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ABSTRACT

Background

Obsessive-compulsive disorder (OCD) and social anxiety disorder (SAD) are debilitating disorders that
are associated with (inconsistent) evidence of hippocampal and amygdala volumetric abnormalities.
In addition, both OCD and SAD are associated with accentuated biological aging, as indexed by cellular
and molecular markers. Nevertheless, little is known about brain aging in OCD and SAD, or the extent
to which inconsistencies in hippocampal and amygdala volume findings in these disorders may be due
to the differential effect of age on the subfields from which these structures are composed.
Accordingly, this dissertation set out to characterise differences in hippocampal and amygdala subfield
volumes between healthy controls (HCs) and participants with OCD and SAD in large-scale MRI

datasets and relate these to whole and regional brain aging.
Methods

Hippocampal and amygdala subfield volumes and brain age estimates were derived from T1-weighted
MRI images from the OCD Brain Imaging Consortium (De Wit et al., 2014) and the European and South
African Research Network in Anxiety Disorders (Bas-Hoogendam et al., 2017). Subfield volumes were
segmented using an automated segmentation algorithm from Freesurfer (v6.0). The brain age analysis
was performed by using a previously trained machine learning algorithm that provides brain age
estimates for the whole brain, as well as for regions of interest (occipital, frontal, temporal, parietal,
cingulate, insula, or cerebellar—subcortical features) (Kaufmann et al., 2019). Differences in relative
brain age (brain predicted age difference; brain-PAD) were calculated by subtracting chronological age
from the predicted brain age. Between-group differences (diagnosis vs HCs) in volumetric and brain-
PAD estimates were assessed using a mixed-effects (d) model adjusted for several covariates. Subgroup
analyses were performed to determine the association of the main findings with clinical
characteristics. Finally, unique associations between subfield volumes and whole brain age were

estimated using partial correlation analysis.
Results

There was no evidence for a difference in subfield volumes between individuals with OCD and HCs.
However, we found that psychotropic medication use was associated with significantly smaller
hippocampal dentate gyrus (d=-0.26, pFDR=0.042), molecular layer (d=-0.29, pFDR=0.042) and larger
lateral (d=0.23, pFDR=0.049) and basal (d=0.25, pFDR=0.049) amygdala subfields than HCs. Individuals
with OCD without psychotropic medication use had significantly smaller hippocampal CA1 (d=-0.28,

pFDR=0.016) compared to HCs. No association was found for symptom severity.
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In contrast to the findings for OCD, individuals with SAD demonstrated significantly smaller basal (d=-
0.32, pFDR=0.022), accessory basal (d=-0.42, pFDR=0.005) and corticoamygdaloid transition area
(d=0.37, pFDR=0.014) amygdala subfields overall compared to HCs, and larger hippocampal CA3
(d=0.34, pFDR=0.024), CA4 (d=0.44, pFDR=0.007), dentate gyrus (d=0.35, pFDR=0.022) and molecular
layer (d=0.28, pFDR=0.033). In addition, individuals with SAD without comorbid anxiety disorder had
smaller lateral amygdala and hippocampal amygdala transition area, compared to HCs. No association

was found for psychotropic medication use and symptom severity.

Individuals with OCD (n=375) had significantly higher whole brain-PAD (+1.6 years, prps=0.006, d=0.20)
compared to HCs (n=335), but no differences were observed in the regional models. The effect on
whole brain brain-PAD estimates was largely driven by psychotropic medication use as higher relative
brain age was evident in individuals with OCD with psychotropic medication use (+2.98 years, d=0.38,
p <0.001) compared to HCs, but not in individuals without psychotropic medication use (+0.57 years,
d=0.07, p =0.374) compared to HCs. No association was found for symptom severity. Partial correlation
analysis found a significant negative association between hippocampal and amygdala volume and
whole brain PAD in the OCD group (R=-0.224, p=0.00001), but not in the HC group (R=0.081, p=0.138),
specifically the lateral nucleus (R=-0.18), CAT(R=-0.13), hippocampal fimbria (R=0.17), and

hippocampal fissure (R=0.17) were significant in OCD.

Individuals with SAD (n=107) had significantly higher whole brain-PAD (+2.5 years, d=0.33, prpr=0.010)
compared to HCs (n=137), and significantly higher regional brain-PAD in the temporal (+3.80 years,
d=0.37, pror=0.008,), parietal (+3.57 years, d=0.38, prpr=0.008), occipital (+3.26 years, d = 0.33,
pror=0.010), and frontal regions (+2.97 years, d=0.33, pepr=0.010,) compared to HCs. Brain-PAD was
higher in SAD without comorbid anxiety disorder, without MDD, and without psychotropic medication
use. No association was found for symptom severity. There was no partial correlation between

subfields and brain age.
Discussion & Conclusion

The evidence presented in the thesis suggests that 1) differences in subfield volumes between OCD
and HCs were influenced by psychotropic medication use, which is consistent with previous studies
that suggest that psychotropic medication status is a strong confounder for subcortical brain volumes
observed in OCD, 2) differences in subfield volumes between SAD and HCs were observed in the areas
associated with sensory information processing and these differences were partially influenced by
psychiatric comorbidity, 3) both OCD and SAD were associated with accentuated brain aging with
differential patterns in the whole and regional brain, dependent on clinical characteristics, and 4) only

OCD relative brain age was associated with subfield volumes. It is unclear whether our findings in OCD
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and SAD reflect an adaptive response or are a pre-existing risk factor to these disorders, or both. Future
longitudinal analysis is required to investigate whether the observed differences in subfield volume

and brain age remain over time.
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CHAPTER 1: INTRODUCTION

Structural abnormalities in subcortical regions and aging indicators in obsessive-

compulsive disorder and social anxiety disorder

Obsessive-compulsive disorder (OCD) and social anxiety disorder (SAD) are prevalent and debilitating
anxiety and related disorders. Despite their separation into different chapters in the recent diagnostic
manual (DSM5, APA, 2013), it is important to note that this does not mean that OCD is not
accompanied by anxiety, but rather that OCD may involve certain neurobiological pathways.
Specifically, as detailed further below, a substantial body of work indicates that the cortico-striato-
thalamo-cortical (CTSC) loop is the predominant neurobiological model of OCD, although there has
been the recent addition of limbic structures including the hippocampus and amygdala. The
hippocampus and amygdala are also significant in SAD as the integral structures involved in the
neurocircuitry of fear model implicated in SAD. There is some evidence of hippocampus and amygdala
activation in SAD; however, structural findings have been mixed for both disorders. This dissertation
aims to investigate hippocampus and amygdala subfield volumes and their relation to brain aging in

anxiety and related disorders.

In this chapter (chapter 1), | outline the characteristics, prevalence, and comorbidity of OCD and SAD.
| also present evidence of structural and functional abnormalities in both disorders. Lastly, | introduce
the topic of brain aging, how it is measured, and its relevance in anxiety disorders. This background
chapter provides the context for the aims of the work undertaken in this dissertation, which are

outlined at the close of the chapter.

1.1. Characteristics of OCD and SAD

OCD is characterized by obsessions and/or compulsions. In obsessions, individuals with OCD
experience unwanted, persistent, and intrusive thoughts, urges, or impulses that elicit excessive
anxiety. In compulsions, the individual performs repetitive, ritualistic, and recurring behaviours, or
mental acts, to alleviate the anxiety caused by the obsessions (APA, 2013). While the compulsion may
ease the anxiety induced by the obsession, the compulsion is not intrinsically pleasurable. In most
cases, individuals diagnosed with OCD present with both obsessions and compulsions, however, a
diagnosis can be reached even if one of these components is absent (Goodman et al., 2014). Studies
suggest that a key component of OCD is difficulty inhibiting irrelevant information (Bannon et al.,
2002). Typically, individuals with OCD experience obsessions and compulsions concerning

contamination (washing or cleaning), symmetry (ordering or arranging), and intrusive aggressive
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thoughts (involving mental rituals). In some cases, avoidance behaviours are observed as individuals

may refrain from certain activities to prevent triggering the obsessions (Stein et al., 2019).

Studies suggest that there are two main age of onset peaks when individuals may start experiencing
OCD symptoms (Geller et al., 2021). Most individuals with OCD experience symptoms before puberty,
between the ages of 7 and 12 years old (Dell’Osso et al., 2016), or during their early 20’s (Ruscio et al.,
2010). Following onset, longitudinal data suggest that OCD has a long duration as symptoms can
persist for years (Sharma et al., 2014). Only less than 10% of individuals with OCD experience

spontaneous remission, whilst another 5-10 % report worsening symptoms (Eisen et al., 2010).

SAD, previously known as social phobia, is characterized by heightened and persistent anxiety in social
or performance-based situations. Individuals with SAD fear social settings that involve exposure to
unfamiliar people where they may face possible scrutiny or perform in a manner that may cause
embarrassment to themselves (APA, 2013). Typically, these fears lead to the avoidance of social
settings or the endurance of such environments with great distress. Studies of SAD suggest that these
individuals have heightened sensitivity to perceived social threats, underlined by biased perception of
social settings. This leads to innocuous social cues being interpreted as potential threats, which elicits
anxiety (Pantazatos et al., 2014). In the majority of cases, SAD is characterized by early age of onset,
with symptoms emerging in adolescence, and in some cases, symptoms emerge in childhood (Keller,
2003; Marazziti et al., 2015). Following its onset, typically SAD is a lifetime condition with a chronic
trajectory involving frequent and recurrent episodes (Keller, 2003). Like many psychiatric disorders,
including OCD, the aetiology of SAD is not fully understood and likely involves a complex relationship

between environmental, genetic, and neurobiological factors (Bandelow et al., 2016).

1.2. Prevalence of OCD and SAD

Epidemiological studies suggest that OCD has a 12-month and lifetime prevalence of 1.2% (SE=0.3)
and 2.3% (SE=0.3), respectively (Ruscio et al., 2010). On the other hand, SAD is the third most common
psychiatric disorder (Pollack, 2001) with a 12-month and lifetime prevalence of 7.1% (SE=0.3) and +
12.1% (SE=0.4) respectively (Stein, 2008). Both OCD and SAD are debilitating conditions, affecting
social and professional relationships, as well as education and socioeconomic status (Hollander et al.,
2010). In individuals with 12-month OCD, Ruscio et al. (2010) reported that the percentage of role
impairment in relationships was 47.1% (SE=+12.4%) and 33.6% (SE=19.6%) in the social sphere, whilst
role impairment in home management and work-life was 35.3% (£12.7%) and 20.9% (+7.7%),
respectively (Ruscio et al., 2010). Similarly, SAD has been associated with school absenteeism and

drop-out, as well as functional disability in adults (Mack et al., 2005).
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1.3. Comorbidity and overlap between OCD and SAD

In many cases, OCD is comorbid with mood disorders, impulse-control disorders, and SAD (Ruscio et
al., 2010). OCD and SAD are highly comorbid, which is suggested to lead to greater impairment and
worsened long-term outcomes (Keller, 2003). In the general population, the comorbidity between
OCD and SAD ranges from 15% and 43.5%, whereas in clinical samples comorbidity overlap ranges
from 12% and 42 % (Baldwin et al., 2008). Individuals with a primary diagnosis of OCD are more prone
to lifetime SAD comorbidity (range between 33.3% and 43.5%) than individuals with a primary SAD
diagnosis are prone to lifetime OCD comorbidity (lifetime comorbidity rates 2.3 and 11%) (Assungdo
et al., 2012; Rudy et al., 2014). The factors that contribute to the variation in comorbidity patterns
observed in OCD and SAD have not yet been fully understood but may involve genetic and cognitive

moderators (Rudy et al., 2014).

The fifth edition of the Diagnostic and Statistical Manual (DSM-5) has differentiated OCD from anxiety
disorders (APA, 2013). In the new revision, OCD is categorized with other disorders that involve
repetitive behaviours including trichotillomania, and skin-picking disorder as “Obsessive-compulsive
related disorders” (APA, 2013). Similar implementations have been made in the International
Classification of Diseases, 11th Revision (ICD-11) (Carpita et al., 2019). These changes do not mean
that OCD is not accompanied by anxiety (Goodman et al., 2014), but rather that OCD may have distinct
neurobiological pathways that may not be as prominent in other types of anxiety disorders (Cisler et

al., 2009; Fiddick, 2011; Goodman et al., 2014).

Despite the separation in recent diagnostic systems between these disorders, OCD and SAD have some
commonalities such as; 1) avoidance behaviours as individuals with SAD are likely to avoid social
situations and individuals with OCD may avoid triggers that lead to compulsions and obsession (APA,
2013), 2) symptom severity as studies show that individuals with OCD and those with SAD tend to
cluster according to the severity of their symptoms rather than their diagnostic category (Vigne et al.,
2019)) and 3) response to selective serotonin reuptake Inhibitors (SSRIs) treatment (Lépez-Sola et al.,
2014, 2016). That being said, anxiety and related disorders are highly complex and polygenic (Caldiroli

et al., 2023), and further evidence is required to elucidate how OCD and SAD overlap.

1.4. Psychotropic and psychological treatment of OCD and SAD.

Studies suggest that both OCD and SAD have a moderate response to SSRIs and exposure therapies.
Data from randomized, double-blind trials involving placebos and comparator medications show that
more than 60% of individuals respond to treatment (Bandelow, 2008; Williams et al., 2020). SSRIs are
more effective than noradrenergic reuptake inhibitors (Fineberg & Gale, 2005). In some anxiety and

related disorders, SSRIs are the first line of treatment (Stein et al., 2019), have good tolerability, and
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have been shown to reduce symptoms (Soomro et al., 2008). Hoexter et al. 2013 found symptom
improvement in OCD after fluoxetine treatment, which was correlated with smaller pre-treatment
gray matter volume within the right middle lateral orbitofrontal cortex. On the other hand, symptom
improvement following cognitive-behavioural therapy (CBT) was associated with larger pre-treatment
gray matter volume within the right medial prefrontal cortex. These findings suggest that certain brain
regions may be involved in responding to specific treatment modalities in OCD (Hoexter et al., 2013).
A systematic review and meta-analysis of randomized clinical trials conducted in SAD indicated mainly
positive outcomes for several psychotropic medications including SSRls. (Williams et al., 2020).
Specifically, Paroxetine was found to be the most effective in the reducing symptom severity

compared to placebo (Williams et al., 2020).

1.5. Structural differences in hippocampal and amygdala volumes in OCD.

Converging neuroimaging evidence supports a CSTC model as a prevailing neurobiological model of
OCD (van den Heuvel et al., 2016). The CSTC model of OCD suggests that there is dysregulation
between direct and indirect pathways from cortical brain regions (such as the orbitofrontal cortex and
the anterior cingulate cortex) to the thalamus via the striatum, resulting in reduced inhibition of the
thalamus and increased excitatory feedback to frontal brain regions (Mahjani et al., 2021). In recent
years, studies suggest that OCD likely involves additional brain circuits including cerebellar, fronto-
parietal, and fronto-limbic circuits (Stein et al., 2019). Of note, the current CSTC model in OCD may
have overlooked the involvement of the hippocampus and amygdala and their interaction with the
frontal cortex in mediating fear and anxiety (Milad & Rauch, 2012; van den Heuvel et al., 2022). There
is evidence of differences in hippocampal-based fear extinction and adaptive goal-directed behaviour
in individuals with OCD (n=21), compared to healthy controls (HCs) (n=21) (Milad et al., 2013).
Moreover, a meta-analysis of emotional processing in OCD showed hyperactivation in the right
amygdala in individuals with OCD compared to HCs, and these findings were linked to clinical

characteristics such as medication status and psychiatric comorbidity (Thorsen et al., 2018).

Structural magnetic resonance imaging (MRI) studies in OCD have heterogeneous findings, with both
increases and decreases in hippocampal and amygdala volume reported in individuals with OCD
compared to HCs (Pujol, 2004: OCD n=72, HCs n=72; Atmaca et al., 2008: OCD n=14, HCs n=14; Kwon
et al., 2003: OCD n=22, HCs n=22; Rao et al., 2018: OCD n=26, HCs n=20). Possible explanations for
these inconsistent findings include methodological differences and small sample sizes. In a multisite
meta and mega-analysis, Boedhoe et al. (2017) found smaller hippocampal volumes in individuals with
OCD (n=1,495) compared to HCs (n=1,472)(d=-0.13; p<0.001, 2.8 % difference), although no
differences were observed for the amygdala (Boedhoe et al., 2017). In other work, Fouche et al. (2017)

found smaller hippocampal volumes in individuals with OCD (n=412) compared to HCs (n=368) (left
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hemisphere: F=8.630, p=0.0002; right hemisphere: F=6.727, p=0.0007), which was also dependent on
psychiatric comorbidity and medication status (Fouche et al., 2017). In recent work, Fouche et al.
(2022) did not find a significant between-group difference (OCD vs HCs) in shape thickness or surface
area of the hippocampus in the main analysis. However, in a subgroup analysis, the thickness of the
hippocampus was found to be lower (d=-0.111, 2.4% difference) in individuals with OCD with
comorbid anxiety (n=83), compared to HCs (n=368) (Fouche et al., 2022). In addition, there was a
lower surface area in the right hippocampus (d=-0.153, 5.6% difference) and right amygdala
(d=-0.137, 6.8% difference), and lower thickness in the bilateral hippocampus (left: d=-0.161, 5.8%
difference, right: d=-0.146, 4.6% difference) in individuals with OCD with psychotropic medication use
(Fouche et al., 2022). In another study, Ilvanov et al. (2022) found smaller hippocampal volumes in
individuals with OCD (n=1611, aged 20 years and older) with psychotropic medication use (tricyclics
and/or benzodiazepines), compared to HCs (lvanov et al., 2022). Taken together, these findings
suggest that OCD may involve differences in hippocampus and amygdala volume and that these

differences may be associated with clinical characteristics (van den Heuvel et al., 2022).

1.6. Structural differences in hippocampal and amygdala volumes in SAD.

The hippocampus, amygdala, insular, and medial prefrontal cortex have been considered important
regions of interest in SAD (Shin & Liberzon, 2010). Neurobiological models of SAD have highlighted the
involvement of some of these structures in the context of threat perception, and social avoidance-

approach conflicts in the neurocircuitry of fear of SAD (Briihl et al., 2014; Shin & Liberzon, 2010).

Structural MRI studies have yielded inconsistent results (Briihl et al., 2014; Syal et al., 2012). Studies
found smaller hippocampal and amygdala volumes (Irle et al., 2010: SAD n=67, HCs n=64; Liao et al.,
2011: SAD n=18, HCs n=18; Meng et al., 2013: SAD n=20, HCs n=19), larger left hippocampal and
amygdala volume (Machado-de-Sousa et al., 2014: SAD n=12, HCs n=14) and no differences in the
amygdala volumes (Syal et al., 2012: SAD n=13, HCs n=13) in individuals with SAD compared to HCs.
Of note, these studies were conducted in small sample sizes, which reduces the statistical power to
detect between-group differences (Bas-Hoogendam et al., 2022). In a multisite large-scale study, Bas-
Hoogendam et al. (2017) did not find a significant difference in the amygdala-hippocampal complexin
individuals with SAD (n=174), compared to HCs (n=213) (Bas-Hoogendam et al., 2017). The study
concluded that the previous inconsistent findings were likely due to methodological differences and a
higher likelihood of smaller sampled studies (generally less than 30 individuals) producing false-
positive results (Bas-Hoogendam et al., 2017). Additionally, it is possible that potential confounders
(i.e., psychiatric comorbidity, medication use, and symptom severity) differ amongst individuals and
thus may influence study findings (Bas-Hoogendam et al., 2022). In a recent mega-analysis (including

37 international sites), Groenewold et al. (2023) found smaller left amygdala volume (d=-0.145,
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prwe=0.017) in individuals with SAD with comorbid anxiety disorders (n=404) compared to HCs
(n=2538), however, these findings did not reach significance when selectively including adults with
SAD with comorbid anxiety disorder, despite a similar effect size (d=-0.174, prwe=0.077); and neither
in adolescents with SAD with comorbid anxiety disorder(d=—0.110, prwe=1.00) (Groenewold et al.,
2023).

1.7. Hippocampal and amygdala divisions (subfields) and their functions

The hippocampus can be divided into the cornus ammonis (CA) 1-4, molecular layer (ML), alveus,
dentate gyrus (DG), subiculum, presubiculum, parasubiculum, fimbria, hippocampal tail, and fissure
(Iglesias et al., 2015). The CA1 is thought to be the major output area of the hippocampus, and projects
to the subiculum, entorhinal cortex, parahippocampal, and pre-frontal area including the orbitofrontal
cortex (Yang & Wang, 2017). These pathways are suggested to be involved in retrieving information
from the hippocampus to the neocortex (Rolls, 2013) and thereby assist in hippocampal-dependent

cognition and behaviour (Knierim & Neunuebel, 2016).

The CA3/DG are suggested to be involved in pattern separation and completion which is a process that
allows the hippocampus to form new episodic memories without disturbing those that already exist
(Besnard & Sahay, 2016). The DG is suggested to be involved in pattern separation which is the
distinguishing of similar cortical inputs during memory storage. On the other hand, the CA3 is linked
to pattern completion, a process whereby a sequence is completed based on partial features.
Dysregulation in pattern separation is suggested to underly fear generalization which leads to the
inability to differentiate between safe and unsafe stimuli, thereby causing exaggerated fear and
anxiety responses to innocuous social stimuli (Besnard & Sahay, 2016; Knierim & Neunuebel, 2016;

Rolls, 2013).

There is ongoing debate about the names and boundaries of the amygdala, but it is typically divided
into three groups (1) the basolateral division (BLA) which is the ventromedial branch of the claustrum
anlage, (2) the centromedial division (CMA) which is considered a ventromedial extension of the
striatum, and (3) a superficial division (SFA) which is a cortical-like group found on the medial surface
of the amygdala (Figure 2)(Amunts et al., 2005; Schmitz-Koep et al., 2021; Wang et al., 2021). The BLA
is associated with fear learning and contains the lateral nucleus (LA), which is suggested to be the
primary sensory input area of the amygdala and receives information from the thalamus and other
sensory areas. The BLA also contains the basal (BA) and basomedial (BM) nuclei, which receive
projections from the LA (Janak & Tye, 2015; Yang & Wang, 2017). The CMA is thought to be the primary
output area, contains the central and medial nucleus (LeDoux., 2007), and is associated with emotive

responses and surprise in fear learning (Christian et al., 2013). Lastly is the SFA, which contains the
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nucleus in the lateral olfactory tract and the cortical nuclei (Wang et al., 2021). There are additional
nuclei that do not easily fall into the three categories, namely the intercalated masses and the
hippocampal-amygdala transition area (HATA) (which joins the neighbouring hippocampus to the

amygdala, as a part of the uncal hippocampal formation) (Amunts et al., 2005; Sah et al., 2003).

1.8. Hippocampal and amygdala subfields in anxiety related behaviours

The extensive connectivity within and between the hippocampal and amygdala subfields is suggested
to modulate anxiety and social behaviours (Qin et al., 2014). For example, anxious behaviours are
heightened when BLA projections to the centrolateral nucleus are inhibited (Tye et al., 2011); the
central amygdala pathway regulates defensive behaviours like passive freezing or active escape
(Terburg et al., 2018). There is also evidence that both the BLA and the ventral hippocampus are
responsible for the expression of anxiety-related behaviours (Yang & Wang, 2017). In a resting-state
static and dynamic functional connectivity study, Wang et al. (2021) found that individuals with high
trait anxiety (n=257) had lower static functional connectivity between the CMA, BLA, and SFA and the
executive control network (Wang et al., 2021). In a study of functional connectivity between amygdala
subfields in individuals with OCD, Cao et al. (2022) found that in HCs (n=90) the BLA had strong
connectivity with the insula, supplementary motor area, midcingulate cortex, superior temporal gyrus,
and postcentral gyrus, compared to CMA (Cao et al., 2022). However, in individuals with OCD (n=92),
the CMA had stronger connectivity than the BLA to these regions (Cao et al., 2022). While the study
also found smaller BLA and CMA volumes in individuals with OCD compared to HCs, the amygdala was
segmented using k-means clustering using connectivity-based parcellation techniques (Eickhoff et al.,
2015; Reuter et al., 2020), resulting in subfields that are not identical to those produced using more
commonly employed probabilistic-based segmentation techniques (Avecillas-Chasin et al., 2023;

Saygin et al., 2017).

1.9. Hippocampal and amygdala subfield volumes in anxiety and related disorders
There are increasing investigations of hippocampal and amygdala subfield volume differences in

various psychiatric disorders (over 1700 articles between 2015 and 2022 (Canada et al., 2023)).

In posttraumatic stress disorder (PTSD), the lateral and paralaminar amygdala subfields were found to
be smaller, while the central, medial, and cortical subfields were found to be larger in individuals
(military veterans with PTSD n=149), compared to HCs (n=206) (Morey et al., 2020). In a study
comparing hippocampal subfields in PTSD to SAD, Ahmed-Leitao et al. (2019) found that only the
parasubiculum and HATA were smaller in PTSD (n=17)(Ahmed-Leitao et al., 2019). However, in this
study, the individuals with SAD (n=26) were not compared to HCs (n=25) (Ahmed-Leitao et al., 2019).
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A recent meta-analysis (n=2876 individuals) found smaller CA1, CA3, DG, and subiculum, and altered

lateral, basal, and central subfield volumes in PTSD (Ben-zion et al., 2023).

In OCD, smaller subfield volumes in the hippocampal subiculum, presibiculum, CA2/3, and
hippocampal tail, and larger hippocampal fimbria, were observed in individuals with OCD (n=81)
compared to HCs (n=95) (Zhang et al., 2019). In another study, smaller central subfield volumes were
observed in individuals with OCD (n=81) compared to HCs (n=95) (Zhang et al., 2020). Additionally, the
volume of the central nucleus was associated with illness duration (Zhang et al., 2020). While these
findings have provided the first insight into subfield differences in OCD, they were conducted in small
sample sizes (n=81, for both papers) and excluded potential confounders like psychiatric comorbidity

and medication use.

In a larger study of hippocampal subfields across four major psychiatric disorders including
schizophrenia (n=171), bipolar disorder (n=197), OCD (n=205), and major depressive disorder
(MDD)(n=136), OCD was associated with larger volumes of the hippocampal subiculum, DG,
presubiculum and ML (Jiang et al., 2022). These findings were similar to reports in paediatric OCD,
where larger volumes in the left hippocampal CA4, DG, ML, and parasubiculum were observed in OCD
(n=29) compared to HCs (n=28) (Vattimo et al., 2021). However, both Jiang et al., 2022 and Vattimo et
al., 2021 did not control for medication use, which may have some influence on hippocampal and

amygdala volumes in OCD (Bruin et al., 2020; van den Heuvel et al., 2022).

Summary

In addition to the structural and functional differences observed in certain brain regions in OCD and
SAD, both disorders have also been associated with indicators of advanced biological aging and early
mortality suggesting that individuals with these disorders may be vulnerable to accentuated aging. In
the following section, | introduce the concept of aging (chronological and biological) and the markers
that are used to indicate biological aging in healthy conditions and psychiatric disorders. | also
introduce the use of neuroimaging data to predict brain age, and | highlight the latest findings in

predicted brain age differences in psychiatric conditions.
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1.10. Defining aging and its importance.

Healthy successful aging is necessary to maintain the well-being of a growing older population,
however, currently, we seldom find extremely aged individuals (+90 years) who remain in good health
until the end of life (Dong et al., 2016). In the global population, it is estimated that dementia will
double every 20 years, to 65.7 million by 2030 (Abbott, 2010). Given that aging is a prevailing risk
factor for chronic diseases including neurodegenerative diseases like Alzheimer’s disease (AD) and
Parkinson’s disease (Cole & Franke, 2017), it is becoming increasingly important to improve our
understanding of the biological process of aging, how individuals deviate from “normal healthy aging”,
and identify individuals with underlying conditions who may be particularly vulnerable to age-related

diseases.

While there is no uniform definition of aging, it is considered a natural decline in physiological function
over time, driven by changes in the internal molecular pathways of a living organism (Lopez-Otin et
al., 2013; Xia et al., 2017). Chronological age is determined by the number of calendar years that have
passed since birth, and as such it is considered to be a purely quantitative measure of time (Han et al.,
2019). While chronological age may provide a straightforward measure of the number of years lived,
it does not account for factors that influence an individual’s overall well-being, nor biological age (Khan

et al., 2017).

The definition of biological age is not fixed, however, it is proposed as “a quantity expressing the ‘true
global state’ of an aging organism better than corresponding chronological age”, although this
definition is problematic given the different rates of biological aging between tissue types and
methods of assessment (Han et al., 2019). Biological age is characterized as corresponding better to
“true life expectancy” than what is reflected by the chronological age (Klemera & Doubal, 2006).
Moreover, unlike chronological age, biological age is dynamic and it indicates the biological and
functional state of an individual, under the influence of internal (i.e., genetics) and external (adversity,

diet) factors (De Magalhaes, 2012).
1.11. Agingin the developing brain

During the early stages of healthy brain development, the aging process involves a series of highly
synchronized events of progression (e.g., cell growth) and regression (e.g., synaptic pruning) (Franke
et al., 2020), which facilitate the maturation of sensorimotor, cognitive, social and emotional functions
(Hou et al., 2019; Niu et al., 2022; Sone & Beheshti, 2022). A study using four-dimensional maps and
time-lapse sequences in children (aged between 8 years and 10 years old, n=13) revealed that brain
maturation first occurs in the lower-order somatosensory and visual cortices followed by the higher-

order association cortices and that older phylogenetic regions mature earlier than newer regions
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(Gogtay et al., 2004). This pattern is also found in the resting state-fMRI infant literature (first 2 years
of life, n=143) where neonates develop local connectivity and bilateral symmetric functional
connections, resembling adult-like primary visual and motor-sensory networks (Gao et al., 2015). In a
large-scale MRI study (scans n=123,984) from 101,457 humans between 115 days post-conception to
100 years of age, Bethlehem et al. (2022) demonstrated lifespan curves showing pronounced increase
in global gray matter volume from mid-gestation, peaking at 5.9 years, followed by a linear decrease
in volume (Bethlehem et al., 2022). This pattern was similar in white matter volume where a rapid
increase was observed from mid-gestation to early childhood, peaking at 28.7 years and subsequently
decreasing after 50 years old (Bethlehem et al., 2022). Other structures like the hippocampus are
suggested to have distinct subfield-specific developmental trajectories during normal human
development. For example, Gogtay et al. (2006) found that the posterior portion of the hippocampus
increased in volume over time whereas the anterior portion decreased in volume (100 scans in 31
children and adolescents scanned every 2 years for 6-10 years between ages 4 and 25) (Gogtay et al.,

2006).
1.12. Aging in the mature brain

In middle to late adulthood, brain aging may have a different connotation, as age-related brain
changes are associated with the risk of neurodegenerative diseases (Cole & Franke, 2017). Structurally,
cross-sectional and longitudinal studies, derived from postmortem, histological, and neuroimaging
data, indicate that the processes of aging are related to brain atrophy, enlargement of the ventricles,
deepening and widening of the sulcus, and increased cerebrospinal fluid to white and gray matter
ratio (Armstrong et al., 2019: male n=295, and female n=328, aged 55 years to 92 years; Hugenschmidt
et al., 2008: n=66, aged 18years to 80 years old). On a cellular level, it is suggested that because the
brain contains postmitotic neurons and oligodendrocytes, which are shown to be more susceptible to

DNA damage, it is particularly vulnerable to the process of aging (Madabhushi et al., 2014).

The brain is also suggested to have regional and inter-individual variability during aging (Dinsdale et
al.,, 2021). Indeed, studies suggest that aging in the prefrontal lobe is associated with axonal
degeneration and myelin disruption (which is thought to be linked to age-related slowing in cognitive
processing speed), while no such disruptions are found in the corpus callosum (aged between 55 years
and 80 years old, n=152) (Lu et al., 2011). A longitudinal study investigating differences in 12 regional
brain volumes across 2.5 years in individuals ( >= 49 years of age, n=40) found a significant reduction
in the volume of the hippocampus, orbital—frontal and entorhinal cortices as well as in the cerebellum
at each time point (two follow-ups, 15 months apart)(Raz et al., 2010). Moreover, in this study, in

addition to significant individual differences in reduction rates, the reduction of the hippocampal
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volume accelerated with time. On the other hand, the reduction of the caudate nucleus, prefrontal
subcortical white matter, and corpus callosum were only evident at the second follow-up, whilst no
changes were observed for the lateral prefrontal and primary visual cortices, putamen, and the pons

(Raz et al., 2010).

An anticipated ramification of aging on brain function is cognitive decline (i.e., verbal memory, working
memory, and processing speed) (Cole et al.,, 2018). Cognitive function is also proposed to be
dependent on synaptic density, and studies suggest that synaptic density decreases due to increased
synaptic pruning and decreased synaptic plasticity in older adults (Masliah et al., 2006). While the
exact connection between cognitive aging, functioning, and overall neurophysiological changes in the
brain remains elusive (Cole et al., 2018), studies suggest that aging of the brain increases the likelihood
of developing AD and dementia (Cole & Franke, 2017; Madabhushi et al., 2014). Additionally, even in
the absence of age-related risk, advanced aging is likely to exacerbate pre-existing disease symptoms

(Cole et al., 2019).
1.13. Agingin the hippocampus and amygdala

There are a plethora of studies that suggest that aging is associated with a decrease in the volume of
the hippocampus and amygdala (Fjell et al., 2013a; Pfefferbaum et al., 2013; Walhovd et al., 2005,
2011). A study investigating 17 neuroanatomic structures in 1100 healthy adults (aged between 18
and 94 years) found that 1) cross-sectionally the areas with the steepest volume loss were the cerebral
white matter, followed by the hippocampus, cerebellum white matter and thalamus, and 2)
longitudinally, the most notable decrease in subcortical volumes was in the hippocampus (-0.83%
annually) followed by the amygdala (-0.81% annually) and thalamus (-0.69% annually)(Fjell et al.,
2013b).

Volume loss in both the hippocampus and amygdala has been demonstrated in neurodegenerative
disorders such as AD (Prestia et al., 2011; Topkan et al., 2022) and is thought to partially contribute to
the cognitive and behavioural changes associated with these disorders. Meta analytic findings show
that the smaller the volume of the hippocampus the greater the severity in cognitive impairment or
AD suggesting that hippocampal volume loss may potentially underly mechanisms of AD pathology,

although further evidence is still required (Rao et al., 2023).
1.14. Aging in hippocampal and amygdala subfields

Some of the first studies to measure hippocampal subfield volume and normal aging were conducted
in postmortem samples. In one study, West et al. (1994) found a linear association between the
hippocampal DG and subiculum and chronological age (37% and 43 % volume loss, respectively,
between the ages of 13 years and 101 years old, healthy participants=45) (West et al., 1994). Another
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study, by Simic et al., 1997 found a linear association in neuronal loss in the hippocampal CA1 and
subiculum with chronological age (67% and 32% loss, respectively)(Simi¢ et al., 1997). Using manual
tracing, Mueller et al. (2007) found a linear association between the CA1 and increasing chronological
age in HCs (n=22) (Mueller et al., 2007). In a follow-up study, a linear effect of chronological age on

the CA3/DG of the hippocampus was found in HCs (Mueller & Weiner, 2009).

Kurth et al. (2017) divided the whole hippocampus into three subfields (CA, fascia dentata and
subiculum) as well as two hippocampus-adjacent areas (entorhinal cortex and HATA) and found that
all of the subfields, except for the entorhinal cortex, were smaller with increasing chronological age
(aged between 18 years and 69 years old, healthy participants n=96) (Kurth et al., 2017). In a following
study, Kurth et al. (2019) found that the amygdala subfields were smaller with increasing chronological
age in both a linear and nonlinear relationship (aged between 18 years and 69 years old, healthy
participants n=100) (Kurth et al., 2019). While these studies provide evidence of differential aging
amongst the subfields, the impact of aging on subfield volumes in normal and psychiatric conditions

is still unknown (de Flores et al., 2015).

1.15. How does the aging process influence structural and functional changes in the brain in

psychiatric conditions?

