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Abstract

Depression and anxiety are the most common mental health disorders and represent a
substantial burden at both the societal and individual level. Effective treatments are
available for depression and anxiety, however, a substantial proportion of patients do not
recover. This is partly explainable by individual differences in response to treatment.
Individual differences during psychological therapy have been overlooked in comparison
with endpoint outcomes but may be especially informative for clinical decisions and
expectations, as well as progress monitoring. The onset and prognosis of depression and
anxiety are influenced by a complex interplay of genetic and environmental factors
including a large number of genetic variants with individually very small effects. Genetic
studies of depression and anxiety require vast sample sizes for sufficient statistical power
to detect these effects. Identifying associated genetic variants can elucidate downstream
biological pathways and could contribute to prediction models of disorder onset and
treatment outcomes. This thesis explores two main themes. First, assessing the use of
resource-saving ‘brief phenotypes’ of treatment-related variables to increase sample size
and thus power for genetic studies. Second, investigating the existence of individual
differences in longitudinal patterns of treatment outcomes during psychological therapy,
as evidenced by multiple subgroups of trajectories. Chapter 1 provides an overview of
literature and concepts relevant to this thesis. Chapter 2 is a study investigating self-
reported medication use in the UK Biobank as a brief phenotype of depression and anxiety.
The analysis presented in Chapter 3 is an investigation of the genetic overlap between
symptom severity and functional impairment in a sample of patients with lifetime
experience of depression or anxiety. This informs our understanding of using brief
measures of symptom severity in genetic studies. The two studies in the second half of the
thesis, Chapters 4 and 5, explore whether there are multiple subgroups of patients
distinguished by similar outcome trajectories during psychological therapy. For this
analysis, electronic treatment records from the NHS Improving Access to Psychological
Therapies (IAPT) services were modelled. Chapter 4 uses data from in-person IAPT services,
while Chapter 5 is an analysis of patients who received real-time therapy via the internet.
The final chapter presents a discussion of findings from the study chapters in relation to

one another, general strengths and limitations, and future directions.
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Chapter 1: Introduction

1.1 Depression and anxiety are common mental health disorders associated with

substantial functional impairment

1.1.1 Depression, anxiety, and functional impairment

Depression and anxiety are debilitating mental health disorders that can affect not only
one’s emotional state, but behaviour, cognition, perception and physiology. Reference to
depression here is to the most common form, major depressive disorder. A diagnosis of
depression requires at least five of nine symptoms, which include decreased concentration,
suicidal ideation, and sleeping too much or not enough (Diagnostic and Statistical Manual
(DSM-5); American Psychiatric Association, 2013). At least one must be a core symptom of
low mood or the loss of interest or pleasure in previously enjoyed activities (anhedonia)
and symptoms must be present most days within a two-week period. The five core anxiety
disorders in the DSM-5 are generalised anxiety disorder (GAD), social anxiety disorder
(social phobia), agoraphobia, panic disorder and specific phobia. Anxiety disorders are
primarily characterised by symptoms of excessive fear and anxiety, with the situations that
elicit these varying between diagnostic subtypes. Diagnostic criteria for most anxiety

disorders state that symptoms typically persist for at least six months.

Feelings of sadness, fear and anxiety are part of a normal range of emotions and are even
posited to have adaptive roles (Badcock et al., 2017; Lee et al., 2006). A key distinction for
clinical presentations is therefore their severity, frequency and impact on functioning.
Diagnostic criteria for depression and most anxiety disorders require that the symptoms
cause clinically significant distress or impairment in important areas of functioning, such as
self-care, occupational or social activities. Although functional impairment is a diagnostic
criterion for depression and anxiety, there is a notable lack of agreement on its definition
within the literature, nor is it clearly operationalised within diagnostic manuals. In this
thesis, functional impairment refers to difficulties performing tasks and roles, which are
attributed to one’s mental health symptoms. Measures can be objective (e.g., days out of

work) or subjective (e.g., self-report rating of work performance), with the latter more
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common. As measured by role limitations or days off work, substantial functional
impairment is observed in depression and anxiety (Brenes, 2007; Kessler et al., 1999). For
example, severe or very severe functional impairment, especially in the social role domain,
is experienced by 60% of individuals with depression (Kessler et al., 2003). ‘Functional
impairment’ has been used interchangeably with ‘quality of life’ (Brenes, 2007; Lowe et al.,
2008) but they are somewhat distinct, with quality of life a more subjective perception of

satisfaction with life goals and activities (Jacoby et al., 2014; Zimmerman et al., 2008).

1.1.2 Impact of depression and anxiety

Globally, depression and anxiety are the most prevalent mental health disorders and
among the ten most burdensome illnesses, as measured by years lived with disability (i.e.,
functional impairment; GBD 2019 Mental Disorders Collaborators, 2022). Depression has
an estimated lifetime prevalence of 11% internationally (Lim et al., 2018), with up to 17%
in the United States (Kessler & Bromet, 2013). International lifetime prevalence of any
anxiety disorder is roughly 17% (Somers et al., 2006), with estimates of up to a third of the
population in Western cultures (Bandelow & Michaelis, 2015). These comparatively higher
rates than other mental health disorders have led to depression and anxiety being
collectively referred to as ‘common mental health disorders’. Their prevalence is
approximately twice as high for women as for men (Salk et al., 2017; Somers et al., 2006)
and the median age of onset is 30 years for depression and 17 years for any anxiety disorder

(Solmi et al., 2022).

There are vast direct and indirect costs to the individual experiencing depression or anxiety.
Individuals are at risk of increased mortality (Pratt et al., 2016), lower quality of life
(Rapaport et al., 2005) and death by suicide (Baxter et al., 2014; Ferrari et al., 2013). These
disorders also create substantial cumulative economic costs to society and a high demand
on healthcare services. In the United Kingdom (UK), depression and anxiety are
conservatively estimated to account for 23% and 18% of the annual cost of mental health
disorders, respectively, amounting to approximately £27 billion and £21 billion (McDaid et
al., 2022). There is clearly an overwhelming need for effective prevention and treatment

of common mental health disorders.
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1.1.3 Functional impairment is an important yet often overlooked treatment-related
outcome

Functional impairment is a clear target for intervention to help achieve diagnostic
remission, improve patient quality of life, and minimise the economic impact of depression
and anxiety. Crucially, returning to one’s usual level of functioning is considered very
important by patients (Zimmerman et al., 2006) and how they define remission
(Zimmerman et al., 2008). Despite this, functional impairment is often overlooked in
routine treatment and in clinical trials, with recovery often operationalised solely in terms
of symptom improvement (Kamenov et al., 2015). This is possibly based on the conflation
of functional impairment and symptom severity, and the resulting assumption that
symptomatic improvement will simultaneously reduce functional impairment. These two
concepts are undoubtedly closely related, indeed, functional impairment as defined here
is not possible without experiencing symptoms. However, the minority of treatment
outcome studies that have measured functional impairment suggest that they are partially
independent. Symptoms and impairment contribute independently to explain remission
(Jha et al., 2019; Zimmerman et al., 2008) and symptoms explain only part of the variance
in impairment (Brenes, 2007; Denninger et al., 2011; Pedersen et al., 2017; Rapaport et al.,
2005). Therefore, individuals with the same diagnosis and level of symptom severity can
experience different levels of functional impairment. There is also evidence that symptoms
and functional impairment do not change synchronously, rather, impairment lags behind,
persisting after symptomatic remission and perhaps improving later (K. I. Howard et al.,
1986; Sacchetti et al., 2015; Saris et al., 2017). In an antidepressant trial, 93% of patients
were not within normal functioning range prior to treatment, and at the point of leaving
treatment over 60% remained clinically impaired (IsHak et al., 2016). This included 20-40%
(across treatment arms) of patients who had reached symptomatic remission, highlighting
that treatment efficacy could be overestimated if functional impairment is omitted. This is
particularly problematic as residual or worsening functional impairment predicts
recurrence (Hardeveld et al., 2010; Rodriguez et al., 2005). Besides symptom severity,
proposed contributors to functional impairment include comorbidities, social isolation,
self-efficacy, cognitive ability and socioeconomic status (Chow et al., 2022), as well as

personality factors (Verboom et al., 2011).
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1.1.4 Comorbidity

Co-occurrence of depression and anxiety or of multiple anxiety disorders is frequently
observed (Wittchen et al., 1994), with depression and anxiety comorbidity in around 60%
of cases (Mineka et al., 1998; Moffitt et al., 2007). Depression and anxiety share many first-
line treatments (NICE, 2011) and have notable symptom overlap (L. A. Clark & Watson,
1991). Depression and anxiety also often co-occur with other diagnoses, including eating
disorders, substance use disorders, and personality disorders (Mineka et al., 1998; Plana-
Ripoll et al., 2019). In addition to worse functional impairment, comorbidity is associated

with poorer treatment outcomes (Amati et al., 2018; Kessler et al., 2017).

