 0.004 0.506  5.117 0 62 -26  Left gyrus rectus
0.008 0.553 69 0.014  0.875 4.831 15 3 24 Right parahippocampal
0.035 0917  4.607 17 -6 -15 Right amygdala
0.009 0.553 61 0.019 0.875 4.753 -11 59 -15 Left superior frontal gyrus
0026 0897 4680 6 59 .75 f:\clltlS dorsolateral  prefrontal

3.3.5. Relationship between Trauma and Cortisol

To evaluate relevance of experienced trauma on the single estimates of the cortisol
measures (CARi, PACC and DBCC) in FND patients and HC, we first conducted a behavioural
PLSC including TEC severity scores, developmental scores, duration of trauma, and
relationship to the perpetrator as outcome variables. One PLSC component was found to be
statistically significant based on the permutation testing (P = 0.033). The outcome and cortisol
saliences of the previously mentioned component are shown in Figure 3.4. Yellow highlighted
weights indicate that they were found to be robust (with the green dots representing the cortisol
salience weights) and can be interpreted similarly to correlation coefficients as the data was
standardized. Based on the PLSC results, a significant positive correlation was found in patients
between the morning cortisol values (CARi, PACC) and the relationship to the perpetrator of
physical abuse — meaning that the more familiar (inner-family circle) the perpetrator was, the
higher the cortisol values. A significant negative correlation was found in patients between the
morning cortisol values (CARi, PACC) and 1) the duration, and 2) severity of emotional neglect
— meaning that the longer and more severe the emotional neglect, the lower the cortisol values.
In HC, a positive correlation was found between cortisol values and 1) trauma occurring during
late adolescence and 2) adulthood — meaning that the more trauma happened during late
adolescence and adulthood, the higher the cortisol levels.

65



HC

A [ FND
LC1 - Trauma Saliences
0.4
o 0.2
Q
o
<
Q2
= 0
»n
0.2
'0-4" | | | | I‘ | | | |
QR QL R T T O S S s YT, WY, WP e IR Y
SRS ST T TS P S B B O B NS
B D T AT AT D SR S G G CAR. S SR - M > & q,,\ '\n"f
FEFEFFIFITIFFFILE PP T WF o ¢
AT AT DT AR D - , . . - . é’ v: vo «o %o v.o v V'Q
L2 2B - AR M )

Saliences

1 |
Y
ol Q"'oo OQ’OO

Figure 3.4: Partial least squares correlation (PLSC) results of the different cortisol measures (CARi, PACC, DBCC) in
FND patients and healthy controls. The outcome (A) and cortisol saliences (B) of the significant PLSC component (P =
0.033) are presented. 5™ to 95 percentiles of bootstrapping are indicated in the error bars and yellow highlighted bars indicate
robustness. The height of the bar corresponds to the salience weight to the multivariate correlation pattern and can be interpreted
similarly to correlation coefficients as the data was standardized. The permutation null distribution and the bootstrap mean
percentiles are reported in Appendix B, Supplementary Material for Chapter 3, Figure B.4, Table B.4. Abbreviations: EN =
Emotional neglect; EA = Emotional abuse; PA = Physical abuse; SH = Sexual harassment; SA = Sexual abuse; BT = Bodily
threat.
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3.3.6. Relationship between Cortisol and Brain Volume

To examine the potential relationship between single estimates of the cortisol measures
(CARi, PACC and DBCC) and changes in whole-brain, respectively hippocampal- and
amygdalar volumes in FND patients and HC, we conducted a PLSC including cortisol values
as outcome variables and imaging data as design variables. No significant PLSC components
were found when using the mean cluster volumes from the whole-brain analysis as design
variables. When using the results from our ROI analysis (i.e., hippocampal and amygdalar
volume), one PLSC component was found to be statistically significant (permutation testing, P
=0.021). The outcome and imaging saliences are shown in Figure 3.5.

Based on this PLSC analysis, a significant negative correlation was found only in HC
between the brain volumes of the bilateral hippocampus and the bilateral amygdala and 1) the
age — meaning that the older the subject, the smaller the brain volume — and 2) CARi— meaning
the smaller the brain volume, the higher the cortisol levels. No multivariate pattern of
correlation between brain volumes and cortisol data was found in FND patients.
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Figure 3.5: Partial least squares correlation (PLSC) results of the imaging data (hippocampal and amygdalar volumes)
in FND patients and healthy controls. The outcome (A) and imaging saliences (B) of the significant PLSC component (P =
0.021) are presented. 5™ to 95" percentiles of bootstrapping are indicated in the error bars and yellow highlighted bars indicate
robustness. The height of the bar corresponds to the salience weight to the multivariate correlation pattern and can be
interpreted similarly to correlation coefficients as the data was standardized. The permutation null distribution and the
bootstrap mean percentiles are reported in Appendix B, Supplementary Material for Chapter 3, Figure B.5.
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3.3.7. Relationship with Symptom Severity in FND

No significant multivariate correlation was identified in patients, when using symptom
severity as outcome variable, and trauma scores, single estimates of cortisol measures, or brain
volumes, independently, as design variables, Appendix B, Supplementary Material for Chapter
3, Figure B.6, Figure B.7 and Figure B.8.

3.4. Discussion

Our findings provide biopsychological evidence for the stress-diathesis model in FND
(state versus trait). We identified a reduced cortisol awakening response in a transdiagnostic
approach in FND patients. Moreover, we linked the potential HPA-axis dysregulation to
prolonged preceding emotional neglect, pointing towards a long-term process resulting in a
maladaptive HPA-axis sensitization. Lastly, we identified anatomical changes in the superior
frontal gyrus, the superior temporal gyrus, the hippocampus, and the amygdala. In FND,
however, reduced cortical volumes were not associated with cortisol — what would have pointed
towards a potential neurotoxic effect, nor with symptom severity — what could have explained
a state related change. These findings put in question whether the here found results represent
a direct state effect of FND, a biological trait factor, or a combination of both as will be further
discussed below. A schematic representation of the here discussed results are displayed in
Figure 3.6.

Only few studies investigated cortisol levels and the stress response in FND patients.
Consistent with our results, Chung (Chung et al., 2022) detected a blunted CAR in 32 children
with FND (mixed symptoms) assessed using two saliva samples in the morning (at wake-up
and 30 min later), which were partially collected in a domestic setting. Likewise, a study in 15
female functional seizure patients identified lower serum cortisol levels in the morning as
compared to HC with a history of abuse (Winterdahl et al., 2017). Contradictorily, a study in
which 33 motor FND patients and 33 HC were hospitalized overnight, no difference in morning
cortisol levels were found (Maurer et al., 2015). This discordance might be explained by the
testing conditions: a non-familiar environment (e.g., hospitalization (Maurer et al., 2015))
might introduce alterations in cortisol levels that covary with psychosocial factors and might
not represent the clinical status of patients (Stalder et al., 2016, 2010). Consistent with our
results, no group differences in the basal diurnal cortisol levels were found in 19 functional
seizure patients (Bakvis et al., 2009a), nor in motor FND patients (N = 16 (Apazoglou et al.,
2017), N=33 (Maurer et al., 2015)). Contrarily, a group effect with higher basal diurnal cortisol
levels in the afternoon was found in motor FND (Apazoglou et al., 2017), mainly driven by
stress, as well as in functional seizure patients (Bakvis et al., 2010), mainly driven by
experienced sexual abuse. Lastly, cortisol secretion was studied in response to stress. Using the

Trier Social Stress Test, two studies reported a comparable stress response in FND patients as
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to HC indicating a normal adaptation to social stress situations (Apazoglou et al., 2017; Bakvis
et al., 2009a). In summary, previous results on cortisol in FND show a large heterogeneity,
mainly explained by methodological issues: each of the studies was conducted in a different
setting (stress test (Apazoglou et al., 2017; Bakvis et al., 2010, 2009a) versus no stress test and
domestic setting versus hospitalized (Chung et al., 2022; Maurer et al., 2015; Winterdahl et al.,
2017)), assessing different measures of cortisol (i.e., morning versus basal versus stress
response), which in most cases prevents a direct comparison between results. Our
transdiagnostic approach has the advantage of having a large sample with mixed symptoms,
which ensures a better generalizability in comparison to previous studies focused on small
subgroups of FND patients.
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Figure 3.6: The stress-diathesis model in functional neurological disorders. The actiology of FND is multifactorial and
depends on predisposing, precipitating, and perpetuating risk factors. Long-term exposure to stress can exert neurotoxic effects
on regions particularly sensitive to cortisol. Moreover, it can alter the HPA-axis in terms of a maladaptive habituation. Distinct
predisposing factors, i.e., ‘trait’ markers might influence the individual resilience to stress and the later development of
psychopathology. Abbreviations: CRF = corticotropin-releasing factor, ACTH = Adrenocorticotropic hormone.
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Additionally — and firstly in FND, we identified an inverse relationship between cortisol
measures and various dimensions of emotional neglect (assessed using the TEC), whereas no
association with symptom severity or duration of symptoms was detected. As such, a significant
multivariate pattern of correlation was found in patients but not in controls, between lower
morning cortisol levels and higher duration and severity scores of emotional neglect (measured
by the TEC). Specifically for emotional neglect, exposure was in average 4.5 years longer in
FND as compared to HC. In general, adverse experiences occurred more frequent in early
childhood in FND than in HC, even though this effect was not specific to emotional neglect but
was found across all traumatic experiences. This result is consistent with the findings on the
CTQ, in which increased neglect and abuse was found in FND across all trauma subscores
except for sexual abuse. Particularly, the role of neglect as predisposing factor of FND has been
highlighted by the results of a meta-analysis of 34 case-control studies including 1405 patients
showing odd ratios (OR) of 5.6 for FND patients compared to control populations, which was
higher than for sexual and physical abuse (OR 3.3 and 3.9 respectively) (Ludwig et al., 2018).
Our results go further than confirming an association between emotional neglect and FND in
demonstrating that both the severity and duration of emotional neglect are more pronounced in
FND. The effect of maltreatment on different expressions of psychopathology has been shown
to depend on the developmental period, severity, and frequency of trauma exposure (Dunn et
al., 2017; Teicher and Samson, 2013). In FND, no clear consensus on the role of trauma type,
timing and number of traumatic events is known, with the exception that early-onset FND was
rather associated to childhood sexual abuse (Morsy et al., 2021) when late-onset was associated
to physical trauma (Stone et al., 2009a). In sum, our results add to previous knowledge that
trauma predisposes to FND, highlighting the importance of emotional neglect. Additionally, we
first showed that in FND exposure to early and long-lasting emotional neglect might contribute
to disrupting the biological regulation of stress, as reflected by the association with blunted
CAR. This is further supported by the absence of an association between CAR and symptom
severity, as an association between CAR and symptom severity would rather indicate a
(subacute) disease-related (‘state’) change of the HPA-axis.

Thereby, dysregulation of morning cortisol secretion might represent a downregulation of
the HPA-axis following initial high levels of cortisol in response to long-term stress (Dozier
and Peloso, 2006). A proposed mechanism of action is the suppression of the negative feedback
inhibition of cortisol (Lupien et al., 2018; McEwen, 2017). Under normal health conditions, an
acute stressor would activate the HPA-axis and subsequent cortisol secretion through the
amygdala. The amygdala is strongly regulated by the PFC and the hippocampus, which are
responsible for the integration of information on threat stimuli. When the stressor is removed,
a negative feedback inhibition is induced through the hippocampus and the HPA-axis itself,
reducing the cortisol secretion. In a chronic state of hypervigilance to stressors, the HPA-axis
is tonically inhibited through the hippocampus, as a result of suppressed negative feedback
inhibition due to HPA-axis sensitization (maladaptive habituation) to the stressor.
Correspondingly, an overreactive HPA-axis has been observed in early phases of chronic stress,
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whereas a downregulation corresponds to subsequent, sustained phases of chronic stress
(Guilliams and Edwards, 2010). Hence, the prolonged exposure to emotional neglect in FND
patients might reflect a long-term process resulting in the downregulation of the HPA-axis, as
represented in the flattened CAR. At the same time, it is suspected that glucocorticoid receptors
become more sensitive to enhanced cortisol levels during early phases of chronic stress, and
consequently to the increased neurotoxic effects of cortisol (Heim et al., 2000; Herman, 2013;
Yehuda and Seckl, 2011). Chronic stress indeed has been repeatedly associated with
neuroanatomic alterations in regions expressing a high glucocorticoid receptors density i.e.,
hippocampus, PFC, and amygdala (for review: Lupien et al., 2018; McEwen, 2017). In FND, a
volume reduction of the hippocampus has previously been found to inversely relate to trauma
history (Perez et al., 2017a). No data on cortisol was available in this study but it was
hypothesized that the hippocampal atrophy might be mediated by changes in stress biomarkers
such as cortisol. However, large variation in hippocampal volumes has also been described in
healthy populations, irrespective of chronic stress or trauma history, suggesting that reduced
hippocampal volume may represent a trait factor rather than a disease-related feature (state)
(Lupien et al., 2007). In line with these findings, our results on smaller hippocampal and
amygdalar volumes compared to HC, and the absence of a correlation with cortisol measures
nor with symptom severity suggest that these anatomical variations rather represent a trait factor
for FND, in terms of a biological predisposition. Interestingly, while some studies neither
identified a relationship between cortical volumes and symptom severity (Aybek et al., 2014b;
Kozlowska et al., 2017a; Nicholson et al., 2014), recent studies inversely correlated symptom
severity to lower volumes in regions other than the hippocampus, such as the left insula
(Jungilligens et al., 2022; Perez et al., 2017b, 2017a), precentral gyrus (Jungilligens et al.,
2022), as well as the temporo-parietal junction (Sojka et al., 2022). Therefore, regional
differences in cortical volume might be linked to trait-vulnerability (e.g., hippocampus) while
others might be linked to disorder-related pathophysiological changes (state). However,
additional research is needed to disentangle the role of regional structural abnormalities in the
pathophysiology of FND. On the contrary in HC, the inverse relationship between subcortical
volume and cortisol measures may represent a plasticity phenomenon in response to recent
stress. In summary, a disease model including HPA-axis sensitization might contribute to the
development of FND in terms of maladapting to long-term emotional neglect. Moreover, the
here found reduced hippocampal and amygdalar volumes in FND point towards a ‘trait’
biomarker for FND, which potentially decreases the resilience to stress.

Psychosocial stressors, HPA-axis sensitization and biological predisposition might
represent transdiagnostic risk factors(McLaughlin et al., 2020) which conjointly contribute to
general psychopathology and symptom overlaps in neuropsychiatric disorders (Hornor, 2017).
However, by way of example, about 15% of childhood maltreatment survivors do not develop
mental health problems (Werner, 2004), and further variations in psychopathology have been
explained by individual resilience to stress (Hornor, 2017). Similarly, FND represents a
disorder of multifactorial origin (Hallett et al., 2022). Biopsychological risk factors might
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interplay with other, yet unknown factors which might explain why a subgroup of vulnerable
individuals develop FND and not any other psychopathology. Recently, research on resilience
focuses not only on the exploration of eco-phenotypes (i.e., environmental factors), but also
genetics and their interplay (endo-phenotypes, i.e., gene x environment interactions). As such,
early life adversities may influence brain development and mental health outcome by means of
(epi-) genetic mechanisms. The first two years of development is the critical window for
emotional development and has been associated with increased risk for mental disorders and
negative impact on the brain structure and function (Lippard and Nemeroft, 2019; Taillieu et
al., 2016). Emotional neglect during early childhood is often accompanied by social
disentanglement and rejection, which prevents children to learn how to properly process
emotions (Gould et al., 2012; Teicher et al., 2014; Yeung et al., 2016), as found in FND
populations (Aybek et al., 2015, 2014a; Blakemore et al., 2016; Espay et al., 2018c). In terms
of gene X environment interactions, a genetic variation in the oxytocin receptor (OX7TR) in
subjects with a history of childhood emotional neglect was associated with reduced amygdalar
and hippocampal brain volumes (Womersley et al., 2020). The role of oxytocin in emotion
processing has been studied in infants (5-7 months old): infants with increased OXTR
methylation rates showed enhanced response to aversive faces in a functional neuroimaging
paradigm (Krol et al., 2019). Epigenetic changes in the oxytocin pathway are as well of
particular interest in FND, as increased OXTR methylation was demonstrated in a cohort of 16
FND patients compared to 15 HC (Apazoglou et al., 2018). Other genetic/epigenetic changes
in FND have been very recently studied: Diez (Diez et al., 2020) linked history of childhood
physical abuse to cortico-limbic brain network dysfunction in regions which in situ showed an
overlap with high expression of genes involved in neuronal morphogenesis. Those findings
firstly linked childhood trauma and its potential effects on brain function to a trauma-related
functional brain reorganization in the context of a gene x environment interaction in FND. In
the same line of research, tryptophan-hydroxylase 2 (THP2) polymorphism was associated with
childhood trauma, symptom onset and severity, as well as amygdalar functional connectivity in
FND (Spagnolo et al., 2020). In summary, individual resilience factors might explain how early
childhood emotional neglect potentially induce (epigenetically mediated) neurodevelopmental
delays in individuals who later develop FND affecting brain structure and function of regions
involved in emotion regulation which is reflected in a dysfunctional HPA-axis. Further research
must be conducted to identify risk factors specific for FND.

Our study has several limitations. First, the measure of cortisol awakening response relies
on self-reported diaries and deviations from the protocol cannot be fully controlled. To verify
accurate execution of cortisol sampling, objective verification of awakening and sampling times
are required (Adam and Kumari, 2009), e.g., using objective electronic monitoring systems,
such as polysomnography or wrist actigraphy (Elder et al., 2016). We did not use such objective
tools but minimized the risk of error of self-report data by thoroughly instructing our
participants, agreeing on an appropriate day for the sampling, and explaining them the
importance of properly adhering to the protocol and/or reporting deviations from the protocol.
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Second, we collected saliva samples on only one day, thus cortisol alterations might represent
fluctuations due to situational aspects rather than a long-term trait (Stalder et al., 2016). Thirdly,
salivary cortisol only indirectly measures HPA-axis activity, as it depends on levels of other
biological factors such as corticotropin releasing factor, adrenocorticotropic hormone, or
estrogens (Hellhammer et al., 2009). Nonetheless, salivary cortisol is considered to be a good
measure of allostatic load, and a useful biomarker in stress research (Hellhammer et al., 2009;
Waust et al., 2000). Another limitation in studying the role of trauma lies in methodological
issues as self-report questionnaires can have recall bias (Ludwig et al., 2018). Detailed
interview technique (Brown and Harris, 1989), are less prone to recall bias but are time-
consuming and requires appropriate training of study personnel, which limits its feasibility in
larger cohorts of participants. Lastly, our patient cohort has only been compared to HC, which
prevents making conclusions on the specificity of the findings to FND in comparison to other
stress-related disorders. We, however, corrected for depression and anxiety and excluded severe
psychiatric conditions, therefore, we do not expect that the results are biased due to mood
disorder comorbidities. The lack of systematic psychiatric evaluation — such as the psychiatric
interview (SCID) — does not allow to check if the data could be confounded by a psychiatric
co-morbidity (e.g., post-traumatic stress disorder (PTSD)), which is common in FND (Carson
and Lehn, 2016; Perez et al., 2017a).