In a cross-sectional study, Sacchet et al. (2017) found a negative association between increasing
chronological age and the volume of the putamen in individuals with MDD (n=116) compared to HCs
(n=116) (Sacchet et al., 2017). This is consistent with other findings of age-related brain volume
differences in MDD (Sachs-Ericsson et al., 2018). Previous studies in elderly MDD found caudate and
ventricle enlargement (Beats et al., 1991; Skoog, 2011) and cortical atrophy (Schweitzer et al., 2001)
with increasing chronological age. In a longitudinal study of elderly adults (n=1328; age between 65
and 80 years) symptoms of depression, as well as a history of major depression, were associated with

greater grey matter loss in the hippocampus (Elbejjani et al., 2015).

In a mega-analysis of subcortical volumes in SAD (n=1115), Groenewold et al. (2023) found a significant
interaction between SAD and chronological age. The study found smaller bilateral putamen and
amygdala volumes with increasing chronological age in SAD compared to HCs (Groenewold et al.,
2023), suggesting that there may be age-related volumes loss in these structures in SAD although

further investigation is needed.

1.16. Machine learning models: what are they and how are they built?
Whilst there is some indication that brain structure and function are influenced by the process of aging
(Dinsdale et al., 2021), until recently there have been very few techniques to measure aging in the
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brain. While some research suggests that individuals with psychiatric disorders may be prone to
accentuated aging as indexed by molecular and cellular indicators of biological aging (see chapter 2
for review)(Darrow et al., 2016; Malouff & Schutte, 2017; Ridout et al., 2016), recent developments
have allowed for the prediction of brain aging using neuroimaging data and machine learning- which

has been an important step in increasing our understanding of the aging brain.

Machine learning algorithms (MLAs) in the context of brain age models refer to the use of complex
computational methods to predict or estimate an individual’s brain age based on various brain
features extracted from neuroimaging data (Cole et al., 2018: Franke et al., 2020). MLA-based brain
age models have become increasingly popular due to their ability to capitalize on multivariate data
(Bray et al., 2009), utilizing comprehensive neuroimaging data to identify brain aging patterns and
highlight patterns that deviate from healthy aging trajectories (Nielsen et al., 2020). Unlike traditional
statistical models that relate overall population averages to chronological age, MLA-based brain age
models are considered to have potential clinical relevance as their predictions are based on the unique

brain features of the individual (Baecker et al., 2021; Dinsdale et al., 2021).

There are myriad techniques, with varying degrees of complexity, that can be used to build brain age
models. Similarly, different MRl modalities (including T2 FLAIR, functional MRI, and diffusion MRI) can
be used as input data for machine learning, although the most commonly used data is from T1-
weighted images (Miller et al., 2016). Most brain age models are built using supervised machine
learning, which is a technique where the algorithm is trained using labelled data (Baecker et al., 2021).
In supervised learning, neuroimaging data is divided into three subsets; 1) training, 2) validation, and
3) testing (Zou et al., 2019). Depending on the exact MLA used, the MRI data can be pre-processed to

extract a rich set of brain features like cortical thickness and surface area (Baecker et al., 2021).

In the training dataset, the MLA learns to identify a relationship between multivariate features and
participant labels, which depending on the research design may include diagnosis (e.g., diagnosis vs
HCs) or patient states (e.g., depressed vs remitted)(Davatzikos, 2019; Nielsen et al., 2020). This step
may rely on different types of algorithms like support vector machines (which are effective for binary
classification when there is a clear separation between different data classes), or random forest
classifiers (which bring together numerous decision trees to make a prediction) (Nielsen et al., 2020).
Each technique has its own set of advantages and disadvantages e.g., sensitivity to noise, scalability,

and versatility (for review see Angermueller et al., 2016; Ching et al., 2018).

After training, the resultant model is applied to a validation dataset for model optimization and tuning
(by adjusting certain parameters), and cross-validation (dataset divided into multiple subsets or "k-

folds” for an iterative process of training and validation) (Angermueller et al., 2016). After validation,
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the best model is selected based on its prediction accuracy (Baecker et al., 2021; Zou et al., 2019) and
applied to an independent test sample where it is expected to make predictions without the use of a
label (Baecker et al., 2021). In contrast to supervised machine learning, unsupervised machine learning
is used to discover a relationship between multivariate features without the use of a label from the
beginning. This technique often relies on principal components analysis, clustering, and outlier
detection to make predictions from the unlabelled data (Angermueller et al., 2016; Maceachern &

Forkert, 2021; Zou et al., 2019).
Predicted brain age calculation

Brain-PAD (brain predicted age difference) is typically calculated by subtracting an individual’s
chronological age from the estimated predicted brain age (Cole et al., 2018). A positive brain-PAD
refers to predictions that are higher than an individual’s chronological age, suggesting accentuated
brain aging. On the other hand, a negative brain-PAD refers to predictions that are lower than an
individual’s chronological age, which is related to “delay” in brain aging (Baecker et al., 2021). Further
evidence is required to elucidate the neurobiological mechanism of brain aging and how it relates to
“accelerated” and “slowed” aging (Baecker et al., 2021; Han et al., 2019). For this dissertation, we will
use the term “accentuated” brain aging when describing positive brain-PAD, as the term “accelerated”

is only appropriate when used for longitudinal studies of brain aging.
Brain-PAD: what has been shown in psychiatric disorders?

Accentuated aging has been demonstrated in a variety of psychiatric disorders. In mood disorders,
specifically MDD, multiple studies indicate positive brain-PAD ranging between 2 years to 4 years
(Sone & Beheshti, 2022). For example, some studies found higher brain-PAD (+2.78 years, d=0.25,
pror=0.048) only when correcting for antidepressant use (Han et al., 2021), whilst other studies suggest
that brain-PAD was associated with body mass index (BMI) but not with treatment response (Ballester
et al.,, 2021). A recent meta-analysis found brain-PAD of +3.12 years in adults with psychotic disorders,
+2.04 years in bipolar disorder, and +0.90 years in MDD (Blake et al., 2023). Similarly, other meta-
analyses show brain-PAD of +3.08 years in psychotic disorders, +1.93 years in bipolar disorder, and
+1.12 years in MDD (Ballester et al., 2022). In the largest and most comprehensive study of brain-PAD
across psychiatric and neurodegenerative disorders, Kauffman et al., 2019 used T1-weighted images
from 10,141 individuals and 35,474 HCs aged 3 to 96 years. This study found a brain-PAD of +1.03
years in dementia, +0.41 years in MCl, +0.10 years in MDD, +0.74 years in multiple sclerosis, +0.29
years in bipolar disorder, +0.51 years in schizophrenia, +0.06 years in attention-deficit hyperactivity

disorder, and +0.07 years in autism spectrum disorder (Kaufmann et al., 2019).
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While the evidence presented above suggests that there is accentuated brain aging in anxiety
disorders, the research is still limited (see chapter 2 for review). Additionally, while the hippocampal
and amygdala subfields are associated with aging, very little is known about how subfield volumes

contribute to brain aging.
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Rationale and objectives

OCD and SAD are debilitating psychiatric disorders that have been previously associated with
structural differences in the hippocampus and amygdala. Both increases and decreases have been
found in the volumes of these structures, but few studies have investigated subfield volume
differences in OCD or SAD. Moreover, while it is known that aging imparts structural and functional
changes in the brain, very few studies have correlated hippocampal and amygdala subfield volumes

and predicted brain aging in anxiety disorders.

The present dissertation begins with a systematic review focusing on biological indicators of aging in
anxiety and related disorders. This sets the stage for a series of secondary analyses of neuroimaging
data from large multi-site datasets obtained from the European and South African Research Network
in Anxiety Disorders (EURSANAD) and the Obsessive-Compulsive Disorder Brain Imaging Consortium

(OBIC), to achieve the following aims:

Chapter 3: Investigate the association between OCD and hippocampal and amygdala subfield
volumes, and then assess diagnosis-by-age interactions to test whether chronological age
moderates the subfield volumes.

Research question: Are there volumetric differences in hippocampal and amygdala subfields

in individuals with OCD compared to HCs? Is there an association between chronological age
and subfield volumes, and does this relationship differ in individuals with OCD compared to

controls?

Hypothesis: It is anticipated that individuals with OCD will have differences in both
hippocampal and amygdala subfield volumes and that these effects may be particularly
apparent in subfields previously implicated in OCD, including the BLA and central nucleus of
the amygdala, as well as hippocampal subiculum and presubiculum (Zhang et al., 2019, Zhang

et al., 2020).

Chapter 4: Investigate the association between SAD and hippocampal and amygdala subfield
volumes, and then assess diagnosis-by-age interactions to test whether chronological age
moderates the subfield volumes.

Research question: Are there volumetric differences in hippocampal and amygdala subfields

in individuals with SAD compared to HCs? Is there an association between chronological age
and subfield volumes, and does this relationship differ in individuals with SAD compared to
controls?

Hypothesis: it is anticipated that individuals with SAD will have differences in the volume of

the BLA amygdala given its involvement in other anxiety disorders (Asami et al., 2018) and its
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role in threat evaluation (Besnard & Sahay, 2016; Etkin et al., 2004; Hortensius et al., 2016).
With regards to the hippocampus, multiple hippocampal subfields have been implicated in
anxiety and related disorders therefore we refrained from making subfield-specific
predictions.

Chapter 5: Investigate evidence for greater brain-PADs, in individuals with OCD compared to
HCs, and assess the extent to which brain-PAD predicts hippocampal and amygdala subfield

volumes.

Research question: Are individuals with OCD more likely to have accentuated brain aging as

indexed by brain-PADs, compared to HCs?

Hypothesis: Building upon the recent evidence of brain aging in OCD (Liu et al., 2022), it is
anticipated that there will be accentuated brain aging in OCD, as shown by higher brain-PAD

in individuals compared to HCs.

Chapter 6: Investigate evidence for greater brain-PADs, in individuals with SAD compared to
HCs, and assess the extent to which brain-PAD predicts hippocampal and amygdala subfield

volumes.

Research question: Are individuals with SAD more likely to have accentuated brain aging as

indexed by brain-PADs, compared to HCs?

Hypothesis: While recent evidence suggests that brain aging in anxiety disorders is modulated
by medication status (Han et al., 2021), it is nevertheless, anticipated that there will be
evidence for greater brain aging in SAD versus HCs, irrespective of medication status, using a

large sample of participants.
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CHAPTER 2: Systematic review of Indicators of biological aging in
anxiety and related disorders

In chapter 1, | introduced OCD and SAD in terms of their prevalence, clinical characteristics, and the
brain structures implicated in the neurobiological models of these disorders. | also introduced the
concept of biological aging and detailed the recent neuroimaging techniques that are utilized to predict
brain aging in anxiety and related disorders. In this chapter, | conduct a systematic review that focuses
on molecular, cellular, and neuroimaging-based tools used to index biological aging in healthy
conditions and anxiety and related disorders. In this review, we (SK, ZN, and JI) performed an iterative
search of electronic databases to identify publications that met our inclusion criteria. The STROBE
guidelines were used to assess good reporting and transparency of all the publications presented in
the results of this review. In the discussion, | present a synthesis of the findings from the most common
and up-to-date indicators of biological aging. Moreover, | identify gaps in the literature concerning
biological aging, anxiety disorders, and the brain, and pinpoint areas where further research is

required.
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2.1. Introduction

Anxiety disorders; evidence of age-related diseases

Anxiety disorders are persistent and stressful conditions that are commonly comorbid with age-related
diseases, as well as an increased risk of mortality (Meier, Mattheisen, Mors, Mortensen, et al., 2016).
As such, anxiety disorders have been linked to unhealthy and possibly ‘accelerated’ aging due to the
high incidence of cardiovascular diseases, stroke, dementia, immune diseases, and metabolic disorders
diagnosed with these disorders. A recent meta-analysis consisting of 46 cohort studies including
2,017,276 participants and 222,253 individuals with anxiety and related disorders (i.e., PTSD, phobic
anxiety, and panic disorder) found that individuals with these disorders had significantly increased risk
of cardiovascular mortality, coronary heart disease, stroke, and heart failure. Additionally, phobic
anxiety was related to a higher risk of coronary heart disease, and PTSD was associated with a higher
risk of stroke (Emdin et al., 2016). Other studies suggest an association between panic disorder and
increased risk for cardiovascular morbidity and mortality, even after adjusting for risk factors like major

depression (Machado et al., 2017).

While certain lifestyle factors including smoking, alcohol use, poor eating habits, and low physical
activity may partially account for the increased risk of medical comorbidity and mortality found in
individuals with psychiatric disorders (Oude Voshaar et al., 2021), studies suggest that medical
comorbidity is still significant even after adjusting for these factors (Penninx et al., 2013). This suggests
that there are additional factors that may account for the increased risk associated with these
disorders. Anxiety disorders may be associated with dysregulation in the immune system, as men with
current anxiety disorders are found to have increased inflammatory markers compared to HCs
(Vogelzangs et al., 2013). Other studies suggest that anxiety disorders are accompanied by disruptions
in the major stress systems including the hypothalamic-pituitary-adrenal (HPA) axis, as individuals with
panic disorder (with agoraphobia) and anxious individuals with comorbid depressive disorder have
been found to have higher awakening cortisol levels (Vreeburg et al., 2010), although these findings

are considered to be inconsistent (Penninx et al., 2013).

It is hypothesized that HPA dysregulations may lead to accentuated aging (Wolkowitz et al., 2010),
perhaps through allostatic load (McEwen, 2000). Allostatic load refers to the cost of chronic exposure
to fluctuating or heightened neural and neuroendocrine responses resulting from repeated or chronic
environmental challenges that an individual reacts to as being particularly stressful (Guidi et al., 2021).
McEwen first introduced the concept of allostatic load and allostasis, allostasis refers to “maintaining
homeostasis through change”, which describes how the body adapts to stress (McEwen, 2000). A

meta-analysis found that traumatic events that occur as adverse childhood experiences are associated
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with higher allostatic load scores and poorer health outcomes in adulthood suggesting that stress can
have long-term consequences on the health of the body (Finlay et al., 2022). Additionally, longitudinal
data shows that an increase in an individual’s allostatic load score is associated with an increased risk

of all-cause mortality (Karlamangla et al., 2006).

In response to environmental stress, typically the stress system is initiated through the activation of
amygdala nuclei, which communicate with hypothalamic neurons (through multiple pathways),
leading to the activation of the HPA axis. In the presence of chronic stress, the negative feedback
mechanism involved in regulating the HPA axis is compromised, leading to the chronic release of
cortisol (Danese & McEwen, 2012; Faravelli et al.,, 2012; Wolkowitz et al., 2010). In normal
circumstances the HPA axis regulates inflammatory responses, however, persistent activation of the
HPA axis possibly leads to impaired reactivity of the immune system to glucocorticoids, thereby
increasing inflammation (Miller et al., 2002; Wirtz et al., 2003). Although plausible, the exact
mechanisms underlying accentuated biological aging in anxiety and related disorders still remain
unclear (Wolkowitz et al., 2010). However, in the past decades, substantial efforts have been made in

developing biomarkers that index accentuated aging in human and animal models (Johnson, 2006).
The challenges of ‘biomarkers’

The American Federation for Aging Research stipulates that a biomarker must, (a) predict the rate of
aging whilst monitoring basic processes, (b) withstand repeated testing without harm to the individual,
and (c) function in both human and animal laboratory studies (Johnson, 2006; Jylhava et al., 2017).
While some markers have proved to be sensitive to chronological age, not all have convincingly proven
their specificity (for review see Han et al., 2019), and most markers are yet to be used in clinical settings
(Colloca et al., 2020). This is perhaps not surprising, as aging is a biologically complex process occurring
at various rates in different cell/organ types per individual (Lopez-Otin et al., 2013). In a longitudinal
study investigating the relationship between age and multiple ‘omics’ measures, including
transcriptomics, and proteomics, Ahadi et al. (2020) found unique patterns of aging that were specific
to each individual (referred to as ‘ageotypes’), and that whilst some individual displayed accentuated
aging patterns in the kidneys, other individuals had accentuated aging patterns in the kidneys and
metabolic pathways (in 106 healthy individuals aged between 29 and 75 years old)(Ahadi et al., 2020).
Given the challenges in identifying reliable biomarkers of aging, it has been proposed that rather than
‘biomarker’, the phrase ‘indicator of biological aging’ is more appropriate especially when referring to

measures that are correlated with chronological age (Han et al., 2019).
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Molecular and cellular indicators of biological aging

There are several indicators of biological aging including DNA and chromosomes (Telomeres and DNA
methylation), metabolism (lipid and proteomic), cellular senescence, oxidative stress, mitochondrial
DNA, and recently brain age (Franke et al., 2020). Other indicators measure phenotypic functions such
as walking speed, grip strength, and standing balance (Cole et al., 2019; Jylhava et al., 2017; Lépez-
Otin et al., 2013; Xia et al., 2017). For the purposes and scope of the present systematic review, |
focused on molecular, cellular, and neuroimaging-based indicators of aging that have been associated

with anxiety disorders across the adult lifespan (age 18-65 years old).
Telomere length: what are telomeres?

To date, the most commonly utilized indicator of biological aging is telomere length (TL). There are
over 6000 papers investigating TL in various conditions (Jylhdva et al., 2017), including reviews on TL
in basic function (Blackburn et al., 2015), aging (Sanders & Newman, 2013), and psychiatric disorders
(Monroy-Jaramillo et al., 2018). Telomeres are non-coding DNA protein complexes with tandem
repeats of TTAGGG nucleotide sequences at the end of every chromosome (Darrow et al., 2016;
Demanelis et al., 2020). During each cell division, the DNA content of the telomeres is not fully
replicated because the DNA polymerase enzyme can only synthesize new DNA in the 5'-3’ direction
(Saldanha et al., 2003). When the telomeres reach a critically short length, (also known as the ‘Hayflick
limit’, the critical point when the cell’s TL is excessively short) the cell loses the ability to divide which
induces cellular senescence (Allaire et al., 2023; Darrow et al., 2016; Demanelis et al., 2020; Franke et
al., 2020). While there is some debate, studies suggest that TL is a suitable indicator of biological aging
as it can be associated with basic aging mechanisms, correlates with age-related diseases, is heritable,
and is influenced by environmental factors. However, the clinical application of TL remains elusive

(Franke et al., 2020).

Cross-sectional data suggest TL shortening by approximately 14 to 103 base pairs per year, whereas
longitudinal data suggest TL shortening of 32.2 to 45.5 base pairs per year (MUezzinler et al., 2013).
Shorter TL has been associated with older age, race, and gender (Sanders & Newman, 2013). However,
findings of the association between TL and both age-related diseases and mortality have been
inconsistent. While there was an initial report that shorter TL was associated with an increased risk of
death (Cawthon et al., 2003) subsequent studies have either confirmed (Bakaysa et al., 2007,
Ehrlenbach et al., 2009; Kimura et al., 2008) or contradicted these findings (Fitzpatrick et al., 2007;
Harris et al., 2006). These differences may be explained by various factors including differences in
methodology, sample demographics, and sizes (Darrow et al., 2016). Some studies suggest that TL may

not reflect all age-related diseases as no association has been observed between TL and other age-
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related outcomes like bone mineral density and pulmonary function (Sanders & Newman, 2013). In
the largest population-based TL study to date (n = 105,539), Lapham et al. (2015) showed that TL was
significantly longer in women after the age of 50 years compared to men, suggesting that TL shortening
is influenced by sex and age differences (Lapham et al., 2015). Other studies suggest that both lifestyle
factors and somatic health status influence TL including BMI, exercise, smoking, alcohol consumption,

and oxidative and inflammatory stress (Allaire et al., 2023; Bojesen, 2013).

Shorter TL has also been associated with various psychiatric disorders. Meta-analysis suggests shorter
TL in depression (Ridout et al., 2016; n=38 studies), and higher anxiety states (Malouff & Schutte, 2017,
n=17). Darrow et al. (2016) performed a meta-analysis including 14827 individuals with MDD, bipolar
disorders, anxiety disorders, psychotic disorders, and PTSD. Overall TL was found to be shorter across
the psychiatric disorders. Longitudinal data found that individuals with anxiety disorders had shorter
TL at 2 years follow-up even after adjusting for lifestyle factors, educational level, and antidepressant
use (Hoen et al., 2013). However, in this study, no association was found for depressive disorders at

baseline and follow-up (Hoen et al., 2013).
DNA methylation is used to estimate epigenetic aging.

The expression of genetic information is governed by both the intrinsic instructions encoded within
the DNA sequence as well as the information contained outside of the DNA (Galkin et al., 2020).
Epigenetic studies focus on heritable changes in gene expression that occur without changing the DNA
sequence (Bollati & Baccarelli, 2010). The epigenome is suggested to be a dynamic area where gene
expression can be influenced by endogenous processes such as epigenetic drift, and exogenous
processes including physical activity, diet, smoking, alcohol consumption, and stress (Bollati &
Baccarelli, 2010; Pagiatakis et al., 2021). Aging cells undergo an accumulation of epigenetic changes
which may disturb the cell’s normal functioning. The increasing recognition of epigenetics in biological
aging has contributed to the development of methods that index epigenetic aging in different types of

human cells (Duan et al., 2022).

DNA methylation is the most commonly investigated epigenetic factor that is known to modulate
genes (Marino et al., 2023). Briefly, DNA methylation is the covalent modification of DNA bases that
induces heritable silencing of DNA sequences, thereby maintaining genomic integrity (Bollati &
Baccarelli, 2010; Kiefer et al., 2007). This process primarily occurs on the cytosine residues located
within CG-dinucleotide-rich genomic regions. These genomic regions are known as CpG islands and
are ubiquitous in the human genome. The methylation of cytosine can directly impede the binding of
transcription factors to recognition sites on the DNA. Alternatively, methylation can lead to methyl-

CpG binding domain proteins, to induce the formation of silent chromatin (Pagiatakis et al., 2021).
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DNA methylation of CpG sequences in the genome has been used in the development of indicators of
cellular aging. Seminal papers have focused on the development of DNA methylation microarrays that
capture the methylation occurring at numerous CpG sites using a single bead-chip and a small DNA
sample, thus creating methylation-based estimations of biological age. In a twin-pair study, Bocklandt
et al. (2011) found that 88 CpG sites in or near 80 genes were significantly associated with
chronological age (Bocklandt et al., 2011). Building on this, across 7844 samples, Horvath, 2013
identified 353 CpG sites where methylation status predicted chronological age across multiple tissues,
with a median error rate of 2.9 years. This data was used in the development of a DNA methylation
age algorithm, or epigenetic ‘clock’, that can be used to predict epigenetic aging (Horvath, 2013). In
the same year, in an independent study, Hannum et al. (2013) used 656 samples and identified 71 CpG
sites that were correlated with chronological age from blood samples. This DNA methylation clock had
a root mean square error of 3.9 years. A substantial proportion of the loci featured in this algorithm
are proximal to genes that are associated with the development of age-related diseases, oxidative

stress, and DNA damage (Hannum et al., 2013).

Several studies have investigated the association between DNA methylation and psychiatric disorders.
In two different studies, Wolf et al. (2018) found that PTSD symptoms were associated with advanced
DNA methylation age based on the Hannum clock, however, no association was found by Wolf et al.
(2016) when using the Horvath clock. In a longitudinal study, Boks et al. (2015) found a negative
association between PTSD and age over time, and a positive association between combat trauma and
age, using the Horvath clock (Boks et al., 2015). While studies point to an association between DNA
methylation and accentuated epigenetic aging in anxiety and related disorders, the findings reported
are inconsistent (Boks et al., 2015; Han et al., 2018; Wolf, et al., 2018) (Boks et al., 2015; Han et al.,
2018; Wolf et al., 2018).

Brain-based indicators of aging: can molecular and cellular indicators of biological aging predict brain

aging?

The use of molecular and cellular markers to estimate brain age is limited by the inherent challenges
of obtaining a tissue sample. Both postmortem and neurosurgical sampling can lead to the formation
of artifacts in the tissue, introduce mortality bias, and are generally performed in small sample sizes
(Higgins-Chen et al., 2021). Some studies suggest that since there may be some inter-correlation
between the rate of TL shortening across different tissue types including the cerebral corte,
myocardium, liver, and renal cortex within an individual, it is possible to generalize TL shortening across
different cell types (Takubo et al., 2002). Indeed, an association has been observed between leukocyte

TL, brain atrophy, and white matter hyperintensities, in non-demented individuals aged 64-75 years
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(Wikgren et al., 2014). In a recent study, Hillary et al. (2021) found an association between DNA
methylation (using GrimAge) and poorer cognitive ability, a decrease in grey matter and white matter
volumes, and an increase in white matter hyperintensity in the frontal and temporal regions of the

brain (Hillary et al., 2021).

While the evidence presented above suggests that there may be some correlation between molecular
and cellular indicators of biological aging and brain aging, it is important to note that neurons are
generally post-mitotic cells and therefore some brain regions like the occipital lobe may be less
influenced by mitotic-related age predictors than other areas that contain neural stem cells and
progenitor cells like the hippocampus (Lindqvist et al., 2015; Thanseem et al., 2017). Moreover, post-
mortem studies of aging and AD suggest that there are divergent cell-type-specific methylation
signatures in neurons and glial cells (Gasparoni et al., 2018). Postmortem studies of TLs in the cortex
of individuals with MDD found no significant difference between MDD (n=24) and HCs (n=12) (Teyssier
et al., 2010). These findings suggest that further evidence is required to determine if molecular and
cellular indicators of biological aging can be used to measure brain aging and the factors that

contribute to differences between brain and blood-based predictions.

As discussed in Chapter 1, recent advances in machine learning algorithms have allowed for the
prediction of brain age using a rich set of brain features derived from neuroimaging data. The most
precise brain age models have demonstrated a mean absolute error below 5 years and have been
proven to have high test-retest reliability (Cole & Franke, 2017). Based on these developments, brain
age has been assessed in various neurodegenerative disorders, especially those that are associated
with aging such as AD and mild cognitive impairment (Gaser et al., 2013; Sone & Beheshti, 2022).
Studies suggest that AD is associated with accentuated brain age ranging from +2.88 to 9.29 years
compared to HCs (Beheshti et al., 2018, 2020; Millar et al., 2022). For a review of brain-PAD in

neurodegenerative diseases please see Sone & Beheshti, 2022.
Other markers of biological aging

There are several other indicators of biological aging, however, these are beyond the scope of the
present systematic review (see Cole & Franke, 2017; Lopez-Otin et al., 2013; Mattson & Arumugam,
2018; Wagner et al., 2016). Briefly, transcriptomics is shown to predict chronological age and is
suggested to be elevated in bipolar disorder, and schizophrenia but not MDD (Lin et al., 2021),
however, omics strategies are known to be susceptible to noise (Eling et al., 2019). Serum, urine, and
fatty metabolism have been shown to predict chronological age, all-cause mortality, and AD (Deelen
et al., 2019; Johnson et al., 2019; Wang et al., 2020). Markers of neuroinflammation may provide

another possible indicator of brain aging. In the aged brain, glial cells are found to be in an activated
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state associated with the over-production of pro-inflammatory markers such as interleukin 1B, 6, and

tumor necrosis factor-alpha (Cribbs et al., 2012; Norden & Godbout, 2013).

This review aims to investigate the association between anxiety and related disorders and biological
indicators of aging indexed at a molecular, cellular, and brain level. We aim to critically evaluate the

existing literature and set the stage for the subsequent chapters presented in this dissertation.
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2.2. Methods
2.2.1. Search strategy and selection criteria

The preferred reporting items for systematic reviews and meta-analyses (PRISMA) were followed
(Shamseer et al., 2015). The search process and study eligibility determination for this review were
conducted by a postdoctoral research fellow (S.K) and PhD candidate (ZN), under the supervision of Dr
Jonathan  Ipser. We performed an electronic database search of PubMed

(www.ncbi.nlm.nih.gov/pubmed) and SCOPUS (https://www.scopus.com/search/), from inception

date to 06 October 2020. The searches were an iterative process resulting in the following final search
query.

PubMed; ("ageing" OR "aging") AND ("anxiety disorders"[Mesh] OR "social phobia" OR "social anxiety
disorder" OR "generalized anxiety disorder" OR "panic disorder" OR "obsessive-compulsive disorder"
OR "OCD" OR "post-traumatic stress disorder" OR "PTSD") AND ("biomarkers" OR "brain ag*" OR

"telomere*" OR "epigenetic" OR "methylation").

Scopus; TITLE-ABS-KEY ("ageing” OR “aging”) AND TITLE-ABS-KEY ("Anxiety Disorders" OR "social
phobia" OR ‘"social anxiety disorder" OR ‘'"generalized anxiety disorder" OR "panic
disorder" OR ‘'obsessive compulsive disorder" OR "OCD" OR "post-traumatic stress
disorder" OR "PTSD") AND TITLE-ABS-KEY ("biomarkers" OR "brain

ag*" OR "telomere*" OR "epigenetic" OR "methylation").

The search query resulted in 115 publications from PubMed and 151 from SCOPUS (Figure 2.1). This
search was repeated on 02 November 2021, using the same search query in PubMed and SCOPUS with
an additional filter for publication year; 2020-2021 (duplicates were excluded, and new publications
were included for title and abstract review). The reference lists of highly-cited publications (Malouff &
Schutte, 2017; Solomon et al., 2017; Verhoeven et al., 2015) were searched for additional citations to

include in the abstract review.
2.2.2. Inclusion and exclusion criteria

We selected original publications written in English, all reviews, conference abstracts, and editorials
were excluded. Publications were considered for inclusion if they were studies of human adults (no
post-mortem studies), aged between 18 and older (no upper age limit). The participants of eligible
studies were required to have an anxiety disorder as the primary diagnosis (diagnosed using the
DSMIV/ DSM-5/1CD-10). We included studies on the condition that the anxiety disorder group was
compared to a non-psychiatric control group. Psychiatric comorbidity was allowed secondary to the

primary diagnosis. The publications had to focus primarily on biological indicators of aging including
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brain age (based on structural neuroimaging data), DNA and chromosome (TL, DNA methylation), RNA
and transcriptome (transcriptome profiles) (Xia et al., 2017). Exclusion criteria for our study included
phenotypic biomarkers of aging i.e., walking speed, chair stand, standing balance, and grip strength,
as studies suggest that it is difficult to relate phenotypic biomarkers to underlying molecular processes
(Xia et al., 2017). We also excluded diagnoses of neurodevelopmental disorders, disruptive disorders,
impulse-control disorders, conduct disorders, neurocognitive disorders, and neurodegenerative

disorders.
2.2.3. Study selection

The two independent raters (SK and ZN) screened each abstract using the inclusion criteria. After the
abstract review, 86 eligible publications were identified, and all discrepancies were resolved by a third
reviewer (Dr Jonathan Ipser). Next, we reviewed the full text of the eligible publications using the same
inclusion criteria. The supplementary material was searched for those articles that were unclear. For
those publications with missing information, the corresponding authors were contacted for feedback.
If the information was not provided, then the publication was excluded from present systematic

review.
2.2.4. Data extraction

We extracted information about the primary anxiety diagnosis, the diagnostic tool used to access
anxiety disorder, the study sample size, age, age range, the biomarker of aging, and the method used
to access the biomarker of aging, statistical covariates, secondary outcomes, and the main findings.
Since lifestyle factors are shown to have an impact on markers of aging (Allaire et al., 2023; Demanelis
et al., 2020) we also extracted information about smoking, alcohol use, and any other covariate that

was significantly associated with the biological indicator of aging.
2.2.5. Quality assessment of studies

The STROBE 22-item checklist was used to assess good reporting and transparency of each publication
by evaluating key aspects of study design, conduct, and reporting (Strengthening the reporting of

observational studies in epidemiology; https://www.strobe-statement.org/checklists/). Each rater

independently assessed the reporting quality of each publication by answering the checklist items,
assigning a “yes”, or “no” based on the information provided by the publication (for example also see

Vandenbroucke et al., 2007; von Elm et al., 2014).
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2.3. Results
2.3.1. Study selection and characteristics

The search strategy conducted in 2020 identified a total of 194 abstracts from PUBMED and SCOPUS,
after the removal of duplicates (n=74). After applying the inclusion criteria, 86 abstracts passed the
initial screening for full-text review. After a full-text review, 10 papers were found to be eligible for
inclusion. For some papers we contacted authors for additional information; in 3 papers the anxiety
disorder group was combined with MDD (Chagnon et al., 2015; Révész et al., 2016; Verhoeven et al.,
2015), 1 paper included subthreshold cases of the anxiety disorders and did not report data separately
for threshold cases (Kananen et al., 2010), and 1 paper mentioned PTSD comparison to HC but did not
provide descriptive statistics for the HC group (Solomon et al., 2017). Of these, we received feedback
from 1 author, who sent a paper where the anxiety group was analyzed separately from MDD

(Verhoeven et al., 2015; included in the review).

The search strategy was repeated in 2021 (filtered publication year; 2020-2021), and we found a total
of 53 additional abstracts for screening. After the abstract and full-text screening, we identified 3
papers eligible to be included in the final review (Han et al., 2021; Kang et al., 2021; Kuan et al., 2021).
Lastly, one eligible paper was identified by manually searching the references (Clausen et al., 2021).
Taken together, 14 eligible papers were identified for inclusion in the final systematic review (Figure

2.1).
2.3.2. Excluded studies

A total of 234 studies were excluded from the review. Briefly, the most common reason for exclusion
was that the papers were not original, but rather systematic or meta-analytic reviews (n=60). Secondly,
some studies did not include a diagnosis of an anxiety disorder, or they measured aspects of anxiety
or worry (n=35). Several studies were animal research and therefore not eligible for inclusion in the

review (n=15).
2.3.3. Summary of studies

The 14 studies included in our systematic review were published between the year 2011 and 2021,
including 13 cross-sectional studies and one longitudinal analysis (Yang et al., 2020) (Table 2.1). Of
these, the most commonly assessed disorder was PTSD (10 studies), two studies examined a single
disorder (panic disorder (Prelog et al., 2016); OCD (Kang et al., 2021)), and two studies included a
combination of social anxiety disorder, generalized anxiety disorder and panic disorder (Han et al.,
2021; Verhoeven et al., 2015). The majority of the studies recruited participants from high-income

countries, except for those studies that recruited participants from Croatia (Jergovi¢ et al., 2014), and
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Korea (Kang et al.,, 2021; Kim et al., 2017). Moreover, Katrinli et al. (2020) assessed participants
recruited from low-income communities in the USA (Katrinli et al., 2020). Two of the studies used data
from the Netherlands Study of Depression and Anxiety (NESDA); one measured leukocyte TL
(Verhoeven et al., 2015), and the other measured brain aging (Han et al., 2021). Two of the studies
investigated PTSD in male veterans from Operation Enduring Freedom and/or Operation Iragi
Freedom, with participants recruited from the Manhattan, Bronx, and Brooklyn Veterans Affairs
Medical Centres. Of these two studies, one study measured TL, telomerase activity, and DNA
methylation using the Horvath epigenetic clock (Verhoeven et al., 2018) and the other study measured
DNA methylation using various epigenetic clocks, cross-sectionally and longitudinally (Yang et al.,

2020).

Concerning the measured outcome, the majority of studies focused on the association between
anxiety disorders and TL (Jergovic et al., 2014; Kang et al., 2020, 2021; Kim et al., 2017; O’'Donovan et
al., 2011; Prelog et al., 2016; Roberts et al., 2017; Verhoeven et al., 2015, 2018), some included an
additional analysis of telomerase activity (Jergovic et al., 2014; Verhoeven et al., 2018) and one study
measured TL and mitochondrial DNA content (Kang et al., 2021). In most of the studies that described
TL, TL was measured using quantitative polymerase chain reaction(qPCR) (n=9), taken from blood
draws from the study participants. Lastly, 2 studies used machine learning algorithms to predict brain
age (Clausen et al., 2021; Han et al., 2021). Table 2.1 shows the main characteristics of the studies that

are included in the present systematic review.
2.3.4. Quality of study reports

The majority of studies included in our analysis provided an adequate description of the study
background, methods, and findings in the abstract of the analysis, however, none of the studies used
acommon term in the title or the abstract to easily identify the design of the study (e.g., “case-control”
or “cross-sectional study”). For the introduction, all studies appropriately described their scientific
background, provided a clear rationale, and stated specific study objectives or hypotheses. Most

studies, except for Yang et al., 2020, were cross-sectional and provided adequate information on

eligibility criteria for inclusion in the analysis.