1.2 Depression and anxiety are moderately heritable and are therefore caused by

a combination of genetic and environmental factors

Itis commonly observed that relatives show greater behavioural resemblance than random
members of the population. Indeed, mental health disorders are acknowledged to ‘run in
families’, which has been formally investigated via family studies assessing the degree of
risk in relatives of an affected individual (Hettema et al., 2001; Sullivan et al., 2000). Studies
of twins are more informative as they can disentangle the influence of shared genetics from
shared environment, using structural equation models to partition variance between
sources. The proportion of variation in a phenotype within a population that can be
attributed to genetics is known as ‘heritability’. Heritability is a population-level statistic,
therefore it is not descriptive at the individual level. Furthermore, it depends on the
environment and the population being studied, for example, differing across life stages
(Nivard et al., 2015). Twin-based heritability estimates are around 30-45% for depression
and anxiety (Hettema et al., 2001; Sullivan et al., 2000). These are considered moderate,
compared with, for example, 81% heritability of schizophrenia (Sullivan et al., 2003). There
have been far fewer studies investigating functional impairment, however, impairment in
an individual with depression appears to confer additional risk to their relatives (Sullivan
et al., 2000). Twin heritability estimates for social dysfunction (20%; Rijsdijk et al., 2003)
and the impact of emotional problems on daily activities (around 30%; Romeis et al., 2005)

suggest that functional impairment is also moderately heritable. Other studies have used
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scales that include questions about emotional symptoms, making it difficult to interpret

the results specifically for functional impairment (Steenstrup et al., 2013).

Liability to mental health traits is thought to fall on a normally distributed continuum, with
clinical ranges at the upper tail. The ‘liability-threshold model’ (Gottesman & Shields, 1967)
proposes that the same genetic influences are at play across this continuum, but individuals
presenting with a mental health diagnosis have exceeded a certain threshold of genetic
load at the extreme of the distribution. The environment also contributes to this liability;
both nature and nurture play a role in all behavioural and psychological traits, including
mental health disorders (Plomin et al., 2016; Turkheimer, 2000). Therefore, mental health
disorders do not arise from deterministic genetic effects but from numerous genetic
factors both independently and in combination with the environment, as well as
independent environmental influences. Environmental factors associated with increased
risk of developing depression and anxiety include childhood abuse, stressful life events
such as financial problems and the personality trait neuroticism (Fryers & Brugha, 2013;

Kendler et al., 1999; McKay et al., 2021).

1.3 Genome-wide association studies reveal genetic variants that are robustly

associated with depression and anxiety

1.3.1 Genome-wide methods - the why and how

Twin studies have enabled us to establish the overall contribution of genetics to depression
and anxiety. This is important for our understanding of their aetiologies and can be used
to empower patients (Austin, 2020), inform psychiatric nosology, and design prevention
studies using environmental modification for individuals at familial risk. To understand the
genetic architecture of a disorder, that is, the number, effect size and frequency of specific
genetic variants associated with risk of a disorder (Sullivan & Geschwind, 2019)
investigations are required at the level of genomic data (deoxyribonucleic acid (DNA)). We
currently know little about the biological underpinnings of depression and anxiety.
Identifying genetic variants involved in disorder onset can reveal the downstream causal
pathways, offering targets for treatment. Genetic variants could also provide biomarkers

to aid diagnosis, which is useful as familial risk may be unknown, and nevertheless is
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uncertain due to random segregation of genes. Identifying specific variants associated with

disorder course and treatment response could also enable personalised care.

Early attempts at variant identification tested for associations with a-priori selected
variants based on theories of pathophysiology and pathways targeted by effective
medications. The most famous of these ‘candidate gene studies’ is a polymorphism in the
serotonin transporter gene, “5-HTTLPR”, thought to increase risk of depression (Collier et
al., 1996) and anxiety (Lesch et al., 1996). However, candidate gene studies were plagued
by non-replication (Border et al., 2019). Several key advancements, including the creation
of reference catalogues of genetic variants (International HapMap Consortium, 2003),
permitted the move to genome-wide association studies (GWAS). GWAS have produced
robust findings using an unbiased, hypothesis-free method for investigating trait-variant
associations. Individuals, who are typically not closely related, are genotyped for common
genetic variation occurring in at least 1-5% of the population. The type of genetic variation
primarily explored is the most frequent, the single nucleotide polymorphism (SNP)
consisting of a different DNA base at a specific location. Hundreds of thousands or millions
of common variants are captured on a SNP genotyping array (or ‘chip’). Each variant is
tested for association with the phenotype of interest therefore a strict significance
threshold is used to reduce the chance of false positives (typically p < 5x1078). The variance
in the phenotype explained by all the significant SNPs provides a heritability estimate.
Determining whether a significantly associated variant (‘hit’) has a causal role in liability to
a disorder, and the nature of that role, requires detailed further analyses. ‘Linkage
disequilibrium’, refers to correlations between SNPs in a given genomic region. It is not
necessary that a specific causal variant is genotyped as long as it is in linkage disequilibrium

with another variant that is on the array and can therefore ‘tag’ its effect.

1.3.2 Depression and anxiety are complex traits associated with a large number of
common genetic variants individually of very small effect size

Attempts to identify variants associated with depression and anxiety at a genome-wide
significant level met with limited success for years. Prior to the Psychiatric Genomics

Consortium (PGC) depression mega-analysis in 2013, the eight existing GWAS of depression
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had identified only one locus of possible significance (Kohli et al., 2011; MDD Working
Group of the PGC, 2013). A locus is a known chromosomal position of a gene or genetic
marker, at which more than one independently associated SNP can be present. The PGC
2013 study was the largest depression GWAS of its time: over 9,000 cases primarily
phenotyped via clinician-led structured interviews, and more than 9,000 controls, yet not
a single significant SNP was identified (MDD Working Group of the PGC, 2013). GWAS of
anxiety also struggled to identify significant variants and received fewer efforts in
comparatively small samples (e.g., under 2,000 cases; Otowa et al., 2012). A GWAS of
schizophrenia in 2014 identified 108 genome-wide significant loci with almost 40,000 cases
and over 110,000 controls (Ripke et al., 2014). This was pertinent because depression and
anxiety, being less heritable than schizophrenia, were likely associated with variants of
smaller effect that would require even larger samples to be detected. A major finding of
early GWAS of depression and anxiety was therefore a lack of genetic variants of large
effect size. Importantly, GWAS of other traits (e.g., cholesterol) have shown that small
genetic effects do not negate the potential for large effects in downstream pathways that
can be therapeutically targeted (Sullivan et al., 2018). Furthermore, aggregating risk

variants of small effects may have clinical utility, as will be discussed later.

Significant SNP heritability estimates of depression and anxiety were identified following a
move to methods that considered all common genotyped variants, regardless of
significance level (e.g., genome-wide complex trait analysis (GCTA; Yang et al., 2011)).
Using this method, the estimate for the PGC 2013 depression mega-analysis was 21%
(Cross-Disorder Group of the PGC, 2013). This provided further evidence that the
heritability of these traits is due to the cumulative influence of many variants with
individually very small effects, which had been missed due to the stringent genome-wide
significance threshold. Depression and anxiety are therefore described as highly polygenic
disorders. Notably, SNP heritability from these methods will fall short of twin estimates as
they are limited to the main effects of common, causal variants that are directly genotyped
or tagged by SNP arrays, or imputed from a reference panel, as opposed to all genetic
factors (Yang et al., 2017). The remaining ‘missing heritability’ between twin and SNP
estimates is likely due to imperfect linkage disequilibrium, such that SNPs on the

genotyping arrays cannot capture the effects of all the true causal SNPs. This is especially
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likely if a causal SNP is rare (present in < 1% of the population) as these are not widely used
on arrays, and the likelihood of linkage disequilibrium with a common variant is low (Yang
etal., 2017). Besides only moderate heritability, small effect sizes, and possible rare variant
effects, efforts to identify depression- and anxiety-associated variants have been further
hindered by highly heterogeneous symptom presentations. A depression diagnosis can be
met by over 1,000 different combinations of symptoms (Fried & Nesse, 2015), which could
have different genetic profiles. Different environmental exposures (e.g., history of
childhood trauma) and comorbidities (Levinson et al., 2014) further exacerbate the issue
of heterogeneity. The prevalence of depression and anxiety also means that cases and
controls are more phenotypically similar (assuming a normal distribution of traits), which
reduces statistical power to identify genetic differences (Mullins & Lewis, 2017). Due to the
complex nature of these disorders, it is also likely that many participants who do not meet
diagnostic criteria have at least some genetic and environmental risk factors (Mullins &
Lewis, 2017). To increase statistical power to detect differences in variant frequency
associated with depression and anxiety, two main approaches have been proposed: reduce

sample heterogeneity or increase sample size.