34.1. Conclusion

Our findings point towards a multifactorial stress-diathesis model for FND. A flattened
CAR might represent a long-term process in direct relation to severity and duration of emotional
neglect (state). Reduced subcortical volumes in FND did not relate to HPA-axis dysfunction
and rather delineate a predisposing biological vulnerability, than a disease-related feature, thus
potentially representing a trait marker for FND. In line with a stress-diathesis model,
phenotypical variations in clinical presentation of symptoms must potentially be attributed to
different contributions of a variety of diverse eco-phenotypes (e.g., trauma history) and endo-
phenotypes (e.g., biological predisposition or trait markers). However, a causal relationship
between HPA-axis dysfunction, trauma, and brain functional- and structural stress adaptation
remains to be discovered. Longitudinal data would need to be assessed including the collection
of behavioural, neuroendocrine, genetic, and neuroimaging data already in early childhood.
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Abstract

Functional neurological disorder is a neuropsychiatric condition in which patients
experience neurological symptoms such as weakness or involuntary movements in the absence
of a classical neurological disease. Functional imaging studies linked abnormal motor control
to impaired emotion regulation, interoceptive deficits, and increased self-referential processes.
The pathophysiological mechanisms, however, remain poorly understood. Analysing large-
scale brain network dynamics at rest is promising to explore temporal fluctuations in aberrant
brain functions and to identify potential imaging-based biomarkers. As in comparison to static
approaches, dynamic functional connectivity approaches better reflect the constantly adapting
behaviour of the brain and thus, could provide new insights into clinical characteristics of the
fluctuating appearance of functional neurological symptoms.

In this study, we report on resting-state functional magnetic resonance imaging data of 79
functional neurological disorders patients and 74 age- and sex-matched healthy controls.
Functional connectivity was computed between 17 resting-state networks, for which we
identified aberrant functional connectivity of the salience-limbic network in patients as
compared to healthy controls. The salience- and limbic networks encompass regions such as
the amygdala and the insula, and are involved in various neuroscientific concepts such as
emotion regulation, interoception, and self-referential processes, all of which have been
previously linked to the pathology of FND. To further disentangle underlying network
dysfunctions, we examined the dynamic properties of these networks using co-activation
pattern analysis based on the seed activity of the insula and the amygdala, representing the hubs
of the salience-limbic networks. Three dynamic brain states were selected per seed using k-
means clustering.

We identified insular co-activation patterns related to the default mode network, the
somatosensory network, the dorsal attention network, as well as the interoception network, and
amygdalar co-activation patterns related to the default mode network, the basal ganglia
network, as well as networks involved in attention and self-referential processes. Furthermore,
patients visited the state that was characterized by the insular co-activation of the interoceptive
network less frequently than healthy controls. Also, patients entered the amygdalar state with
co-deactivation of the default mode network less frequently, and they spent less time in the state
that was characterized by insular co-deactivation of the default mode network. Insular-
interoception network as well as amygdalar-default mode network temporal dynamics
positively correlated with stress biomarkers, and negatively correlated with symptom severity.

In summary, we identified altered functional brain network dynamics in functional
neurological disorders supporting concepts of abnormal emotional regulation and interoceptive
deficits. Moreover, we narratively reviewed our results by means of the Bayesian model
account for FND. Altogether, functional changes involving salience-limbic inter- and intra-
network interactions might reflect underlying pathophysiological mechanisms of functional
neurological disorders.
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4.1. Introduction

Patients diagnosed with a functional neurological disorder (FND; conversion disorder;
historically referred to as hysteria) can present with a variety of neurological symptoms
(Bennett et al., 2021; Stone and Carson, 2015) which cannot be attributed to a classical
neurological disease (Drane et al., 2020; Espay et al., 2018a) but are rather of functional nature.
In the late 19th century, Jean-Martin Charcot — known for his exceptional work on hysteria —
postulated that the symptoms might be produced by a dynamic lesion triggered by emotional
trauma (Aybek, 2019; Harris, 2005). To date, however, the underlying pathophysiology of FND
remains elusive. To study how symptoms are produced in the absence of a neurological disease,
efforts have been devoted to investigating brain functional abnormalities in FND patients most
commonly using functional MRI. As such, previous research has provided comprehensive
evidence of multiple brain function alterations and network dysfunctions in FND (for reviews:
Aybek and Vuilleumier, 2016; Conejero et al., 2018; Demartini et al., 2021; Thomsen et al.,
2020; Voon et al., 2016). In summary, key regions involve the insula, the amygdala, the
prefrontal cortex, the temporo-parietal junction (TPJ), the supplementary motor area (SMA),
the hippocampus, as well as basal ganglia structures. Of particular interest are the insula and
the amygdala. The insula is an important hub of the salience and limbic network, associated
with conscious and unconscious emotion processing (i.e., emotional awareness), as well as with
interoception (i.e., the perception of the body’s state also in relation to its emotional state
(Barrett and Simmons, 2015; Gu et al., 2013)). Moreover, the insula is implicated in the
detection of external and internal stimuli and the resulting behavioural response (Uddin, 2017).
In FND, the insula has been associated with attentional and interoceptive deficits (Pick et al.,
2019) and increased self-monitoring (de Lange et al., 2007; Pareés et al., 2013), and is thought
to be implicated in the mediation of emotional influence on motor control (Vuilleumier, 2014).
Additionally, the amygdala, a key region of the limbic system, is suggested to play a major role
in the pathophysiology of FND. Emotional arousal and enhanced amygdalar activity have been
associated with aberrant motor planning (SMA) and motor behaviour (basal ganglia) (Aybek et
al., 2015). As such, insular and amygdalar structures might directly alter motor planning and
execution, and thus, bypass executive control. Moreover, they closely interact with higher-order
regions (e.g., prefrontal cortex, TPJ) associated with self-referential processes and self-agency.
These higher-order regions modulate motor actions by integrating external and internal stimuli
based on self-relevant information (Aybek and Vuilleumier, 2016; Conejero et al., 2018;
Demartini et al., 2021; Thomsen et al., 2020; Voon et al., 2016).

Attentional deficits, increased self-monitoring, and altered self-agency in FND have been
explained on the basis of a hierarchical Bayesian model (Edwards et al., 2012; Pareés et al.,
2012). Using this model approach, the brain is thought to infer upon sensory inputs based on
precise internal models of the behavioural outcome, and further updating the model based on
mismatches between prediction and outcome (prediction errors). In FND, patients are thought
to overweight their prior beliefs on the expected outcome (e.g., of a movement) and to further

78



misinterpret the prediction error, strong enough to cause abnormal motor programs and to alter
the sensation of the symptoms (Pareés et al., 2013, 2012). In essence, functional brain
alterations associated with the pathophysiology of FND entail a combination of aberrant FC
between top-down higher-order functions (e.g., self-monitoring and agency) and bottom-up
influences which altogether affect proper motor behaviour and sensations.

Most commonly, FC in FND has been assessed using static approaches which summarize
the temporal correlation between spatially distinct brain regions or networks, assuming their
activity remains constant over time. The brain, however, is a dynamic system that fluctuates
between different states in order to adapt its behaviour towards intrinsic and extrinsic stimuli
(Brembs, 2021). Therefore, assessing dynamic changes in FC might provide a better
understanding of the fundamental properties of Charcot’s dynamic lesion in patients with FND
(Hutchison et al., 2013; Preti et al., 2017).

Over the last decades, numerous methods have been developed to study the temporal
dynamics of the resting brain (Preti et al., 2017). Up to now, however, only two studies used a
dynamic approach: Diez et al. (Diez et al., 2019) demonstrated the potential of (static) graph-
theory step-wise FC (Sepulcre et al., 2012) as a prognostic biomarker for FND, whereas
Marapin et al. (Marapin et al., 2020) studied the spatial and temporal characteristics of dynamic
brain states in FND patients using a clustering-approach based on sliding-window dynamic FC
on brain networks derived from independent component analysis (ICA). Here, we adopt a
method based on co-activation pattern (CAP) analysis (Liu et al., 2018, 2013). On a conceptual
level, CAP analysis works on a single-volume resolution and thus deviates from the
conventional methods applied to the temporal domain such as e.g., FC (Liu and Duyn, 2013).
In a first step, volumes in which a seed region of interest (de-)activates above a specific
threshold are selected. In a second step, k-means clustering is applied to the remaining selected
volumes (with the seed always (de-)active). K-means clustering partitions the volumes into
clusters in which each volume belongs to a cluster (i.e., CAPs) with the nearest averaged co-
activation pattern. Apart from the spatial information, this method allows us to additionally
capture the temporal characteristics of the dynamic brain. In comparison to ICA, which works
on the temporal as well as on the spatial domain, CAP analysis does not require independence
between components, and is thus more flexible (Liu et al., 2018; Liu and Duyn, 2013). In
previous studies, CAP analysis was able to detect very small anatomical regions (e.g., thalamic
nucleus or substantia nigra) (Fox et al., 2005), unveiled new insights into the dynamic FC of
the brain which could further be associated to symptom severity in bipolar disorders (Rey et al.,
2021), helped tracking treatment response in idiopathic normal pressure hydrocephalus (Griffa
et al., 2021), or identified cognitive aspects of emotional processes in healthy volunteers
(Gaviria et al., 2021). In summary, CAP analysis can account for the dynamic behaviour of the
brain, which might reveal new insights into different cognitive processes, has high anatomical
precision, and can provide clinical important information.

Hence, a better characterization of dynamic functional alterations in FND patients is
desirable, as they potentially underlie the observed clinical presentation of symptoms (the
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dynamic lesion). As such, including not only spatial but also temporal features could shed light
on the underpinnings of FND, assist as a quantitative biomarker, be associated with clinical
scores, or be used as prognostic outcome measure by understanding how dynamic brain
networks contribute to normal brain function.

Here, we examine the spatial and temporal characteristics of limbic brain networks in FND
patients compared to a cohort of age- and sex matched healthy controls (HC). Furthermore, we
investigate the potential relationship between the characteristics of dynamic brain states and
symptom presentation in FND patients. To achieve this goal, FND patients and HC enrolled in
this study underwent a resting-state fMRI assessment, and patients further underwent a
neurological examination. The aims of the study were 1) to identify dynamic functional
networks related to FND pathology and to investigate their spatial and temporal characteristics;
and 2) to explore the relationship between dynamic fMRI features, clinical scores, and stress
biomarkers. Doing so, we aim to provide a deeper understanding of the dynamic characteristics
of functional networks and their potential role in the pathophysiology of FND.

4.2. Materials and methods
4.2.1. Participants

The study was carried out at the University Hospital Inselspital Bern, Switzerland. 86 FND
patients with motor and sensory symptoms (F44.4 and 44.6), psychogenic non-epileptic
seizures (PNES, F44.5), mixed symptom type (F44.7), and persistent postural-perceptual
dizziness (PPPD) were recruited. The diagnosis of FND was confirmed by board-certified
neurologists according to DSM-5 (American Psychiatric Association, 2013) and using positive
signs (Stone and Carson, 2015). In parallel, 76 age-and sex matched HC were recruited through
advertisement. Exclusion criteria in both groups were: 1) a current neurological disease or
disorder (other than FND), 2) a current severe psychiatric condition (e.g., psychiatric disorder
with acute suicidality), 3) alcohol or drug abuse, 4) contraindication to MRI, 5) pregnancy or
breast-feeding or 6) insufficient language skills to understand the study procedure. The study
was approved by the Competent Ethics Committee of the Canton Bern (SNCTP000002289).
Written informed consent was provided by all subjects.

4.2.2. Demographic, behavioural, and clinical characteristics

Symptom severity was evaluated with the Simplified Version of the Psychogenic
Movement Disorder Rating Scale (S-FMDRS, Nielsen et al., 2017), as well as with the Clinical
Global Impression (CGI) score (0 = no symptoms to 7 = among the most extremely ill).
Duration of symptoms was calculated in months from the beginning of first symptoms to the
date of study inclusion. Current intake of psychotropic medication (i.e., benzodiazepines,
opioids, antidepressants, neuroleptics, and antiepileptics) was assessed. To control for anxiety
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and depression, patients and HC completed the Beck’s Depression Inventory (BDI, Beck, 1961)
and State-Trait Anxiety Inventory (STAI, Spielberger et al., 1983).

4.2.3. Stress biomarkers

To assess stress objectively in FND patients (i.e., hypothalamus-pituitary-adrenal (HPA)-
axis activity), salivary cortisol and alpha-amylase samples were collected. The exact procedure
can be found in Chapter 3.2.2 Saliva Samples. As an estimate of the CAR, the area-under-the-
curve with respect to increase (AUCi) was computed (Pruessner et al., 2003; Stalder et al.,
2016). In comparison to cortisol, which represents a slow stress response (chronic), alpha-
amylase can be used as an indicator for the rapid sympathetic stress response and has previously
been found to be elevated in FND patients (Apazoglou et al., 2017). Therefore, we collected
saliva samples before entering the MRI scanner, in order to assess objective, acute stress levels
in patients using alpha-amylase.

4.2.4. Neuroimaging acquisition and pre-processing

MRI data were recorded using a 3 Tesla Scanner (Magnetom Prisma, Siemens, Germany).
For anatomical imaging, a sagittal-oriented T1-weighted 3D-MPRAGE sequence (TR =
2330ms, TE = 3.03 ms, TI = 1100ms, matrix 256 x 256, FOV 256 mmx 256 mm, flip angle 8°,
resolution 1 mm? isotropic, TA = 5:27 min) was acquired for all subjects (Gallichan et al.,
2016). Functional imaging data were acquired using a whole-brain interleaved multi-slice
BOLD echo-planar-imaging (EPI) sequence (TR = 1300ms; TE = 37 ms, flip angle = 52°, FOV
=230 mm, voxel size = 2.2 mm? isotropic, TA = 6:39 min, for a total of 300 functional volumes.
Imaging data were pre-processed using SPM12 (https://www fil.ion.ucl.ac.uk/spm/software
/spm12/) in MATLAB (R2017b, MathWork Inc., Natick, USA). Functional volumes were first
realigned and co-registered to the structural T1 volume. They were then detrended and
covariates of no interest were regressed out (including constant, linear, and quadratic trends,
average white matter/cerebrospinal fluid time courses, motion artefacts, and global signal).
Functional data were then filtered using a high-pass filter at 0.01 Hz. Lastly, functional volumes
were warped into MNI standard space and smoothed using a spatial Gaussian kernel of Smm
FWHM.

As head motion is known to affect FC analyses in a way that FC in large-scale distributed
networks decreases, while local FC increases (Van Dijk et al., 2012), functional images were
checked for excessive translation and rotation with the framewise displacement (FD) criterion
of Power et al. (Power et al., 2014) at a threshold of FD > 0.5mm. Subjects, in which more than
50% (i.e., > 150 volumes) of volumes showed too high motion, were excluded from further
analysis.
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4.2.5. Resting-state functional dynamics

To characterize large-scale brain network dynamics at rest in patients with FND and HC,
we applied a two-step data-driven methodological approach. First, a whole-brain FC
analysis of within- and between resting-state networks was performed. This analysis identified
the salience- and limbic network as particularly differently connected in FND patients as
compared to HC (see Chapter 4.3. Results). Second, we analysed the spatial and temporal
dynamics of the insula and the amygdala, the hubs of the salience- and limbic network, using a
co-activation pattern (CAP) analysis, a method that allows to study the functional dynamics of
brain networks (Bolton et al., 2020; Liu et al., 2018, 2013). As such, the insular- and amygdalar
co-activations were clustered in time to examine dynamic interactions of these networks and
other regions and networks of the brain.

4.2.5.1. Resting-state functional network connectivity

To assess the resting-state FC of the brain, we first parcellated each participant’s functional
brain data into 17 resting-state networks according to the convention of Yeo et al. (Yeo et al.,
2011). The network-averaged time courses were extracted, and functional network connectivity
was computed using Pearson’s correlation coefficient between the time series of each of the
networks, producing an individual /7 X /7 FC matrix for each subject (Figure 4.1). Negative
values were removed due to their disputed interpretation (Qian et al., 2018). The correlation
coefficients were further z-scored using Fisher-z transformation. Significant differences in
functional network connectivity between patients and controls were assessed using multiple ¢-
tests, corrected using false discovery rate (FDR) at a significance threshold P < @, where alpha
level (a) was set to 0.05.

