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Physical activity (PA) and improvements in cardiorespiratory fitness (CRF) may
protect against or alleviate depression through neuroplastic mechanisms within
disrupted brain networks underlying cognitive and affective symptoms. There is a
scarcity of research examining the effects of PA and CRF on structural and
functional brain networks in representative samples spanning adulthood. Further,
little is known about the interactions of PA and CRF with depression on these
networks. To address this problem, this dissertation made use of a publicly
available dataset to examine the associations among PA, CRF, and depression
symptoms in a community sample of adults between the ages of 18-85. Magnetic
resonance imaging measures were leveraged to determine whether structural
and functional brain network features associated with PA and CRF were
moderated by depression symptom severity.

The first aim examined effects of PA and CRF on depression symptoms

within a measured variable path analysis. PA had a direct and beneficial effect on



depression symptoms only in females, and this effect was not mediated by CRF.
The second aim examined brain structural correlates of PA and CRF and tested
moderation of these effects by depression symptoms. CRF was negatively
associated with cortical thickness in the left superior frontal lobe, and this
association was stronger as depression symptoms increased. CRF was
negatively associated with amygdala and nucleus accumbens volume, while a
positive association of PA with nucleus accumbens volume was observed at
moderate-to-severe levels of depression symptoms. The third aim examined
functional brain network correlates of PA and CRF and moderation by depression
symptoms. CRF was positively associated with whole-brain modularity, between-
network connectivity of the central executive and salience networks, and within-
network connectivity of the default mode, central executive, and salience
networks. The association of CRF and default mode network connectivity was
stronger in the presence of moderate-to-severe depression symptoms. Taken
together, these results suggest psychosocial effects of PA on depression
symptoms and interacting effects of CRF and depression on brain structure and
function. Progressing our understanding of these effects will have important
implications for translating physical activity and exercise research as a

therapeutic strategy for depression symptoms.
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PROJECT OVERVIEW

Depressive disorders are the leading cause of health loss and disability
worldwide (World Health Organization, 2017). In the United States alone, almost
20% of individuals will experience a major depressive episode in their lifetime
(Kessler & Bromet, 2013). Considerable undertreatment magnifies the immense
personal and economic burden of depression; even in high-income countries,
only 1 in 5 individuals with a diagnosis of major depressive disorder receives
minimally adequate treatment (Thornicroft et al., 2017). While pharmacotherapy
may be effective for some, the majority of patients prescribed antidepressants
are deemed treatment resistant within six months (Rush et al., 2006). The use of
adjunctive therapy with antipsychotics is costly, and confers the risk of numerous
health-threatening side effects (Thase, 2016). Taken together, these
observations underscore the need to identify more cost-effective and sustainable
treatment strategies for preventing and improving depression symptoms.

Physical exercise is a promising nonpharmacological preventative and
therapeutic treatment for depression, but the mechanisms underlying the
antidepressant effects of exercise are largely unknown. Extant evidence strongly
supports the conclusion that physical activity and cardiorespiratory fithess are
associated with reduced concurrent and incident depressive symptoms; however,
strong conclusions cannot yet be made about the minimal or optimal dose of
physical activity necessary to impact symptom severity. The question remains
whether improvements in fithess—or increased physical activity alone—is

efficacious to reduce risk of or improve depressive symptoms.



It is likely that physical activity exerts effects through both psychosocial
and biological mechanisms. Physical exercise—a subtype of physical activity that
is structured and goal-oriented—confers a number of physiological adaptations
that extend across multiple systems (e.g., cardiovascular, metabolic,
musculoskeletal). A large body of evidence establishes physical activity (and
exercise, in particular) as a potent promotor of neuroplasticity in brain networks
that exhibit abnormal structural or topological deficits in major depression.
Physical activity and improvements in cardiorespiratory fithess may protect
against or alleviate depressive symptoms through neuroplastic mechanisms
within brain networks implicated in the cognitive and affective pathology of the
disorder. Much of the existing work elucidating physical activity and
cardiorespiratory fithess-related correlates of brain health is focused on older
adults, and consequently is often limited to older adult samples and comparisons
against healthy young counterparts. Currently, there is a scarcity of research
focused on the effects of physical activity and cardiorespiratory fitness on brain
networks across adulthood.

To address this problem, the current project made use of a publicly
available large-scale dataset to examine the associations among self-reported
low-, moderate- and vigorous-intensity physical activity, cardiorespiratory fitness,
and depression symptom severity in a community sample of adults. Magnetic
resonance imaging measures were leveraged to determine the structural and
functional brain network features associated with physical activity and

cardiorespiratory fithess and the extent to which these correlates are moderated
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by depression symptom severity. The broader goal of this dissertation is to bridge
together existing work to better understand how physical activity,
cardiorespiratory fithess, and depression interact on structural and functional
brain networks. Progressing our understanding of these effects will have
important implications for progressing the study of physical activity and exercise

as a potential therapeutic strategy for depression and other mood disorders.
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SPECIFIC AIMS

Study 1: Examine the associations among low-, moderate- and
vigorous-intensity physical activity, cardiorespiratory fitness, and
depression symptom severity.

a. Determine the direct and indirect effects of intensity-specific
physical activity on depression symptom severity.

b. Determine the direct effect of cardiorespiratory fitness on
depression symptom severity.

c. Test the hypothesis that the relationships between moderate- and
vigorous-intensity physical activity and depression symptom
severity are mediated by cardiorespiratory fitness.

Study 2: Examine the cortical thickness and brain structural
correlates of physical activity and cardiorespiratory fitness, and if
these associations are moderated by depression symptom severity.

a. Determine the associations of physical activity and
cardiorespiratory fithess with cortical thickness and the extent to
which these associations are moderated by depression symptoms.

b. Determine the associations of physical activity and
cardiorespiratory fitness with volume of subcortical gray matter
regions and the extent to which these associations are moderated
by depression symptoms.

Study 3: Examine functional brain network correlates of physical
activity and cardiorespiratory fitness, and if these associations are
moderated by depression symptom severity.

a. Determine the associations of physical activity and
cardiorespiratory fitness with functional connectivity within the
default mode, central executive, and salience networks and the
extent to which these associations are moderated by depression
symptoms.

b. Determine the associations of physical activity and
cardiorespiratory fitness with functional connectivity between the
default mode, central executive, and salience networks and the
extent to which these associations are moderated by depression
symptoms.

c. Determine the associations of physical activity and
cardiorespiratory fitness with modularity of whole-brain functional
networks and the extent to which these associations are moderated
by depression symptoms.
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CHAPTER 1: Review of Literature

Definition of Terms

Although the terms physical activity, physical fithess, and exercise are
often used interchangeably, they represent distinct constructs. Physical activity
(PA) is defined as any bodily movement produced by the contraction of skeletal
muscle that increases energy expenditure above resting energy expenditure
(Caspersen, Powell, & Christenson, 1985). Exercise is a specific subtype of PA
comprising purposeful, structured, and repetitive bodily movement with the goal
to improve or maintain one or more components of physical fitness or health
(American College of Sports Medicine, 2018; Caspersen et al., 1985). Physical
fitness consists of multiple elements, and has generally been defined as the
ability to carry out daily activities with vigor and alertness and with ample energy
to enjoy leisure-time pursuits and respond to emergencies (2018 Physical Activity
Guidelines Advisory Committee, 2018). Cardiorespiratory fitness (CRF) is one
health-related component of physical fithess related to the ability to perform large
muscle, dynamic PA of moderate-to-vigorous intensity for prolonged periods of
time (American College of Sports Medicine, 2018). CRF is dependent on the
integrated functions of musculoskeletal, respiratory, and cardiovascular systems,
and is inversely related to risk of cardiovascular disease, all-cause mortality, and
improvement in numerous other health outcomes. Although regular participation
in moderate-to-vigorous aerobic exercise influences CRF, a portion of CRF is

heritable and unaffected by exercise (Bouchard, Blair, & Katzmarzyk, 2015).
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Major depressive disorder (MDD) is characterized by the persistent
presence of affective, cognitive, and physical symptoms that cause significant
distress or impairment in social, occupational, or other areas of functioning.
Symptoms according to the Diagnostic and Statistical Manual of Mental
Disorders, 5th Edition (DSM-V), include: 1) depressed mood, 2) diminished
interest or pleasure in all or most activities [i.e., anhedonia], 3) significant
unintentional weight change or change in appetite, 4) insomnia or sleeping too
much, 5) psychomotor agitation or retardation observable by others, 6) fatigue or
loss of energy, 7) feelings of worthlessness or excessive guilt, 8) diminished
ability to think or concentrate, and 8) recurrent suicidal ideation or thoughts of
death (American Psychiatric Association, 2013). The criteria for diagnosis of
MDD require that an individual experience at least five out of nine symptoms,
including depressed mood or anhedonia, most of almost every day for at least
two weeks. Depressive symptoms can be present to varying extents in both
clinically depressed individuals and those not meeting the criteria for a diagnosis
of MDD. Similarly, depression symptoms are often present in other mood or
related disorders (e.g., anxiety disorders; Gorman, 1996) and to a milder or more
transient extent in persons without a relevant disorder or mental health concern

(i.e., individuals included in non-clinical samples).

Physical Activity, Cardiorespiratory Fithess, and Depression
Observational Evidence

Cross-sectional epidemiological studies consistently demonstrate that PA

is moderately and inversely related to depressive symptoms in non-clinical
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community samples (Farmer et al., 1988; Kritz-Silverstein, Barrett-Connor, &
Corbeau, 2001; Lindwall, Rennemark, Halling, Berglund, & Hassmen, 2007;
Stephens, 1988; Teychenne, Ball, & Salmon, 2008) and depressed patients
(Harris, Cronkite, & Moos, 2006; Moore et al., 1999). Prospective studies indicate
that PA status is predictive of depressive symptoms, with less active individuals
at increased risk for subsequent depression relative to their more physically
active counterparts (Birch et al., 2016; Camacho, Roberts, Lazarus, Kaplan, &
Cohen, 1991; Farmer et al., 1988; Paffenbarger, Lee, & Leung, 1994).
Systematic reviews of observational evidence suggest that even low doses of PA
are associated with reduced likelihood of incident depressive symptoms in non-
clinical populations (Mammen & Faulkner, 2013; Teychenne et al., 2008). Strong
evidence to this point is provided by a recent meta-analysis of prospective
studies (49 studies, n = 266,939), which concluded that higher levels of PA are
protective against the emergence of depression (adjusted odds ratio = 0.83,
95%ClI = 0.79 to 0.88; Schuch et al., 2018). Despite the wealth of evidence to
suggest that PA has protective benefits against the development of depression,
the ‘optimal’ dose (i.e. frequency, intensity, duration) of PA is not known.

CREF is also inversely associated with concurrent and incident depression
risk. Meta-analytic findings suggest a modest negative correlation of CRF with
concurrent depressive symptoms (r = -0.16, 95%CI = -0.21 to -0.10) in studies of
healthy and depressed adults (Papasavvas, Bonow, Alhashemi, & Micklewright,
2016). Prospective epidemiological studies indicate that higher CRF at baseline

is associated with reduced risk of incident depression in healthy men (Aberg et
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al., 2012; Sui et al., 2009) and women (Sui et al., 2009). Data pooled across
these studies suggest that risk of incident depression is increased by 75% and
23% for those with low and medium CRF, respectively, compared to those with
high CRF (Schuch, Vancampfort, Sui, et al., 2016). Baumeister and colleagues
(2017) found that CRF and leisure-time PA were associated with concurrent
depressive symptoms, but only CRF was a meaningful predictor of incident
depression symptoms and MDD onset at 4.5 year follow-up. This relationship is
present after accounting for body mass index, pointing towards a benefit of
fitness that is independent of body composition (Aberg et al., 2012; Becofsky et
al., 2015; Sui et al., 2009). Changes in fitness over time are also predictive of
depression outcomes, such that decline in CRF is associated with increased
odds of incident depression complaints (Dishman et al., 2012).

Experimental Evidence

An abundance of evidence suggests that exercise is an effective treatment
for depression symptoms in non-clinical populations (Rebar et al., 2015), patients
with MDD (Schuch, Vancampfort, Richards, et al., 2016), and in patients with
chronic iliness (Herring, Puetz, O'Connor, & Dishman, 2012). In a recent meta-
review, Stubbs and colleagues (2018) identified a number of systematic reviews
and meta-analyses describing the effects of exercise interventions on depression
symptoms in MDD (Brondino et al., 2017; Cooney et al., 2013; De Souza Moura
et al., 2015; Krogh, Hjorthoj, Speyer, Gluud, & Nordentoft, 2017; Kvam, Kleppe,
Nordhus, & Hovland, 2016; Schuch, Vancampfort, Richards, et al., 2016;

Schuch, Vancampfort, Rosenbaum, et al., 2016; Silveira et al., 2013). Together,

contemporary meta-analyses demonstrate that exercise is effective at improving
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depressive symptoms compared to control conditions, with a limited number of
studies suggesting effects comparable to psychological and antidepressant
treatment (Cooney et al., 2013; Krogh et al., 2017; Kvam et al., 2016).
Comparisons of exercise against carefully selected non-active control groups
yield large effects in favor of exercise, even after adjustment for publication bias
(ES 1.11, 95%CI1 0.79 to 1.43, p < 0.001; Schuch, Vancampfort, Richards, et al.,
2016). However, the existing literature has yet to identify strong evidence for
reliable moderators of the exercise treatment response (Schuch, Dunn, Kanitz,
Delevatti, & Fleck, 2016). Arguably most important is the overwhelming evidence
that exercise is a feasible and well tolerated intervention for depressed
individuals, with dropout rates comparable to or lower than comparison
conditions (Stubbs, Vancampfort, et al., 2016).

Summary

Existing evidence strongly supports the conclusion that PA and CRF are
associated with reduced concurrent and incident depressive symptoms. Strong
conclusions cannot yet be made about the minimal or optimal dose of PA
necessary to alleviate symptoms. The protective benefits conferred by fitness
suggest that levels of PA sufficient to improve or maintain CRF may provide the
greatest benefits; however, even low doses of PA may reduce concurrent or
incident depression. More research clarifying the independent and joint effects of
PA and CRF on depression symptoms will contribute to a body of work aiming to
better understand whether improvements in fithess—or increased activity
alone—are efficacious interventions for reduced risk or improvement of

depressive symptoms. Successful translation of basic knowledge regarding the
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protective and therapeutic effects of PA on depression is likely to hinge on a
better understanding of the mediators and moderators of the depression
symptom response to physical activity and exercise interventions.

Structural Brain Abnormalities in Depression and the Influence of Physical
Activity and Cardiorespiratory Fitness

Widespread abnormalities in brain structure have been identified in MDD
and those with clinically significant depressive symptoms through the use of
magnetic resonance imaging (MRI). Depression-related reductions of gray matter
volume have been identified in numerous cortical and subcortical regions. These
volumetric alterations in depression have been most consistently examined and
detected within a limbic-cortical-striatal-pallidal-thalamic circuit supporting
complex behavior, including cognition and emotion (Bora, Harrison, Davey,
Yucel, & Pantelis, 2012; Peters, Dunlop, & Downar, 2016; Sheline, 2003). PA
and improvements in CRF are potent stimulators of neuroplasticity and has
documented effects within brain regions affected in depression pathology. The
following sections focus on the gray matter structures and cortical regions most
consistently implicated in depression, and those studies that have reported PA-
or CRF-related differences in these brain regions.

Hippocampus

The hippocampus is the most thoroughly studied brain structure with
regard to depression, owing to landmark studies demonstrating reductions of
hippocampal volume in unipolar MDD (Axelson et al., 1993; Sheline, Sanghauvi,
Mintun, & Gado, 1999; Sheline, Wang, Gado, Csernansky, & Vannier, 1996).

Interest in this brain region is also driven by its sensitivity to stress-related
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neurotoxic processes (e.g., hypothalamic-pituitary-adrenal [HPA] axis
dysregulation) that are implicated in major depression (Belleau, Treadway, &
Pizzagalli, 2019). Despite mixed findings, reduced hippocampal volume in major
depression has been observed in several studies (Sheline, 2003). Numerous
meta-analyses have reported moderate effect sizes of major depression on
hippocampal volume reductions (Arnone et al., 2016; Arnone, Mclintosh,
Ebmeier, Munafo, & Anderson, 2012; Kempton et al., 2011; Koolschijn, van
Haren, Lensvelt-Mulders, Hulshoff Pol, & Kahn, 2009; Videbech & Ravnkilde,
2004). A recent multi-site meta-analytic study compared brain volumetric
estimates of several subcortical gray matter structures in patients with major
depressive disorder (n = 1,728) relative to healthy controls (n = 7,199; Schmaal
et al., 2016). Only mean hippocampal volume significantly differed between
groups, with patients exhibiting lower hippocampal volume than controls.

The relationship between hippocampal volume and depression is
complex, partially owing to the recurring nature of depressive episodes and
heterogeneity of depression symptom profiles. Whether reduced hippocampal
volume is a risk factor or consequence of depression remains unknown. Studies
reporting reduced hippocampal volume in healthy adolescents with familial
depression risk (Chen, Hamilton, & Gotlib, 2010) and the interaction of
hippocampal volume with early life adversity on depression (Rao et al., 2010)
indicate the predictive value of hippocampal volume prior to depression onset.
On the other hand, notable evidence suggests that larger cumulative ‘doses’ of

lifetime depression (i.e., based on duration of illness, number of episodes, age of
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onset) are associated with hippocampal volume reduction (McKinnon, Yucel,
Nazarov, & MacQueen, 2009; Sheline et al., 1999), lending support to the
hypothesis that episodes of depression are causally linked to reductions in
hippocampal volume. Roddy and colleagues (2019), combined estimations of
hippocampal subfield volume into composites representing the hippocampus
proper, hippocampal formation, and extended hippocampus to examine
depression-related atrophy. Significant volume loss was observed in depressed
patients across all composite definitions; however, only the hippocampus proper
(CA1, CA2/3, CA4) exhibited significant volume loss relative to controls in first-
episode depression patients. Further, more extensive volume loss—extending to
the dentate and subiculum—was observed in recurrent depression patients than
first-episode patients and controls. These results support the idea that
depressive episodes play a causal role in hippocampal volume loss (Roddy et al.,
2019; Sheline, Liston, & McEwen, 2019), though there is a need for rigorous
longitudinal studies to better understand this multifaceted relationship.
Associations of CRF and PA, particularly structured exercise, with
hippocampal volume have been consistently observed. The majority of
investigations examining these variables in relation to brain structure have been
in older adults. These studies have consistently suggested that higher CRF is
protective against aging-related hippocampal volume decline (Erickson, Leckie, &
Weinstein, 2014). Cross-sectional studies demonstrate positive associations
between CRF—measured using graded exercise testing—and hippocampal

volume in older adults after correcting for confounding factors such as age, sex,
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education, and body mass index (Bugg, Shah, Villareal, & Head, 2012; Erickson
et al., 2009; Szabo et al., 2011). Boots et al. (2015) reported a positive
association with hippocampal volume when estimating CRF using a regression
approach (Jurca et al., 2005) in a healthy older adult sample enriched for
Alzheimer’s disease risk. Fletcher et al. (2016) applied the same regression
method to estimate CRF and found no association of fithess with hippocampal
volume in healthy older adults, though positive fitness-related effects were
revealed in the amygdala, cingulate cortex, caudate, and putamen.

Fewer studies have focused solely on PA as a predictor of hippocampal
volume. Erickson et al. (2010) examined baseline PA as a predictor of gray
matter volume in older adults after a 9-year follow-up. Self-reported weekly
walking distance at baseline was a significant predictor of gray matter volume in
the hippocampus, entorhinal cortex, and distributed frontal, temporal, and
occipital brain lobe regions. The protective effect of walking exercise on gray
matter structure was detected only in those older adults in the highest quartile of
walking distance, corresponding to approximately 6-9 miles per week. Bugg and
Head (2011) aimed to determine the relationship between age-related gray
matter decline and self-reported exercise during the preceding decade. Higher
exercise engagement moderated the impact of age on medial temporal lobe
volume (i.e., hippocampus, amygdala, parahippocampal gyrus) such that age-
related volume decline was only observed in the low exercise engagement
group. Using a similar study design, the authors examined the interaction of

lifetime stress and self-reported exercise engagement on hippocampal volume
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(Head, Singh, & Bugg, 2012). Exercise engagement moderated the association
of lifetime stress on hippocampal volume such that those with high exercise
engagement were protected against the stress-related reduction of hippocampal
volume observed in the low exercise group. No main effect of prior exercise
engagement on hippocampal volume was revealed.

Studies utilizing measures of both CRF and PA are necessary to elucidate
the unique associations of each with brain structure. Raichlen and colleagues
(2019) utilized cross-sectional data from the UK Biobank (n = 7,148) to examine
the pathways linking PA and CRF to gray matter, white matter, and hippocampal
volume in middle-aged and older adults. CRF was associated with total gray
matter volume after accounting for moderate-to-vigorous PA—measured using
accelerometry. Moderate-to-vigorous PA, but not sedentary behavior or light PA,
was associated with left and right hippocampal volume after correcting for CRF
(Raichlen et al., 2019). Among equivocal findings regarding the association of PA
with brain structure, this study supports the notion that moderate-to-vigorous PA
has distinct effects on hippocampal volume beyond the variance accounted for
by an intrinsic or heritable portion of CRF (Bouchard et al., 2015).

Randomized controlled trials have demonstrated the efficacy of aerobic
exercise training to increase or maintain hippocampal volume in older adults
(Erickson et al., 2014). These investigations have notably demonstrated positive
associations between exercise-induced improvements in CRF and change in
bilateral hippocampal volume (Erickson et al., 2011; Niemann, Godde, &

Voelcker-Rehage, 2014), bilateral hippocampal head volume (Maass et al.,
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2015), and hippocampal tissue density (Kleemeyer et al., 2016). These studies
provide experimental evidence that increases in PA, particularly structured
exercise prescribed with the goal of improving CRF, may induce neuroplasticity
in the hippocampus. This conclusion is supported by animal studies, which have
consistently reported increased hippocampal neurogenesis in response to
voluntary wheel running in (van Praag, Kempermann, & Gage, 1999; Voss, Vivar,
Kramer, & van Praag, 2013). In contrast, a recent meta-analysis pooled across
14 human studies of n = 737 participants and found no effect of aerobic exercise
on total hippocampal volume relative to control conditions (Firth et al., 2018);
however, a significant effect of aerobic exercise on left hippocampal volume was
revealed (Hedges’ g = 0.265). Comparison of pre- to post-intervention changes
suggested this effect was driven by attenuation of age-related hippocampal
volume reduction rather than absolute increases in left hippocampal volume
(Firth et al., 2018).

In contrast to studies of older adults, few have examined the relationship
between CRF and hippocampal volume in non-clinical samples of young or
middle-aged adults. Pereira and colleagues (2007) leveraged the coupling of
neurogenesis with angiogenesis to establish cerebral blood volume as a
correlate of exercise-induced neurogenesis in exercising mice. This application
was extended to a human exercise intervention study which demonstrated that
exercise-induced change in VOamax Was positively correlated with increases in
dentate gyrus cerebral blood volume (Pereira et al., 2007). Increased entorhinal

cortex cerebral blood volume was also observed after exercise in both humans
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and mice, though this change did not reach statistical significance. Conversely,
voxel-based morphometry study revealed a positive association between right
entorhinal cortex volume and CRF in healthy young adults (Whiteman, Young,
Budson, Stern, & Schon, 2016). No association was found between CRF and
hippocampal volume.

Previous work has demonstrated that exercise is a tolerable treatment
(Murri et al., 2019; Stubbs, Vancampfort, et al., 2016) and improves CRF in
patients with MDD (Stubbs, Rosenbaum, Vancampfort, Ward, & Schuch, 2016)
To date, only one study has been identified investigated the effects of aerobic
exercise training on hippocampal volume in depressed patients. Krogh and
colleagues (2014) randomly assigned MDD patients to an aerobic exercise

program (n = 41) or control condition (n = 38) for a period of 3 months. The

a

aerobic exercise condition comprised 45 min of supervised moderate-to-vigorous

cycling exercise (80% maximal HR) three times per week, while the control
condition consisted of stretching and low-impact (i.e. throwing and catching)

activities at the same frequency. Intention-to-treat analyses revealed no

significant change in hippocampal volume or total gray matter volume as a result

of the exercise intervention. Patients in the control group exhibited increased
CRF (3.90 = 5.1 mL-kg-1-min-1) assessed using a maximal exercise test to
measure VOzmax. While increased right hippocampal volume was positively
associated with decreased depressive symptoms on the Hamilton Depression
Scale (p = 0.30, p = 0.03), there was no further association revealed between

changes in hippocampal volume and VO2max Or depressive symptoms. These
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results should be interpreted with caution, as adherence rates were low for both
exercise (36%) and control (34%) groups. Per-protocol analyses of patients
attending at = 50% of 36 planned sessions (n = 14 exercise; n = 13 control) also
revealed no exercise-induced change in hippocampal volume. These null
findings may indicate that the per-protocol analysis is underpowered to detect
changes in hippocampal volume, but could also suggest that this dose of aerobic
exercise is insufficient to reverse changes in hippocampal volume associated
with MDD. The lack of a non-depressed control group and concerns about
adherence limit the strength of conclusions that can be drawn from this study
alone.