1.4 Increasing sample size for greater statistical power to identify genetic variants

The quest for far greater sample sizes led to a culture change within psychiatric genetics.
Individual research groups would not have the time and money to phenotype and genotype
sufficient participants, therefore large international consortia formed, such as the PGC. By
performing meta-analyses and mega-analyses (individual-level data meta-analyses),
samples considered unfeasibly large in most domains of psychological research have
become the norm. For example, one of the first successes in anxiety variant discovery was
a meta-analysis of studies totalling over 18,000 participants that had undergone clinical

interviews to diagnose anxiety subtypes (Otowa et al., 2016).

To further help achieve large samples, depression and anxiety case definitions have been
relaxed, using resource-saving methods to define case status rather than clinical
ascertainment. These methods are referred to as ‘brief’ or ‘minimal’ phenotyping and

examples include self-report of a diagnosis or symptoms. The population-based cohort UK
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Biobank (Bycroft et al., 2018) largely relies on these methods and constitutes a noteworthy
part of depression and anxiety genetic research. The rationale is that vast samples can
outweigh the increased heterogeneity of a less precise measure to detect meaningful
genetic signal. Some of the first support for brief phenotyping came from a GWAS
combining the PGC 2013 depression samples and self-reported depression diagnosis or
treatment from the commercial DNA testing service 23andme (Hyde et al., 2016). The
resultant sample of approximately 26,000 cases and 232,000 controls revealed 15
significant loci and a significant SNP heritability estimate of 6%. Several depression GWAS
have since capitalised on this approach, reporting an increasing number of significant
variants. For example, an analysis of over 800,000 individuals reported 102 significant
variants, 87 of which replicated in an independent sample, and a SNP heritability of 9% (D.
M. Howard et al., 2019). As an example of successful brief phenotyping in anxiety disorders,
25,453 cases and 58,113 controls were identified using UK Biobank data on self-reported
diagnosis or a more detailed definition based on a lifetime diagnostic questionnaire (Purves
et al.,, 2020). Five loci reached genome-wide significance and SNP heritability was
estimated at 26%. Analyses of brief phenotypes have also implicated genes involved in
brain regions and pathways widely held to be involved in these disorders, including targets
of antidepressant treatments (D. M. Howard et al., 2019; Purves et al., 2020; Wray et al.,
2018). Many variants have replicated in independent samples both within and between
studies. Evidence in favour of brief phenotyping also comes from high genetic overlap with

more detailed clinical phenotypes (e.g., D. M. Howard et al., 2019).

Scores from symptom-based questionnaires have also been used as brief phenotypes. For
GWAS of common traits, quantitative phenotypes can provide more statistical power than
case-control (Yang et al., 2010). Symptom scores appear to identify much of the same
genetic signal as more clinically phenotyped samples (Direk et al., 2017; Levey et al., 2020)
and in combination with these samples can boost heritability estimates, consistent with a
liability-threshold model of psychopathology (Direk et al., 2017). However, in isolation brief
phenotypes typically produce lower heritability estimates than detailed phenotypes (e.g.,
depression symptoms 4% (Direk et al., 2017); clinical interview 21% (MDD Working Group
of the PGC, 2013)). Critics of brief phenotyping argue that this weaker genetic signal,

alongside the incomplete genetic overlap between brief and detailed phenotypes, might
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reflect a different phenotype such that identified variants are not specific to the diagnosis
(Cai et al., 2020). Critics therefore contend that statistical power should be improved by
reducing heterogeneity and, supporting this, an early successful GWAS of depression took
this approach. By using low coverage whole genome sequencing and selecting on Han
Chinese ancestry, female sex and depression recurrence, two significant loci were
identified, despite having approximately half of the PGC 2013 sample size (Cai et al., 2015).
Conversely, no notable differences in heritability estimates were found between GWAS of
depression stratified by sex or recurrence, and analysis across these strata (Hall et al.,
2018). The authors of the study concluded that until we better understand what
determines genetic heterogeneity and therefore relevant phenotypic groups, larger
sample sizes will likely be more fruitful. Furthermore, lower heritability estimates from
brief phenotypes may be due to increased noise, alongside relevant signal, rather than a
separate phenotype (Schwabe et al., 2019). Using multiple measures to triangulate case

status might improve the reliability of brief phenotypes (Glanville et al., 2021).

Brief phenotyping is therefore a pragmatic approach with the caveats that some of the
variants specific to full diagnostic presentations may be missed and in case-control designs
some controls, or cases for other disorders, are probably classed as depression or anxiety
cases (Cai et al., 2020). The identified variants might therefore be more relevant for
furthering our understanding of the biology of mental illness broadly whilst also informing
follow-up analyses with more clinically defined phenotypes. The optimal way forward is in
parallel efforts to increase sample size through brief phenotyping and to perform clinically

precise phenotyping to investigate heterogeneity (Schwabe et al., 2019).

1.4.1 Genome-wide association studies of functional impairment

As in the broader literature, functional impairment has been under-researched in GWAS.
One GWAS investigated functional impairment as a transdiagnostic phenotype across
2,246 patients with bipolar disorder, schizophrenia and depression but no variants were
found (McGrath et al., 2013). The authors proposed that differences in functional
impairment at the same level of symptom severity might represent a risk-resilience trait

independent of diagnosis and could be used to increase sample sizes in genetic research.
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1.5 Genetic correlations and polygenic risk scores

1.5.1 Genetic correlations describe genetic overlap between traits

Genetic overlap between two traits can be described by calculating a genetic correlation
(rg). This reflects the extent of pleiotropy, whereby the same variant influences two traits.
Values vary between -1 and 1, where 1 indicates that all the same variants are influencing
both traits in the same direction. Genetic correlations can be estimated from both twin and
genomic data. They can help to explain phenotypic relationships, such as comorbidity,
identify shared biological pathways and inform how we think about diagnostic categories.
Knowledge of genetically similar but diagnostically distinct disorders can also be used to
increase GWAS sample sizes. Although genetic correlations can arise from a variety of
processes besides true biological pleiotropy, if the aim is to use genetic information from

both traits for prediction, then the mechanism is ignorable (van Rheenen et al., 2019).

1.5.2 Polygenic risk scores represent individual-level genetic liability for a phenotype

Polygenic risk scores (PRS) represent the aggregate, additive effect of trait-associated SNPs
in an individual. To calculate a PRS, the first step is to acquire information on trait-variant
associations from a GWAS in a ‘discovery’ sample. In a non-overlapping ‘target’ sample,
individual PRS are then created by determining the presence of SNPs that were identified
in the discovery GWAS, weighting each one by its GWAS effect size, and summing. An
individual’s PRS indicates their genetic liability for the discovery trait. Analyses can then be
performed in the target sample, such as a regression of PRS and a phenotypic measure of
the same trait as the discovery GWAS, or a different trait. The proportion of variance
explained by the PRS represents the ability of the genetic variants to identify independent,
known, cases, thereby indicating whether the PRS could predict risk in samples of unknown
affected status. When another trait is the outcome, the variance explained indicates
genetic overlap, whether the variants and the size of their associations with the discovery
GWAS trait can explain differences in this second trait. The target sample in which the PRS

are calculated does not need to be as large as those required for GWAS (Choi et al., 2020).
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Currently, PRS do not have clinical value for predicting risk of depression or anxiety at an
individual level. The proportion of variance explained, whilst significant, is small. In two
studies, depression PRS explained up to 3.2% of the variance in depression case status (D.
M. Howard et al., 2019) and anxiety PRS explained 0.5% of variance in anxiety case status
(Purves et al., 2020). Due to the complex nature of depression and anxiety and their
moderate heritability, PRS will never conclusively predict disorder risk, but could improve
predictive models alongside other clinically relevant variables. PRS also show promise in
terms of stratification. One study reported that the odds of being a depression case in the
tenth depression PRS decile were over twice as high as in the first decile (Wray et al., 2018).
Furthermore, PRS were positively associated with severity across a range of indices
including recurrence (Wray et al., 2018). PRS could therefore be used to identify at-risk
individuals for prevention studies, aid formal diagnosis when unclear based on clinical
presentation and indicate risk of severe prognosis within case samples (Wray et al., 2021).
PRS could also have value in personalised medicine by predicting a patient’s treatment
outcome or revealing treatment-specific associations, with implications for treatment
choice. Significant heritability estimates of antidepressant response have been reported,
indicating the feasibility of this (Pain et al., 2022). Thus far, PRS have been used more widely
as a research tool, rather than for prediction (Maier et al., 2018). Larger samples using brief

phenotypes, will slowly increase the predictive power of PRS. Incorporating multiple PRS
of correlated phenotypes into a model also provides predictive gains (Krapohl et al., 2018).