4.2.5.2. Insular- and amygdalar co-activation patterns

We selected two seed regions (insula and amygdala) representing the hubs of the salience
and limbic networks. The seeds were defined using the automatic anatomic labelling (AAL)
atlas (Tzourio-Mazoyer et al., 2002). The analysis was restricted to voxels within the grey
matter only. The seed time series were scrubbed at 0.5mm, extracted, and z scored in time. To
identify those time-points corresponding to high-amplitude events (activation) within our seeds,
we thresholded the time-series at 0.84 SD (CDF'(0.80) = 0.84) (Liu and Duyn, 2013). To
generate CAPs, we used a customized version of the TbCAPs toolbox
(https://c4science.ch/source /CAP_Toolbox/), which is described in detail in Bolton et al.
(Bolton et al., 2020). In order to identify the optimal number of clusters K, a consensus
clustering approach was performed (Bolton et al., 2020; Monti et al., 2003). Due to the high
dimensionality of the data, and the consequential high computational load for the clustering
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approaches, an additional principal component analysis (PCA) step was introduced, to reduce
the dimensionality of the data. Hence, we concatenated the data of each subject (of size
[n dimensions X t timepoints per subject], where 7 is the number of grey matter voxels) into
a data matrix X with dimensionality of [N dimensions X
T datapoints], where T is the selected number of timepoints across all subjects. The X
matrix was then centred by subtracting the mean of each voxel. X further served as an input to
the PCA. The PCA projected data (scores) W (of dimension [T X T]) were used as an input for
the consensus clustering. Based on the output of the consensus clusters, the cumulative
distribution of consensus values was computed to further calculate the proportion of
ambiguously clustered pairs in order to evaluate the stability of the individual cluster sizes
(proportion of ambiguous clustering, PAC) (Senbabaoglu et al., 2014). The consensus matrices
and the stability measure, defined as 1 — PAC, can be found in the Appendix C, Supplementary
Material for Chapter 4, Figure C.1, Figure C.2 and Figure C.4, Figure C.5. Based on the stability
measure and the consensus matrices, the dimensionality-reduced selected fMRI volumes were
then clustered into three different states (CAPs) using the k-means algorithm. The individual
CAPs were then back reconstructed by multiplying the PC scores with the transposed
eigenvectors and adding back the mean. The CAPs were subsequently spatially z-scored,
representing the distinct insular- and amygdalar CAPs with positive and negative contributions
(Liu and Duyn, 2013). In order to characterize the temporal properties of the obtained CAPs,
we calculated the average duration of a CAP (average number of consecutive volumes assigned
to one CAP multiplied by the TR), the number of entries (how many times a subject transitioned
to a specific CAP), number of volumes corresponding to a CAP (volumes assigned to a CAP),
as well as relative temporal occurrence (defined as the number of volumes assigned to one CAP
normalized by the number of selected volumes). The analyses were repeated with the second
most stable cluster number and can be found in the Appendix C, Supplementary Material for
Chapter 4, Figure C.3 and Figure C.6.

4.2.6. Relationship between CAPs, stress biomarkers, and
clinical scores

As temporal characteristics of dynamic brain states were often found to be a representative
biomarker for neuropsychiatric disorders (Khanna et al., 2014; Michel and Koenig, 2018), we
explored the multivariate patterns of correlation between aberrant CAPs temporal measures,
stress biomarkers, and clinical scores in FND patients using a partial least squares correlation
analysis (PSLC; Krishnan et al., 2011; McIntosh and Lobaugh, 2004). We implemented our
analysis using the publicly available PLS toolbox for MATLAB (https://github.com/FND-
Research Group/myPLS SL.git), the use of which has already been described elsewhere
(Loukas et al., 2021; Zoller et al., 2019). The PLSC thus calculates correlation weights by
means of detecting linear combinations of CAPs’ temporal characteristics and clinical scores
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as such that the covariance is maximized across subjects. The stability of the weights was
assessed using bootstrapping (500 bootstrap samples) and statistical significance was evaluated
using permutation testing (1000 permutations) at an alpha-level of 0.05. To evaluate that our
findings are specific for the FND cohort (with regard to HC), we repeated the analysis in the
HC (without symptom severity scores) in the Appendix C, Supplementary Material for Chapter
4, Figure C.8 and Figure C.9, Table C. 2.

4.3. Results

4.3.1. Clinical and demographic characteristics

Data from 86 FND patients and 76 age- and sex matched HC were included in this study.
Sensorimotor deficits (38.7%), gait disorders (21.5%), and/or tremors (14.6%) were the most
frequent symptoms. FND patients significantly differed in terms of depression and anxiety
scores, with higher levels in patients. Demographic, behavioural, and clinical data are presented
in Table 4.1.
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Table 4.1: Demographic, behavioural, and clinical data

FND HC
(N = 86) (N =176)
37.7 (14.2), 33.1(10.9),
[17-77] [18 —62]
Sex (females/males) 64/22 55/21 ns

Disease severity (CGI, median, quantile) 2[1-4] NA

Disease severity (S-FMDRS, median,
quantile)

Duration of illness (in months) 75 (166)

45 sensorimotor
25 gait disorder
17 tremor
12 myoclonus
13 PNES
8 dystonia
7 PPPD
5 speech disorder
2 functional
deafness
1 functional
vision loss
63 F44.4
7 F44.5
ICD-10 Classification® 30 F44.6 NA
8 F44.7
6 PPPD
14
benzodiazepines
29 antidepressants
6 neuroleptics
9 antiepileptics
6 opioids

BDI score, mean (SD) 14.4 (9.96) 4.59 (6.28) Z=-7.61,P<0.000] ***
1(156.68) = 3.22,

P =0.002 **

STAI-T score, mean (SD) 45.5 (13.0) 33.9(7.11) #(135.07) = 7.14, P <0.001 ***
2Patients can present with several symptom types
"Diagnosis of mixed FND (F44.7) was given when F44.4, F44.5, and F44.6 was present
Significance code: P*** < (0.001, P** <0.01, P* <0.05.

Abbreviations: FND: functional neurological disorders, HC: healthy controls, CGI: Clinical Global Impression Score, S-
FMDRS: Simplified Version of the Psychogenic Movement Disorder Rating Scale, BDI: Beck’s Depression Inventory,
STAI: State-Trait Anxiety Inventory, SD: standard deviation, ns: not significant, NA: not applicable.

Statistics

Age, mean (SD), years, [range] ns

6[2-12.75] NA

Symptom type? NA

Psychotropic medication 0/76

STAI-S score, mean (SD) 37.2(10.9) 32.1(7.67)

4.3.2. Aberrant resting-state network connectivity in FND

For the fMRI analysis, data from one HC and seven FND patients had to be excluded due
to too high motion artefacts (N = 6), due to a bleeding cyst found during the MRI examination
(N =1), or due to drug abuse (N = 1). One HC did not finish the resting-state acquisition in the
MRI and was thus excluded. This leads to a total sample size of 74 HC and 79 FND patients.
Resting-state FC within- and between 17 RSN was computed for each of the remaining subjects.
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Figure 4.1: Resting-state network connectivity in healthy controls (HC) and FND patients. Average within- and between-
RSN FC values in A) HC and B) FND patients; C) p-values for the FND patients-HC group comparisons using multiple t-tests
corrected for multiple comparison using FDR. RSN labels follow the convention of Yeo. Significance code: *P < 0.01; ® ¢
surviving FDR-correction (¢ < 0.01). Abbreviations: Cont = Executive control, Default = Default mode DorsAttn = Dorsal
attention, Sal/VenAttn = Salience/Ventral attention, SomMot = somatomotor, TempPar = Temporoparietal, VisCen = Central
vision, VisPer = Visual perception.

In FND patients, FC between the salience network and the limbic network, as well as the visual
perception network was found to be significantly increased as compared to HC (P < 0.05, FDR-
corrected). Similarly — but not surviving FDR-correction —patients showed increased FC
between the somatomotor network and the dorsal attention network (DAN), the executive
control network (ECN) and the default mode network (DMN) (P < 0.05, not surviving FDR-
correction). Lastly, increased FC was found between the ECN and the temporo-parietal
network, and the DMN (P < 0.05, not surviving FDR-correction).

4.3.3. Distinct dynamic brain networks in FND

4.3.3.1. Insular co-activation patterns

Using the insula as a seed region, we identified three distinct co-activation patterns
corresponding to insular activations. The first CAP (CAP1s) represents an insular activation
pattern with co-activation of the SMA, and a co-deactivation with the DMN, the caudate, and
the nucleus accumbens (NAc), reflecting an insular somatomotor-DMN-related CAP. The
second CAP (CAP2ms) exhibited an insular activation pattern with co-activation of the SMA,
and a co-deactivation with the dorsal DMN, the precuneus, and the visual network, representing
an insular attention network-related CAP. The third CAP (CAP3ms) denotes an insular
activation pattern with co-activation of the cingulate cortex, the superior frontal gyrus, the
caudate, and thalamic nuclei (mediodorsal), as well as co-deactivation of the angular gyrus, the
inferior parietal lobule (IPL), the hippocampus and parahippocampal regions, and the NAc, to
which we refer to as the insular interoception network-related CAP, as it comprises brain
regions involved in interoceptive processing (i.e., insula, striatum, cingulate, PFC (Pollatos et
al., 2005)) (Figure 4.2). Most functional volumes were assigned to CAP1ms (41.10%). 10.05%
of the volumes were assigned to CAP2ms, and 28.85% to CAP3ms, respectively. Group
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comparisons of temporal characteristics revealed that FND patients entered CAP3ms less
frequently than HC (#cap3ins(129.5) = -4.84, P <0.001) and had a lower relative occurrence of
CAP3ins (tcap3ms(138.8) =-3.03, P = 0.009). Further, patients had a shorter duration of CAP 11ns
as compared to HC (fcarims(134.3) =-2.78, P =0.018).

4.3.3.2. Amygdalar co-activation patterns

Likewise, three co-activation patterns were identified corresponding to amygdalar co-
activation. The first CAP (CAP1amy) demonstrated an amygdalar activation pattern with co-
activation of the cuneus and the SMA, and a co-deactivation with the DMN, the midcingulate
cortex, the caudate, cerebellum, and thalamic nuclei (mediodorsal, pulvinar anterior),
representing an amygdalar DMN-related CAP. The second CAP (CAP2amy) characterizes an
amygdalar activation pattern with co-activation of the DMN, the angular gyrus,
parahippocampal regions, the temporal pole, the NAc, and the ventral tegmental area, as well
as a co-deactivation of the insula, the SMA and the DAN (i.e., supramarginal gyrus, TPJ),
representing an attention-related CAP. The third CAP (CAP3amy) represents an amygdalar
activation pattern with co-activation of the IPL, the superior temporal lobe, and the inferior
frontal gyrus (pars triangularis), as well as co-deactivation of the precentral gyrus, and the
precuneus, reflecting a visual network-related CAP (Figure 4.2). 39.13% of the selected
volumes were assigned to CAP1amy, 39.03% of the volumes were assigned to CAP2amy, and
21.84% to CAP3amy, respectively. Group comparisons of temporal characteristics revealed that
FND patients entered CAP1amy less frequently than HC (fcapiamy(141.7) = -2.78, P = 0.018).
There were no significant differences in duration nor relative occurrence of CAPs.
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Figure 4.2: Co-activation pattern (CAP) maps based on insular and amygdalar seed activation. For each seed, three CAPs
were detected. CAPs were Z-scored and only the 15% largest positive and 15% smallest negative contributions are represented
in colour (Z = + 1.04) with red representing positive contributions and blue negative contributions. Locations are displayed in
Montreal Neurological Institute (MNI) standard space coordinates. Abbreviation: Amy = Amygdala, Ins = Insula.

4.3.4. Association with clinical scores and stress biomarkers

To explore the multivariate relationship between aberrant CAPs temporal characteristics in
FND patients with clinical scores and stress biomarkers, a partial least squares correlation
(PLSC) analysis was conducted using the significantly different CAPs temporal metrics as
design variables, and clinical scores and stress biomarkers as outcome variables. Based on
permutation testing, one PLSC component was statistically significant (P = 0.034). The
saliences are shown in Figure 4.3. Salience weights highlighted in yellow indicate statistical
significance and were found to be robust (based on bootstrapping). The data were standardized
and thus, weights can be interpreted similarly to correlation coefficients. A significant positive
correlation was found between the CAPs temporal metrics (CAP3ms — Relative Occurrence and
Entries, and CAP1amy — Entries) and stress biomarkers (CAR and amylase) — meaning that the
lower levels of cortisol were associated with lesser entries, or fewer occurrences, respectively.
A significant negative correlation was found between the CAPs temporal metrics and symptom
severity (S-FMDRS) — meaning that lesser entries and fewer occurrences were associated with
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a worse symptom severity. No correlations were found between CAPs temporal measures and
symptom duration, CGI, psychotropic medication intake, depression nor anxiety.

A LC1 - Stress biomarkers and clinical scores

Saliences
=

Saliences

Figure 4.3: Partial least squares correlation (PLSC) results of the CAPs temporal metrics in FND patients. The outcome
(A) and imaging saliences (B) of the significant PLSC component (P = 0.034) are presented. Error bars represent the 5™ to
95 percentiles of bootstrapping and yellow highlighted bars show robustness. The height of the bar represents the salience’s
weight to the multivariate correlation pattern and can be interpreted analogously to correlation coefficients as the data were
standardized. The permutation null distribution and the bootstrap mean percentiles are reported in Supplementary Fig. 7,
Supplementary Table 1. Abbreviations: Amy = Amygdala, BDI = Beck’s Depression Inventory, CAP = Co-activation pattern,
CAR = Cortisol Awakening Response, Ins = Insula, S-FMDRS = Simplified Version of the Psychogenic Movement Disorder
Rating Scale, STAI = State-Trait Anxiety Inventory.

4.4. Discussion

For the first time in FND, we applied a novel method investigating dynamic co-
(de)activation patterns in the brain and could further link their temporal characteristics to
symptom severity and stress biomarkers.
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As such, based on a static whole-brain within- and between functional network
connectivity analysis, we first highlighted the importance of salience-limbic network
connectivity in patients with FND. Moreover, aberrant FC was found between the salience
network and the somatomotor network, the DAN, the ECN, and the DMN, which however, did
not survive FDR-correction. Second, by applying a co-activation pattern-based approach
(CAP), we investigated the temporal characteristics of the salience-limbic networks. We
identified three transient insular co-activation patterns involving motor regions (e.g., SMA,
caudate), midbrain thalamic nuclei and the mesolimbic dopaminergic system (i.e., NAc),
hippocampal- and parahippocampal regions, the visual-perception network and the DMN.
Similarly, we found three amygdalar co-activation patterns comprising the attention network,
the DMN, motor regions, the midbrain thalamic nuclei and mesolimbic system, temporal
memory-related regions, as well as higher-order regions involved in self-referential processes
(i.e., angular gyrus, TPJ, frontal gyrus). Furthermore, patients entered these states that were
characterized by the insular interoception network activation patterns, as well as amygdalar
DMN network patterns less frequently than HC. Also, the CAP characterized by the insular
interoception network activation pattern occurred less often in FND patients. Lastly, the insular
DMN-related network pattern was found to be activated longer in HC as compared to FND.
Eventually, we identified an inverse relationship between the entries and relative occurrences
of the insular interoception-related CAP (CAP3ms), as well as the amygdalar DMN-related CAP
(CAP1amy) with symptom severity, as well as a positive relationship with the stress biomarkers.
In sum, FND patients were found to have aberrancies in functional brain dynamics
encompassing dynamic insular interoception-related network patterns as well as amygdalar
DMN-related patterns. These aberrancies could further be linked to symptom severity and
biological stress markers. Hence, reduced appearance of these dynamic network patterns can
be associated with worse symptoms and an impaired HPA-axis, as well as sympathetic stress
response. In the following sections, we will discuss first our results in the context of previous
literature. Then, we will provide a narrative review on our results in the context of the Bayesian
model account for FND.

4.4.1. Network disturbances in FND

In this study, we adopted a hierarchical approach in which we analysed whole-brain
aberrant network connectivity and then, investigated the specific dynamic characteristics which
might be implicated in the pathology of FND. The whole-brain (static) functional network
connectivity approach highlighted the importance of functional abnormalities encompassing
the salience-limbic network in patients with FND. Functional abnormalities in the limbic
network have recurrently been reported in patients with FND and are thought to be involved in
the pathophysiological mechanisms underlying symptom production (Aybek and Vuilleumier,
2016; Conejero et al., 2018; Demartini et al., 2021; Thomsen et al., 2020; Voon et al., 2016).
Especially, enhanced amygdalar (re-)activity was frequently found in patients, and was linked
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to impaired motor behaviour (e.g., SMA) (Aybek et al., 2015, 2014a; Diez et al., 2019; Hassa
etal., 2017; Voon et al., 2010a). In addition, the insula was suggested to exert a mediating role
in the emotional influence over motor behaviour (Vuilleumier, 2014). These findings imply
impaired emotion regulation in patients and underline a direct limbic influence on motor control
(Voon et al., 2010a). At the circuit level, many of the limbic emotional processing functions
overlap in the salience and interoceptive circuits emphasizing their importance in interrelated
network dysfunctions. For instance, patients showed increased attentional bias towards threat-
related stimuli (Bakvis et al., 2009a, 2009b). This might be explained by means of heightened
salience for emotional relevant contextual cues due to increased bottom-up activation of the
amygdala and the periaqueductal grey (Aybek et al., 2014a; Voon et al., 2010a). The insula, on
the other hand, is involved in the detection of internal and external stimuli (Uddin, 2017), and
has been associated with interoceptive deficits (Pick et al., 2019), and increased self-monitoring
in FND patients (de Lange et al., 2007; Pareés et al., 2013). Lastly, aberrant connectivity in
FND has also been found between the amygdala and the insula to higher-order regions involved
in external- and internal stimulus-driven processes such as self-agency and motor behaviour
(Aybek and Vuilleumier, 2016; Maurer et al., 2016; Monsa et al., 2018; Perez et al., 2017b;
Voon et al., 2010b; Vuilleumier, 2014; Weber et al., 2022). Our results, thus, support the notion
of abnormal salience-limbic activity and connectivity in FND patients, which might underlie
dysfunctional emotion regulation and interoceptive deficits.

Further evidence arises from our co-activation pattern analysis (Liu et al., 2018), in which
we assessed spatial and temporal connectivity features of the insula and the amygdala,
representing key nodes of the salience-limbic network. We identified decreased insular co-
activation patterns engaging the interoceptive network, as well as decreased amygdalar co-
activation patterns involving the DMN network. Reduced CAP temporal measures can be
interpreted as decreased inter- and intra-network coupling (Griffa et al., 2021). As such, patients
had a lower relative occurrence and entered the insular-interoception-related CAP (CAP31ns)
less frequently than HC representing decreased intra-network coupling in FND. Similarly,
patients entered insular- and amygdalar CAPs related to co-deactivation of DMN less frequently
than HC (i.e., CAPlamy), respectively spent less time in that CAP (i.e., CAP1lms), pointing
towards a reduced inter-network coupling in patients.