The study methodology was generally poorly reported, particularly (item 5) describing the setting,
locations, and relevant dates specifically including periods of recruitment, exposure, follow-up, and
data collection, and (item 9) describing any efforts to address potential sources of bias. Clausen et al.
(2021) and Han et al. 2021 were a few of the studies that explicitly described dealing with bias; bias in
this study was identified as regression dilution bias a phenomenon that occurs in brain age estimation

where the Brain-PAD is typically overestimated in younger individuals and overestimated in older
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individuals. The studies overcome this regression bias by including chronological age in the regression
model employed. Very few studies adequately reported how they arrived at the sample size (item 10)

and explained how missing data was addressed (item 12).

For the discussion, studies provided a clear and short summary of the main findings concerning the
study objectives at the beginning of the discussion section. Additionally, the overall interpretation of
the study findings was cautious with consideration of the generalizability and limitations of the study.
Lastly, all but one of the studies (Roberts et al., 2017) declared sources of funding and/or role of
funders in the present study. Overall, the studies were clear and transparent in their introduction and
discussion, however, the results section could have been improved with more details (Vandenbroucke

et al., 2007).
Telomere Length (nine studies)
2.3.5. Telomere length in PTSD (six studies)

The majority of papers focusing on TL were on PTSD (six studies), four of the studies reported shorter
TL in PTSD compared to HCs (Jergovi¢ et al., 2014; Kang et al., 2020; O’Donovan et al., 2011; Roberts
et al., 2017), and two studies had null findings (T. Y. Kim et al., 2017; Verhoeven et al., 2018).

O’Donovan et al. (2011) investigated leukocyte TL in a community-based sample of male and female
adult individuals with current chronic PTSD (n=43, n=18 with multiple categories of childhood trauma)
and HCs (n=47, all without childhood trauma). The results showed that individuals with PTSD had
significantly shorter TL, compared to HCs. Additionally, individuals with PTSD with multiple categories
of childhood trauma had significantly shorter TL than HCs. No association was found between TL and

PTSD symptom severity (O’Donovan et al., 2011).

Jergovic et al. (2014) investigated the relative TL and telomerase activity in peripheral blood
mononuclear cells in a sample of 30 Croatian male combat veterans with PTSD, 17 HCs, and 15 elderly
control group volunteers aged 80 years or older. Additionally, this study measured Immunosenescence.
The study found that individuals with PTSD individuals had shorter TL compared to HCS, whilst the
elderly volunteers had the shortest telomeres. Telomerase activity did not differ between individuals
with PTSD and HCs, however, the elderly volunteers had lower activity than the PTSD group and HCs.

No association was found between TL and immune factors (Jergovi¢ et al., 2014).

In an all-female sample of individuals with PTSD (n=25) enrolled from a substudy of the Nurses’ Health
Study II, Roberts et al. (2017) found shorter TL in females with PTSD, after adjusting for age at blood

draw. However, the type of trauma exposure did not affect TL (trauma grouped into 5 categories; rape;
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interpersonal violence; other event to self; sudden death of a loved one; other event to a loved one)

(Roberts et al., 2017).

When investigating TL in male veterans with PTSD who were exposed to combat trauma in the Vietnam
War (recruited through the Veterans Health Service), Kim et al. (2017) found no significant difference
between individuals with PTSD (n=122) and HCs (n=120). Additionally, no significant difference in
relative TL was found in individuals exposed to severe trauma and those exposed to light-to-moderate

trauma, even when adjusting for socio-demographic variables (Kim et al., 2017).

Verhoeven et al. (2018) did not find a significant difference in TL in male combat-exposed war veterans
with PTSD (n=79) compared to male combat-exposed war veterans without PTSD (n=81) (adjusted for
chronological age). The study also assessed DNA methylation levels, using the Horvath epigenetic
clock, in PTSD veterans compared to HCs. The study found that epigenetic age was lower in veterans
with PTSD compared to HCs, even after adjusting for ethnicity, lifestyle factors, and childhood trauma.
However, when adjusting for antidepressants, the finding that PTSD was associated with lower
epigenetic age became non-significant which suggests that antidepressants partially explained this
association. In addition, higher telomerase activity was associated with less epigenetic aging in

veterans with PTSD compared to HCs (Verhoeven et al., 2018).

In a sample exposed to high levels of combat trauma, Kang et al. (2020) found shorter TL and larger
amygdala volume in individuals with PTSD (n=53) compared to a non-PTSD group (n=24), after
adjusting for ethnicity, smoking, alcohol use, substance use, antidepressant use, and psychotropic
medication use. On the other hand, in a subset exposed to low levels of combat trauma, no association
was found in individuals with PTSD (n=12) compared to a non-PTSD group (n=59). In addition,
amygdala volume was positively associated with PTSD symptom severity and faster heart rate, and TL

was inversely associated with diastolic blood pressure and norepinephrine levels (Kang et al., 2020).
2.3.6. Telomere length in other anxiety disorders (three studies)

In a large-scale study of TL in anxiety disorders, Verhoeven et al., 2015 found shorter leukocyte TL in
individuals with a current anxiety disorder (n=1283) compared to HCs (n=582) and compared to the
individuals with remitted anxiety disorder (n=459). In comparing the mean leukocyte TL in different
anxiety disorders, the authors of this study reported that panic disorder with agoraphobia (n=414),
social phobia (n=652), and generalized anxiety disorder (n=454) had significantly shorter TL than HCs
(n=582), after adjusting for age, gender, and education. These results remained statistically significant
even when including sociodemographic, health, and lifestyle variables. No association was found for
agoraphobia (n=187) and panic disorder without agoraphobia (n=224). Additionally, shorter TL was

associated with several symptom severity, specifically social phobic symptoms, arousal, and worrying

63



in the total sample. No association was found for comorbid MDD or psychotropic medication use
(Verhoeven et al., 2015). The null findings for panic disorder without agoraphobia were replicated in a
smaller study of relative TL in cases (n=131) compared to HCs (n=131) (Prelog 2016). However, female
individuals with panic disorder (n=85) had shorter TL compared to males (n=44). In addition,
significantly higher levels of methylation were observed across 5 specific CpG sites in females with
panic disorders compared to HCs, but not in males with panic disorder (Prelog et al., 2016). Finally,
Kang et al. (2021) found that females with OCD (n=94) had significantly shorter TL compared to HC
(n=234, 41.5% female), this study also found lower mitochondrial DNA in the same female sample.
Additionally, males with OCD (n=149) also had lower mitochondrial DNA, however, no difference in TL
was found between individuals and HCs (adjusted for age, body mass index, and childhood trauma)

(Kang et al., 2021).
2.3.7. DNA methylation in anxiety disorders (four studies)

There is some evidence that anxiety disorders are associated with advanced epigenetic aging (Katrinli
etal., 2020; Kuan et al., 2021; Yang et al., 2020). Verhoeven et al. (2018) investigated DNA methylation,
TL, and telomerase activity in veterans with PTSD (n=79) and veterans without PTSD (n=81), using the
Horvath epigenetic age calculator. This study found less epigenetic aging in the veterans with PTSD
compared to controls, suggesting that the PTSD group had a ‘younger’ epigenetic age profile, even

after adjusting for race, BMI, alcohol, and smoking (Verhoeven et al., 2018).

Katrinli et al. (2020) used a sample of 218 individuals with current PTSD, a separate 209 with lifetime
PTSD, and 427 trauma-exposed controls (without a history of PTSD) to investigate accentuated aging
in PTSD using Horvath’s GrimAge calculator. Additionally, T1-weighted structural MRI images of 69
female individuals (26 from the current PTSD group and 43 from the control group) were used to
examine the association between epigenetic age and cortical thickness. This study found a significant
difference in ‘GrimAge acceleration’ (age-adjusted ‘GrimAge’) between PTSD (current or lifetime) and
controls. When examining cortical thickness, GrimAge acceleration in current PTSD was negatively
associated with thickness of the right lateral orbitofrontal cortex in the current PTSD group, but not in
the control group. While this study suggests that PTSD was associated with accentuated epigenetic
aging (Katrinli et al., 2020), studies suggest that epigenetic predictions may vary according to the
training and sampling data used (Lu et al., 2019; Marioni et al.,2015), and therefore findings need to

be replicated using the different types of epigenetic age calculators.

Yang et al. (2020) investigated age acceleration in combat trauma-exposed male veterans with and
without PTSD using cross-sectional and longitudinal data from two independent samples. Briefly, the

discovery cohort included 80 combat trauma-exposed individuals with PTSD and 82 combat trauma-
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exposed controls, the longitudinal PTSD group included individuals who were diagnosed with PTSD at
baseline (T1) and then returned for long follow-up three years later (T2) (n=26 with initial diagnoses
of PTSD) (see Table S9 in supplemental material). The age acceleration results were then compared to
those obtained using other DNA methylation clocks including Horvath, Hannum, PhenoAge, and
GrimAge. This study found that PTSD was associated with higher age acceleration compared to controls
using GrimAge and Horvath, but not Hannum. PTSD symptom severity was positively correlated to age
acceleration. In the longitudinal group, longitudinal changes in PTSD symptom severity were positively
correlated to age accelerations (increases or decreases in PTSD severity related to increases or
decreases in age respectively), additionally, the longitudinal changes in age acceleration were
correlated with changes in the hyperarousal symptom complex (see Table S3 in supplemental material)
(Yang et al.,, 2020). Lastly, this study did not find an association between epigenetic age and
inflammatory factors, interferon-gamma, interleukin 6, 8, and 10, C-Reactive Protein (CRP), and tumor

necrosis factor (TNF) alpha across all subjects (Yang et al., 2020).

Kuan et al. (2021) investigated the association between males with PTSD (current vs past; World Trade
Centre responders) and accentuated aging using a multi-tissue transcriptional age calculator
(RNAAgeCalc). The results were then compared to different DNA methylation age calculators including
Horvath, Hannum, PhenoAge, and GrimAge. The study found that males with current PTSD (n=81) had
higher transcriptional age than those individuals without PTSD (n=201), after controlling for age and
race. The study also found that the transcriptional age was positively associated with the avoidance
dimension, however, no association was found for the total PCL, reexperiencing, hyperarousal

dimensions, and numbing.

When comparing the four DNA methylation age calculators, only GrimAge was found to be significantly
higher in the current PTSD compared to individuals without PTSD, but no significant differences were
observed between current and past PTSD. GrimAge was positively associated with total PCL,
avoidance, and numbing dimensions (B = 0.186, p = 0.012), no association was found for
reexperiencing and hyperarousal dimensions. Additionally, after further adjusting for cell type
proportions (CD8 and CD4 T cells, natural killer cells, B cells, and monocytes), all of the DNA
methylation ages (besides Horvath) showed a significant association with PTSD (Kuan et al., 2021). The
association between DNA methylation and immune cell type proportions observed in this study was
consistent with a previous meta-analysis that indicated a link between epigenetic age and

Immunosenescence (Chen et al., 2016).

65



2.3.8. Brain age in anxiety disorders (2 studies)

While we only identified 2 studies concerning brain age and anxiety disorders, one study used large-
sample sizes (more than 2000 individuals) (Clausen et al., 2021), and both studies were measured
across a wide adult age range; 18—69 years (Clausen et al., 2021; Han et al., 2021). Clausen et al. (2021)
used 3 pre-trained machine learning brain age models; brainageR, PHOTON-BA, and BARACUS (Brain
Age and Brain-Age Regression Analysis and Computation Utility Software). The BrainageR model, which
was trained using a Gaussian process regression algorithm, was found to be the most accurate in

predicting brain age (tested in a subset of 386 HCs, from 3 international sites).

The model was applied to T1-weighted structural MRI from a total of 2229 subjects, split into
individuals with and without PTSD (n = 882 vs 1347, respectively). The results revealed that brain age
predictions differed significantly between males and females. The sample was divided by sex and the
relationship between chronological age and predicted brain age by PTSD status was plotted. Males
with PTSD had higher brain age at a younger age, and lower brain-PAD at an older age compared to
males HCs (of all ages). On the other hand, females with PTSD had higher brain age predictions
compared to females without PTSD, except for young HCs. No association was found between brain
age prediction and symptom severity (Clausen et al., 2021). In another study, Han et al. (2021) used
an open-source ENIGMA brain age model (Photon-Al), trained using a ridge regression algorithm. This
model was applied to 3T MRI data to predict brain age in 67 individuals with anxiety disorder compared
to 65 HCs: anxiety disorder including generalized anxiety disorder, panic disorder, and social anxiety
disorder. This study found that anxiety disorders had significantly higher brain age predictions (+2.91
years, d=0.27, 95% Cl, 0.08-0.61, prpr=0.048) compared to HCs, only when correcting for
antidepressant use. No association was found between brain-PAD and biological stress variables such
as inflammatory markers and HPA axis, although the association with cortisol awakening response
trended towards significance (b=-0.23 years per nmol/l, p =0.06). There were no significant
associations between brain-PAD and exposure to childhood trauma. In an exploratory analysis, the

study found no significant correlation between brain age, epigenetic clocks, and TL (Han et al., 2021).

2.3.9. The influence of clinical characteristics, lifestyle factors, and somatic health status on brain
aging

2.3.9.1. Clinical comorbidity

Because PTSD is frequently comorbid with MDD, a few studies analyzed the impact of comorbid MDD
in PTSD on biological aging indicators. Jergovic et al. (2014) found no association between the diagnosis

of comorbid disorders and TL in individuals with PTSD (comorbid with MDD n=24; panic disorder n=13;
OCD n=9; SAD n=7) (Jergovi¢ et al., 2014). Roberts et al. (2017) found that shorter TL was not
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significantly associated with comorbid depression in women with PTSD (Roberts et al., 2017). Yang et
al. (2020) did not find a significant difference in epigenetic age between individuals with PTSD with
comorbid MDD (n=63) and those without comorbid MDD (n=30) (Yang et al., 2020). Han et al. (2021),
found higher brain age estimates in comorbid MDD and anxiety group (+2.23 years, d=0.21, pepr=0.08),

with small to moderate effect size (Han, et al., 2021).
2.3.9.2. Medication use

In an exploratory analysis, Jergovic et al. (2014) found that the use of mood stabilizers in individuals
with PTSD (n=21) was a significant predictor of shorter TL, even after adjusting for age, BMI,
comorbidity, and psychometric test scores (e.g., Clinician-Administered PTSD Scale, State-Trait Anxiety
Inventory) (Jergovi¢ et al., 2014). In a post-hoc analysis, Kim et al. (2017) found that the use of
antidepressants was associated with longer TL in veterans with PTSD with severe trauma, than in non-
users with severe trauma (Kim et al., 2017). In a sensitivity analysis, Verhoeven et al. (2018) found that
when adjusting for current antidepressants, the association between PTSD and epigenetic age (lower
epigenetic age in those with PTSD) that was observed in the main analysis became non-significant. A
subgroup analysis found that individuals with PTSD with antidepressant use had significantly lower
epigenetic age than those not using antidepressants. However, a post-hoc analysis showed that while
current antidepressant use lowered the association between PTSD and epigenetic age, it was not a
statistically significant mediator (Verhoeven et al., 2018). In a post hoc analysis, Han et al. (2021) only
found a significant association between brain-PAD and the diagnosis of anxiety disorders when
correcting for the use of antidepressants. Indeed, the authors reported that the variables that
explained the most variability in brain age were somatic depression symptoms and antidepressant use
(Han et al., 2021). Kang et al. (2021), found no significant difference in TL and mitochondrial DNA
concentration between individuals with OCD with medication use and non-users, in males or females

(Kang et al., 2021).
2.3.9.3. Lifestyle factors and somatic health status

Studies suggest that TL is associated with health and lifestyle factors (Patel et al., 2017; Rehkopf et al.,
2016). Jergovic et al. (2014) found that smoking, sex, and age predicted TL in PTSD, but depression and
antidepressants were not as important. The study found that individuals with PTSD who were current
smokers (n=15) had shorter TL than non-smokers (n=12). Prelog et al. (2016) did not find an association
between panic disorder and TL but found significantly shorter TL in smokers compared to non-smokers
across individuals. Roberts et al. (2017) found that women with PTSD had higher BMI, however,
lifestyle factors did not affect the association between PTSD and TL. In Yang et al. (2020), the PTSD

group had a higher BMI and percentage of smokers compared to HCs, with both BMI and smoking
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associated with accentuated epigenetic age, even after controlling for DNAMPACKYRS (surrogate
variable used in the development of the epigenetic clock, built on smoking data). Han et al. (2021)
found that greater brain age was associated with higher BMI and the number of current somatic
diseases under medical treatment in all individuals (heart disease, epilepsy, diabetes, osteoarthritis,
cancer, stroke, intestinal disorders, ulcers, and lung-, liver-, and thyroid disease). No significant
association was found between brain age and smoking or alcohol use in individuals with anxiety
disorder or MDD, compared to HCs. No significant association was found in biological stress variables

(inflammatory markers, ANS, and HPA axis) in all individuals (Han et al., 2021).
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2.4. Discussion

In this systematic review, we investigated the association between anxiety disorders and a wide range
of biological indicators of accentuated aging. We identified 14 studies reporting an association
between anxiety disorder and TL, DNA methylation, and brain age. The majority of our studies
investigated TL in PTSD, with fewer findings on other anxiety disorders and other indicators of
biological aging. We observed partial evidence for an association between PTSD and TL, as mixed
findings were observed in the literature. Both DNA methylation and brain age metrics were sensitive
to diagnosis with anxiety disorders, though the extent of the association observed depended on the
type of epigenetic clock and machine learning algorithm used, and whether or not the study adjusted
for confounders. In some reports, the biological indicator of aging was significantly influenced by
medication use and lifestyle factors like smoking, whilst some studies did not find an association. Based
on these studies, the general impression is that anxiety disorders are associated with an increased risk
of accentuated aging, depending on confounders, however, we note that most of these publications
were cross-sectional, and these results need further longitudinal investigation to help establish

causality.
Telomere length in anxiety disorders

A majority of the studies focused on the relationship between PTSD and TL. The predominant findings
support the idea of accentuating cellular aging in PTSD, although this association is not unanimous
across all the studies. While there are neurobiological theories to support accentuating cellular aging
in PTSD (Wolf et al., 2018), the small number of identified studies, and the varying methodological
approaches used (e.g., trauma indices, statistical modelling) by each study limits our ability to draw a

conclusion on the nature of the association.

A meta-analysis investigating PTSD and accentuated aging (included two of the studies from the
present review; Jergovi¢ et al., 2014; O’Donovan et al., 2011) indicated shorter leukocyte TL in PTSD
(medium effect sizes; pooled Cohen’s d=0.76) (Lohr et al., 2015). Another meta-analysis on TL in
psychiatric disorders (included Jergovic et al., 2014; O’Donovan et al., 2011) found significantly shorter
leukocyte TL across all psychiatric disorders including PTSD. Subgroup analysis found that PTSD effect
sizes were statistically significant, and that PTSD had a large effect size (adjusted Hedge g=-1.27)
whereas depressive and anxiety disorders had medium effect sizes (adjusted Hedge g=-0.55 and
-0.53, respectively) (Darrow et al., 2016). A study of TL in PTSD found no association between
childhood trauma and TL; however, PTSD symptoms were associated with longer TL (Boks et al., 2015),
which is similar to some cross-sectional findings (Kiffer et al., 2016). Despite the findings of longer TL

in PTSD, we note that in Kiffer et al. (2016) TL was assessed from buccal cells, unlike Boks et al. (2015)
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(and other studies in Darrow et al., 2016) who extracted TL from whole blood cells, and studies suggest

that TL may differ by cell type (Lin et al., 2016).

Some possible explanations for the mixed findings in TL in PTSD are that 1) while there is some
evidence that suggests that females have a higher lifetime prevalence of PTSD than males (Tolin & Foa,
2006; Zoladz & Diamond, 2013), only two of publications identified in present systematic review
included females (O’Donovan et al., 2011; Roberts et al., 2017), 2) the majority of the studies used
combat trauma-related PTSD and it is unclear whether the findings are relevant to civilian PTSD, 3)
some of the studies indexed trauma exposure (high vs low trauma), and only found an association
between TL and PTSD in exposure to high trauma (Kang et al., 2020). Given these mixed findings, it
remains unclear whether the suggested biological aging observed in PTSD stems from the trauma itself
or is a consequence of the disease (Roberts et al., 2017). Some studies suggest that TL shortening is a
predisposing risk factor for the development of PTSD (Malan et al., 2011), whilst others suggest that
TL shortening is a consequence of trauma or the onset of PTSD (Ladwig et al., 2013; O’Donovan et al.,
2011). The mixed findings may also reflect the heterogeneity in the stress response and the interplay
between stress, behavioural, and lifestyle factors (Higgins-Chen et al., 2021). Moreover, although most
of the studies investigating TL identified in this present review used the same technique (qPCR) to
measure TL, studies suggest that TL may vary according to the type of DNA extraction method used
(Cunningham et al., 2013). For example, Cunningham et al. (2013) found that TL differed according to
Phenol/chloroform extraction (mean TL=0.78) compared with PureGene-extracted DNA (mean
TL=0.75). Additionally, the range of TL measured by qPCR from QlAamp-extracted DNA (0.17-0.58)
was less than PureGene or phenol/chloroform (ranges, 0.04-2.67 and 0.32-2.81, respectively)
(Cunningham et al., 2013). Therefore, the inconsistent findings reported for TL in PTSD may be partly

attributable to differences in methodological protocols between studies (Turner et al., 2019).

Human studies found that shorter leukocyte TL was related to age-related diseases, and cardiovascular
diseases in particular (Haycock et al., 2014). Additionally, a longitudinal study of leukocyte TL in the
adult population (3259 individuals with a median age of 69 years and age range of 50 to 98 years at
the time of blood collection) found that leukocyte TL was associated with increased risk of mortality
from noncancer causes (Arbeev et al., 2020). On the contrary, longer leukocyte TL has been shown to
increase the risk of developing site-specific cancers such as gliomas and melanomas (Haycock et al.,
2017) as well as lung adenocarcinoma (Zhang et al., 2015). Given the above implications of TL attrition,
further investigation is required to fully elucidate the role of telomere biology in the pathogenesis of

aging and anxiety.
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DNA methylation in anxiety disorders

Except for Verhoeven et al. (2018), all of the studies identified in the present systematic review found
accelerated DNA methylation profiles in PTSD compared to controls (Katrinli et al., 2020; Kuan et al.,
2021; Yang et al., 2020). Using the Horvath method, Verhoeven et al. (2018) contradicted these
findings as significantly less epigenetic aging was found in male combat-exposed war veterans with
PTSD than those without PTSD. These differences remained significant even after adjusting for possible
confounders (race, BMI, smoking, alcohol use, and cell type proportion), and only became non-
significant when adjusting for antidepressant use suggesting that medication may have likely
influenced this relationship. These results were difficult to interpret because they were contradictory
to the literature and it was unclear which biological mechanism was associated with DNA methylation

(Verhoeven et al., 2018).

In the 3 cross-sectional studies, the DNA methylation age was highly correlated with chronological age,
suggesting that the prediction model fit the data well (Katrinli et al., 2023: R=0.82, p<2.2°%; Kuan et
al., 2021: R>0.8, p<0.01; Verhoeven et al., 2018: R=0.81, p<0.001). In Kuan et al. (2021) all of the 4
DNA methylation clocks were highly correlated with each other (R>0.8, p<0.01) suggesting that the
models yielded similar results (Kuan et al., 2021). However, whilst Katrinli et al. (2020) found that
GrimAge estimates correlated with the DNA methylation clocks, the degree of correlation between the
residuals was lower with Horvath (R=0.07, p=0.04) and Hannum (R=0.18, p=1.66"), suggesting that

GrimAge may have been more sensitive than the other models (Katrinli et al., 2020).

Despite the high correlation between the prediction models and the chronological age, due to the
small number of studies identified by the present systematic review and the discrepancies among the
study findings, it is difficult to conclude whether anxiety and related disorders are associated with
increased epigenetic aging. The inconsistent findings may underscore the nuanced relationship
between PTSD and biological aging and the significance of the type of epigenetic clock used in each
study. Meta-analysis focusing on PTSD and DNA methylation age (including 9 cohorts,
combined n=2186) found that PTSD severity, childhood trauma, sex, and white blood cell counts were
associated with increased epigenetic age suggesting that trauma and the immune system may
contribute to biological aging in PTSD (Wolf et al., 2018). Of note, associations between traumatic
stress and increased epigenetic age were observed using the Hannum epigenetic age algorithm, but
not the Horvath epigenetic calculator indicating the epigenetic clocks may be capturing differential

aging patterns (Wolf et al., 2018).

Katrinli et al. (2020) found an association between PTSD and epigenetic age using the Horvath method,

Yang et al. (2020) found an association using the GrimAge and Horvath but not Hannum, and Kuan et
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al. (2021) found an association with GrimAge but not Horvath or Hannum. Differences between
epigenetic age estimates produced by these algorithms should perhaps be expected, given how
methodological divergent they are; for instance, the Hannum algorithm was developed using 71 CpGs
in leukocytes from whole blood cells)(Hannum et al., 2013), the Horvath algorithm used 353 CpGs
from multiple tissues)(Horvath, 2015), and GrimAge was built from seven DNA methylation surrogates
as well as CpGs associated with smoking and plasma proteins (Lu et al., 2019). It is unclear which
mechanism of cellular aging, amongst HPA axis reactivity, oxidative stress (Lohr et al., 2015), or
inflammation (Miller & Sadeh, 2014), is associated with the reported findings of epigenetic aging in
PTSD in the present review. Wolf et al. (2018) found differing age residuals (not correlated with
chronological age) between the Hannum and Horvath algorithms indicating differential patterns of
association with the white blood cells in this study. Taken together, these findings imply that though
epigenetic clocks are powerful predictors of accelerated aging (Jylhdva et al., 2017), it is likely that
epigenetic clocks are predicting a wide spectrum of aging outcomes (Hannum et al., 2013; Horvath,

2015; Wolf et al., 2018).

For biomarker purposes (Johnson, 2006), it may not be feasible to estimate the epigenetic age of an
individual in a way that generalizes across tissue types, given that the rate of epigenetic aging may be
tissue-specific (Jylhdva et al., 2017). Additionally, it remains unclear if DNA methylation is the primary
driver of age-related changes in the body or if it is an indicator of other occurring genomic
mechanisms. Given the inconsistent findings in the present review, further cross-sectional and
longitudinal studies that contrast the different epigenetic clocks in a head-to-head fashion are required
to compare the predictability of the clocks in anxiety disorders and related disorders. Additionally,
further investigation is needed to ascertain whether DNA methylation contributes to the pathology of

anxiety disorder, or if the disorder drives DNA methylation or a combination of both.
Brain age in anxiety disorders

Few studies have evaluated the relationship between brain age and anxiety disorders, compared to
other psychiatric disorders, like mood disorders, schizophrenia, and psychosis (Sone & Beheshti, 2022).
Our search identified single studies that investigated brain aging in PTSD (Clausen et al., 2021) and
combined anxiety disorders (Han et al., 2021). Clausen et al. (2021) found higher brain-PAD in young
males with PTSD compared to age-matched male HCs and lower brain age in old males with PTSD
compared to male HCs of all ages. These findings suggest that the association between PTSD and brain
age may be mediated by an interaction between chronological age, sex, and diagnosis. On the other
hand, Han et al. (2021), examined the association between brain age and combined anxiety disorders

(not including PTSD) and found that individuals with anxiety disorders had significantly higher brain-
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PAD compared to HCs across the entire age range of the sample, but only after correcting for
antidepressant use. Taken together, these studies suggest that the relationship between anxiety

disorders and brain age is modulated by demographic and clinical characteristics.

In both of the brain age studies, the correlation between the predicted age and chronological age was
high, and the mean absolute error (MAE) was moderate, suggesting that the brain age model was a
good fit for data that it had not been trained on (Clausen et al., 2021: R=0.72, MAE=5.68 years; Han et
al., 2021: R=0.72, MAE=6.73 in the patient group). Han et al. (2021) suggested that brain-PAD was not
specific to depression or anxiety, but rather an overall indicator of the impact of psychiatric disorders
on the brain, under the influence of confounding variables. Similarly, the findings presented by Clausen
et al. (2021) of higher brain-PAD in younger individuals with PTSD than older individuals with PTSD
indicate that brain-PAD may not be a specific marker of brain aging in the context of PTSD (Clausen et
al., 2021). In previous research, PTSD is associated with higher brain-PAD in children and adolescents
(aged between 8 years and 21 years old), albeit in relatively small samples (n=70), and without
correction for medication use (Liang et al., 2019). The evidence of brain-PADs in younger individuals
than older individuals may be suggestive of a critical period where brain aging may occur in PTSD
(Clausen et al., 2021). In anxiety disorders including specific phobia (n=70), social phobia(n=77), PTSD
(n=44), and depression(n=70)) brain-PAD was associated with differential regional brain age patterns

(brain regions grouped in clusters) in children mean age 14.23 years old (Niu et al., 2022).
The influence of clinical characteristics, lifestyle factors, and somatic health status on biological aging

In the present systematic review, mixed findings were observed in the association between psychiatric
comorbidity (i.e., comorbid MDD) and biological aging. Most studies reported negative findings
(Jergovic et al., 2014; Weiner et al., 2014; Yang et al., 2020) whilst Han et al. (2021) found higher brain
age in MDD/anxiety comorbidity (the group was combined), however, these results were marginally
significant (pepr=0.08) (Han et al., 2021). It is unclear how psychiatric comorbidity may influence
biological aging. While one may speculate that comorbidity would have a cumulative effect on brain
age (Sone et al., 2019), there is very little evidence in the literature to substantiate this speculation. Of
note, the lack of an association between brain age and variables including childhood trauma history,
age of onset of illness, and duration of symptoms reported by Han et al. (2021) implies that brain age
may be more associated with the current disease state than the combination of the different variables

(Han et al., 2021).
The influence of medication status on biological aging

Han et al. (2021) found lower brain age with antidepressant use in anxiety disorders, suggesting that

antidepressants may have had a protective effect on the brain. Similarly, Verhoeven et al. (2018) found
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that lower epigenetic aging was influenced by antidepressant use in PTSD. Some possible explanations
for these findings are 1) antidepressant treatment has been shown to increase serum levels of brain-
derived neurotrophic factor (Molendijk et al., 2011), which is essential in maintaining synaptic
plasticity, and mediates the relationship between inflammation and neuroplasticity (Gao et al., 2022),
2) in animal models, antidepressants (i.e., tricyclics, imipramine, and SSRI paroxetine) have been
shown to reduce DNA methylation (Zimmermann et al., 2012), and 3) in human cells, mood stabilizers
have also been shown to modulate DNA methylation levels (Detich et al., 2003). However, while
antidepressants are suggested to have some epigenetic effects (Menke & Binder, 2014), it is unlikely
that this relationship is casual. It is more likely that the relationship is complex and may be modulated
by other factors including symptom severity, comorbidity, and lifestyle factors (Han et al., 2021;

Verhoeven et al., 2018).

Both Prelog et al. (2016) and Jergovic et al. (2014) found shorter TL in individuals with PTSD who
smoked. This is perhaps to be expected, given that TL is influenced by a variety of factors including
physical activity (Arsenis et al., 2017), obesity, chronic diseases, sex, and ethnicity (see Table 2 in Turner
et al., 2019). Although both studies had small sample sizes (n>39, n=15, respectively), their findings
are consistent with a meta-analysis reporting shorter TL in smokers compared to non-smokers, and in
current smokers compared to never or former smokers (Astuti et al., 2017). Whilst smoking is one of
the markers that is included in the DNA methylation GrimAge calculator (represented by
DNAmMPACKYRS to estimate smoking history, and the cumulative effect of smoking as “packs per year”
(Horvath, 2015). DNAmMPACKYRS also provides additional information about aging outside of smoking-
related factors since the DNA methylation sites that are associated with smoking are also related to
various aspects of aging (Lu et al., 2019). For example, methylation of cg05575921 (codes for aryl
hydrocarbon receptor repressor (AHRR)) is not only related to smoking but to inflammation and cell
differentiation (Stejskalova et al., 2011). It is plausible that epigenetic aging reflects a variety of age-
related factors that are associated with overall health, however since aging is a complex biological

process further investigation is required.

Han et al. (2021) did not find an association between smoking and brain age in anxiety disorders, these
findings were contradictory to Cole 2020 who found an association between brain-PAD (+2.1 years
brain-PAD) and current smoking in the UK BIOBANK dataset (n>14,000 individuals) (Cole, 2020). Cole
et al. (2020) reported that the effect sizes were generally small, suggesting that the failure to detect
the effect of smoking in Han 2021 could have been due to insufficient power. In Cole et al. (2020),
brain-PADs in smokers were smaller than those associated with disorders such as ADs (+10 years) or
multiple sclerosis (+11 years) (Cole et al., 2019; Franke et al., 2010), suggesting that the association

between smoking and brain age should not be overstated (Cole, 2020). Given that brain age studies
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are still in their infancy, more studies are required to investigate the influence of lifestyle factors on

biological aging in the brain.
General discussion

Taken together the overall findings presented in this systematic review suggest that anxiety disorders
are associated with various levels of biological aging as indexed by TL, epigenetic aging, and brain
aging. Of note, while not all of the studies reported effect sizes, Han et al. (2021) reported effect sizes
in brain age in anxiety disorders (d=0.34) that were slightly higher or equal to indicators of biological
aging including TL in MDD (Verhoeven et al., 2014; d=0.12) and current anxiety disorders (Verhoeven
et al., 2015; d=0.12), epigenetic aging in MDD (Han et al., 2018; d=0.14), but not epigenetic aging in
PTSD (Verhoeven et al., 2018; d=0.42). This suggests that compared to other indicators of biological
aging, there was a stronger association between brain age and anxiety disorders. The degree to which
the indicators of biological aging are correlated with one another still needs to be determined. Cole et
al. (2018) found that when coupled together (DNA methylation estimates and brain age), the models’
prediction of risk of mortality was improved (Cole et al., 2018), suggesting that each method explains
unique variability in the outcome. However, brain age prediction and DNA methylation were not
correlated in this study, and brain age was a better predictor of mortality than DNA methylation-based
age prediction (Cole et al., 2018). Indeed, a multimodal approach may be more informative as there is
some evidence, though limited, that as TL becomes shorter, chromosome looping, and gene expression
patterns change indicating that there is a connection between TL and DNA methylation in certain cell
types (Buxton et al., 2014). In DNA from EBV-transformed cell lines, Buxton et al. (2014), found 65
promoter genes concentrated with CpG sites (Cytosine-phosphate-Guanine) where methylation level
was associated with leukocyte TL and 36 promoter genes concentrated with CpG sites where
methylation levels were associated with TL in DNA (EBV-transformed cell lines) (Buxton et al., 2014).
Han et al. (2021) did not find a significant correlation between brain-PAD, epigenetic, transcriptomic,
metabolomic clocks, and TL (R range between 0.03—0.15) (Han et al., 2021). This is in line with findings
from Katrinli et al. (2023) where no association was found between GrimAge and brain age in
individuals with lifetime PTSD (Katrinli et al., 2023). Of note, while studies show that aging in the brain
is associated with several factors in addition to cellular changes, including increased DNA damage, a
build-up of reactive oxygen species, mitochondrial dysregulation, inflammation (Yankner et al., 2008),
these processes are cell-specific (Erraji-Benchekroun et al., 2005), and it is unclear if these processes
are reflected throughout the body (Jylhdva et al., 2017). Even when measuring biological aging in the
peripheral body (i.e., using blood markers), studies demonstrate a weak association (R<0.2) between

TL, epigenetic, transcriptional, proteomic, and metabolomic aging (Jansen et al., 2021), suggesting that
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the current methods of tracking biological aging are measuring distinctive processes of aging, even if

they may be associated with the same lifestyle, demographics, and somatic health factors.
2.5. Limitations

One limitation of the studies presented in this review is that the studies differed in clinical
characteristics, especially in PTSD (i.e., diagnosis vs HCs or diagnosis vs trauma-exposed controls). In
PTSD, the level of trauma/trauma index varied amongst studies, making it difficult to account for the
potential influence of trauma on the findings. This is of importance as studies suggest that biological
changes that occur in military war veterans may be associated with trauma regardless of PTSD
diagnosis (De Kloet et al., 2007). Besides PTSD, there were very few findings of aging in other anxiety
disorders including SAD (Han, et al., 2021; Verhoeven et al., 2015) and panic disorder (Prelog et al.,
2016), and those studies that did focus on these disorders often combined the groups. Whilst this may
have been done to overcome small sample sizes, it was difficult to ascertain which disorder contributed
to the biological aging, if any. Due to the prevalence of studies on the association between PTSD and
TL, the findings reported in the present systematic review were skewed towards one disorder and one
measure of biological aging. Lastly, only a few studies included additional covariates that would be
informative for biological mechanisms, such as immune markers (i.e., CRP, IL-6, IL-1b, and TNF)
(Jergovic et al., 2014; Prelog et al., 2016), which would have helped determine the extent to which
inflammatory pathways mediated biological aging (Cribbs et al., 2012; Norden & Godbout, 2013; Xia
et al.,, 2017).