PRS are among the first robust, valid, biomarkers for psychopathology (Sullivan et al., 2018)

and exhibit the utility of GWAS, despite the small effect sizes of individual variants.

1.6 Phenotypic comorbidity partially arises from genetic overlap

As previously described, the co-occurrence of depression and anxiety is common. In fact,
in mental health, comorbidity is the rule rather than the exception (Plana-Ripoll et al.,
2019). A substantial part of this phenotypic covariance can be explained by pleiotropy (Eley
& Stevenson, 1999). Twin studies showed that the genetic influences on depression and
anxiety appeared to be largely the same, whilst environmental influences were primarily
disorder-specific (Kendler et al., 1992; Roy et al., 1995). Twin estimates of genetic

correlations often do not differ from unity (ry = 1; Eley & Stevenson, 1999; Kendler, 1996;
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Kendler et al., 1992; Roy et al., 1995) and SNP estimates also show high genetic overlap (rg
approximately 0.8; Levey et al., 2020; Ohi et al., 2019; Purves et al., 2020). Furthermore,
GWAS of each disorder have identified a number of the same specific loci (Ask et al., 2021)
and PRS show cross-disorder prediction (Meier et al., 2019; Otowa et al., 2016). Despite
their similarities, depression and anxiety do not appear to either represent phases of the
same disorder or only occur due to the presence of the other (Middeldorp et al., 2005).
Furthermore, research suggests that their genetic correlation is not driven by overlapping
symptoms (e.g., sleep and concentration problems; Eley & Stevenson, 1999). Conditional
analyses have also revealed depression-associated genetic enrichment in brain tissues not
observed for anxiety (Grotzinger et al., 2022) and GAD specific variants independent of
depression (Levey et al., 2020). Therefore, depression and anxiety appear to be distinct
disorders but with notable commonalities. This led to proposals to leverage their
commonality by creating a broader phenotype capturing both, thereby increasing sample

size for genetic studies (Hettema et al., 2005; Kendler et al., 2007).

Consistent with observations that depression is more often comorbid with GAD than other
anxiety disorders (Kessler et al., 2005), phenotypic factor analyses show that depression
and GAD load strongly onto a ‘distress’ factor and other anxiety disorders onto a ‘fear’
factor (L. A. Clark & Watson, 2006; Krueger, 1999; Mineka et al., 1998). These two factors
are correlated and represented by an ‘internalising’ factor. There is evidence that this
model is also observed genetically, with stronger genetic correlations between depression
and GAD than with fear-based anxiety disorders (Hettema et al., 2005; Mineka et al., 1998;

Morneau-Vaillancourt et al., 2020; Waszczuk et al., 2014).

Genetic correlations have also been reported for depression and anxiety with numerous
co-occurring mental health disorders and symptoms, as well as various other phenotypes.
For example, positive genetic correlations have been observed with schizophrenia,
personality disorders, neuroticism, coronary artery disease and smoking (Luciano et al.,
2018; Meier et al., 2019; Purves et al., 2020; Witt et al., 2017; Wray et al., 2018). Negative
correlations have been identified with traits such as years of education and age at

menarche (Meier et al., 2019; Wray et al., 2018).
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The ‘general genes’ (Eley, 1997), or ‘p-factor’ theory (Caspi et al., 2014; Lahey et al., 2012)
postulates a general underlying genetic predisposition to psychopathology captured by
shared risk variants across disorders, in addition to disorder-specific genetic effects.
Genetic correlations across putatively diverse disorders support this theory (Brainstorm
Consortium et al., 2018; Selzam et al., 2018) and call into question diagnostic categories;
“Our genes don’t seem to have read the DSM” (p.411, Smoller et al., 2019). This highlights
the potential for transdiagnostic investigations of genetic risk. However, a recent genomic
structural equation model study recommended biological insights would be better
obtained by focusing on genetic correlations within and between lower-level factors, such

as internalising disorders (Grotzinger et al., 2022).

1.7 Treatment of depression and anxiety

1.7.1 Recommended treatments

Consistent with the phenotypic and genetic overlap between depression and anxiety, these
disorders share several successful treatment approaches. In the UK, the National Institute
for Health and Care Excellence (NICE) recommends cognitive-behavioural therapy (CBT)
and selective-serotonin reuptake inhibitors as the first-line psychological and
pharmacological treatments. CBT is a collection of interventions with diagnostic-specific
protocols and manuals focusing on changing maladaptive cognitions and behaviours. For
example, for anxiety disorders there will often be a behavioural exposure component. The
therapist and patient discuss specific problems in the session, and between sessions the
patient completes ‘homework’ practising the skills and techniques they are learning. For
common mental health disorders, NICE recommends a stepped care approach whereby
patients first receive the least intensive treatment and can be stepped up or down to
maximise the chance of response whilst conserving resources (NICE, 2011). The main steps
are presented in a flowchart below (Figure 1). Self-help groups, befriending, education and

employment support services are offered across disorders and steps.
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Step 1

Identification & assessment (diagnosis)
Psychoeducation
Active monitoring

Y
Step 2

Low-intensity interventions for subthreshold symptoms &
mild-moderate disorders
Depression: guided self-help, computerised CBT, structured
physical activity, self-help groups. Medication only in special cases
Anxiety': non-guided or guided self-help

Y )

Step 3

High-intensity interventions for persistent symptoms, mild-moderate
(that did not respond to Step 2) & moderate-severe disorders
Depression: CBT, interpersonal therapy, behavioural activation,
behavioural couples therapy, antidepressant medication
Counselling or brief psychodynamic therapy only if preferred
Moderate-severe: CBT or interpersonal therapy + antidepressant
Anxiety?: CBT, applied relaxation, eye-movement desensitisation
and reprocessing (EMDR). Medication only if preferred

Figure 1. NICE recommended stepped care for common mental health disorders

1GAD and panic disorder. Only guided self-help is recommended for obsessive-compulsive disorder
(OCD). 2 GAD, panic disorder, OCD, social anxiety disorder and post-traumatic stress disorder (PTSD).
Applied relaxation is only recommended for GAD and EMDR only for PTSD.

1.7.2 Approximately half of patients improve following treatment

The average remission rate across treatments is around 50% in trials of depression
(Cuijpers, Karyotaki, et al., 2021; Undurraga & Baldessarini, 2012), and anxiety (Loerinc et
al., 2015; Springer et al., 2018), as well as in routine treatment (IAPT Team, NHS Digital,
2021). Despite continued efforts to produce more effective treatments, on average,
treatments do not appear to significantly differ. This has been shown across psychological
therapies (Barth et al., 2013; Cuijpers, Quero, et al., 2021) and between psychological and
pharmacological treatments (Carl et al., 2020; Cuijpers et al., 2020; Cuijpers, Sijbrandij, et
al., 2013). Combined psychological therapy and medication does appear to result in slightly
better outcomes than monotherapy (Cuijpers et al., 2015, 2020; Cuijpers, Sijbrandij, et al.,

2014). Some studies have conversely reported superior effects for specific treatments
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(Bandelow et al., 2015; Cipriani et al., 2018; Mayo-Wilson et al., 2014). Inconsistencies may
be partly attributable to definitions of treatment outcome. A review of CBT trials for anxiety
found response rates ranged between 0 and 100% depending on how response was
operationalised (Loerinc et al., 2015). Inconsistent findings can also arise due to the lack of
an appropriate, active control group, especially in psychotherapy trials (Carl et al., 2020;
Cuijpers et al., 2016). In favour of psychotherapy there is evidence of a more sustained
long-term effect, decreasing the chance of depression relapse or recurrence compared
with medication (Cuijpers, Hollon, et al., 2013; Karyotaki et al., 2016). Moreover, drug-
induced side-effects are a concern. Patients with depression or anxiety generally report a
preference for psychological treatment over pharmacological (McHugh et al., 2013), yet

medication use is far more common (Kendrick, 2021; McManus et al., 2016).