Of particular interest are the decreased temporal dynamics in FND patients regarding the
CAP1ms and CAP1amy, both characterized by co-activation of the somatomotor network as well
as co-deactivation of the DMN. The insular- and amygdalar co-activation with the somatomotor
network reflects previous findings and hypotheses of limbic influences on motor pathways in
FND (Aybek et al., 2015, 2014a; Diez et al., 2019; Hassa et al., 2017; Voon et al., 2010a).
Moreover, inter-network synchronization of the somatomotor network and the DMN was found
to facilitate execution of motor functions (Wu et al, 2020), and re-organization of
somatomotor-DMN connectivity was associated with motor function recovery during
neurorehabilitation (Hu et al., 2021). Therefore, a reduced coupling between the DMN and the
somatomotor network in FND might be implicated in impaired execution of motor functions.
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In general, functional abnormalities in the DMN have frequently been observed in diverse
neuropsychiatric disorders (Nair et al., 2020; Whitfield-Gabrieli and Ford, 2012). Its proper
functioning is crucial for integrative and self-referential processes (Davey et al., 2016), and
reduced functional inter-network coupling of the DMN has been associated with enhanced self-
referential processing (van Buuren et al., 2010), which can further affect orientation of attention
(S. Zhao et al., 2018; Zhao et al., 2015). Likewise, increased self-referential processing and
shifted attention towards self-relevant cues have also been observed in FND (Cojan et al., 2009;
Pareés et al., 2012). As such, patients’ symptoms were found to worsen when focusing their
attention on the affected limb, and to improve when shifting it away, reflecting aberrant
dynamic processes in the brain underlying symptom production potentially related to reduced
inter-network coupling of the DMN (de Lange et al., 2008; Espay and Lang, 2015; Huys et al.,
2021; Pareés et al., 2013).

The second interesting pattern encompasses the insular-interoception network-related CAP
(CAP3ms) and its related temporal measures. The intrinsic connectivity of the insular-salience
network has previously been associated with increased interoceptive accuracy (Chong et al.,
2017). Noteworthy, the connectivity between the insular interoception/salience network with
the right TPJ is implicated in stimulus-driven attention and detection of relevant internal and
external cues (Kucyi et al., 2012). In line with our findings, aberrant TPJ activity in particular,
was suggested to play a key role in the pathophysiology of FND, and more specifically, has
been associated with a decreased self-agency (Aybek and Vuilleumier, 2016; Demartini et al.,
2021; Drane et al., 2020; Maurer et al., 2016). Likewise, increased link-step connectivity from
the insula to the TPJ was associated with symptom severity in FND patients (Diez et al., 2019).
In addition, and firstly in FND, we identified an insular activation pattern with co-activation of
the thalamus and co-deactivation of the NAc (CAP3ms). Previously, it could be shown that the
insula, the thalamus, and the NAc play a fundamental role in predictive processing. As such,
the thalamus projects goal-driven anticipation signals to the NAc, whereas the insula provides
information on emotional valence, thus possibly modulating NAc behaviour (Cho et al., 2013).
Our results showed decreased insular-NAc coupling in FND, which might indicate reduced
modulating insular influence on the NAc. Simulating reduced NAc activity, dopamine receptor
antagonists in the NAc were found to increase latency to motor initiation (Morrison et al., 2017;
Nicola, 2010). Reduced motor initiation has also been described in FND (de Lange et al., 2008,
2007; Marshall et al., 1997; Stone et al., 2007; Tiithonen et al., 1995) and was further linked to
increased activity of the prefrontal cortex. The prefrontal cortex — as part of the DMN —is active
during self-referential processes (Gusnard et al., 2001), thus, linking dysfunctions in motor
initiation to increased self-monitoring in FND patients (Cojan et al., 2009).

These results highlight the impaired intrinsic- as well as cross-dynamics of the salience-
limbic network in FND (Drane et al., 2020; Pick et al., 2019). In particular, symptom
production, misdirected attention, and increased self-referential processing in FND might be
reflected by the reduced functional coupling of the DMN in FND with the salience-, limbic-,
and somatomotor network, as well as intra-network coupling of the interoception network.

92



4.4.2. Network dynamics from a Bayesian model perspective

To connect our findings on the aberrancies in DMN and interoceptive network-related
CAPs and their associated neuroscientific concepts, we can model somatosensory deficits,
impaired interoception, and aberrant self-monitoring in FND as an iterative process during
which the brain’s expectation on sensory input is based on precise internal models which are
continuously updated through incoming sensory information and current internal body states
(perceptual inference). Mismatches between the perceptual inference and actual sensory input
is calculated as a prediction error (Edwards et al., 2012; Friston, 2010; Paulus et al., 2019). In
such a hierarchical Bayesian approach, perceptual inferences can be strongly affected by
expectations on the outcome, i.e., prior beliefs. FND patients have previously been suspected
to overweight their prior beliefs on sensory input, misapprehend the prediction error, and
attribute the abnormal sensation to their supposedly involuntarily produced symptoms (Pareés
et al., 2013, 2012). We further narratively review our results on reduced insular interoceptive
network coupling and amygdalar DMN coupling in the context of the Bayesian model for FND
(Edwards et al., 2012). As such, the insular cortex (interoception) computes the prediction error
by integrating internal and external somatosensory stimuli, and - amongst others - receives
emotionally valenced information from the amygdala (Clark et al., 2018), at which the
amygdala exhibits a biased attention towards threat potentially explained by its judgement of
novel sensory input based on past (aversive) life events (Pareés et al., 2012). Subsequent
bottom-up integration of somatosensory input biased through salience-limbic hyperpriors can
cause a misinterpretation of the contextual information (i.e., the prediction error) in the higher-
order regions (Fox et al., 2018). The concept of wrongly delivered somatomotor-limbic
information to higher-order integration regions has previously been supported by findings on
enhanced functional propagation from motor-limbic information to the multimodal integration
network in FND (Diez et al., 2019). Further, insular-TPJ connectivity was related to symptom
severity, and increased insular-amygdalar connectivity predicted clinical improvement. In a
similar study, patients were found to remain longer in certain brain states associated with
attentional- and self-reflective processes, which might result in misinterpretation of the
prediction error and excessive precision weighting due to increased attention as an effect of the
hyperpriors (Marapin et al., 2020).

According to the Bayesian model account for FND (Edwards et al., 2012), hyperpriors are
generated in intermediate steps of the hierarchy and interpretation of the prediction error
depends on its precision weight. Furthermore, the precision of the prediction error is encoded
as gain of synaptic strength mediated by neurotransmitters such as dopamine (Feldman and
Friston, 2010). Firstly, in FND, we described an insular co-deactivation with the NAc
(CAP3ms). In the framework of the Bayesian account for FND, the reduced insular co-
deactivation of the NAc might represent impaired mesolimbic dopaminergic neuromodulation
as a result of emotionally-valenced hyperpriors. The dopaminergic projections from the NAc
further modulate striatal nuclei involved in motor behaviour (Sesack and Grace, 2010),
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potentially strong enough to elicit symptoms in FND. This intermediate limbic-striatal local
loop might further increase the prediction error and subsequently reinforces prior beliefs as a
result of wrongly encoded gain of synaptic strength.

In summary, our results firstly showed that aberrant dynamic brain states in FND
encompass the intra-network coupling of the interoceptive circuits as well as inter-network
coupling between salience-limbic networks and the DMN using a co-activation pattern analysis.
This supports the notion that perception in FND is strongly influenced by the dynamic
behaviour of salience-limbic lower-order regions and their influence on higher-order cognitive
processes. Second, we hypothesized that mesolimbic dopaminergic activity might directly elicit
abnormal motor behaviour mediated by hyperpriors, and thus, bypassing higher-order executive
control networks and consequently strengthening hyperpriors in FND. These concepts are
visually represented in Figure 4.4.
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mmmm Default Mode Network (DMN): increased self-reflective processes —» Hyperpriors
mmmm Insular-Interoception (and limbic) Network: impaired emotion Mesolimbic dopaminergic reinforcement loop

regulation and homeostasis Misinterpretation prediction error
Sensorimotor Network and TPJ: impaired motor behaviour
and sense of agency

Figure 4.4: Visual representation of the insular- and amygdalar co-activation pattern-related networks and related
neuroscientific constructs in functional neurological disorders. The insular cortex is involved in the computation of the
prediction error (grey dotted arrows), whereas the amygdala provides information on priors (red arrows). Bottom-up integration
of somatosensory input is biased by hyperpriors from the salience-limbic networks, leading to a misinterpretation of the
prediction error and excessive precision weighting. The precision of the prediction error is encoded as a gain of synaptic
strength, mediated by the mesolimbic dopaminergic system (yellow arrows). The limbic-striatal loop reinforces prior beliefs
as a consequence of wrongly encoded gain of synaptic strength in the NAc. Abbreviations: Amy = Amygdala, IPL = Inferior
Parietal Lobule, NAc = Nucleus accumbens, PFC = Prefrontal Cortex, TPJ = Temporo-parietal Junction.

4.4.3. Clinical implication and stress biomarkers

In FND patients, the here found differences in temporal characteristics of the insular CAP
associated with the interoception network, as well as the amygdalar CAP associated with the
DMN further correlated with stress biomarkers and clinical scores. Namely, reduced
occurrences and entries are associated with reduced stress biomarkers, as indexed by cortisol,
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representing a slow or chronic response to stress, as well as indexed by alpha-amylase,
representing the rapid autonomous sympathetic stress response (Apazoglou et al., 2017).
Dynamic shifts in DMN-salience connectivity have previously been associated to an altered
cortisol stress response (Zhang et al., 2019). As such, increased stress reduced inter- and intra-
network coupling of the DMN, whereas it increased intra-network connectivity of the salience
network. The salience network, thus, has been suggested to play a pivotal role in the response
to acute stress, whereas the DMN has rather been associated to post-stress homeostatic
restoration and emotion regulation (van Oort et al., 2017). Likewise, changes in the dynamic
interaction of the DMN and salience network were associated with the autonomous stress
response (as measured using heart rate variability) upon stress induction, suggesting a carry-
over effect of stress on functional brain network dynamics (Chand et al., 2020). Interestingly,
CAP3ms shows substantial overlap with the insular-frontoparietal cognitive control network
(insuFPCN) as reported by Gaviria et al. (Gaviria et al., 2021), which has been linked to
emotion elicitation and adaptive homeostatic regulations after stressful events. In FND, reduced
temporal characteristics of the insular and amygdalar co-deactivation of DMN-related CAPs
might represent an impairment in the restoration of homeostatic processes in the aftermath of
(acute) stressful events (Gaviria et al., 2021) in relation to aberrant self-referential processes
(Cojan et al., 2009; Pareés et al., 2012) and emotion regulation (Voon et al., 2010a).

Second, abnormalities in salience-limbic network dynamics showed an inverse relationship
with symptom severity, meaning that a reduced appearance of these states was associated with
worse functional symptoms. Similarly, for the first time, dynamic changes in the DMN could
be linked to symptom severity in major depressive disorder (Sendi et al., 2021). Interestingly,
dynamic aberrancies were not associated with depression or anxiety scores in FND patients, but
negatively correlated with depressive and anxious behaviour in HC, Appendix C,
Supplementary Material for Chapter 4, Figure C.8, Figure C.9, Table C.2. Our study design
does not allow to infer upon causal relationships between stress biomarkers, clinical scores, and
the time-varying temporal dynamics of distinct brain networks in FND. These findings,
however, point towards an interaction between symptom presentation and the appearance of
certain brain states related to salience-limbic networks and the DMN, potentially driven by
dysfunctional autonomous- and HPA-axis stress response. The fact that in HC interoception-
CAP3ms and DMN-CAP1amy negatively correlated with depressive and anxious behaviour
might delineate that enhanced appearance of these CAPs acts as an intrinsic protection
mechanism, as such that reduced appearance might represent a susceptibility factor for
neuropsychiatric disorders such as FND.

4.4.4. Limitations

Co-activation pattern analysis represents a novel method to study functional brain network
dynamics in FND. However, adopting a seed-based approach might be susceptible to noise. As
it works on a single-volume resolution, all selected timepoints show high activity in the seed
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region and consequently will the resulting CAPs (Liu et al., 2018) Therefore, co-activation with
other regions might occur at change-level, without an actual physiological relevance. Second,
although our sample size is considerably large, the FND population is heterogenous in type and
severity of symptoms, which impedes the generalizability of the results. In addition, patients
often suffer from comorbidities such as panic-, mood-, or anxiety disorders (Carson and Lehn,
2016), which is also reflected in our population. The CAPs temporal characteristics in FND did
not correlate with depressive or anxious behaviour, indicating that our results were not
necessarily driven by depression and anxiety. In HC, however, the CAPs temporal measures
were inversely related to depression and anxiety scores, and this association, and its potential
effect on dynamic behaviour of the brain, must be further investigated before drawing final
conclusions. Lastly, even though psychotropic medication intake did not correlate with our
findings, the effect of patients’ diverse medication intake on functional brain dynamics must be
evaluated with caution, especially regarding our hypothesis on the mesolimbic dopaminergic
system as a positive reinforcement of the prediction error.

4.4.5. Conclusion

Our study firstly explored aberrant dynamic salience-limbic inter-and intra-network
connectivity patterns in FND. We identified altered insular co-activation patterns with the
DMN, and regions involved in interoception. Moreover, aberrant amygdalar co-activation
patterns with the DMN were detected. These dynamic functional alterations could further be
linked to stress biomarkers and symptom severity in patients. In line with previous findings on
abnormal emotion regulation, interoceptive deficits, and increased self-referential processes
these findings firstly investigated dynamic alterations in related networks, which might account
for the clinical symptom presentation in FND. Furthermore, these results support the Bayesian
account for FND, in which hyperpriors are generated in intermediate steps of the cortical
hierarchy. Correspondingly, we firstly introduced the hypothesis of that the mesolimbic
dopaminergic synaptic gain might be implicated in the production and reinforcement of the
prediction error in FND. In essence, temporal brain dynamics linked to interoception, and self-
referential processes was associated with functional symptom presentation and can be linked to
abnormal predictive coding in FND. However, causal relationships between brain functional
dynamics, symptom severity, and stress regulation in FND remain to be discovered and results
must be replicated paying attention to psychotropic medication, and psychiatric comorbidities.
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CHAPTER 5

General Discussion and Outlook
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5.1. Recap Thesis Background and Aims

Functional neurological disorder (FND) is a condition at the border between neurology and
psychiatry (Perez et al., 2020). Born as hysteria, FND rose to fame during the 19" century,
accompanied by the interest of Charcot and Freud, only to become a relict of antiquity during
the 20" century (Fend et al., 2020). FND never actually vanished, thus research had to abandon
the mind-body dualism, and neurology and psychiatry were united again in FND. With the
efforts to not only understand why but also sow the symptoms develop, a new era started for
research in FND (J. Stone et al., 2010b).

Contemporary models of FND focus on the integration of a multifactorial origin of FND
(Cretton et al., 2020; Keynejad et al., 2019), including a range of different predisposing,
perpetuating, and precipitating factors. As one of the most commonly studied risk factor in
FND, childhood trauma — particularly sexual and physical abuse — has repeatedly been found
(Kanaan and Craig, 2019; Karatzias et al., 2017; Reuber et al., 2007; Roelofs and Pasman,
2016). More recently, emphasis was put on the significant role of emotional neglect in the
development of FND (Ludwig et al., 2018). Nonetheless, only little emphasis has been devoted
to the biological consequences of adverse life events in FND. Hence, only few studies
investigated a potential dysregulation in the biological stress system — the HPA axis — and
results were often contradictory and difficult to interpret.

In addition, multiple brain network dysfunctions have been identified in FND with major
impairments in the limbic and salience networks — responsible for emotion processing,
awareness and interoception —, as well as fronto-parietal- and sensorimotor networks — involved
in attention motor intention and self-agency. As such, symptom production and their neural
correlates can be interpreted in the framework of a Bayesian model (Edwards et al., 2012;
Friston, 2010), in which symptom presentation is strongly influenced by prior beliefs on their
severity rather than on external sensory inputs. Those prior beliefs might arise from past adverse
life events, i.e., physical or psychological trauma (Pareés et al., 2012). Locating the attentional
focus on the symptoms themselves can then increase expectancy on their severity strong enough
to actually cause abnormal motor behaviour.

Connecting the knowledge on diverse network dysfunctions and multifactorial- and
integrative models on FND development and symptom production could help translating the
knowledge from bench to bedside in terms of identifying latent disease mechanisms and
defining potential prognostic and diagnostic biomarkers for FND.

This thesis, therefore, set out to study the link between biological and psychological stress
and the neural correlates of FND, in order to advance the understanding of underlying disease
mechanisms and to investigate potential objective biomarkers for the disorder. As such, this
thesis exposits 1) aberrant FC as a potential imaging-based biomarker for FND in a multi-centre
setting, 2) the biological stress axis in FND patients and potential experience-dependent
anatomical changes to examine the biological relevance of stress, and 3) how functional brain
dynamics relate to clinical symptom presentation, as well as biological stress markers.
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5.2. General Findings of the Thesis

5.2.1. Multi-centre classification using resting-state functional
connectivity

Aberrant FC in FND patients was previously found to be a strong predictor when
classifying against HC (Wegrzyk et al., 2018) using a SVM classifier. In order to work towards
a clinical application of aberrant FC as a positive, imaging-based biomarker for FND, the
previously found results were replicated within and across different centres using a pooled and
a scanner-specific cross-validation approach. First, the results were successfully replicated in
other movement disorder centres with overall accuracies at or above 70% (centre I: 73.9%/11:
72.9%/111: 70.8%/ IV: 70.0%), highlighting the robustness against clinical heterogeneity as the
different patient populations differed in symptom presentation and severity (intra-centre cross-
validation). Second, the classification approach was found to be robust enough when pooling
the data from four different centres including different patients and different MRI scanners
(pooled cross-validation). Moreover, classification results were not affected by symptom
severity, psychological comorbidities nor psychotropic medication. Together with the results
on the intra-centre cross-validation, these results strongly suggest that machine learning is a
robust tool to detect subtle differences in FC between patients and controls, independent of their
clinical symptom presentation, severity of symptoms, or psychological comorbidities. Thus,
functional brain abnormalities in patients might represent an FND specific trait. To further
confirm this, FND patients must be compared as well to other patient groups with similar
symptoms but different diagnoses. Moreover, we must also consider that other predisposing or
precipitating factors (Hallett et al., 2022) — such as genetic factors or adverse life events — might
underlie these traits and potentially influence classification performance.

As a last step, however, the classification did not succeed, when using N — [ centre as
training set, and evaluate on the left-out centre (inter-centre cross-validation). Compared to the
previous validation steps, during the inter-centre cross-validation step, the classifier did not
possess prior knowledge on scanner-induced confounding factors. Inter-scanner variability
(Noble et al., 2017), therefore, represents an obstacle yet to be overcome, as it introduces noise
that is fully unrelated to the disorder (Abdulkadir et al., 2011) and thus limits the
generalizability across centres. From a clinical perspective, a failure of the inter-centre cross-
validation might also be attributed to the different FND symptoms represented in each centre
used as test set. For example, centre IV presents with myoclonus in its majority, which could
limit the generalizability against other subtypes.