2.6. Conclusion

The present review summarized findings in the current literature on indicators of biological aging in
individuals diagnosed with anxiety disorders. Only a few studies were identified, with very little
research on biological aging in OCD, while SAD was combined with other anxiety disorders in most
studies. Overall, the findings of epigenetic aging or TL presented in this review were inconsistent,
specifically for PTSD. These inconsistencies, reflect what is observed in the larger literature (Wolf et al.
2018) and may be due to differences between studies in methodology, sample size, and clinical
characteristics (types and level of trauma), as well as the fact that epigenetic clocks may represent
biological aging from various cellular levels. Both of the brain age studies identified in the present
review suggest accentuated brain aging in anxiety disorders (Han et al., 2021) and PTSD (Clausen et
al., 2021), however these findings seem to be modulated by medication status, sex, and chronological
age. Taken together the findings suggest that there is an association between anxiety disorders and

different types of biological aging. Further longitudinal and large-scale evidence is required to
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elucidate whether brain aging is correlated to somatic aging and whether biological aging is a response

to or a pre-existing factor of anxiety disorders.
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2.7. Tables and figures

Articles identified through
database searched
[FubMed, Scopus) and
manual search in 2021
53

Articles identified through database
searched (PubMed, Scopus) in 2020
194

Articles remaining after
abstract and full review
4 (3 from electronic1 from
manual search)

Articles remaining after abstract review
84

Excluded abstracts: 110
Review a0
Animal studies 15
Mo &nxiety disorder 35

Title and abstract screening.
10

b

Total number of aricles included inthe
review
14

Excluded full text: 74

Mo HCs 9
Diagnostic tool 4
Mixed reasons A1

Figure 2.1: PRISMA flow diagram for studies included in the systematic review
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Table 2.1: Study characteristics for systematic review

First Author | Study design | Sample description | Pychiatric | Biomarker of Main n Mean age | Mean age Main findings
and Year disorder aging methods/assays (SD): (SD): patients
control
Clausen et Cross ENIGMA-PGC PTSD BrainPAD BrainAgeR 2229 | 35,4 35,9 (10,9); young males with PTSD exhibited
al. (2021) sectional (11,0); 884 higher brain-PAD relative to male HCs
1347 in young and old age groups; old
males with PTSD exhibited lower brain
PAD compared to male HCs of all ages.
Han et al. Cross NESDA MDD and BrainPAD Photon-ai 285 40,81 37,37 (10,2) brain-PAD: MDD (+2.78 years, d=0.25)
(2021) sectional Anxiety (9,78) and anxiety patients (d=0.27),
disorder compared with HCs, adjusting for
antidepressants
Jergovic et Cross Outpatients; Dr. PTSD TL; telomerase | gPCR 47 47.2 45.9 (1.12); PTSD shorter TL (0.86 + 0.031, N = 28)
al. (2014) sectional Josip Bencevic, activity (1.71); 17; | 30 than HCs (1.03 £ 0.041, N = 17)
General Hospital, no data
Slavonski Brod, provided
Croatia for elderly
HCs
Kang et al. Cross OCD-specialized 0oCD TL; gPCR 469 27,23 27,7 (7,55); n | female with OCD shorter TL compared
(2021) sectional outpatient clinic; mitochondrial (7,72);n= | =235 to HCs. fe(male) reduced mtDNAcn
Severance Hospital, DNA content 234 compared to HCs.
Yonsei University
Health System
Kang et al. Cross Department of PTSD TL gPCR 213 33,17 33,66 (8,17); | PTSD shorter TL and larger amygdala
(2020) sectional Defense— funded (8,69); 111 | 102 volume in individuals with non-PTSD
Systems Biology of
PTSD Study
Katrinli et Cross GTP PTSD DNA GrimAge; Hovarth | 854 42,8 Current GrimAge acceleration differed
al. (2020) sectional methylation (12,7); n= | PTSD: 40,93 significantly between current PTSD
427 (11,43); n= and HCs (t=2.25, p 0.02).
218; Lifetime
PTSD: 43,3
(11,8); n =
209
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Kim et al. Cross VHS, Medical PTSD TL gPCR 242 62,94 62,99 (3,4); n | PTSD no difference in TL between
(2017) sectional Center, South Korea (4,41);n= | =122 PTSD and non-PTSD groups
120
Kuan et al. Cross Stony Brook WTC PTSD DNA Horvath; 324 n=201 current PTSD | Among the four DNAm age
(2021) sectional Health program methylation; Hannum; DNAm n = 81; Past predictions, only GrimAge age
transcritional age; PhenoAge PTSD n =42 acceleration was significantly higher in
age the current PTSD group than the never
PTSD group (B=0.335, p=0.0097)
Odonovan Cross Community/clinics PTSD TL gPCR 88 Men: 30.7 | Men: 30.9 PTSD shorter TL than HCs.
et al. (2011) | sectional (8.7); 21; (6.4); 22;
Women: Women: 29.4
30.6 (8.1); | (6.1);20; N =
25;N=46 | 42
Prelog et al. | Cross Department of Panic TL gPCR 258 W 36.8 + w36.9 +£10.8, | Panic disorder no difference in TL
(2016) sectional Psychiatry and disorder 109,n= n = 85; Men compared to HCs
Psychotherapy, 85; Men 341+11.7,n
University of 34.1+ =44
Muenster, Germany 10.8,n=
44
Roberts et Cross Nurses’ Health PTSD TL gPCR 116 45.5(3.6), | PTSD: 46.6 civiclian women with PTSD shorter TL
al. (2017) sectional Study Il n=25 (3.9), n=25; (B =-.112, 95% confidence interval
subclinical (Cl) = -0.196, -0.028) compared to
PTSD: 46.6 non-PTSD
(3.7),n =66
Verhoeven Cross NESDA Anxiety TL gPCR 2324 | 41,7 Remitted: Patients in the current anxiety group
etal. sectional disorder (14,8); n= | 43,6 (12,7); n | (bp=5431) had shorter LTL compared
(2015) 582 =459; to HCs (bp=5506, P=0.01) and the
current: 41,3 | remitted anxiety group (bp=5499,
(12,4); n= P=0.03)
1283
Verhoeven Cross Mental Health PTSD TL; telomerase | PCR; Horvath 160 32.6(8.0); | 33.0(7.8); n= | PTSD had less epigenetic age (age=3.2)
et al. (2018) | sectional Services of the activity; DNA n=281 79 compared to those without PTSD
Manhattan, Bronx methylation (age=5.0; p=0.02; d=0.42)

and Brooklyn
Veterans Affairs
Medical Centers
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Yang et al.
(2020)

Longitudinal

Veterans from
Operation Enduring
Freedom (OEF)
and/or Operation
Iraqi Freedom (OIF)
conflicts

PTSD

DNA
methylation

GrimAge

268

Discovery
PTSD-;
32.52
(8.03); n=
82;
Validation
PTSD-:
33.96
(9.35); n=
27; Recall
PTSD-:
35.13
(7.47); n=
30

Discovery
PTSD+:32.67
(7.35); n = 80;
Validation
PTSD+; 36.85
(10.24); n =
26; Recall
PTSD+: 33.00
(7.47); n=14;

In both cohorts, AgeAccelGrim was
significantly higher in the PTSD
compared HCs (n=162, 1.26 vs -0.57,
p=0.001 and n=53, 0.93 vs -1.60 Years,
p =0.008)
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CHAPTER 3: Hippocampal and amygdala subfield volumes in

obsessive-compulsive disorder differ according to medication status.

In chapter 2, | conducted a systematic review of molecular, cellular, and neuroimaging-based tools that
are used to index biological aging in anxiety and related disorders. The findings presented in the review
were mixed concerning whether anxiety disorders are associated with accentuated biological aging. In
one study, anxiety and related disorders were associated with biological aging as indexed by shorter
TL, which was correlated with larger amygdala volume (Kang et al., 2020). These findings suggest a
possible link between amygdala volume, cellular aging, and anxiety. However, it remains unclear
whether altered amygdala volume is a predisposing risk factor or a consequence of anxiety, warranting

further investigation to pinpoint the underlying mechanisms of biological aging in anxiety disorders.

While the dominant neurobiological model in OCD has been suggested to be the CSTC (van den Heuvel
et al., 2016), recent evidence suggests that the hippocampus and amygdala may also be involved
(Milad & Rauch, 2012; van den Heuvel et al., 2022). Both the hippocampus and amygdala are of
particular importance in anxiety due to their roles in fear learning, social behaviour, and goal-directed
behaviour (Gonzalez-Garcia & Visser, 2023). However, findings on whole hippocampal and amygdala
volumes in the OCD literature have been inconsistent. Recent evidence suggests that the hippocampus
and amygdala can be segmented to reveal subfield-specific volume differences in OCD, although this
evidence is only presented in medication-naive individuals (Zhang et al., 2019, 2020: n=90). Building
upon this evidence, in chapter 3, | investigate hippocampal and amygdala subfield volumes in
individuals with OCD (n=381). | use an automated segmentation algorithm on T1-weighted images
obtained from OBIC to segment the hippocampus and amygdala into their respective subfields. In a
subgroup analysis, | assess the potential influence of clinical characteristics on subfield volumes.
Through a diagnosis-by-age interaction analysis, | explore whether chronological age influences the
volume of specific subfields in individuals with OCD. The results of the diagnosis-by-age interaction
are presented as an additional analysis in the postscript of chapter 3 (end of chapter, see section 3.9
on page 126 and Table 3.4 on page 127). In chapter 3, it is hypothesized that individuals with OCD will
have differences in both hippocampal and amygdala subfield volumes and that these effects may be
particularly apparent in subfields previously implicated in OCD, including the BLA and central nucleus
of the amygdala, as well as hippocampal subiculum and presubiculum (Zhang et al., 2019, Zhang et al.,

2020).
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Abstract

Intro: Although it has been suggested that the hippocampus and amygdala (HA) are involved in the
neurobiology of obsessive-compulsive disorder (OCD), volumetric findings have been inconsistent.
Furthermore, the HA consists of heterogeneous anatomic units with specific functions and
cytoarchitecture, and little work has been undertaken on the volumetry of these subfields in
OCD. Methods: T1-weighted images from 381 individuals with OCD and 338 healthy controls (HCs)
from the OCD Brain Imaging Consortium were segmented to produce twelve hippocampal subfields
and nine amygdala subfields using FreeSurfer 6.0. We assessed between-group differences in subfield
volume using a mixed-effects model adjusted for age, quadratic effects of age, sex, site, and whole HA
volume. We also performed subgroup analyses to examine subfield volume in relation to comorbid
anxiety and depression, medication status, and symptom severity. Results: Individuals with OCD and
HCs did not significantly differ in HA subfield volume. However, medicated individuals with OCD had
significantly smaller hippocampal dentate gyrus (d=-0.26, prpr=0.042) and molecular layer (d=-0.29,
pror=0.042) and larger lateral (d=0.23, prpr=0.049) and basal (d=0.25, prpr=0.049) amygdala subfields
than HCs. Unmedicated individuals had significantly smaller hippocampal CA1 (d=-0.28, ppr=0.016)
than HCs. No association was detected between any subfield volume and OCD severity. Limitations:
We used cross-sectional data which caveats the interpretation of our analysis. Conclusion: Differences
in HA subfields between OCD and HCs are dependent on medication status, in line with previous work
on other brain volumetric alterations in OCD. This emphasizes the importance of considering

psychotropic medication in neuroimaging studies of OCD.

Keywords: Obsessive-Compulsive Disorder, Magnetic Resonance Imaging, hippocampal subfields,

amygdala subfields, medication status.
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3.1. Introduction

Obsessive-compulsive disorder (OCD) is a common psychiatric disorder characterized by persistent
intrusive thoughts (obsessions) or repetitive ritualistic overt or covert behaviours (compulsions), or
both (APA, 2013). Typical obsessive thoughts concerning, contamination, harm, sexual or religious
ideas, and exactness are accompanied by anxiety or distress, which may, in turn, incite compulsions
such as excessive cleaning, checking, ordering, arranging, and counting (Goodman et al., 2014). OCD
has a lifetime prevalence of 1.9% to 2.5% in the adult population with a strong negative impact on
occupational and social functioning (Ruscio et al., 2010). In many cases, OCD is comorbid with other
disorders, including major depressive disorder (MDD) and anxiety disorders (Nazeer et al., 2020; Ruscio
et al.,, 2010). Additionally, differences in symptom severity are likely to contribute to OCD
heterogeneity (Mataix-Cols et al., 2005; Stein et al., 2019; van Oudheusden et al., 2020).

Neuroimaging studies suggest that OCD is associated with structural and/or functional changes in the
cortico-striato-thalamo-cortical loops (CSTC) (Pauls et al., 2014; van den Heuvel et al., 2016). However,
emerging evidence suggests that OCD involves additional brain circuits including the cerebellar, fronto-
parietal, and fronto-limbic circuits (van den Heuvel et al., 2016). There has also been interest in
investigating the hippocampal formation and amygdala in OCD, given the established roles of these
brain structures in anxiety (Briihl et al., 2014; Gonzalez-Garcia & Visser, 2023; Shi et al., 2023) and fear
conditioning (Cheng et al., 2003). Indeed, an fMRI study suggested that during fear conditioning, the
hippocampus has reduced activation in individuals with OCD compared to healthy controls (HCs)
(Milad et al., 2013), and a meta-analysis indicated increased amygdala activation during emotional

processing in individuals with OCD versus HCs (Thorsen et al., 2018).

However, structural MRI studies in OCD have yielded inconsistent findings, reporting both increases
and decreases in HA volumes (Kwon et al., 2004; Pujol et al., 2004; Atmaca et al., 2008; Rao et al.,
2018). Such inconsistency could be attributable to small sample sizes, the presence of comorbidities,
or medication use. Additionally, previous studies investigated whole HA volumes rather than
investigating subfield volumes, which may not reveal subtle OCD-related differences in volume when
these vary between the individual subfields. Work from the Enhancing Neuroimaging Genetics through
Meta-Analysis (ENIGMA) OCD Consortium (ENIGMA-OCD), a large brain imaging consortium, found
smaller hippocampal volumes in medicated individuals with OCD compared to HCs, which was also
related to adult-onset OCD and comorbid depression (Boedhoe et al., 2017). These findings were
corroborated by work from the multisite OCD Brain Imaging Consortium (OBIC) which demonstrated
that smaller hippocampi were associated with medication use (Fouche et al., 2017; Fouche et al.,

2022).
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The HA are anatomically complex structures, consisting of multiple interconnected nuclei that can be
segmented according to their cytoarchitecture, histochemistry, and connectivity profile (Sah et al.,
2003), -however little is known about hippocampal and amygdala subfield volumes in OCD. Recent
developments in structural MRI segmentation techniques have allowed for the robust delineation of
HA subfields using a Bayesian algorithm that is based on the transformation of manual segmentation
to an automated atlas (Saygin et al., 2017). Indeed, a previous study showed that paediatric individuals
with OCD have larger hippocampal subfields, i.e., the left subiculum body, left cornu ammonis (CA) 4,
left granule cell layer of the dentate gyrus, left molecular layer, and right parasubiculum, compared to
HCs (Vattimo et al., 2021). Recent reports indicate that medication-free individuals with OCD have
smaller volumes in the hippocampal subiculum, presubiculum, CA2/3, and tail (Zhang et al., 2019) and
smaller basolateral and central amygdala subfield volumes (Zhang et al., 2020). However, these studies
were conducted in smaller sample sizes and did not include individuals with psychotropic medication

use.

To the best of our knowledge, this is the first study to investigate HA subfield volume in a large
international multi-site sample of adult individuals with OCD (n=381) and HCs (n=338). We utilized the
automated segmentation algorithm on T1-weighted MRI scans to segment the HA into 12 and 9
subfields, respectively. Given the evidence of the potential confounding effects of clinical
characteristics on brain volumes, we performed separate analyses for individuals with and without
psychotropic medication use and studied the effect of comorbid anxiety and depression. We also

studied the association of subfield volumes with OCD symptom severity.

3.2. Methods
Participants and MRI acquisition

Sociodemographic and neuroimaging data were obtained from six research sites as part of OBIC.
Collaborating sites and participant details have been described in-depth in a previous publication (De
Wit et al., 2014). Briefly, individuals with OCD were recruited through local outpatient clinics, whereas
HCs were sourced through local advertisements. All participants were screened for DSM-IV Axis |
disorder. For the patient group, the primary diagnosis had to be OCD, but comorbidity with mood and
anxiety disorders was allowed. To be included, healthy participants were required to be without
current Axis | psychiatric disorders. Participants were excluded if they were younger than 18 or older
than 65 years, had a current psychotic disorder, history of substance use disorder, intellectual disability,
and severe organic or neurological pathology. Additional data was collected on age of OCD onset,
medication status, and symptom severity (assessed with the Yale-Brown Obsessive Compulsive Scale

(Y-BOCS)) (Goodman et al., 1989) (see Table 1A). Approval was obtained per site from all local ethical
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review boards and written informed consent was provided by each participant. In addition, for multi-
site pooling of data, approval was obtained from the medical ethical committee Amsterdam, University

Medical Center (UMC).
MRI image analysis and segmentation

All participants underwent 1.5T structural T1-weighted MRI scanning.?’” MRI image analysis was
performed on the high-performance computing (HPC) cluster at the University of Cape Town, South
Africa. First, we applied the standard FreeSurfer v5.3 analysis pipeline using recon-all to initiate all

cortical reconstruction processes http://surfer.nmr.mgh.harvard.edu/). Recon-all initiates bias-field

correction to the T1-weighted images, as well as registration to Talairach space, intensity

normalisation, and skull stripping (Fischl et al., 2002).

Next, subfield segmentation was performed using the segmentHA_T1.sh script in FreeSurfer v6.0. This
script simultaneously segments the HA, thereby preventing structural overlap (lIglesias, et al., 2015).
The probability atlas applied by the script is based on the transformation of ex vivo manual
segmentation to an automated algorithm that segments in vivo MRI data in target space. The atlas was
built using Bayesian inference based on a tetrahedral mesh spanning the amygdala and neighbouring
structures (Saygin et al., 2017). For each participant, the model produces left and right volumes for the

HA subfields as well as whole HA volume and intracranial volume (ICV).

The hippocampus was segmented as follows: parasubiculum, presubiculum, subiculum, cornu
ammonis (CA) sectors, CA1, CA2-3, CA4, dentate gyrus (DG), molecular layer (ML), hippocampus—
amygdala transition area (HATA), fimbria, hippocampal tail, and hippocampal fissure (lglesias,
Augustinack, Nguyen, Player, Player, Wright, Roy, Frosch, et al., 2015). The hippocampal subfields were
grouped according to the FreeSurfer 6.0 hippocampal module without head/body subdivision and the
ML was not absorbed to the nearest DG layer (see
https://surfer.nmr.mgh.harvard.edu/fswiki/HippocampalSubfieldsAndNucleiOfAmygdala). The
amygdala was segmented into 7 nuclei (lateral (LA), basal (BA), accessory basal (AB), central (Ce),
medial (Me), cortical (Co), paralaminar nucleus (PL)), and 2 transition areas (anterior amygdaloid area
(AAA) and cortico-amygdaloid transition (CAT)). Studies suggest that the amygdala can be grouped into
the following three regions: basolateral ((BLA) lateral, basal, accessory basal, paralaminar nucleus),
centro-medial (central and medial), and superficial area ((SFA) cortical, AAA and CAT) (Schmitz-Koep

et al., 2021). Shown in Figure 1 is an example of HA Freesurfer segmentation.
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Quality control: visual inspection

We used a combination of visual inspection and quantitative measures to identify inaccurate subfield
segmentation. To visually identify segmentation failures, we used an adaptation of the ENIGMA
Consortium  Quality Control protocol for subcortical and hippocampal subfields
(https://enigma.ini.usc.edu/protocols/imaging-protocols/). In brief, three independent raters (ZN, AR,
TS) examined each scan, slice-by-slice, within an html-based image gallery for partial or atypical
segmentation. A list of questionable cases was generated for 3D inspection, using the Freeview utility
included with FreeSurfer (Sdmann et al., 2022). Additional cases were identified as follows: 1) we z-
standardized each subfield and excluded participants whose score exceeded + 5 SD from the mean
(van der Meer et al., 2018, supplemental data): and 2) we generated automated outliers using an R
script provided by ENIGMA-MDD working group (https://enigma.ini.usc.edu/ongoing/enigma-
hippocampal-subfields). For the latter, participants flagged as outliers for 5+ subfields were added to

the list for 3D inspection.

As shown in Table 2, 55 participants were excluded from the main analysis, i.e., 40 participants from
visual QC, an additional 9 participants based on both visual QC after outlier flags and 6 participants as
their z-scores exceeded 5SD from the mean of any subfield. The final sample consisted of 381

individuals with OCD and 338 HCs.
Statistical analysis
Covariate selection

In addition to adjustment for age, quadratic effects of age, sex, and scanner site across all analyses
(Barnes et al., 2010; L. W. Chen et al., 2018; Nordenskjold et al., 2013; Sargolzaei et al., 2015), we also
included those covariates that demonstrated an association with HA volumes in specific models (see

supplemental data).
Linear mixed-effects models

All statistical analyses were conducted in R (https://www.r-project.org/). We used the R package Ime4

to perform our analysis and used mixed-effects d effect sizes, as calculated using the t values from
linear mixed effects models (Nakagawa & Cuthill, 2007) that included a random intercept for the scan
site. We averaged the left and right hemisphere volumes to produce a single value per participant in
total, tests were performed for 21 separate subfields. All analyses were corrected for multiple
comparisons across 21 subfields using the false discovery rate (FDR). We corrected all models for the
total subfield volume using the combined HA volume (as recommended in the FreeSurfer manual;

https://surfer.nmr.mgh.harvard.edu/fswiki/HippocampalSubfieldsAndNucleiOfAmygdala). We
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performed separate analyses where we compared subgroups of interest to HCs, including individuals
with OCD with anxiety comorbidity (n=74), those without anxiety comorbidity (n=356), those with
MDD (n=95), and those without MDD (n=286). We also included those with a history of psychotropic

medication use (n=161), and those without medication use (n=220).

3.3. Results

Sample characteristics

In the full sample (OCD: n=381; HC: n=338, see Table 1A), individuals with OCD were significantly older
(OCD: 32.0 years (SD = 9.4); HCs: 30.2 years (SD =9.3), t(708.7)=-2.5, p = 0.012) and on average, had
lower education level (OCD: 13.7 years (SD=2.8); HCs (14.6 years (SD =3.4), t(653)= 3.6, p < 0.001) than
HCs. There were no significant differences in sex and whole HA volume between individuals with OCD
and HCs. The mean Y-BOCS score for individuals with OCD was 24.9 (SD=6.2). See Table 1B for details
on demographic and clinical characteristics of subgroup individuals with OCD.

Group difference in subfield volumes

Between-group comparisons were conducted on 381 individuals with OCD and 338 HCs. There were
no significant differences in HA subfield volumes (p < 0.05, FDR-corrected), after adjusting for age,
quadratic effects of age, sex, site, and whole HA volume, between individuals with OCD and HCs (Figure

2A/Table 3). There were no group-by-age interaction effects for all subfield volumes.
Subgroup analysis: association of subfield volume and clinical factors
Psychotropic medication

Medicated individuals with OCD (n=161) had significantly smaller hippocampal DG (d=-0.26,
pror=0.042) and ML (d=-0.29, pepr=0.042), and larger LA (d=0.23, per=0.049) and BA (d=0.25,
pror=0.049) amygdala, compared to HCs (n=291) (Figure 2B). Unmedicated individuals with OCD
(n=220) had significantly smaller hippocampal CA1 subfield volumes (d=-0.28, prpr=0.016) than HCs
(n=338).

Anxiety and MDD comorbidity

There were no significant differences in HA subfield volumes between HCs (n=338) and either
individuals with OCD with (n=95) or without (n=286) MDD, nor individuals with OCD with (n=74) or

without anxiety comorbidity (n=356).
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Symptom severity

We also tested whether subfield volumes were influenced by OCD symptom severity. We found no

significant association between the volume of subfields and Y-BOCS scores (see supplemental data).

3.4. Discussion

In this paper, we report findings from the largest neuroimaging study of HA subfield volumes in OCD
conducted to date. While we did not detect any significant differences between individuals with OCD
and HCs in HA subfield volumes after multiple comparison corrections, one key finding emerged from
our analysis. We found that, compared to HCs, medicated individuals with OCD had both smaller
volumes in the DG and ML of the hippocampal formation and larger volumes in the LA and BA
amygdala. Our findings affirm previous work demonstrating medication effects on subcortical brain
volumes in OCD, suggesting that medication status is a robust confounding factor that may influence
the ability to detect neuroanatomical abnormalities in OCD (Boedhoe et al., 2017; van den Heuvel et

al., 2022; Weeland et al., 2022).

Our finding, that the hippocampal subfield DG and ML were significantly smaller in medicated
individuals with OCD than in HCs, is consistent with previous ENIGMA-OCD studies showing smaller
hippocampi in medicated individuals with OCD (Boedhoe et al., 2017; Fouche et al., 2017; Ivanov et
al.,, 2022). However, our findings contradict studies showing smaller volumes in the hippocampal
subiculum, presubiculum, and tail in individuals with OCD compared to HCs, although these studies
were performed in smaller sample sizes and did not include clinical characteristics (Zhang et al., 2019).
In rodent studies, the DG supports hippocampal-based neurogenesis which in turn influences
hippocampal plasticity (Malberg et al., 2000; Mandyam, 2013; Perera et al., 2007; Wang et al., 2008),
and there is evidence that antidepressants increase proliferation in hippocampal-based neurogenesis
(McEwen, 1999; Santarelli et al., 2003). These findings are in contrast to our observation of smaller DG

and ML hippocampal volumes in medicated individuals with OCD.

Although the hippocampus has been commonly studied in relation to adult neurogenesis (Shapiro et
al., 2009), some evidence shows that the human amygdala may be involved in postnatal neurogenesis
with cell turnover rates that are comparable to the hippocampus (Roeder et al., 2022). Rodent work
indicates that the LA and BA contain immunoreactive neural cell adhesion molecules that could allow
for the amygdala to participate in neuronal plasticity (Nacher et al., 2002). Additional work in rodent
and non-human primates demonstrates that antidepressant-modulated neurogenesis enhances
neuronal and glial cell growth in the amygdala (Bernier et al., 2002; Fowler et al., 2002). Although

these findings may explain the observation of the larger amygdala BA and LA subfields in our
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medicated individuals with OCD, it is not known whether the subfield volumetric differences observed
in medicated individuals in the present study reflect an innate response to medication use or
neurotoxic effect of medication. Further investigation is required to elucidate the effects of medication

in subcortical volumes in OCD.

Another finding was that unmedicated individuals with OCD had smaller hippocampal CA1 volume,
compared to HCs. Although the CA1l is shown to be susceptible to stress-induced atrophy (Bartsch et
al., 2015; Kassem et al., 2013), it is unclear whether unmedicated individuals experience greater stress
than medicated individuals with OCD, in our study. A rodent quinpirole sensitization model of OCD
showed a downregulation of Arc (a marker of plasticity-related neuronal activity) expressing neurons
in the CA1 during stereotypical checking behaviour suggesting that the hippocampus may be involved

in OCD more than is currently thought (Brozka, 2020).

3.5. Limitations

There are some limitations to consider. First, even with automated segmentation, the small size of the
amygdala poses challenges in accurately identifying its borders (Saygin et al., 2011). We also note that
there is some evidence of poor test-retest reliability in the segmentation of some hippocampal
structures, including the medial, paralaminar nucleus, hippocampal fissure, and fimbria (Quattrini et
al., 2020). Secondly, the cross-sectional nature of our study limits our interpretation of the effects of
medication on subcortical volumes in OCD as these findings require validation using longitudinal
studies. Third, due to a lack of detailed information on medication history, we were unable to further
investigate the effects of medication type, dosage, and duration on subfield volumes in medicated
individuals with OCD. The fourth limitation is the inability of our study to account for heterogeneity in
the clinical presentation of OCD in our models, particularly in light of published evidence that suggests
an association between OCD symptom profile and hippocampal volume (Reess et al., 2018). Lastly,
since our study used secondary data, we only had access to 1.5T MRI data which is lower in resolution

than 3T MRI data.

3.6. Conclusion

In summary, the association of medication status with volumetric alterations in OCD is consistent with
previous work and emphasizes the importance of considering medication use as an important
confounder in neuroimaging findings. Further investigation is required to elucidate the association

between medication type, dosage, duration, and brain volumes in OCD over time.
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3.7. Tables and figures

Table 3.1a: Demographic and clinical characteristics of individuals with OCD (n=381) and HCs (n=338)

OCD (n=381) HCs (n=338) Statistical analysis

Characteristics mean SD mean SD t df p
Age (years) 32 9.4 30.2 9.3 2.5 708.7 0.001
Education level (years) 13.7 2.8 14.6 3.4 3.6 653 <0.001
Y-BOCS score mean 25 6.2 -- -
Age at onset of OCD® 20.3 8.8 - -
Total hippocampal volume 3544.4 340.4 3587.5 361.6 1.6 694.4 0.101
Total amygdala volume 1770.3 187.9 1783 198.1 0.8 696.3 0.377

N % N %
Male 186 48.8 179 52.9 -1.1 707 0.268
Right-handed 327 85.8 303 89.6
Medication use at the time of scan 161 43.6 -- --

2 Measured by the Yale-Brown Obsessive-Compulsive Scale (Y-BOCS) total score. °’As measured by the Y-BOCS symptom checklist.
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Table 3.1b: Demographic and clinical characteristics of subgroup individuals with OCD

A: OCD on B: OCD not on C: OCD with D: OCD without E: OCD with F: OCD without G: HCs Statistics
medication (n=161) | medication (n=220) anxiety anxiety MDD MDD
(n=74) (n=356) (n=286)
Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Age (years) 32.89(9.13) 31.33(9.54) 32.27 (8.67) 31.81(9.39) 34.99 (9.56) 30.99 (9.14) 30.2(9.3) ASG
C>G
D>G
Education level 12.90 (2.88) 14.33 (2.62) 13.40 (2.97) 13.63 (2.81) 13.48 (2.92) 13.78 (2.79) 14.6 (3.4) ASG
(years) D>G
E>G
F>G
N (%) N (%) N (%) N (%) N (%) N (%)
Male 83 (51.55) 103 (46.81) 32 (43.24) 179 (50.28) 32 (33.68) 154 (53.84) 179 (52.9) C>G
E>G

Note: The mean age of OCD on medication (A), OCD with anxiety (C), and OCD without anxiety (D) significantly larger than HCs (G), respectively. Years of
education significantly greater in OCD on medication (A), OCD without anxiety (D), OCD with MDD (E), and without MDD (F) significantly larger than HCs (G),
respectively. Significantly larger number of men in OCD with anxiety (C), and OCD with MDD (E) than HCs (G), respectively.
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Table 3.2: Number of scans provided and excluded for individuals with OCD and HCs after quality checking

Initial number of scans? Excluded for missing data Excluded after visual QC Reasons for exclusion
Site ocD HC Total ocb HC Total ocD HC Total Segmentation®  QC + outlier* Z-score®
Amsterdam 53 49 102 1 1 2 4 1 5 4 1 0
Barcelona 86 102 188 0 0 0 9 6 15 9 4 2
Brazil 58 40 98 1 1 2 6 2 8 13 2 1
Japan 88 48 136 2 5 7 5 3 8 12 0 2
Korea 87 97 184 0 0 0 5 9 14 0 0 0
London 44 33 77 0 0 0 2 3 5 2 2 1
Total 416 369 785 4 7 11 31 24 55 40 9 6

2 Reported in a previous publication (De Wit et al., 2014).° Participants excluded based on visual screening for partial or atypical segmentation using an
adaptation of the ENIGMA Consortium Quality Control protocol for subcortical and hippocampal subfields (see_https://enigma.ini.usc.edu/ongoing/enigma-
hippocampal-subfields/). ¢ Participants excluded based on R script flag for abnormalities on more than 5 subfields and flagged for visual QC. ¢ Participants
excluded based on exceeding 55D away from the z-standardized mean of any of the subfields.
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Figure 3.3: Visualisation of amygdala/hippocampal Freesurfer subfield segmentation from the right hemisphere of single representative (HC), using 3DSlicer
(https://www.slicer.org/). A: Lateral view, B: Medial view. The hippocampal fimbria was not included in our analysis (Brown et al., 2020). Abbreviations: cornu
ammonis (CA) sectors, CAl, CA2-3, CA4, granule cell layer of dentate gyrus (DG), molecular layer (ML), hippocampus—amygdala transition area (HATA),
corticoamygdaloid transition area (CAT), anterior amygdaloid area (AAA).
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Figure 3.2a: Mixed effect size estimates (d) for hippocampal and amygdala subfield volumes between individuals with OCD (n=381) and HCs(n=338). Data
presented with SE. Hippocampal subfields are presented in dark blue, and amygdala subfields presented in light blue. Abbreviations: cornu ammonis (CA)
sectors, CA1, CA2-3, CA4, granule cell layer of dentate gyrus (DG), molecular layer (ML), hippocampus—amygdala transition area (HATA), corticoamygdaloid
transition area (CAT), anterior amygdaloid area (AAA).
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Figure 3.2b: Mixed effect size estimates (d) for hippocampal and amygdala subfield volumes between medicated individuals with OCD (n=161) and HCs
(n=291). Data presented with SE, (*) Denotes a significant difference p<0.05. Hippocampal subfields are presented in dark blue, and amygdala subfields
presented in light blue. Abbreviations: cornu ammonis (CA) sectors, CA1, CA2-3, CA4, granule cell layer of dentate gyrus (DG), molecular layer (ML),
hippocampus—amygdala transition area (HATA), corticoamygdaloid transition area (CAT), anterior amygdaloid area (AAA).
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Table 3.3: Mixed effect size estimates (d), SE, uncorrected and corrected (FDR) p-value for hippocampal and amygdala subfield volumes between individuals
with OCD (n=381) and HCs (n=338).