1.8 NHS Improving Access to Psychological Therapies (IAPT) services

The National Health Service (NHS) England Improving Access to Psychological Therapies
(IAPT) services were launched in 2008. This initiative was a response to NICE
recommendations of evidence-based psychological therapies for common mental health
disorders as well as reported economic benefits of investing in psychological healthcare.
Specifically, this was proposed to decrease welfare support and increase work productivity
in those who have received treatment (D. M. Clark, 2011; D. M. Clark et al., 2009). IAPT
services primarily treat adults with depression and/or anxiety, including post-traumatic
stress disorder (PTSD) and obsessive-compulsive disorder (OCD). NICE-recommended low-
intensity treatments such as guided self-help are offered by Psychological Wellbeing
Practitioners, usually up to eight sessions. High-intensity treatments are delivered by
accredited therapists and consist of more traditional, structured individual and group-
based therapies, over a higher number of sessions (e.g., 15 to 20 for CBT). Referrals can be
made by a GP or other health or community services. Additionally, self-referral is available
to increase treatment access, especially for underrepresented groups. No formal diagnosis
is made, and no symptom thresholds are used for accessing treatment. The patient’s
primary presenting mental health problem to be targeted in treatment is identified through
discussion with a clinician. The ‘problem descriptor’ is recorded using an International

Classification of Diseases-10 (ICD-10) code, although patients do not have to meet all
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diagnostic criteria. This assessment informs allocation to treatment, ensuring that
disorder-specific protocols are followed (Roth & Pilling, 2007). Some patients do not go on
to have a full course of treatment, instead receiving a session of assessment,
psychoeducation and possible signposting to other services. IAPT offers a more
representative sample of individuals experiencing depression and anxiety than is available
from clinical trials, which often have strict inclusion criteria. Substance misuse, suicidal
ideation, self-harm and psychotic or manic symptoms do not automatically exclude an
individual from IAPT, therefore services treat complex cases (Hepgul et al., 2016). However,
where these features are present to the extent that IAPT treatments are considered

unsuitable, patients are referred to specialist services.

In 2020 to 2021, IAPT services received almost 1.5 million referrals, of which a million
accessed treatment (IAPT Team, NHS Digital, 2021). Of the 634,649 patients that
completed a course of treatment (minimum two treatment sessions), 51% recovered,
reflecting rates from clinical trials (IAPT Team, NHS Digital, 2021). A recent meta-analysis
of IAPT studies showed large effects for reductions in depression and anxiety symptoms,
and medium for improved functional impairment (Wakefield et al., 2021). Several service-
level factors are associated with higher rates of recovery, including provision of accurate
problem descriptors and a higher average number of treatment sessions (D. M. Clark et al.,
2018; Gyani et al., 2013; Saunders et al., 2020). Improvements in some of these areas and
higher quality data recording may underlie increased national recovery rates (Saunders et

al., 2020).

From a research point of view, IAPT is an excellent resource of a vast amount of treatment
data, beyond the scale feasible from a clinical trial. The key value of IAPT as a research
resource is in its routine outcome monitoring at every clinical contact. The measures
include three principal self-report questionnaires: the Patient Health Questionnaire 9-item
version (PHQ9; Kroenke et al., 2001) which assesses depression symptoms, Generalized
Anxiety Disorder 7-item Scale (GAD7; Spitzer et al., 2006) for anxiety symptoms, and the
Work and Social Adjustment Scale (WSAS; Marks, 1986) to measure functional impairment.

Recovery in IAPT is calculated as moving from above to below case thresholds on both the
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PHQ9 and GAD7. The PHQ9 and GAD7 are also widely used in research settings and are the

outcomes in three of the studies in this thesis.

1.9 Internet-delivered psychological therapy

Over the last couple of decades, technological advances have resulted in the development
of a host of computer- and internet-based psychological therapy programmes to treat
depression and anxiety. The majority are now delivered via the internet and are built on
CBT principles (Burger et al., 2020). Formats include websites with only text-based
information or with added interactive content and exercise modules. A key point of
variation is in the level of provided support. Unguided self-help versions offer only
autonomous feedback or technical or administrative support. Guided programmes assign
patients a therapist. These programmes can be guided self-help whereby the therapist
provides asynchronous support and feedback, such as weekly emails or brief calls, outside
of self-help therapeutic sessions. Alternatively, they can be more akin to traditional therapy
and offer a course of regular synchronous therapy sessions via real-time video or messaging
platforms (Burger et al., 2020; Webb et al., 2017). Unguided formats show comparatively
inferior outcomes and higher rates of dropout to guided treatments, especially for patients
with more severe symptoms (Andersson, Titov, et al., 2019; Karyotaki et al., 2021). IAPT
services offer internet-delivered interventions, both as low-intensity guided self-help and
high-intensity synchronous therapy sessions (Thew, 2020). Attitudes towards internet-
delivered interventions seem to be favourable (Andrews et al., 2018), although more so

among patients than therapists (Schroder et al., 2017).

Meta-analytic evidence shows large pre- to post-treatment symptom improvement for
guided internet CBT compared to waitlist or treatment as usual controls (Andersson,
Carlbring, et al., 2019; Andersson, Titov, et al., 2019; Karyotaki et al., 2021). These effects
are sustained at long-term follow up (Andersson et al., 2018). Stronger evidence for the
efficacy of guided internet CBT comes from comparisons to face-to-face CBT showing
equivalent effects (Andersson, Titov, et al., 2019), and similar rates of attrition (Carlbring

et al., 2018), although larger sample sizes are required for more robust evidence.

30


https://paperpile.com/c/IJtc59/y755x
https://paperpile.com/c/IJtc59/y755x+Pfwpx
https://paperpile.com/c/IJtc59/XWlvp+nEAKB
https://paperpile.com/c/IJtc59/BIGie
https://paperpile.com/c/IJtc59/mKIPw
https://paperpile.com/c/IJtc59/OdaW3
https://paperpile.com/c/IJtc59/fTXxT+nEAKB+XWlvp
https://paperpile.com/c/IJtc59/fTXxT+nEAKB+XWlvp
https://paperpile.com/c/IJtc59/CofxT
https://paperpile.com/c/IJtc59/XWlvp
https://paperpile.com/c/IJtc59/riRoI
https://paperpile.com/c/IJtc59/riRoI

It is plausible that certain aspects of therapy benefit from an in-person format, such as
exposure to phobic situations. Furthermore, internet-delivered therapies require a degree
of computer literacy, the ability to read and write in a specified language (e.g., English),
and internet availability, and therefore are not universally suitable. On the other hand,
internet-delivered CBT has a number of advantages that could help to increase treatment
seeking and access. For example, internet-delivered CBT can be used wherever one has
suitable technology and internet access and providers can offer appointments outside of
normal working hours. To meet treatment needs, the use of internet-delivered therapies

will likely continue to grow (Thew, 2020).

1.10 Individual differences in outcomes following psychological therapy

Individual differences in outcomes following treatment are not observable when group-
based averages are used, as is often the case in clinical trials (Hollon et al., 2002). Larger
treatment effect sizes may therefore exist for some subgroups. This is thought to at least
partly explain the average response rate of 50% across treatments, rather than poorly
developed treatments (Cohen & DeRubeis, 2018; Lorenzo-Luaces et al., 2021). The
likelihood of a universally effective treatment seems low when considering the
heterogeneity of depression and anxiety in terms of possible aetiological influences and
clinical presentations. Evidence for treatment response heterogeneity comes from patients
who show treatment-specific recovery, and associations between certain patient
characteristics and treatment outcomes (Cohen & DeRubeis, 2018). Stronger support for
the existence of treatment response heterogeneity comes from a meta-analysis of
depression treatment trials showing that variance was 9% higher in intervention groups
than control groups (Kaiser et al., 2022). Heterogeneity is the basis for personalised (or
‘precision’) medicine which aims to optimise treatment outcomes by identifying ‘what

works for whom’ and allocating patients accordingly (Paul, 1967).

A host of ‘prescriptive’ and ‘prognostic’ predictors and correlates have been identified for
psychological treatment response. The former refers to variables that interact with
treatment type to produce different outcomes, providing information for optimum

treatment allocation. A number of prescriptive variables have been identified (e.g.,
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Boschloo et al., 2022; Chekroud et al., 2021). However, studying prescriptive variables
requires data on multiple treatments or a control group, that are ideally randomised, and
of sufficient sample size to detect moderator effects. Prognostic variables are associated
with outcome across treatments, or within one treatment when there is no comparison
group. They can guide clinician and patient expectations regarding treatment outcomes
(Cohen & DeRubeis, 2018), identify patients to target in further treatment trials and inform
interventions targeting modifiable prognostic correlates. As prognostic variables are more
relevant to this thesis and the patient samples analysed, they will be further described.
Table 1 provides examples of prognostic variables reported to be associated with poorer
outcomes following treatment in clinical trials and in IAPT. For clinical trials, only evidence
from meta-analyses or systematic reviews is reported, and for IAPT, only variables that
have been investigated in more than one study. Individual differences following internet-
delivered CBT for depression and anxiety have been comparatively less researched. Meta-
analyses report conflicting findings regarding baseline depression severity, which may be
due to the restricted, milder symptom range in trials compared with routine treatment
(Andersson, Carlbring, et al., 2019; Karyotaki et al., 2018; Rozental et al., 2019). However,
studies of internet-delivered CBT provide some of the only evidence for genetic influences
on treatment outcomes to date. Analysing the same sample of individuals via different
methods, one study reported associations with PRS for depression and intelligence (Wallert

etal., 2022), and another with PRS for autism spectrum disorder (E. Andersson et al., 2019).
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Table 1. Examples of prognostic variables associated with poorer outcomes following

psychological treatment

Variable Study references !