Prefrontal and Anterior Cingulate Cortices

Strong meta-analytic evidence indicates that MDD is also associated with
gray matter volume reductions within the prefrontal cortex (PFC). The anterior
cingulate cortex (ACC), a structure within in the medial prefrontal cortex,
consistently exhibits volume reduction (Arnone et al., 2016; Bora, Fornito,
Pantelis, & Yucel, 2012; Bora, Harrison, et al., 2012; Du et al., 2012; Koolschijn
et al., 2009; Lai, 2013) and reductions in cortical thickness (Schmaal et al., 2017)
in MDD patients compared to controls. A subregion of particular interest is the
subgenual ACC, located ventral to the genu of the corpus callosum (Drevets,
Savitz, & Trimble, 2008). Both structural (Bora, Fornito, et al., 2012; Bora,
Harrison, et al., 2012) and metabolic (Sacher et al., 2012) abnormalities in the
subgenual ACC have been identified even prior to the onset of clinical symptoms,
and clinical improvement associated with increases in volume of this region

(Drevets et al., 2008). Volumetric reductions have also been documented in the
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orbitofrontal cortex (OFC), dorsolateral PFC, and dorsomedial PFC (Bora,
Harrison, et al., 2012; Koolschijn et al., 2009; Sacher et al., 2012; Wise et al.,
2017) in depression along with reductions of cortical thickness in the OFC (Suh
et al., 2019).

There is also evidence that CRF is positively associated with gray matter
volume in the PFC and ACC, with the majority of work examining brain structure
correlates of these variables in older adults using voxel-based morphometry.
Cross-sectionally, fitness-related effects have been revealed in the dorsolateral
(Weinstein et al., 2012) and dorsomedial PFC of older adults, including those
with more general localization of effects to the PFC (Colcombe et al., 2003;
Erickson et al., 2007; Gordon et al., 2008). Positive associations have also been
reported between CRF and volume of the ACC (Gordon et al., 2008) and
subgenual ACC, specifically (Erickson et al., 2007). Experimental evidence from
an aerobic exercise intervention demonstrated increased gray matter volume in
the PFC and ACC of older adults, among other regions (Colcombe et al., 2006).
The progressive six-month training program elicited a 16.1% increase in VOzmax,
though the authors did not examine associations between change in fitness and
extent of volume change. After six months of moderate-intensity (i.e., Nordic
walking) and low-intensity (i.e., gymnastics and stretching) group activity
sessions, gray matter volume changes in the PFC and ACC were positively
correlated with increased in energy expenditure due to PA (Ruscheweyh et al.,

2011).
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Brain structural studies have also revealed increases in PFC and ACC
volume associated with PA. Floel and colleagues (2010) identified a large region
comprising areas of the right PFC, ACC, and posterior cingulate cortex
associated with self-reported PA in older adults. Bugg and Head (2011) reported
a small but significant association between self-reported exercise during the
preceding decade and dorsal PFC volume. Similarly, prospective associations of
self-reported PA in midlife with regional volumes within the PFC have been
reported after nine (Erickson et al., 2010) and twenty years (Rovio et al., 2010).
Studies of CRF- and PA-related differences in brain morphology are scarce in
younger adults; however, one study reported significant moderate associations of
CRF and accelerometry-measured moderate-to-vigorous PA with volume of the
right and bilateral rostral ACC, respectively (Bento-Torres et al., 2019).
Conversely, another recent study suggests that age moderates the association
between CRF and cortical thickness such that higher VO2peax is associated with
thinner cortex in young adults and thicker cortex in older adults (Williams et al.,
2017), though these effects remain to be examined in middle age.

Striatum

Volumetric reductions of the striatum have also been observed in
depression. Meta-analyses indicate significant reductions in MDD patients
compared to healthy controls for the caudate and putamen (Arnone et al., 2012;
Bora, Harrison, et al., 2012; Kempton et al., 2011; Koolschijn et al., 2009), with
equivocal findings (Schmaal et al., 2016). Significant focus has been placed on

the functional importance of the nucleus accumbens, a critical component of
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neural reward circuitry, in depression and other mood disorders (Nestler &
Carlezon, 2006); however, there is little evidence to indicate volumetric
alterations in this region with regard to depression.

Few studies have directly examined PA- or CRF-related structural
plasticity of the striatum in adults. One cross-sectional study revealed positive
associations of VOzmax with volume of the nucleus accumbens and caudate, but
not the putamen, in healthy older adults (Verstynen et al., 2012). Another study
determined that an index of motor fitness (i.e. balance, reaction and motor
speed, fine motor control), but not CRF, was uniquely associated with volumes of
the putamen and globus pallidus (Niemann, Godde, Staudinger, & Voelcker-
Rehage, 2014). The limited number of exercise intervention studies that have
included striatal structures, either a priori or by using a whole-brain approach,
have reported no effect of aerobic exercise on volume of the caudate (Erickson
et al., 2011; Niemann, Godde, Staudinger, et al., 2014) or putamen (Niemann,
Godde, Staudinger, et al., 2014).

Summary

Widespread brain structural abnormalities have been identified in
association with depression. Gray matter volume reduction has been most
consistently reported in the hippocampus and prefrontal cortical tissue, while
depression-related differences have also been identified to a less consistent
extent in the basal ganglia, amygdala (Hamilton, Siemer, & Gotlib, 2008; Sacher
et al., 2012), and thalamus (Du et al., 2012). PA and CRF have protective effects

against gray matter volume reduction, which has been most frequently
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demonstrated in aging studies of older adults. Emerging evidence indicates that
PA and CRF may have important neurobiological correlates that overlap
substantially with structural abnormalities identified as potential biomarkers of
depression, but more evidence is needed in young and middle-aged adults and

depressed individuals.

Aberrant Functional Brain Networks in Depression and Influence of
Physical Activity and Cardiorespiratory Fitness

Recently, a ‘triple network model’ was proposed to explain the role of
aberrant large-scale network topology and interconnectivity in psychopathology
(Menon, 2011). This model involves the dysregulation of three core brain
networks which underly the complex cognitive and emotional processes that are
impacted in depression. The networks implicated in this model are the focus of
the subsequent review; however, widespread disruption of functional brain
network organization in depression has been observed. Functional brain network
correlates of PA and CRF have been studied extensively in the context of aging,
while few investigations have leveraged graph theoretical applications across
adulthood or in studies of depressed individuals.

Resting-State Brain Networks

In recent decades, significant attention has turned towards the
measurement of brain network activity using functional MRI. In functional brain
networks, relations are represented as the statistical dependence between
spatially remote neural units known as functional connectivity (Friston, 1994;

Sporns, Chialvo, Kaiser, & Hilgetag, 2004). Measured using functional MR, this
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statistical dependence is quantified as the correlation of low-frequency
fluctuations in the blood oxygen level-dependent (BOLD) signal. So-called

resting-state functional connectivity (FC) refers to this time-dependent covariance

between distributed but functionally coupled brain regions in the absence of a
task (Biswal, Yetkin, Haughton, & Hyde, 1995; Fox & Raichle, 2007; Fox et al.,
2005; Friston, 1994). Because FC is measured at rest, rather than in the
presence of a task, it is a powerful tool for mapping brain organization that is not
confounded by differences in cognition or performance (Buckner, Krienen, & Yeo,
2013).

Default Mode Network. The default mode network (DMN) collectively
refers to a set of brain regions that are reliably activated in a synchronous
manner during periods of rest such as introspection and self-generated thought
(Andrews-Hanna, Smallwood, & Spreng, 2014; Raichle et al., 2001). The network
has distinct anterior and posterior components, anchored in the medial PFC and
posterior cingulate cortex, respectively (Buckner, Andrews-Hanna, & Schacter,
2008). Because of its role in introspective thought and rumination, the DMN has
been of particular interest in the study of depression, as a hallmark of depression
is perseveration on negative self-referential thoughts (Berman et al., 2011). The
most consistent finding in MDD is increased FC within the anterior portion of the
DMN (Kaiser, Andrews-Hanna, Wager, & Pizzagalli, 2015; Mulders, van
Eijndhoven, Schene, Beckmann, & Tendolkar, 2015). Observations of
hyperconnectivity between the DMN and the subgenual ACC, a region strongly

implicated in emotional behavior and dysfunction in mood disorders (Drevets et
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al., 2008), suggests that over-involvement of the subgenual ACC—an ‘out-of-
network’ node—may be a feature unique to depression (Berman et al., 2011;
Davey, Harrison, Yucel, & Allen, 2012; Greicius et al., 2007; Menon, 2011).
Moreover, connectivity of the subgenual ACC and DMN is positively correlated
with the length of current depressive episode (Greicius et al., 2007) and
measures of rumination in healthy individuals and MDD patients (Berman et al.,
2011). It has also been suggested that dissociation between the anterior and
posterior subnetworks of the DMN plays a distinct role in the dysregulation of the
DMN’s organization in depression (Kaiser et al., 2015).

Frontoparietal Central Executive Network. The frontoparietal central
executive network (CEN) is responsible for numerous higher-order cognitive
processes (e.g., working memory, attention, decision making) and is anchored in
the dorsolateral PFC and lateral posterior parietal cortex (Seeley et al., 2007).
While cognitive deficits are a hallmark of numerous psychological disorders, the
CEN has received less attention in the study of psychopathology than networks
more readily associated within emotional or self-referential processes. A recent
coordinate-based meta-analysis revealed hypoconnectivity within the CEN in
depression, primarily in the form of weaker positive connectivity between regions
of the dorsolateral PFC and the posterior parietal cortex (Kaiser et al., 2015).
Alterations of FC between CEN and DMN have been reported, though with
inconsistent direction, likely reflecting impaired salience-related ‘switching’ and
the disrupted coordination of CEN and DMN engagement (Kaiser et al., 2015;

Menon, 2011; Mulders et al., 2015).
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Salience Network. The brain’s salience network (SAL) is named for its
critical role in detecting and integrating relevant sensory information, and has
been linked to emotional control and switching between the DMN and CEN
(Goulden et al., 2014; Seeley et al., 2007; Sridharan, Levitin, & Menon, 2008).
Anchored in the dorsal ACC and operculo-insular cortex, the SAL shows
increased activation during cognitive and affect processing, and is integral in
orchestrating interactions between other core brain networks—the CEN and
DMN, in particular (Menon & Uddin, 2010). Hypo- and hyperconnectivity between
distinct regions of the DMN and SAL have been reported in depression, and this
dysregulation is proposed to underly weak salience-related ‘switching’ and the
altered inability to disengage ruminative and self-referential mental activity
(Menon, 2011). Within the triple network model proposed by Menon and
colleagues (2011), the compromised ability of the SAL to appropriately assign
saliency to external stimuli and internal mentalizations is a cornerstone of the
dysregulated network interactions among DMN, CEN, and SAL. This
dysregulation is reflected in aberrant coupling of these networks and imbalance
resulting from failure to appropriately engage and disengage the internally-
focused DMN and externally-focused CEN in relevant contexts.

Graph Theoretical Analysis of Large-Scale Functional Brain Networks

The application of graph theory, a set of mathematical concepts
developed to characterize complex networks, to study the brain has promoted
the burgeoning field of network neuroscience. Graph theory is concerned with the
understanding of complex systems, which can be described mathematically as

graphs comprising individual components (‘nodes’) and the relations or
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connections between them (‘edges’). The brain is an exemplar complex network,
and indeed early investigations of brain network topology (Eguiluz, Chialvo,
Cecchi, Baliki, & Apkarian, 2005; Salvador et al., 2005) revealed the ‘small-world’
properties originally described in foundational work by Watts and Strogatz (1998)
describing these properties in social networks. This small-world organization is
characterized by highly-clustered (i.e., densely connected) communities of nodes
and the presence of relatively few long-range connections between them. This
organization of the brain and other networks supports functionally segregated
and integrated processing while minimizing the cost of information processing
and ‘wiring’ costs (Bassett & Bullmore, 2006).

Numerous measures of network topology have been applied to the study
of brain networks to better understand how brain organization supports
processes underlying complex behavior. Network graphs representing the brain
can be defined on the basis of structural or functional relations between brain
regions. In structural brain networks, the edges of constructed graphs are defined
on the basis of physical connections such as the presence of white matter fibers
between discrete anatomical areas. The analysis of functional brain networks
defined using FC provides insight into the intrinsic connectivity patterns of the
human brain in health and disease (Bassett & Bullmore, 2009; Hallquist & Hillary,
2019). Due to the correlational nature of FC, the edges of graphs defined using
this measure are undirected and therefore lack directionality between nodes.

Edges may be represented as binary—denoting the presence or absence of a
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connection—or weighted to represent some magnitude of correlation (i.e.,
functional connectivity) between network nodes.

Comprehensive reviews of brain connectivity measures ‘borrowed’ from
graph theory have been published (e.g., Bullmore & Sporns, 2009; Rubinov &
Sporns, 2010). Those critical to understanding the literature reviewed below are
highlighted here. Degree (k) is a metric representing the number of edges
connected to a node. Degree distributions are considered a fundamental graph
metric, with small-world networks exhibiting ‘scale-free’ properties such that the
degree of nodes with the highest and lowest number of connections can span
orders of magnitude (Hallquist & Hillary, 2019; Sporns et al., 2004).

Global metrics reflecting community structure or segregation include the
clustering coefficient (C), reflecting the proportion of a node’s neighbors that are
also connected to one another. A network’s modularity, in turn, is a statistic
describing the extent to which a network’s nodes form clustered communities
with positive within-community connectivity and negative out-of-community
connectivity. Distinct intrinsic networks within the brain comprise separable
communities with strong intrinsic coupling and weak extrinsic coupling that can
emerge dynamically in fluctuation with varying cognitive states (Sporns & Betzel,
2016). Importantly, highly-connected nodes or ‘hubs’ with high degree are often
located on paths connecting otherwise disparate communities of nodes, thereby
playing an important role in information transfer within the network.

Measures of functional integration include characteristic path length (L),

referring to the average number of edges that comprise the shortest path
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between each node and every other node of a network. The average inverse
shortest path is known as global efficiency, and is another measure reflecting
‘long range’ integration of a network between segregated processing units. It
follows that small-worldness is a ratio of clustering coefficient and characteristic
path length—measures of functional segregation and integration, respectively—
and is optimal when these components are balanced to maximize efficiency of
information processing while minimizing wiring costs. Measures of nodal
centrality reflect the importance of individual nodes on facilitating information
transfer between functional segregated networks, generally indicating a node’s
‘hubness’ in the context of a community of nodes or an entire network.

Disordered Large-Scale Brain Network Topology in Depression

Several investigations have reported aberrant large-scale brain network
organization in MDD patients with equivocal findings. Zhang and colleagues
(2011) applied graph theory techniques to ascertain differences in resting state
network topology between drug-naive first-episode MDD patients and healthy
controls. Comparisons of global small-world parameters, including clustering
coefficient and path length, revealed significantly lower path length and increased
global efficiency in MDD patients. These differences indicate a shift in network
organization such that resting state networks in MDD more closely resemble
random networks, hence disrupting the optimal balance between functional
segregation and integration. Pairwise comparison of network connectivity,
utilizing the network-based statistic for control of family-wise error rate, revealed
a subnetwork comprising numerous DMN regions that was more intrinsically

connected in MDD patients than controls.
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A similar study compared drug-naive adolescents with first-episode MDD
to non-depressed controls, revealing significantly reduced small-world
characteristics of brain network topology in MDD (Jin et al., 2011). While this
finding is in agreement with that of Zhang et. al., 2011, analyses are not
presented for path length and clustering coefficient, therefore it is not possible to
determine which changes in network organization are driving this difference.
Pairwise comparisons of FC strength revealed numerous pairs of nodes with
higher connectivity in the depressed group, including numerous connections of
the amygdala and within the PFC. Further, the magnitude of increased
connectivity at several of these edges and increased amygdala degree were
positively correlated with illness duration. These results complement previously
discussed structural work to suggest that dysregulation of functional networks in
depression is likely cumulative. Of note, it is unclear what corrections were made
for multiple comparisons across numerous pairwise and correlation analyses in
this study, suggesting that caution of interpretation is warranted in light of
potentially increased false positives.

Ye and colleagues (2015) compared medication naive MDD patients to
healthy controls and found no difference in global efficiency, but significantly
higher local efficiency and modularity in MDD. Whole-brain network modularity
was significantly and positively correlated with depressive symptom scores.
Various measures reflecting nodal centrality (i.e., degree, efficiency,
betweenness) revealed lower centrality in the ACC and superior frontal gyrus and

increased centrality in various regions including hippocampus, amygdala,
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thalamus, and middle temporal gyrus. The majority of nodes exhibiting modified
centrality in MDD were within the DMN and CEN, perhaps reflecting alterations in
connectivity between networks that have been revealed using other empirical
approaches and meta-analyses (Kaiser et al., 2015).

While the aforementioned studies focused exclusively on medication-
naive or first-episode MDD patients, other studies have examined more
heterogeneous groups. Lord and colleagues (2012) examined global network
measures and node-wise participation coefficients in a heterogenous group of
medicated MDD patients compared to controls. While they detected no between-
group differences in global small-world or efficiency metrics, a number of nodes
shifted significantly in terms of participation between modules of the network.
Nodes within the frontal and parietal cortices shifted towards roles as between-
module connectors, while most shifts within inferior occipital, parietal, and
subcortical regions occurred such that these nodes became more embedded in
local networks. Participation coefficients provided a significant amount of
information for accurate support vector classification of patients versus controls,
indicating that disruption of resting state network modularity may hold potential
as a future biomarker of MDD status or risk.

In another study of medicated recurrent MDD patients, reduced global
efficiency was accompanied by increased characteristic path length and
increased global betweenness-centrality (Meng et al., 2014). These results are in
contrast to those of Zhang and colleagues (Zhang et al.), though the sample was

notably more heterogeneous in terms of depressive episode number and
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medication type (Gong & He, 2015). Shifting nodal importance was indicated by
increased betweenness centrality in the putamen and decreased betweenness
centrality in the caudate. Disrupted degree of the inferior frontal gyrus and
increased hub-ness (i.e., betweenness centrality) of the posterior supramarginal
gyrus, hubs of the SAL and DMN respectively, were associated with current self-
reported depressive symptoms. Though contradictory to observations in more
homogenous patient groups, these results provide additional evidence that the
DMN and SAL are centrally involved in global organization in MDD, and perhaps
with symptom severity.

Other investigations have reported widespread reductions in FC within
intrinsic functional brain networks in depression. Observations of decoupling
include those of reduced cerebellar-cerebral FC in treatment-resistant and
treatment-sensitive depression (Guo et al., 2013) and reduced connectivity
between the ventromedial PFC with ACC (Wang et al., 2014). Tao and
colleagues (2013) observed reduced connectivity of numerous between-network
edges within a circuit comprising the insula, superior frontal gyrus, and putamen.
These findings are consistent with the increased segregation of intrinsic brain
networks in depression observed by Lord et al. (2012). Conversely, Perrin and
colleagues (2012) observed reduced global FC of a discrete cluster
encompassing the left dorsolateral PFC in patients with treatment-resistant
depression after electroconvulsive therapy. Reduction of global connectivity in
this region was associated with a large reduction of 25.9 + 11.6 points on the

Montgomery Asberg Depression Rating Scale.
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Zheng and colleagues (2015) investigated aberrant FC of large-scale
brain networks within the triple network model framework. Intrinsic (i.e., within-
network) and internetwork (i.e., between-network) FC of the DMN, CEN, and SAL
were examined in a heterogenous group of MDD patients compared to non-
depressed controls. In line with predictions of the triple network model, increased
connectivity between the DMN and CEN was observed in conjunction with
increased degree of the right anterior insula, a critical hub of SAL. This
hyperconnectivity of the anterior insula—a key orchestrator of salience mapping
and orientation between the CEN and DMN—in MDD reflects its role as a
potential focal point in disrupted modularity and dynamic functional segregation
between networks (Menon, 2011; Menon & Uddin, 2010).

Taken together, these studies demonstrate widespread dysregulation of
functional brain network topology in MDD. Equivocal findings may be related to
the heterogeneity of study samples and graph theoretical metrics adopted for
study of these networks. Systematic study across samples using the same
analysis strategies and methods of identifying brain networks will be imperative
to clarify the symptomatic and behavioral correlates of network dysfunction in
MDD (Gong & He, 2015). Nevertheless, consistent findings of altered topology
within and between the core DMN, CEN, and SAL networks presents an
interesting avenue for future work characterizing MDD and treatment response.

Influence of Physical Activity and Cardiorespiratory Fitness on Large-Scale
Brain Network Topology

Relatively few studies have examined the influence of PA and CRF on

network measures reflecting the organization of intrinsic brain networks. As in
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structural investigations, much of the existing work is focused on exercise in the
context of aging-related network dysregulation. A relatively early study by
Burdette and colleagues (2010) applied graph theoretical techniques to ascertain
the effects of exercise training on global metrics of functional brain network
organization. In a sample of healthy older adults with self-reported memory loss,
network graphs were constructed to represent FC between voxel-wise nodes
after 4-month aerobic exercise and educational control interventions. Global
network metrics, including degree, global efficiency, and local efficiency, revealed
no difference between groups after interventions, though their analyses did not
examine changes over time within experimental groups. Examination of local
differences between groups indicated higher hippocampal degree in the exercise
group, though the absence of pre-intervention measurements and small sample
size (n = 11) limit the ability to draw strong conclusions from this study.

In a more contemporary study, Voss and colleagues (2016) qualitatively
compared network characteristics associated with aging, CRF, and
accelerometry-measured PA. The network-based statistic, a technique to identify
effects within connected components of nodes and edges (Zalesky, Fornito, &
Bullmore, 2010), revealed stronger connectivity within functionally coherent
networks of younger adults. Conversely, between-network connections were
stronger in older adults. These findings suggest dysregulation of the balance
between functional segregation and integration of distinct networks in the older
adult brain. Correlations of CRF and FC were examined in older adults, revealing

positive associations of CRF and within-network functional connectivity primarily
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in the DMN and dorsal attention network. CRF was negatively associated with
the strength of several between-network connections, further suggesting that
higher CRF may combat deleterious shifts in brain organization associated with
aging. A focused seed-based analysis confirmed this pattern of results within the
DMN, demonstrating higher within-DMN connectivity in highly-fit older adults and
higher between-network connectivity of core DMN regions in lower-fit older
adults. In contrast to the widespread associations revealed between CRF and
FC, there were no statistically significant network components associated with
light-intensity or moderate-intensity PA. The results of this study support the
hypothesis that CRF plays a key role in the association between PA and the
maintenance of behavior (e.g., cognitive function) supported by optimal brain
network organization.

A second cross-sectional study in healthy older adults examined the
influence of CRF on global efficiency and local efficiency of functional brain
networks with contradictory findings (Kawagoe, Onoda, & Yamaguchi, 2017).
Positive associations were revealed between CRF and global efficiency,
suggesting increased functional integration between local networks. CRF was
unexpectedly negatively associated with local efficiency, indicating reduced
functional segregation and lower integration within local modules for those with
higher fitness. Further, there were no associations revealed between CRF and
nodal betweenness centrality, a metric reflecting the relative influence of a node
for information transfer between other nodes of the network. These findings

appear in contrast to those of the previous study, though the authors suggest that
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increased global efficiency at the cost of local efficiency may represent a
compensatory mechanism as functional segregation decreases with age.
Notably, this study utilized an anatomical atlas to define network nodes, while
Voss and colleagues (2016) identified intrinsic networks and nodes using a data-
driven independent components analysis. This and other methodological
differences, including disparate network metrics and statistical approaches,
warrants caution when directly comparing results of these studies.

Investigations linking CRF and PA to functional brain network organization
in young or middle-aged adults are scarce; however, one recent study utilized a
modern multivariate method and graph theory to investigate individual
differences in FC in healthy young adults (Talukdar et al., 2018). CRF, assessed
using fat-free VO2max, Was associated with the multivariate functional connectivity
profiles of eight widespread brain regions within prefrontal, middle temporal, and
parietal lobes, cerebellum, and thalamus. Further analysis of connectivity profiles
within atlas-defined networks revealed substantial involvement of CRF-
associated regions across multiple intrinsic functional networks, with the most
critical influence on core networks including the CEN and DMN. Linking brain to
behavior, the strength of FC for CRF-sensitive brain regions within the CEN
significantly predicted fluent intelligence scores. This cross-sectional study
demonstrates in young adults that differences in functional brain network
topology associated with CRF can be detected at an individual level. The
widespread differences associated with CRF in this large and comprehensive

study reflect the potential of exercise and improvements in CRF to impact and
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potentially protect multiple brain networks even prior to the onset of aging-related
dysregulation.

Existing applications of graph theoretical techniques to the functional
connectome suggest a promising role of CRF, in particular, in the organization of
brain networks underlying specialized cognitive and affective processes. There is
little evidence supporting the independent association of PA with measures of
network efficiency and organization, though there are few investigations
addressing this relationship. Further, the relations of PA and CRF have yet to be
investigated in a number of populations, including clinical populations and at-risk
populations who may exhibit aberrant whole-brain topology. Continued research
will be needed to determine whether existing findings generalize across different
clinical and age groups, and to determine the efficacy of interventions to target

large-scale networks in these populations.
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CHAPTER 2: Data Source and Preparation

Enhanced Nathan Kline Institute Rockland Sample

The publicly available enhanced Nathan Kline Institute Rockland Sample

(NKI-RS) is an ongoing effort to create a large-scale community sample of
participants across the lifespan (http://fcon_1000.projects.nitrc.org/indi/enhanced;
Nooner et al., 2012). Relevant data for the current dissertation included
advanced neuroimaging, physiological assessments (e.g., cardiovascular fitness
testing), and psychometric assessments. The NKI-RS is comprised of several
studies that share a core research protocol; therefore, a number of phenotypic
and neuroimaging measures are collected from participants enrolled in any one
or more of these studies. Anonymized neuroimaging and phenotypic (e.g.,
behavioral, physical) data from this core research protocol are currently available
for approximately 1,500 participants between the ages of 6-85. Use of these data
for this dissertation project was approved through the exempt review process by
the University of Maryland College Park Institutional Review Board.