When further investigating the results on the successful pooled cross-validation, we
evaluated the contribution of different FC patterns to the classification. We identified regions
that were commonly found in the literature in FND, such as 1) limbic regions (Aybek et al.,
2015; Espay et al., 2018b, 2018c; Monsa et al., 2018), 2) sensorimotor regions (Baek et al.,
2017; Blakemore et al., 2016; Cojan et al., 2009), or 3) right temporal regions (i.e., TPJ (Aybek
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et al., 2014a; Espay et al., 2018b; Maurer et al., 2016). Of particular interest is the aberrant
functional connections between the temporo-parietal regions to sensorimotor regions. With the
TPJ being the key region of the processing of the sensory prediction signal (i.e., sense of
agency), aberrant FC to sensorimotor regions might cause an impaired sensorimotor integration
and thus, could explain the feeling of symptoms being experienced as if produced involuntarily
(Perez et al., 2012; Voon et al., 2010b).

In summary, a machine learning classification approach showed promising results when
classifying against healthy controls in a multi-centre setting. The classification was mostly
driven by regions commonly found to show impaired activity or FC, independent of symptom
presentation and severity, comorbidities, or medication status. Potentially representing a trait
marker of FND, aberrant FC in FND patients thus represent a promising potential biomarker
for the disorder. Future validation steps focusing on the inclusion of patient groups with similar
symptoms, and further technical development to provide generalizability across centres,
however, are of utmost importance.

5.2.2. A biopsychological approach to the stress-diathesis
model

FND patients are suspected to find themselves in a hyperarousal state, as defined by
enhanced sympathetic activity (Bakvis et al., 2009a; Kozlowska et al., 2017b, 2015). Only few
studies, however, have investigated the HPA-axis — and in this context cortisol as a marker for
stress — and results were inconsistent, what can be mostly explained by the increased variability
of cortisol due to diverse confounding factors and different experimental settings (Hellhammer
et al., 2009). In order to generalize previous findings, potential dysregulations of the HPA-axis
were investigated and its association with psychological-, and neurological correlates of stress
were examined — a line of research that has never been pursued before. In a large population of
mixed FND patients, a flattened CAR was identified. The here found effect was even more
profound in patients with a history of childhood emotional neglect, whereat this effect could
not be identified in HC. Generally, patients reported more emotional neglect, which lasted in
average 4.5 years longer as compared to HC. When evaluating the association between different
dimensions of emotional neglect and the flattened CAR — as observed in patients — it was
confirmed that not only the sole fact of having had experienced emotional neglect during
childhood but also its severity and duration of the emotional neglect significantly contributes
to the multivariate pattern of correlation between emotional neglect and the flattened CAR in
FND patients. The acute response to stress is an activation of the HPA axis and a subsequent
increase in cortisol levels. Prolonged exposure to stress, however, is suggested to cause a
maladaptive habituation, or downregulation of the HPA-axis stress response leading to reduced
cortisol levels. Similarly, hypocortisolism has been previously described in patients suffering
from PTSD (Pacella et al., 2014; Pan et al., 2018; Rauch et al., 2020; Wahbeh and Oken, 2013;
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Wessa et al., 2006). Apart from PTSD - but less intensively studied — hypocortisolism has also
been observed in other stress-related functional somatic disorders with a potential relation to
trauma, such as burnout with physical complaints, chronic fatigue syndrome, fibromyalgia, or
idiopathic chronic pain (for review: Heim et al., 2000). Similarly, a flattened cortisol profile
could even be detected in relation to emotional neglect in patients with fibromyalgia (Yeung et
al., 2016).

Lastly, alterations in brain volumes of regions particularly sensitive to chronic stress (i.e.,
hippocampus, amygdala) were examined on the presumption of the neurotoxic effect of chronic
cortisol exposure. Patients were found to have a reduced hippocampal and amygdalar volume
as compared to healthy controls. These results are consistent with previous findings on patients
with PTSD (Heim et al., 2000; Herman, 2013; Yehuda and Seckl, 2011), in which a neurotoxic
effect of cortisol has been suggested. A significant multivariate pattern of correlation between
cortisol and brain volumes, however, was only detected in HC but not in FND patients.
Therefore, the here found results do not point towards a reduction in brain volume due to a
neurotoxic effect of cortisol, and rather denotes to be the product of a neurodevelopmental
effect of childhood emotional neglect or a biological predisposition (i.e., congenitally smaller
brain volumes).

In summary, a flattened CAR in FND patients could be linked to severe and prolonged
(childhood) emotional neglect, pointing towards long-term maladaptive habituation of the
HPA-axis. Contrarily, reduced subcortical volumes were not directly related to the
dysfunctional HPA-axis and thus, might represent a predisposing vulnerability factor
(congenital or neurodevelopmental) to FND. Nevertheless, these results do not provide
evidence for causal relationships between biological, neurological, and psychological correlates
of stress and further studies are needed in order to disentangle specific effects of predisposing,
precipitating, and predisposing factors in the aetiology of FND. To conclude, the here found
results point towards a multifactorial stress-diathesis model for the pathophysiology of FND.
Different phenotypical variations in symptom presentation thus might be ascribed to individual
contributions of biological-, and psychological risk factors for FND.

5.2.3. Dynamic functional connectivity

Functional brain abnormalities in patients with FND potentially underlying symptom
production have commonly been studied using static FC approaches in which brain activity is
summarized as the temporal correlation between spatially distinct brain regions. Nowadays,
however, it is known that the brain behaves dynamically and changes between different so-
called brain states in order to flexibly adapt its behaviour to intrinsic and extrinsic stimuli
(Brembs, 2021; Michel and Koenig, 2018). Here, the importance of the salience-limbic network
connectivity was highlighted using a static whole-brain within- and between functional network
connectivity analysis. As a next step, the dynamic behaviour of the salience- and limbic network
— or more specific of the insula and the amygdala as seed regions — was investigated using a
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dynamic co-activation pattern (CAP) approach. Conceptually, different CAP maps were
detected by means of k-means clustering on those functional volumes showing highest activity
in the seed regions. Doing so, three CAPs were identified for each seed regions encompassing
insular co-activation patterns with somatomotor regions, the DMN, attention networks, and the
interoception network, as well as amygdalar co-activation patterns involving the DMN,
attention networks, and higher-order function networks (i.e., self-referential processes).

In particular, patients showed reduced temporal characteristics (i.e., duration, occurrences,
entries) of the insular CAPs related to the co-activation of the interoception network and the
co-deactivation of the DMN, as well as the amygdalar CAP related to DMN co-deactivation.
The DMN plays a crucial role in diverse self-relevant processes (Davey et al., 2016), whereas
the insular-interoception network is implicated in somatosensory perception as well as
emotional awareness (Barrett and Simmons, 2015; Gu et al.,, 2013). Reduced insular
interoceptive coupling, as well as amygdalar DMN coupling can be put in the context of a
Bayesian model account for FND (Edwards et al., 2012), at which hyperpriors on a behavioural
outcome are computed in intermediate steps of the cortical hierarchy (i.e., insula, amygdala),
which might cause a miscalculation and misinterpretation of the prediction error by higher-
order systems (i.e., TPJ) by means of its precision weight. The precision of the prediction error
is thought to be encoded as gain of synaptic strength of neuromodulatory neurons (Feldman and
Friston, 2010). Such neuromodulatory circuits might encompass the dopaminergic mesolimbic
system, for which potential abnormalities are firstly identified within the framework of this
thesis. As such, reduced co-activation of the insula and the nucleus accumbens might modulate
dopaminergic projections (Cho et al., 2013) which might further impair motor behaviour
through striatal pathways (Sesack and Grace, 2010). Intermediate limbic-striatal local loop
might enhance the abnormal sensations and consequently reinforces prior beliefs on
behavioural outcomes as a result of wrongly encoded gain of synaptic strength.

Abnormal prior beliefs might also arise through a maladaptive attentional process through
nocebo-like mechanisms (Fiorio et al., 2022). Particularly, the placebo effect — contrarily to the
nocebo effect referring to the improvement of clinical symptoms within a positive psychosocial
context — has been associated with an increase of dopamine in the striatum in Parkinson’s
patients (Lidstone et al., 2010), highlighting the potential involvement of dopaminergic
pathways in somatic perception. Similarly, the hypothesis on that a nocebo effect can be learned
in the form of a classical conditioning (Van den Bergh et al., 2002) — which as well involves
dopaminergic pathways (Galaj and Ranaldi, 2021) — supports the notion of a reinforcement of
maladaptive prior beliefs and expectations, strong enough to trigger the misperception of
somatic sensations (Beissner et al., 2015).

Lastly, dynamic functional aberrancies could be linked to symptom severity and stress
biomarkers. Previously it could be shown that dynamic brain states might be linked to emotion
regulation and restoration of homeostasis in the body (Gaviria et al., 2021). As such, this
analysis firstly revealed a connection between dynamic brain states, symptom severity, as well
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as stress biomarkers, which might explain the fluctuations of functional neurological symptoms
as a dynamic interplay between internal and external events.

5.3. General Limitations and Future Directions

One major limitation of this thesis is the generalizability of the findings to specific FND
subtypes. With our decision to apply a transdiagnostic approach, we were not limited by being
able to only recruit patients with a particular symptom type, but — on the contrary — cannot
assign our findings to an individual symptom type. Therefore, the here identified findings rather
represent a general “footprint” of FND. Future studies should also aim at replicating the here
found results by focusing on only one symptom type by means of a differential diagnostic
approach to identify biomarkers specific for that symptom and to be able to focus on a specific
neurological pathway.

Apart from using a transdiagnostic approach, the patients were found to suffer from
movement disorders most commonly (e.g., tremor, gait disorders) whereas PNES or PPPD was
rarer. Consequently, we lack the power to assert whether these findings might be generally
FND-related or rather specific to a certain FND type (e.g., motor FND). Moreover, psychiatric
or physical comorbidities such as depression, anxiety or pain and fatigue were very common
across the patients recruited in this study, which is commonly observed (Carson and Lehn,
2016). Even though we corrected for psychiatric comorbidities, results might not be solely
attributed to FND. Analogously, we did not systematically screen for detailed non-motor
symptoms such as chronic fatigue or pain. Especially chronic pain might as well lead to
substantial changes in the brain (Li and Hu, 2016) and thus, could have influenced the results.
Likewise, symptom severity and illness duration differed between the patients. This might
impact the results in terms of a long-term adaptations or changes in brain functions or biological
data as a consequence of prolonged suffering. Likewise, data from FND patients were compared
only to data from HC. However, to translate findings into a clinical routine, results must be
robust against other psychiatric conditions or neurological diseases which might overlap in
symptom presentation. Thereby, these findings are not necessarily specific to FND, as — for
instance — a reduced CAR or smaller hippocampal volumes have also been reported in other
neuropsychiatric disorders such as PTSD (Rauch et al., 2020), chronic pain, or fibromyalgia
(Heim et al., 2000; Yeung et al., 2016). Therefore, future studies should include patients with
more balanced symptom types, and better characterize across neurological and psychological
domains in order to define individual implications on the pathophysiology within FND (e.g.,
motor FND versus PNES) but also between different disorder (e.g., FND versus PTSD). To
also provide clinical utility for differential diagnostic approaches, future studies must include
psychiatric or neurological control populations. Correspondingly, data should also be compared
in a within- and between-group design to evaluate factors such as symptom severity and illness
duration (Perez et al., 2021).
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Further limitations arise when studying biological data, such as cortisol. Especially
hormones strongly interplay within a homeostatic process and alterations in hormonal levels
might represent fluctuations due to rapid adaptations to situational aspects rather than disease-
specific traits (Stalder et al., 2016). A next step could be to assess RNA levels for
mineralocorticoid or glucocorticoid receptors in the brain in order to assess change in
expression levels. Generally, to gain a more representative picture of ongoing homeostatic
processes within the body, studies should measure several key players by means of hormones
or metabolic products, but also genetic or epigenetic data. Moreover, potential confounding
factors must be addressed carefully and relationships across other risk factors must be
considered (e.g., neurodevelopment, sex differences, social factors).

Generally, data assessed in a cross-sectional manner cannot provide sufficient information
on the actual disease development. As such, it cannot be concluded whether the here found
results represent a cause (e.g., subsequent consequence of a trauma), a risk factor (e.g.,
biological-, or psychological predisposing factors), or merely an effect of being ill. This
highlights the need of longitudinal studies, which include the assessment of neuroimaging,
behavioural, endocrine, and/or genetic data in order to investigate state versus trait markers of
FND, as well as to study potential pathophysiological mechanisms.

In terms of the technical limitations, especially resting-state fMRI data can be subject to
noise and artefacts, and findings might be result of these, or thorough data cleaning and pre-
processing might accidentally remove signal of interest (Bright and Murphy, 2015; Goto et al.,
2016). This represents particularly a strong limitation in terms of using multi-centre imaging
data, where artefacts and noise can arise from different technical or human sources. Future
studies should still aim at collecting multi-centre data but by implementing a quality assurance
program which assures collective data acquisition, validation and monitoring (Glover et al.,
2012). Particularly for research in FND, no such international data sharing initiative exists.
Effort must be devoted to establishing multimodal international databases including
standardized data collected across different centres.

In general, numerous studies, including this PhD thesis, identified neural correlates of
FND, correlated it to symptom severity, investigated the stress regulation, adapted
multifactorial theories, and applied the latest research methods, not only with the aim to better
understand the underlying pathological mechanisms, but also to translate the knowledge from
bench to bedside by means of identifying objective biomarkers. Such biomarkers could provide
additional rule-in criteria and further strengthen the clinical diagnosis. Unfortunately, previous
results — or biomarkers — reflect group-level comparisons and cannot yet be applied on an
individual basis. Moreover, many network aberrancies and dysfunctions in neuroscientific
concepts have been repeatedly identified but thorough replication and validation studies are
missing (Thomsen et al., 2020). Similarly, research on biological and/or genetic factors in FND
is in its beginnings. Only few studies exist and often reported controversial results, which makes
larger and standardized (replication- and validation) studies of need.

105



In summary, future studies should include different FND phenotypes, but handle
neurological and psychological factors with care. Patients must be compared in within- and
between group designs using diverse control groups. Moreover, longitudinal studies are of need
to disentangle maladaptive adaptations and congenital-, or predisposing factors. Findings must
then be replicated and carefully validated in standardized multi-centre studies. Lastly, technical
limitations should be approached by unifying methods, for instance in terms of confounding
factors. Additionally, studies should encourage the use of multimodal imaging, biological,
psychological, or genetic data in order to contextualize the findings into a multi-factorial disease
model.

5.4. Contribution to the field

The aim of this thesis was to connect the Zow and the why by means of studying the
neurological-, biological-, and psychological aspects of FND and thereby advance the
understanding of pathophysiological mechanisms. There are several important contributions to
the field resulting from the findings of this thesis. Firstly, we could replicate and validate the
previous results of (Wegrzyk et al., 2018) using data arising from different movement disorder
centres including diverse patients with FND. Even though these results do not represent a final
solution, it is a first attempt towards the development of fMRI-based positive biomarkers for
FND. In the future, machine learning algorithms could potentially support clinicians by means
of a differential or transdiagnostic approaches, predict treatment outcomes or optimize patient
management. However, it also highlighted the current technical limitations in the field and
further obstacles that must be overcome before clinical utility can be provided.

More importantly, this thesis firstly studied the association between preceding,
precipitating, and predisposing risk factors in FND, connecting psychological, biological and
neural correlates of FND, a line of research that has never been followed before. As such, it
could be shown that an aberrant HPA-axis stress response system coheres with preceding long-
term (childhood) emotional neglect, confirming the suggested importance of emotional neglect
in the pathology of FND (Ludwig et al., 2018). On the other hand, it could be shown that
patients have reduced anatomical volumes of the hippocampus and the amygdala, but however,
without an association to cortisol. These results thus, speak against the hypothesis of that
prolonged stress exposure (i.e., enhanced cortisol secretion) might exert a neurotoxic effect on
certain brain regions particularly sensitive to cortisol due to high glucocorticoid and
mineralocorticoid receptor density (Heim et al., 2000; Yehuda and Seckl, 2011). With this —
and firstly in FND — we introduced the hypothesis of reduced subcortical volume might
represent a biological vulnerability factor in FND. Biological relevance and causal relationship
however must be confirmed before making final conclusions.

Moreover, on a functional level, we could show for the first time that patient exert
functional abnormalities in the temporal properties of salience and limbic brain networks. These
findings firstly highlight the temporal variations of functional brain abnormalities and more
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importantly linked them to symptom severity and stress biomarkers. Especially as symptoms
can fluctuate, also in the context of acute stress, investigating the functional dynamics of the
brain can provide new insights on symptom production and their state-dependent appearance.
Therefore, this work firstly presents a way of studying functional brain abnormalities in patients
which also integrates the temporal dynamics of the symptoms as a function of the rapid
adaptations of the brain to external and internal stimuli. Next, we narratively reviewed our
results in the context of the Bayesian model approach for FND and firstly introduced the
hypothesis of the mesolimbic dopaminergic system (i.e., insula-thalamus-NAc loop)
representing an important relay station reinforcing the prior beliefs on symptoms in FND.

To conclude, this thesis suggests a link between past adverse life events, potential
biological predisposition, as well as acute implications of stress on brain functional
abnormalities, which might be involved in symptom production. Upon proper validation and
replication of these results preferably in longitudinal multi-centre studies, these results could
for instance serve the development of a preventative screening marker or as a diagnostic
biomarker. Moreover, these findings set path to further research on gene-environment
interactions in order to further disentangle individual contributions of diverse risk factors to the
pathology of FND. The novel points of view open new directions to study potential
pathophysiological pathways in FND highlighting the HPA-axis as well as the dopaminergic
system.

5.4.1. Potential clinical applications

FND is the second most common diagnosis in outpatient neurology clinics in the UK (J.
Stone et al., 2010a). Nevertheless, patients often feel that they are not taken serious (Crimlisk
et al., 2000), and undergo multiple consultations and medical tests (Espay et al., 2009), delaying
their diagnosis and impeding an appropriate treatment, which can further worsen their
symptoms (Gelauff et al., 2014). Being correctly diagnosed often depends on the subjective
clinical evaluation of highly qualified and trained medical personnel, as still only few clinicians
are consciously aware of the disorder. On top of that, patients — once diagnosed — are often
refused to receive help and support from health insurance companies because the disorder is
still highly stigmatized (MacDuffie et al., 2021), as no objective data accompanying the
diagnosis can be presented. In addition to the clinical diagnosis thus, objective physiological
and imaging-based biomarkers could assist in a medico-legal context (Colombeari et al., 2021).
Such objective biomarkers could give credibility to the diagnosis and could be assessed in
almost every hospital in which MRI scanners or diagnostic laboratories are available.