Effect size (mixed-effects Standard Error P value P value (corrected

d) (SE) (uncorrected) (pror))
Hippocampal subfields
Parasubiculum 0.051 0.075 0.443 0.664
Presubiculum 0.152 0.075 0.037 0.156
Subiculum 0.039 0.075 0.540 0.756
CAl -0.196 0.075 0.006 0.063
CA3 -0.096 0.075 0.164 0.353
CA4 -0.111 0.075 0.104 0.353
DG -0.155 0.075 0.023 0.150
ML -0.207 0.075 0.003 0.060
HATA -0.049 0.075 0.363 0.636
fimbria 0.108 0.075 0.122 0.353
Hippocampal fissure 0.012 0.075 0.864 0.955
Hippocampal tail 0.030 0.075 0.681 0.841
Amygdala subfields
Lateral nucleus 0.095 0.075 0.168 0.353
Basal nucleus 0.102 0.075 0.149 0.353
Accessory basal nucleus 0.017 0.075 0.802 0.935
Central nucleus 0.036 0.075 0.631 0.828
Medial nucleus -0.076 0.075 0.296 0.564
Cortical nucleus 0.004 0.075 0.956 0.979
Paralaminar nucleus 0.154 0.075 0.029 0.150
CAT 0.002 0.075 0.979 0.979
AAA -0.050 0.075 0.419 0.664

Abbreviations: cornu ammonis (CA) sectors, CA1, CA2-3, CA4, granule cell layer of dentate gyrus (DG), molecular layer (ML), hippocampus—amygdala transition
area (HATA), corticoamygdaloid transition area (CAT), anterior amygdaloid area (AAA). P-values are presented before and after correction for multiple
comparisons using the false discovery rate (FDR).
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3.9. Additional analysis: diagnosis-by-age interaction in OCD

To assess the influence of chronological age on the association between hippocampal and amygdala
subfield volumes and OCD, a diagnosis-by-age interaction term was included in the mixed effects
model. Given the literature suggesting smaller hippocampal volumes with increasing chronological age
(Nobis et al., 2019), we expected to find that chronological age would influence the volume of the
subfields, especially for the hippocampus. While there was a trend for smaller CA1 (rME=-0.80,
Puncorrected=0.023 Pepr=0.352) and HATA (rME=-0.50, puncorrectea=0.049, Prpr=0.352) subfield volumes in
individuals compared to HCs (Table 3.4, page 127), perhaps suggesting that there is a differential
association with between subfield volumes and chronological age, this trend did not survive correction
for multiple comparison. Studies of hippocampal subfield volumes in healthy cognitive aging indicate
non-linear and differential effects of chronological age on subfield volume. For instance, in Malykhin
et al. (2017), the total subiculum and DG volumes were associated with chronological age whilst
findings for the CA1-3 were only present in the hippocampal body (n=129 HCs, age between 18 and
85 years old) (Malykhin et al., 2017). Differential aging effects in the hippocampus have also been
shown in functional connectivity studies. Stark et al. (2020) found greater connectivity in younger
adults (n=31, mean age= 16.1 years) than older adults (n=31, mean age= 76 years) between the
hippocampus and parahippocampal cortex and perirhinal cortex. The reduction in functional
connectivity with greater chronological age was more pronounced in the anterior subfields of the
hippocampus than the posterior subfields (Stark et al., 2021). Systematic reviews reveal that most
studies find smaller CA1 volumes in age-related diseases and can be used as a diagnostic marker for
mild cognitive impairment (de Flores et al., 2015). There are also reports indicating that a smaller CA1
is related to memory score and delayed recall sub-scores (Mak et al., 2016) and poor memory
collection in the verbal episodic memory task (Chi et al., 2022). The absence of a significant diagnosis-
by-age interaction in our analysis suggests that the relationship between the subfield volumes and age
was not substantially different in individuals with OCD and HCs. Given the mixed findings, specifically
on amygdala volume with age (Kurth et al., 2019), further analysis is warranted on the neurobiological

underpinnings of subfield-specific differences in the context of anxiety disorders and aging.

126



Table 3.4: Additional analysis, diagnosis-by-age in OCD

OCD (n=381), HC (n=338) rME P value P value corrected (pror)
Amygdala subfields

Lateral -0.002 0.951 0.984
Basal -0.027 0.445 0.779
Accessory Basal 0.001 0.984 0.984
AAA -0.009 0.774 0.977
Central 0.035 0.351 0.670
Medial 0.010 0.791 0.977
Cortical 0.004 0.906 0.984
CAT 0.015 0.631 0.940
Paralaminar -0.015 0.671 0.940
Hippocampal subfields

Parasubiculum 0.051 0.123 0.369
Presubiculum 0.060 0.101 0.354
Subiculum 0.014 0.669 0.940
CA1 -0.081 0.023 0.352
CA3 -0.063 0.068 0.352
CA4 -0.036 0.293 0.615
DG -0.044 0.197 0.461
ML -0.066 0.057 0.352
HATA -0.053 0.049 0.352
Fimbria 0.047 0.179 0.461
Hippocampal fissure 0.004 0.902 0.984
Hippocampal tail 0.063 0.084 0.352
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CHAPTER 4: Specific amygdala and hippocampal subfield volumes in
social anxiety disorder and their relation to clinical characteristics —

an international mega-analysis

In chapter 3, | investigated hippocampal and amygdala volumes in OCD, and their association to
chronological age. In results presented in this chapter indicated that the association between
hippocampal and amygdala subfield volumes was dependent on medication status suggesting that
medication is a potential confounder of subcortical volume differences in OCD. With respect age age-
related effects on subfield volumes, the CA1 and HATA trended towards significance, however, these
findings did not reach significance after correction for multiple comparisons (FDR). These findings

indicated that chronological age did not influence subfield volumes in OCD.

In chapter 4, | perform the same analysis as in chapter 3 but with a focus on SAD. The neurobiological
models of SAD highlight the importance of the subcortical fear circuitry in processes related to social
approach-avoidance conflicts and threat perception, which involves regions such as the hippocampus
and amygdala (Groenewold et al., 2023). It is suggested that the amygdala, under top-down control
from the prefrontal or anterior cingulate cortices, may be involved in heightened fear responses and
hypervigilance to threat cues observed in SAD (Furmark, 2009), although the neurobiology of SAD is
not yet fully understood (Groenewold et al., 2023). As in OCD literature, the findings on whole
hippocampal and amygdala volume in SAD are inconsistent. It is suggested that these inconsistent
findings are due to the heterogeneous nature of both the hippocampus and amygdala (Hortensius et
al.,, 2016). As in chapter 3, | use an automated segmentation algorithm on T1-weighted images
obtained from EUSARNAD to segment the hippocampus and amygdala into their respective subfields.
In a subgroup analysis, | assess the potential influence of clinical characteristics on subfield volumes in
SAD. Through a diagnosis-by-age interaction analysis, | explore whether chronological age influences
the volume of specific subfields in individuals with SAD. The results of the diagnosis-by-age interaction
are presented as an additional analysis in the postscript of chapter 4 (end of chapter, see section 4.9
on page 161 and Table 4.4 on page 162). In chapter 4, it is hypothesized that individuals with SAD will
have differences in the volume of the BLA amygdala given its involvement in other anxiety disorders
(Asami et al., 2018) and its role in threat evaluation (Besnard & Sahay, 2016; Etkin et al., 2004;

Hortensius et al., 2016).
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Abstract

Social anxiety disorder (SAD) has been associated with alterations in amygdala and hippocampal
volume but there is mixed evidence for the direction of volumetric alterations. Additionally, little is
known about the involvement of the distinct subfields in the pathophysiology of SAD. Volumetric data
from a large multi-centre sample of 107 adult individuals with SAD and 140 healthy controls (HCs) was
segmented using FreeSurfer to produce 9 amygdala and 12 hippocampal subfield volumes. Volumes
were compared between groups using linear mixed-effects models adjusted for age, age-squared, sex,
site and whole amygdala and hippocampal volumes. Subgroup analyses examined subfield volumes in
relation to comorbid anxiety disorder, and comorbid major depressive disorder (MDD), psychotropic
medication status, and symptom severity. In the full sample, SAD was associated with smaller
amygdala volumes in the basal (d=-0.32, prpr=0.022), accessory basal (d=-0.42, prpr=0.005) and
corticoamygdaloid transition area (d=-0.37, prpr=0.014), and larger hippocampal volume in the CA3
(d=0.34, prpr=0.024), CA4 (d=0.44, prpr=0.007), dentate gyrus (d=0.35, prpr=0.022) and molecular layer
(d=0.28, prpr= 0.033), compared to HCs. SAD without comorbid anxiety, in addition, demonstrated
smaller lateral amygdala (d=-0.30, prpr=0.037) and hippocampal amygdala transition area (d=-0.33,
prpr=0.027) relative to HCs. In SAD without comorbid MDD, only the smaller accessory basal amygdala
remained significant (d=-0.41, prpr=0.017). No association was found between subfield volume and
medication status or symptom severity. In conclusion, we observed distinct patterns of volumetric
differences across specific amygdala and hippocampal subfields, regions that are associated with
sensory information processing, threat evaluation and fear generalization. These findings suggest a
possible disruption in information flow between the amygdala and hippocampal formation for fear

processing in SAD.

Word count: 267
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4.1. Introduction

Social anxiety disorder (SAD), previously referred to as social phobia, is a debilitating anxiety disorder
characterized by excessive fear and avoidance of social situations. Typically, individuals with SAD
exhibit traits of social fearfulness or experience heightened anxiety towards and during social and
performance-based tasks (APA, 2013). The social fears may lead to avoidance behaviours in daily and
professional life (Stein and Stein, 2008), which in its more severe forms increases the risk of school
drop-out, work absenteeism, unemployment (Lecrubier et al., 2000), and functional disability (Mack
et al., 2015). SAD has a 12-month and lifetime prevalence of 7.1% (SE=0.3) and + 12.1% (SE=0.4)
respectively (Stein and Stein, 2008). Clinical studies suggest that SAD is often comorbid with major
depressive disorder (MDD) and other anxiety-related disorders, including panic disorder and other
phobias, with MDD most likely to develop within the first two years after the onset of SAD (Koyuncu
et al., 2019).

Neuroimaging studies suggest that SAD is associated with dysregulation in the brain’s ‘fear circuit’
consisting of the amygdala, hippocampus, insula, anterior cingulate, and prefrontal cortex (PFC). While
there is evidence of abnormalities in the volume of the amygdala and hippocampus, findings in often
small samples have proved inconsistent as both smaller (Irle. et al., 2010; Liao et al., 2011), larger
(Machado-de-Sousa et al., 2014) and no differences in volumes (Syal et al., 2012) have been reported
in individuals with SAD compared to HCs. Large-scale studies, however, using pooled structural MRI
data from various international research centres, suggest that there is no difference in the volume of
amygdala and hippocampus between individuals with SAD and HCs (Bas-Hoogendam et al., 2017;
Wang et al., 2021).

One possible explanation for the inconsistent findings is the influence of clinical characteristics on
volumetric differences observed in subcortical regions in SAD (Bas-Hoogendam et al., 2022). A recent
mega-analytic study using 37 samples consisting of 1115 individuals with SAD and 2775 HCs was
conducted by ENIGMA-Anxiety. In a subgroup analysis, this study found smaller amygdala volumes in
SAD individuals with comorbid anxiety disorder and comorbid MDD (Groenewold et al., 2023).
Additionally, given that the amygdala and hippocampus consist of structurally heterogenous units of
specialized subfields that can be identified by their cytoarchitecture, histochemistry and connectivity
profile (LeDoux, 2007), it is likely that investigating the volume of the whole amygdala and

hippocampal might not reveal subfield specific differences that may occur in SAD.

There are multiple lines of evidence that suggest the distinct roles of the amygdala and hippocampal
subfields in fear, threat, and anxiety. In the human amygdala, the centromedial (CM) amygdala is

suggested to be reactive to aversive outcomes but not to predictive aversive cues (Michely et al., 2020).
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On the other hand, the basolateral (BLA) amygdala is associated with threat evaluation (Etkin et al.,
2004; Hortensius et al., 2016) and responsive to aversive cues in high trait-anxiety (Michely et al.,
2020). Rodent studies suggest that anxiety-like behaviours in social interactions are mediated by the
activation of specific subfields, for example, activation of the BLA to central amygdala projections
temporarily reduced anxiety behaviours, whilst the inhibition of this pathway had the opposing effect
(Tye et al.,, 2011). Similarly, another rodent study found that activation of the BLA to ventral
hippocampal projections reduced social behaviours, whereas inhibition of this pathway increased

social behaviours (Faria et al., 2012; Felix-Ortiz & Tye, 2014).

Given the roles of the amygdala and hippocampus in fear and anxiety (Gonzalez-Garcia & Visser, 2023;
Shi et al., 2023), and developments in amygdala and hippocampal segmentation techniques (Saygin et
al.,, 2017), there have been increasing reports of subfield volume alterations in anxiety-related
disorders (Canada et al., 2023). Reviews of the hippocampal subfields literature suggest that
individuals with MDD have smaller volumes of the CA3/4 and larger volume of the hippocampus—
amygdala transition area (HATA) compared to HCs (Sun et al., 2023), while individuals with PTSD have
smaller volumes of the CA1/3 and dentate gyrus (DG) compared to HCs (Ben-Zion et al., 2023).
Moreover, Koch and colleagues (2021) found that a smaller dentate gyrus volume prospectively
predicted PTSD vulnerability. With respect to the amygdala, Morey et al. (2020) found smaller lateral
and paralaminar subfields, but larger central, medical, and cortical amygdala subfields in PTSD
compared (n=149) to HCs. Zhang et al. (2021) found larger medial amygdala subfields, whereas all the
other of the subfields were found to be smaller in PTSD (n=69) compared to HCs. Taken together, these

findings suggest that subfields volumes may be differentially altered depending on the disorder.

Through collaborative international efforts we leveraged multi-site data to examine amygdala and
hippocampal subfield volumes in a unique large sample of 107 adult individuals with SAD and 140 HCs.
We used an in vivo automated segmentation algorithm on T1-weighted MRI scans, allowing for the
analysis of 9 amygdala and 12 hippocampal subfields. In line with the evidence of the influence of
clinical characteristics on subcortical volumes in SAD, we performed subgroup analyses that were
restricted to SAD without lifetime 1) comorbid anxiety disorder, 2) comorbid MDD, and 3) psychotropic
medication use. Lastly, in a post-hoc analysis, we explored whether volumetric differences in

individuals with SAD are greater with higher symptom severity.
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4.2. Methods
Participants and MRI acquisition

Sociodemographic and neuroimaging data were obtained from a previous voxel-based morphometry
multi-centre mega-analysis, which was part of the European and South African Research Network in
Anxiety Disorders (EUSARNAD)(Baldwin & Stein, 2012; Bas-Hoogendam et al., 2017). Data had been
aggregated from multiple completed studies, conducted in five different countries (Germany, Sweden,
United States of America, The Netherlands, and South Africa). The sample description has been
detailed in a previous publication (Bas-Hoogendam et al., 2017). Briefly, ethical approval was obtained
per site from local ethical review boards and written informed consent was obtained from each
participant. Participants were sourced through clinics and public announcements. All participants were
assessed using either the structured clinical interview (SCID) (First et al., 1997), mini-international
neuropsychiatric interview (MINI) (Lecrubier et al., 1997) or composite international diagnostic
interview (CIDI) (Robins et al., 1988). Individuals were required to have SAD as the primary diagnosis,
and HCs were participants without lifetime psychiatric disorders. The exclusion criteria were age
younger than 18 or older than 65 years, and presence of general MRI contraindications (ferromagnetic
implants, claustrophobia, pregnancy). The data that was collected also included information on clinical
characteristics such as psychiatric comorbidity (comorbid anxiety disorder and comorbid MDD),
psychotropic medication use, age of onset of SAD, and SAD illness severity (as measured by the
Liebowitz Social Anxiety Scale (LSAS) (Mennin et al., 2002). Structural T1-weighted 3T MRI scans were
collected from all participants (see Supplementary Table S1 for characteristics of T1-weighted MRI

scans).
MRI image analysis and segmentation

Image analysis was performed on the University of Cape Town’s High-performance computing (HPC)
cluster, Cape Town, South Africa. First, we applied the standard Freesurfer (FS) v5.3 analysis pipeline

using recon-all to initiate all cortical reconstruction processes (http://surfer.nmr.mgh.harvard.edu/).

Recon-all initiates bias-field correction to the T1-weighted images, as well as registration to Talairach

space, intensity normalisation, and skull stripping (Fischl et al., 2002).

Next, subfield segmentation was performed using the segmentHA_T1.sh script bundled with FS v6.0.
This script simultaneously segments the amygdala and hippocampus (AH), thereby preventing
structural overlap. The probability atlas applied by the script is based on the transformation of ex vivo
manual segmentation to an automated algorithm that segments in vivo MRI data in target space. The

atlas was built using Bayesian inference based on a tetrahedral mesh spanning the amygdala and
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neighbouring structures (Saygin et al., 2017). Subfields are illustrated in Figure 1. The following
amygdala subfields were extracted: lateral (LA), basal (BA), accessory basal (AB), central (Ce), medial
(Me), cortical (Co), paralaminar nucleus (PL) and 2 transition areas (anterior amygdaloid area (AAA)
and cortico-amygdaloid transition (CAT)). These amygdala subfields can be grouped into amygdala’s
three main structures; 1) the BLA complex containing the LA, BA, AB, and PL, 2) the centro-medial
containing the Ce and Me nucleus, and 3) the superficial area containing the AAA, Co, and CAT
(Schmitz-Koep et al.,, 2021). The hippocampus was segmented into the following subfields:
parasubiculum, presubiculum, subiculum, three cornu ammonis (CA) sectors (CA1, CA2-3, CA4),
dentate gyrus (DG), molecular layer (ML), hippocampus—amygdala transition area (HATA), fimbria,
hippocampal tail, and hippocampal fissure (Iglesias, Augustinack, Nguyen, Player, Player, Wright, Roy,
& Frosch, 2015). In addition, we also extracted whole volumes of the AH as well as total intracranial

volume (ICV).
Quality control

We used a combination of visual inspection and quantitative measures to identify inaccurate subfield
segmentation. To this end, we used an adaptation of the Enhancing Neuroimaging Genetic through
Meta-Analysis (ENIGMA) (Thompson et al., 2020) quality control protocols for subcortical brain regions

and hippocampal subfields (see https://enigma.ini.usc.edu/protocols/imaging-protocols/). In brief,

each T1-weighted scan was examined by two independent raters, ZN and JMS, who were blind to the
diagnostic status of the participant. Scans were examined for poor quality including motion and other
scan artefacts, insufficient contrast, or presence of anatomical deviations, and segmentations were
examined for incorrect assignment of the subfields (Samann et al., 2022). The Freeview utility included
with FreeSurfer was used for 3D inspection to confirm that poor quality scan data did not meet quality
standards for inclusion. Any subjects for whom the same subfield was identified as problematic

through visual QC and outlier detection procedures were excluded from subsequent analyses.
Statistical analysis
Covariate selection

Covariates were selected based on their established association with amygdala and hippocampal
volume. We corrected for age, age-squared, sex, and scanner site (Barnes et al., 2010; Chen et al.,
2018; Nordenskjold et al., 2013; Sargolzaei et al., 2015; and consistent with Groenewold et al., 2023).
We also corrected for total subfield volume using the combined AH rather than ICV, as recommended

by the developers of FreeSurfer (https://surfer.nmr.mgh.harvard.edu/fswiki/HippocampalSubfields).

Although SAD can contribute to lower educational achievement (Stein and Stein 2008), we did not find
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a significant difference in education between individuals with SAD and HCs, and we thus did not use

education as a covariate in our analysis.
General Linear Models

All statistical analyses were conducted in R (https://www.r-project.org/). As we did not have an a-priori

hypothesis regarding effects of laterality on subfield volumes, we combined the volumes of the left
and right hemisphere to produce a single bilateral value per subfield per participant (Hayes et al.,
2017). However, we performed a post-hoc analysis to assess possible hemispheric differences in AH
subfield volumes (Ocklenburg et al., 2022) between individuals with SAD and HCs (Supplementary
Materials). In our main analysis, the bilateral AH subfield volumes were used as dependent variables
in separate models, with diagnostic group (HC, SAD) as the main independent variable and scanner
site included as random intercept. In total, tests were performed for 21 separate subfields. Analyses
were corrected for multiple comparisons across all 21 subfields using the false discovery rate
(FDR)((Benjamini & Hochberg, 1995)). We used the R package Ime4 with restricted maximum
likelihood (ReML) (Kenward & Roger, 1997) and outputted mixed effect (d) sizes, as calculated using
the t values from linear mixed effects models (equation 22, Nakagawa & Cuthill, 2007). We performed
separate subgroup analyses where we investigated the association between AH subfield volumes and
clinical characteristics. Here, we selected participants with SAD, leaving out those with lifetime 1)
comorbid anxiety disorder (SAD=86), 2) comorbid MDD (SAD=83), and 3) medication use (SAD=89),
compared to HC (n=140). Participants with SAD that had unknown comorbidities were retained in this
analysis. Due to small sample sizes and collinearity between comorbidities and scan sites we did not
perform subgroup analyses for individuals with SAD with 1) comorbid anxiety disorder (SAD=21), 2)
comorbid MDD (SAD=24), and 3) medication use (SAD=18) (for sample description see Supplementary
Table S2). Last, we assessed the association between AH subfield volumes and SAD symptom severity

(as measured by the LSAS).
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4.3. Results
Sample characteristics

In the full sample (SAD: n=107; HC: n=140), we found no significant difference in age (SAD: 32.21 years;
HC: 34.72 years; t(229.18)=1.86, p-value=0.06), sex (SAD: 42% male; HC: 62%; t(230.05)=0.79, p-
value=0.42) and mean years of education (SAD: 14.64 years; HC: 15.12 years; t(133.42)=0.95, p-
value=0.34), between individuals with SAD and HCs (see Table 1). Additionally, we found no significant
difference in the whole hippocampal volume between SAD and HCs (SAD: 3504.92; HC: 3472.43;
t(222.85)=-0.74, p-value=0.45). However, the whole amygdala volume was found to be significantly
smaller in individuals with SAD compared to HCs (SAD: 1814.73; HC: 1873.26; t(229.98)=2.23, p-

value=0.02). For demographic and clinical characteristics of subgroups see Table 2b.
Group differences

Between group comparisons were conducted on 107 individuals with SAD and 140 HCs (full aggregated
sample). With regard to amygdala subfields, individuals with SAD had significantly smaller BA (d=-0.32,
pror=0.022), AB (d=-0.42, pror= 0.005) and CAT nucleus (d=-0.37, pror= 0.014) compared to HCs (after
adjustment for sex, age, age-squared, and total volume of AH, in this and subsequent analyses). In
contrast, the hippocampal subfields were significantly larger for the CA3 (d= 0.34, prpgr= 0.024), CA4
(d=0.44, pror= 0.007), DG (d= 0.35, pror= 0.022) and ML (d= 0.28, pror= 0.033) in individuals with SAD
in comparison to HCs (Figure 2A/Table 3/ Supplementary Table S3a). A trend was observed for smaller
HATA between individuals with SAD and HCs; however, this did not reach the threshold for significance
after correction for multiple comparison (d=0.27, pror= 0.052). In follow-up exploratory tests of
laterality effects for the bilateral subfields between SAD and HCs, trends for a laterality effect (pror
=0.05-0.1) were detected for some of the subfields across the AH, however none reached significance
after correction for multiple comparison (Supplementary Table S3b, and Table S3c and S3d for

unadjusted left and right mean volumes).

Subgroup analyses: subfields in relation to clinical characteristics
SAD without comorbid anxiety disorder

Individuals with SAD without comorbid anxiety disorder (n=86) were found to have significantly
smaller LA and HATA subfields, in addition to those subfields that were significant in the main analysis
(Figure 2B, also see Supplementary Table S4). We observed significantly smaller LA (d= -0.30, pror=
0.037), BA (d=-0.34, prpr= 0.020), AB (d=-0.45, prpr= 0.005) and CAT nucleus (d=-0.42, prpr= 0.007) in
individuals compared to HCs (n=140). For the hippocampus, with exception of the HATA (d=-0.33, prps=
0.027), we observed significantly larger CA3 (d= 0.38, pror= 0.020), CA4 (d= 0.47, pros= 0.007), DG (d=
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0.35, pror= 0.023), and ML (d= 0.34, pepr= 0.018) in individuals compared to the HCs. All nuclei had

generally medium effect sizes with the CA4 having the largest effect (d= 0.47).
SAD without comorbid MDD

When selecting individuals with SAD without comorbid MDD (n=83), we observed that only the volume
of AB nucleus of the amygdala remained significantly smaller (d= -0.41, prps= 0.017) in individuals

compared to HCs (Figure 2C, also see Supplementary Table S5).
SAD without psychotropic medication

There was no significant difference between individuals with SAD without medication use (n=89) and

HCs (n=140) following adjustment for multiple comparisons (Supplementary Table S6).
SAD symptom severity

We did not observe any associations between symptom severity (measured with the LSAS) and

amygdala nor hippocampal subfield volumes (Supplementary Table S7).
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4.4, Discussion

The present study is the first to explore neuroanatomical differences in amygdala and hippocampal
subfields related to SAD, in a large sample of adult individuals with SAD (n=107) and HC (n=140). In our
primary analysis we demonstrated that individuals with SAD have significantly smaller amygdala
subfields (BA, AB, and CAT) and significantly larger hippocampal subfields (CA3, CA4, DG, and ML) than
HCs. In our subgroup analyses, individuals with SAD without comorbid anxiety disorder had
significantly smaller LA and HATA subfields than HCs, in addition to all of the significant subfields in our
main analysis. In individuals with SAD without comorbid MDD, only the AB amygdala remained
significantly smaller compared to HCs. We did not find an association between subfield volume and
psychotropic medication use or symptom severity. While previous, small scale, studies of amygdala
and hippocampal volumes in SAD have yielded inconsistent results, we suggest that SAD is associated
with distinct volumetric differences in specific subfields that are implicated in sensory information,
threat evaluation, and pattern separation and completion. Additionally, the results suggest that
subfield volume alterations are influenced by clinical characteristics, possibly contributing to the

previous inconsistent findings.
Main analysis (SAD vs HCs): The potential involvement of individual subfields in SAD

Our main findings indicate that individuals with SAD have a smaller bilateral BLA amygdala, specifically
in BA and AB subfields, compared to HCs. Post-hoc unilateral analyses showed attenuated differences,
with slightly stronger effect sizes for the left compared to right amygdala. Smaller BA and AB volumes
have been reported in other anxiety-related disorders with similar or smaller sample sizes as the
present study (panic disorder: Asami et al., 2018 (n=38); and PTSD: Morey et al., 2020 (n=149); Zhang
et al,, 2021 (n=69)). In rodent studies, smaller BLA volume is associated with increased fear response
to auditory tones and contextual stimuli (Yang et al., 2008). Considering that the BA, together with the
LA and AB nucleus, forms part of the primary sensory input area of the amygdala (LeDoux., 2007), and
that the BA is associated with threat evaluation of sensory stimuli (Davis & Whalen, 2001), it is possible
that BA and AB structure could impact amygdala-dependent responses to sensory information,
resulting in heightened fear and anxiety in SAD. Here, elaborate and sustained anxious appraisals as
subserved by the left amygdala could be of particular interest (as discussed in Ocklenburg et al. 2022,
Groenewold et al., 2023). Rodent studies suggest that the BLA dually modulates social interactions and
anxiety-related behaviours through its projections to downstream targets, thereby controlling an
anxiogenic phenotype (Felix-Ortiz et al., 2016; Felix-Ortiz & Tye, 2014; Tye et al., 2011b). In humans, a

study investigating amygdala reactivity during social-evaluative learning found hyperactivity in the
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basolateral amygdala in socially anxious families, suggesting a possible neurobiological

endophenotype of SAD (Bas-Hoogendam et al., 2020).

The BLA also projects to various structures of the neighbouring hippocampus including the trisynaptic
circuitry made of the CA1, CA3 and DG (Mandyam, 2013). BLA-hippocampal projections have been
shown to influence social interactions in rodent studies (Felix-Ortiz & Tye, 2014). In our study we
observed significantly larger hippocampal subfield volume in the CA3, CA4, DG and ML, in SAD
compared to HCs. These findings are contrary to what has been reported in other anxiety disorders, as
smaller CA3/4 and DG were found in PTSD compared to HCs (Hayes et al., 2017; Postel et al., 2021;
Wang et al.,, 2010). A study comparing hippocampal subfields in PTSD to SAD, in the context of
childhood trauma, found that only the parasubiculum and HATA were smaller in PTSD (Ahmed-Leitao
et al.,, 2019b). However, this study used smaller sample sizes (n<30) than the present study, and
individuals with SAD were not compared to HCs. While our results indicate a trend towards smaller

HATA in SAD compared to HCs, this trend did not reach significance in the main analysis.

A possible explanation for hippocampal volume differences (CA3, CA4, DG, and ML) observed in our
study may be neuroplasticity and neurogenesis, which are processes that are supported by the CA4
and DG (Malberg et al., 2000; Mandyam, 2013). Studies suggest that adult hippocampal neurogenesis
modulates DG-associated pattern separation, which in turn influences the overgeneralization of fear
(Aimone et al., 2010; Besnard & Sahay, 2016). Deficits in pattern separation and irregular fear
generalization may lead to the inability to differentiate between safe and unsafe stimuli, thereby
producing exaggerated fear and anxiety responses to innocuous social stimuli (Besnard & Sahay, 2016).
However, it is unclear whether hippocampal subfield volume differences reflect an adaptive response
to heightened anxiety through neuroplasticity, or if it is a pre-existing risk factor for SAD, or both.
Further investigation ideally using prospective longitudinal designs is required to fully elucidate this

relationship.

Subgroup analyses (clinical characteristics)

SAD without comorbid anxiety disorder

In subsequent analyses on subgroups of individuals with SAD without comorbid anxiety disorder
(n=86), we observe that in addition to the subfields observed in our main analysis (BA, AB, CAT, CA3,
CA4 DG and ML), the LA and HATA were significantly smaller in individuals with SAD without comorbid
anxiety disorder, compared to HCs. This suggests that comorbid anxiety disorders may have masked
volumetric differences resulting in non-significant findings for the LA (main analysis d=-0.18; without
comorbid anxiety disorder d=-0.30) and HATA (marginally significant) in the main analysis. Our findings

are contrary to Groenewold et al. (2023) who found smaller amygdala volumes in SAD individuals with
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comorbid anxiety disorder, but no differences in individuals without comorbid anxiety disorder
(Groenewold et al., 2023). Methodological differences may partly account for the discrepancy, as the
present study investigated subfield volumes, after adjusting for differences in whole amygdala volume,

whereas the whole amygdala volume was the region of interest in Groenewold et al. (2023).

Of note, the subfields where the differences remained significant (BA, AB, CAT, CA3, CA4 DG and ML)
in individuals with SAD without comorbid anxiety displayed similar effect sizes (range: 0.34-0.47) as in
the main analysis (range: 0.27-0.43), which suggests that the volumes of these subfields may not be
as affected by comorbid anxiety disorder. Our findings highlight the influence of clinical characteristics
on select subfield volumes observed in SAD. The HATA is suggested to be a connection for
communication between the amygdala and hippocampus (Foo et al.,2017), and other work has
indicated that the HATA may influence amygdala responses to memories stored in the hippocampus
(Fudge et al., 2012). Furthermore, the LA is thought to play a role in processing sensory information
and fear conditioning (Nader et al., 2001). We speculate that LA and HATA dysregulation could disrupt
information flow between the hippocampus and adjoining amygdala, thus altering emotional and

social processing (Bickart et al., 2014; Foo et al., 2016).
SAD without comorbid MDD

In individuals with SAD without comorbid MDD (n=83), only the AB subfield remained significantly
smaller compared to HCs. This might partly be explained by loss of power, since the effect sizes of the
relevant subfields were only marginally attenuated (range: 0.20-0.41) and overlapped with those from
the main analysis (range: 0.27-0.43). Of note, the applied FDR correction uses an adaptive threshold
for significance that varies across sub-analyses. Studies of amygdala subfield volumes in MDD suggest
that the lateral and anterior amygdaloid areas are smaller in individuals with MDD compared to HCs
(individuals=147; HCs=144)(H. Kim et al., 2021), whilst other studies report null findings (patient=76;
HC=77) (Tesen et al., 2022). The present findings of larger hippocampal subfield volumes further
contrast with recent meta-analyses which suggest that MDD is associated with smaller hippocampal
CA3, CA4 and larger HATA volumes, compared to HCs (Sun et al., 2023). The fact that only the AB
remained significant suggests that major depression comorbidity may have an influence on subfield
volumes in SAD. It may be possible that SAD-related differences in subfield volumes are more
pronounced in individuals with SAD and comorbid MDD, though this subgroup in the present study

was too small (N = 24) to test this hypothesis.
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SAD without psychotropic medication use

While we did not find a significant difference between individuals with SAD without medication use (n
= 89) and HCs, we observed comparable effect sizes (range 0.25-0.36), but in a smaller sample size
than the main analysis. This suggests that the difference in the findings were mainly attributable to
loss of power in this sub-group analysis. A voxel-based morphometry meta-analysis on grey matter
volume alterations in SAD found that the data on clinical characteristics like medication use is
inconclusive as mixed effects on grey matter volume are observed in individuals with SAD (Wang et al.,
2021). In our study, only a small number of individuals with SAD were taking medication at the time of

scan (n=18), thus restricting our ability to investigate this further.
Symptom severity

Consistent with Groenewold et al. (2023) and Jayakar et al. (2020) investigating total amygdala volumes
in SAD, we did not find an association between symptom severity and amygdala subfield volumes. We
do note that the symptom severity data was not available for a sizeable proportion of the total sample
of cases, and we therefore had less statistical power compared to the main analysis. Future studies
with robust SAD symptom severity data, including multiple dimensions of anxious symptomatology,
might be able to shed light on the possible association between severity and amygdala and

hippocampal subfield volumes.
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4.5. Strengths and limitations

Our study has multiple strengths but also limitations. We report on a large, aggregated sample and
performed detailed subgroup analyses by investigating individuals with SAD without comorbid anxiety,
without MDD, and without medication use. This allowed for observations across different clinical
subgroups. However, because we used inherited data (original study Bas-Hoogendam et al., 2017) with
small sample sizes for individuals with SAD with comorbid anxiety (n=21), comorbid MDD (n=24), and
with medication use (n=18), we were unable to explore subfield differences in these groups. These low
rates of comorbidity are the consequence of the inclusion and exclusion criteria of the original studies
(Bas-Hoogendam et al., 2017). Additionally, due to limited information available from the original
studies, we were unable to explore other possible relevant influences of hippocampal subfield
volumes, e.g., childhood adversity (as shown in other studies (Chalavi et al., 2015). Lastly, the caveat
for automated segmentation is that studies show relatively low test-retest reliability for certain
amygdala and hippocampal subfields, particularly the paralaminar nucleus and hippocampal fissure
(compared to other subfields), both of which were included in our analysis (Brown et al., 2020;
Quattrini et al., 2020). Further prospective longitudinal studies are required to investigate subfield

volumes in SAD over time, including in distinct clinical subgroups.

4.6. Conclusion

Our study demonstrates a distinct profile of subtle volumetric differences subfield volumes in
individuals with SAD compared to HCs. Specifically, we found differences in the volumes of subfields
that are associated with sensory input and fear/threat evaluation (BLA/AB) in line with previous clinical
and preclinical work, as well as in pattern separation (DG) and completion (CA-3), and neurogenesis
(DG and ML). Our findings further indicate that clinical characteristics are possible predictors of the
volumetric characteristics of certain subfields, specifically those associated with the flow of sensory
information between the amygdala and adjoining hippocampus, as noted by smaller LA and HATA in
individuals with SAD without comorbid anxiety compared to HCs. The evidence of varying subfield
volumes observed in SAD in the present study suggests that the heterogeneous nature of the amygdala
and hippocampus may have contributed to the inconsistent volumetric findings reported for these
structures in the SAD literature until now, in which the amygdala and hippocampus were considered
as a whole. More research, and in particular longitudinal analysis, is required to investigate how
amygdala and hippocampal subfield volumes are associated with SAD comorbid with MDD, and
whether SAD-related differences in subfield volumes may be influenced by other clinical characteristics

such as medication status.
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4.7. Tables and figures

Table 4.1: SAD and HC sample composition as included in the main analysis

Country

Germany

Netherlands

South Africa

Sweden

Sample ID

University of Muenster
NESDA Amsterdam

NESDA Groningen

NESDA Leiden

LUMC Social Anxiety

MRC University of Cape Town

Umea University

United States of = University of Illinois

America

Total

Initial number of scans ?