Phenotypic data from 1,087 adults (18-85 years old) were available and
extracted from LORIS. While the majority of these participants completed only
one core research protocol (i.e., baseline) visit, a small subset of participants
completed a second (n = 91) or third (n = 1) baseline visit after some delay. For
these participants, the most recent baseline visit was selected for subsequent
cleaning and transformation. The following sections include expanded detail of

measurements and assessments used for this dissertation project. Data
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collection methods and scoring procedures are as reported by NKI-RS except

where additional or modified calculations are noted.

Phenotypic Data Extraction and Transformation

The full phenotypic data release was accessed under an authorized NKI-
RS Data Usage Agreement [Pl: J Carson Smith] and extracted from the

Longitudinal Online Research and Imaging System (LORIS) Database. This data

release includes diagnostic, psychiatric, behavioral, and laboratory assessments.
Information was collected from participants using various published or study-
specific questionnaires and instruments. Data points that were of interest in the
current study as primary variables of interest, descriptive variables, or criteria for
inclusion are described in the sections below. This project was approved under
exempt review by the Institutional Review Board at the University of Maryland
College Park.
Demographic Information

Demographic and Handedness Information. Participants self-reported
demographic information including age, sex, race, and ethnicity. With the
exception of age and sex, demographic information was gathered only for
descriptive purposes. Age was used as a criterion for inclusion, and both age and
sex were included as control variables and covariates across multiple aims of this
project.

Educational Attainment. Socioeconomic status was assessed using the
Hollingshead Four-Factor Index of Socioeconomic Status (Hollingshead, 1975).

This questionnaire was administered by an interviewer, and includes items
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regarding educational attainment, occupational prestige, marital status, and
employment status. The participant’s highest grade completed is coded into an
education index representing a standardized value for educational attainment (1
= less than 7" grade, 2 = up to 9" grade, 3 = partial high school up to 10" or 11t
grade, 4 = high school graduate, 5 = some college and/or = 1 year of specialized
training, 6 = standard college or university degree, 7 = graduate or professional
training). For the current project, this educational index was gathered to be
included as a control variable in the structural equation model.

Diagnostic and Medical Information

Diagnostic Summary. Qualified study staff completed a diagnostic
summary for each participant following administration and review of the
Structured Clinical Interview for DSM-IV-TR Axis | Disorders — Non-Patient
Edition (First, Spitzer, Gibbon, & Williams, 2002) and Adult ADHD Clinical
Diagnostic Scale (Adler & Cohen, 2004). These semi-structured interviews were
administered to all adult participants in the NKI-RS to assess current and past
episodes of psychopathology and attention-deficit hyperactivity disorder.
Summary information comprised diagnoses with categorical qualifiers referencing
status of diagnosis (e.g., past, current, recurrent). Diagnostic summary
information was used to describe the study sample, specifically the prevalence of
clinical depression, and to enforce exclusion criteria based on the presence of
a(ny) relevant diagnosis.

Medical History and Medications. Information regarding current or past
medical and psychiatric conditions was collected using multiple instruments

designed by NKI-RS study staff. The medical history questionnaire is a self-
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report form designed to construct a comprehensive record of each participant’s
medical and psychiatric history. Participants respond Yes or No to a list of
possible medical issues with some items requesting further elaboration.
Additionally, study staff directly questioned participants regarding current
illnesses or health problems and recorded all responses. Self-reported medical
and psychiatric conditions were combined with diagnostic summary information
to enforce inclusion and exclusion criteria.

Participants were directly questioned about current medications by study
staff. If participants reported routine use of any medication(s) or supplement(s),
the name and duration of medication use was recorded. All medications and
supplements reported were manually reviewed. Participants were not excluded
from the current study for stable use of medications; however, medications with
known effects on heart rate (e.g., beta-blockers) were coded for integration into
the cardiovascular fitness testing data cleaning procedures. Briefly, medications
endorsed by participants were cross-referenced within DrugBank
(http://www.drugbank.ca/) for relevant information on drug target and mechanism
of action. Chronic-use medications with direct action on beta- or alpha-
adrenoceptors and with high or intermediate selectivity for cardiac muscle or
otherwise documented impact on heart rate were coded as exclusionary
(Appendix, Suppl. Table 1). These determinations were made in consultation with
published guidelines for exercise testing (American College of Sports Medicine,

2018). Current and stable use of antidepressants, benzodiazepines, antianxiety,
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or other psychotropic medications was coded for descriptive purposes and for
exclusion where duration of medication use was < 3 months.

Blood and Urine Lab Testing. Blood and urine samples were analyzed
by the Office of Mental Health Clinical Laboratories at the Nathan S. Kline
Institute for Psychiatric Research. Outcomes include routine panels and
screenings for benzodiazepines, tricyclic antidepressants, cocaine,
methamphetamines, methadone, oxycodone, phencyclidine, barbiturates,
tetrahydrocannabinol, ecstasy, and amphetamines. These data were coded both
for descriptive purposes and for assessment of exclusion criteria (e.g., positive
illicit drug screen).

Physical Activity
Intensity-specific and total physical activity (PA) were assessed using the

International Physical Activity Questionnaire (IPAQ; Craig et al., 2003). The IPAQ

was developed by an International Consensus Group on Physical Activity
Measurement to obtain estimates of PA level across countries and cultures with
acceptable validity (Booth, 2000). The NKI-RS uses a self-administered long
version of the IPAQ that prompts participants to report on PA in the past week.
This version of the IPAQ comprises a set of 27 items probing individuals about
multiple domains of PA including work-related PA, transportation-related PA,
household and gardening activities, and activity in leisure time for sport, exercise,
and recreation. Within each domain, participants report on time spent engaging
in low-intensity PA (i.e., walking), moderate-intensity PA, and vigorous-intensity
PA. lllustrative examples of activities within these intensity-defined categories are

included within relevant items of the questionnaire. A continuous measure of
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energy expenditure is computed by multiplying time spent in each category of
activity by its energy requirements in metabolic equivalents (METs). The resulting
estimate of total weekly energy expenditure (MET-min-wk') is a convenient and
standardized measure of PA volume (American College of Sports Medicine,
2018).

This long form of the IPAQ exhibits excellent test-retest reliability for
measurement of total PA in adults (Craig et al., 2003; Silsbury, Goldsmith, &
Rushton, 2015). Measurement of PA on the IPAQ has demonstrated moderate
concurrent validity against accelerometry (o = 0.3-0.55) and energy expenditure
estimates from the gold standard doubly labeled water method (r = 0.33; Boon,
Hamlin, Steel, & Ross, 2010; Craig et al., 2003; Hagstromer, Oja, & Sjostrom,
2007; Maddison et al., 2007). The measurement properties of this IPAQ form are
comparable or preferable to other available self-report measures (Silsbury et al.,
2015).

Guidelines for scoring IPAQ data are provided by the IPAQ Research
Committee (IPAQ Research Committee, 2005). Briefly, weekly duration at each
intensity (i.e., low, moderate, vigorous) and within each domain (i.e., work,
transportation, leisure time, etc.) was calculated as the product of number of
days reported and time spent each day. PA was operationalized as both
intensity-specific and total MET-min-wk' calculated from responses on the IPAQ.
To calculate an intensity-specific PA score (MET-min-wk"), the sum of values
within each intensity category is multiplied by MET values corresponding to

walking (3.3 METs), moderate PA (4.0 METs), and vigorous PA (8.0 METS).
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Total PA scores were obtained by calculating the sum of values across walking,
moderate-intensity, and vigorous-intensity items.

In accordance with published scoring guidelines, cases with missing data
on any item(s) contributing to the total PA score were excluded for analyses
utilizing total PA. Similarly, intensity-specific PA scores were excluded for
participants with missing data on any item(s) contributing to a given intensity-
specific PA score. Therefore, it is possible that participants had intensity-specific
PA scores available for light-intensity, moderate-intensity, or vigorous-intensity
PA; however, total PA was only available for participants with complete data
within all of these intensity categories. Also pursuant to the data cleaning
guidelines, data were excluded for participants reporting an average of more than
960 minutes (16 hours) of physical activity per day. While the scoring guidelines
specify rules for truncation of low-, moderate-, or vigorous-intensity timing values
exceeding 180 minutes per day, data were not truncated for this project to avoid
creating censored—rather than continuous—variables.

Cardiorespiratory Fitness

Submaximal Cycle Ergometer Test. CRF was operationalized by

measuring heart rate (HR) during a modified Astrand-Ryhming submaximal cycle

ergometer test (Astrand & Ryhming, 1954; Legge & Banister, 1986; Siconolfi,
Cullinane, Carleton, & Thompson, 1982) and subsequently extrapolating

estimated maximal oxygen consumption rate (VOamax). While direct measurement

of VO2zmax is the gold standard for assessment of CRF, submaximal exercise
testing reflects CRF at a lower cost and with reduced risk of adverse events

(American College of Sports Medicine, 2018). Participants were instructed to
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cycle for 6 min at 70 revolutions per minute on a recumbent cycle ergometer
(RBK 815, Precor, Woodinville, WA) set to an age- and sex-determined
resistance level (Appendix, Suppl. Table 2). HR was measured prior to and
throughout testing with a pulse oximeter applied to the finger. Cycling was
monitored to ensure participants maintained a speed of 68-72 revolutions per
minute. Final HR (HRfinai) and work rate (WRsinai; watts) were recorded at the end
of the 6-minute interval. If the participant was unable to complete the full 6-
minute interval, failure time and final HR at failure were recorded.

Estimates of VO2zmax Were extrapolated based on HRinai and WRiinal Using
equations derived from the modified Astrand nomogram (Appendix, Cullinane,
1988; Siconolfi et al., 1982). This method of calculating estimated VOzmax shows
high correspondence between measured VO2zmax for both men (r = 0.88) and
women (r = 0.87) across multiple age groups (Siconolfi et al., 1982). Calculated
values of estimated VO2zmax Were corrected for age (Cullinane, 1988). In order to
make meaningful comparisons among participants, this age-corrected estimate
was converted to and expressed relative to body weight in units of mL-kg'-min-*.

Cardiorespiratory fitness data were excluded where participants failed to
complete the full 6-minute interval or reported taking HR-altering medications
(Appendix, Suppl. Table 1). Values falling outside the range of 12.0-90.0 mL-kg"
.min"' were excluded based on published reference values on VO2max for men
and women across relevant age groups (American College of Sports Medicine,
2018; Kaminsky, Arena, & Myers, 2015; Kaminsky, Imboden, Arena, & Myers,

2017). In a subset of n = 171 participants with both measures available,
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Pearson’s correlations were conducted to examine the agreement of estimated
VO2zmax derived from the submaximal cycle ergometer test with VOzmax measured
during a maximal cycling protocol with respiratory measures. This analysis
demonstrated reasonable agreement of the submaximal VO2zmax estimate with the
metabolically-assessed measure, with the submaximal estimation generally

overestimating CRF (r(169) = .639, 95%CI [0.54, 0.721], p < .001; Figure 1).

sex males @ females

80
8 60
Q
S
Q
©
I}
£
g 40

[}
> )
< ® °
£ o €
~ R .'\,. 5 ] ]
8 09 SN0 clse? ¢ °
§ o0 .S @ °
e Seee v o
0
0 20 40 60 80

Estimated VOanmax (Ml/kg/min) [submax]

Figure 1. Correlation of estimated VO,max derived from submaximal cycle ergometer
protocol against maximal graded exercise test with respiratory measures. r(169) = .639,
95%CI [0.54, 0.721], p < .001

Depression Symptom Presence and Severity
The presence and severity of depressive symptoms was assessed with

the Beck Depression Inventory-Il (BDI-1I; Beck, Steer, & Brown, 1996). The BDI-I

is a self-report questionnaire designed to measure the presence and severity of
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symptoms, and one of the most widely used self-report measures of depressive
symptoms. The BDI-Il was developed to correspond to DSM-1V criteria for
diagnosing depressive disorders and comprises 21 items designed to assess
depressive symptoms including but not limited to sadness, feelings of failure and
worthlessness, anhedonia, self-criticism, agitation, and changes in energy or
appetite. For each item, participants select the statement that best describes
their feelings during the past two weeks on a four-point scale ranging from 0 to 3.
Score on the BDI-Il is calculated from the sum of these items. Possible scores
are between 0 and 63. Data from the BDI-Il were gathered as the primary

measure of depression symptom severity.

Neuroimaging Data Extraction

The publicly available neuroimaging data from NKI-RS were extracted
from an Amazon Web Services S3 bucket. High-resolution T1-weighted structural
images were acquired for cortical thickness and brain volumetric analyses.
Resting-state blood oxygen level-dependent functional images were extracted for
functional brain network analyses. MRI acquisition and preprocessing procedures
are detailed in subsequent sections. Quality control procedures were conducted
on raw structural and functional MRI data based on guidelines provided by the
University of Miami Brain Connectivity and Cognition Laboratory

(http://fcon_1000.projects.nitrc.org/indi/enhanced/qc.html).

Sample Determination
The workflow for determining the eligible participant pool is illustrated in

Figure 2. Phenotypic data were extracted from LORIS for all participants between
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the ages of 18-85 years of age (n = 1,087). From this sample, participants with
missing lab test data, diagnostic summary information, medical history, and/or
medication data were excluded (n = 80). Diagnostic summary and medical
history data were used to exclude participants who met any of the following
criteria (n = 204): current or past alcohol or drug dependence; diagnosis of
bipolar disorder, schizophrenia, or psychotic disorder; history of stroke, epilepsy,
or convulsions/seizures; neurodegenerative disease (i.e., Alzheimer’s dementia,
Parkinson’s disease, or Huntington’s disease); or diagnosis of autism,
Asperger’s, or pervasive developmental disorder. Those who reported a duration
of use < 3 months for currently prescribed psychotropic medications (e.g.,
stimulants, antidepressants) were also excluded (n = 13). Application of these
exclusion criteria yielded a pool of n = 790 eligible participants. Additional
inclusion criteria specific to project aims are detailed within subsequent study-

specific methods.
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Participants Aged 18 to 85
(n=1,087)

———————» Incomplete Eligibility Criteria Data (n = 80)
- Diagnostic summary missing/incomplete, n = 14
- Medical history missing/incomplete, n = 6
- Medication data missing/incomplete, n = 22
- Lab/drug screen data missing/incomplete, n = 58

All Eligibility Criteria Data Available
(n =1,007)

I » Ineligible for Inclusion (n = 217)

- Current or past substance dependence, n = 116

- Bipolar, Schizophrenia, or psychotic disorder, n = 16
- Neurodegenerative disease, n = 2

- History of stroke, epilepsy, or seizures, n = 15

- Pervasive developmental disorder, n = 2

- Positive drug screen, n = 110

- Psychotropic medication use < 3 months, n =13

Eligible Participants
(n=790)

——— Excluded from Aim 1 Analyses (n = 151)
- Insufficient PA | CRF | BDI-Il measurements available, n = 81
- Maximum lag between behavioral measurements > 28 days, n = 70

Aim 1 Subsample
(n=639)

———> Excluded from Aim 2 Analyses (n = 396)
- PA, CRF, or BDI-Il measurement(s) missing/unusable, n = 325
- Maximum lag between behavioral or neuroimaging measurements > 28 days, n = 27
- Structural MRI data missing or unusable, n =5
- Moderate-to-severe ringing/blurring artifact, n = 27
- 30.0 < Qoala-T rating < 70.0 & manual QC score > 2, n =12

Aim 2 Subsample
(n =243)

———— Excluded from Aim 3 Analyses (n = 413)

- PA, CRF, or BDI-Il measurement(s) missing/unusable, n = 325

- Maximum lag between behavioral or neuroimaging measurements > 28 days, n = 27
- Resting-state fMRI or structural MRI data missing/incomplete, n = 12

- Motion artifact, n=6

- Susceptibility artifact/signal dropout, n = 24

- Insufficient fMRI data coverage, n = 1

- Maximum framewise displacement > 1.0 mm, n =18

Aim 3 Subsample
(n =226)

Figure 2. Workflow of inclusion and exclusion criteria for determination of eligible
participants and aim-specific subsamples.
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CHAPTER 3: Direct and Indirect Effects of Physical Activity and
Cardiorespiratory Fitness on Depression Symptoms

The purpose of this study was to examine the associations among low-,
moderate-, and vigorous-intensity physical activity (PA), cardiorespiratory fitness
(CRF), and depression symptoms. Measured variable path analyses were
conducted to determine a) the direct and indirect effects of intensity-specific PA
on depression symptoms, b) the direct effect of CRF on depression symptoms,
and c) the extent to which the indirect effects of light-, moderate-, and vigorous-
intensity PA on depression symptoms are mediated by CRF. Within this study, it
was hypothesized that the effects of moderate- and vigorous-intensity PA on
depression symptom severity are mediated by CRF, while the direct effect of low-
intensity PA is not.

This structural equation modeling (SEM) approach to mediation analysis
has several advantages over the widely used regression approach (Baron &
Kenny, 1986). Parameters representing relationships between variables are
estimated in a single step, therefore improving statistical power and better
representing the dual role of the mediator and simultaneously estimated direct
and indirect effects (Gunzler, Chen, Wu, & Zhang, 2013). As an exploratory step,
a mediation model was conducted to examine total PA (i.e., combined across
intensity categories) and its structural effects on cardiorespiratory fitness and

depression symptoms.
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Methods
Subsample Selection and Demographics

Participants were selected from the eligible sample if usable
measurements for at least two variables with modeled effect(s) of interest were
available. Therefore, participants were included if their available data fulfilled any
of the following patterns, where at least one intensity-specific PA variable was
sufficient: a) PA and CRF, b) PA and BDI-II, or c) CRF and BDI-Il. Because the
core study procedures comprised visits taking place over multiple days,
participants were excluded if > 28 days elapsed between measurement of the
behavioral variables of interest. A total of 151 participants were excluded based
on data availability and collection timing criteria. The final subsample included n
= 639 participants between the ages of 18 and 35 years old (432 females, 207
males; 77% white, 14% black or African-American, 6% Asian, 3% other race; 9%
Hispanic).

Within this subsample, n = 135 participants had a positive diagnostic
history of depressive disorder or mood disorder exhibiting depressive symptoms
including current or remitted MDD, dysthymic disorder, adjustment disorder with
depressed mood, or depressive disorder not otherwise specified. Forty-nine
participants self-reported current and regular use of one (n = 30) or more (n = 19)
psychotropic medications for a duration = 3 months. These medications included
serotonin-specific reuptake inhibitors (SSRIs; n = 25), serotonin-norepinephrine
reuptake inhibitors (SNRIs; n = 8), norepinephrine-dopamine reuptake inhibitors
(NDRIs; n = 9), benzodiazepines (n = 12), stimulants (n = 3), tricyclic
antidepressants (n = 1), sedative-hypnotics (n = 4), and antipsychotic mediation
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(n =1). Depression symptom severity assessed on the BDI-I| was higher for
participants with a positive diagnostic history (M = 10.2, SD = 9.1) than those
with a negative diagnostic history (M = 4.1, SD = 4.4; {(144.71) = 7.253, p < .001;
Appendix, Suppl. Figure 1).

Mediation Model Specification

The direct and indirect effects of PA and CRF on depression symptoms
were examined using a measured path analysis. PA was represented by
estimates of weekly energy expenditure from PA (MET-min-wk™") calculated from
the IPAQ. CRF was represented by estimated relative VOzmax (mL-kg™'-min™")
extrapolated from the submaximal cycle ergometer protocol. Depressive
symptom severity was represented by total score on the BDI-II. Previous work
demonstrates high reliability (w = 0.91) of the one-factor general depression
model (Huang & Chen, 2015), indicating that total BDI-Il scores can be
appropriately utilized as a continuous measured variable in this model. Age and
self-reported years of education were included as exogenous variables to be
accounted for in the structural equations.

Multigroup analyses were conducted where sex was included as the
grouping variable such that model parameters were estimated for males and
females separately. To facilitate interpretation of unstandardized parameter
estimates, measured variables representing PA were entered into the model in
units of 1000 MET-min-wk™' (i.e., divided by the constant ‘1000’). Sex differences
between parameter estimates (i.e., male female) were calculated and defined as

additional parameters to be tested in each model. Exogenous PA variables were
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allowed to covary with each other and with the control variables of age and years
of education. Variances and covariances of exogenous variables were fixed to
sample-estimated values.

Intensity-Specific Physical Activity Model. PA was represented in an
intensity-specific model by three exogenous measured variables operationalized
as energy expenditure due to low-intensity PA, moderate-intensity PA, and
vigorous-intensity PA. Within this model, the direct effects of light-, moderate-,
and vigorous-intensity PA on both VO2max and BDI-Il were estimated. The effect
of VO2max 0n PA was also estimated. The indirect effects of light-, moderate-, and
vigorous-intensity PA on BDI-Il were defined as the products of each intensity-
specific PA effect on VO2max and the direct effect of CRF on BDI-Il score. This
design yields a just-identified model (i.e., df = 0) with 30 parameters to be
estimated. The intensity-specific theoretical and measurement models are
illustrated in Figure 3.

Total Physical Activity Model. In a second exploratory model, total PA
was represented as the sum over all intensity-specific PA values. This step
served to examine the direct and indirect effects of total PA ‘dose’ independent of
intensity. Within this model, the direct effects of total PA on both VO2zmax and
depression symptoms were estimated. The effect of VOzmax 0On total PA was also
estimated. The indirect effect of total PA on depression symptoms was defined
as the product of the direct effect of total PA on VO2max and the direct effect of
VO2max on BDI-I score. This design yields a just-identified model (i.e., df = 0) with

22 parameters to be estimated and resembles the canonical mediation model.
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The total physical activity theoretical and measurement models are illustrated in

Figure 4.

cardiorespiratory
fitness

low-intensity
physical activity

moderate-intensity
physical activity

vigorous-intensity depression
physical activity symptoms

b {p

Estimated VO, .y

IPAQ Low PA

IPAQ Moderate PA m

IPAQ Vigorous PA BDI-Il Score

age

edu

Figure 3. Path diagrams illustrating a) theoretical and b) measurement models for
intensity-specific physical activity measured variable path analysis.
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Figure 4. Path diagrams illustrating a) theoretical and b) measurement models for
intensity-specific physical activity measured variable path analysis.
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Data Missingness

Little’s test indicated that data could not reasonably be assumed to be
missing completely at random for either intensity-specific (*> (df = 60, n =639) =
259.37, p < .001) or total PA models? (df = 60, n = 639) = 2570.15, p < .001);
however, the validity of the full information maximum likelihood approach rests on
the more realistic assumption that data are missing at random. Independent-
samples t tests and chi- square tests of independence were conducted to explore
associations between binary missingness variables (i.e., 0 = observed, 1 =
missing) and other measured variables. Missingness was not directly evaluated
for age or education index, as age was available for all participants and
education index missingness was rare (n = 3). Taken together, these exploratory
statistics indicate it is reasonable to argue that the missingness mechanisms are
accounted for by some combination of variables already appearing in the models.
It is assumed for the current analysis that missingness is conditionally random.

Physical Activity Variable Missingness. PA was the most notable
source of data missingness in the current dataset (n = 225), likely owing to the
inability to calculate some intensity-specific or total PA measurements in cases of
missing IPAQ responses. Because the observation of total PA depends on
availability of low-, moderate-, and vigorous-intensity PA measurements, only
missingness of total PA was examined. Independent-samples f tests indicated
that participants with missing total PA data were slightly younger (#(637) =
3.4601, p <.001), less educated ({(634) = 2.1781, p = .030). Missingness of PA

was not associated with sex, VOzmax, or BDI-Il score.
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VO2max Measurement Missingness. VOzmax measurements were missing
for n = 66 participants. The chi-square test of independence indicated that sex
and missingness on VO2zmax Were not independent (2 (df = 1, n =639) = 12.800, p
< .001) such that females had a higher proportion of missing data on VO2zmax
(0.13) than males (0.04). Independent samples f tests indicated non-significant
but notable pattern of VO2max missingness related to total PA ({(412) = 1.7719, p
= .077), education index ({(634) = 1.8114, p = .071), and BDI-Il score (#(571) = -
1.8257, p = .068).

BDI-Il Score Missingness. BDI-Il scores were missing for n = 66
participants. The chi-square test of independence indicated that sex and
missingness on BDI-Il were not independent (2 (df = 1, n =639) = 3.9109, p =
.048) such that males had a higher proportion of missing data on BDI-Il (14%)
than females (9%). Participants with missing BDI-Il scores tended to be older in
age (#(637) = -11.37, p < .001), lower on VOzmax (t(571) = 3.862, p < .001), and
slightly more educated (#(634) = 2.298, p = .022). Of note, exploration of raw NKI-
S data suggest that older adults tested within a brief time frame were not
administered the BDI-II in lieu of an older-adult specific depression inventory.
The relatedness of age with both VO2max and education may also explain the
associations of these variables with BDI-II missingness.

Parameter Estimation

Mediation analyses were conducted using SEM with the ‘lavaan’ package
in R (http://lavaan.ugent.be/). An alpha value of a = 0.05 was utilized as the
threshold for statistical significance. The measured variable path analyses were

conducted using full information maximum likelihood with bootstrapped standard
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errors to mitigate increases in type | error rate due to nonnormality of the
measured variables (Hancock & Lui, 2012). Missingness on both exogenous and
endogenous variables was permitted for model estimation (using /lavaan’s fiml.x’)
to maximize the number of cases included and therefore the representativeness
of the sample. The full information maximum likelihood estimator provides more
reliable and unbiased parameter estimates compared to listwise deletion (Enders

& Bandalos, 2001).

Results

Distributions and descriptive statistics for measured variables are
presented in Table 1 and Figures 5-10.