First, functional imaging-based biomarkers could provide further information on functional
abnormalities upon admission of a patient to the neurological ward or emergency unit when
ambiguous neurological symptoms are present and no structural cause identified. Particularly
resting-state fMRI data can be obtained easily with an average of 5-10 min of acquisition time
and additionally, does not depend on the patient’s active participation. Therefore, it could
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simply be integrated in the clinical protocol upon admission of a patient with neurological
symptoms. However, technical limitations such as inter-scanner variability must be overcome.
A further limitation is presented as current knowledge on functional abnormalities is based on
group level comparisons, as the fMRI signal is represented by a relative change in intensity and
cannot be measured as absolute value. For such an application, a potential solution must be
found to standardize findings from fMRI studies, and objective read-out options must be
implemented and validated.

Second, additional diagnostic procedures could be developed on the basis of objective
physiological data such as cortisol. Similarly, cortisol can be easily extracted and is stable upon
extraction for a relatively long time. As such, the flattened CAR might serve as a diagnostic
marker, as — for example — many infectious, autoimmune, or inflammatory neurological
diseases would rather coincide with increased cortisol levels (Barugh et al., 2014; Kern et al.,
2013; Ouanes and Popp, 2019). Similarly, cortisol could be used to monitor treatment responses
or disease progression. For such an application, cortisol should be studied in longitudinal data
in relation to treatment administration, and whether clinical improvement can be reflected in a
normalization of the HPA-axis stress response system.

Lastly, the here presented results provide important clinical implications for the
development of appropriate therapy programs for patients with FND. As found in Chapter 2,
the abnormal connectivity between the right TPJ and sensorimotor regions is one of the most
discriminative between patients and controls. With the TPJ representing a key region involved
in the sense of agency, future therapies might invest on treatment options targeting the sense of
agency, such as e.g., non-invasive brain stimulation (Chambon et al., 2015; Peterson et al.,
2018) or neurofeedback training (Sitaram et al., 2017). Results from Chapter 3 suggest an
abnormal stress regulation system in patients with FND. Potential treatment options might
target stress reduction or stress perception, such as mindfulness-based interventions (Baslet et
al., 2020). Finally, Chapter 4 highlighted the role of maladaptive hyperpriors, for which future
therapies might adapt cognitive behavioural therapy based approach, which has already been
found effective for FND (Richardson et al., 2020, 2018), or attentional bias modification
training which directs attention away from illness-relevant stimuli (Mogg and Bradley, 2016).

In summary, multimodal data could support the diagnostic process, monitor treatment
outcomes, and could assist the patient management. However, diagnostic utility is only
provided if these results can be replicated, validated, and standardized. Subsequently, these
techniques could be incorporated in the clinical daily routine, supporting clinicians during the
decision-making process, and guide the patients’ journey into the correct direction, and
eventually help eliminating the societal bias.

5.5. Conclusion

To conclude, these findings significantly contributed to connecting the question on how
and why FND develops and set path to investigate other potential targets in order to understand
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FND in the framework of a multifactorial and integrative model, which could help translating
the knowledge from bench to bedside and defining potential prognostic, diagnostic and
treatment response biomarkers for FND.
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in Appendix B, Supplementary Material for Chapter 3, Figure B.4, Table B.4. Abbreviations:
EN = Emotional neglect; EA = Emotional abuse; PA = Physical abuse; SH = Sexual harassment;
SA = Sexual abuse; BT = Bodily threat. ............ccooiieiiiiiiiiiieieceeeeee e 66

Figure 3.5: Partial least squares correlation (PLSC) results of the imaging data
(hippocampal and amygdalar volumes) in FND patients and healthy controls. The outcome
(A) and imaging saliences (B) of the significant PLSC component (P = 0.021) are presented.
51 to 95™ percentiles of bootstrapping are indicated in the error bars and yellow highlighted
bars indicate robustness. The height of the bar corresponds to the salience weight to the
multivariate correlation pattern and can be interpreted similarly to correlation coefficients as
the data was standardized. The permutation null distribution and the bootstrap mean percentiles
are reported in Appendix B, Supplementary Material for Chapter 3, Figure B.5.................... 67

Figure 3.6: The stress-diathesis model in functional neurological disorders. The actiology
of FND is multifactorial and depends on predisposing, precipitating, and perpetuating risk
factors. Long-term exposure to stress can exert neurotoxic effects on regions particularly
sensitive to cortisol. Moreover, it can alter the HPA-axis in terms of a maladaptive habituation.
Distinct predisposing factors, i.e., ‘trait’ markers might influence the individual resilience to
stress and the later development of psychopathology. Abbreviations: CRF = corticotropin-
releasing factor, ACTH = Adrenocorticotropic hormone. .........ccccceeeeuieeriiieeniieeniieeniee e 70

Figure 4.1: Resting-state network connectivity in healthy controls (HC) and FND patients.
Average within- and between-RSN FC values in A) HC and B) FND patients; C) p-values for
the FND patients-HC group comparisons using multiple t-tests corrected for multiple
comparison using FDR. RSN Iabels follow the convention of Yeo. Significance code: *P <
0.01; e P surviving FDR-correction (P < 0.05). Abbreviations: Cont = Executive control,
Default = Default mode DorsAttn = Dorsal attention, Sal/VenAttn = Salience/Ventral attention,
SomMot = somatomotor, TempPar = Temporoparietal, VisCen = Central vision, VisPer =
VASUAL POICEPLION. ... .vieieiieeiieeeiiee ettt e et e e et e e st ee e tteeesabaeesaeeessseeensseesssseessseeessseeensseeensseesns 86

Figure 4.2: Co-activation pattern (CAP) maps based on insular and amygdalar seed
activation. For each seed, three CAPs were detected. CAPs were Z-scored and only the 15%
largest positive and 15% smallest negative contributions are represented in colour (Z ==+ 1.04)
with red representing positive contributions and blue negative contributions. Locations are
displayed in Montreal Neurological Institute (MNI) standard space coordinates. Abbreviation:
Amy = Amygdala, Ins = INSUla. .......coooiiiiiiiiiiii s 88

Figure 4.3: Partial least squares correlation (PLSC) results of the CAPs temporal metrics
in FND patients. The outcome (A) and imaging saliences (B) of the significant PLSC
component (P = 0.034) are presented. Error bars represent the 5" to 95" percentiles of
bootstrapping and yellow highlighted bars show robustness. The height of the bar represents
the salience’s weight to the multivariate correlation pattern and can be interpreted analogously
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to correlation coefficients as the data were standardized. The permutation null distribution and
the bootstrap mean percentiles are reported in Supplementary Fig. 7, Supplementary Table 1.
Abbreviations: Amy = Amygdala, BDI = Beck’s Depression Inventory, CAP = Co-activation
pattern, CAR = Cortisol Awakening Response, Ins = Insula, S-FMDRS = Simplified Version
of the Psychogenic Movement Disorder Rating Scale, STAI = State-Trait Anxiety Inventory.
.................................................................................................................................................. 89

Figure 4.4: Visual representation of the insular- and amygdalar co-activation pattern-
related networks and related neuroscientific constructs in functional neurological
disorders. The insular cortex is involved in the computation of the prediction error (grey dotted
arrows), whereas the amygdala provides information on priors (red arrows). Bottom-up
integration of somatosensory input is biased by hyperpriors from the salience-limbic networks,
leading to a misinterpretation of the prediction error and excessive precision weighting. The
precision of the prediction error is encoded as a gain of synaptic strength, mediated by the
mesolimbic dopaminergic system (yellow arrows). The limbic-striatal loop reinforces prior
beliefs as a consequence of wrongly encoded gain of synaptic strength in the NAc.
Abbreviations: Amy = Amygdala, IPL = Inferior Parietal Lobule, NAc = Nucleus accumbens,
PFC = Prefrontal Cortex, TPJ = Temporo-parietal JUNCtion............cccceeevuveeeeeeencieeencieeesree e 94

Figure A.1: Workflow of filtering pipelines. For the intra-centre cross-validation settings both
pipelines were applied to the data and different classification performances (based on different
filtering pipelines) were examined. For pooled- and inter-centre cross-validation, only pipeline
1 (bandpass filter) was used in order to maintain a uniform pre-processing pipeline across all
COIITES . .ttt ettt ettt ettt e e et e e et e et e bt e et e e aeeeaneesme e et e e s aneeaneesaneeaneesane e 151

Figure A.2: Mean Framewise displacement (FD) per centre. FD measures showed a
significant main effect of centre (F(3,164) = 5.5, P = 0.001). Post-hoc multiple comparison of
means showed that the difference between centre I and centre I1I (P < 0.0001) and centre IV (P
= 0.0006), as well as between centre II and centre III (P = 0.0002) and IV (P = 0.008) were
statistically significant. Significance code ***P <0.001, ** P <0.01, * P<0.05. ............. 152

Figure A.3: Results across centres and settings. (A) Accuracy, (B) Sensitivity, and (C)
Specificity with 95% confidence interval (95% - CI) of the different classification settings.153

Figure A.4: Area-under-the-curve (AUC) with 95% confidence interval (95% - CI) for the
individual classification obtained with each setting. (A) Intra-centre cross-validation
classification, and (B) inter-centre cross-validation classification.............ccccceeevevieecieeennennns 155

Figure A.5: Functional connectivity of regions yielding the most discriminative
connections of the pooled classification based on the AAL atlas. Size of the nodes
correspond to nodal degree, respectively occurrence within the most discriminative
connections. Colour of the nodes corresponds to different lobes of the AAL. Colour of the edges
correspond to functional connectivity between the regions, i.e., red displaying hyperconnected
and blue hypoconnected in patients compared to CONtrolS. .........ceeecveeriieiieniiesiierieeiee e 157
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Figure A.6: Regions yielding the most discriminative connections for each centre based
on the AAL atlas. Size of the nodes correspond to nodal degree, respectively occurrence within
the 200 most discriminative connections. Colour of the nodes corresponds to different lobes of
the AAL. Thickness of edges correspond to SVM weights. Thicker edges therefore indicate
higher SVM weights, respectively higher discrimination power. A) Centre I, B) Centre 11, C)
Centre III, and D) Centre IV. ......ccviiiiiiiiieeeeeeee ettt re e e eaneeen 159

Figure A.7: Learning Curve of the different centres during the adaptation of the inter-
centre cross-validation setting. In this setting one centre was used as test set, whereas the
other three centres were used as training set. This setting can be strongly affected by sources of
uncontrolled variances across scanners and datasets (Abraham et al., 2017; Noble et al., 2017).
Therefore, we specifically tested for the effect of transferring subjects from the training set into
the test set. Doing so, the test set won’t be fully naive to uncontrolled variance such as inter-
scanner variability, which might benefit classification performance. In each iteration thus, two
subjects (1 HC, 1FND) were transferred from the test set to the training set. An increase in
classification performance (across accuracy, sensitivity, and specificity could be observed.
After the transfer of 16 — 20 subjects, and consequently with a decrease in number of subjects
in the test set, the model started overfitting the results. ...........coceeiiiriiiiiiniiiie e 163

Figure B.1: Graphical Illustration of the different AUC measures. (A) Post-Awakening
Cortisol Concentration (PACC), (B) Diurnal Baseline Cortisol Concentration (DBCC), and (C)
CARI as a measure of the cortisol awakening reSponse...........ceceeeerveerienienennieneeneeseneene 170

Figure B.2: Results of whole-brain analysis. Differential effect of voxel-wise comparison
(HC > FND) with smaller grey-matter volume in FND in the hippocampus, parahippocampal
gyri, amygdala, and dorsolateral frontal gyri. Total intracranial volume (TIV), age, sex,
depression (BDI), and anxiety (STAI) were added as covariates of no interest, thresholded on
whole-brain level at Prwe < 0.05. ..o Error! Bookmark not defined.

Figure B.3: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the significant
latent component (permutation testing, P = 0.026). Y-axis represents frequency and x-axis the
singular values obtained by the permutation testing. ............... Error! Bookmark not defined.

Figure B.4: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the significant
latent component (permutation testing, P = 0.021). Y-axis represents frequency and x-axis the
singular values obtained by the permutation testing. ............cceeeeeriienieniiienieeie e 180

Figure C.1: Stability measure (1 — PAC). To assess whether a certain cluster number is good,
two given data points should consistently be clustered together or in different clusters across
folds. The cumulative distribution of consensus values across all pairs of data points can be
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computed which gives a quantification of the goodness of fit. We refer to this distribution as
Pkc with ¢ € 0,1. From this, the proportion of ambiguously clustered pairs (PAC) can be
computed(Senbabaoglu et al., 2014) as PACk = C = CT1 — CTPkc with cr being a threshold
consensus value above which an assignment is judged as not sufficiently homogeneous across
folds, and k the cluster number. A lower PAC thus represents a robust cluster. The stability
measure is then represented as 1 — PAC, therefore greater values representing more robust
CIUSERTS. ...ttt ettt ettt ettt a e e bbbt be et et a et b et 118

Figure C.2: Consensus matrices. The consensus matrices Cki, j for a given number of clusters
k and two data points i and j are calculated by averaging over all folds where both data points
jointly entered the COMPULATIONS. .......cccuiieiiiieeriie ettt e e e e e sereeeaeeas 192

Figure C.3: Spatial pattern of the second most stable cluster (K = 4) of co-activation
patterns (CAPs) based on insular seed activation. Four CAPs were detected. CAPs were Z-
scored and only the 15% largest positive and 15% smallest negative contributions are
represented in colour (Z =+ 1.04) with red representing positive contributions and blue negative
contributions. Locations are displayed in Montreal Neurological Institute (MNI) standard space
coordinates. Abbreviations: Ins = INSula.........cccoceiiiiiiiiiiinieee e 193

Figure C.4: Stability measure (1 — PAC). To assess whether a certain cluster number is good,
two given data points should consistently be clustered together or in different clusters across
folds. The cumulative distribution of consensus values across all pairs of data points can be
computed which gives a quantification of the goodness of fit. We refer to this distribution as
Pkc with ¢ € 0,1. From this, the proportion of ambiguously clustered pairs (PAC) can be
computed(Senbabaoglu et al., 2014) as PACk = C = CT1 — CTPkc with ct being a threshold
consensus value above which an assignment is judged as not sufficiently homogeneous across
folds, and k the cluster number. A lower PAC thus represents a robust cluster. The stability
measure is then represented as 1 — PAC, therefore greater values representing more robust
CIUSTRTS .ttt ettt et et et e e bt e et e e s heeeabeesaaeeabeeeneeeabeesnteenbeeenbeenbeeenneenne 194

Figure C.5: Consensus matrices. The consensus matrices Cki, j for a given number of clusters
k and two data points i and j can then be extracted by averaging over all folds where both data
points jointly entered the COMPULAtIONS .......cceeervieriieiiiiiiieieeie et 195

Figure C.6: Spatial pattern of the second most stable cluster (K = 5) of co-activation
patterns (CAPs) based on amygdalar seed activation. Five CAPs were detected. CAPs were
Z-scored and only the 15% largest positive and 15% smallest negative contributions are
represented in colour (Z == 1.04) with red representing positive contributions and blue negative
contributions. Locations are displayed in Montreal Neurological Institute (MNI) standard space
coordinates. Abbreviations: Amy = Amygdala..........ccceeveiiieiiiiiniiieeeeeee e 196
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Figure C.7: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the significant
latent component (permutation testing, P = 0.034). Y-axis represents frequency and x-axis the
singular values obtained by the permutation teSting. ..........cccvveeevveeriieeriieeeie e eeiee e 197

Figure C.8: Partial least squares correlation (PLSC) results of the CAPs in HC. The
outcome (A) and imaging saliences (B) of the significant PLSC component (P = 0.013) are
presented. Error bars represent 5™ to 95 percentiles of bootstrapping and yellow highlighted
bars show robustness. The height of the bar represents the salience’s weight to the multivariate
correlation pattern and can be interpreted analogously to correlation coefficients as the data
were standardized. Abbreviations: Amy = Amygdala, BDI = Beck’s Depression Inventory,
CAP = Co-activation pattern, CAR = Cortisol Awakening Response, Ins = Insula, STAI = State-
Trait ANXICTY INVENLOTY . ..c.viiiiiiiiiiiiieeiieeee ettt ettt ettt et e st e et esiaeesbeesaseenseeenseenne 200

Figure C.9: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the significant
latent component (permutation testing, P = 0.013). Y-axis represents frequency and x-axis the
singular values obtained by the permutation testing. ............ccceeeeriiiiiieiiiieiieee e, 201
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Conversion to CGI score

The CGI score of centre IT and IV as well as the S-FMDRS score of centre 111 was converted
into the same CGI score as in centre 1.

Table A.1: Conversion of CGI score.

CGI (centre I) CGI (centre 11, IV) S-FMDRS (centre I1T)
0
0 =none | =none 0 =none
. 2 . .
1 =mild 3 = mild 1-9=mild
2 = moderate 4 = moderate 10 - 18 = moderate
3 = severe 2 = severe 19- 36 = severe
4 = very severe 7 =very severe 37 - 54 = very severe

Optimal Filter

Each centre was pre-processed individually. Based on previous work of Richiardi and
colleagues (Richiardi et al., 2011), we calculated a functional atlas based on a structural atlas.
The structural atlas only served as a basis to compute the subject-specific low-resolution
functional atlas. We extracted the region-averaged time-course from the voxels which
correspond to the individual regions. Assuming ¢ timepoints, we have then a tensor matrix for
each centre of size

Xt X7 Xs, (1)

with » equals the number of regions and s equals the number of subjects. For the intra-
centre cross-validation setting, we decided to explore the different filter options because of
the potential differences in the functional connectivity graphs in different frequency subbands.
Such differences might arise from the scanners itself such as mechanical resonance,
manufacturer and model of the scanner, scanner sequence, etc.). Doing so, we can explore the
diversity in classification performance within different filters and subbands, in which the
classifier might build a model with substantially different parameters. Therefore, we optimized
each centre independently.