SAD

19

20

12

26

12

111

HC

22

27

11

26

20

11

23

11

151

Total

41

33

19

34

40

23

49

23

262

Excluded after visual QC

Segmentation Visual and

Fail

1

Outlier QC

14

Included number of scans

SAD

19

20

26

12

107

HC

22

24

11

23

17

23

11

140

Total

41

30

19

30

37

18

49

23

24

7

3Reported in previous publication (Bas-Hoogendam et al., 2017). ® Participants excluded based on visual screening for partial or atypical segmentation using
of the ENIGMA Consortium

an  adaptation

https://enigma.ini.usc.edu/ongoing/enigma-hippocampal-subfields/).

Quality

Control

protocol

for

subcortical

and

hippocampal

subfields

(see
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Table 4.2a: Demographic and clinical characteristics of individuals with SAD (n=107) and HCs (n=140)

Demographics
Age (years)

Education level (years)

Male
Clinical characteristics
LSAS score ®
Age at onset (years) °
Total amygdala volume

Total hippocampal volume

SAD (n=107)
mean

322

14.7

N

42

mean

78.1

14.8
1817.73

3504.92

3 Liebowitz Social Anxiety Scale (LSAS).” measured using LSAS.

SD

10.43

3.0

%

39.25

SD

19.5

7.1

202.80

347.11

HCs (n=140)
mean

343

15.2

N

62

mean

1873.26

3472.43

SD

10.5

3.0

%

44.3

sD

205.92

331.78

Statistical analysis

t

1.86

0.95

-0.79

2.23

-0.74

df

229.18

133.42

230.05

229.98

222.85

0.06

0.34

0.43

0.02

0.45
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Table 4.2b: Demographic and clinical characteristics of subgroup individuals with SAD

Age (years)

Education level (years)

Male

A: SAD
comorbid
disorder (n=86)

Mean (SD)
31.14 (9.81)
14.85 (2.77)
N (%)

35 (40.69)

without B: SAD
anxiety comorbid

(n=83)

Mean (SD)
31.04 (10.27)
15.02 (2.65)
N (%)

34 (40.96)

without
MDD

C: SAD without

psychotropic
medication

(n=89)

Mean (SD)
31.34 (10.28)
14.71 (3.02)
N (%)

34 (38.20)

D: HCs (n=140)

Mean (SD)
34.72 (10.51)
15.12(3.01)
N (%)

62 (44.28)

Note: mean age of SAD without; (A) comorbid anxiety disorder (n=86), (B) comorbid MDD (n=83), (C) psychotropic medication (n=89), and (D) HCs (n=140).

147



Table 4.3: Mixed effect size estimates (d), SE, uncorrected and corrected (FDR) p-value for amygdala and hippocampal subfield volumes between individuals
with SAD (n=107) and HC (n=140)

Effect size (mixed- Standard Error P value (corrected (pror)) P value (uncorrected)
effects d) (SE)

Amygdala subfields

Lateral -0.188 0.13 0.193 0.11
Basal -0.324 0.13 0.022* 0.01
Accessory basal -0.419 0.13 0.005%* <0.01
Anterior amygdaloid area -0.081 0.13 0.592 0.48
Central -0.224 0.13 0.091 0.04
Medial -0.168 0.13 0.193 0.11
Cortical -0.198 0.13 0.106 0.05
Cortico-amygdaloid transition -0.374 0.13 0.014* <0.01
Paralaminar -0.136 0.13 0.381 0.29
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Table 4.3 continued

Hippocampal subfields Effect size (mixed- Standard Error P value (corrected (pror)) P value (uncorrected)
effects d) (SE)
Parasubiculum 0.042 0.13 0.773 0.74
Presubiculum -0.072 0.13 0.626 0.54
Subiculum 0.170 0.13 0.249 0.16
Cornu ammonis 1 0.026 0.13 0.824 0.82
Cornu ammonis 3 0.345 0.13 0.024* 0.01
Cornu ammonis 4 0.438 0.13 0.007* <0.01
Dentate gyrus 0.347 0.13 0.022* 0.01
Molecular layer 0.275 0.13 0.033* 0.01
Hippocampus—amygdala transition area -0.277 0.13 0.052 0.02
Fimbria -0.060 0.13 0.695 0.63
Hippocampal fissure 0.144 0.13 0.334 0.24
Hippocampal tail 0.150 0.13 0.249 0.17

(*) Denotes significant difference p<0.05. Mixed effects sizes (d) with SE. P-values before and after correction for multiple comparison (false discovery rate
(FDR).

149



Lateral nucleus
Basal nucleus
71 Accessory basal nucleus
| Anterior amygdaloid area
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Figure 4.4: Visualisation of amygdala hippocampal Freesurfer subfield segmentation from right hemisphere of single representative (HC). The image was
generated using 3DSlicer (https://www.slicer.org/). A: Lateral view, B: Medial view. Abbreviations: cornu ammonis (CA) sectors, CA1, CA2-3, CA4, granule cell
layer of dentate gyrus (DG), molecular layer (ML), hippocampus—amygdala transition area (HATA), corticoamygdaloid transition area (CAT), anterior

amygdaloid area (AAA).
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Figure 4.2: (A) Mixed effect size estimates (d) for amygdala and hippocampus subfields between individuals with SAD (n=107) and HCs (n=140). (B) Mixed
effect size estimates (d) for amygdala and hippocampus subfields between individuals with SAD without comorbid anxiety (n=86) and HCs (n=140). (C) Mixed
effect size estimates (d) for amygdala and hippocampus subfields between individuals with SAD without comorbid MDD (n=83) and HCs (n=140). Data
presented with SE. (*) Denotes significant after FDR correction. Amygdala subfields presented in orange; hippocampal subfields presented in green.
Abbreviations: cornu ammonis (CA) sectors, CA1, CA2-3, CA4, granule cell layer of dentate gyrus (DG), molecular layer (ML), hippocampus—amygdala transition

area (HATA), corticoamygdaloid transition area (CAT), anterior amygdaloid area (AAA).
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4.9. Additional analysis: diagnosis by age interaction in SAD

To assess the influence of chronological age on the association between hippocampal and amygdala
subfield volumes and SAD, a diagnosis-by-age interaction term was included in the mixed effects
model. There was no significant nor trend interaction between chronological age and subfield volumes
in individuals with SAD (n=107) Table 4.4, page 162. Additionally, the relationship between
chronological age and the subfields that had significant group differences (see Result section 4.3) was
nonlinear (Figure 4.3-4.4). Although findings in the literature concerning age effects on hippocampal
and amygdala subfield volumes are mixed (Kurth et al., 2017, 2019), our null findings suggest that
chronological age did not have an influence on subfield volumes in our sample of SAD. Further large-

scale analysis is required to replicate our findings.
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Table 4.4: Additional analysis, diagnosis-by-age in SAD

SAD (n=107), HC (n=140) rME* P value P value corrected (pror)
Amygdala subfields

Lateral 0.063 0.277 0.797

Basal 0.018 0.754 0.797
Accessory Basal -0.063 0.257 0.797

AAA 0.075 0.190 0.797
Central -0.023 0.662 0.797
Medial -0.052 0.321 0.797
Cortical -0.082 0.100 0.797

CAT -0.045 0.452 0.797

Hippocampal subfields

Paralaminar -0.011 0.869 0.869
Parasubiculum 0.085 0.165 0.797
Presubiculum 0.045 0.440 0.797
Subiculum -0.071 0.241 0.797
CA1l 0.036 0.530 0.797
CA3 -0.034 0.588 0.797
CA4 -0.028 0.664 0.797
DG -0.021 0.727 0.797
ML -0.042 0.428 0.797
HATA 0.102 0.081 0.797
Fimbria 0.032 0.596 0.797
Hippocampal fissure -0.041 0.501 0.797
Hippocampal tail -0.016 0.759 0.797

*rME = root mean square error
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CHAPTER 5: Investigation of whole and regional brain aging in
obsessive-compulsive disorder and its association with clinical
characteristics.

In chapter 3, | investigated hippocampal and amygdala subfield volumes in OCD as both of these
structures have been implicated in anxiety and related disorders. Moreover, there is some evidence to
suggest that these structures are particularly vulnerable to accentuated aging in healthy and
neurodegenerative conditions (Fjell et al., 2013; Pfefferbaum et al., 2013; Walhovd et al., 2005, 2011).
In chapter 3, in a separate analysis, | used interaction terms (particularly diagnosis-by-age) to test
whether chronological age moderated the relationship between OCD diagnosis and subfield volume.
Based on the literature, it was expected that chronological age would impact subfield volumes,

especially for the hippocampus (Kurth et al., 2017, 2019; Pini et al., 2016).

The age interaction analysis conducted in chapter 3 found no evidence to support the moderation of
chronological age on subfield volumes in individuals with OCD. However, as discussed in the postscript
of chapter 3, there was a trend observed for the hippocampal CA1 and the HATA, although, after
correction for multiple comparisons, both of these subfields did not reach significance. Building upon
this analysis, in the present chapter 5, | use a previously trained machine learning algorithm to
investigate brain-PAD in individuals with OCD compared to HCs. | also conducted a partial correlation
analysis to investigate whether subfield volumes are correlated to brain-PADs within the groups (OCD

and HCs).
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5.1. Introduction

OCD, a common psychiatric disorder characterized by persistent intrusive thoughts (obsessions)
and/or repetitive ritualistic behaviours (compulsions) (APA, 2013) has been associated with increased
risk of age-related diseases and premature mortality. In a nationwide longitudinal study, Meier et al.
(2016) found that individuals with OCD had a significantly higher incidence of natural or unnatural
deaths in the general population, even after excluding individuals with comorbid anxiety disorders,
depression, or substance use disorders (Meier et al., 2016). A population and sibling comparison study
with long-term follow-up (n=12,497,002) found that individuals with OCD had an increased risk of
metabolic (e.g., obesity, type 2 diabetes mellitus) or cardiovascular disorders compared with the

general population and their full siblings (without OCD) (Isomura et al., 2018).

Very few studies have investigated accentuated cellular and molecular biological aging in OCD. Kang et
al. (2021) found shorter TL and altered mitochondrial DNA in individuals with OCD (n=235) and HCs
(n=234), which was also associated with a significant increase in systemic inflammation (Kang et al.,
2021). In adolescents, OCD is associated with an increase in oxidative status and a decrease in
antioxidant profile (OCD n=28; HCs n=36) (Kandemir et al., 2013; Selek et al., 2008). Despite the initial
evidence of cellular and molecular accentuated biological aging in OCD, studies suggest that indicators
such as TL have limited predictive and deterministic value when used as surrogate indicators for organ-
specific aging, including organs like the brain (Franke et al.,, 2020; Han et al.,, 2019). In a large
population-based study in healthy aging adults (n=1960), King et al. (2014) demonstrated that the
association between shorter TL and hippocampal and amygdala volume was small, suggesting a weak
or limited correlation between TL and these brain regions within a certain age range (median age of

50 years; age range between 42 years and 58 years old) (King et al., 2014).

Although limited, there is some structural neuroimaging evidence of age-related differences in brain
structure in OCD. Hawco et al. (2017) found white matter thinning with increasing chronological age,
specifically in the left superior longitudinal fasciculus in individuals with OCD (within the group) (Hawco
etal., 2017). Furthermore, Fouche et al. 2017 found a group-by-age interaction for the parietal cortex,
showing increased thinning with increasing chronological age in the individuals with OCD (n=412)

compared to HCs (n=368) (Fouche et al., 2017).

With respect to healthy adult aging, despite the extensive evidence pointing towards hippocampal
volume loss with increasing chronological age (Dennison et al.,, 2013), it remains unclear which
subfields are associated with age-related changes (Kurth et al., 2017; Mueller et al., 2007; Mueller &
Weiner, 2009; Simi¢ et al., 1997; West et al., 1994). For the amygdala, some subfields, have been

negatively associated with increasing (aged between 18 years and 85 years old, n=126)
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(Aghamohammadi-Sereshki et al., 2019), which is partially consistent with other reports of a negative
correlation between amygdala subfields volume and chronological age (aged between 18 years and 69

years old, n=100) (Kurth et al., 2019).

Recent advancements have suggested that MLAs using structural and/or functional MRI data coupled
with statistical modelling can robustly predict chronological age using features of an individual’s brain
(Cole et al., 2019; Cole & Franke, 2017). Briefly, an MLA is built by recognizing patterns, relationships,
and correlations, within complex neuroimaging data (Cole & Franke, 2017). The neuroimaging data
may include structural brain features such as cortical thickness and surface curvature (Wang et al.,
2014), as well as gray matter, white matter, and cerebrospinal fluid volume (Jonsson et al., 2019). The
MLA is typically constructed in an independent dataset called a training model consisting of healthy
individuals. The resultant model is then cross-validated before it is applied to an independent test
sample to predict brain age (Zou et al., 2019). The subsequent outcome is brain-PAD (brain predicted
age difference) which is typically derived by subtracting chronological age from ML predicted brain age
(Cole & Franke, 2017; Sone et al., 2019). Higher brain-PADs, indicative of accentuated aging, have been
associated with negative health outcomes, negative fateful life events (Hatton et al., 2018), cognitive

impairment (Liem et al., 2017), and increased mortality (Cole et al., 2018).

To date, only one study has investigated brain aging in OCD. In Liu et al. (2022), a positive whole brain-
PAD (+0.826 years) was observed in individuals with OCD (n=90) compared to HCs (n=106) (Liu et al.,
2022). Additionally, brain-PADs were found to be negatively associated with the duration of illness.
However, this study was performed in a relatively small sample, and only used a single set of brain
features (gray matter volumes only) when training their prediction model. Nevertheless, this initial
report supports the importance of identifying brain aging patterns in OCD and establishing if and how

they may differ from the typical aging patterns observed in healthy individuals.

Against this background of limited brain age research in OCD, the objective of this chapter is to 1)
examine whole and regional brain age in OCD, and 2) correlate whole brain age to amygdala and
hippocampal subfield volumes in OCD. We used the Kaufmann et. al. (2019) pre-trained 5-fold cross-
validated brain-age prediction model to estimate whole and regional brain age in a large sample of 376
individuals with OCD and 335 HCs. Brain-PAD was calculated for each individual by subtracting
chronological age from the predicted brain age. Given the evidence of confounding effects of clinical
characteristics on subcortical volumes in OCD (van den Heuvel et al., 2022), we performed subgroup
analyses that were restricted to individuals with OCD without lifetime 1) comorbid anxiety disorder, 2)
comorbid MDD, and 3) psychotropic medication use. Lastly, we assessed the association between

whole-and-regional brain age estimates and OCD symptom severity. Based on the evidence in the
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literature on accentuated brain aging in OCD (Kaufmann et al., 2019; Liu et al., 2022), it is expected

that individuals with OCD will present with accentuated whole and regional brain-PADs relative to HCs.
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5.2. Methods

Participant selection and MRI acquisition

Structural T1-weighted MRI scans and sociodemographic data were obtained from a collaboration of
six international research sites as part of OBIC. The sample composition has been published in detail
elsewhere (De Wit et al., 2014). Briefly, participants who were sourced through local outpatient clinics
and advertisements were screened for DSM-IV Axis | disorder. To be included in the patient group, the
participant’s primary diagnosis had to be OCD; psychiatric comorbidity was permitted secondary to
OCD. All participants, including HCs (no current axis | psychiatric disorder), were excluded if they were
younger than 18 years or older than 65 years of age, had a current psychotic disorder, history of a
substance use disorder, were intellectually disabled, or had severe organic or neurological pathology.
Additional information on OCD symptom severity, age of onset, and medication use was collected from
the patient group. All of the research sites obtained written informed consent from the participants to
participate in the study. In addition, each site obtained approval from their local ethical review board.
For multicentre data sharing, additional approval was obtained from the medical ethical committee

Amsterdam, University Medical Center (AMC).
Freesurfer segmentation

The neuroimaging data was processed on the high-performance computing (HPC) cluster at the

University of Cape Town, South Africa. FreeSurfer 5.3 software (http://surfer.nmr.mgh.harvard.edu/).

The processing pipeline was initiated using the recon-all function. The Desikan-Killiany anatomical
brain atlas was used for cortical parcellation to divide the cerebral cortex into regions based on

anatomical landmarks (Fischl et al., 2002).
Quality control

Visual inspection was performed by using an adaptation of the ENIGMA Consortium Quality Control

protocol for subcortical and hippocampal subfields (https://enigma.ini.usc.edu/protocols/imaging-

protocols/). In addition, the data was statistically examined for outliers, operationalized as lying >= +-
3 standard deviations of the mean for the Euler number for each site (Ipser et al., 2022). The Euler
statistic is derived from the number of holes in a spherical reconstruction performed by FreeSurfer of
the cortical sheath and has been demonstrated as a useful tool for measuring T1 weighted MRI data

quality (Dale et al., 1999; Monereo-Sanchez et al., 2021).
Brain age estimation

We used a pre-trained MLA to predict the individual Brain-PAD determined from T1 weighted MRI

scans. Model construction and validation have been described in detail in Kaufmann et al., 2019.
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Briefly, the MLA was developed using the eXtreme Gradient Boosting (xgboost) package in R (Chen &
He, 2014). The MLA was trained on a large sample of HCs consisting of n = 26,535; and trained
separately for females (n=14,182) and males (n=12,353), aged 3-89 years. Brain-age predictions were
based on 1,118 features of brain thickness, area, and volume, including 211 cerebellar/subcortical
volume features, that were extracted using a multi-modal parcellation of the cerebral cortex (Glasser

et al,, 2016).

Regional brain age prediction models were trained in the same fashion as the full brain model except
that the feature set was reduced to cover only those features that overlapped more than 50% with a
given lobe (Kaufmann et al.,, 2019). Regions were defined following the Freesurfer lobesStrict
segmentation as respectively only the occipital (n=96), frontal (n=384), temporal (n=222), parietal
(n=258), cingulate (n=60), insula (n=48). In addition, given the limited number of cerebellar features
available in the Freesurfer summary statistics, cerebellar and subcortical features were grouped into a

cerebellar/subcortical region (n=211) (Kaufmann et al., 2019).

The Pearson correlation between predicted brain age and chronological age was estimated using 5-
fold cross-validation within the training set (n=35,474) for the full and regional brain age models in
males and females. For the full brain age model, high correlations were found between the predicted
brain age and chronological age for females (R=0.94) and males (R=0.95) (for regional brain age model

validation across sexes and see supplementary Fig. 2 in (Kaufmann et al. 2019)).

For the present study, shell scripts to extract relevant brain features, as well as the R script to estimate
brain age using the pre-trained model were provided by Dr. Kaufmann (Kaufmann et al., 2019). Of note,
the OBIC dataset was not part of the development of the Kaufmann model, therefore OBIC was
independent to the dataset used in the Kaufmann training and testing model. These shell scripts were
applied to Freesurfer 5.3 segmented T1 weighted scans consisting of 375 individuals with OCD, and

335 HCs, no additional calibration steps were performed.

To assess the model generalization performance, the following metrics were calculated separately for
the OCD group and HCs: (1) the correlation between predicted and chronological age, (2) the R? value
representing the explained variance of chronological age, and (3) the mean absolute error (MAE)

between predicted brain age and chronological age.
Statistical analysis approach
Covariates

Both whole and regional brain-PADs were calculated as the difference between the predicted brain

age chronological age (Kaufmann et al., 2019) and were used as the primary outcome measure in the
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statistical analysis. The covariates of interest included age and age squared (which were both centered
to facilitate interpretation of the results), sex, scanner site (to control for scanner differences across
sites), and Euler number. Chronological age was included as a covariate in the regression model to
reduce ‘regression dilution’. This is a well-known phenomenon often observed in brain age estimates
where the predicted brain age is overestimated in younger brains and underestimated in older brains
(zhang et al., 2023). Although there are alternative bias-correction techniques for adjusting brain-PAD
predictions including regressing chronological age onto brain-PAD to produce residualized brain-PAD
estimates (Le et al., 2018), incorporating chronological age as a covariate is a commonly employed
method in other studies that investigate brain-PAD in anxiety and related disorders (Clausen et al.,

2021; Han, et al., 2021; Liu et al., 2022).
Linear mixed-effects models

All statistical analyses were conducted in R (version 4.2.1; freely available at https://www.r-
project.org/). T-tests were conducted to assess between group (OCD n=375; HC n=335) differences in
age, sex, education, and Euler number. To assess model fit (performance of the prediction model) per
site, Pearsons’s correlation coefficients (R) and proportion of the variance explained by the model (R?)
were calculated between the predicted brain age estimate and chronological age in the OCD group,
HCs, and the whole sample (combined OCD group, and HCs). Additionally, the MAE was calculated for
all the groups. To examine the main effect of OCD diagnosis, the R package Ime4 was used to test group
differences in brain-PAD between individuals with OCD and HCs using a linear mixed effects model that

included a random intercept for scan site (main analysis: OCD n=375; HC n=335).

A separate subgroup analysis was performed for individuals with OCD with (n=158) and without
medication use (n=218), those with (n=93) and without MDD (n=283), and those with (n=72), and
without comorbid anxiety disorder (n=351). A within-group analysis (OCD n=84) was performed to
assess the association between brain-PAD and OCD symptom severity (assessed using the Y-BOCS total
score). Age-by-group and sex-by-group interactions were also tested. To assess the association
between hippocampal and amygdala subfield volume and whole brain-PAD for the main group (OCD
n=375; HC n=335), a partial correlation analysis was performed (adjusted for ICV) using the ppcor R
library. All analyses were corrected for multiple comparisons using the Benjamini-Hochberg false

discovery rate (FDR) and the p-value was considered statistically significant at p <0.05.

172



5.3. Results

Model fit (how well the prediction model fits the dataset) is shown in Table 5.1a including Pearson
correlation (R), MAE, and R? between the predicted brain age and chronological age. According to
these statistics, in the OCD group, there was a moderate positive correlation (R=0.64) suggesting that
the predicted brain age tends to increase with chronological age, with a degree of variability
(R2=0.4169; 41.69% of the variability in the predicted brain age can be explained by the chronological
age) and MAE of 10.08 years. In the HCs group, there was also a moderate positive correlation (R=0.71)
suggesting that the predicted brain age tends to increase with chronological age, with a degree of
variability (R?=0.5087; 50.87% of the variability in the predicted brain age can be explained by the
chronological age) and MAE of 8.37 years. The mean brain-PAD of 7.330 years in the HC group was
significantly larger than zero (t = 18.510, p < 0.001), suggesting that the model fit to these data is sub-
optimal. A statistically significant negative association was observed between chronological age and
brain-PAD in the controls (R = -0.322, p < 0.001), as well as in the OCD group (R =-0.263, p < 0.001)
(Table 5b). Regional MAEs were high in the main analysis and subgroup analysis (Table 5.1a); main
analysis: subcortex MAE=9.367, R=0.562, R2=0.316 to cingulate MAE=20.093, R?=0.338, R?=0.114. In
the HCs group; subcortex MAE=7.693, R=0.640, R?=0.41 to cingulate MAE=20.184, R=0.297, R?=0.088.

Sample characteristics

Individuals with OCD had, on average, a lower education level compared to HCs (OCD: 13.7 years
(SD=2.8); HCs (14.5 years (SD =3.4), t = 3.51, p < 0.0004), and were significantly older compared to HCs
(OCD: 32.0 years (SD=9.4); HCs: 30.2 years (SD=9.3), t=-2.47, p=0.013). The mean Y-BOCS score for
individuals with OCD was 24.9 (SD=6.2) (see Table 5.2).

Main analysis: whole and regional brain analysis

Individuals with OCD (n=375) had significantly higher brain-PAD (+1.6 years, prpr=0.006, d=0.20)
compared to HCs (n=335), after adjusting for age, quadratic effects of age, sex, Euler number and scan
site (Figure 5.1). There was no significant difference between individuals with OCD and HCs in the 7
regional brain age models: frontal cortex, subcortex, cingulate, insula, occipital, temporal, and parietal

lobes.
Subgroup analysis: association between whole and regional brain age and clinical characteristics
OCD with psychotropic medication use

Individuals with OCD with psychotropic medication use (n=158) had significantly higher whole brain-
PAD (+2.98 years, d=0.38, prpr<0.001) compared to HCs (n=289). Additionally, regional brain-PAD was

significantly higher in the frontal cortex (+2.90 years, d=0.35, prpr=0.001), followed by the subcortex
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(+2.77 years, d=0.20, pror=0.015), the cingulate (+2.06 years, d=0.24, prpr=0.015), and the insula (+2.03
years, d=0.22, prpr=0.028) in individuals compared to HCs. No significant differences were found for

the occipital, temporal, and parietal regions.
OCD without psychotropic medication use

Individuals with OCD without psychotropic medication use (n=218) did not significantly differ in whole

brain-PAD (+0.57 years, d=0.07, prpr=0.374), nor all of the regional models compared to HCs (n=335).
OCD with comorbid MDD

Individuals with OCD with comorbid MDD (n=93) had significantly higher whole brain-PAD (+2.64
years, d=0.336, prpr=0.004) compared to HCs (n=335). In addition, individuals with comorbid MDD
presented with significantly higher whole brain-PAD exclusively in the subcortex (+3.17 years, d=0.316,

pror=0.049) compared to HCs.
OCD without comorbid MDD

Individuals with OCD without comorbid MDD (n=283) had significantly higher whole brain-PAD (+1.27
years, d=0.17, ppr=0.031) compared to HCs (n=335). There were no significant differences in regional

brain-PAD in individuals compared to HCs.
OCD with comorbid anxiety disorder

Individuals with OCD with comorbid anxiety disorder (n=72) did not significantly differ in whole brain-

PAD, nor regional brain-PAD compared to HCs (n=157).
OCD without a comorbid anxiety disorder

Individuals with OCD without comorbid anxiety disorder (n=351) had significantly higher whole brain-
PAD (+1.60 years, d=0.20, pspg=0.006) compared to HCs (n=335). There were no significant differences

in regional brain-PAD in individuals compared to HCs.
OCD Symptom severity

OCD symptom severity (assessed using Y-BOCS) was not associated with whole brain-PAD, nor regional

brain-PAD in individuals with OCD (n=346).
Interactions

There was no significant evidence for a group difference in the progression of whole brain-PAD as a
function of age (t=0.082, p=0.934), or sex (t=1.557, prpr=0.120) between individuals with OCD (n=375)
and HCs (n=335).
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Partial correlation analysis

Partial correlation analysis was conducted between the individual hippocampus and amygdala subfield
volumes and whole brain-PAD, to identify unique associations between subfields and brain aging.
Partial correlation analysis found a significant negative association between hippocampal and
amygdala volume and whole brain PAD in the OCD group (r=-0.224, p=0.00001), but not in the HC
group (r=0.081, p=0.138). In the OCD group, after applying Benjamini-Hochberg FDR correction, 4
subfields remained significant namely the lateral nucleus (r=-0.18), CAT(r=-0.13), hippocampal fimbria
(r=0.17), and hippocampal fissure (r=0.17)). Interestingly, in the OCD participants, for the amygdala
subfields, larger volumes were associated with smaller brain PAD, whereas the opposite was observed

for the hippocampal subfields (Table 5.3 a-b).
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5.4. Discussion

In this chapter, | investigated the difference between MRI-predicted brain age and chronological age
in a large sample of individuals with OCD (n=376) and HCs (n=335). The results demonstrated that
whole brain-PAD was significantly higher in individuals with OCD, compared to HCs. However, no
associations were found between regional brain-PAD and OCD diagnosis. Individuals with OCD with
psychotropic medication use had distinct patterns of regional brain aging shown by higher brain-PAD
in the frontal cortex, subcortex, cingulate, and insula, but not in the occipital, temporal, and parietal
regions. There were no significant differences observed for whole or regional brain-PAD between HCs
and individuals with OCD without psychotropic medication use. Our findings of higher whole brain-
PAD in individuals with OCD are consistent with previous work demonstrating accentuated brain aging
in OCD (Liu et al., 2022), and that clinical characteristics like medication status may be of importance

in OCD brain morphometry (van den Heuvel et al., 2022; Weeland et al., 2022).
Main findings
Higher whole brain aging in OCD.

The main finding presented in this chapter is consistent with recent literature that reported
significantly higher brain-PAD in individuals with OCD compared to HCs (+0.826 years, d=0.325
p=0.025) (Liu et al., 2022). Some possible explanations for the differences in the magnitude of brain-
PAD between this study (+1.6 years) and that of Liu et al. (2022) are that Liu et al., 2022 used smaller
sample sizes (OCD n=90, HCs n=106) than the present chapter (OCD n=376, HCs n=335), which may
impact the reliability of the brain age estimate. Additionally, the MLA (gaussian processes) used in Liu
et al., 2022 was trained using gray matter volumes of 246 defined brain regions, whereas the present
chapter used gray matter volumes and additional features including brain thickness and area (1,118
features in total) (Kaufmann et al., 2019), although the MAE (5.36 years) in Liu et al., 2022 was less

than the present chapter MAE (8.37 years).

Another possible explanation for the differences in brain-PADs between Liu et al. (2022) and the
present chapter is the clinical and neuroanatomical heterogeneity of OCD. Indeed, in a study using a
normative model and non-negative matrix factorization to quantitatively estimate the
neuroanatomical heterogeneity of OCD, Han et al. (2023) found that OCD was associated with multiple
disease factors instead of single disease factors (with high interindividual differences), suggesting that
the differences in brain morphology observed in OCD are due to unique combination of specific
neuroanatomical patterns (Han et al., 2023). Given this evidence, it is plausible that OCD heterogeneity
between Liu et al., 2022 and the present chapter, as well as other methodological differences, could

account for the differences in brain age estimations. The effect sizes observed in Liu et al., 2022
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(d=0.32) were comparable to the present chapter (d=0.20) which suggests that the association

between brain age and OCD in both studies was moderate.

The finding of positive brain-PAD in OCD is consistent with the theme of accentuated brain aging in
anxiety disorders (Han et al., 2021) and other common mental disorders such as MDD (Han et al., 2020;
Luo et al., 2022) and PTSD (Clausen et al., 2022). Notably, the effect sizes observed in brain age
estimates in OCD in the present chapter are comparable to other indicators of biological aging
including TL (Verhoeven et al., 2014; d=0.12), and epigenetic aging (Han et al., 2018; d=0.14) in other
major mental disorders that are frequently comorbid with OCD (such as MDD). There are a multitude
of possible explanations for accentuated brain age in OCD including neuroinflammation, dysregulation
of the HPA-axis (Penninx et al., 2013; Vreeburg et al., 2010), genetic predisposition, and lifestyle factors
(Jansen et al., 2021). However, due to limited data, the present chapter was unable to explore the
association between brain age and these potential variables. Further evidence is required to elucidate
the mechanisms behind accentuated brain aging, as indexed by higher brain-PAD, in OCD, and whether

there is a correlation between brain aging and somatic aging.

Given that studies suggest that the incidence of dementia increases by threefold in clinical anxiety
compared to non-cases (Santabarbara et al.,, 2019), and that brain aging often coincides with
neurodegenerative diseases such as dementia and Alzheimer’s diseases (Cole et al., 2018; Kaufmann
et al., 2019), our findings of accentuated aging in OCD suggest a possible vulnerability to developing
age-related diseases, although further investigation is required to elucidate the underlying

mechanisms in brain aging.
Higher regional brain aging in OCD.

There were no significant differences observed in regional brain-PAD in individuals with OCD compared
to HCs. This finding may point to a more distributed than region-specific pattern of aging across the
brain in OCD. However, considering the high MAEs observed for most of the 7 regional models both in
the OCD group (range; subcortex MAE=9.367, R=0.562, R2=0.316 -cingulate MAE=20.093, R?=0.338,
R2=0.114) and HCs (range; subcortex MAE=7.693, R=0.640, R?=0.41-cingulate MAE=20.184, R=0.297,
R?=0.088).

Subgroup analysis: association of whole and regional brain aging and clinical characteristics.
OCD with and without psychotropic medication use

Individuals with OCD with psychotropic medication use had significantly higher brain-PAD compared
to HCs. However, no differences were observed in individuals with OCD without psychotropic

medication. These findings are consistent with Han et al. (2021) where group differences (anxiety vs
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HCs) were found only after correcting for medication use (d=0.27). In addition, Luo et al. (2022) found
significantly higher (+2.09 years; d=0.13, p<0.05) brain-PAD in medication users compared to
medication-free individuals in MDD (Luo et al., 2022). Notably, Luo et al. (2022) had smaller effect sizes
than Han et al. (2021) (d=0.27) and the present study (d=0.38). Moreover, compared to the strong
effect sizes observed in the main analysis of the present chapter (full sample, n=375; d=0.20), smaller
effect sizes were observed in individuals with OCD with medication use (n=158; d=0.38), which likely
reflect a loss of statistical power due to a decrease in sample size (from n=375 to n=158, respectively).
The differences in the effect sizes between the main analysis and the medication use sensitivity
analysis could also reflect sample heterogeneity, in which clinical characteristics like medication use
may have moderating effects. Indeed, in OCD, medication status is a strong confounder of subcortical
brain volume alterations, with previous large sample multi-site studies finding smaller brain volumes,

particularly in the hippocampi with medication use (Boedhoe et al., 2019; Fouche et al., 2017b).

Ivanov et al. (2022) found a significant chronological age by group by medication association in which
the volume of certain brain regions differed in certain age groups in individuals with OCD with
medication use, compared to individuals with OCD without medication use (lvanov et al., 2022). To
date, there is limited evidence of an association between brain-PAD and psychotropic medication use
in anxiety and related disorders, therefore it remains unclear how brain-PAD responds to
pharmacotherapy. It is possible that individuals with psychographic medication use may be
experiencing more severe forms of OCD (Han et al., 2021; Luo et al., 2022), although we found no
association between brain age and OCD symptom severity scores. We speculate a possible medication-
modulated influence on brain PAD as medication has been shown to influence neuronal plasticity and
neurogenesis (Bernier et al.,, 2002; Fowler et al., 2002; Hamilton et al., 2008). Comprehensive,
randomized controlled studies are required to investigate the potential impact of medication status on

brain-PAD in individuals diagnosed with OCD.
OCD with and without comorbidity (MDD and anxiety disorder)

Individuals with OCD with comorbid MDD had significantly higher whole brain-PAD, compared to HCs.
Compared to the main analysis (n=375), the sample size in the subgroup analysis for individuals with
OCD with comorbid MDD was considerably smaller (n=93). However, the brain-PADs and effect sizes
in this subgroup (+2.64 years, d=0.336, prpr=0.004) were substantially higher than what was observed
in the main analysis (+1.6 years, d=1.56, prpr=0.006). These findings suggest that the accentuated brain
aging observed in individuals with OCD was enhanced in individuals with OCD with comorbid MDD. In
other words, the presence of MDD comorbid resulted in more pronounced brain aging in individuals

with OCD. In MDD literature, the association between brain-PAD and MDD diagnosis yields mixed
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findings; while there is more evidence for an association (Koutsouleris et al., 2014), some studies do

not find an association (Besteher et al., 2019; Kuo et al., 2020).

The finding that whole brain-PAD was higher in individuals with OCD with comorbid MDD (+2.64 years,
d=0.336, prpr=0.004) than individuals without comorbid MDD PAD (+1.27 years, d=0.17, pepr=0.031)
suggests that MDD comorbidity may have an impact on brain aging in OCD. Han et al. (2021) found
that MDD comorbidity in participants diagnosed with anxiety disorders (n=91) was associated with
higher brain-PAD, although this association fell just short of statistical significance (+2.23 years, d=0.21,

pror=0.08) and occurred only after correcting for medication use (Han et al., 2021).