Intensity-Specific Physical Activity Model

The intensity-specific model explained a small-to-moderate portion of
variance in VO2zmax for males (R? = 0.314) and females (R? = 0.132). The
proportion of variance in BDI-Il score accounted for by the model was R? = 0.039
for males and R? = 0.018 for females. The correlation matrix for variables
included in the intensity-specific physical activity model is presented included in
Table 2. Unstandardized and standardized parameter estimates for the intensity-
specific PA model are presented in Table 3 and Suppl. Table 3 (Appendix). The
standardized solutions of the path models for males and females are illustrated in

Figure 11 and Figure 12, respectively.
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Table 1. Descriptive statistics of measured variables included in intensity-specific and total physical activity measured path

analysis models.

Males Females All Participants

n =207 n =432 n =639
Variable n Mean * SD n Mean * SD n Mean * SD
Age (Years) 207 46.0 +19.3 432 479+ 15.8 639 47.3+17.0
Education Index 206 57+1.0 430 59109 636 5.8+0.95
BDI-Il Score 178 52+59 395 5.6+6.5 573 55+6.3
Estimated VOzmax (mL-kg™*-min"") 199 39.6 +13.0 374 28.7 £ 10.6 573 325+12.6
Low-Intensity PA (MET-min-wk™) 185 1593 + 2344 396 1586 + 2048 581 1589 + 2145
Moderate-Intensity PA (MET-min-wk™) 143 2055 + 2640 274 2261 + 2401 417 2190 + 2484
Vigorous-Intensity PA (MET-min-wk™) 189 1815 + 3349 401 1366 + 2337 590 1510 + 2708
Total PA (MET-min-wk™) 143 4791 + 4958 271 4478 + 4194 414 4586 + 4469

Note: Education index refers to educational attainment code from Hollingshead (1975): 1 = less than 7" grade, 2 = up to 9"

grade, 3 = partial high school up to 10" or 1

1th

grade, 4 = high school graduate, 5 = some college and/or = 1 year of

specialized training, 6 = standard college or university degree, 7 = graduate or professional training. Physical activity

variables in table are in original units (MET-min-wk™") prior to scaling.
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Figure 5. Distribution of age within subsample of participants included in measured
variable path analyses. Dashed line denotes mean.
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Figure 6. Distribution of education index within subsample of participants included in
measured variable path analyses. Dashed line denotes mean.

Direct Effects of Control Variables. The direct effect of age on VO2zmax
was significant for both males and females. Standardized parameter estimates
indicate that every 1-SD increase in age was associated with a 0.558-SD
decrease in VO2zmax for males and a 0.267-SD decrease in VO2zmax for females.
The parameter difference test indicated the strength of this effect was

significantly larger (i.e., a stronger negative effect) for males than females (p <

.001). The direct effect of education on VOzmax was significant only in males. For
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every 1-SD increase in education index, there was a 0.153-SD increase in
VO2max. There were no significant direct effects of age or education on BDI- Il in

either males or females.
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Figure 7. Distribution of scores on Beck Depression Inventory-Il within subsample of
participants included in measured variable path analyses. Dashed line denotes mean.
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Figure 8. Distribution of total energy expenditure from physical activity within subsample
of participants included in measured variable path analyses. Dashed line denotes mean.
Total physical activity is expressed in original units (MET-min-wk™") prior to scaling.
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Figure 9. Distribution of energy expenditure from low-intensity (a-b), moderate-intensity
(c-d), and vigorous-intensity (e-f) physical activity within subsample of participants
included in measured variable path analyses. Dashed lines denote means. Physical
activity variables are expressed in original units (MET-min-wk™") prior to scaling.

68



10000

20000
Total Physical Activity (MET - mins - wk’1)

Total Physical Activity (MET - mins - wk‘1)

25000

20000

15000

10000

5000

i .

Male Female

Sex

L

Figure 10. Distribution of total energy expenditure from physical activity within

subsample of participants included in measured variable path analyses. Dashed line

denotes mean. Total physical activity is expressed in original units (MET-min-wk") prior

to scaling.

Table 2. Correlation matrices for measured variables included in intensity-specific

physical activity model.

MALES

BDI-l VOzmax L-PA M-PA V-PA Age Edu
BDI-ll Score 1.00
Estimated VOzmax -0.07 1.00
Low-Intensity PA -0.10 -0.12  1.00
Moderate-Intensity PA 0,11 -0.17 010 1.00
Vigorous-Intensity PA  -0.07 0.08 0.10 0.18 1.00
Age -0.05 -0.53 0.08 0.23 -0.11 1.00
Education Index 0.02 -0.01 -0.17 0.03 -0.04 0.30 1.00
FEMALES

BDI-l VOzmax L-PA M-PA V-PA Age Edu
BDI-ll Score 1.00
Estimated VO2zmax -0.05 1.00
Low-Intensity PA -0.06 0.10 1.00
Moderate-Intensity PA  -0.09 0.09 023 1.00
Vigorous-Intensity PA Q.11 025 0.23 042 1.00
Age 0.02 -0.27 -0.01 0.02 -0.05 1.00
Education Index -0.04 0.02 -0.09 -0.01 0.02 0.18 1.00
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Table 3. Parameter estimates for intensity-specific physical activity model.

Unstandardized Standardized
95% C.I.
Est.  Std. Error Est. Std. Error z Lower Upper pvalue
MALES
BDI-ll on
Low PA -0.226 0.168 -0.090 0.065 -1.378 -0.218 0.038 .168
Moderate PA  -0.201 0.135 -0.090 0.059 -1.532 -0.205 0.025 .126
Vigorous PA  -0.084 0.172 -0.047 0.098 -0.484 -0.240 0.145 .629
VOzmax  -0.068 0.042 -0.150 0.089 -1.688 -0.323 0.024 .091
Age -0.036 0.035 -0.118 0.111 -1.064 -0.336 0.099 .287
Education 0.231 0.487 0.039 0.082 0.477 -0.122 0.200 .633
VO2max ON
Low PA -0.253 0.326 -0.046 0.059 -0.778 -0.161 0.069 437
Moderate PA -0.258 0.348 -0.052 0.070 -0.741 -0.190 0.086 458
Vigorous PA  0.169 0.282 0.043 0.072 0.599 -0.099 0.185 549
Age -0.376 0.042 -0.558 0.056 -9.925 -0.668 -0.448 <.001
Education 1.994 0.816 0.153 0.061 2510 0.034 0.273 .012
FEMALES
BDI-ll on
Low PA -0.117 0.185 -0.037 0.057 -0.639 -0.149 0.076 523
Moderate PA -0.116 0.170 -0.044 0.064 -0.688 -0.170 0.082 491
Vigorous PA  -0.222 0.175 -0.079 0.063 -1.265 -0.202 0.044 .206
VOzmax  -0.013 0.040 -0.020 0.065 -0.311 -0.149 0.108 .756
Age 0.007 0.022 0.016 0.053 0.306 -0.088 0.121 .760
Education -0.313 0.422 -0.044 0.058 -0.756 -0.159 0.070 449
VO2zmax 0N
Low PA 0.295 0.337 0.057 0.065 0.883 -0.070 0.184 377
Moderate PA -0.029 0.321 -0.007 0.076 -0.090 -0.156 0.142 .928
Vigorous PA  0.999 0.354 0.221 0.072 3.058 0.079 0.362 .002
Age -0.179 0.029 -0.267 0.049 -5.426 -0.363 -0.171 <.001
Education 0.759 0.592 0.066 0.052 1.276 -0.035 0.168 .202
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Figure 11. Standardized solution of the intensity-specific physical activity model for
males. Path labels denote standardized parameter estimate. Statistically non-significant
paths depicted with dashed lines. *p < .05; **p < .01; ***p < .001

Direct Effects of Intensity-Specific PA on VO2maxand BDI-Il. There
were no significant direct effects of low-, moderate-, or vigorous-intensity PA on
VO2zmax for males. For females, only the direct effect of vigorous-intensity PA on
VO2max Was significant such that a 1-SD increase in vigorous-intensity PA was
associated with a 0.221-SD increase in VOzmax. There were no significant direct
effects of low-, moderate-, or vigorous-intensity PA on BDI-Il score for either
males or females.

Direct effect of VO2max on BDI-Il. There was no significant direct effect of

VO2max on BDI-II score for either males or females.
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Figure 12. Standardized solution of the intensity-specific physical activity model for
females. Path labels denote standardized parameter estimate. Statistically non-
significant paths depicted with dashed lines. *p < .05; **p < .01; ***p < .001

Indirect and Total Effects of Intensity-Specific PA on BDI-Il. The
indirect and total effects of intensity-specific PA on BDI-Il within the intensity-
specific PA model are presented in Suppl. Table 4 (Appendix). There were no
significant indirect or total effects of intensity-specific PA on BDI-II score for
either males or females.

Total Physical Activity Model

The total PA model explained a small-to-moderate portion of variance in
VO2zmax for males (R2 = 0.309) and females (R2 = 0.124). The proportion of
variance in measured depression symptoms accounted for by the model was R?
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= 0.024 for males and R? = 0.036 for females. The correlation matrix for variables

included in the total physical activity model is presented included in Table 4.
Unstandardized and standardized parameter estimates along with parameter
difference tests for the total physical activity model are presented in

Table 5. The standardized solutions of the path models for males and females
are illustrated in Figure 13 and Figure 14, respectively.

Direct Effects of Control Variables. The direct effect of age on VOzmax
was significant for both males and females. Standardized parameter estimates
indicate that for every 1-SD increase in age was associated with a 0.587-SD
decrease in VO2zmax for males and a 0.289-SD decrease in VOzmax for females.
The parameter difference test indicated the strength of this effect was

significantly larger (i.e., more negative) for males than females (p < .001). The

direct effect of education on VOzmax Was significant only in males. For every 1-SD

increase in education index, there was a 0.170-SD increase in VO2max.
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Table 4. Correlation matrices for measured variables included in total physical activity

model.

MALES

BDI-l VO2nax PA  Age Edu
BDI-Il Score 1.00
Estimated VOzmax  -0.06 1.00
Total PA -0.10  -0.10 1.00
Age -0.05 -0.53 0.18 1.00
Education Index 0.02 -0.01 -0.08 0.30 1.00
FEMALES

BDI-l VOznax PA  Age Edu
BDI-Il Score 1.00
Estimated VOzmax  -0.06 1.00
Total PA -0.18 0.21  1.00
Age 0.01 -0.27 0.03 1.00
Education Index  -0.04 0.02 -0.03 0.18 1.00

Table 5. Parameter estimates and parameter difference tests (male — female) for total
physical activity model.

Unstandardized Standardized
95% C.I.
Est. Std. Error Est. Std. Error z Lower Upper p value
MALES
BDI-ll on
Total PA -0.100 0.102 -0.084 0.086 -0.972 -0.253 0.085 331
VO2max -0.061 0.040 -0.135 0.086 -1.567 -0.303 0.034 A17
Age -0.038 0.033 -0.123 0.104 -1.189 -0.327 0.080 .235
Education 0.298 0.513 0.051 0.086 0.586 -0.119 0.220 .558
VO:zmax ON
Total PA 0.054 0.185 0.021 0.070 0.293 -0.117 0.158 770
Age -0.395 0.039 -0.587 0.051 -11.562 -0.686 -0.487 <.001
Education 2.206 0.810 0.170 0.060 2.820 0.052 0.288 .005
FEMALES
BDI-ll on
Total PA -0.282 0.078 -0.181 0.045 -3.991 -0.270 -0.092 <.001
VO2max -0.008 0.040 -0.013 0.065 -0.207 -0.140 0.114 .836
Age 0.011 0.022 0.026 0.052 0.494 -0.077 0.129 .621
Education -0.360 0.407 -0.051 0.056 -0.903 -0.161 0.059 .367
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VOZmax on

Total PA 0.550 0.188 0.218 0.067 3.269 0.087 0.348 .001
Age -0.194 0.029 -0.289 0.049 -5.957 -0.384 -0.194 .001
Education 0.932 0.581 0.081 0.050 1.616 -0.017 0.179 .106
MALES - FEMALES
BDI-ll on
Total PA 0.182 0.130 0.097 0.098 0.984 -0.096 0.290 325
VO2max -0.053 0.057 -0.121 0.108 -1.124 -0.333 0.090 .261
Age -0.048 0.039 -0.149 0.115 -1.300 -0.374 0.076 194
Education 0.657 0.647 0.101 0.102 0.996 -0.098 0.301 319
VO2max ON
Total PA -0.496 0.263 -0.197 0.097 -2.037 -0.387 -0.007 .042
Age -0.202 0.049 -0.298 0.071  -4.217 -0.436 -0.159 .000
Education 1.274 0.985 0.089 0.078 1.142 -0.064 0.241 .254
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Figure 13. Standardized solution of the total physical activity model for males. Path
labels denote standardized parameter estimate. Statistically non-significant paths
depicted with dashed lines. *p <.05; **p < .01; ***p < .001

Direct Effects of Total PA on VOzmax and BDI-Il. There were no
significant direct effects of total PA on VO2zmax or BDI-Il in males. The direct effect
of total PA on VO2max Was significant for females, such that every 1-SD increase
in total PA was associated with a 0.218-SD increase in VO2zmax holding all else
constant. The parameter difference test indicated the strength of this effect was
significantly larger for females than males (p < .001). For females, the direct path
between total PA and BDI-Il score was also significant, indicating that every 1-SD

increase in total PA was associated with a 0.181-SD decrease in BDI-Il score.
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Figure 14. Standardized solution of the total physical activity model for females. Path
labels denote standardized parameter estimate. Statistically non-significant paths
depicted with dashed lines. *p <.05; **p < .01; ***p < .001

Direct Effect of VO2max on BDI-Il. There was no significant direct effect of
VO2max 0N BDI-II score for either males or females.

Indirect and Total Effects of Total PA on BDI-Il. The indirect and total
effects of total PA on BDI-Il within the total PA model are presented in
Table 6. Within the context of this model, total PA bore no structural effect on
BDI-1l score in males; however, the total effect of PA on BDI-Il score was
significant for females. The total effect indicated that every 1-SD increase in total

PA was associated with a 0.184-SD decrease in BDI-ll score. This total effect
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was accounted for almost entirely by the previously described direct effect of total

PA on BDI- Il

Table 6. Direct, indirect, and total effects of total physical activity on depression
symptoms.

Unstandardized Standardized
95% C.I.
Est. Std. Error Est.  Std. Error z Lower Upper p value
MALES
Direct -0.100 0.102 -0.084 0.086 -0.972 -0.253 0.085 .331
Indirect -0.003 0.014 -0.003 0.010 -0.287 -0.022 0.016 774
Total -0.103 0.102 -0.087 0.087 -0.999 -0.257 0.083 318
FEMALES
Direct -0.282 0.078 -0.181 0.045 -3.991 -0.270 -0.092 <.001
Indirect -0.005 0.023 -0.003 0.014 -0.206 -0.031 0.025 .837
Total -0.287 0.071 -0.184 0.042 -4.390 -0.266 -0.102 <.001
Discussion

Here, a measured variable path analysis was conducted to determine the
direct and indirect effects of low-, moderate-, and vigorous-intensity PA on
depression symptoms measured on the BDI-II. Within the model, we
hypothesized that indirect effects of moderate-intensity and vigorous-intensity PA
would be mediated by CRF, while low-intensity PA would exhibit only a direct
effect. This model was examined using a multigroup analysis approach to
determine unique estimates of structural relations for males and females and test
differences between these groups. PA and CRF constructs were represented by
estimates of energy expenditure derived from the IPAQ and estimated VOzmax

measures, respectively.
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Within the intensity-specific PA model, there were no direct or indirect
effects of low-intensity, moderate-intensity, or vigorous-intensity PA on
depression symptoms. Similarly, no effect of VO2max 0n depression symptoms
was detected. We did observe expected effects of age on VO2zmax in both males
and females, such that increased age was associated with lower VOzmax.
Increasing age was a stronger determinant of reductions in VO2zmax for males than
females. This observation is partially consistent with a body of literature that has
suggested sex differences in age-related decline of relative VO2zmax (Hossack &
Bruce, 1982), though some studies suggest this effect is negligible as measures
of CRF are adjusted for body weight (Hossack & Bruce, 1982; Zoeller, 2008). In
females, self-reported vigorous-intensity PA was a significant and positive
determinant of estimated VO2max, as would be expected given the role of
moderate-to-vigorous activity in improving CRF and other aspects of fitness
(American College of Sports Medicine, 2018).

Beyond the effect of vigorous-intensity PA on VOzmax in females, the
absence of direct effects of moderate-intensity (in both males and females) and
vigorous-intensity PA (in males) on VO2zmax is unexpected. Previous studies have
mixed effects, with some work demonstrating moderate correlations of IPAQ-
assessed vigorous-intensity PA with VO2max (Kurtze, Rangul, & Hustvedt, 2008)
and some failing to find a relationship between self-reported PA and estimates of
CRF (Mafra Cabral et al., 2018; Silva-Batista, Urso, Lima Silva, & Bertuzzi,
2013). Overall, self-reported measures of PA are subject to error-prone reporting

and overestimation of intensity and duration (Rzewnicki, Vanden Auweele, & De
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Bourdeaudhuij, 2003). Validation of the IPAQ has suggested that reporting of
vigorous-intensity PA is more accurate than low- and moderate-intensity PA,
another possible explanation for the absence of moderate-intensity effects (Craig
et al., 2003). Of relevance to the current dataset, missingness of the IPAQ
measures was a notable contributor to patterns of missing data within the model.
This limitation underscores one tradeoff of administering this and similar
measures at home or through a computerized interface.

With the limitations of intensity-specific self-report of PA in mind, an
exploratory analysis was conducted to examine the effects of total PA on VO2max
and depression symptoms in males in females using a parallel approach. In this
model, we hypothesized that PA would directly and indirectly affect depression
symptoms, and that the indirect effect would be moderated by CRF. This
hypothesis was partially supported. We did observe a significant direct effect of
total PA on depression symptoms, and this effect was observed only in females.
Holding all else constant in the model, a 1-SD increase in self-reported PA was
associated with a 0.181-SD decrease on BDI-Il score. Between-group tests of
this effect suggest that the strength of this direct effect was significantly larger for
females than males. We observed a significant direct effect of total PA on VOzmax
in females. This effect suggests the total PA measure may have more accurately
reflected habitual moderate-to-vigorous PA in females, or alternatively that
vigorous-intensity PA accounted for a large portion of energy expenditure due to
PA. No effect of total PA on VO2zmax was observed in males, perhaps indicating

sex differences in the accuracy of this self-reported measure. Following from
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these observations, the hypothesized mediation of total PA effects on depression
through VOzmax Was not observed for either males or females.

Within these models, the effects of PA and CRF with depression
symptoms are constrained in a causally suggestive direction; however, the
relationships of depressive symptoms with PA and CRF are bidirectional in
nature. Of course, cross-sectional studies report an inverse relationship of
concurrent depression symptoms with CRF (Papasavvas et al., 2016) and with
PA in both depressed patients (Harris et al., 2006; Moore et al., 1999) and non-
clinical samples (e.g., Farmer et al., 1988). Prospective evidence strongly
supports the notion that protective mechanisms of PA and CRF exist (Schuch et
al., 2018; Schuch, Vancampfort, Sui, et al., 2016); however, an inherent limitation
of the current analysis was the inability to model the bidirectional relationship
between these constructs and depressive symptoms .

The variance in BDI-II score accounted for by these models was minimal,
though this was not unexpected given the vast determinants of depression
symptoms unlikely to be accounted for in a simple model. The wealth of data
available in the NKI-RS and similar datasets presents a meaningful opportunity
for future investigations to incorporate multiple measures of PA and CRF along
with other variables reflecting physical well-being. Further, construction of latent
variables facilitates methods to account for error in noisy measured variables and
the incorporation of multiple measures to better capture the complex underlying

construct of depression.

81



Our findings were partially in line our hypothesis, primarily through an
exploratory model demonstrating total energy expenditure from PA as a
structural determinant of VOzmax and BDI-II in females. In the context of the
model, this result suggests that separable pathway by which PA impact
depressive symptoms independent of its effects on CRF. This finding ultimately
lends support to prior work suggesting that even low doses of PA have beneficial
preventative or therapeutic effects for the management of depressive symptoms
(Teychenne et al., 2008). There is a need for future work incorporating rigorous
measures of PA (i.e., accelerometry) and CREF (i.e., gold-standard exercise
testing), to better clarify the separable and combined effects of PA and CRF on

depressive symptoms in diverse patient and non-clinical populations.
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CHAPTER 4: Structural Brain Correlates of Physical Activity and
Cardiorespiratory Fitness and Moderation by Depression Symptoms

The purpose of this study was to determine the cortical thickness and
brain structural correlates of physical activity (PA) and cardiorespiratory fithess
(CRF) and the extent to which these associations are moderated by depression
symptoms. Cortical thickness and subcortical volumetric estimates were derived
from high-resolution T1-weighted structural MRI scans. Associations of PA and
CRF with brain structural outcomes were determined using a moderated multiple
regression approach.

We hypothesized that PA and CRF would be positively associated with
cortical thickness and subcortical volumetric estimates. We also expected that
depression symptoms may be associated with reduced cortical thickness and
subcortical volume, and further that depression symptoms would moderate the
effects of PA and CRF on cortical thickness. It was predicted that the observed
effects would be most prominent in prefrontal regions of cortex (e.g., OFC) and
hippocampus given prior work that has demonstrated sensitivity of prefrontal

areas to CRF-related plasticity and depression.

Methods
Subsample Selection and Demographics

The behavioral variables of interest for these analyses included total PA,
and VOzmax, and BDI-Il score. Because planned analyses required complete data
for each case entered into multiple linear regression models, participants were

included only if usable data were available for these three measures and
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structural MRI data were available. Participants were excluded if > 28 days
elapsed between collection of behavioral or neuroimaging data. These criteria
yielded a subsample of n = 283 participants. Quality control of the raw and
segmented structural volumes resulted in exclusion of 40 additional participants
prior to conducting group analyses. Details of these procedures are described in
the subsequent section. The final subsample included n = 243 participants (154
females, 89 males) between the ages of 18 and 71 (M = 43.0, SD = 16.2; 74%
white, 14% black or African-American, 8% Asian, 4% other race; 7% Hispanic).

Within this subsample, n = 47 participants had a positive diagnostic history
of depressive disorder or mood disorder exhibiting depressive symptoms (i.e.,
MDD, dysthymic disorder, adjustment disorder with depressed mood, or
depressive disorder not otherwise specified). Fifteen participants self-reported
current and regular use of one (n = 12) or more (n = 3) psychotropic medications
for a duration = 3 months. These medications included serotonin-specific
reuptake inhibitors (SSRIs; n = 7), serotonin-norepinephrine reuptake inhibitors
(SNRIs; n = 3), norepinephrine-dopamine reuptake inhibitors (NDRIs; n = 2),
benzodiazepines (n = 3), tricyclic antidepressants (n = 1), and sedative-hypnotics
(n = 2). Depression symptom severity assessed on the BDI-Il was higher for
participants with a positive diagnostic history (M = 11.6, SD = 10.3) than those
with a negative diagnostic history (M = 4.2, SD = 4.1; {(49.646) = 4.8733, p <
.001; Appendix, Suppl. Figure 2).
Structural MRI Data Acquisition and Preprocessing

Whole-brain structural MR images were acquired on a 3.0 Tesla Siemens

(Munich, Germany) TIM TRIO MR scanner with 32-channel head coil. High-
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resolution T1-weighted anatomical images were acquired in the sagittal plane
using a magnetization-prepared rapid-acquisition with gradient echo pulse
sequence (TE = 2.52 ms, TR = 1900 ms, flip angle = 9°, Tl = 900 ms, field-of-
view = 250 x 250 mm, matrix = 256 x 256, number of slices = 176, voxel size =
1.0mm?3, phase encoding A>>P, fat supp. = none, GRAPPA accel. factor = 2;
acquisition time = 4:18).

MRI Data Quality Check. Raw T1-weighted images were visually
inspected for quality prior to conducting structural analyses. Raw data from n =
27 participants were excluded from structural analyses due to moderate-to-
severe motion artifact (i.e., ringing, blurring). One participant’s data were deemed
unusable due to highly anomalous cerebral and cortical shape. Subsequent
quality control procedures were conducted after the completion of subject-level
structural data processing.

Cortical Parcellation and Subcortical Segmentation. Structural MRI
data processing was conducted with tools from the FreeSurfer image analysis
suite (6.0.0; http://surfer.nmr.mgh.harvard.edu/). Data from the remaining 255
participants were entered into FreeSurfer’s fully-automated cortical parcellation
and subcortical segmentation pipelines (recon-all; Fischl, 2012). Both processing
pipelines include removal of the skull and other non-brain tissue using a hybrid
watershed/surface deformation procedure (Segonne et al., 2004), automated
Taliarach transformation, segmentation of subcortical white and gray matter
structures (Fischl et al., 2002; Fischl et al., 2004), intensity normalization (Sled,

Zijdenbos, & Evans, 1998), and automated topology correction (Fischl, Liu, &
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Dale, 2001; Segonne, Pacheco, & Fischl, 2007). The optimal watershed
threshold parameter for skull-stripping was determined and applied for each
subject (i.e., via -multistrip).

Within the surface-based cortical parcellation stream, a series of surface
reconstruction tools create models of the white matter surface (i.e. the boundary
between gray and white matter) and the pial surface based on image intensity
gradients and topological constraints (Dale, Fischl, & Sereno, 1999; Dale &
Sereno, 1993; Fischl & Dale, 2000). Each of these surfaces is modeled as a two-
dimensional mesh comprising vertices (or ‘points’) connected by triangular
arrangements of edges. High-dimensional registration to a normalized spherical
surface then allows point-to-point correspondence of individual subjects via an
anatomically-informed coordinate system for group analyses (Fischl, Sereno, &
Dale, 1999). Similarly, subcortical structures are represented as voxels carrying
information about image intensity and are registered to a common three-
dimensional space. Both cortical surfaces and subcortical volumes are
subsequently labeled based on subject-independent probabilistic atlases (Collins,
Neelin, Peters, & Evans, 1994; Desikan et al., 2006; Destrieux, Fischl, Dale, &
Halgren, 2010) and measured values at subject-specific vertices and voxels. An
automated tool for segmentation of hippocampal subfields was used to provide
more accurate estimates of whole hippocampal volume at the standard (1.0mm3)
resolution of the T1-weighted data (Giuliano et al., 2017; Iglesias et al., 2015). In

addition to procedures described below, subcortical segmentations and cortical
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parcellations were visually inspected for accuracy. Surface data were smoothed
with a 15mm full-width at half maximum kernel in preparation for group analyses.