Strong evidence of an association

Amati et al., 2018; Buckman, Cohen, et al., 2021;
Buckman, Saunders, et al., 2021; Kessler et al., 2017
Delgadillo, Dawson, et al., 2017; Delgadillo et al., 2016;
Goddard et al., 2015

Buckman et al., 2022; Kessler et al., 2017
Unemployment Buckman, Stott, et al., 2021;
Delgadillo, Dawson, et al., 2017; Delgadillo et al., 2016

Buckman, Saunders, et al., 2021; Kessler et al., 2017,
Lorenzo-Luaces et al., 2021

Higher baseline symptom severity

Chronic course

Comorbid depression or anxiety Amati et al., 2018; Buckman, Saunders, et al., 2021;
disorder Kessler et al., 2017; Springer et al., 2018

Jha et al., 2019; Kessler et al., 2017
Delgadillo, Dawson, et al., 2017; Delgadillo et al., 2016

Substance or alcohol use Buckman, Cohen, et al., 2021; Springer et al., 2018

Higher functional impairment

Modest evidence of an association

Lower outcome expectancy Constantino et al., 2018

Single relationship status Kessler et al., 2017

Presence of long-term physical health

s L Delgadillo, Dawson, et al., 2017; Delgadillo et al., 2016
condition or disability

Use of psychotropic medication Springer et al., 2018

Lower socioeconomic status (e.g., lower

. . . Kessler et al., 2017
income or educational attainment)

Strong evidence of small or no association

Kessler et al., 2017; Springer et al., 2018

Delgadillo et al., 2016

Cuijpers, Weitz, et al., 2014

Delgadillo, Dawson, et al., 2017; Springer et al., 2018

INon-italicised references indicate meta-analyses and systematic reviews of clinical trials, italicised references
represent studies performed with data from IAPT. Strength of evidence base was not formally assessed.

Age

Gender

Information about associations between patient variables and treatment outcomes can be
implemented within statistically informed clinical decision tools. Statistics-based decisions
produce better outcomes compared with clinician decisions (£gisdéttir et al., 2006; Grove
& Meehl, 1996). Nevertheless, clinicians will likely have additional information that a tool
will not and therefore the aim is only to provide recommendations which support, not

replace, clinicians’ decision making.
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1.11 Beyond endpoint outcomes: Trajectories of response

The previous section described research investigating individual differences in outcomes
at the end of treatment, such as response and remission. Endpoint outcomes are
undoubtedly important, reflecting the culmination of the therapeutic work. However,
treating all recovered patients as a single group and non-recovered as another ignores
possible differences between patients during treatment, that is, in trajectories of outcomes
over therapy sessions. Heterogeneity in patterns of change may be meaningful and
clinically informative. Rather than all patients following a single average trajectory with
only some quantitative variation, there may be multiple subgroups of patients with
qualitatively different trajectories. Some patients could then be at risk of inaccurate
expectations, continuation of unsuitable treatment, or treatment ending early due to
apparent non-response. Trajectory analyses could therefore identify patients at risk of non-
response but also other clinically relevant subgroups. If patient characteristics can be
identified that are associated with these subgroups, then a patient’s most likely trajectory

could be known at the start of treatment.

Structural equation modelling reveals unobserved ‘latent’ variables that explain
relationships between observed variables (e.g., questionnaire scores). Longitudinal
structural equation modelling techniques, such as growth mixture modelling, offer a
person-centred approach to identify clusters of patients based on the similarity of their
trajectories over treatment sessions. Using growth mixture modelling, the presence of
these subpopulations can be captured by latent classes, whereby each class has its own
‘latent growth curve’ (trajectory; see Figure 2). The modelling process involves identifying
the number of trajectory classes that best fits the observed data. Crucially, associations can
be explored between potential predictors and trajectory class. Whilst more nuanced than
binary response outcomes often used in endpoint outcome literature, it is important to
note that the revealed classes are a simplified heuristic reflecting a more complicated

reality with an underlying continuum (Lutz et al., 2014).

34


https://paperpile.com/c/IJtc59/tXUZm

Score
Time 4
i i i i
e e e e

Figure 2. A growth mixture model of questionnaire scores over time

Latent variables are represented by circles and observed variables by squares. ‘e’ indicates error
residuals. Class is a categorical latent factor. Slope and intercept are continuous latent factors, each
with a mean and variance. ‘Time’ here could be therapy session.

1.11.1 Trajectories of depression and anxiety symptoms during psychological
therapy

Existing studies of trajectory classes during psychological treatment are generally of small
sample size and often focus only on ‘early change patterns’ in symptoms over the initial
sessions. Across three of these studies in patients with depression or anxiety, optimal
models had between three and five trajectory classes (Lutz et al., 2009, 2014; Stulz et al.,
2007). The number of sessions included in each analysis ranged from three to six. Among
the identified models, there were similar slopes of non-response plateau, fast (early)
improvement and more gradual improvement. Samples had fewer than 350 patients and
few, if any, associations were explored with baseline variables. Although early change
patterns warrant attention as they show associations with endpoint recovery and dropout
(Lutz et al., 2014), trajectories throughout a longer course of therapy have been under-

researched and may reveal later relevant patterns. Furthermore, efforts are required to
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identify associations with baseline characteristics that could inform prediction models of a
patient’s most likely trajectory at the start of treatment. One notable investigation of
trajectories over a greater number of sessions was a study with over 4,000 IAPT patients
(Saunders et al., 2019), which is described in more detail in Chapter 4. To my knowledge,

trajectory classes of functional impairment have not been explored.

Information about trajectories could also be used for monitoring progress and providing
feedback during treatment. Clinicians perform poorly at identifying patients at risk of
treatment failure and overestimate their patients’ rates of improvement (de Jong et al.,
2021). Monitoring and feedback systems provide alerts when a patient is ‘not on track’
according to their expected trajectory. Factors that are possibly contributing to this can be
highlighted so that the clinician can focus on them (e.g., aspects of therapeutic alliance).
Monitoring and feedback tools have a well-established evidence basis for improving
treatment outcomes. A meta-analysis of 58 studies covering almost 22,000 patients
showed a small significant effect on symptom reduction and dropout rates, although not
on the number of sessions (de Jong et al., 2021). Furthermore, a trial in IAPT services
concluded that a feedback system increased the likelihood of reliable symptom
improvement at a modest incremental cost (Delgadillo et al., 2021). It generally seems to
be acceptable to patients and therapists to implement such systems in routine practice
(Delgadillo, Overend, et al., 2017). A one-size-fits-all approach would be an unsuitable basis
for these systems if, for example, a patient’s expected trajectory is actually one of more

gradual change than the average.

1.12 Aims and overview of this thesis

The aims of this thesis fall broadly into two halves. The first two studies focus on the
genetics of brief treatment-related phenotypes and the second two studies on individual
differences in longitudinal trajectories of treatment outcomes during psychological
therapy. All outcomes are related to depression and anxiety. A key aim of the thesis as a
whole was to better understand functional impairment, both in terms of genetics and of

trajectories of change during therapy. Figure 3 provides a visualisation of how the study
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chapters relate to one another, as well as the relevance of the themes from the literature

| have presented to each chapter.

Genetic factors Brief treatment-related
influencing depression phenotypes to increase
& anxiety sample size

Chapter 2: Chapter 3:

Self-reported Genetic overlap of Contribution of
medication use as symptom severity measuring functional
a brief phenotype & functional impairment

impairment
Chapter 5:
Chapter 4: Internet-delivered
Psychological CBT symptom &
therapy symptom functional
trajectories impairment

trajectories

Internet-delivered
Longitudinal individual psychological therapy
differences during
psychological treatment

Figure 3. Visualisation of how the study chapters in this thesis relate to one another as

well as the relevance of themes from the literature presented in this chapter

Chapter 2: One method of improving statistical power in genetic studies of depression and
anxiety is to increase sample sizes. This can be done using ‘brief phenotyping’, a resource-
efficient method of defining a phenotype, which often relies on self-report on a single item.
Existing studies indicate that the genetic variants associated with brief phenotypes of
depression and anxiety show high overlap with those from more clinical diagnostic
measures. | aimed to assess self-reported medication use as an additional or alternate brief
phenotype for depression and anxiety. | performed a genome-wide association study of
this phenotype in the UK Biobank and calculated genetic overlap with more detailed case-

control definitions using genetic correlation and polygenic risk scores.
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Chapter 3: Functional impairment is often overlooked as a treatment outcome and
conflated with symptom severity, despite showing only moderate phenotypic overlap. The
genetic relationship between symptoms and functional impairment, a diagnostic criterion
for depression and anxiety, is unknown. Establishing this would indicate whether brief
phenotypes of symptom severity sufficiently capture genetic variants associated with
diagnoses of depression and anxiety or if it would be valuable to also measure functional
impairment. It would also reveal whether genetic information about functional impairment
could contribute to prediction models of disorder prognosis, or if it is redundant when
genetic data on symptom severity is available. | explored this question in a sample of
participants with lifetime depression or anxiety from the Genetic Links to Anxiety and
Depression (GLAD) Study. A genome wide association study was performed for each of the
PHQ9 (depression symptoms), GAD7 (anxiety symptoms) and WSAS (functional
impairment) measures. Genetic correlations were calculated to determine the extent of

genetic overlap between symptoms and functional impairment.