In the present chapter, individuals with OCD without comorbid anxiety disorder (n=351) had
significantly higher whole brain-PAD (+1.60 years, d=0.20, prpr=0.006) compared to HCs (n=335). In
individuals with OCD who were free of comorbidity and medication-naive, Liu et al. (2022) found
significantly higher brain-PAD in individuals compared to HCs. There is very little evidence of how the
presence or absence of comorbidity influences brain aging, however, it seems reasonable to expect
that psychiatric comorbidity would increase brain-PAD by some additional years (Sone et al., 2019),
given the potential cumulative effect of overlap in the pathogenesis of different psychiatric disorders
(McTeague et al., 2017). However, further evidence is required to determine the influence of comorbid

anxiety disorders on brain age.
OCD symptom severity

There was no association between whole or regional brain-PAD and OCD symptom severity (Y-BOCS)
(n=84) which is consistent with Liu et al. (2022) who found no significant association between brain-
PAD and symptom severity scores in medication-naive individuals with OCD (n=90). In a meta-analysis
of brain aging in psychiatric disorders, Blake et al. (2023) found that higher brain-PAD was associated
with greater symptom severity scores, but this was more pronounced in psychotic disorders (Blake et
al., 2023). Furthermore, Han et al. (2021) found an association between higher brain-PAD and anxiety
symptom severity, however, the inclusion of multiple anxiety disorders in their sample means that
their findings are not disorder-specific (Han et al., 2021). When considering OCD symptom severity
across brain features, Fouche et al. (2022) found no association between shape, thickness, or surface
area in subcortical regions and OCD symptom severity (Fouche et al., 2022) which is consistent with
other reports in regional brain volumes in OCD (De Wit et al., 2014). lvanov et al. (2022) found that
certain brain volumes increased or decreased with OCD severity depending on chronological age and
medication status (lvanov et al., 2022). Taken together, these findings highlight that the association

between OCD symptom severity and brain neuroanatomy is complex (Han et al., 2023).
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Partial correlation analysis

A partial correlation analysis was performed to investigate the association between hippocampal and
amygdala subfield volumes and whole brain-PAD within the groups (OCD and HCs). The analysis
revealed unique associations between the lateral nucleus (r=-0.18), CAT (r=-0.13), hippocampal fimbria
(r=0.17), and fissure (r=0.17) and brain-PAD in the OCD group. No significant association was found in

the HCs group.

The findings for the amygdala subfields were consistent with the evidence of age-related effects on
the BLA amygdala including the lateral, basal, and accessory basal subfields showing a significant
nonlinear negative association with age (Aghamohammadi-Sereshki et al., 2019). Additionally, age-
related effects have been reported for specific amygdala subfield volumes with the strongest effects
observed for subfields belonging to the SFA (CAT, anterior amygdaloid area, and the cortical nucleus of
the amygdala (Schmitz-Koep et al., 2021)) (Kurth et al., 2019). Kurth et al. (2019) speculated that since
the SFA functions in olfactory processing (Bzdok et al., 2013), which is shown to decline with age
(Attems & Jellinger, 2015; Doty & Kamath, 2014) and since the amygdala is shown to be less responsive
to olfactory stimuli in older individuals compared to younger individuals (Cerf-ducastel & Murphy,
2003; Rolls et al., 2015), there may be an interplay between amygdala subfields, olfactory processing
and age (Kurth et al., 2019).

The hippocampal fimbria and fissure were the only hippocampal subfields found to be associated with
brain-PADs. There is some evidence of a non-linear association between hippocampal subfield volumes
and aging, although findings in the individual subfields are inconsistent (Malykhin et al., 2017; Zheng
etal., 2018). There is very little evidence of aging of the hippocampal fissure and fimbria. Anatomically,
the hippocampal fissure is derived from the telencephalic indentation on the external surface between
the primordial DG and the CA, which deepened as the DG developed its granular layer (Humphrey,
1967; Zhang et al., 2014). However, it is not the only fissure that is associated with the hippocampus
(Dekeyzer et al., 2017; Duvernoy, 2013). A study of the peri-hippocampal fissure in healthy individuals
(n=130) and individuals with Alzheimer’s disease (n=27) aged between 20 years and 90 years old found
that the collective hippocampal fissures (hippocampal fissure, choroidal fissure, transverse fissure of
Bichat) were strongly positively correlated with chronological age in healthy and Alzheimer’s disease
group (with a steep rise after the age of 55 years, in healthy individuals) (Li et al., 2006). Interestingly,
a large volume of the hippocampal fissure is suggested to be an indicator of hippocampal volume
atrophy in the rat brain (Li et al., 2018) and a shared feature between OCD and bipolar disorder in a

transdiagnostic study of hippocampal subfield volumes in psychiatric disorders (Jiang et al., 2022).
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However, given the poor test-retest reliability of the hippocampal fissure segmentation (Sdmann et al.,

2022), our results should be interpreted with caution (Brown et al., 2020; Quattrini et al., 2020).

Overall, the findings in the present chapter imply that greater relative brain aging, as indexed by brain-
PAD, may be more strongly predictive of hippocampal and amygdala subfield volumes in individuals
with OCD than those without the disorder (HCs). However, further analysis is required to determine 1)
whether these associations are unique to OCD, compared to other anxiety and related disorders (i.e.,
are these significant associations suggestive of unique subfield-specific aging indicators in OCD), 2)
determine the extent to which clinical characteristics such as symptom severity and comorbid
psychopathology moderate the magnitude of the observed associations between brain-PAD and
subfield volumes, and 3) is the association between subfield volume and brain-PAD associated with

cognitive decline.
5.5. Limitations

One notable strength of the present chapter is the use of a large multisite sample (OCD: n=375; HC:
n=335) which allowed for subgroup analyses to investigate the association between brain-PAD and
clinical characteristics. While we found an association between brain-PAD and individuals with OCD
with medication use, there were insufficient data available as part of this secondary data analysis
(original data De Wit et al., 2014), to further investigate this association as a function of different types
of medication (lvanov et al., 2022). Additionally, due to missing Y-BOCS data from certain research sites
utilized in the present chapter, there was insufficient data to further explore the association between
brain-PAD and symptom dimension. Future analysis using larger samples are required to assess
whether OCD symptom severity is associated with brain-PAD, and ideally stratifying participants by
medication status and symptom dimension. While the brain age model used in this study was trained
on a large independent sample (n=35474) using a variety of brain features (thickness, volume surface
area) (Kaufmann et al., 2019), a noteworthy limitation was the high MAE (reflecting the performance
of the prediction model) observed for the brain age estimates for the diagnosis and HCs group, which
are larger than those observed in many other brain age studies (Clausen et al., 2021; Han et al., 2021;
Liu et al., 2022). Large MAEs suggest that the brain age model was a poor fit for the data used in the
present chapter. However, studies suggest that models with tighter fits (MAE=3 years) tend to prioritize
age-related characteristics minimizing disease-related characteristics, whilst less restrictive/looser fits
(MAE=7 years) may overlook subtle disease patterns (Bashyam et al., 2020). By including regional
brain-PAD, the goal was to enhance the ability to detect subtle region-specific differences that may be

specific to OCD, given that the aging process is not spatially nor temporally heterogeneous in the brain
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(Dinsdale et al., 2021). Nevertheless, the relatively large MAEs for the regional models presented in

this study indicate that findings for the regional models should be interpreted cautiously.
5.6. Conclusion

The findings in the present chapter provide evidence of accentuated brain aging in a large sample of
individuals with OCD (n=375), compared to HCs (n=335). There was no evidence of regional brain aging
in the main analysis in individuals with OCD and HCs. While this might suggest a more distributed than
region-specific pattern of aging across the brain in OCD, the MAEs for the regional models were high
and thus future evidence using more sensitive regional brain age models is required to replicate these
findings. The present chapter also found a greater brain-PAD in OCD dependent on clinical

characteristics such as psychiatric comorbidity and medication use.
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5.7. Tables and figures

Table 5.1a: Correlation matrix for HC regional brain-PAD estimates, after regressing out site and chronological age

Cingulate | Frontal Insula Occipital Parietal Subcortex | Temporal
Cingulate |1 0.454 0.414 0.282 0.379 0.045 0.244
Frontal 0.454 1 0.483 0.256 0.471 0.043 0.38
Insula 0.414 0.483 1 0.253 0.384 0.086 0.33
Occipital | 0.282 0.256 0.253 1 0.304 0.155 0.364
Parietal 0.379 0.471 0.384 0.304 1 0.16 0.42
Sub- 0.045 0.043 0.086 0.155 0.16 1 0.187
cortical
Temporal | 0.244 0.38 0.33 0.364 0.42 0.187 1

183



Table 5.1b: Model fit (MAE, R, R?) for whole and regional brain age model in individuals with OCD (n=376) and HCs (n=335)

0CD (n=376) HCs (n=335)
MAE R R? MAE R R2
Whole brain age 10.0816 0.6457 0.4169 8.3787 0.7132 0.5087
Cingulate 20.093 0.338 0.114 20.184 0.297 0.088
Insula 17.173 0.288 0.083 17.245 0.334 0.112
Temporal 15.629 0.340 0.116 16.688 0.316 0.100
Subcortex 9.367 0.562 0.316 7.693 0.640 0.410
Occipital 14.216 0.276 0.076 14.923 0.302 0.091
Frontal 12.657 0.576 0.332 11.149 0.645 0.416
Parietal 14.927 0.474 0.225 14.919 0.464 0.215
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Table 5.2: Demographic and clinical characteristics of individuals with OCD (n=346) and HCs (n=335)

OCD (n=376) HCs (n=335) Statistical analysis
Characteristics mean SD mean SD t [¢]
Age (years) 32.02 9.41 30.28 9.31 -2.47 0.001
Education level (years) 13.72 2.83 14.56 3.40 3.51 <0.001
Y-BOCS score mean?® 24.94 6.19 -- -- -- --
Age of onset® 20.36 8.85 -- -- -- --
Euler -238.03 117.24 -223.57 118.35 1.63 0.10
N % N %

Female 195 52.0 179 52.9 X2=1.2 0.27
Medication use at time of scan 158 42.6 - - - -

2 Measured by the Yale-Brown Obsessive Compulsive Scale (YBOCS) total score. PAs measured by the Y-BOCS symptom checklist.
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Figure 5.1: violin plot showing whole and regional brain-PADs in OCD (n=376) with (n=158) and without (n=218) psychotropic medication use (n=335),
compared to HCs (n=335).
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Table 5.3a: Partial correlation between hippocampal and amygdala subfield volumes and brain-PADs in individuals with OCD (n=376)

OCD group partial correlation R P value P value corrected (pror) Statistics
Amygdala subfields

Lateral -0.182 0.001 0.009* -3.482
Basal 0.087 0.099 0.188 1.652
Accessory Basal -0.132 0.012 0.052 -2.515
AAA -0.058 0.276 0.315 -1.090
Central 0.093 0.081 0.170 1.750
Medial -0.054 0.306 0.321 -1.026
Cortical 0.109 0.040 0.130 2.058
CAT -0.138 0.009 0.048* -2.620
Paralaminar 0.074 0.164 0.230 1.393
Hippocampal subfields

Parasubiculum -0.028 0.598 0.598 -0.527
Presubiculum -0.095 0.073 0.170 -1.797
Subiculum 0.095 0.075 0.170 1.788
CA1 0.057 0.285 0.315 1.070
CA3 0.107 0.043 0.130 2.029
CA4 -0.064 0.228 0.299 -1.208
DG 0.079 0.138 0.223 1.486
ML -0.074 0.162 0.230 -1.403
HATA -0.062 0.242 0.299 -1.173
Fimbria 0.175 0.001 0.009* 3.340
Hippocampal fissure 0.171 0.001 0.009* 3.260
Hippocampal tail -0.085 0.108 0.188 -1.613
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Table 5.3b: Partial correlation between hippocampal and amygdala subfield volumes and brain-PADs in HCs (n=335)

HCs group partial correlation. R P value P value corrected (pror) Statistics
Amygdala subfields

Lateral -0.040 0.482 0.482 0.482
Basal -0.017 0.763 0.763 0.763
Accessory Basal -0.108 0.055 0.055 0.055
AAA -0.020 0.718 0.718 0.718
Central 0.122 0.030 0.030 0.030
Medial -0.083 0.141 0.141 0.141
Cortical 0.079 0.163 0.163 0.163
CAT 0.037 0.514 0.514 0.514
Paralaminar 0.114 0.044 0.230 2.025
Hippocampal subfields

Parasubiculum -0.090 0.111 0.311 -1.600
Presubiculum 0.038 0.498 0.674 0.678
Subiculum 0.042 0.454 0.674 0.750
CA1 0.013 0.821 0.862 0.227
CA3 0.048 0.398 0.674 0.847
CA4 0.005 0.926 0.926 0.093
DG 0.031 0.578 0.714 0.557
ML -0.084 0.139 0.311 -1.484
HATA -0.122 0.031 0.230 -2.166
Fimbria 0.116 0.040 0.230 2.058
Hippocampal fissure 0.090 0.110 0.311 1.601
Hippocampal tail 0.079 0.162 0.311 1.403
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CHAPTER 6: Investigation of whole and regional brain aging in social

anxiety disorder, and its association with clinical characteristics

In chapter 4, | investigated hippocampal and amygdala subfield volumes in SAD and their association
with chronological aging. While SAD was associated with volumetric differences in both the
hippocampus and amygdala, chronological age did not moderate the relationship between SAD and
subfield volumes (as discussed in the postscript of chapter 4). In chapter 5, | investigated brain aging
in OCD and found significantly higher brain-PADs in individuals with OCD compared to HCs. This finding
is consistent with the literature on brain aging in OCD (Liu et al., 2022), and suggests that individuals
with anxiety and related disorders may be vulnerable to accentuated aging. In the present chapter 6,
| expand on chapters 4 and 5 by investigating whole and regional brain age differences in individuals
with SAD compared to HCs. Using the same methods as in chapter 5, | use a previously trained MLA to
investigate brain age differences in individuals with SAD compared to HCs. | also conducted a partial
correlation analysis to investigate whether hippocampal and amygdala subfield volumes are correlated
to brain-PADs within the groups (SAD and HCs). While there is evidence to support biological aging in
SAD as indexed by shorter TL (Hoen et al., 2013; Malouff & Schutte, 2017), an association between
brain aging and anxiety disorders (SAD combined with other disorders) has only been found when
controlling for antidepressant, suggesting that brain-PAD differences may be modulated by clinical
characteristics (Han et al., 2021). Similar to chapters 3-5, chapter 6 also includes a subgroup analysis
to assess the influence of clinical characteristics such as psychiatric comorbidity and medication status

on brain-PADs. In chapter 6, it is anticipated that there will be greater brain aging in SAD.
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6.1. Introduction

SAD is a debilitating anxiety disorder characterized by heightened and persistent fear of social settings,
or performance activities, whereby one may have to interact with unfamiliar people and possibly be
subjected to scrutiny or evaluation by others. Typically, individuals with SAD experience fear of
embarrassing themselves, resulting in negative judgment by others, which may lead to the avoidance
of social settings (APA, 2013). Studies suggest that individuals with anxiety disorders have significantly
higher risk of natural and unnatural causes of death compared to the general population (Meier et al.,
2016), and higher risk of cardiovascular mortality (Emdin et al., 2016). While it is speculated that the
increased risk of mortality and age-related diseases observed in anxiety disorders is in part due to
accentuated biological aging, the mechanisms underlying these processes are still unclear (Danese &
McEwen, 2012; Han et al., 2019; Johnson, 2006; Lépez-Otin et al., 2013; McEwen, 2000; Wolkowitz et
al., 2010).

Findings in neuroimaging have demonstrated that in anxiety disorders, chronological age is associated
with smaller hippocampal volumes and white matter in the anterior cingulate cortex (Hilbert et al.,
2014), and smaller gray matter in the amygdala and the hippocampus (Pannekoek et al., 2013). Wang
et al. (2018) found that in SAD, increasing chronological age was associated with larger gray matter
volumes in the dorsolateral prefrontal cortex, angular gyrus, putamen, and occipital and medial gyrus
(Wang et al., 2018). However, this association was more apparent in younger individuals and not in
adults with SAD (older than 18 years), which may be more suggestive of neurodevelopment processes

than the detrimental effects of aging (Wang et al., 2018).

Machine learning has allowed for the prediction of brain aging using a rich set of brain features derived
from neuroimaging data (Cole & Franke, 2017). Briefly, brain age predictions are made using MLA (e.g.,
gaussian process regression, relevance vector regression, support vector regression) trained to identify
patterns and correlations between brain features and chronological age (Baecker et al., 2021; Cole et
al., 2019; Franke & Gaser, 2019; Zou et al., 2019). Using various computational models, studies have
indicated that psychiatric disorders are associated with accentuated brain aging, although this has

been dependent on clinical characteristics (Clausen et al., 2021; Han et al., 2021).

In a comprehensive study, Kaufmann et al., 2019, found distinct regional patterns of brain aging in
individuals compared to HCs. Specifically, in schizophrenia, the strongest effect of brain-PAD was
observed in the frontal lobe (d=0.71), while MDD was associated with brain-PAD in the temporal lobe
(d=0.26) (Kaufmann et al., 2019). These findings were amongst the first reports of disorder-dependent
regional specificity in brain aging. To date, regional patterns of brain aging have been reported in only

one study that included a group of psychiatric disorders including specific phobia (n=70, mean
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age=12.57 years), social phobia (n=77, mean age=14.05 years), PTSD (n=44, mean age=15.16 years),
depression (n=70, mean age=16 years) (Niu et al., 2022). The study found smaller brain age in specific
and social phobia in the gray matter volume of subcortical regions (model fit statistics; R?=0.798 for
males and R2=0.59 for females). However, because this study was performed in adolescents, who may
still be undergoing neurodevelopmental changes (Cole & Franke, 2017; Gogtay et al., 2004; Niu et al.,
2022), the findings are difficult to extrapolate to adult SAD.

Given that little is known about brain aging in adult SAD, the objective of this chapter is to 1) examine
the relationship between whole and regional brain-PADs in adult individuals with SAD (aged between
18 years and 68 years old), and 2) correlate whole brain-PAD to hippocampal and amygdala subfield
volumes in SAD. A pre-trained 5-fold cross-validated brain-age prediction model is used to estimate
whole and regional brain age in a large sample of 107 individuals with SAD and 137 HCs. Brain-PAD is
calculated for each individual by subtracting chronological age from the predicted brain age. In line
with the evidence of the influence of clinical characteristics on subcortical volumes in SAD
(Groenewold et al., 2023), subgroup analyses will be performed where the sample is restricted to
individuals with SAD without lifetime 1) comorbid anxiety disorder, 2) comorbid MDD, and 3)
psychotropic medication use. In a separate analysis, the association between whole-and-regional
brain-PADs with SAD symptom severity is tested. Lastly, a partial correlation analysis is conducted to

examine the association between subfield volumes and the predicted whole brain age within SAD.
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6.2. Methods

Participant selection

Structural T1-weighted 3T MRI scans and sociodemographic data were obtained from a previously
published meta-analysis, which was part of EUSARNAD. The sample composition has been published
in detail elsewhere (Bas-Hoogendam et al., 2017). Briefly, participants were recruited through clinical
and public notices. Participant evaluation was conducted using a structured clinical interview (SCID)
(First et al., 1997), mini-international neuropsychiatric interview (MINI) (Lecrubier et al., 1997), or
composite international diagnostic interview (CIDI) (Robins et al.,1988). The requirement for the
patient group was a primary diagnosis of SAD; psychiatric comorbidity was allowed if it was secondary
to SAD. HCs were required not to have any psychiatric diagnosis. Participants were excluded from the
study if they were younger than 18 and older than 65 years of age, and if they had general MRI
contraindications (for example, claustrophobia or pregnancy). Clinical information on comorbidity,
medication status, age of onset, and SAD symptom severity (as measured by the LSAS) (Mennin et al.,
2002) was collected. All of the research sites obtained ethical approval from local ethical review boards

and written informed consent was obtained from each participant.
Freesurfer segmentation, quality control, and brain age estimation

The methods employed in the present chapter were identical to those used in chapter 5 (Brain Aging

in OCD). Briefly, FreeSurfer 5.3 (http://surfer.nmr.mgh.harvard.edu/) was used to process the T1-

weighted structural MRI data (Fischl et al., 2002). Visual inspection was performed by using an
adaptation of the ENIGMA Consortium Quality Control protocol for subcortical and hippocampal

subfields (https://enigma.ini.usc.edu/protocols/imaging-protocols/). In addition, participants were

excluded if their Euler number was within 3 standard deviations from the global mean, as calculated
for each site (Ipser et al., 2022). For the brain age estimation, model construction and validation have
been described in detail by Kaufman et al., 2019. Briefly, the model was built using the eXtreme
Gradient Boosting (xgboost) package in R (Chen & He, 2014). For the present study, shell scripts to
extract relevant brain features, as well as the R script to estimate brain age using the pre-trained model
were provided by Dr. Kaufmann (Kaufmann et al., 2019). These scripts were applied to Freesurfer 5.3

segmented T1 weighted MRI scans consisting of 107 individuals with SAD, and 137 HCs.
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Statistical analysis: linear mixed effects model
Covariates

Brain-PAD (predicted brain age - chronological age) was calculated for each participant using the
Kaufmann brain age model (Kaufmann et al., 2019). This was used as the primary outcome variable in
the statistical analysis. The covariates of interest were age and age squared (which were both centered
to facilitate interpretation of the results), sex, scanner site (to control for scanner differences across
sites), and Euler number. The inclusion of chronological age as a covariate in our analysis was also to

reduce ‘regression dilution’, as described in chapter 5.
Linear mixed-effects models

All statistical analyses were conducted in R (version 4.2.1; freely available at https://www.r-
project.org/). T-tests were conducted to assess between group (SAD n=107; HC n=137) differences in
age, sex, education, and Euler number. To assess model fit (performance of the prediction model),
Pearson’s correlation coefficient (R) and the proportion of the variance explained by the model (R?)
were calculated between the predicted brain age estimate and chronological age in the SAD group and
HCs. Additionally, the MAE for brain-PAD was calculated for both groups. To examine the main effect
of SAD diagnosis, the R package Ime4 was used to perform the analysis which used mixed-effects
(Cohens d) effect sizes, as calculated using the t values from linear mixed-effects models (Nakagawa &
Cuthill, 2007). A linear mixed effects model that included a random intercept for the scan site was used
to analyze group differences in brain-PADs between individuals with SAD and HCs (main analysis: SAD

n=107; HC n=137).

Separate subgroup analyses were performed for individuals with SAD without lifetime 1) comorbid
anxiety disorder (SAD n=86), 2) comorbid MDD (SAD n=83), and 3) psychotropic medication use (SAD
n=89) versus HC (n=137). Due to small sample sizes, we were unable to analyze brain-PAD in individuals
with SAD with 1) comorbid anxiety disorder (SAD n=21), 2) comorbid MDD (SAD n=24), and 3)
psychotropic medication use (SAD n=19). Within-group analysis (SAD n=84) was performed to assess
the association between brain-PAD and SAD symptom severity (measured using the LSAS). Separate
LME models that included diagnosis-by-age interaction terms were conducted. Partial correlation
coefficients were computed to assess the association between whole brain-PAD and hippocampal and
amygdala subfield volumes, using the ppcor R library. All analyses were corrected for multiple
comparisons using the Benjamini-Hochberg false discovery rate (FDR) and the p-value was considered

statistically significant at pFDR <0.05.
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6.3. Results

Model fit (performance of the prediction model) is shown in Table 6.1b. There was a moderate positive
correlation (R=0.76) between brain age and chronological age in the SAD group, suggesting that the
predicted brain age increased with chronological age. In this group, more than half (58.39%) of the
variability in the predicted brain age could be explained by the chronological age. The MAE in the SAD
group was relatively high, at 7.04 years. In the HCs group, there was also a moderate positive
correlation (R=0.79) suggesting that the predicted brain age increased with chronological age, with a
degree of variability (R?=0.6293; 62.93% of the variability in the predicted brain age can be explained
by the chronological age) and MAE of 5.85 years. The mean brain-PAD of 2.056 years in the HC group
was significantly larger than zero (t = 3.146, p = 0.002), suggesting that the model fit to these data is
sub-optimal. No association was observed between chronological age and brain-PAD in the controls (R
=-0.074, p = 0.390), with a significant negative association observed in the SAD group (R =-0.282, p =
0.003) (Table 6.1a). Concerning regional MAEs (Table 6.1b). Briefly, the model fit between the brain
age and chronological estimates was particularly poor for the cingulate and insula, in both the SAD
(MAE=14.302, R=0.502, R?=0.252; MAE=13.071, R=0.415, R?=0.172, respectively) and HCs group
(MAE=13.122, R=0.642, R?=0.412; MAE=11.126, R=0.634, R2 = 0.402, respectively). Of note, model fit
was particularly poor in the occipital and parietal models in the SAD group (MAE=14.852, R=0.187,
R2=0.035; MAE=13.927, R=0.504, R2=0.254).

Sample characteristics

In the full sample (SAD: n=107; HC: n=137), there was no significant difference in the mean years of
education (SAD: 14.65 years; HC: 15.07 years; t=0.85, p-value=0.4), age (SAD: 32.21 years; HC: 34.75
years; t=1.88, p-value=0.06), and sex (SAD: 61% female; HC: 56%; X2=0.34, p-value=0.56) between
individuals with SAD and HCs (see Table 6.2).

Main analysis: whole and regional brain age analysis

Individuals with SAD (n=107) had significantly higher whole brain-PAD (+2.5 years, d=0.33, prpr=0.010)
compared to HCs (n=137), after adjusting for sex, age, age squared, site, and Euler number (Figure 6.1).
Additionally, regional brain-PAD was significantly higher in the temporal (+3.80 years, d=0.37,
pror=0.008,), parietal (+3.57 years, d=0.38, pror=0.008), occipital (+3.26 years, d = 0.33, prpr=0.010),
and frontal regions (+2.97 years, d=0.33, prpr=0.010,), in individuals with SAD compared to HCs. No

group differences were observed for the insula or the subcortex.
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Subgroup analysis: association between whole and regional brain age and clinical characteristics
SAD without a comorbid anxiety disorder

Individuals with SAD without comorbid anxiety (n=86) had significantly higher whole brain-PAD (+2.39
years, d=0.31, prpr=0.024) compared to HCs (n=137). Additionally, regional brain-PAD was significantly
higher in the parietal (+3.84 years, d=0.39, prpr=0.012) followed by the temporal (+3.55 years, d=0.35,
pror=0.015), the cingulate (+3.38 years, d=0.30, prpr=0.015), the occipital cortex (+2.94 years, d=0.29,
pror=0.040), and the frontal cortex (+2.54 years, d=0.27, prpr=0.049) in individuals with SAD compared

to HCs. No group differences were observed for the insula or the subcortex.
SAD without comorbid MDD

Individuals with SAD without comorbid MDD (n=83) had significantly higher whole brain-PAD (+2.34
years, d=0.30, prpr=0.031) compared to HCS (n=137). Regional brain-PAD was significantly higher in
the temporal (+3.75 years, d=0.35, ppr=0.022), followed by the parietal (+3.12 years, d=0.32,
pror=0.031), and the cingulate regions (+3.50 years, d=0.30, prpr=0.022) in individuals with SAD

compared to HCs. No group differences were observed for the insula or the subcortex.
SAD without psychotropic medication use

Individuals with SAD without psychotropic medication use (n=89) had significantly higher whole brain-
PAD (+3.15 years, d=0.41, pror =0.003) compared to HCs (n=137). Additionally, regional brain-PAD was
significantly higher in the temporal (+4.70 years, d=0.45, prpr=0.004), parietal (+3.88 years, d=0.40,
pror=0.005), followed by the frontal (+3.80 years, d=0.38, prpr =0.009), occipital (+3.40 years, d=0.33,
pror =0.013), and cingulate regions (+3.39 years, d=0.30, peor =0.009) in individuals with SAD compared

to HCs. No group differences were observed for the insula or the subcortex.
SAD symptom severity

There was no association between SAD symptom severity (assessed using LSAS, n=84) with whole

brain-PAD in individuals with SAD (rME=0.198, p=0.056).
Interactions

There was no evidence of a group difference in the progression of whole brain-PAD as a function of
age (t=-1.555, p=0.1212) nor sex (t=-0.059, p=0.953) between individuals with SAD (n=107) and HCs
(n=137).

Partial correlation analysis
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Partial correlation analysis was used to investigate unique associations between hippocampal and
amygdala subfield volumes and whole brain-PADs. Unadjusted associations were observed in the SAD
group for the lateral nucleus (r=-0.277, p=0.010), and the CA3 (r=0.269, p=0.012), and for the control
group in the corticoamygdaloid transition area (r=-0.229, p=0.013) and the CA3 (r=0.228, p=0.014) and
whole brain-PAD. However, these associations were not significant after correction for multiple

comparisons using Benjamini Hochberg FDR (Table 6.3 a-b).

6.4. Discussion

The findings revealed higher whole and regional brain PAD in the SAD than the HC group, as expected.
A similar pattern of findings was observed in individuals with SAD without comorbid anxiety disorder,
as well as individuals not on medication. In contrast, individuals with SAD without MDD had higher
regional but not whole brain-PAD compared to HCs. No association was found between brain-PAD and

SAD symptom severity.
Main findings
Higher brain aging in SAD

The main findings presented in this chapter are consistent with recent reports of significantly higher
brain-PADs in individuals with anxiety disorders compared to HCs. Han et al., 2021 found that anxiety
disorders (n=67) were associated with significantly higher brain-PAD (+2.9 years), compared to HC,
only after controlling for antidepressant use. In another study, Clausen et al. (2021) found an
association between brain-PAD and PTSD compared (n=884) to HCs, however the effect of PTSD
diagnosis was dependent on sex and age; higher in younger individuals with PTSD than in older
individuals with PTSD, compared to HCs of all ages. Of note, both Han, et al. (2021) and Clausen et al.
(2021) had similar MAE and R in the patient’s groups (R=0.72, MAE=6.73; R=0.72, MAE =5.68,
respectively) to those observed in the present chapter (R=0.76; MAE=7.04) suggesting that brain age
prediction models used in Han, et al. (2021) and Clausen et al. (2021) (photon-ai; ridge regression
model and brainageR; gaussian process regression model, respectively) and the present chapter
(xgboost) display similar predictive model fit to the respective data. The effect sizes observed in Han
et al., 2021 (d=0.27) are comparable to those observed in the present chapter (d=0.33) suggesting a

similar degree of association between whole brain-PAD and disorder between the two findings.

While speculative, there are some possible explanations for the accentuated brain aging observed in
individuals with SAD in the present chapter. One possible explanation is neuroinflammation, which
may be underlined by continuous antigenic load and stress (Finlay et al., 2022; McEwen, 2008). As

SAD is often characterized by persistent and excessive fear or anxiety in social situations (APA, 2013),
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it is possible that chronic stress may lead to dysregulation of the HPA-axis and the release of cortisol.
Elevated levels of salivary cortisol have been documented in SAD (Ahs et al., 2006), but plasma levels
have been found to be lower in individuals with SAD suggesting a hypo-responsiveness of the HPA-axis
(Petrowski et al., 2021). Lower plasma cortisol levels have also been negatively correlated with
inhibitory serotonergic receptor (5-HT1a) binding in the hippocampus and amygdala, which may lead
to the decreased release of GABA in the limbic areas and therefore increase anxiety and stress
(Lanzenberger et al., 2010). Of note, findings on cortisol stress response after exposure to social
challenges in SAD have been mixed (Petrowski et al., 2021), as is the literature on proinflammatory
cytokines in SAD (Caldiroli et al., 2023). These inconsistent findings may be due to methodological
differences across the studies and the non-standardization of stressors used to assess cortisol stress

reactivity.

In terms of the immune system, some studies suggest that the immune-kynurenine pathway is
dysregulated in SAD suggesting immunosuppression, however, these findings have not yet been
replicated or correlated with alterations in brain structures involved in the neurobiological model of
SAD (Butler et al., 2022). In the context of brain aging in anxiety disorders, Han et al. (2021) did not
find a correlation between biological stress variables (i.e., inflammatory markers and HPA-axis) and
brain-PAD in individuals with anxiety disorders compared to HCs. There are likely a myriad of other
biological mechanisms and confounders that are associated with brain aging in anxiety and related
disorders. The underlying mechanism may involve genetic factors, lifestyle factors, and medication use,

all of which warrant further investigation.
Higher regional brain aging in SAD.

Individuals with SAD had significantly higher regional brain-PAD in the parietal (d=0.38), temporal
(d=0.37), occipital (d=0.33), and frontal regions (d=0.33). The effect sizes observed in the present
chapter are comparable to those observed in Kaufmann et al. (2019) specifically for the temporal lobe
in MDD (d=0.26), though higher effect sizes in the frontal lobe are observed in schizophrenia (d=0.71).
However, the findings in the present chapter should be interpreted with caution as it is challenging to
achieve accurate brain age predictions for small regions with a relatively small number of features.
Moreover, the model fits were particularly high for the significant regions in individuals with SAD in
main analysis and subgroup analysis SAD group; main analysis results: parietal (MAE=13.927, R=0.504,
R2=0.254), temporal (MAE=11.153, R=0.503, R?=0.253), occipital (MAE=14.852, R=0.187, R?=0.035),
and the frontal regions (MAE=9.788, R=0.687, R2=0.472)(see table x). The high MAEs for the regional
models suggest that the regional brain age model was a poor fit for the data used in the present

chapter.
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Subgroup analysis: association of whole and regional brain-PAD and clinical characteristics
SAD without a comorbid anxiety disorder

Individuals with SAD without comorbid anxiety disorder had significantly higher whole brain-PAD
compared to HCs. The whole brain-PAD for individuals with SAD without comorbid anxiety disorder
(+2.39 years, d=0.31, prpr=0.024) remained significant and comparable, in terms of the predicted
difference and effect size, to the main analysis (+2.5 years, d=0.33, prpr=0.010), despite the smaller
sample size (n=86). Significantly higher brain-PAD in the absence of comorbid anxiety disorder suggests
that brain aging may not be driven by psychiatric comorbidity. However, it would be expected that
psychiatric comorbidity would increase the predicted brain age due to shared neurobiological
pathways among comorbid disorders (Koyuncu et al.,, 2019). Indeed, it is shown that psychiatric
comorbidity enhances the chronicity of symptoms in SAD (Lydiard, 2001). However, given that the
association between brain-PAD and comorbidity in individuals with anxiety disorders (+2.23 years,
d=0.21, pror=0.08) has been shown to be marginally significant (Han et al., 2021), and the fact that the
present chapter was unable to model brain age in the individuals with SAD with comorbid anxiety
disorder due to small sample sizes (n=21), the relationship between whole brain-PAD and comorbid

anxiety disorder in SAD remains unclear.
SAD without comorbid MDD

Similar to our findings in individuals with SAD without comorbid anxiety disorder, individuals with SAD
without comorbid MDD, had significantly higher whole brain-PAD compared to HCs. The brain-PADs
and effect sizes in individuals with SAD without comorbid MDD were comparable to the main analysis
(+2.34 years, d=0.30, per=0.031; +2.5 years, d=0.33, prpr=0.010 respectively), suggesting that
accentuated brain aging remained even after excluding MDD comorbidity. In MDD, findings on brain
aging are mixed as both accentuated brain aging (Koutsouleris et al., 2014), and null findings have been
reported (Besteher et al., 2019; Kuo et al., 2020). While it would be expected that comorbidity with
MDD would increase brain aging in SAD due to cumulative stress responses, studies find that MDD
comorbidity modulates stress reactivity by decreasing the cortisol responses found in SAD (Yoon &
Joormann, 2012). This is speculated to be because depression is associated with reduced overall
emotional reactivity, including blunted physiological responding (Bylsma et al., 2008), whilst anxiety is
associated with increased emotional reactivity (Lang & McTeague, 2010). However, due to small
sample sizes (n=24), the present chapter was unable to investigate brain age in individuals with SAD
with comorbid MDD. Further analysis in large-scale studies rich with clinical characteristics are
required to elucidate the relationship between brain age and MDD (stratified by medication status,

i.e., individuals with MDD with and without medication use).
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SAD psychotropic without medication use

Individuals with SAD without psychotropic medication use had significantly higher whole brain-PAD
compared to HCs. Compared to the main analysis (n=107), the subgroup analysis had less sample size
(n=89), however, the brain-PADs and effect size in the subgroup analysis was slightly higher (+3.15
years, d=0.41, pepr=0.003) than the main analysis (+2.5 years, d=0.33, prpr=0.010). These findings
suggest that while we observed an association between accentuated brain aging in individuals with
SAD compared to HCs, this effect is slightly more pronounced (with a high level of statistical
significance; prpr=0.003) in individuals with SAD without psychotropic medication use. Additionally,
the effect size in this subgroup increased (d=0.41) suggesting a stronger association between brain-
PAD and individuals with SAD without psychotropic medication use than in the main analysis. While
our findings seem contrary to studies that show an association between anxiety disorders and brain-
PAD (only significant when controlling for antidepressants) (Han et al., 2021), and significantly higher
in antidepressant users compared to medication-free individuals with MDD (Luo et al., 2022), the
present chapter did not have enough sample to investigate brain-PAD in individuals with SAD with
psychotropic medication (n=19). We speculate that individuals with SAD with psychotropic medication
use had less of an association with whole brain-PAD resulting in lower brain-PADs and effect sizes in
the mixed sample of the main analysis, however, to date very little evidence to infer how brain-PAD

responds to pharmacotherapy. Further analysis is required to elaborate on this speculation.
SAD symptom severity

There was no association between whole or regional brain-PADs and SAD symptom severity (n=84).
There are very few studies linking brain-PAD to anxiety symptom severity, Han et al. (2021) found that
higher brain-PAD was associated with anxiety symptoms, however, the sample included other anxiety
disorders including panic disorder (Han et al., 2021). In a meta-analysis, Blake et al. (2023) found that
higher brain-PAD was associated with symptom severity mainly in psychotic disorders (Blake et al.,
2023). With respect to SAD symptom severity across brain features, some reports found a positive
association between gray matter volume and SAD symptom severity (Bas-Hoogendam et al., 2017),
while others found a negative association between SAD symptom severity and cortical thickness in the
right rostral anterior cingulate cortex (Frick et al., 2013) and postcentral cortex (Syal et al., 2012). In a
mega-analysis, Groenewold et al. (2023) did not find an association between subcortical volumes and
SAD symptom severity in individuals with SAD, after multiple comparison corrections (Groenewold et
al., 2023). Additionally, due to a lack of sufficient LSAS data from the various research sites that were
utilized in the present chapter, the sample size was too small to perform further inspection, specifically,

investigating whether brain-PAD differs by symptom dimension and sub-types of SAD. Given that there
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is some evidence of an association between brain volume, cortical thickness, and SAD symptom
severity (although findings are mixed), future analysis using larger samples with multiple categories of
SAD symptomatology is required to determine whether there is a link between brain-PAD and SAD

symptom severity and sub-types.
Partial correlation analysis

A partial correlation analysis was performed to investigate the association between hippocampal and
amygdala subfield volumes and whole brain-PADs within the groups (SAD and HCs). In the SAD group,
there was a trend association between brain-PAD and the lateral nucleus (R=-0.277, p=0.010) and the
CA3 (R=0.269, p=0.012). In the HCs, there was a trend association between the CAT (R=-0.229,
p=0.013) and the CA3 (R=0.228, p=0.014). These associations were not significant after correction for
multiple comparisons (Benjamini Hochberg FDR). Findings on the hippocampal CA3 subfield volume
concerning aging have been mixed, some studies find it to be influenced by chronological age
(Daugherty et al., 2017) whilst others do not (Malykhin et al., 2017). Heterogeneity in the volume of
the CA3 across studies is associated with chronological age, according to a systematic review of
hippocampal subfield volumes in psychiatric disorders (Sun et al., 2023). While the lateral nucleus
(Aghamohammadi-Sereshki et al., 2019), CAT (Kurth et al., 2019), and CA3(Daugherty et al., 2017) have

been associated with aging, of note none of these findings reach significance in the present analysis.