Quality Control of FreeSurfer-Segmented MRI Data. The quality of
FreeSurfer-segmented structural images was assessed using Qoala-T, an open-
source supervised learning tool (https://github.com/Qoala-T/QC; Klapwijk et al.,
2019). Segmented scan quality was predicted using the BrainTime random
forests model, which predicts the quality of novel MR datasets against a sample
of manually assessed data with high sensitivity (0.88) and specificity (0.97;
Klapwijk et al., 2019). This model assigns a score to each participant's MR image
(range 0-100) based on class probability ratings, where higher numbers
represent a higher likelihood of an image and segmentation being of high quality
and therefore belonging to a class of ‘included’ scans. Based on practical
recommendations from the developers of Qoala-T, scans with a quality score >
70 were included (n = 200). Brief visual review of the cortical surfaces and
subcortical segmentations from high-scoring scans corroborated the quality of
these data and the processing output. There were no scans with a Qoala-T rating
< 30, which would otherwise be categorized as insufficient quality and excluded.

For those scans with Qoala-T ratings between 30-70 (n = 55), manual
data quality procedures were conducted (https://github.com/Qoala-
T/QC/blob/master/Qoala-T_ManualQC.pdf). The pial surface and white matter
surface (i.e., the border between white and gray matter) generated by FreeSurfer
were overlaid on the T1-weighted image. Left and right hemispheres were

separately reviewed slice-by-slice for motion artifact, temporal pole exclusion,
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non-brain tissue inclusion, and brain coverage or signal issues. Detection of any
aforementioned artifact in at least three contiguous slices for either hemisphere
was designated as a failure for that specific criterion. Scans denoted as failures
on more than one criterion or those with artifacts reflecting excessive motion
were excluded from group analyses (n = 18). Qoala-T ratings for all FreeSurfer-
segmented MRI scans are visualized in the supplement (Appendix, Suppl. Figure
3).

The FreeSurfer image processing pipeline enables end users to potentially
improve the quality of segmented images through the use of several methods
including manual skull-stripping adjustment and control points (i.e., ‘nudging’ re-
estimation of the white matter surface). For the current project, manual edits
were not conducted. This choice served to minimize the introduction of error
associated with performing edits with limited expertise. At the conclusion of all
quality control procedures, the final sample size included in cortical thickness
group analyses was n = 243.

Cortical Thickness Analysis

Group-level cortical thickness analyses were conducted for both left and
right hemispheres using FreeSurfer’s surface-based group analysis tool
(mri_glmfit). Within this approach, multiple regression analyses were performed
at each vertex along the cortical mesh. In preliminary models, cortical thickness
was regressed on linear and quadratic terms for age to determine the inclusion of
predictors in subsequent models. Statistical maps illustrated widespread
associations of age with cortical thickness (Figure 15) while the quadratic term

for age did not significantly predict cortical thickness in either hemisphere after
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correction for multiple comparisons (Appendix, Suppl. Figure 4). Therefore, only
the linear term was included as a predictor in subsequent models. To facilitate
interpretation of unstandardized parameter estimates, measured variables
representing PA were entered into the model in units of 1000 MET-min-wk™ (i.e.,
divided by the constant “1000’). Sex was entered as a dummy variable with

males as the reference group (i.e., male = 0, female = 1).
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Figure 15. Widespread effects of age on cortical thickness. Clusters significant after
correction for multiple comparisons (vertex p < .001, cluster p <.05). Warm colors
indicate positive correlation. Cool colors indicate negative correlation.

Associations of total PA and VOzmax with cortical thickness and potential
interactions with depression symptom severity were examined separately using a

regression approach. For each hemisphere, a first-step model included
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predictors for total PA or VO2zmax, BDI-Il score, age, and sex. Contrasts were
specified to examine the main effect of each variable beyond variance accounted
for by others in the model. Second-step models incorporated the appropriate
interaction term (i.e., PA x BDI-Il or VOzmax x BDI-Il) to determine the extent to
which depression symptom severity moderated the association of PA or VOzmax
on the outcome. Here, contrasts were specified to examine the influence and
significance of the interaction term on explaining variance in cortical thickness
beyond the other predictors. Cluster-based correction for multiple comparisons
was conducted using FreeSurfer’'s permutation simulation approach to control the
family-wise error rate across both hemispheres with a vertex-wise threshold of p
< .001 and cluster threshold of p < .05 (Greve & Fischl, 2018).

Volumetric Analysis

Estimates of estimate intracranial volume (eTIV) and left and right
amygdala, nucleus accumbens, caudate and putamen volume were extracted
from the FreeSurfer subcortical segmentation pipeline (Buckner et al., 2004;
Fischl et al., 2002; Fischl et al., 2004). Whole left and right hippocampal volumes
were extracted from the automated hippocampal subfields segmentation module.

Subsequent calculations and statistical analyses were conducted in R (R
Core Team, 2018; RStudio Team, 2016). To remove variance related to
differences in overall head size, bilateral volumetric estimates were adjusted for
eTIV (Appendix, Suppl. Figure 5) using a regression-based residuals method
(O'Brien et al., 2006). This method is implemented by first calculating the linear

regression line between a structural volume of interest and eTIV. The eTIV-
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adjusted volume for a given participant is then calculated as: volumeg,; =
volume,,,, — b(eTIV — eTIV), where b is the slope of the regression of the raw
(i.e., unadjusted) volume on eTIV and eTIV is the mean eTIV across all
participants. This method effectively removes variance associated with eTIV and
from regional brain volume estimates (Pintzka, Hansen, Evensmoen, & Haberg,
2015; Voevodskaya et al., 2014). Adjusted volume estimates were averaged
across left and right hemispheres to produce bilaterally averaged adjusted
volumetric estimates for use in subsequent regression analyses.

Multiple Linear Regression Analysis. Associations of total PA and
VO2max With bilaterally averaged eTIV-adjusted volumetric estimates and potential
interactions with BDI-Il score were examined separately using a hierarchical
linear regression approach. In preliminary models, volumetric estimates were
regressed on linear and quadratic terms for age to determine the inclusion of
predictors in subsequent models. These models indicated significant explanatory
power of quadratic term on volumetric outcomes, and the quadratic term was
therefore included in moderated regression models. To facilitate interpretation of
unstandardized parameter estimates, measured variables representing PA were
entered into the model in units of 1000 MET-min-wk!. Sex was entered as a
dummy variable with males as the reference group (i.e., male = 0, female = 1).
First-step models included predictors for total PA or VO2zmax, BDI-ll score, age,
age?, and sex. Second-step models incorporated the appropriate interaction term

(i.e., PA x BDI-ll or VO2max * BDI-l) to determine the extent to which depression
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symptom severity moderated the association of PA or VOzmax on the volume of
interest.

Regression Assumptions and Diagnostics. Casewise diagnostics were
conducted to identify potentially influential data points in the first-step regression
models. Centered leverage values were examined within index plots using the
heuristic value 2(p +1)/n, where p is the number of predictors, as a guideline for
identifying points with large leverage. Studentized and studentized deleted
residuals and Bonferroni-corrected t tests of studentized deleted residuals were
examined to identify problematic outliers. For evaluation of influence, particular
attention was paid to Cook’s D and DFFITS (i.e., global influence statistics) using
the heuristic Cooks D > 0.5 and DFFITS > 2/n as guidelines for identifying points
with large influence on the multivariate regression. DFBETAS (i.e., a local
influence statistic) was also examined using the heuristic DFBETAS > 2/n with
emphasis on points demonstrating large influence on the regression coefficients
for total PA and VO2max. Note that these heuristic values were not applied as
strict cut-offs. Comprehensive review of these diagnostic tests and visualizations
guided the identification of seven cases with problematic influence within multiple
regression models. These cases were removed prior to re-estimation of
regression models. Casewise diagnostics were reviewed after removal of these
cases and indicated satisfactory resolution of problems with leverage and
influence.

The regression assumptions of linearity, normality, homoscedasticity,

independence, and were evaluated across all first- and second-step models
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using a combination of diagnostic tests and data visualization. The linearity
assumption was visually assessed by plotting each predictor and predicted
values against residuals in combination with Tukey’s test of nonadditivity (Tukey,
1949). These methods confirmed the assumption of linearity was reasonable (all
p >.05). The normality assumption was visually assessed using Q-Q plots of the
unstandardized residual. This review confirmed that the conditional residuals of
regression models were normally distributed. The assumption of
homoscedasticity was evaluated by plotting model residuals against fitted values.
This procedure confirmed that the assumption of homoscedasticity was
reasonably met. The Durbin-Watson test for correlated residuals was conducted
to evaluate the assumption of independence. These tests confirmed that the
residuals were not autocorrelated (all p > 0.05), and therefore that the
assumption of independence was reasonably met. Multicollinearity diagnostics
including variance inflation factors and tolerance values did not detect issues of
multicollinearity in any of the reported models beyond expected multicollinearity
of age and interaction terms.

Power Analysis. Power analyses were conducted in G*Power (v.3.1;
Faul, Erdfelder, Lang, & Buchner, 2007) to determine the sample size necessary
to detect effects of interest in multiple linear regression models. The first analysis
was conducted to determine the required sample size to reject the omnibus null
hypothesis (R? # 0) in first-step linear regression models with the following
parameters: = 0.1, a = 0.05, power (1-8) = 0.8, number of predictors = 5. This

protocol yielded a required sample size of n = 134. Examining total sample size
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as a function of 2 suggested the ability to detect effects as small as
approximately = 0.05 with n = 243. The second analysis was conducted to
determine the required sample size to detect the effect of a single regression
coefficient in first-step linear regression models with the following parameters: 2
= 0.1, a = 0.05, power (1-8) = 0.8. This protocol yielded a required sample size of
n=81.

The third analysis was conducted to determine the required sample size to
detect the effect of the interaction term in second-step regression models (R?)
with the following parameters: 2 = 0.1, a = 0.05, power (1-8) = 0.8, number of
tested predictors = 1, total number of predictors = 6. This protocol yielded a
required sample size of n = 81. Examining total sample size as a function of
suggested the ability to detect effects as small as approximately 2 = 0.035 with n
= 243. These analyses confirmed the appropriateness of conducting the
proposed analyses with n = 243 participants comprising a sufficient sample size

to reject null hypotheses of interest.

Results

Descriptive statistics and distributions for measured variables are
presented in Table 7 and Suppl. Figures 6-9. Table 8 presents these statistics for
the n = 236 participants included in final regression models for the volumetric
analysis.

Cortical Thickness Analysis

Whole-brain vertex-wise analyses did not detect any associations or

interactions of total PA and BDI-Il on cortical thickness beyond the variance
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explained by age and sex. Similarly, no association of VOzmax or BDI-II with
cortical thickness was detected; however, a significant effect of the interaction
term for VO2zmax and BDI-Il was observed in the left superior frontal cortex (819

mm?, cluster-wise p = .002; Figure 16).

Table 7. Descriptive statistics of measured variables for subsample included in cortical
thickness analysis.

Males Females All Participants

n=2389 n=154 n =243
Variable M+ SD M+ SD M+ SD
Age (Years) 39.7+17.8 449+ 149 43.0+16.2
BDI-ll Score 56+6.5 559+6.6 5.6+6.5
Estimated VOzmax (mL-kg™'-min™') 42.64 + 11.66 29.77 £9.78 34.49 £ 12.19
Total PA (MET-min-wk™) 4588 + 4988 4717 + 4326 4670 £ 4570

Note: Intensity-specific physical activity variables are expressed in original units
(MET-min-wk™") prior to scaling.

Table 8. Descriptive statistics of measured variables for subsample included in
subcortical volume regression analyses after exclusion of seven participants with high-
influence data.

Males Females All Participants

n =285 n =151 n =236
Variable M+ SD M+ SD M+ SD
Age (Years) 39.8+17.8 45.0+15.1 43.1+16.3
BDI-Il Score 5055 52+53 51+5.34
Estimated VOzmax (mL-kg™-min™') 42.77 + 11.76 29.7+9.8 34.41 £ 12.26
Total PA (MET-min-wk™) 4595 + 4938 4762 + 4352 4702 + 4562

Note: Total physical activity is expressed in original units (MET-min-wk') prior to scaling.
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Figure 16. Surface map illustrating left superior frontal lobe cluster where BDI-II score
moderated the relationship between VO,max and cortical thickness (819 mm?, cluster-
wise p = .002).

To examine the strength of this effect, mean cortical thickness was
extracted from within this cluster for all participants. These estimates were
entered as the dependent variable in a multiple linear regression model including
predictors for VO2max, BDI-Il score, age, sex, and the VO2zmax X BDI-II interaction
term. Regression diagnostics and assumptions were evaluated as described
above and did not detect problematic cases or violations of test assumptions.
The model explained 44.6% of the variance in mean cortical thickness within the
cluster. VOzmax, BDI-Il score, age, and the VOzmax X BDI-II term were all
significant predictors of mean cortical thickness (Table 9. Moderation model
demonstrating moderation of the relationship between VO2max and cortical

thickness in left superior frontal lobe by depression symptoms.). The significance
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of the interaction term indicates that the relationship between VO2max and cortical
thickness in the left superior frontal cluster was moderated by BDI-Il. This
moderation is illustrated in Figure 16. Examination of the interaction plot
suggests that VOzmax is associated with higher cortical thickness in this region for
those with low or absent depression symptoms. Conversely, VO2zmax appears to
be associated with lower cortical thickness in this region for those with higher

levels of depression symptoms.

Table 9. Moderation model demonstrating moderation of the relationship between
VO2max and cortical thickness in left superior frontal lobe by depression symptoms.

Moderation Model

b SEb t p value
VO2zmax (MmL-kg™'-min") 0.003 0.001 0.199 2.774 .006
BDI-ll Score 0.021 0.004 0.806 4.894 <.001
Age (Years) -0.007 0.001 -0.645 -12.524 <.001
Sex 0.007 0.020 0.021 0.375 .708
VO2zmax x BDI-II -0.001 0.000 -0.796 -4.745 <.001
R? 0.458
Adj. R? 0.446

F 39.980 <.001

A simple slopes analysis with calculation of the Johnson-Neyman interval
was conducted to probe this moderation. Simple slopes were calculated for BDI-
Il scores of 0, 14, and 28 to represent generally suggested thresholds indicating
minimal (0-13) and mild (14-19) depression, with a BDI-II score of 28 reflecting
moderate-to-severe depression

(https://www.commondataelements.ninds.nih.gov). The Johnson-Neyman test
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indicated that the simple slope between VOzmax and mean cortical thickness of
the left superior frontal region was significant when BDI-Il < 1 or BDI-Il =2 9. The
unstandardized simple slope for participants with a BDI-Il score of 0 was 0.003
(SE = 0.001, p =.005). The unstandardized simple slope at a BDI-Il score of 14
was -0.005 (SE = .001, 95%CI [-0.008, -0.002], p < .001), and at a BDI-II score of

28 was -0.013 (SE = 0.003, 95%CI [-0.019, -0.007], p < .001).
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Figure 17. Interaction plot depicting the regression line of cortical thickness in left

superior frontal cluster on VO2max at discrete values of BDI-II score. CT = cortical
thickness
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Volumetric Analysis

Descriptive statistics and distributions of bilaterally averaged eTIV-
adjusted volumes of the hippocampus, amygdala, nucleus accumbens, caudate,
and putamen are presented in Table 10 and Suppl. Figure 10 (Appendix).
Results of two-step multiple linear regression models examining the associations
and interactions of total PA and BDI-II on subcortical volumes are presented in
Table 11. Multiple linear regression models examining the associations and
interactions of VO2maxand BDI-Il on subcortical volumes are presented in Table

12.
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Table 10. Bilaterally-averaged subcortical volumes.

Unadjusted Volume Adjusted Volume
Left Right Average Left Right Average

Region M+ SD M+ SD M+ SD M+ SD M+ SD M+ SD
Hippocampus 3431.69 £ 381.79 3580.66 + 393.44 3506.18 + 380.07 3433.89 £ 283.06 3582.96 + 288.7 3508.42 + 275.58
Amygdala 1549.28 + 229.51 1689.45 £ 227.91 1619.37 £ 220.03 1550.55 + 176.26  1690.83 + 161.04 1620.69 + 157.02
Nucleus Accumbens ~ 345.95%97.2 476.82+86.13  411.39 *85.61 346.28 £88.66  477.12+78.19 411.7 £ 76.71
Caudate 3272.35+£431.74 3322.58 +450.2 3297.47 + 435.78 3274.59 £ 344,49 3325.00 £ 351.19 3299.79 + 341.31
Putamen 4568.24 £ 625.86 4674.44 £ 643.68 4621.34 + 627.27 4571.7 £+ 476.4  4678.02 +487.05 4624.86 +471.8

Note: Unadjusted values refer to raw estimates averaged across left and right hemispheres. Adjusted values refer to volumes
corrected for estimated intracranial volume and averaged across left and right hemispheres. All volumes expressed in units of
mm?.
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Table 11. Moderated multiple regression models testing the effects and interaction of total PA and BDI-II on subcortical brain

volumes.
Partial Model Moderation Model

Hippocampus b SEb B t p value b SEb B t p value
Total PA (MET-min-wk™) 0.335 3.860 0.006 0.087 .931 -5.508 4.851 -0.093 -1.135 .257
BDI-Il Score 2.154  3.263 0.043 0.660 .510 -5837 5197 -0.116 -1.123 .263
Age (Years) 16.183  7.052 0.977 2.295 .023 15.240 7.025 0.920 2.170 .031
Age? (Years?) -0.216  0.081 -1.132 -2.675 .008 -0.206 0.080 -1.077 -2.556 .011
Sex  -59.408 37.022 -0.106 -1.605 110 -60.363 36.797 -0.108 -1.640 .102
PA x BDI-II 1.879 0.955 0.216 1.968 .050

R? 0.061 R?2  0.077

Adj. R? 0.041 Adj. R? 0.052

F(AR?) 2.992 .012 F(AR?)  3.870 .050
Partial Model Moderation Model

Amygdala b SE b B t p value b SE b B t p value
Total PA (MET-min-wk™) -0.307 2125 -0.009 -0.145 .885 -1.945 2687 -0.057 -0.724 470
BDI-Il Score -0.858  1.796 -0.029 -0.478 .633 -3.098 23879 -0.106 -1.076 .283
Age (Years) 4738 3.882 0.493 1.221 224 4474  3.891 0.465 1.150 251
Age? (Years?) -0.086  0.044 -0.780 -1.942 .053 -0.083 0.045 -0.753 -1.872 .063
Sex  -74.644 20.380 -0.230 -3.663 <.001 -74.912 20.383 -0.230 -3.675 <.001
PA x BDI-II 0.527 0.529 0.104 0.996 .320

R? 0.155 R?2 0.158

Adj. R? 0.136 Adj. R? 0.136

F(AR?) 8.413 <.001 F(AR?)  0.992 .320
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Partial Model

Moderation Model

Nucleus Accumbens b SEb B t p value b SEb B t p value
Total PA (MET-min-wk™) -0.271  0.942 -0.016 -0.287 774 -1.777 1183 -0.105 -1.502 135
BDI-Il Score 0.063 0.797 0.004 0.079 .937 -1.997 1267 -0.139 -1.576 17
Age (Years) 0.377 1.722 0.080 0.219 .827 0.134 1.713 0.028 0.078 .938
Age? (Years?) -0.033  0.020 -0.611 -1.690 .093 -0.031 0.020 -0.562 -1.560 120
Sex -18.272 9.038 -0.114 -2.022 .044 -18.518 8974 -0.116 -2.064 .040
PA x BDI-II 0.484 0.233 0.195 2.080 .039

R? 0.314 R?2 0.326

Adj. R? 0.299 Adj. R?  0.309

F(AR?) 21.020 <.001 F(AR?)  4.327 .039
Partial Model Moderation Model

Caudate b SEb B t p value b SEb B t p value
Total PA (MET-min-wk™) -1.891  4.226 -0.027 -0.447 .655 -4.018  5.351 -0.056 -0.751 454
BDI-Il Score -4.768 3.573 -0.078 -1.334 .183 -7.676 5733 -0.126 -1.339 182
Age (Years) -32.413 7.721 -1.621 -4.198 <.001 -32.756 7.749 -1.638 -4.227 <.001
Age? (Years?) 0.278 0.088 1.208 3.146 .002 0.282 0.089 1.224 3178 .002
Sex 13.427 40.534 0.020 0.331 741 13.079 40.589 0.019 0.322 .748
PA x BDI-II 0.684 1.053 0.065 0.649 517

R? 0.227 R?  0.229

Adj. R? 0.210 Adj. R? 0.208

F(AR?) 13.520 <.001 F(AR?)  0.422 517
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Partial Model Moderation Model

Putamen b SEb B t p value b SEb B t p value
Total PA (MET-min-wk™) 2.520 5.798 0.024 0.435 .664 -2.275 7.330 -0.022 -0.310 757
BDI-Il Score 4231  4.902 0.048 0.863 .389 -2.326 7.852 -0.026 -0.296 .767
Age (Years) -3.546 10.593 -0.121 -0.335 .738 -4.319 10.614  -0.148 -0.407 .684
Age? (Years?) -0.140 0.121 -0.415 -1.151 .251 -0.131  0.122 -0.390 -1.078 .282
Sex -125.756 55.610 -0.127 -2.261 .025 -126.540 55.598 -0.128 -2.276 .024
PA x BDI-II 1.542 1443 0.100 1.069 .286

R? 0.318 R?  0.321

Adj. R? 0.303 Adj. R? 0.303

F(AR?) 21.430 <.001 F(AR?)  1.142 .286
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Table 12. Moderated multiple regression models testing the effects and interaction of VO2zmax and BDI-Il on subcortical brain

volumes.
Partial Model Moderation Model

Hippocampus b SEb B t p value b SEDb B t p value
VO2zmax (ML-kg™"-min") -1.476 1.742 -0.067 -0.847 .398 -1.670  2.111 -0.076 -0.791 430
BDI-Il Score 1.845  3.240 0.037 0.570 570 0419 9.326 0.008 0.045 .964
Age (Years) 15.836  7.048 0.956 2.247 .026 15.777  7.072 0.952 2231 .027
Age? (Years?) -0.216  0.081 -1.130 -2.674 .008 -0.215  0.081 -1.126 -2.655 .009
Sex -76.940 42.345 -0.137 -1.817 .071 -76.450 42.541 -0.136 -1.797 .074
VO2zmax X BDI-II 0.042 0.258 0.031 0.163 .871

R? 0.064 R?2  0.064

Adj. R? 0.044 Adj. R?  0.040

F(AR?) 3.143  0.009 F(AR?)  0.027 .871
Partial Model Moderation Model

Amygdala b SE b B t p value b SEb B t p value
VO2zmax (ML-kg™"-min") -3.527  0.932 -0.276 -3.785 <.001 -3.873  1.129 -0.304 -3.431 <.001
BDI-Il Score -1.460 1.733 -0.050 -0.843 400 -4.007 4.986 -0.137 -0.804 422
Age (Years) 3.818 3.770 0.397 1.013 312 3.713  3.781 0.386 0.982 .327
Age? (Years?) -0.085 0.043 -0.765 -1.964 .051 -0.083  0.043 -0.753 -1.926 .055
Sex -116.450 22.653 -0.358 -5.141 <.001 -115.575 22.744 -0.356 -5.082 <.001
VO2zmax X BDI-II 0.075 0.138 0.095 0.545 .586

R? 0.204 R?2  0.205

Adj. R? 0.187 Adj. R? 0.184

F(AR?) 11.800 <.001 F(AR?)  0.297 .586
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Partial Model

Moderation Model

Nucleus Accumbens b SEb B t p value b SEDb B t p value
VO2zmax (ML-kg™"-min") -2.295 0.398 -0.365 -5.764 <.001 -2.165 0.482 -0.345 -4.487 <.001
BDI-Il Score -0.320 0.741 -0.022 -0.432 .666 0.639 2.131 0.044 0.300 .765
Age (Years) -0.227  1.611 -0.048 -0.141 .888 -0.188 1.616 -0.040 -0.116 .908
Age? (Years?) -0.032 0.018 -0.591 -1.748 .082 -0.033  0.019 -0.601 -1.769 .078
Sex -45.471 9.680 -0.284 -4.698 <.001 -45.801  9.720 -0.286 -4.712 <.001
VO2max x BDI-II -0.028 0.059 -0.073 -0.480 .632

R? 0.400 R?  0.401

Adj. R? 0.387 Adj. R? 0.385

F(AR?) 30.680 <.001 F(AR?)  0.231 .632
Partial Model Moderation Model

Caudate b SEb B t p value b SEDb B t p value
VOzmax (ML-kg™'-min’") -2.302  1.905 -0.087 -1.209 .228 -2.308  2.309 -0.087 -0.999 .319
BDI-Il Score -4.955  3.543 -0.081 -1.399 .163 -4.998 10.200 -0.082 -0.490 .625
Age (Years) -33.152  7.707 -1.658 -4.301 .000 -33.150 7.734 -1.658 -4.287 <.001
Age? (Years?) 0.280 0.088 1.216 3.175 .002 0.280 0.089 1.216 3.164 .002
Sex -13.723  46.307 -0.020 -0.296 .767 -13.710 46.520 -0.020 -0.295 .769
VO2max x BDI-II 0.001  0.282 0.001 0.004 .996

R? 0.231 R?  0.231

Adj. R? 0.215 Adj. R?  0.211

F(AR?) 13.850 <.001 F(AR?)  0.000 .996
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Partial Model Moderation Model

Putamen b SEb B t p value b SEDb B t p value
VO2zmax (ML-kg™"-min") -3.084 2613 -0.080 -1.180 .239 -2.750  3.168 -0.071 -0.868 .386
BDI-Il Score 3.365 4.861 0.038 0.692 490 5.819 13.993 0.065 0.416 .678
Age (Years) -4.122 10.575 -0.141 -0.390 .697 -4.020 10.611 -0.138 -0.379 .705
Age? (Years?) -0.139  0.121 -0.414 -1.152 .251 -0.141  0.121 -0.418 -1.158 .248
Sex -162.536 63.538 -0.165 -2.558 .011 -163.379 63.831 -0.165 -2.560 .011
VO2zmax X BDI-II -0.072  0.387 -0.030 -0.187 .852

R? 0.321 R?  0.321

Adj. R? 0.307 Adj. R?  0.304

F(AR?) 21.780 <.001 F(AR?)  0.035 .852
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Physical Activity and BDI-ll on Subcortical Volume. First-step (i.e.,
partial) models included predictors for total PA, BDI-Il score, age, age?, and sex.
Second-step moderation models incorporated the interaction term (i.e., PA x
BDI-Il) to determine the extent to which depression symptom severity moderated
the association of total PA on the volume of interest.