To do so, we used two different filtering pipelines Figure A.1. In the first pipeline, the data
was filtered in the time domain using a bandpass filter 0.01-0.08 Hz, which is most commonly
used for resting-state data. In a second pipeline, the same data was filtered using a discrete
wavelet transform along the temporal dimension, as it has been done in the previous project
(Wegrzyk et al.,, 2018). Five frequency subbands were extracted with main bandpass
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characteristics at 0.125-0.25 Hz, 0.0625-0.125 Hz, 0.0312-0.0625 Hz, 0.0156 — 0.0312 Hz,
and 0.0078 — 0.0156 Hz based on the repetition time (TR) = 2000m:s.

During the pooled- and inter-scanner cross-validation, however, we used the bandpass-
filtered data, in order to maintain a uniform pre-processing pipeline across all the four centres.

Upon filtering, we then used the filtered region-averaged time courses to compute
functional connectivity (i.e., Pearson correlation) between different regions of interests (ROIs)
leading to an r X r matrix for each subject. We then used direct graph embedding, as described
in (Richiardi et al., 2011), in order to build our feature vectors.

Optimal Filter Selection for Classification

We explored the performance on the classification for the different filters and subbands of
filters. The best performance in the intra-centre cross-validation was achieved using bandpass
filter for centre I, wavelets filter subband 2 for centre II, and wavelets subband 5 for centre 111
and IV. These results are presented in Chapter 2: Multi-centre Classification using Resting-state
Functional Connectivity.
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Figure A.1: Workflow of filtering pipelines. For the intra-centre cross-validation settings both
pipelines were applied to the data and different classification performances (based on different
filtering pipelines) were examined. For pooled- and inter-centre cross-validation, only pipeline 1
(bandpass filter) was used in order to maintain a uniform pre-processing pipeline across all centres.
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Figure A.2: Mean Framewise displacement (FD) per centre. FD measures showed a significant
main effect of centre (F(3,164) =5.5, P=0.001). Post-hoc multiple comparison of means showed
that the difference between centre I and centre III (P < 0.0001) and centre IV (P = 0.0006), as
well as between centre II and centre III (P = 0.0002) and IV (P = 0.008) were statistically
significant. Significance code ***P <0.001, ** P<0.01, * P <0.05.
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Figure A.3: Results across centres and settings. (A) Accuracy, (B) Sensitivity, and (C)
Specificity with 95% confidence interval (95% - CI) of the different classification settings.

(A) Accuracy

Setting 95% - Cl
| 34 46 ——=—— 0739 [0.589; 0.857]
I 35 48 - 0.729 [0.582; 0.847]
I 34 48 T 0.708 [0.559; 0.830]
v 21 30 = 0.700 [0.506; 0.853]
pooled 123 172 = 0.715 [0.641; 0.781]
| 23 46 - 0.500 [0.349; 0.651]
I 18 48 = 0.375 [0.240; 0.526]
i 22 48 - ; 0.458 [0.314; 0.608]
v 14 30 g 0.467 [0.283; 0.657]

[ I [ I [ |
03 04 05 06 0.7 08

Accuracy

(B) Sensitivity

Setting TP TP+FN 95% - CI
I 16 23 - 0.696 [0.471; 0.868]
Il 16 24 — 0.667 [0.447; 0.844]
[ 17 24 : : 0.708 [0.489; 0.874]
Y% 10 15 — 0.667 [0.384; 0.882]
pooled 58 86 ——'— 0.674 [0.565; 0.772]
I 13 23 0.565 [0.345; 0.768]
Il 10 24 ' ; 0.417 [0.221; 0.634]
[ 9 24 : 0.375 [0.188; 0.594]
v 7 15 ; 0.467 [0.213; 0.734]

0.2 03 04 05 06 0.7 0.8
Sensitivity

153



(C) Specificity
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Figure A.4: Area-under-the-curve (AUC) with 95% confidence interval (95% - CI) for the
individual classification obtained with each setting. (A) Intra-centre cross-validation
classification, and (B) inter-centre cross-validation classification.

(A) Intra-centre cross-validation - AUC
=N
o _|
=] :
o © |
= ‘;
o :
2 5
= g
o :
a ;
0] :
2 !
oS T
Centres
o™~ :
o | : — Centrel |77
! — Centrell
Centre lif | !
Centre IV
Y O N S R N S
=] :
| [ | | I |
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

155



True positive rate

(B) Inter-centre cross-validation - AUC
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Figure A.S: Functional connectivity of regions yielding the most discriminative
connections of the pooled classification based on the AAL atlas. Size of the nodes
correspond to nodal degree, respectively occurrence within the most discriminative
connections. Colour of the nodes corresponds to different lobes of the AAL. Colour of the
edges correspond to functional connectivity between the regions, i.e., red displaying
hyperconnected and blue hypoconnected in patients compared to controls.
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Table A.2: Mean functional connectivity in controls and patients between pairs

functional connectivity.
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Figure A.6: Regions yielding the most discriminative connections for each centre
based on the AAL atlas. Size of the nodes correspond to nodal degree, respectively
occurrence within the 200 most discriminative connections. Colour of the nodes
corresponds to different lobes of the AAL. Thickness of edges correspond to SVM
weights. Thicker edges therefore indicate higher SVM weights, respectively higher
discrimination power. A) Centre I, B) Centre II, C) Centre III, and D) Centre IV.
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Figure A.7: Learning Curve of the different centres during the adaptation of the inter-
centre cross-validation setting. In this setting one centre was used as test set, whereas the
other three centres were used as training set. This setting can be strongly affected by sources
of uncontrolled variances across scanners and datasets (Abraham et al., 2017; Noble et al.,
2017). Therefore, we specifically tested for the effect of transferring subjects from the training
set into the test set. Doing so, the test set won’t be fully naive to uncontrolled variance such as
inter-scanner variability, which might benefit classification performance. In each iteration
thus, two subjects (1 HC, 1FND) were transferred from the test set to the training set. An
increase in classification performance (across accuracy, sensitivity, and specificity could be
observed. After the transfer of 16 — 20 subjects, and consequently with a decrease in number
of subjects in the test set, the model started overfitting the results.
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Table A.3: Logistic regression model. Logistic regression models testing the effects of anxiety (STAI), depression (BDI),
psychotropic medication (yes/no), and clinical scores (CGI) taken-together and individually in (A) intra-centre cross-validation,
and (B) pooled cross-validation.

A) Intra-centre cross-validation

Centre 1 Beta coefficients p-value | Centre II1 Beta coefficients p-value
intercept 7.0 0.493* intercept -1.081 0.753
STAI -0.075 0.119 STAI 0.04 0.405
BDI -0.091 0.41 BDI -0.1 0.298
medication 1.757 0.19 medication 1.66 0.139
CGI -0.928 0.122 CGI -0.321 0.673
intercept 3.222 0.034* intercept 1.174 0.303
STAI -0.035 0.133 STAI -0.003 0.792
intercept 1.246 0.04* intercept 0.843 0.067
BDI -0.023 0.679 BDI 0.003 0.9
intercept 1.1 0.007** intercept 0.847 0.033*
medication -0.182 0.8 medication 0.108 0.87
intercept 1.576 0.08 intercept 1.548 0.146
CGI -0.434 0.298 CGI -0.415 0.481

Centre I1 Centre IV
intercept 0.703 0.781 intercept 1.107 0.649
STAI 0.014 0.72 BAI 0.032 0.673
BDI -0.043 0.646 BDI -0.868 0.335
medication -1.32 0.292 medication - -
CGI 0.234 0.75 CGI 0.06 0.959
intercept -0.032 0.979 intercept 1.01 0.309
STAI 0.015 0.4 BAI 0.0001 0.998
intercept 0.737 0.076 intercept 1.5 0.086
BDI 0.039 0.381 BDI -0.054 0.418
intercept 1.003 0.004** intercept - -
medication -0.087 0.924 medication - -
intercept 1.39 0.126 intercept 0.793 0.705
CGI -0.123 0.822 CGI 0.087 0.914

B) Pooled cross-validation
Beta coefficients  p-value
intercept 0.555 0.603
STAI -0.007 0.652
BDI 0.007 0.856
medication 0.995 0.08
CGI 0.049 0.87
intercept 0.97 0.102
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STAI -0.002 0.809
intercept 0.835 <0.001%***
BDI 0.005 0.787
intercept 0.708 <0.001%***
medication 0.496 0.253
intercept 0.179 0.681
CGI 0.317 0.174

Abbreviations: STAI: State-Trait Anxiety Inventory, BDI: Beck’s Depression Inventory, CGI:
Clinical Global Impression Score. Significance levels with ***p < 0.001, ** p < 0.01, * p <
0.05.
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Neuroimaging data acquisition and pre-processing

In order to investigate neuroanatomical differences between patients and controls, we used
a voxel-based morphometry approach. For anatomical imaging, a sagittal-oriented T 1-weighted
3D-MPRAGE sequence (7R = 2330 ms, TE = 3.03 ms, 7/ = 1100ms, matrix 256 x 256, FOV
256 mm x 256 mm, flip angle 8, resolution 1 mm? isotropic voxels, 74 = 5:27 min) was
acquired for all subjects except of three FND patients and three healthy controls. Anatomical
images were pre-processed and further analysed using the Computational Anatomy Toolbox
(CATI12 - http://www.neuro.uni-jena.de/cat/) within SPM12 (https://www.fil.ion.ucl.ac.uk/
spm/software/spm12/). As such, a spatial adaptive non-local means denoising filter (Manjon et

al., 2010) was applied, and anatomical images were subsequently resampled, bias-corrected,
underwent an affine registration and were segmented using SPM “unified segmentation”
algorithm (Ashburner and Friston, 2005). The output images were then further used for skull-
stripping of the brain. Local hyperintensities were transformed in order to reduce the effects of
local higher grey matter intensities. Eventually, an adaptive maximum a posteriori (AMAP)
segmentation (Rajapakse et al., 1997) step was applied and the fractional content for each tissue
type per voxel was estimated using a partial volume estimation (Tohka et al., 2004). For the
final step, the images were spatially normalized using DARTEL registrations (Ashburner,
2007). Data quality and homogeneity were visually inspected, and images were subsequently
smoothed using an isotropic FWHM kernel of 8mm.

168


http://www.neuro.uni-jena.de/cat/
https://www.fil.ion.ucl.ac.uk/%20spm/software/spm12/
https://www.fil.ion.ucl.ac.uk/%20spm/software/spm12/

Statistical Analysis of Cortisol Data

The dynamic behaviour of cortisol

The dynamic behaviour of the cortisol awakening response (CAR) and the diurnal profile
was calculated using a repeated measures ANOVA was used on the fitted data using a linear
mixed model (Ime4 package) with fixed effect of factor group and timepoint, and using sex,
smoking, wake-up time, BDI, STAI, corticosteroid medication, psychotropic medication,
hormonal contraception, menstrual cycle, menopause, age, and sleep quality added as
covariates of no interest (Pruessner et al., 1997). As the repeated-measures analysis represents
an analysis with the concentration m as a function of the time interval ¢, the time interval
between each sample is crucial, subjects with missing samples or extreme delays had to be
excluded. As such, we excluded data from eight FND patients and nine HC as they did not
properly adhere to the saliva sampling protocol with either missing samples (N = 1) or delays
(N = 16) (strict sampling accuracy margin of Az > 5 min for each post-awakening sample and
At > 15 min for each afternoon sample (Stalder et al., 2016)).

The area under the curve (AUC)

As a static measure of the CAR, we calculated the Area-under-the-curve with respect to
increase (AUCI). As a measure for the Post-Awakening Cortisol Concentration (PACC) and
Diurnal Baseline Cortisol Concentration (DBCC), the area-under-the-curve with respect to
ground (AUCg) was calculated. AUCc and AUC measures were calculated according to
Pruessner (Pruessner et al., 2003).

n—l . s )fs
AUCG — Z (m(L+1)+ml) tl (1)

i-1 2
n-1 mei—1y+m;)-t; _
R ) B ) e
i
with AUC; further applying to:
AUC, = AUCG — (my - X715 t;) (3)
with n = number of samples, ¢ = time point, and m = cortisol value at timepoint i.

As the AUC formula takes into account the time interval between each measurement, we
did not need to exclude subjects with delays and could simply account for them, Figure B.1.
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Figure B.1: Graphical Illustration of the different AUC measures. (A) Post-
Awakening Cortisol Concentration (PACC), (B) Diurnal Baseline Cortisol
Concentration (DBCC), and (C) CARi as a measure of the cortisol awakening
response.
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Childhood Trauma Questionnaire

Figure B.2: Childhood trauma (CTQ scores). For visualization purposes, means and
confidence intervals of childhood trauma questionnaire scores are shown. Significance codes:
P*** <(0.001, P** <0.01, P* <0.05. Results are FDR-corrected.
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Volumetric brain alterations in FND patients

Table B.1: ROI-analysis using an inclusive hippocampus mask. Results with total intracranial volume (TIV), age, gender,
depression, and anxiety as covariates.

Cluster-level Peak-level
Peak coordinates
Cluster Peak voxel  in MNI Space

Prwe  Pror  extent)  Prwe  Prpr  Z-score X, )2 {mm} Cerebral regions
0.001 0.553 177 0.017 0.875 4783 20 -17 -14  Left hippocampus

0.018 0.875 4770 -18 9 -14
0.035 0.893 6 0.024 0.897 4.700 20 -30 -5 Right hippocampus
0.036 0.893 5 0.035 00917 4.784 17 -6 -15  Right hippocampus

Table B.2: ROI-analysis using an inclusive amygdala mask. Results with total intracranial volume (TIV), age, gender,
depression, and anxiety as covariates.

Cluster-level Peak-level
Peak coordinates
Cluster Peak voxel  in MNI Space
Prwe  Prpr extent  Prwe  Prpr  Z-score X, 0,2 {mm} Cerebral regions
0.000 0.086 337 0.006 0.667 5.000 -23 2 -18 Left amygdala
0.028 0.893 12 0.032 0.917 4.809 17 0 -20 Right amygdala
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Volumetric brain alterations in FND patients uncorrected for
depression and anxiety

Depression and anxiety might not necessarily represent nuisance factors in FND, but rather
neural mechanisms implicated in the pathophysiology overlapping with neural circuits
implicated in depression and anxiety. Therefore, we report here the findings as well without
correction for depression (BDI) and anxiety (STAI).

On a whole-brain level, significant group differences were found between FND patients
and female healthy controls in 15 clusters at thresholds of Prwe = 0.05, corrected for total
intracranial volume, age, and sex, Figure B.3, and Table B.3. These clusters included the
following regions with decreased volumes in FND compared to controls: The bilateral nucleus
caudate, the superior frontal- and temporal gyri, the supramarginal gyrus, and the angular gyrus.

Interestingly, functional abnormalities in the nucleus caudate has previously been
associated with FND (Wegrzyk et al., 2018). A recent meta-analysis, however, reported a
significant association between reduced anatomical volume in the nucleus caudate and lifetime
major depressive disorder (Ancelin et al., 2019).
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Figure B.3: Results of whole-brain analysis corrected for total intracranial volume, age,
and sex. (A) Differential effect of voxel-wise comparison (HC > FND) with smaller grey-
matter volume in FND in the hippocampus, nucleus caudate, dorsolateral- and orbitofrontal
frontal gyri, inferior parietal gyrus, and superior temporal gyrus. Total intracranial volume
(TIV), age, and sex were added as covariates. Significance codes: P*** < (0.001, P** <0.01,
P*<0.05.
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Table B.3: Whole-brain voxel-based morphometric results with total intracranial volume (TIV), age, and sex, as

covariates of no interest.

Cluster-level Peak-level
Peak
coordinates
in MNI
Cluster Peak voxel Space
Prwe  Prpr extent Prwe  Prpr Z-score X, 0,3 {mm)} Cerebral regions
0,000 0,000 7208 0,000 0,017 6,024 -6 14 12 Left caudate
0,000 0,017 6,019 5017 Left caudate
0,000 0,018 5,934 5 18 Right caudate
0.000 0,001 1239 0,000 0,017 5,991 18 71 14  Right frontal pole
0,000 0,024 5,834 20 63 0 Right superior frontal gyrus
0,006 0,286 4,952 17 59 17 Right superior frontal gyrus
0,000 0,000 2062 0,000 0,034 5,704 18 -30 -5 Right thalamus
0,000 0,047 5,582 14 3 -23 Right entorhinal area
0,001 0,096 5,327 20 -29 11 Right thalamus
0,000 0,000 1647 0,000 0,061 5,515 3 60 -23  Right gyrus rectus
0,003 0,192 5,100 -6 42 -27  Right gyrus rectus
0,005 0,253 4,997 -11 60 -15 Right frontal pole
0,000 0,008 659 0,000 0,070 5,470 -51 -30 48  Left supramarginal gyrus
0,002 0,164 5,196 -54 -30 32 Left supramarginal gyrus
0,000 0,006 784 0,001 0,073 5,446 -15 38 42  Left superior frontal gyrus
0,002 0,178 5,158 -29 29 53 Left middle frontal gyrus
0,019 0,525 4,680 -17 36 54 Left superior frontal gyrus
0,000 0,008 679 0,001 0,087 5,397 -53 -66 -36  Left cerebellum
0,000 0,007 734 0,001 0,087 5,384 -57 -26 12 Left planum temporale
0,026 0,632 4,611 -48 -38 9 Left planum temporale
0,001 0,076 295 0,001 0,095 5,352 9 72 Left lingual gyrus
0,001 0,066 321 0,001 0,121 5,268 3 -12 -6 Right ventral DC
Right superior temporal
0,000 0,012 584 0,003 0,191 5,117 56 3 -20 gyrus
Right superior temporal
0,009 0,367 4,846 63 -20 -5 gyrus
Right superior temporal
0,014 0,454 4,757 63 -9 -9 gyrus
0,007 0398 110 0,004 0,211 5,053 51 -56 23  Right angular gyrus
0,001 0,046 386 0,004 0,211 5,050 9 42 18 Right superior frontal gyrus
Right anterior cingulate
0,012 0,419 4,783 2 42 12 cortex
0,001 0,066 324 0,004 0,218 5,036 44 18 -12  Right anterior insula
Left superior temporal
0,001 0,095 262 0,005 0,277 4,970 -62 -8 -8 gyrus
Left superior temporal
0,006 0,286 4,940 -53 -18 -2 gyrus
0,007 0,327 4,898 -56 -14 -17  Left middle temporal gyrus
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Relationship between Trauma and Cortisol

Figure B.4: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the significant
latent component (permutation testing, P = 0.026). Y-axis represents frequency and x-axis the
singular values obtained by the permutation testing.
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Table B.4: Exact values of mean bootstrap weights and 5" to 95 percentiles for the identified statistically significant
PLSC component (LC1, P = 0.026).