Chapter 4: There is established heterogeneity in patient outcomes at the end of
psychological treatment. Individual differences occurring during treatment have been
comparatively under-researched, especially in sufficient sample sizes and beyond the initial
few treatment sessions. | used growth mixture modelling to explore whether there were
unobserved subgroups of symptom (PHQ9 and GAD7) trajectories during psychological
therapy in the South London and Maudsley NHS IAPT services. | then explored associations
between trajectory class and possible prognostic variables recorded at baseline, which
could be used to indicate a patient’s most likely trajectory at the start of therapy. This could
guide treatment expectations and decisions, and signal whether a patient is ‘off-track’

according to their expected trajectory.

Chapter 5: Internet-delivered therapies offer an additional route to accessing psychological
treatment for depression and anxiety. | explored whether similar trajectory subgroups and
associations with patient characteristics existed in a sample of IAPT patients who had
received real-time CBT sessions with an accredited therapist, via the internet. The same
statistical method was used as in Chapter 4. The analysis was extended to model functional

impairment (WSAS).
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Chapter 2: Self-reported medication use as an alternate
phenotyping method for anxiety and depression in the UK
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Abstract

The requirement for large sample sizes for psychiatric genetic analyses necessitates
novel approaches to derive cases. Anxiety and depression show substantial genetic
overlap and share pharmacological treatments. Data on prescribed medication could
be effective for inferring case status when other indicators of mental health are
unavailable. We investigated self-reported current medication use in UK Biobank
participants of European ancestry. Medication Status cases reported using antide-
pressant or anxiolytic medication (n = 22,218), controls did not report psychotropic
medication use (n = 168,959). A subset, “Medication Only,” additionally did not meet
criteria for any other mental health indicator (case n = 2,643, control n = 107,029).
We assessed genetic overlap between these phenotypes and two published genetic
association studies of anxiety and depression, and an internalizing disorder trait
derived from symptom-based questionnaires in UK Biobank. Genetic correlations
between Medication Status and the three anxiety and depression phenotypes were
significant (r; = 0.60-0.73). In the Medication Only subset, the genetic correlation
with depression was significant (r = 0.51). The three polygenic scores explained
0.33% - 0.80% of the variance in Medication Status and 0.07% - 0.19% of the vari-
ance in Medication Only. This study provides evidence that self-reported current
medication use offers an alternate or supplementary anxiety or depression pheno-

type in genetic studies where diagnostic information is sparse or unavailable.

KEYWORDS
genetic correlation, internalizing, polygenic score, UK Biobank

pharmaceutical treatments (National Institute of Health and Care

Excellence, 2011). Anxiety and depression are heritable (twin h% 20-
Anxiety and depression are commonly comorbid (Kendler, Neale, Kessler, 60% (Hettema, Neale, & Kendler, 2001; Mclntosh, Sullivan, &
Heath, & Eaves, 1992; Moffitt et al., 2007), have notable symptom over- Lewis, 2019; Meier & Deckert, 2019; Sullivan, Neale, & Kendler, 2000),
lap (American Psychiatric Association, 2013), and share first-line SNP-based h% 10-28% (Hettema et al., 2001; Mclntosh et al., 2019;

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
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Meier & Deckert, 2019; Sullivan et al., 2000). They also share much of
their underlying genetic influences (twin rg: ~1.00 (Kendler et al., 1992;
Purves et al., 2020; Roy, Neale, Pedersen, Mathé, & Kendler, 1995),
SNP-based rg: ~0.8 (Kendler et al, 1992; Purves et al, 2020; Roy
et al., 1995). Decades of work have demonstrated that liability to anxiety
and depression is influenced by numerous individual genetic variants,
each associated with a very small effect. To detect these effects, genetic
association studies of complex disorders require extremely large sample
sizes. The difficulty of ensuring adequate statistical power is com-
pounded by the clinical heterogeneity of internalizing disorders, and their
high lifetime prevalence whereby the mean difference in phenotypic lia-
bility between cases and controls is smaller than for a rare disorder such
as schizophrenia (Mullins & Lewis, 2017; Wray et al., 2018).

One approach to increase statistical power in genetic association
studies is to focus participant ascertainment on more clinically and
demographically homogeneous individuals (Cai et al., 2015). However,
collecting high-quality diagnostic information such as that from struc-
tured clinical interviews is resource-intensive and thus data are rarely
available on the required scale. Another approach is to use less in-
depth phenotyping methods to produce very large samples which can
outweigh the noise introduced by phenotypic heterogeneity. For
example, brief self-report symptom-based questionnaires with scoring
criteria can indicate current or lifetime diagnoses in genetic studies
(Coleman et al., 2020; Direk et al., 2017; Purves et al., 2020). Medical
records of diagnoses, admissions, and treatments have also shown util-
ity (Hall et al., 2018; Howard et al., 2018). Another method is “broad”
or “minimal” phenotyping, whereby case status is determined using
single data points, such as self-report of having received a diagnosis
from a clinician (Howard et al., 2019; Hyde et al, 2016; Purves
et al., 2020; Wray et al., 2018). Broad depression phenotypes demon-
strate significant genetic correlations (ry = 0.64-0.79) with clinically
defined major depressive disorder (Howard et al., 2018). The availabil-
ity of multiple phenotyping methods presents the opportunity for
combination and triangulation, which can maximize the likelihood of
reliably identifying cases (Glanville et al., 2021). Combining indicators
of mental health status is also useful in the presence of missing data on
more in-depth measures and in meta-analyses of studies that used dif-
ferent phenotyping methods. This has facilitated the identification of
numerous novel genetic variants associated with anxiety and depres-
sion (Howard et al., 2019; Purves et al., 2020).

An additional indicator of anxiety or depression case status that
has not yet been thoroughly investigated for genetic studies is reported
use of antidepressant or anxiolytic medication. Medication data could
supplement existing symptom-based and broad phenotyping measures
by identifying probable cases who are not otherwise captured, perhaps
due to missing data or low sensitivity to specific diagnoses. In support
of this, 11% of the UK Biobank participants who responded to a
follow-up mental health questionnaire reported using antidepressant
medication but did not meet case criteria for anxiety or depression in
the symptom questionnaires, hospital records or self-reported diagno-
ses (Davis et al., 2019). As well as supplementing other mental health
indicators, medication data could function as a proxy for anxiety and
depression when alternate sources of information are unavailable due

to study design. For example, in cohort studies where mental health
was not of primary interest during study development, records of
reported medication use could be used to infer a diagnosis. It may also
be a practical phenotyping solution for studies using big data from elec-
tronic health records. There is some support for the use of medication
data as an alternate phenotype in genetic analyses. One study reported
an odds ratio of 1.7 for taking antidepressants in individuals in the top
decile of a depression polygenic score, compared with the lowest decile
(Wu et al., 2019), and another found high genetic correlations between
depression and self-reported antidepressant use in common genetic
variants (SNP-based r, = 1) and pedigree associated variants (rare and
common variants; kinship-based ry = 0.9) (Wigmore et al., 2019). While
these previous studies are indicative of the potential for antidepres-
sants as a proxy phenotype for depression, they did not investigate
whether there could be a gain in sample size from using medication
data in addition to other commonly used phenotypes. Furthermore, it is
unclear whether the same is true for anxiolytics and anxiety. It is perti-
nent to note that the same class of drugs, selective serotonin reuptake
inhibitors, is prescribed as a first-line pharmaceutical treatment for both
depression and anxiety, despite being categorized as antidepressants
(National Institute of Health and Care Excellence, 2011). By combining
reports of antidepressants and anxiolytics, we can create a single inter-
nalizing disorder phenotype and examine overlap with existing anxiety
and depression phenotypes. The genetic overlap between anxiety and
depression supports the study of these two disorders as a combined
phenotype (Hettema, 2008), indeed, this has been shown to increase
agreement between self-report and symptom-based indicators of men-
tal health status (Davis et al., 2019). While knowledge of the genetic
influences on specific phenotypes is required to investigate how symp-
toms and diagnostic subtypes are related, there are advantages to
studying psychiatric genetics at the broader level of internalizing disor-
ders (Slade & Watson, 2006). One benefit could be the identification of
genetic influences on factors of general distress or negative affect that
act transdiagnostically and are clear therapeutic targets (Clark &
Watson, 1991). This is particularly relevant in the context of mixed anx-
iety and depressive disorder, characterized by the presence of symp-
toms of anxiety and of depression that do not meet diagnostic criteria
for either diagnosis. Although a controversial diagnosis, mixed anxiety
and depressive disorder is highly prevalent in primary care and is associ-
ated with pronounced distress and impairment (Méller et al., 2016).