Hippocampus. The partial model explained 6.1% of the variance in
hippocampal volume (F(5, 230) = 2.992, p = .012). Neither total PA nor BDI-II
were significant predictors of hippocampal volume. Significant predictors included
age (b =16.183, B =0.977, t(229) = 2.295, p = .023) and age? (b =-0.216, B = -
1.132, {(229) = -2.675, p = .008). Addition of the PA x BDI-II interaction term did
not explain a significantly larger portion variance in hippocampal volume (AR? =
0.016, F(1, 229) = 3.870, p = .050). Though this interaction is not statistically
significant based on the selected threshold, this result warranted some
exploration. For this purpose, the non-significant moderation is illustrated in
Figure 18.

Amygdala. The partial model explained 15.5% of the variance in
amygdala volume (F(5, 230) = 8.413, p < .001). Neither total PA nor BDI-Il were
significant predictors of hippocampal volume. Sex was the only significant
predictor in the model such that men had larger amygdala volume holding all else
constant (b =-74.644, B =-0.230, {(229) = -3.663, p < .001). Addition of the PA x
BDI-Il interaction term did not explain a significantly larger portion variance in

amygdala volume (AR? = 0.016, F(1, 229) = 3.170, p = .050).
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Figure 18. Interaction plot depicting the regression line of bilaterally-averaged
hippocampal volume on total PA at discrete levels of BDI-Il score. The moderating effect
of BDI-Il score was not significant (p = .050).

Nucleus Accumbens. The partial model explained 31.4% of the variance
in nucleus accumbens volume (F(5, 230) = 21.020, p < .001). Neither total PA
nor BDI-II were significant predictors of nucleus accumbens volume. Sex was the
only significant predictor in the model such that men had a larger nucleus
accumbens volume holding all else constant (b =-18.272, g =-0.114, {(229) = -
2.022, p = .044). Addition of the PA x BDI-II interaction term explained a
significantly larger portion of variance in nucleus accumbens volume (AR? =
0.013, F(1, 229) = 4.327, p = .039).

The moderation of the relationship between total PA and nucleus

accumbens volume by BDI-II score is illustrated in Figure 19, and a simple
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Figure 19. Interaction plot depicting the regression line of bilaterally-averaged nucleus
accumbens volume on total physical activity at discrete values of BDI-Il score.

slopes analysis was conducted to probe this interaction. The Johnson-Neyman
test indicated that the simple slope between total PA and nucleus accumbens
volume was significant only when BDI-Il score is 2 22. Simple slopes were
calculated for BDI-II scores of 0, 14, 20, and 29. The unstandardized simple
slope for participants with a BDI-Il score of 0 was -1.777 (SE = 1.183, 95%CI [-
4.108, 0.554], p = .135). The unstandardized simple slope at a BDI-II score of 14
was 5.005 (SE = 2.703, 95%CI [-0.322, 10.331], p = .065), and at a BDI-Il score

of 28 was 11.786 (SE = 6.101, 95%CI [0.218, 23.355], p = 0.046).
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Caudate. The partial model explained 22.7% of the variance in caudate
volume (F(5, 230) = 13.520, p < .001). Neither total PA nor BDI-II were significant
predictors of caudate volume. Significant predictors included age (b =-32.413, 8
=-1.621, t(229) = -4.198, p < .001) and age? (b = 0.278, B = 1.208, #(229) =
3.146, p = .002). Addition of the PA x BDI-II interaction term did not explain a
significantly larger portion variance in caudate volume (AR? = 0.001, F(1, 229) =
0.422, p = .517).

Putamen. The partial model explained 31.8% of the variance in putamen
volume (F(5, 230) = 21.430, p < .001). Neither total PA nor BDI-II were significant
predictors of caudate volume. Sex was the only significant predictor in the model
such that males had larger putamen volume after adjusting for other variables (b
=-125.756, B =-0.127, t(229) = -2.261, p = .025). Addition of the PA x BDI-II
interaction term did not explain a significantly larger portion variance in amygdala
volume (AR? = 0.003, F(1, 229) = 1.142, p = .286).

VO:2max and BDI-Il on Subcortical Volume. First-step (i.e., partial) models
included predictors for VO2zmax, BDI-Il score, age, age?, and sex. Second-step
moderation models incorporated the interaction term (i.e., VOzmax x BDI-II) to
determine the extent to which depression symptom severity moderated the
association of VOzmax on the volume of interest.

Hippocampus. The partial model explained 6.4% of the variance in
hippocampal volume (F(5, 230) = 3.143, p = .009). Neither VOzmax nor BDI-II
were significant predictors of hippocampal volume. Significant predictors included

age (b = 15.836, § = 0.956, {(229) = 2.247, p = .026) and age? (b =-0.216, B =-
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1.130, 1(229) = -2.674, p = .008). Addition of the VO2zmax x BDI-Il interaction term
did not explain a significantly larger portion variance in hippocampal volume (AR?
= 0.000, F(1, 229) = 0.027, p = .871).

Amygdala. The partial model explained 20.4% of the variance in
amygdala volume (F(5, 230) = 11.800, p < .001). Both VO2zmax (b =-3.527, B = -
0.276, #(229) = -3.785, p < .001) and sex (b =-116.450, B =-0.358, {(229) = -
5.141, p < .001) were significant predictors of amygdala volume. Holding all else
constant, an increase of VOzmax by 1.0 mL-kg™"-min™ was associated with a
decrease in amygdala volume of 3.527 mm?. Addition of the VOzmax x BDI-II
interaction term did not explain a significantly larger portion variance in amygdala
volume (AR? = 0.001, F(1, 229) = 0.297, p = .586).

Nucleus Accumbens. The partial model explained 40.0% of the variance
in nucleus accumbens volume (F(5, 230) = 30.680, p < .001). Both VOzmax (b = -
2.295, p =-0.365, t(229) = -5.764, p < .001) and sex (b =-45.471, p = -0.284,
1(229) = -4.698, p < .001) were significant predictors of nucleus accumbens
volume. Holding all else constant, an increase of VOzmax by 1.0 mL-kg™-min"' was
associated with a decrease in nucleus accumbens volume of 2.295 mm3.
Addition of the VO2max X BDI-Il interaction term did not explain a significantly
larger portion variance in nucleus accumbens volume (AR? = 0.001, F(1, 229) =
0.231, p = .632).

Caudate. The partial model explained 23.1% of the variance in caudate
volume (F(5, 230) = 13.850, p < .001). Neither VO2zmax nor BDI-Il were significant

predictors of caudate volume. Significant predictors included age (b =-33.152, 8
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=-1.658, t(229) = -4.301, p < .001) and age? (b = 0.280, B = 1.216, #(229) =
3.175, p = .002). Addition of the PA x BDI-II interaction term did not explain a
significantly larger portion variance in caudate volume (AR? = 0.000, F(1, 229) =
0.000, p =.996).

Putamen. The partial model explained 3.1% of the variance in putamen
volume (F(5, 230) = 21.780, p < .001). Neither VO2zmax nor BDI-II were significant
predictors of caudate volume. Sex was the only significant predictor in the model
(b =-162.536, B = -0.165, 1(229) = -2.558, p = .011). Addition of the VOzmax *
BDI-Il interaction term did not explain a significantly larger portion variance in

amygdala volume (AR? = 0.000, F(1, 229) = 0.035, p = .852).

Discussion

There is a dearth of research examining the structural brain correlates of
PA and CRF in representative samples spanning adulthood. While existing
evidence points towards shared neural correlates of PA, CRF, and depression
(Gujral, Aizenstein, Reynolds, Butters, & Erickson, 2017), little is known about
the interactions of PA and CRF with depression on brain structure. Here, we
examined the associations of PA, CRF, and depression symptoms with MRI-
derived measures of cortical thickness and subcortical volumes in a community
sample of adults spanning young, middle, and older adulthood. PA and CRF
constructs were represented by estimates of energy expenditure derived from the
IPAQ and estimated VO2max measures, respectively. We hypothesized that PA
and CRF would be positively associated with cortical thickness and subcortical

structure volumes, and that depression symptoms would be associated with
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reductions in these structural outcomes. We further aimed to test the hypothesis
that depression symptoms would moderate the effects of PA and CRF on brain
structure. It was predicted that the observed effects would be most prominent in
prefrontal cortical regions and hippocampus given prior work that has
demonstrated sensitivity of prefrontal areas to both PA- and CRF-related
plasticity and depression.

Cortical thickness analyses revealed no association of total PA or VOzmax
on cortical thickness after correcting for age, sex, and BDI-Il score. Similarly,
BDI-1l score did not significantly predict cortical thickness beyond other variables
in the model. However, significant moderation of the relationship between VOzmax
and cortical thickness was observed within the left superior frontal lobe. Here,
VO2max Was positively associated with cortical thickness of this cluster in the
effective absence of depression symptoms (i.e., BDI-ll < 1). In the presence of
even mild depression symptoms (i.e., BDI-Il = 9), the relationship was inverse—
VO:2max Was negatively associated with cortical thickness within this region. These
results are partially in line with our hypotheses. Specifically, we hypothesized that
VO2max would be directly related to cortical thickness and observed a positive
association of VO2zmax in the absence of depression symptoms.

These results also aligned with our prediction that the PFC would be
particularly sensitive to the interacting effects of PA and CRF with depression
symptoms, though this hypothesis was only partially confirmed given the
absence of PA-related associations with cortical thickness. The superior frontal

lobe is an area critically involved in higher-order cognition including working
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memory (du Boisgueheneuc et al., 2006). Various aspects of neurocognitive
function, including working memory and other domains of executive function, are
impaired in depressed patients (Snyder, 2013) and to an extent associated with
current depression symptom severity in some studies (McDermott & Ebmeier,
2009). In light of studies showing that both PA and CRF are associated with
enhanced executive function across adulthood (Angevaren, Aufdemkampe,
Verhaar, Aleman, & Vanhees, 2008; Kubesch et al., 2003; Zhu et al., 2014) our
hypothesis implicating PFC cortical thickness as a shared neural substrate of
both CRF and depression symptoms suggests this would be an interesting
avenue for future work integrating behavioral measures.

The inverse association of CRF and cortical thickness in the superior
frontal lobe at mild-to-severe levels of depression symptoms is more difficult to
interpret given its contrast with the aging-focused literature. Williams et al. (2017)
recently reported a negative association of VOzmax With thickness of the left
superior frontal cortex in a group of young adults after controlling for age, sex,
and education. This study also suggested that age moderates the association
between CRF and cortical thickness such that higher CRF was associated with
thinner cortex in young adults and thicker cortex in older adults. Helpful
contextualization of their results points towards diverging interpretations of
cortical thinning between young and older adults. For example, one study of
cortical change across the lifespan demonstrated decreases in gray matter
density—a measure representing cortical thickness—within superior frontal areas

up to middle age in typical development (Sowell et al., 2003). This work suggests
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that cortical thinning may represent beneficial maturational change during young
and middle-adulthood prior to shifting trajectories in older adulthood. However,
cortical thinning of the PFC is consistently observed in depressed patients
relative to controls (Schmaal et al., 2017)—an observation that further
complicates interpretation of this aim in the context of what is known about CRF
and depression. While examining age-dependent associations was outside the
focus of the current study, there is a need to build on this work to examine age-
related moderation of the interactions between CRF and depression on cortical
thickness.

Volumetric analyses were conducted on gray matter structures selected a
priori based on previous work demonstrating sensitivity of these regions to PA,
CRF, and depression. Linear and quadratic terms for age explained variance
across the hippocampus and caudate, while sex differences emerged in the
amygdala, nucleus accumbens, and putamen such that these structures were
larger in males holding all other predictors constant. Neither total PA nor BDI-II
score independently explained variation in any of the subcortical volumes beyond
the effects of age and sex; however, BDI-Il moderated the association of total PA
with nucleus accumbens volume. Probing this relationship further suggested that
total PA was positively associated with nucleus accumbens volume, but that this
relationship existed only at moderate-to-severe levels of depression symptoms
(i.e., BDI =2 22). A similar pattern of results was observed in the hippocampus,
though the moderating effect did not strictly meet our criterion for significance (p

= .050). Visualization of this effect pointed toward a positive association of
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hippocampal volume with PA at moderate-to-severe levels of depression
symptoms, similar to that observed in the nucleus accumbens.

Despite playing a critical role in reward and motivation, there is not
currently convincing evidence to suggest altered nucleus accumbens volume in
depression. Evidence for PA-related plasticity is also scarce, with one cross
sectional study in older adults reported a positive association of VOzmax With
nucleus accumbens volume in older adults. The observation that PA was
positively associated with nucleus accumbens volume only in the presence of
moderate-to-severe depression symptoms was therefore unexpected. Previous
work has reported positive associations of nucleus accumbens volume with trait
anxiety (Kuhn, Schubert, & Gallinat, 2011). Given the high co-occurrence of
anxiety and depressive symptoms, this relationship may exist in part as a
function of trait anxiety in a given sample. While simple slopes tests indicated
that nucleus accumbens volume was positively associated with PA as BDI-Il is
held constant beyond a moderate symptomatic threshold (BDI-1l = 22),
interpretation with caution is warranted given the small number of participants
included in final models with true BDI-Il values beyond this threshold. While not
strictly significant, the observed pattern in the hippocampus is in alignment with
our prediction of positive association of PA with hippocampal volume; however,
this observation is vulnerable to the same limitation.

Higher CRF was associated with smaller amygdala and nucleus
accumbens volumes beyond variance explained by age, sex, or current

depression symptoms. These results were counter to our hypothesis, though
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existing evidence for a relationship between CRF and amygdala or nucleus
accumbens volume is relatively scarce. The few studies that have reported on
these relationships in the amygdala have been in older adults, and both
suggested a positive association between CRF or exercise engagement and
amygdala volume (Bugg & Head, 2011; Fletcher et al., 2016). Increased nucleus
accumbens volume has been associated with trait anxiety, so the observed
association is interesting given evidence for the anxiolytic effects of exercise
(Williams, Carroll, Veldhuijzen van Zanten, & Ginty, 2016).

There are a number of limitations to be considered within interpretation of
this study. First, the lack of associations between depression symptoms and
cortical thickness or subcortical volumes may be partially explained by our use of
current depression symptoms rather than diagnostic status or a higher-resolution
measure of lifetime depression, which may better reflect cumulative impacts on
structural brain outcomes (McKinnon et al., 2009; Schmaal et al., 2017). Higher
BDI-Il scores were observed in participants with current or remitted depression in
the included subsample, though the lower limit of scores was similar for those
with or without a positive history of diagnosed depression. Further, the volumetric
outcomes used in this study were corrected for eTIV and averaged across left
and right hemispheres, potentially obscuring effects that are lateralized within
subcortical structures. The effects of age on brain structure have been
extensively studied, thus while this study aimed to examine effects beyond those
associated with aging, it is possible that moderating effects of age on the

observed associations were overlooked. Of course, this study is cross-sectional
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in nature, and therefore does not support causal claims about the effects of PA or
CREF on brain structure in conjunction with depression symptoms.

There is a wealth of evidence to indicate that PA and CRF hold
antidepressant effects, but the neural mechanisms are poorly understood.
Further, little is known about how these associations vary in conjunction with
structural abnormalities reported in depression. In this cross-sectional study, we
demonstrate an association of CRF with cortical thickness within the prefrontal
cortex that is moderated by depression symptoms. Volumes of the amygdala and
nucleus accumbens were negatively associated with CRF, while PA was
positively associated with nucleus accumbens volume only in the case of
moderate-to-severe depression symptoms. Taken together, these results indicate
that the associations of PA and CRF with brain structural outcomes may vary as
a function of depression. While extensive work suggests that depression shares
common brain structural correlates with PA and CRF, it is critical to better
understand how these processes interact on brain structure to identify potential
targets for the translation of exercise prescription to practice. Moving beyond
cross-sectional conclusions, future work should examine exercise-related
modifications in cortical thickness and subcortical structure in depressed and

non-depressed samples.
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CHAPTER 5: Functional Brain Network Correlates of Physical Activity and
Cardiorespiratory Fitness and Moderation by Depression Symptoms

The purpose of this study was to determine the functional brain network
correlates of physical activity (PA) and cardiorespiratory fithess (CRF) and the
extent to which these associations are moderated by depression symptoms. We
examined modularity—a measure of clustering into well-defined communities
within a network—based on prior research suggesting modularity is altered in
depression and may be related to depression symptoms (Ye et al., 2015). We
hypothesized that PA and CRF would be associated with higher modularity of the
whole-brain network. Based on the triple network model (Menon, 2011), we
specifically examined the associations of PA and CRF with functional
connectivity within and between the DMN, CEN, and SAL and whether these
associations were moderated by depression symptoms. Drawing from existing
work that has examined associations of these constructs with functional brain
network connectivity, we expected that CRF, in particular, would be associated
with graph theoretical metrics. Given the relatively few studies that have
examined these metrics, particularly in samples including young and middle-aged
adults, we did not have directional hypotheses about the effects of PA and CRF
or depression symptoms on within-network and between-network functional

connectivity.
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Methods
Subsample Selection and Demographics

The behavioral variables of interest for these analyses included total PA,
and VOzmax, and BDI-Il score. Because planned analyses required complete data
for each case entered into multiple linear regression models, participants were
included only if usable data were unavailable for any of these measures (n =
325). Participants were excluded if > 28 days elapsed between collection of
behavioral or neuroimaging data (n = 27). Quality control of the raw and
preprocessed functional volumes resulted in exclusion of 49 additional
participants prior to conducting group analyses. An additional nine participants
were excluded based on casewise regression diagnostics. Details of these
procedures are described in the subsequent sections. The final subsample
included n = 217 participants (134 females, 83 males) between the ages of 18
and 71 (M =43.8, SD = 16.2; 76% white, 13% black or African-American, 9%
Asian, 2% other race; 8% Hispanic).

Within this subsample, n = 41 participants had a positive diagnostic history
of depressive disorder or mood disorder exhibiting depressive symptoms
including current or remitted MDD, dysthymic disorder, adjustment disorder with
depressed mood, or depressive disorder not otherwise specified. Fourteen
participants self-reported current and regular use of one (n = 12) or more (n = 2)
psychotropic medications for a duration = 3 months. These medications included
serotonin-specific reuptake inhibitors (SSRIs; n = 6), serotonin-norepinephrine
reuptake inhibitors (SNRIs; n = 3), norepinephrine-dopamine reuptake inhibitors
(NDRIs; n = 1), benzodiazepines (n = 4), stimulants (n = 3), tricyclic
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antidepressants (n = 1), and sedative-hypnotics (n = 1). Depression symptom
severity assessed on the BDI-Il was higher for participants with a positive
diagnostic history (M = 12.0, SD = 9.5) than those with a negative diagnostic
history (M = 4.6, SD = 4.5; (43.983) = 4.844, p < .001; Appendix, Suppl. Figure
11).

Functional MRI Data Acquisition and Preprocessing

Blood oxygen level-dependent functional images were acquired in the
axial plane using a T2*-weighted multiband echoplanar imaging pulse sequence
with contiguous interleaved slices (TE = 30ms, TR = 1400ms, TR delay = Oms,
flip angle = 65°, field-of-view = 224 x 224 mm, matrix = 112 x 112, number of
slices = 64, voxel size = 2.0mm?, phase encoding A>>P, GRAPPA accel. factor =
4, number of volumes = 404, acquisition time = 8:06). This sequence was
developed for the Washington University-University of Minnesota consortium of
the Human Connectome Project, and provided to NKI-RS for state-of-the-art
acquisition of whole-brain functional MRI (Xu et al., 2012).

Functional MRI Data Quality Check. Raw T2*-weighted functional
images were visually inspected for quality prior to conducting preprocessing
procedures. Raw data from 31 participants were excluded from functional
analyses due to insufficient brain coverage (n = 1) or moderate-to-severe motion
(n =6) or signal (n = 24) artifact. Common signal artifacts included signal dropout
in the inferior temporal or frontal lobes, wrapping artifact, and ghosting that
affected primarily anterior and posterior aspects of the raw images. Twelve
participants had missing or unusable functional or structural MRI data and were

therefore excluded.
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Preprocessing Pipeline. Preprocessing of structural and functional MRI
data was conducted using FreeSurfer and Analysis of Functional Neurolmages
(AFNI). The transformation of each participant’s native space image to standard
space (i.e., spatial normalization) was calculated using a multi-step process. Raw
T1-weighted structural images were intensity-normalized within the FreeSurfer
pipeline. Skull-intact and intensity-normalized T1-weighted images were crudely
masked using a dilated mask derived from the FreeSurfer-estimated brain mask.
This step ensured removal of extraneous data within the field of view (e.g., large
sections of neck) that proved problematic for skull-stripping and warping. The
nonlinear warp from each participant’s native space to standard Montreal
Neurological Institute (MNI) space was then calculated using AFNI’'s 3dQwarp via
@SSwarper. Briefly, skull-intact and intensity-normalized structural images were
nonlinearly warped to a skull-on MNI template, cropped using a dilated brain
mask from the MNI template, and combined with a first-pass skull-stripped
version of the participant’s structural image to better estimate the native-space
skull-stripped result. This skull-stripped image was then re-warped to the skull-
stripped MNI template using concatenated 12-parameter affine and nonlinear
transformations. For the current project, spatially normalized structural images
were reviewed for quality control purposes, and the calculated affine and
nonlinear warp matrices were saved for later transformation of subject-level
network masks.

The first five functional volumes (i.e., TRs) collected in each run were

discarded to account for scanner equilibration effects. The remaining volumes
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were despiked and slice-timing corrected to the beginning of the TR using
Fourier interpolation. For motion correction, functional volumes were coregistered
to the in-run volume with the minimum outlier fraction using a 6-parameter rigid-
body affine transformation (AFNI's 3dvolreg) producing estimates of linear and
rotational motion to be used in the regression model. Censoring, bandpassing,
and nuisance regression were subsequently conducted simultaneously in one
regression model. Within this model, data were bandpass filtered (0.01 to 0.1 Hz)
and volumes with an outlier fraction > 0.05 were censored. Six estimated motion
parameters and terms to account for variance due to scanner drift, signal from
white matter and ventricles, demeaned motion, and motion derivative parameters
were included in nuisance regressors. The resulting residual time series were
scaled by a constant such that the mean in-run value at each voxel was 100. The
affine transformation for alignment of native space and coregistered skull-
stripped functional images with the high-resolution T1-weighted structural image
was calculated in AFNI’'s align_epi_anat.py using the Ipc+ZZ cost function.
Quality Control of Preprocessed Functional MRI Data. Images were
visually inspected after each step of the processing pipeline to ensure the quality
of skull-stripping, alignment, normalization, etc. and corrected on a case-by case
basis using modified scripts and/or adjustment methods. Based on motion
estimates calculated by AFNI’'s 3dvolreg, participants were excluded if their
maximum framewise displacement (i.e., motion between successive TRs) was
greater than 1.0 mm (n = 18). Residual motion after coregistration was minimal

(average maximum framewise displacement ~ 0.0226 mm).
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Functional Connectivity Graph Analyses

Functional Brain Parcellation Scheme. Functional brain network nodes
were defined using a widely-used brain atlas (Power et al., 2011). This atlas was
derived using a combination of meta-analytic and functional connectivity mapping
techniques and comprises 264 regions of interest widely distributed across
cortical, subcortical, and cerebellar brain regions. These regions of interest are
modeled as spherical nodes representing individual elements of large-scale brain
organization. These nodes comprise a number of brain networks including but
not limited to the DMN, CEN, and SAL. Prior work has applied this atlas to
examine interactions among core networks of interest in the present project (e.g.,
Chen, Cai, Ryali, Supekar, & Menon, 2016; Lydon-Staley et al., 2019). For the
current project, a modified version of the original 264-node graph was created.
This modified version excluded a subnetwork of 28 nodes which were assigned
ad hoc based on uncertain community membership during atlas creation (Power
et al., 2011). For analyses focused on specific brain networks, the DMN and SAL
were defined in accordance with labels assigned in Power et al. (2011), while the
CEN comprised the network identified by the authors as the fronto-parietal task
control network.