Mean bootstrapped Lower bound of CI  Upper bound of CI
cortisol salience

weights
0.890484567 0.757606185 0.937198006
0.429510963 0.221240297 0.602939479
0.150191772 0.02236804 0.270101913
Mean bootstrapped Lower bound of CI  Upper bound of CI
behavioural
salience weights

-0.062020063 -0.201373381 0.12897356
0.002725078 -0.17911563 0.184562863
0.24746152 -0.00128226 0.395081572
0.000158298 -0.170965947 0.163171583
-0.013428309 -0.158624939 0.149784853
-0.055307403 -0.163979531 0.112211131
-0.215246766 -0.318906327 -0.019797615
-0.013858447 -0.211687377 0.17424141
0.152672198 -0.031379595 0.269563264
0.001297286 -0.130442861 0.138805967
-0.009958365 -0.167073143 0.145954885
-0.111976429 -0.243890006 0.083761841
-0.217460013 -0.316646365 -0.015787612
-0.024416503 -0.20645451 0.152307878
0.207862193 0.032788007 0.312500577
-0.00476066 -0.160204742 0.144057729
0.058033017 -0.070310583 0.174273539
0.016710816 -0.13500832 0.175997379
-0.023024908 -0.192136105 0.141574932
0.072244941 -0.093082159 0.224379338
-0.016144072 -0.155907179 0.161003285
-0.128897175 -0.264363266 0.032504371
-0.180740859 -0.287175891 0.013060198
-0.046828325 -0.190663452 0.110712971
-0.066999123 -0.177917042 0.053766233
-0.211229064 -0.320293906 0.028872971
-0.126629926 -0.256169291 0.123013236
0.286782461 -0.086925375 0.391764779
0.034482852 -0.108502572 0.193596472
-0.002577722 -0.15106299 0.137749057
0.031749566 -0.161402437 0.166755261
0.014143368 -0.198888878 0.196378219
0.215546793 -0.061801505 0.345044475
-0.030156543 -0.124091639 0.140696021
0.049792676 -0.101372319 0.202528272
0.130692247 -0.089654025 0.301015599
0.313900387 -0.116849708 0.400331031
0.01034836 -0.184116875 0.2255685
0.159301415 -0.031677359 0.273434138
-0.00498385 -0.137486673 0.167890943
0.135043356 -0.008045032 0.227658127
0.244239795 -0.009928114 0.329576906
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0.160748167 -0.094688247 0.296177458
0.223988437 -0.023252013 0.316358418
0.018234707 -0.158415902 0.176885775
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Relationship between Cortisol and Brain Volumes

Figure B.5: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the
significant latent component (permutation testing, P = 0.021). Y-axis represents frequency
and x-axis the singular values obtained by the permutation testing.
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Table B.5: Exact values of mean bootstrap weights and 5™ to 95" percentiles for the identified statistically significant
PLSC component (LC1, P =0.021).

Mean bootstrapped Lower bound of CI  Upper bound of CI
imaging salience
weights
-0.483734277 -0.647126867 -0.23938829
-0.388793738 -0.52701084 -0.079069028
-0.530375888 -0.651062577 -0.291367504
-0.577530948 -0.733911237 -0.398002948
Mean bootstrapped Lower bound of CI Upper bound of CI
cortisol salience
weights
-0.285239902 -0.531519521 0.238988517
0.288737688 -0.180333335 0.603841631
0.007657464 -0.378193738 0.39154701
0.09885699 -0.302670553 0.385083878
-0.169673001 -0.483902179 0.185712182
-0.311603673 -0.54870562 0.072876155
0.712763986 0.329281254 0.808101687
-0.390 -0.520 0.013
0.001 -0.250 0.292
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Relationship with symptom severity in FND

No significant multivariate correlation was identified in patients, when using symptom
severity as outcome variable, and trauma scores, single estimates of cortisol measures, or brain
volumes, independently, as design variables.

Relationship between symptom severity and trauma history

Figure B.6: Explained covariance by each latent component. In FND patients only, outcome
variables were defined as symptom severity (S-FMDRS), clinical global impression score
(CGI), and symptom duration (in months). Design variables were defined as the subscores of
the TEC questionnaire. None of the latent components (LC) reached significance.
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Relationship between symptom severity and cortisol

Figure B.7: Explained covariance by each latent component. In FND patients only, outcome
variables were defined as symptom severity (S-FMDRS), clinical global impression score
(CGI), and symptom duration (in months). Design variables were defined as the single estimates
of the cortisol awakening response (CAR1), the post-awakening cortisol concentration (PACC),
and the diurnal baseline cortisol concentraction (DBCC). None of the latent components (LC)
reached significance.
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Relationship between symptom severity and cortical volume

Figure B.8: Explained covariance by each latent component. In FND patients only, outcome
variables were defined as symptom severity (S-FMDRS), clinical global impression score
(CGI), and symptom duration (in months). Design variables were defined as the extracted mean
cortical volumes per subject of the left and right hippocampus and amygdala. None of the latent
components (LC) reached significance.
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Females only

Salivary cortisol

A significant main effect of group was found for the CAR (F(1,487) =31.92, P <0.0001)
with lower levels in FND than HC. Post-hoc multiple comparisons between group and
timepoints, showed that FND patients and HC significantly different in their cortisol levels at
timepoints 15’ and 30’ upon awakening (P <0.02), and almost reached significance at timepoint

wake-up, 45°-, and 60’ upon awakening (P = 0.08), Figure B.9. No significant differences were
found in the diurnal baseline cortisol (afternoon).

Figure B.9: Cortisol Profile of female FND patients and healthy. Mean and confidence

intervals of daytime cortisol profile in FND patients and HC. Significance codes: P*** < 0.001,
P**<0.01, P* <0.05.

Cortisol ng/ml

wake-up 15' 30 45’ 60’ 2p.m. 3p.m. 4 p.m. 5p.m.
timepoint

184



Volumetric brain alterations in female FND patients

On a whole-brain level, significant group differences were found between female FND
patients and female healthy controls in 18 clusters, corrected for total intracranial volume, age,
depression and anxiety. Results did not survive FWE/FDR correction, Figure B.10A and Table
B.6. These clusters included the following regions with decreased volumes in FND compared
to controls: Left superior temporal gyrus, left gyrus rectus, bilateral amygdala, hippocampal-
and parahippocampal gyri, as well as dorsolateral prefrontal gyri.

In line with the results on a whole-brain level, we confirmed our a priori hypothesis of a
reduced hippocampal- and amygdalar volume in patients with FND using an inclusive brain
mask, Figure B.10B. Upon extraction of ROI volumes for external analyses, we found that the
hippocampus, as well as amygdala volume were significantly smaller in FND patients
compared to HC (F(1,449) = 55.97, P < 0.001). Post-hoc Tukey’s HSD test revealed a
significant difference between female FND patients and HC in 1) the left hippocampus (P <
0.001), and 2) the right hippocampus (P < 0.001). Post-hoc Tukey’s HSD test did not reveal
significant differences in the amygdala.
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Figure B.10: Results of whole-brain analysis in females only. (A) Differential effect of
voxel-wise comparison (HC > FND) with smaller grey-matter volume in FND in the
hippocampus, nucleus caudate, dorsolateral- and orbitofrontal frontal gyri, inferior parietal
gyrus, and superior temporal gyrus. (B) Differential effect of mean ROI volume using a
hippocampal mask (upper panel) with smaller grey matter volume in female FND patients.
For both analyses, total intracranial volume (TIV), age, depression (BDI), and anxiety
(STAI) were added as covariates. Results did not survive FWE/FDR correction for
multiple comparisons. Significance codes: P*** < 0.001, P** <0.01, P* <0.05.
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Table B.6: Whole brain analysis in females only. Results with total intracranial volume (TIV), age,
depression, and anxiety as covariates. Results did not survive FWE/FDR correction.

Cluster-level Peak-level
Peak
coordinates
in MNI
Cluster Peak voxel Space
Prwe  Prpr extent Prwe  Pror Z-score X,¥,Z {mm} Cerebral regions
Right dorsolateral superior
0,000 0,000 14181 0,001 0,026 0,001 18 65 0 frontal gyrus
Right dorsolateral superior
0,003 0,033 0,003 17 74 9  frontal gyrus
0,029 0,147 0,029 3017 3 Left nucleus caudate
0,486 0452 287 0,067 0,147 0,067 21 -68 53 Left superior parietal gyrus
0,060 0,147 884 0,070 0,147 0,070 65 -15 45 Right postcentral gyrus
0,207 0,262 0,207 54 -27 59 Right postcentral gyrus
0,932 0,753 0,932 53 -12 59 Right postcentral gyrus
0,016 0,076 1310 0,079 0,147 0,079 -42 39 36  Left middle frontal gyrus
0,475 0,386 0,475 41 35 45 Left middle frontal gyrus
0,812 0,598 0,812 -33 27 48 Left middle frontal gyrus
0,056 0,147 903 0,169 0,249 0,169 -53 -30 47 Left inferior parietal gyrus
0,298 0,313 0,298 -53 -33 33 Left supramarginal gyrus
0,884 0,683 0,884 -50 -23 59 Left postcentral gyrus
Right superior temporal
0,305 0,386 417 0,278 0,313 0,278 60 -14 12 gyrus
Left dorsolateral superior
0,631 0,633 209 0,288 0,313 0,288 -23 38 44  frontal gyrus
0,410 0,439 335 0,308 0,313 0,308 27 26 -5 Right hippocampus
0,409 0,352 0,409 20 -32 -6 Right lingual gyrus
0,914 0,720 00914 15 -39 6 Right hippocampus
0,190 0,334 549 0,379 0,352 0,379 -5 78 2 Left lingual gyrus
Left superior temporal
0,451 0,439 308 0,404 0,352 0,404 -51 -17 -3 gyrus
0,454 0,384 0,454 -54 -14 -18  Left middle temporal gyrus
0,080 0,160 796 0,417 0,352 0,417 29 38 -15  Right anterior orbital gyrus
0,895 0,704 0,895 18 36 -21  Right medial orbital gyrus
0,773 0,825 141 0,501 0,405 0,501 20 -23 66 Right precentral gyrus
Left superior temporal
0,301 0,386 421 0,534 0,421 0,534 -51 -26 14  gyrus
Left superior temporal
0,946 0,764 0,946 -62 -33 20  gyrus
Right middle temporal
0,439 0439 316 0,608 0,480 0,608 62 -11 -9 gyrus
Right middle temporal
0,833 0,598 0,833 62 -18 -6 gyrus
Right middle temporal
0,977 0,866 0,977 56 -18 -15  gyrus
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Appendix C
Supplementary Material for Chapter 4
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CAPs Insula

Figure C.1: Stability measure (1 — PAC). To assess whether a certain cluster number is good,
two given data points should consistently be clustered together or in different clusters across
folds. The cumulative distribution of consensus values across all pairs of data points can be
computed which gives a quantification of the goodness of fit. We refer to this distribution as
Py (c) with c € [0,1]. From this, the proportion of ambiguously clustered pairs (PAC) can be

computed (Senbabaoglu et al., 2014) as PAC), = 2(1:;2; P (c) with cr being a threshold

consensus value above which an assignment is judged as not sufficiently homogeneous across
folds, and & the cluster number. A lower PAC thus represents a robust cluster. The stability
measure is then represented as / — PAC, therefore greater values representing more robust
clusters.

Stability

2 3 4 5 [ 7 g 9 10
Gluster number K
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Figure C.2: Consensus matrices. The consensus matrices [Cy]; ; for a given number of
clusters k and two data points i and j are calculated by averaging over all folds where both
data points jointly entered the computations.
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Figure C.3: Spatial pattern of the second most stable cluster (K = 4) of co-activation patterns
(CAPs) based on insular seed activation. Four CAPs were detected. CAPs were Z-scored and
only the 15% largest positive and 15% smallest negative contributions are represented in colour
(Z = = 1.04) with red representing positive contributions and blue negative contributions.
Locations are displayed in Montreal Neurological Institute (MNI) standard space coordinates.
Abbreviations: Ins = Insula




CAPs Amygdala

Figure C.4: Stability measure (1 — PAC). To assess whether a certain cluster number is good,
two given data points should consistently be clustered together or in different clusters across
folds. The cumulative distribution of consensus values across all pairs of data points can be
computed which gives a quantification of the goodness of fit. We refer to this distribution as
P, (c) with ¢ € [0,1]. From this, the proportion of ambiguously clustered pairs (PAC) can be

computed (Senbabaoglu et al., 2014) as PAC, = Zé;g P, (c) with cr being a threshold

consensus value above which an assignment is judged as not sufficiently homogeneous across
folds, and & the cluster number. A lower PAC thus represents a robust cluster. The stability
measure is then represented as / — PAC, therefore greater values representing more robust
clusters.
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Figure C.5: Consensus matrices. The consensus matrices [Cy]; ; for a given
number of clusters & and two data points i and j can then be extracted by
averaging over all folds where both data points jointly entered the
computations
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Figure C.8: Spatial pattern of the second most stable cluster (K = 5) of co-activation
patterns (CAPs) based on amygdalar seed activation. Five CAPs were detected. CAPs were
Z-scored and only the 15% largest positive and 15% smallest negative contributions are
represented in colour (Z == 1.04) with red representing positive contributions and blue negative
contributions. Locations are displayed in Montreal Neurological Institute (MNI) standard space
coordinates. Abbreviations: Amy = Amygdala




Partial Least Squares Analysis

Data was standardized and a correlation matrix was calculated between CAPs temporal
measures and stress biomarkers and clinical variables. To find individual weights of the
corresponding data tables (CAPs measures x biomarkers and clinical scores), a single value
decomposition (SVD) was used on the correlation matrix. The SVD leads to different
correlation components consisting of a set of behavioural weights and outcome weights,
indicating the strength of contribution of each weight to the multivariate pattern. The weights
were used to calculate two sets of latent variables as such that the covariance was maximized.
Significance was evaluated by permutation testing (1000 permutations). Stability of weights
was assessed using bootstrapping (500 bootstrapping samples). PLSC allows for examining the
relationship between multiple variables with different attributes. The PLSC analysis was
conducted using the CAPs measures as design variables, and stress biomarkers and clinical
scores as behavioural variables.

Relationship CAPs temporal measures x biomarkers, clinical scores in
FND

Figure C.11: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the significant
latent component (permutation testing, P = 0.034). Y-axis represents frequency and x-axis the
singular values obtained by the permutation testing.

80 - LC1 - Null distribution of singular values
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Table C.1: Exact values of mean bootstrap weights and 5 to 95" percentiles for the identified statistically significant
PLSC component (LC1, P = 0.034).

Mean bootstrapped Lower bound of CI Upper bound of CI
imaging salience

weights
0.13714603 -0.094817643 0.320859038
0.612784758 0.413531433 0.73409599
0.673736196 0.455748473 0.760315576
0.389570719 0.228173721 0.549941799
Mean bootstrapped Lower bound of CI  Upper bound of CI
behavioural
salience weights
0.651323184 0.25706752 0.789663852
0.460286958 0.103595302 0.656890509
-0.182253874 -0.464802402 0.166788698
-0.166616165 -0.410701091 0.138379642
-0.36405381 -0.541732457 -0.028674628
-0.260004189 -0.483829265 0.22419939
-0.268379354 -0.552105489 0.127180623
0.126279467 -0.254076632 0.51948551
-0.121759063 -0.392466259 0.279298449
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Relationship CAPs temporal measures x biomarkers, clinical scores in
HC

To evaluate whether findings were specific for FND (with regard to HC), the multivariate
relationship between aberrant CAPs temporal characteristics with clinical scores and stress
biomarkers was assessed in HC. A PLSC analysis was conducted using the significantly
different CAPs temporal metrics as design variables, and clinical scores and stress biomarkers
as outcome variables. Based on permutation testing, one PLSC component was statistically
significant (P = 0.013). The saliences are shown in Supplementary Fig. 8. Yellow highlighted
weights indicate statistical significance and were found to be robust (based on bootstrapping).
The data were standardized and thus, weights can be interpreted similarly to correlation
coefticients.

A significant negative correlation was found between the CAPs temporal metrics (CAP31mns
— Relative Occurrence and Entries, and CAP1amy — Entries) and depression and anxiety scores
— meaning that the lower the cortisol, the lesser entries, or fewer occurrence, respectively. A
significant negative correlation was found between the CAPs temporal metrics and symptom
severity (S-FMDRS) — meaning the lower the depression and anxiety scores, the more CAP31ns
occurred, and the more entries happened to CAP3ms and CAP1amy, respectively.
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Figure C.14: Partial least squares correlation (PLSC) results of the CAPs
in HC. The outcome (A) and imaging saliences (B) of the significant PLSC
component (P = 0.013) are presented. Error bars represent 5 to 95 percentiles
of bootstrapping and yellow highlighted bars show robustness. The height of
the bar represents the salience’s weight to the multivariate correlation pattern
and can be interpreted analogously to correlation coefficients as the data were
standardized. Abbreviations: Amy = Amygdala, BDI = Beck’s Depression
Inventory, CAP = Co-activation pattern, CAR = Cortisol Awakening
Response, Ins = Insula, STAI = State-Trait Anxiety Inventory.
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Figure C.17: The permutation null distribution. The histogram of the null distribution of the
singular values is presented among with the observed (red line) singular value of the significant
latent component (permutation testing, P = 0.013). Y-axis represents frequency and x-axis the
singular values obtained by the permutation testing.

80 - LC1 - Null distribution of singular values

Table C.2: Exact values of mean bootstrap weights and 5 to 95" percentiles for the identified statistically significant
PLSC component (LC1, P =0.013).

Mean bootstrapped Lower bound of CI  Upper bound of CI
imaging salience

behavioural

salience weights

weights
-0.114479649 -0.341975398 0.171481416
0.53494776 0.205666873 0.642978843
0.687501323 0.50544212 0.805806448
0.477563854 0.183728252 0.638667579
Mean bootstrapped Lower bound of CI  Upper bound of CI

-0.125485328 -0.335053365 0.188802552
-0.218409658 -0.484788352 0.142884054
9.30287E-18 -7.73307E-17 9.77817E-17
-0.439410815 -0.585915999 -0.167218105
-0.473747338 -0.611632423 -0.169377828
-0.720438928 -0.821371082 -0.488636988
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