6.5. Limitations

One notable strength of the present chapter is the use of a large multisite sample (SAD: n=107; HC:
n=137) which allowed for the subgroup analysis to investigate the association between brain-PAD and
clinical characteristics. However, for some of the subgroup analyses (individuals with SAD with
comorbid anxiety disorder (n=21), comorbid MDD (n=24), and psychotropic medication use (n=19))
the samples were too small and therefore we could not compare these results to those reported for
individuals with SAD without comorbid anxiety disorder (n=86), MDD (n=83), and psychotropic
medication use (n=89). While the brain age model used in this study was trained on a large
independent sample (n=35474) using a variety of brain features (thickness, volume surface area)
(Kaufmann et al., 2019), a noteworthy limitation was the high MAE (reflecting the performance of the
prediction model) observed for the brain-PADs for both the SAD and HCs groups, which were larger
than those observed in other brain age studies (Clausen et al., 2021; Han et al., 2021; Liu et al., 2022).
However, studies suggest that models with tighter fits (MAE=3 years) tend to prioritize age-related
characteristics minimizing disease-related characteristics (Bashyam et al.,, 2020). Because the
presented chapter used inherited data from a previously published study (Bas-Hoogendam et al.,

2017), there was limited information on several variables including sociodemographic data
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(socioeconomic status), lifestyle variables (smoking, alcohol and physical activity) and clinical data
(inflammatory markers, ANS, and HPA axis) that have been association with biological aging (Cribbs et

al., 2012; Jansen et al., 2021; Norden & Godbout, 2013).

6.6. Conclusion

The findings in the present chapter suggest a link between diagnosis and accentuated whole brain
aging in a large sample of individuals with SAD (n=107) and HCs (n=137). Additionally, | provide
evidence of regional accentuated brain aging in the cortical brain structures that would be associated
with dysregulation in SAD, mainly the temporal (d=0.37), parietal (d=0.38), occipital (d=0.33) and
frontal regions (d=0.33) (with comparable effect sizes). However, since the MAEs for these models
were high in both the SAD and HCs groups, the interpretation of these findings has been limited. Of
note, considering that the positive brain-PADs found in individuals with SAD in the main analysis
remained significant (even when considering individuals without comorbid MDD, anxiety disorder, or
psychotropic medication use) suggests that the observed group differences could not be solely
explained by comorbid conditions. Future investigation should evaluate moderating factors of brain
age including the influence of overlapping comorbidity and how brain aging may be associated with

clinical and neurocognitive data in SAD.
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6.7. Tables and figures

Table 6.1a: Correlation matrix for HC regional brain-PAD estimates, after regressing out site and chronological age

Cingulate | Frontal Insula Occipital | Parietal Subcortex | Temporal

Cingulate |1 0.561 0.481 0.521 0.568 0.188 0.333
Frontal 0.561 1 0.407 0.477 0.585 0.261 0.555
Insula 0.481 0.407 1 0.415 0.539 0.094 0.269
Occipital 0.521 0.477 0.415 1 0.466 0.247 0.419
Parietal 0.568 0.585 0.539 0.466 1 0.218 0.486
Sub- 0.188 0.261 0.094 0.247 0.218 1 0.263
cortical

Temporal | 0.333 0.555 0.269 0.419 0.486 0.263 1
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Table 6.1b: Model fit (MAE, R, R?) for whole and regional brain age model in individuals with SAD (n=107) and HCs (n=137)

SAD (n=107) HCs (n=137)
MAE R R? MAE R R?
Whole brain age 7.0401 0.7642 0.5839 5.8524 0.7933 0.6293
Cingulate 14.3020 0.5020 0.2520 13.1220 0.6420 0.4120
Insula 13.0710 0.4150 0.1720 11.1260 0.6340 0.4020
Temporal 11.1530 0.5030 0.2530 7.8180 0.6540 0.4280
Subcortex 8.5720 0.6240 0.3890 7.5060 0.6130 0.3760
Occipital 14.8520 0.1870 0.0350 10.6770 0.5950 0.3540
Frontal 9.7880 0.6870 0.4720 8.0690 0.7520 0.5660
Parietal 13.9270 0.5040 0.2540 9.7320 0.7110 0.5060
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Table 6.2: Demographic and clinical characteristics of individuals with SAD (n=107) and HCs (n=137)

SAD (n=107) HCs (n=137) Statistical analysis
Characteristics mean SD mean SD t p
Age (years) 32.21 10.43 34.75 10.51 -2.47 0.001
Education level (years) 14.65 2.94 15.07 3.04 3.51 <0.001
LSAS score mean?® 78.1 19.5 -- -- - -
Age of onset® 14.8 7.1 -- -- -- --
Euler -200.92 153.81 -284.25 190.47 1.63 0.10
N % N %

Female 65 61.0 179 56 X2=1.2 0.27
Medication use at time of scan 19 17.75 - - - -

3 Liebowitz Social Anxiety Scale (LSAS).® measured using LSAS.
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Figure 6.1: violin plot showing whole and regional brain-PADs in SAD (n=107) with (n=15) and without (n=86) psychotropic medication use (n=137),
compared to HCs (n=137).
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Table 6.3a: Partial correlation between hippocampal and amygdala subfield volumes and brain-PADs in individuals with SAD (n=107)

SAD group partial correlation. R P value P value corrected (pror) Statistics
Amygdala subfields

Lateral -0.276 0.010 0.124 -2.652
Basal 0.037 0.730 0.929 0.346
Accessory Basal -0.033 0.765 0.929 -0.300
AAA 0.058 0.595 0.929 0.533
Central 0.012 0.913 0.958 0.110
Medial 0.084 0.442 0.929 0.773
Cortical -0.005 0.965 0.965 -0.044
CAT 0.035 0.745 0.929 0.326
Paralaminar 0.027 0.802 0.929 0.252
Hippocampal subfields

Parasubiculum -0.067 0.538 0.929 -0.619
Presubiculum 0.063 0.562 0.929 0.582
Subiculum 0.069 0.524 0.929 0.639
CA1l 0.081 0.456 0.929 0.749
CA3 0.269 0.012 0.124 2.572
CA4 -0.149 0.167 0.929 -1.394
DG 0.106 0.328 0.929 0.984
ML -0.143 0.185 0.929 -1.337
HATA -0.123 0.255 0.929 -1.147
Fimbria 0.022 0.840 0.929 0.202
Hippocampal fissure -0.030 0.783 0.929 -0.276
Hippocampal tail 0.080 0.462 0.929 0.739
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Table 6.3b: Partial correlation between hippocampal and amygdala subfield volumes and brain-PADs in individuals with SAD (n=137)

SAD HCs group partial correlation. R P value P value corrected (pror) Statistics
Amygdala subfields

Lateral -0.035 0.710 0.925 -0.373
Basal 0.023 0.804 0.925 0.249
Accessory Basal -0.010 0.912 0.946 -0.111
AAA 0.019 0.837 0.925 0.206
Central -0.081 0.388 0.801 -0.866
Medial -0.043 0.649 0.908 -0.457
Cortical 0.184 0.047 0.328 2.010
CAT -0.229 0.013 0.141 -2.525
Paralaminar 0.006 0.946 0.946 0.068
Hippocampal subfields

Parasubiculum -0.029 0.760 0.925 -0.306
Presubiculum 0.097 0.300 0.801 1.042
Subiculum 0.129 0.165 0.782 1.396
CA1 0.068 0.466 0.801 0.732
CA3 0.228 0.013 0.141 2.510
CA4 -0.123 0.186 0.782 -1.330
DG 0.092 0.322 0.801 0.995
ML -0.113 0.225 0.789 -1.219
HATA -0.055 0.558 0.837 -0.588
Fimbria 0.072 0.443 0.801 0.770
Hippocampal fissure -0.087 0.349 0.801 -0.940
Hippocampal tail 0.064 0.496 0.801 0.683
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CHAPTER 7: DISCUSSION

In chapter 7, | present a concise summary of the key findings observed throughout the various chapters
of the dissertation. Furthermore, | address the limitations of my work and propose areas of future

research and recommendations.
Overview of the research approach

The overarching aim of this dissertation was to investigate hippocampal and amygdala subfield
volumes and brain aging in anxiety and related disorders. To achieve this aim, this dissertation
conducted five separate investigations. First (chapter 2), was a systematic review of studies measuring
biological aging in anxiety disorders, as indexed by molecular, cellular, and brain aging indicators. The
second (chapter 3) and third (chapter 4) investigations were original empirical studies investigating
hippocampal and amygdala subfield volumes in OCD and SAD, respectively. For both of these studies,
separate subgroup analysis was performed to examine the association between clinical characteristics
(psychotropic medication use and psychiatric comorbidity) and subfield volumes. In an additional
analysis, a diagnosis-by-age interaction term was included in the general linear model, to assess
whether there was an association between chronological age and subfield volumes. Chapters 5 and 6,
investigated whether individuals with OCD (chapter 5) and those with SAD (chapter 6) had accentuated
brain aging. This was achieved by using a previously trained MLA to predict brain-PADs (predicted brain
age- chronological age) in individuals and HCs. A separate subgroup analysis was performed to examine
the association between clinical characteristics and brain-PADs. In addition, a partial correlation
analysis was conducted to investigate the within-group association between hippocampal and

amygdala volume and brain-PAD in OCD and SAD.
Summary of key findings

The results from the systematic review revealed that there were very few studies investigating
biological aging in anxiety disorders. After an extensive literature search and study selection based on
the eligibility criteria, 14 studies were identified for the systematic review. The majority of studies that
were identified focused on TL in PTSD which is warranted given the well-documented association
between trauma exposure and biological aging (Wolf et al., 2018), and the high number of papers
conducted on TL to date (Jylhava et al., 2017). While there were few other indicators of biological aging
identified by the systematic review, the general impression was that 1) findings for an association
between TL in PTSD (Boks et al., 2015; Wolf et al., 2018), and for DNA methylation in anxiety disorders
were mixed, 2) anxiety and related disorders were associated with higher predicted brain age

dependent on medication use, sex, and chronological age (Clausen et al., 2022; Han et al., 2021), and
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3) there is very little correlation between the different indicators, supporting the idea that they are
measuring various aspects of aging throughout the body (Cole et al., 2018; Han et al., 2021; Jansen et

al., 2021).

Chapter 3 revealed that there were no significant differences in hippocampal and amygdala subfield
volumes in individuals with OCD (n=381) compared to HCs (n=338). However, medicated individuals
with OCD (n=161) had significantly smaller hippocampal DG and ML, and larger lateral and basal
amygdala subfields than HCs. Chapter 4 revealed that individuals with SAD (n=107) showed smaller
amygdala subfield volumes in the basal, accessory basal, and CAT, and larger hippocampal volume in
the CA3, CA4, DG, and ML, compared to HCs (140). In chapters 3 and 4, chronological age did not
moderate the association between subfield volume and OCD or SAD, respectively. Chapter 5 revealed
that individuals with OCD (n=375) had significantly higher whole brain-PAD compared to HCs (n=335)
and that the lateral and CAT subfield of the amygdala and the hippocampal fimbria and fissure were
correlated to brain-PAD within the OCD group. Chapter 6 found that individuals with SAD (n=107) had
significantly higher whole brain-PAD compared to HCs (n=137). There was no evidence of an

association between subfield volume and brain age in the diagnosis group.
General findings

The findings presented in this dissertation provide valuable insights into the structural differences in
the hippocampal and amygdala subfield volumes in individuals with OCD and SAD, and their
association with chronological age and brain-PADs. In chapter 3, It was hypothesized that individuals
with OCD would have differences in both hippocampal and amygdala subfield volumes and that these
effects may be particularly apparent in subfields previously implicated in OCD, including the BLA and
central nucleus of the amygdala, as well as hippocampal subiculum and presubiculum (Zhang et al.,

2019, Zhang et al., 2020).

One of the notable findings that emerged in OCD was that there were no differences in subfield
volumes in individuals with OCD, compared to HCs. These findings could be partially explained by the
fact that OCD likely involves other brain regions i.e., the CSTC as the predominant neurobiological
model (van den Heuvel et al., 2016), and perhaps the hippocampus and amygdala are less central in
the pathophysiology of the disorder. The involvement of the hippocampus and amygdala in OCD may
be related to certain subtypes of OCD (Boedhoe & van den Heuvel, 2018). Pujol et al. (2004) found
that individuals with prominent aggressive obsessions and checking compulsions had a relative
decrease in gray matter volume in the right amygdala compared to other individuals with OCD within
the sample (Pujol et al., 2004). In another study, van den Heuvel et al. (2009) found that harm and

checking were associated with a reduction in gray and white matter volumes in the bilateral temporal
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regions (van den Heuvel et al., 2009). Rees et al. (2018) found smaller hippocampal volumes in
individuals with OCD with high severity of ordering and checking symptoms suggesting that there is a
relationship between hippocampal volume and symptom profiles in OCD (Reess et al., 2018). However,
due to limited data, chapter 3 did not have enough sample to investigate the association between OCD
subtypes and subfield volumes. Therefore, future large-sample analysis might elucidate whether
hippocampal volumes differ by symptom categories and whether this association is moderated by

clinical characteristics like medication status.

In chapter 4, It was hypothesized that individuals with SAD would have differences in the volume of
the BLA amygdala given its involvement in other anxiety disorders (Asami et al., 2018) and its role in
threat evaluation (Besnard & Sahay, 2016; Etkin et al., 2004; Hortensius et al., 2016). The positive
findings in chapter 4 were to be expected as some studies propose that the amygdala may be the
neurobiological candidate endophenotype of social anxiety (Bas-Hoogendam et al., 2020). While the
neurobiological model of SAD is not yet fully delineated, both the hippocampus and amygdala are an

integral part of the neurocircuitry of fear (Brihl et al. 2014; Shin & Liberzon 2010).

Fear is a prominent feature in anxiety disorders and a large body of rodent research suggests that the
key structures involved in the neurocircuitry of fear are the amygdala and its subfields (Felix-Ortiz et
al., 2016; Janak & Tye, 2015; Tye et al., 2011b), the hippocampus (Felix-Ortiz & Tye, 2014), the insula
and other brain regions (Shin & Liberzon, 2010). While these structures have their respective roles in
various aspects of fear processing, including threat perception, fear learning/conditioning, execution
of fear responses, and fear extinction, the precise role of the structures in fear processing is still
debated (Shin & Liberzon, 2010). A recent review of candidate biological markers for SAD showed that
most functional studies in SAD report greater activation in the amygdala and/or amygdala-
hippocampal fronto-limbic regions in response to different emotional paradigms, whilst structural
studies point to various brain regions that are associated with the fear network (Caldiroli et al., 2023).
On the other hand, it is important to note that while both functional and structural studies point to
the involvement of the hippocampus and amygdala in SAD, most studies have reported mixed findings
(Caldiroli et al., 2023) and further research is needed to corroborate the findings presented in chapter

4.

The findings of increased hippocampal subfield volumes in SAD compared to HCs were intriguing.
While these observations add new insight into the association between hippocampal volume and adult
SAD, they warrant a more nuanced interpretation. Despite some evidence of larger hippocampal
volume in SAD (Kog et al., 2017; Machado-de-Sousa et al., 2014), there is also contrary evidence (Baksh

et al., 2021; Irle et al., 2010; Liao et al., 2011). Adolescent neuroimaging data points to smaller
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hippocampal volumes in young individuals with anxiety disorders, although in post-hoc analysis these

differences were linked to generalized anxiety disorder rather than SAD (Gold et al., 2017).

One possible explanation for the larger hippocampal volumes observed in Chapter 4 could be the
exhaustive use of the hippocampus in managing chronic social anxiety given its extensive role in
emotional regulation. This could reflect a compensatory mechanism, where the hippocampus
becomes more robust due to its frequent activation in socially stressful scenarios. Rodent models
demonstrate a positive relationship between anxiety and hippocampal volumes, where anxiety-related
behaviour had a more pronounced effect on hippocampal volume than depression-like behaviour
(Kalisch et al., 2006). However, some studies found that rodents exposed to chronic stress had smaller
hippocampal volumes than controls (Lee et al., 2009). To explore this further, future analysis is required
to investigate the relationship between hippocampal volume and symptom severity including
subclinical levels of anxiety, to establish whether larger hippocampal volumes are associated with

higher levels of anxiety symptoms.

Of note, one interesting finding that emerged in chapter 3 was that subfield volumes differed according
to medication status but not psychiatric comorbidities in OCD. These findings are partially in line with
work from ENIGMA-OCD where between-group differences for hippocampal volume, thickness, and
shape were only found in individuals with and/or without medication use (Fouche et al., 2017, 2022).
Recently, a mega-analysis found that an MRI-based MLA was selective for medication status rather
than diagnosis status in individuals with OCD, suggesting that medication status was a stronger
predictor of subcortical brain structures in OCD than diagnosis status (individuals with OCD n=2304,

HCs n=2068) (Bruin et al., 2020).

Medication status was also an important predictor in the brain age analysis presented in chapter 5.
While there was a between-group difference in brain-PAD in individuals with OCD compared to HCs
(+1.6 years, prpr=0.006, d=0.20), the brain-PAD was observably higher in individuals with medication
use (+2.98 years, d=0.38, prpr<0.001). As discussed in chapter 5, medication status has been shown to
influence brain-PADs in anxiety and related disorders (Han et al., 2021). Notably, there are a variety of
mechanisms that could explain the medication findings in OCD including, neuroinflammation (lvanov
etal., 2022). However, while neuroinflammation has been demonstrated in OCD (Attwells et al., 2017),
it is unclear how psychotropic medication could exacerbate brain aging by increasing
neuroinflammation as cell culture studies show that SSRIs inhibit the release of pro-inflammatory

factors from activated microglia and thereby prevent neurotoxicity (Zhang et al., 2012).

Subfield volumes associated with chronological age
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The studies included in this dissertation support the conclusion that chronological age is a less
informative predictor of subfield volumes in OCD and SAD than brain-PAD. The evidence for this finding
emerged from chapter 3 and 4, where chronological age did not significantly moderate the association
between subfield volumes and OCD and SAD, respectively, as modelled by age-by-diagnosis
interactions. This observation is not consistent with evidence suggesting that amygdala subfields are
differentially associated with chronological age (Kurth et al., 2019). Several possible reasons may
account for these findings. In OCD, chronological age has been associated with greater volume loss in
the limbic regions which may be related to chronic stress and exaggerated emotional responsiveness

(De Wit et al., 2014).

Chronic stress as a potential mechanism for volume loss in the hippocampal subfield is plausible
considering that animal models show a decrease in glucocorticoid receptor expression in the
hippocampal CA1, CA3, and DG, and volume loss in all the hippocampal subfields in response to

physiological stress (Li et al., 2019).

Early life stress, such as childhood maltreatment, has been found to significantly impact hippocampal
structure, particularly leading to smaller volumes in several key subfields. Specifically, adults (age 18-
25, n=193) with histories of childhood maltreatment showed smaller volumes in the hippocampal
subfields CA3, the DG, and the subiculum (Teicher et al., 2012). These findings are corroborated by
several neuroimaging studies demonstrating an association between early life stress and smaller
hippocampal volume (Andersen et al., 2008; Frodl et al., 2010; Weniger et al., 2009). In older adults,
chronic stress associated with ongoing life circumstances has been associated with smaller CA2/3 and
CA4/DG, suggesting a link between psychological stress and specific hippocampal subfield volumes in
otherwise healthy older individuals (mean age 79.42 years (SD=5.04), n=116) (Zimmerman et al.,

2016).

At the cellular level, early life stress is suggested to suppress neurogenesis in the dentate gyrus and
induce dendritic remodelling in the CA3 subfield (McEwen, 2000, 2002). Rodent models demonstrate
a reduction in the overall synaptic density within the hippocampus in response to early life stress,
persisting long after the stressor has been removed (Andersen & Teicher, 2004). Taken together, these
observations highlight the sensitivity of the hippocampus to stress during critical developmental

stages.
Subfield volumes association with brain-PAD

In OCD, the partial correlation analysis showed that brain-PAD was differentially associated with
subfield volumes. Perhaps the most interesting of the findings is the distinct and opposing pattern in

which the amygdala and hippocampal subfields related to brain-PAD in OCD. Of note, larger amygdala
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subfield volumes were correlated with smaller brain-PAD estimates, suggesting that larger volumes
were associated with less brain aging in individuals with OCD, and the opposite was observed for the
hippocampus. The finding that only the volumes of LA and CAT subfield of the amygdala were
correlated to brain age in OCD is in agreement with evidence of subfield-specific age-related effects,
with strong association for subfields that belong to the superficial area (superficial area is suggested
to contain the CAT, anterior amygdaloid area and the cortical nucleus of the amygdala (Schmitz-Koep
et al., 2021)) (Kurth et al., 2019). Concerning the hippocampal subfield volumes in OCD, the findings
that larger hippocampal subfield volumes correlated with larger brain-PAD estimates suggest that
larger hippocampal subfield volumes were associated with greater brain aging. Studies suggest smaller
whole hippocampal volumes with increasing chronological age in healthy individuals (Nobis et al.,
2019) and that with the exception of the entorhinal cortex, all of the hippocampal subfields including
the CA, fascia dentata subiculum, HATA are smaller with increasing age (Kurth et al.,, 2017).
Interestingly, large hippocampal fissure volumes have been associated with OCD but not in the context
of aging (Jiang et al., 2022). A large fissure is thought to be indicative of irregular hippocampal
formation during human development (Humphrey, 1967), as the fissure gradually becomes smaller as
the embryo develops, eventually forming a small opening among the DG, presubiculum, and
parasubiculum in the healthy adult brain (Kier et al., 1997) In the context of aging, large fissures are
linked to brain atrophy and are strongly correlated with chronological age, as well as being proposed

as a useful biomarker for the diagnosis of AD (Li et al., 2006).
Future recommendations

The chapters presented in this dissertation had some novel findings in terms of (1) subfield volume
differences in SAD, (2) the influence of medication status on subfield volumes in OCD, and (3)
differences in brain aging observed in both SAD and OCD. Larger cross-sectional and longitudinal
analyses with harmonized protocols (MRI field strength, scan sequence, FreeSurfer segmentation
version, and brain age model) are required to replicate, confirm, and extend our findings. The brain
age prediction model used in this dissertation was constructed using feature extraction based on
shallow learning (Kaufmann et al., 2019), however, deep learning techniques such as convolutional
neural networks (Jonsson et al., 2019) are suggested to enhance model performance which improves
prediction estimates (Cole et al. 2017). For example, Amoroso et al. (2019) found that the deep
learning technique surpassed the performance of the standard MLA for brain age estimation including
ridge and lasso regression, random forest, and support vector machines (Amoroso et al., 2019).
Another way to improve brain age model performance is by combining multiple imaging modalities
(i.e., T2 FLAIR, susceptibility-weighted imaging, diffusion MRI, or functional neuroimaging), instead of

using select features from one modality (Dinsdale et al., 2021). The predictive ability should be
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validated by correlating the predicted brain age to the chronological age (for example see Clausen et
al. 2021). In doing so, studies will be able to select the best prediction model that accurately fits the
data (as indicated by the MAE), as an ideal model should not overfit the data by exactly predicting the
chronological age (Bashyam et al., 2020). Additionally, studies will be able to gauge the precision and
reliability of the brain age model used and ensure a cautious interpretation of the findings. For the
prediction of regional brain age, it is important to note that this aspect of brain aging research is still
in its infancy. While it would be useful to identify regional specificity in brain aging patterns across
different disorders (Kaufmann et al.,, 2019), regional brain age models still require systematic
evaluation in large sample sizes using a wide age range. In the context of aging, since it is a biologically
complex process that occurs at differential rates throughout the body (Han et al., 2019; Lépez-Otin et
al., 2013), a more comprehensive approach includes combining multiple indicators of biological aging
to improve the prediction of aging (Cole et al., 2018). Further evidence is required to ascertain whether
the findings of subfield volume and brain age differences in OCD and SAD observed in this dissertation
relate to differences in cognitive or affective function. Moreover, future studies could investigate how
other factors, like poverty, low economic status, and food insufficiency, are associated with subfield

volume and brain age.
Strengths and limitations

A noteworthy strength of this dissertation is that it benefitted from the secondary use of large-scale
data that was collected by the OBIC and EUSARNAD consortiums (previously published in Bas-
Hoogendam et al. 2017; De Wit et al. 2014). The sharing of this data provided access to research data
that might not have been obtainable by an independent doctoral researcher. The OCD and SAD data
that was provided was multisite, included both sexes and had a wide age range (18-65 years old). These
study characteristics increased the statistical power of the analyses and enhanced the generalizability
of the dissertation’s findings. However, there were some limitations to consider. Given the cross-
sectional nature of our study, it was not possible to ascertain whether the association between subfield
volume and disorder, the association between brain-PAD and disorder, or the association between
subfield volume and brain-PAD was causal. Additionally, it is unknown whether the observed
differences in subfield volume or brain age were pre-existing to SAD or OCD, or occurred during the
development of the disorders, or both. Lastly given that brain aging is a continuous and non-linear
process (Dinsdale et al., 2021), it is unclear whether the observed differences in brain age or

association between subfield volume and brain age remain stable or if they change over time.

Chapter 5 and 6 reports the correlations between age and PAD for the control groups. Notably, a

significant negative association was observed for OCD controls (R =-0.322, p < 0.001), but not for SAD
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controls (R = -0.074, p = 0.390). The mean brain-PAD for the controls for the OCD and SAD chapters
were also significantly different from zero (t = 18.510, p < 0.001 and t = 3.146, p = 0.002, respectively),

possibly signifying sub-optimal model fit to these novel data.

The moderate correlation between chronological age and predicted brain age, along with the high
MAE, suggests potential issues with the model's fit and its generalization capability across different
populations. As reported in the discussion chapter of chapter 5 and 6, the MAEs observed in the
present thesis were higher than those in the literature (Clausen et al., 2022; Han et al., 2021). One
plausible reason for this suboptimal fit could be the inherent variability within the sample, including
differences in demographic factors such as age, gender, and health status, which may not have been
adequately captured by the model. Future research should focus on refining the model by
incorporating additional relevant features and using more sophisticated modelling techniques. In
chapter 3 and 4, to reduce the statistical burden of multiple comparisons, the hippocampal subfield
divisions (head, body, and tail along the longitudinal axis) were combined for each subfield so that the
number of tests conducted in the mixed linear model for the bilateral hippocampus and amygdala
subfields was 21, instead of 28 tests. Some studies suggest that the head body and tail divisions may
be differentially affected in psychiatric disorders, specifically those belonging to the anterior
hippocampal CA subfields (McHugo et al., 2018). Moreover, the horizontal length of the hippocampus
is thought to have some functional specialization due to projections to different brain regions
(Daugherty et al., 2017; Duvernoy, 2013). By combining these subdivisions, we were unable to
determine whether subfield volume differences occurred along the longitudinal axis of the

hippocampus.

Another limitation is due to the test re-test reliability of the hippocampal parasubiculum and fissure
segmentation. Based on the FreeSurfer 6.0 segmentation atlas (Iglesias et al., 2015; Saygin et al., 2017),
both the hippocampal parasubiculum and fissure have been shown to have relatively low-test re-test
reliability, with mean volume differences greater than 5%, and overlap less than 70%, and ICC scores
ranging from 0.78 to 0.89 (Brown et al., 2020). This complicates the interpretation of the finding in
chapter 5 that the hippocampal fissure was correlated with whole brain-PAD estimates in individuals
with OCD. Some studies suggest that the hippocampus is surrounded by several fissures (the peri-
hippocampal fissures). For example, the transverse fissure of Bichat is the lateral extension of the
ambient cistern separating the thalamus superiorly from the parahippocampal gyrus inferiorly, the
choroidal fissure is the superolateral extension of the transverse fissure, and the hippocampal fissure
is the inferolateral extension of the transverse fissure extending between the DG and the subiculum-
all of which may be useful in indicating mesial temporal atrophy and parietal atrophy in some of the

Dementia syndromes (Dekeyzer et al., 2017; Duvernoy, 2013).

228



Given that the gold standard for hippocampal and amygdala segmentation is manual tracing, this
approach would not be feasible for the large sample employed in this dissertation. The reliability and
reproducibility of the amygdala subfields have only been tested by combining the smaller subfields like
the medial and central nucleus into the centromedial complex (Quattrini et al., 2020), which would
defeat the purpose of investigating subfield-specific differences in OCD and SAD for this dissertation.
However, consistent with most reports in the literature, both the hippocampal fissure and

parasubiculum were included in the analysis of this dissertation (Sun et al., 2023).

Another limitation of the thesis is the potential confounding effects of medication use and symptom
severity on hippocampal subfield volumes (reported in chapter 3). This confounder is critical as it
complicates the interpretation of whether the differences in hippocampal volume are attributable to
the effects of the medication itself or to the underlying severity of the disorder. Although our analysis
did not find a significant association between symptom severity and subfield volume, the possibility
that medication effects are intertwined with severity differences cannot be entirely ruled out. Future
research should aim to disentangle these potential effects by including longitudinal data and
controlling for symptom severity more rigorously to better understand the independent impact of

medication on brain volume.

Although large-scale multisite datasets enhance the statistical power needed to detect small effect
sizes, differences in data acquisition across multiple sites is a known source of heterogeneity (Bayer et
al., 2022). In the present thesis, scanner site was included as random effects term in the linear
regression model to adjust for differences between sites. However, the present thesis could have
benefitted from utilizing advanced harmonization techniques such as ComBat, which may have
provided a more accurate adjustment for site-specific variability and reduced residual biases (Bayer et
al., 2022). The use of sophisticated harmonization techniques could have enhanced the optimal

performance of the brain age prediction model used in the present thesis.

The brain serves as a central hub for processing and responding to the diverse environmental factors
that shape our experiences including physical factors (e.g., nutrition), psychosocial factors (e.g., family
stability, childhood adversity), and socio-economic status (Farah, 2017). Epidemiological research
consistently demonstrates that childhood adversity like abuse, neglect, and exposure to traumatic
events (including retrospectively reported events) increases the risk of developing anxiety disorders in
adult life (Oliveira et al., 2021). For example, in a national comorbidity survey of individuals who
experienced multiple forms of childhood adversity, Green et al. (2010) found that childhood adversity
predicted 32.4% of first onset anxiety disorders (Green et al., 2010). Furthermore, the prevalence of

childhood adversity and the associated risk of psychiatric disorders differs between low-to-middle and
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high-income areas, suggesting that socioeconomic status may play a role in the exposure to and impact
of childhood adversity (Cano & Takeuchi, 2020). Several studies are reporting the influence of
environmental stressors, including childhood trauma, adversity, and low socioeconomic status, on

brain structure and function (Nelson et al., 2020).

In PTSD, Ahmed-Leitao et al., 2019 reported smaller parasubiculum volume in PTSD group with a
history of early childhood trauma. Additionally, smaller HATA volumes were observed in the PTSD
group with early childhood trauma when compared to both HCs and the SAD group with early
childhood trauma (Ahmed-Leitao et al., 2019). However, it remains unclear how these factors influence
brain aging in the context of OCD and SAD. The data used in the present dissertation did not include
information on childhood adversity, early life stress, or socio-economic factors and therefore these
variables could not be accounted for. Lastly, while some studies suggest that there is very little
correlation between the biological indicators of aging including brain age, TL, and epigenetic clocks
(Cole et al.,, 2018; Jansen et al.,, 2021), this dissertation did not have the data to perform a
comprehensive analysis of biological aging at various cellular and molecular levels. Therefore, it
remains unknown whether the brain-PADs observed in OCD and SAD would be associated with other

aspects of biological aging.
Conclusion

The findings presented in this dissertation collectively contribute to our understanding of the
association between hippocampal and amygdala subfield volumes and brain aging in OCD and SAD. Of
note, the findings highlight the nuanced interplay between medication status, subfield volumes, and
brain-PAD whilst demonstrating unique patterns of subfield volume differences in OCD and SAD.
Specifically, in SAD, subfield volume differences were observed in areas associated with social
processing and threat evaluation. While there were no significant differences in subfield volumes in
OCD overall, the subfield volume differences were dependent on medication status specifically in
regions associated with adult-born neurogenesis. The findings of an association between medication
status, subfield volumes, and brain-PAD in OCD, prompt further research on the specific mechanism
through which psychotropic medication affects subcortical brain volumes in OCD and how this informs
treatment optimization. Moreover, while the findings of accentuated brain aging in OCD and SAD
expand our understanding of brain aging, it also highlights that very little is known about the
neurobiological complexities of anxiety disorders and processes of biological aging. Further research
is required to uncover the precise mechanisms underlying the association between subcortical brain

volume attenuation in anxiety disorders and brain aging.
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