Subject-specific network node masks were created for the extraction of
residual BOLD signal from the preprocessed functional volumes. Spherical
regions of interest (10mm in diameter) were created in MNI space centered on
coordinates provided by Power et al. (2011) and excluding the 28-node
subnetwork described above. Each participant’s standard-to-native-space warp

was calculated by concatenating the previously calculated affine alignment with
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the affine and nonlinear spatial transformation warp. The standard-space region
of interest volumes were warped to each subject’s standard space by applying
the inverse transformation of this concatenation.

Construction of Functional Connectivity Networks. The average
residual BOLD signal within each region of interest (i.e., network node) was
extracted for calculation of network edges. Edge weights of subject-specific
networks were defined as the Fisher’s r-to-z transformed Pearson product-
moment cross-correlations of the average BOLD time series calculated between
network nodes. A 236 x 236 undirected, weighted, and signed correlation matrix
was constructed such that A; was defined as the r-to-z transformed cross-
correlation between nodes i and j.

Functional Brain Network Metrics.

Modularity. Modularity was calculated from each participant’s whole-
network adjacency matrix. For the calculation of modularity, community
membership was assigned based on atlas-defined clusters of networks derived
from independent samples (Power et al., 2011). This method served to ensure
consistent community membership of network nodes across participants.
Negative edges were removed from adjacency matrices for this calculation, thus
creating an undirected, unsigned, and weighted matrix for each participant. The
group-averaged adjacency matrix is presented in Figure 20. Calculation of
modularity based on community assignment was conducted within the igraph
package for R (https://igraph.org/r/), within which the modularity index Q is

calculated as:
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1 kik;
0= g% (1= 5 ) 0 )

ij

Here, m is the number of edges within the adjacency matrix, 4;; is the edge
weight of vertex ij, and k;k;/2m represents the weight of edges linking nodes in
the same community by chance (Clauset, Newman, & Moore, 2004; Newman &
Girvan, 2004). The function 6 (c;, ¢;) is equal to one if two nodes belong to the
same module (i.e., community) and zero otherwise. This equation is therefore
quantifying the difference between intramodule connectivity in a given network

compared to that expected by chance.
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Figure 20. Group-averaged adjacency matrix representing functional connectivity of
whole-brain network defined using Power (2011) atlas. Negative weights were removed
(i.e., set to 0) for modularity analysis.
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Within-Network and Between-Network Functional Connectivity. To
assess associations of PA and CRF with functional brain network topology in the
context of the triple-network model, average functional connectivity was
calculated within and between the DMN, CEN, and SAL. Negative edges were
retained in adjacency matrices for this calculation, thus creating an undirected,
signed, and weighted matrix for each participant. While it is common practice to
threshold correlation matrices in order to retain only a fraction of the strongest
connections, adjacency matrices were not thresholded for these calculations due
to the potential neurobiological relevance of weak and negatively correlated (i.e.,
anticorrelated) functional connectivity for examining whole-brain network
topology (Chen et al., 2016; Sporns & Betzel, 2016). The group-averaged
adjacency matrix representing the DMN, CEN, and SAL is presented in Figure
21. Within-network functional connectivity was calculated for each participant as
the average of all edges (nij) within the DMN (DMNw), CEN (CENw), and SAL
(SALy) for each participant. Between-network functional connectivity was
calculated as the average of all edges between nodes of the DMN and nodes of
the CEN (DMN-CEN}), between nodes of the CEN and nodes of the SAL (CEN-

SALy), and between nodes of the SAL and nodes of the DMN (SAL-DMNp).

Multiple Linear Regression Analyses

Associations of total PA and VOzmax With functional brain network metrics
and potential interactions with BDI-II score were examined separately using a
hierarchical linear regression approach. To facilitate interpretation of

unstandardized parameter estimates, measured variables representing PA were
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entered into the model in units of 1000 MET-min-wk!. Sex was entered as a
dummy variable with males as the reference group (i.e., male = 0, female = 1).
First-step models included predictors for total PA or VO2zmax, BDI-Il score, age,
age?, and sex. Second-step models incorporated the appropriate interaction term
(i.e., PA x BDI-Il or VO2max x BDI-I) to determine the extent to which depression
symptom severity moderated the association of PA or VOzmax on the metric of

interest.

DMN CEN SAL

DMN

0.75
0.50
0.25
0.00
-0.25
-0.50
-0.75

CEN

SAL

Figure 21. Group-averaged adjacency matrix representing functional connectivity of
DMN, CEN, and SAL defined using Power (2011) atlas.

Regression Diagnostics and Assumptions. Casewise diagnostics were
conducted to identify potentially influential data points in the first-step regression
models. Centered leverage values were examined within index plots using the

heuristic value 2(p +1)/n, where p is the number of predictors, as a guideline for
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identifying points with large leverage. Studentized and studentized deleted
residuals and Bonferroni-corrected t tests of studentized deleted residuals were
examined to identify problematic outliers. For evaluation of influence, particular
attention was paid to Cook’s D and DFFITS (i.e., global influence statistics) using
the heuristic Cooks D > 0.5 and DFFITS > 2/n as guidelines for identifying points
with large influence on the multivariate regression. DFBETAS (i.e., a local
influence statistic) was also examined using the heuristic DFBETAS > 2/n with
emphasis on points demonstrating large influence on the regression coefficients
for total PA and VO2max. Note that these heuristic values were not applied as
strict cut-offs. Comprehensive review of these diagnostic tests and visualizations
guided the identification of nine cases with problematic influence within multiple
regression models. These cases were removed prior to re-estimation of
regression models. Casewise diagnostics were reviewed after removal of these
cases and indicated satisfactory resolution of problems with leverage and
influence.

The regression assumptions of linearity, normality, homoscedasticity,
independence, and were evaluated across all first- and second-step models
using a combination of diagnostic tests and data visualization. The linearity
assumption was visually assessed by plotting each predictor and predicted
values against residuals in combination with Tukey’s test of nonadditivity (Tukey,
1949). These methods confirmed the assumption of linearity was reasonable (all
p >.05). The normality assumption was visually assessed using Q-Q plots of the

unstandardized residual. This review confirmed that the conditional residuals of
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regression models were normally distributed. The assumption of
homoscedasticity was evaluated by plotting model residuals against fitted values.
This procedure confirmed that the assumption of homoscedasticity was
reasonably met. The Durbin-Watson test for correlated residuals was conducted
to evaluate the assumption of independence. These tests confirmed that the
residuals were not autocorrelated (all p > 0.05), and therefore that the
assumption of independence was reasonably met. Multicollinearity diagnostics
including variance inflation factors and tolerance values did not detect issues of
multicollinearity in any of the reported models beyond expected multicollinearity
of age and interaction terms.

Power Analyses. Power analyses were conducted in G*Power (v.3.1;
Faul et al., 2007) to determine the sample size necessary to detect effects of
interest in multiple linear regression models. The first analysis was conducted to
determine the required sample size to reject the omnibus null hypothesis (R? # 0)
in first-step linear regression models with the following parameters: £ =0.1, a =
0.05, power (1-8) = 0.8, number of predictors = 5. This protocol yielded a
required sample size of n = 134. Examining total sample size as a function of £
suggested the ability to detect effects as small as approximately 2 = 0.05 with n
= 217. The second analysis was conducted to determine the required sample
size to detect the effect of a single regression coefficient in first-step linear
regression models with the following parameters: £ = 0.1, a = 0.05, power (1-8) =

0.8. This protocol yielded a required sample size of n = 81.
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The third analysis was conducted to determine the required sample size to
detect the effect of the interaction term in second-step regression models (R?)
with the following parameters: 2 = 0.1, a = 0.05, power (1-8) = 0.8, number of
tested predictors = 1, total number of predictors = 6. This protocol yielded a
required sample size of n = 81. Examining total sample size as a function of
suggested the ability to detect effects as small as approximately = 0.035 with n
= 217. These analyses confirmed the appropriateness of conducting the
proposed analyses with n = 217 participants comprising a sufficient sample size

to reject null hypotheses of interest.

Results

Descriptive statistics and distributions of measured variables are
presented in Table 13 and Suppl. Figures 12-15 (Appendix). Distributions of
modularity, within-network, and between-network metrics are presented in
Figures 18-20. Results of two-step multiple linear regression models examining
the associations and interactions of total PA and BDI-Il on functional brain
network metrics are presented in Table 14. Multiple linear regression models
examining the associations and interactions of VO2max and BDI-Il on functional
brain network metrics are presented in Table 15.

Total PA and BDI-Il on Functional Brain Network Metrics

First-step (i.e., partial) models included predictors for total PA, BDI-II
score, age, age?, and sex. Second-step (i.e., moderation) models incorporated

the interaction term (i.e., PA x BDI-Il) to determine the extent to which
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depression symptom severity moderated the association of total PA on the

functional brain network metric of interest.

Table 13. Descriptive statistics of measured variables for subsample included in
functional brain network analyses.

Males Females All Participants
n =283 n=134 n=217
Variable M+ SD M+ SD M+ SD
Age (Years) 406 +£17.4 458 +15.4 43.8+16.3
BDI-ll Score 6.16 + 6.46 55%+53 58+5.38
Estimated VOzmax (mL-kg™-min™') 42.78 + 11.08 28.49 + 9.21 33.96 + 12.13
Total PA (MET-min-wk™) 4620 + 5066 4659 + 4258 4644 + 4572
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Figure 22. Distribution of modularity (Q).
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Figure 23. Distributions of within-network functional connectivity metrics of the DMN, CEN, and SAL.
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Figure 24. Distributions of between-network functional connectivity metrics of the DMN, CEN, and SAL.
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Table 14. Moderated multiple regression models testing the effects and interaction of total PA and BDI-Il on functional brain

network metrics.

Partial Model Moderation Model

DMNw b SEb B t p value b SEb B t p value
Total PA (MET-min-wk') -8.79E-04 5.61E-04 -0.104 -1.567 119 -9.64E-04 7.11E-04 -0.115 -1.357 176
BDI-II Score 2.55E-04 4.47E-04 0.038 0.571 .569 1.58E-04 6.67E-04 0.024 0.237 .813
Age (Years) -1.07E-03 1.00E-03  -0.455 -1.069 .286 -1.08E-03 1.01E-03  -0.456 -1.069 .286
Age? (Years?) 1.33E-05 1.15E-05 0.493 1.163 .246 1.34E-05 1.15E-05 0.493 1.161 247
Sex 2.09E-02 5.33E-03 0.265 3.926 <.001 2.09E-02 5.34E-03 0.265 3.913 <.001
PA x BDI-II 2.00E-05 1.02E-04 0.021 0.196 .845

R? 0.085 R? 0.086

Adj. R? 0.063 Adj. R? 0.059

F(AR?) 3.937 .002 F(AR?) 0.038 .845
Partial Model Moderation Model

CENw b SEb B t p value b SEb B t p value
Total PA (MET-min-wk') -1.43E-03 5.99E-04 -0.160 -2.384 .018 -1.03E-03 7.57E-04 -0.115 -1.358 176
BDI-Il Score -8.79E-04 4.77E-04  -0.124 -1.843 .067 -4 24E-04 7.11E-04  -0.060 -0.597 .551
Age (Years) 1.46E-03 1.07E-03 0.582 1.360 A75 1.47E-03 1.07E-03 0.588 1.372 A71
Age? (Years?) -2.06E-05 1.23E-05 -0.716 -1.679 .095 -2.06E-05 1.23E-05 -0.717 -1.681 .094
Sex 7.62E-03 5.69E-03 0.091 1.339 .182 7.70E-03 5.70E-03 0.092 1.351 178
PA x BDI-II -9.42E-05 1.09E-04 -0.094 -0.864 .389

R? 0.074 R? 0.078

Adj. R? 0.053 Adj. R? 0.051

F(AR?) 3.397 .006 F(AR?) 0.746 .389
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Partial Model

Moderation Model

SALw b SEb B t p value b SEb B t p value
Total PA (MET:min-wk') -1.37E-03 7.82E-04 -0.120 -1.756 .081 -1.21E-03 9.90E-04 -0.106 -1.221 224
BDI-Il Score 2.02E-04 6.22E-04 0.022 0.324 .746 3.89E-04 9.29E-04 0.043 0.419 .676
Age (Years) -8.40E-04 1.40E-03 -0.263 -0.600 .549 -8.34E-04 1.40E-03  -0.261 -0.595 .553
Age? (Years?) 5.46E-06 1.60E-05 0.149 0.341 .733 5.44E-06 1.60E-05 0.148 0.340 734
Sex -1.62E-03 7.43E-03 -0.015 -0.219 .827 -1.59E-03 7.44E-03 -0.015 -0.214 .831
PA x BDI-II -3.88E-05 1.43E-04 -0.030 -0.272 .786

R? 0.033 R? 0.034

Adj. R? 0.010 Adj. R? 0.006

F(AR?) 1.452 .207 F(AR?) 0.074 .786
Partial Model Moderation Model

DMN-CENsb b SEb B t p value b SEb B t p value
Total PA (MET-min-wk') -1.66E-04 4.45E-04 -0.026 -0.374 .709 -2.16E-04 5.63E-04  -0.033 -0.383 .702
BDI-Il Score  3.95E-04 3.54E-04 0.076 1.114 .266 3.39E-04 5.29E-04 0.065 0.641 .522
Age (Years) -3.49E-04 7.96E-04 -0.191 -0.438 .662 -3.51E-04 7.98E-04 -0.192 -0.440 .661
Age? (Years?) 5.09E-06 9.10E-06 0.242 0.559 577 5.09E-06 9.12E-06 0.243 0.558 577
Sex 1.12E-02 4.23E-03 0.183 2.645 .009 1.12E-02 4.24E-03 0.182 2.636 .009
PA x BDI-II 1.16E-05 8.11E-05 0.016  0.143 .887

R? 0.043 R? 0.043

Adj. R? 0.020 Adj. R? 0.015

F(AR?) 1.877 .100 F(AR?) 0.020 .887
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Partial Model Moderation Model
CEN-SAL:» b SEb B t p value b SEb B t p value
Total PA (MET-min-wk') -8.07E-04 4.50E-04 -0.123 -1.794 .074 -8.22E-04 5.69E-04 -0.125 -1.443 .150
BDI-ll Score -5.11E-04 3.58E-04 -0.098 -1.426 .155 -5.28E-04 5.34E-04 -0.101 -0.988 325
Age (Years) -1.93E-04 8.05E-04 -0.105 -0.240 .810 -1.94E-04 8.07E-04  -0.106 -0.240 .810
Age? (Years?) 4.02E-06 9.19E-06 0.191 0.437 .663 4.02E-06 9.22E-06 0.191 0.436 .663
Sex 9.82E-04 4.27E-03 0.016  0.230 .818 9.80E-04 4.28E-03 0.016 0.229 .819

PA x BDI-II 3.57E-06 8.20E-05 0.005 0.044 .965
R? 0.029 R? 0.029
Adj. R? 0.006 Adj. R? 0.002
F(AR?) 1.270 278 F(AR?) 0.002 .965
Partial Model Moderation Model
SAL-DMNs b SEb B t p value b SEb B t p value

Total PA (MET-min-wk')  2.33E-04 5.32E-04 -0.123 0.438 .662 4.39E-04 6.74E-04 0.057 0.652 515
BDI-Il Score 1.52E-04 4.24E-04 -0.098 0.360 .719 3.87E-04 6.32E-04 0.063 0.612 541

Age (Years) -2.61E-04 9.53E-04 -0.105 -0.274 .784 -2.54E-04 9.54E-04 -0.118 -0.266 791

Age? (Years?) 5.61E-06 1.09E-05 0.191 0.516 .606 5.60E-06 1.09E-05 0.226 0.513 .608

Sex -1.54E-03 5.06E-03  0.016 -0.305  .761  -150E-03 507E-03 -0.021 -0.297  .767
PA x BDIII -485E-05 9.70E-05 -0.056 -0.501  .617
R? 0.014 R? 0.015
Adj. R? -0.010 Adi. 2 -0.013
F(AR?) 0.590 708 F(AR?) 0.251 617
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Partial Model Moderation Model

Modularity (Q) b SEb B t p value b SEb B t p value
Total PA (MET-min-wk') -4.17E-04 2.61E-04 -0.109 -1.600 11 -4.69E-04 3.30E-04 -0.122 -1420 0.157
BDI-Il Score -2.56E-04 2.08E-04 -0.084 -1.231 220 -3.14E-04 3.10E-04 -0.103 -1.014  0.312
Age (Years) -3.65E-04 4.67E-04 -0.340 -0.783 435 -3.67E-04 4.68E-04 -0.342 -0.785 0.433
Age? (Years?) 2.96E-06 5.33E-06 0.240 0.555 .580 2.96E-06 5.34E-06 0.240 0.555 0.580
Sex 5.25E-03 2.48E-03 0.146 2.118 .035 5.24E-03 2.48E-03 0.145 2109 0.036
PA x BDI-II 1.21E-05 4.75E-05 0.028 0.255 0.799

R? 0.049 R? 0.049

Adj. R? 0.026 Adj. R? 0.022

F(AR?) 2.159 .060 F(AR?) 0.065 .799
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Table 15. Moderated multiple regression models testing the effects and interaction of VOzmax and BDI-Il on functional brain

network metrics.

Partial Model Moderation Model

DMNw b SEb B t p value b SEb B t p value
VOzmax (ML-kg™-min')  1.24E-03 2.70E-04 0.392 4595 <.001 7.50E-04 3.30E-04 0.236 2.270 .024
BDI-Il Score  4.55E-04 4.27E-04 0.068 1.066 .288 -2.54E-03 1.25E-03 -0.378 -2.021 .045
Age (Years) -7.94E-04 9.65E-04 -0.336  -0.823 412 -7.06E-04 9.53E-04 -0.299 -0.740 460
Age? (Years?) 1.35E-05 1.10E-05 0.500 1.231 .220 1.26E-05 1.09E-05 0.464 1.157 .249
Sex 3.73E-02 6.20E-03 0472 6.010 <.001 3.73E-02 6.12E-03 0.471 6.084 <.001
VO2max x BDI-II 8.37E-05 3.31E-05 0.495 2.530 .012

R? 0.159 R? 0.184

Adj. R? 0.139 Adj. R? 0.160

F(AR?) 7.969 <.001 F(AR?) 6.402 .012
Partial Model Moderation Model

CENw b SEb B t p value b SEb B t p value
VOzmax (ML-kg™-min')  8.19E-04 3.00E-04 0.243 2.732 .007 6.62E-04 3.72E-04 0.197 1.782 .076
BDI-Il Score -6.73E-04 4.73E-04 -0.095 -1.423 .156 -1.63E-03 1.41E-03 -0.229 -1.154 .250
Age (Years) 1.55E-03 1.07E-03 0.619 1.449 .149 1.58E-03 1.07E-03 0.630 1.472 142
Age? (Years?) -1.97E-05 1.22E-05 -0.684 -1.614 .108 -2.00E-05 1.22E-05 -0.695 -1.636 .103
Sex 1.86E-02 6.88E-03 0.222 2.703 .007 1.86E-02 6.89E-03 0.222 2.699 .008
VO2max x BDI-II 2.67E-05 3.72E-05 0.149 0.719 AT73

R? 0.082 R? 0.084

Adj. R? 0.060 Adj. R? 0.058

F(AR?) 3.771 .003 F(AR?) 0.516 473
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Partial Model

Moderation Model

SALw b SEb B t p value b SEb B t p value
VOzmax (ML-kg™-min')  1.33E-03 3.85E-04 0.308 3.444 .001 1.40E-03 4.78E-04 0.326 2.934 .004
BDI-Il Score  4.53E-04 6.08E-04 0.050 0.746 457 9.08E-04 1.81E-03 0.100 0.501 .617
Age (Years) -5.89E-04 1.37E-03 -0.184 -0.429 .669 -6.02E-04 1.38E-03 -0.188 -0.437 .663
Age? (Years?) 6.06E-06 1.57E-05 0.165 0.387 .699 6.21E-06 1.57E-05 0.169 0.396 .693
Sex 1.59E-02 8.83E-03 0.149 1.802 .073 1.59E-02 8.85E-03 0.149 1.798 .074
VO2max x BDI-II -1.28E-05 4.78E-05 -0.056 -0.267 .790

R? 0.071 R? 0.072

Adj. R? 0.049 Adj. R? 0.045

F(AR?) 3.241 .008 F(AR?) 0.071 .790
Partial Model Moderation Model

DMN-CENb b SEb B t p value b SEb B t p value
VOzmax (ML-kg™-min')  2.33E-04 2.23E-04 0.095 1.044 .298 1.34E-04 2.76E-04 0.055 0.485 .628
BDI-Il Score  4.32E-04 3.52E-04 0.083 1.228 221 -1.67E-04 1.05E-03 -0.032 -0.159 .874
Age (Years) -2.97E-04 7.96E-04 -0.162 -0.373 .710 -2.79E-04 7.97E-04 -0.153 -0.350 727
Age? (Years?) 5.12E-06 9.07E-06 0.244 0.565 573 4.93E-06 9.09E-06 0.235 0.543 .588
Sex 1.42E-02 5.11E-03 0.233 2.784 .006 1.42E-02 5.12E-03 0.232 2.779 .006
VO2max x BDI-II 1.68E-05 2.77E-05 0.128 0.606 .545

R? 0.047 R? 0.049

Adj. R? 0.024 Adj. R? 0.021

F(AR?) 2.076 .070 F(AR?) 0.368 .545
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Partial Model

Moderation Model

CEN-SAL:» b SEb B t p value b SEb B t p value
VOzmax (ML-kg™-min')  6.72E-04 2.23E-04 0.272 3.016 .003 7.62E-04 2.76E-04 0.309 2.756 .006
BDI-Il Score -3.74E-04 3.52E-04 -0.072 -1.062 .290 1.68E-04 1.05E-03 0.032 0.160 .873
Age (Years) -7.80E-05 7.95E-04 -0.043 -0.098 .922 -9.40E-05 7.97E-04 -0.051 -0.118 .906
Age? (Years?) 4.42E-06 9.06E-06 0.210 0.488 .626 4.60E-06 9.08E-06 0.218 0.506 .613
Sex 9.90E-03 5.11E-03 0.161 1.937 .054 9.90E-03 5.12E-03 0.161 1.934 .054
VO2max x BDI-II -1.52E-05 2.77E-05 -0.115 -0.548 .584

R? 0.055 R? 0.057

Adj. R? 0.033 Adj. R? 0.030

F(AR?) 2.463 .034 F(AR?) 0.301 .584
Partial Model Moderation Model

SAL-DMNs b SEb B t p value b SEb B t p value
VOzmax (ML-kg™-min')  -1.24E-04 2.68E-04 -0.043 -0.465 .642 -2.31E-04 3.32E-04 -0.080 -0.697 487
BDI-Il Score  1.20E-04 4.22E-04 0.020 0.284 T77 -5.28E-04 1.26E-03 -0.086 -0.419 .675
Age (Years) -2.73E-04 9.54E-04 -0.127 -0.286 775 -2.54E-04 9.56E-04 -0.118 -0.266 791
Age? (Years?) 5.46E-06 1.09E-05 0.221 0.502 .616 5.25E-06 1.09E-05 0.212 0.482 .630
Sex -3.21E-03 6.13E-03 -0.044 -0.524 .601 -3.21E-03 6.14E-03 -0.045 -0.523 .601
VO2max x BDI-II 1.81E-05 3.32E-05 0.117 0.546 .585

R? 0.014 R? 0.015

Adj. R? -0.010 Adj. R? -0.013

F(AR?) 0.595 .704 F(AR?) 0.299 .585
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Partial Model

Moderation Model

Modularity (Q) b SEb B t p value b SEb B t p value
VOzmax (ML-kg"-min')  4.62E-04 1.28E-04 0.320 3.614 <.001 4 20E-04 1.59E-04 0.291 2.649 .009
BDI-Il Score -1.74E-04 2.02E-04 -0.057 -0.860 .391 -4.30E-04 6.02E-04 -0.141 -0.713 476
Age (Years) -2.71E-04 4.56E-04 -0.252 -0.594 553 -2.64E-04 4.58E-04 -0.245 -0.576 .565
Age? (Years?) 3.11E-06 5.20E-06 0.252 0.599 .550 3.03E-06 5.21E-06 0.246 0.581 .562
Sex 1.13E-02 2.93E-03 0.315 3.867 <.001 1.13E-02 2.94E-03 0.315 3.860 <.001
VOzmax x BDI-I 7.17E-06 1.59E-05 0.093 0.452 .652

R? 0.093 R? 0.094

Adj. R? 0.072 Adj. R? 0.068

F(AR?) 4.339 .001 F(AR?) 0.204 .652
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Modularity. Neither the partial model (R?> = 0.049, F(5, 211) =2.159, p =
0.060) nor the moderation model (R? = 0.049, F(6, 210) = 1.802, p = 0.100)
explained a significant portion of the variance in modularity.

Within-Network Connectivity. Within the DMN, the partial model
explained 8.5% of the variance in DMNw (F(5, 211) = 3.973, p = .002). Neither
total PA nor BDI-II were significant predictors of DMN,. Sex was the only
significant predictor in the model (g = 0.265, #(210) = 3.926, p < .001). Addition of
the PA x BDI-Il interaction term did not explain a significantly larger portion
variance in DMNy (AR? = 0.085, F(1, 210) = 0.038, p = .0845). Within the CEN,
the partial model explained 7.5% of the variance in CENw (F(5, 211) = 3.397, p =
.006). Only total PA was a significant predictor of CENw (8 = -0.160, #(210) = -
2.384, p = .018). Holding all else constant, a 1-SD increase of total PA was
associated with a 0.160-SD decrease of CENw. Within the SAL, neither the partial
model (R? = 0.033, F(5, 211) = 1.452, p = 0.207) nor the moderation model (R? =
0.034, F(6, 210) = 1.217, p = 0.299) explained a significant portion of the
variance in SALu.

Between-Network Connectivity. Between the DMN and CEN, neither the
partial model (R? = 0.043, F(5, 211) = 1.877, p = 0.100) nor the moderation
model (R? = 0.043, F(6, 210) = 1.561, p = 0.160) explained a significant portion of
the variance in DMN-CENy. Between the CEN and SAL, neither the partial model
(R?=0.029, F(5, 211) = 1.270, p = 0.278) nor the moderation model (R? = 0.029,
F(6, 210) = 1.054, p = 0.392) explained a significant portion of the variance in

CEN-SALs. Between the SAL and DMN, neither the partial model (R? = 0.014,
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F(5, 211) = 0.590, p = 0.708) nor the moderation model (R? = 0.015, F(6, 210) =
0.532, p = 0.784) explained a significant portion of the variance in SAL-DMNp.

VO2max and BDI-Il on Functional Brain Network Metrics

First-step (i.e., partial) models included predictors for VOzmax, BDI-II score,
age, age?, and sex. Second-step (i.e., moderation) models incorporated the
interaction term (i.e., VO2amax * BDI-II) to determine the extent to which
depression symptom severity moderated the association of VOzmax on the
functional brain network metric of interest.

Modularity. The partial model explained 9.3% of the variance in
modularity (F(5, 211) = 4.339, p = .001). Both VOzmax (8 = 0.320, #(210) = 3.614,
p <.001) and sex (f = 0.315, {(210) = 3.867, p < .001) were significant predictors
of modularity. Holding all else constant, a 1-SD increase of VOzmax Was
associated with a 0.320-SD increase of modularity. Addition of the VOzmax * BDI-
Il interaction term did not explain a significantly larger portion variance in
modularity (AR? = 0.001, F(1, 229) = 0.422, p = .517).

Within-Network Connectivity. Within the DMN, the partial model
explained 15.9% of the variance in DMNw (F(5, 211) = 7.969, p < .001). Both
VO2max (B = 0.392, t(210) = 4.595, p < .001) and sex (5 = 0.472, (210) = 6.010, p
< .001) were significant predictors of DMNy. Addition of the VO2zmax x BDI-II
interaction term explained a significantly larger portion of variance in DMNy (AR?
=0.025, F(1, 229) = 6.402, p = .012). This moderation is illustrated in Figure 25.
The Johnson-Neyman test indicated that the simple slope between VOzmax and

DMNw was significant across all values of BDI-II score. Simple slopes were
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Figure 25. Interaction plot depicting the regression line of DMNy on VO2zmax at discrete
levels of BDI-II score.

calculated for BDI-II scores of 0, 14, and 28. The unstandardized simple slope for
participants with a BDI-Il score of 0 was 0.0007 (SE = 0.0003, 95%CI [0.0001,
0.0014], p = .024). The unstandardized simple slope at a BDI-Il score of 14 was
0.0019 (SE = 0.0004, 95%CI [0.0012, 0.0027], p < .001) and at a BDI-II score of
28 was 0.0031 (SE = 0.0008, 95%CI [0.0016, 0.0046], p < .001). Evaluation of
confidence intervals indicates that the relationship between VOzmax and DMNy, is
significantly more positive at higher levels of depression symptom severity (i.e.,

BDI-II of 28) relative to low or absent depression symptoms (i.e., BDI-II of 0).
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Within the CEN, the partial model explained 8.2% of the variance in CENw
(F(5, 211) = 3.771, p = .003). Both VOzmax (8 = 0.243, #(210) = 2.732, p = .007)
and sex (f = 0.222, (210) = 2.703, p = .007) were significant predictors of CENw.
Holding all else constant, a 1-SD increase of VO2zmax Was associated with a
0.243-SD increase of CENy. Addition of the VOzmax x BDI-Il interaction term did
not explain a significantly larger portion variance in CENy (AR? = 0.001, F(1, 229)
=0.422, p = .517).

Within the SAL, the partial model explained 7.1% of the variance in SALy
(F(5,211) = 3.241, p = .008). VOzmax (8 = 0.308, #(210) = 3.444, p = .001) was a
significant predictor of SALw. Holding all else constant, a 1-SD increase of VOzmax
was associated with a 0.308-SD increase of SALy. Addition of the VOzmax x BDI-
Il interaction term did not explain a significantly larger portion variance in SALw
(AR? =0.001, F(1, 229) = 0.071, p = .790).

Between-Network Connectivity. Between the CEN and SAL, the partial
model explained 5.5% of the variance in CEN-SALy, (F(5, 211) = 2.463, p =
0.034). VOzmax (8 = 0.272, #(210) = 3.106, p = .003) was a significant predictor of
CEN-SAL,. Holding all else constant, a 1-SD increase of VO2max Was associated
with a 0.272-SD increase of CEN-SALy. Addition of the VOzmax x BDI-II
interaction term did not explain a significantly larger portion variance in SALw
(AR? =0.002, F(1, 229) = 0.301, p = .584).

Between the DMN and CEN, neither the partial model (R?= 0.047, F(5,
211) = 2.076, p = 0.070) nor the moderation model (R? = 0.049, F(6, 210) =

1.786, p = 0.103) explained a significant portion of the variance in DMN-CEN,.
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Between the SAL and DMN, neither the partial model (R?= 0.014, F(5, 211) =
0.595, p = 0.074) nor the moderation model (R>=0.015, F(6, 210) = 0.544, p =

0.774) explained a significant portion of the variance in DMN-SALG.

Discussion

Depression has been consistently associated with dysregulation of large-
scale functional brain networks, and emerging work demonstrates associations of
PA and CRF with graph theoretical measures of functional brain network
organization. Here, we examined functional brain network correlates of PA and
CRF in a representative sample spanning adulthood. We hypothesized that PA
and CRF would be associated with higher modularity of the whole-brain network
but did not make directed hypotheses about within- and between-network
connectivity of the DMN, CEN, and SAL due to the limited number of studies that
have examined these measures in comparable samples. Drawing from existing
work that has examined associations of these constructs with functional brain
network connectivity, we expected that CRF, in particular, would be associated
with these graph theoretical metrics. We further investigated whether
associations of PA and CRF with whole-brain modularity or within- and between-
network FC of core large-scale networks was moderated by depression
symptoms.

We observed a pattern of results across modularity and core network
metrics such that VOzmax and sex emerged as consistent predictors of these
outcomes. Beyond the variance accounted for by age, sex, and depression

symptoms, VO2zmax Was positively associated with whole-brain modularity and
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within-network connectivity of the DMN, CEN, and SAL. Further, depression
symptoms moderated the association of CRF with DMN,, such that the strength
of this association increased in conjunction with BDI-II score. Between-network
connectivity of the CEN and SAL was positively associated with VOzmax, but no
further associations with between-network metrics were observed.

Our modularity results are in line with our predictions as we expected that
CRF would be positively associated with modularity. Here, VO2zmax Was positively
predictive of whole-brain functional network modularity beyond the influence of
age, sex, and BDI-II score. Modularity represents the clustering of distinct
subnetworks within a larger network. Within human brain networks, modularity is
critical and serves to segregate networks and thereby promote specialized brain
functions (Wig, 2017). Loss of modularity is therefore associated with imbalanced
segregation and integration dynamics of functional brain networks, as can be
observed even in healthy aging (Chan, Park, Savalia, Petersen, & Wig, 2014).

Modularity has recently been proposed as a predictor of behavioral
intervention-related plasticity (Gallen & D'Esposito, 2019). One recent study
found that baseline modularity was predictive of gains in executive function
across multiple arms of a 6-month exercise intervention, though did not directly
examine associations of CRF and modularity (Baniqued et al., 2017). Multiple
studies have demonstrated disrupted segregation and abnormal recruitment of
‘out-of-community’ nodes as a hallmark of brain network dysfunction in
depression (Berman et al., 2011; Gong & He, 2015; Jiang et al., 2019; Lord et al.,

2012). These observations are interesting to consider in the context of our CRF-
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related findings, as it may suggest that interventions aimed at increasing CRF
improve the preparation of functionally specialized brain networks to respond
reconfigure in response to behavioral intervention. Modularity may therefore be a
key functional measure to examine in the context of exercise as an adjunctive
therapy to manage or alleviate depression symptoms (Kerling et al., 2015; Mura,
Moro, Patten, & Carta, 2014).

Since modularity is informed in part by within-community connections of
various subnetworks, the positive association of VOzmax With metrics representing
within-network FC of the DMN, CEN, and SAL aligns with these results. Within all
three core networks of interest, within-network FC was positively associated with
VO2max beyond variance accounted for by age, sex, and BDI-Il score. We also
detected moderation within the DMN such that the positive association of CRF
with DMN,, was stronger as depression symptoms increased. The association of
CRF with DMNy, is consistent with prior cross-sectional studies (Voss, Erickson,
et al., 2010; Voss et al., 2016) and with randomized controlled trials suggesting
that exercise training interventions can increase DMN FC in older adults (Chirles
et al., 2017; Voss, Prakash, et al., 2010). To our knowledge, this is the first study
to observe interacting effects of CRF and depression symptoms on FC within the
DMN, a brain network exhibiting dysfunction in depression (Brakowski et al.,
2017; Menon, 2011).

The associations of VO2max With CENw and SALw connectivity are also
consistent with work demonstrating that CRF accounts for inter-individual

variance within these networks in healthy adults (Talukdar et al., 2018). Recent
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meta-analytic evidence cites hypoconnectivity within the CEN as a characterizing
functional brain network feature in MDD, though this effect does not appear to be
moderated by depression symptom severity (Kaiser et al., 2015). We also
observed positive associations of CRF and CEN-SALb FC. Critically, disrupted
information flow between the SAL and CEN is related to compromised cognitive
function in the context of the triple network model (Menon & Uddin, 2010). While
the current study did not examine associations of PA- or CRF-related between-
network FC with behavior, future work should examine these relationships paired
with behavioral measures of executive function in the context of depression
(Snyder, 2013).

In contrast to our findings regarding CRF, few associations between PA
and functional brain network metrics were observed. Total PA was not
associated with whole-brain modularity or between-network FC outcomes. Within
networks, total PA was negatively associated with CENw beyond variance
accounted for by age, sex, and depression symptoms. There were no significant
associations detected between total PA and DMNyw or SALw. We observed a
negative association of total PA with CENw, an unexpected finding that seems to
conflict with the positive association of CRF with FC within this network. The self-
report measure of PA used in this study does not differentiate between PA
accumulated in separate domains (e.g., occupational relative to leisure-time
activity), and it may be the case that PA in these domains has diverging effects
on behavioral and functional brain measures. Overall, these findings are

consistent with a previous study that examined both PA and CRF and observed
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minimal association of PA with FC of these large-scale networks (Voss et al.,
2016). Paired with extensive associations of CRF, the minimal influence of PA on
functional brain network outcomes in the current study may suggest that changes
in large-scale network FC are reliant on physiological pathways determined by
genetic and behavioral factors (i.e., exercise behavior).

There are limitations which warrant caution when interpreting results of
this study. Of course, the current study is cross-sectional in nature and aimed to
explore the associations of PA and CRF with FC of core brain networks in a
representative sample spanning adulthood. While we further examined the
moderating influence of depression symptoms on functional brain network
activity, randomized controlled trials are necessary to draw causal conclusions
about the effects of PA or CRF on these outcomes and the impact of depression.
Based on core networks identified in the triple network model, average FC
measures were calculated to reflect information flow within and between
networks underlying depression pathology. While we identified a number of
associations between these measures and CRF, we did not observe an
association of depression symptoms with these outcomes in any of the tested
models. This may be in part due to the relatively low occurrence of depression
symptoms in this sample. While this study includes participants with and without
a history or diagnosis of depression, self-reported symptoms were positively
skewed and generally in the minimal to mild range. Further, while these network
measures reflect functional correlations within and between core brain networks,

we lack the resolution to draw conclusions about specific nodes within networks
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of interest. Differences in modularity and network topology may be driven by
changes in a small number of nodes influencing information flow within a
network; therefore, further investigation into node-specific associations with PA
and CREF, in particular, is necessary to identify the source(s) of altered network
organization.

Extensive observational and experimental research demonstrates the
potential of PA and CRF to protect against or alleviate depression symptoms, but
the underlying neural substrates of these effects are not well understood.
Further, little is known about how these associations vary as a function of
depression symptom severity. In this cross-sectional study, we demonstrate that
CREF is associated with brain network modularity, within-network connectivity,
and between-network connectivity of core functional networks implicated in the
pathology of depression. These associations were observed in a representative
community sample spanning adulthood, and were not explained by differences in
age, sex, or concurrent depression symptoms. In the DMN, a network supporting
introspective and self-directed thought, the association of CRF with network
connectivity was stronger for those with more severe depressive symptoms.
Taken together, these findings suggest that CRF may promote functional brain
network modularity and strengthen within-network connectivity. Because our
cross-sectional design precludes making any causal conclusions about fitness-
related changes of functional brain network activity and organization, future

experimental work should examine the association of exercise-related
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improvements in CRF with functional brain network and behavioral outcomes in

depressed and non-depressed samples.
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CONCLUSIONS AND EMERGING QUESTIONS

It has been assumed, though never conclusively demonstrated, that
physical activity (PA) and improvements in cardiorespiratory fitness (CRF) may
protect against or alleviate the depression syndrome through neuroplastic
mechanisms acting on disrupted brain networks underlying its cognitive and
affective symptoms. Indeed, there is a scarcity of research examining the
influence of PA and CRF on structural and functional brain networks in large
samples across the lifespan. Further, little is known about the interactions of PA
and CRF with depression symptoms on these networks. An understanding of
these interactions at a single point in time is an important first step in predicting
potential longitudinal associations between these factors as mediators of the well
documented therapeutic effects of exercise interventions on clinical depression.
To begin to address this problem, this dissertation project made use of a publicly
available large-scale dataset to examine the associations among PA, CRF, and
depression symptom severity in a community sample spanning young, middle,
and older adulthood. Magnetic resonance imaging measures were leveraged to
determine the structural and functional brain network features associated with
physical activity and cardiorespiratory fitness and the extent to which these
correlates are moderated by depression symptom severity.

First, measured variable path analyses were conducted to determine the
direct and indirect effects of low-intensity, moderate-intensity, vigorous-intensity,
and total PA on depression symptoms. Here, we observed an effect of total PA

on depression symptoms in females that was not observed in males nor
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mediated by CRF. Second, we examined the associations of PA and CRF with
cortical thickness and volumes of subcortical gray matter structures previously
reported to be impacted in depression. Here, we observed an association of CRF
with cortical thickness of the superior frontal cortex that was moderated by
depression symptoms. Volumes of the amygdala and nucleus accumbens were
negatively associated with CRF, while PA was positively associated with nucleus
accumbens volume only in the case of moderate-to-severe depression
symptoms. Third, we examined the associations of PA and CRF with functional
brain network modularity and measures of network connectivity focused on core
subnetworks implicated in the triple network model. Here, we observed an
association of CRF with brain network modularity and within-network connectivity
of the default mode, central executive, and salience networks. In the default
mode network, a network supporting introspective and self-directed thought, the
association of CRF with network connectivity was stronger for those with more
severe depressive symptoms.  Taken together, these observations lend
support to prior work that has demonstrated the associations of PA and CRF with
reduced concurrent and prospective depression risk and symptom severity.
Depression symptoms moderated a number of the observed associations,
suggesting that PA and/or CRF may differentially impact neural substrates for
those with moderate-to-severe depression symptoms. While brain structural
analyses revealed a number of associations between both PA and CRF with
subcortical volumetric outcomes, associations between cardiorespiratory fithess

and functional brain network metrics were far more prominent and reliable. This

155



suggests a common physiological linkage between factors that promote
increased capacity and efficiency of oxidative phosphorylation and the
neurotrophic mechanisms that shape connections both within and between
neural networks.

There are limitations to the current project which should be incorporated
into any interpretation of our results. We operationalized depression throughout
this project as depression symptom severity assessed using the Beck
Depression Inventory-ll. While those participants with a positive diagnostic
history of depressive disorder did exhibit higher concurrent depression
symptoms, this measure does not adequately capture the impact of depression
over time. This limitation is particularly salient for our brain structural analyses, as
structural alterations are more likely emerge as a function of cumulative length
and impact of processes occurring within and between depressive episodes.
Further, depression is a heterogenous disorder comprising a number of
symptoms and symptom profiles across participants; this heterogeneity is not
accounted for by use of a total symptom severity score. Participants also varied
on current medication status and duration of use, as we did not exclude for stable
psychotropic use. While this decision was made to ultimately include a greater
number of participants with a wide range of depression symptoms, medication
history and status may impact brain structural and functional outcomes. Finally,
our cross-sectional design precludes causal conclusions about the relationships

discussed here.
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The broader goal of this dissertation was to bridge together existing work
to better understand how PA, CRF, and depression interact on structural and
functional brain networks. Our work here demonstrates that CRF, in particular, is
associated with differences in brain structure and functional network organization
beyond the well-established effects of age. These relationships were moderated
in many cases by current depression symptoms—an observation that
underscores the need for more comprehensive work to examine how those with
depressive disorders or symptoms may respond differently to exercise
interventions than their non-depressed counterparts. Two questions that have
emerged from this work are whether the timing of changes in response
prospective exercise interventions will be different between behavioral versus
neural network outcomes, and if these effects will depend on severity of
depression symptoms. An important next step for the field will be to determine if
neural network remodeling is mediating the long-term therapeutic effects of
exercise on depression. In order to draw strong conclusions about these effects,
appropriately designed randomized controlled trials should examine the impact of
theoretically-guided exercise interventions on structural and functional brain

metrics in samples with varying depressive symptom history and severity.

157



APPENDIX

Supplementary Methods

Heart Rate Altering Medications

Suppl. Table 1. Medications endorsed by participants in NKI-RS with documented
effects on heart rate.

Other Name(s)
Drug in NKI-RS Drug Class DrugBank Accession #

Clonidine alpha-agonist DB00575
Amiodarone anti-arrhythmic DB01118
Atenolol beta-blocker DB00335
Carvedilol beta-blocker DB01136
Labetalol beta-blocker DB00598
Metoprolol Lopressor, Toprol XL beta-blocker DB00264
Nebivolol beta-blocker DB04861
Propranolol beta-blocker DB00571
Timolol beta-blocker DB00373
Digoxin cardiac glycoside DB00390
Diltiazem non-dihydropyridine CCB DB00343
Verapamil non-dihydropyridine CCB DB00661
Nifedipine Procardia dihydropyridine CCB DB01115

Note: Detailed information regarding drug target and mechanism of action is accessible
at http://www.drugbank.ca/. CCB = calcium channel blocker

Submaximal Exercise Test

Suppl. Table 2. Age- and sex-determined resistance for submaximal cycle ergometer
test.

Age Resistance  Estimated Work Rate at  Estimated Work Rate at
(Years) Level 70 RPM (Watts) 70 RPM (kgm-min’")

<35 8 133.16 815
Male 35-55 7 121.89 746
>55 6 110.62 677
<35 7 121.89 746
Female 35-55 6 110.62 677
>55 5 99.35 608

Note: Retrieved through email correspondence with the NKI-RS team.
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Calculation of Estimated VOzmax

Estimates of VO2zmax Were calculated based on HRfinal and WRinal using the
following sets of equations derived from the modified Astrand nomogram
(Cullinane, 1988):

WRinal (kgm-min'1) = WRinal (watts) x 6.12

Men: _
%VOZmax = 0769 X HRfinaI - 485
VO2max (L-min') = (0.00212 x WRfinai (kgm-min-') + 0.299) / %VOzmax] x
100

Women:

%VOZmax =(0.769 x HRfinaI - 56.1

VO2zmax (L-min") = [ (0.00193 x WRiinal (kgm-min-') + 0.326) / %VOzmax] X
100

Absolute values of estimated VO.max were further corrected for age (Cullinane,
1988):

Men:
VOzmax.corr (L-min"") = 0.348 x VOzmax (L-min-') — 0.035 x age (yr) + 3.011

Women: .
VO2max.corr (L'min'1) =0.302 x VO2max (L-min'1) - 0.019 x age (yr) + 1.593

In order to make meaningful comparisons among participants, this estimate was
converted to and expressed relative to body weight:

voZmax (mL-kg'1-min'1) = VO2max.corr (L-min'1) x 1000 / mass (kg)
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Supplementary Data
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Suppl. Figure 1. Distribution of a) Beck Depression Inventory-Il scores, b) total physical
activity, and b) cardiorespiratory fitness within subsample included in measured variable
path analyses. DX = diagnostic history of depressive or related disorder
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Suppl. Table 3. Parameter difference tests (males — females) for intensity-specific

physical activity model.

Unstandardized Standardized
95% C.I.
Est. Std. Error Est.  Std. Error z Lower Upper p value
MALES - FEMALES
BDI-ll on
Low PA -0.109 0.250 -0.053 0.087 -0.613 -0.224 0.117 .540
Moderate PA -0.086 0.217 -0.046 0.087 -0.525 -0.217 0.125 .600
Vigorous PA  0.138 0.245 0.032 0.116 0.274 -0.196 0.260 .784
VOzmax  -0.055 0.058 -0.129 0.110 -1.172 -0.346 0.087 241
Age -0.043 0.042 -0.134 0.124 -1.089 -0.377 0.108 .276
Education 0.544 0.646 0.083 0.101 0.826 -0.115 0.281 409
VO2zmax ON
Low PA -0.548 0.471 -0.103 0.088 -1.171 -0.275 0.069 .242
Moderate PA -0.229 0.471 -0.045 0.103 -0.440 -0.248 0.157 .660
Vigorous PA  -0.830 0.449 -0.177 0.102 -1.741 -0.377 0.022 .082
Age -0.197 0.051 -0.291 0.075 -3.895 -0438 -0.145 <.001
Education 1.235 1.002 0.087 0.080 1.098 -0.069 0.243 272
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Suppl. Table 4. Direct, indirect, and total effects of intensity-specific physical activity on

depression symptoms.

Unstandardized Standardized
95% C.I.
Est. Std. Error Est. Std. Error z Lower Upper p value
MALES
Direct
Low PA -0.226 0.168 -0.090 0.065 -1.378 -0.218 0.038 .168
Moderate PA  -0.201 0.135 -0.090 0.059 -1.532 -0.205 0.025 .126
Vigorous PA  -0.084 0.172 -0.047 0.098 -0.484 -0.240 0.145 .629
Indirect
Low PA 0.017 0.029 0.007 0.010 0.697 -0.012 0.026 486
Moderate PA  0.017 0.031 0.008 0.012 0.667 -0.015 0.031 .505
Vigorous PA  -0.011 0.023 -0.006 0.011 -0.586 -0.028 0.015 .558
Total
Low PA -0.209 0.165 -0.083 0.065 -1.284 -0.210 0.044 .199
Moderate PA -0.184 0.135 -0.082 0.059 -1.382 -0.199 0.034 167
Vigorous PA  -0.095 0.172 -0.054 0.099 -0.545 -0.248 0.140 .585
FEMALES
Direct
Low PA -0.109 0.250 -0.053 0.087 -0.613 -0.224 0.117 .540
Moderate PA  -0.086 0.217 -0.046 0.087 -0.525 -0.217 0.125 .600
Vigorous PA  0.138 0.245 0.032 0.116 0.274 -0.196 0.260 .784
Indirect
Low PA -0.004 0.020 -0.001 0.004 -0.273 -0.009 0.007 .785
Moderate PA  0.000 0.014 0.000 0.002 0.085 -0.003 0.003 .932
Vigorous PA  -0.013 0.042 -0.004 0.014 -0.312 -0.033 0.024 .755
Total
Low PA -0.121 0.183 -0.038 0.057 -0.664 -0.150 0.074 .506
Moderate PA  -0.115 0.168 -0.044 0.064 -0.687 -0.170 0.082 492
Vigorous PA  -0.235 0.171 -0.084 0.062 -1.354 -0.205 0.038 176
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Suppl. Figure 2. Distribution of a) Beck Depression Inventory-Il scores, b) total physical
activity, and b) cardiorespiratory fitness within subsample included in cortical thickness
and subcortical volume analyses. DX = diagnostic history of depressive or related
disorder
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Suppl. Figure 3. Qoala-T ratings and associated recommendations for inclusion or
exclusion of n = 255 T1-weighted scans evaluated against BrainTime model (Klapwijk,
van de Kamp, van der Meulen, Peters, & Wierenga, 2019). Shaded area denotes ratings

most likely to result in misclassification. Scans falling within this range were subject to
manual quality control rating and exclusion procedures.
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Suppl. Figure 4. Vertices with significant effects of quadratic age predictor (age?).
Vertex-wise associations uncorrected for multiple comparisons. Warm colors indicate
positive correlation. Cool colors indicate negative correlation. Visible clusters were not

significant after correction for multiple comparisons.
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Suppl. Figure 5. Estimated intracranial volume (eTIV) for male and female participants

in cortical thickness and volumetric analysis subsample.
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Suppl. Figure 6. Distribution of age within subsample of participants included in cortical
thickness and volumetric analyses. Dashed line denotes mean.
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Suppl. Figure 8. Distribution of total energy expenditure from physical activity within
subsample of participants included in cortical thickness and volumetric analyses.
Dashed line denotes mean. Total physical activity is expressed in original units
(MET-min-wk™") prior to scaling.

1
a 25 m I b = 80 @
| E
! E)
20 |, < 60 | $
o E
€ 15 1 %
3 [ & 40
© 10 : <
1
1 B J_
5 1 _ w 20
1 £
0 EiEEEEEENE /| g
BTN T 1T T 1T T T T AT T T T W 1 0
20 40 . 60 Male Female
Estimated VOomax (ml/kg/min) Sex

Suppl. Figure 9. Distribution of estimated VOamax Within subsample of participants
included in cortical thickness and volumetric analyses. Dashed line denotes mean.
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