1.1 | Current study

We used data on current medication use reported by participants from
the UK Biobank population cohort in an interview with a nurse. This is
hereafter referred to as “Medication Status.” Our aim was to explore
use of antidepressant and anxiolytic drugs as an alternate phenotyping
method to identify anxiety and depression cases where data about diag-
noses or symptoms are absent. To test the utility of our Medication Sta-
tus phenotype, we determined the extent to which common genetic
variants associated with Medication Status overlap with those of anxi-
ety and depression cases identified using other measures.
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We further tested this question using multiple indicators of mental
health status available in the UK Biobank. Specifically, we identified a
subset of Medication Status cases who did not meet case status on any
other indicator and were thus referred to as “Medication Only.” This
subset might represent individuals who were experiencing internalizing
disorders but have not previously been identified with other commonly
used methods in genetic studies of anxiety and depression. If so, we
would expect this group to confer reliable genetic signal similar to that
of anxiety and depression cases phenotyped using other measures,
demonstrated by high genetic overlap. This would indicate that leverag-
ing medication data alongside symptom-based and diagnostic measures
can provide a useful gain in sample size, even in samples well character-
ized for psychiatric disorders. Alternatively, Medication Only cases
could be a particularly heterogeneous group of individuals, a substantial
proportion of whom were prescribed medication for reasons other than
anxiety or depression diagnoses. We would then expect this group to
show low genetic overlap with internalizing disorder cases. As such,
caution would be required using this phenotyping approach; the het-
erogeneity would reduce statistical power, and any genetic signal iden-
tified could be nonspecific to internalizing disorders.

2 | MATERIALS AND METHODS

21 | Sample

The UK Biobank is a health research resource of more than 500,000
volunteers from the UK population, aged between approximately
40 and 70 years old at recruitment. Between 2006 and 2010, partici-
pants provided biological samples and responded to a range of health
and lifestyle questionnaires, including an interview with a nurse about
medication use. In each of two follow-up visits, approximately 20,000
participants completed additional measures and could update informa-
tion from their initial session (Sudlow et al., 2015), resulting in up to
three measurement time points. An online Mental Health Questionnaire
(MHQ), which asked more detailed information about psychiatric diag-
noses and symptoms, was completed by almost one third of the cohort
in 2016 (Davis et al., 2020). In the current study, we limited our ana-
lyses to participants of European ancestry who passed genetic quality
control and had complete data on the phenotypes and covariates.

2.2 | Phenotype definitions

221 | Medication Status

Medication Status was obtained via a verbal interview item requesting
the names of regular prescription medications that the participants were
currently taking (UK Biobank Data Field 20003). The nurses conducting
the interviews did not record medications that were short-term
(e.g., 1-week course of antibiotics), historical, or prescribed but not
being taken. We excluded individuals who responded to the MHQ to
prevent sample overlap in polygenic comparisons with selected

phenotypes that had been derived using MHQ responders (further
details in Section 2.4). The sample for analysis consisted of individuals
who supplied the name of any medication in the interview, at any of
the three data collection time points. The medication interview field
had 6,745 unique response values, which were mapped to psychotropic
medication classes of antidepressant, anxiolytic, antipsychotic, and
mood stabilizer using an existing list of codes (Davis et al., 2019; see
Data S1, Supporting Information). Medication Status cases were individ-
uals who reported taking a medication at the time of interview that was
classed as an anxiolytic or antidepressant. Note that participants them-
selves did not need to report, or even know, that the medication was
an antidepressant or anxiolytic. This variable thus had the potential to
capture individuals who were prescribed medication for reasons other
than core symptoms of anxiety or depression, such as sleep difficulties.
Controls were defined as individuals who did not report taking any psy-
chotropic medication but who reported taking at least one medication
and therefore had a nonblank response (as per a previous UK Biobank
study; Wu et al., 2019). As there was not a negative option for this item,
we chose not to infer control status from a blank response. Although
some blank responses would represent controls, we could not distin-
guish these from individuals who did not wish to share the information
(i.e., possible cases or exclusions). There was a preceding binary ques-
tion regarding the use of any medications, which could have helped to
identify controls, but it had low agreement with the more detailed item
in which participants named a medication. Case and control definitions
and screening were performed solely using the medication data, so that
the same sample would be drawn if only these data were available. We
excluded individuals who reported using antipsychotics or mood stabi-
lizers indicative of potential psychosis or bipolar disorder. These disor-
ders are highly heritable and demonstrate strong genetic correlations
with other psychiatric disorders, thus potentially producing misleading
relationships if included in our analyses. It is worth noting that this may
have excluded some of the more severe depression cases who were
receiving adjunct antipsychotics. This could lead to decreased observed
genetic overlap with other internalizing phenotypes, as more severe
symptoms are associated with greater genetic liability (Wray
et al., 2018); however, we chose to be conservative.

We also identified a subset of the Medication Status cases and con-
trols for analysis who we will refer to as “Medication Only.” Whereas
Medication Status cases and controls were defined solely using the inter-
view item regarding medication use, Medication Only incorporated infor-
mation from other indicators of mental health. Cases were therefore
defined in the same way as for Medication Status but additionally did
not meet case criteria (i.e.,, were controls or missing sufficient informa-
tion) for anxiety, depression, or other psychiatric conditions, on any other
indicator of mental health status in the UK Biobank data. These diagnos-
tic indicators included hospital records (primary and secondary Interna-
tional Classification of Diseases [ICD] 10 “F” codes), self-reported
diagnosis in a nurse interview, and treatment seeking (see Data S2 for
details and Tables S1 and S2 for data completeness and case overlap
between indicators). Medication Only cases therefore represented a
group of individuals who, across all these indicators of mental health,
were only identified as anxiety or depression cases by their reported
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medication use. Medication Only controls were participants who were
not taking an antidepressant or anxiolytic (defined as per Medication Sta-
tus controls) and furthermore did not meet case criteria for any other
indicator of mental health status.

Medications can be prescribed for conditions other than those for
which they are licensed. Therefore, we created versions of the Medi-
cation Status and Medication Only phenotypes excluding individuals
with evidence of physical conditions for which antidepressants or
anxiolytics are commonly prescribed (see Data S3 and Table S3 for
details, including sample sizes).

2.2.2 | Lifetime Internalizing Disorder
To provide data for comparison with Medication Status, we used the
anxiety and depression modules of the Composite International Diagnos-
tic Interview Short Form (CIDI-SF) from the MHQ to derive a symptom-
based case-control phenotype. This is closest to a “gold-standard” diag-
nostic approach available in UK Biobank (Cai et al., 2020). To ensure a
comparable internalizing disorder phenotype, cases met criteria for either
or both of the lifetime anxiety and lifetime depression modules and con-
trols did not fulfill case criteria for either. We refer to this as the “Lifetime
Internalizing” disorder diagnosis (see Data S2 for further details).
Phenotype derivation and descriptive analyses were performed in
R version 3.6.0 (R Core Team, 2019).

2.3 | Genotyping and quality control

Genetic data were centrally processed as per the UK Biobank pipeline
(Bycroft et al., 2018) and variants were limited to those genotyped or
imputed (INFO score > 0.4 (Zheng et al., 2015) to the Haplotype Refer-
ence Consortium reference panel and the UK10K Consortium reference
panel. Individuals of European ancestry were identified using four-means
clustering on the first two genomic principal components available from
UK Biobank. Single nucleotide polymorphisms (SNPs) were included in
the analyses if they were common (minor allele frequency > 0.01), had
low missingness (< 0.02), and a nonsignificant Hardy-Weinberg equilib-
rium test result (p > 1 x 10~8). Individuals were unrelated (more distant
than third-degree relatives; KING < 0.044 as reported by UK Biobank),
had low SNP missingness (< 0.02) and concordant chromosomal and
phenotypic sex. SNPs were further filtered to INFO > 0.9 for analyses
conducted with linkage disequilibrium score regression (LDSC; Bulik-
Sullivan et al., 2015) and PRSice-2 (Choi & O'Reilly, 2019).

24 | Statistical analysis

2.5 | Genome-wide association

A genome-wide association study (GWAS) was performed for Medica-
tion Status in the full sample and in the Medication Only subset, as

well as for the Lifetime Internalizing phenotype, using BGENIE soft-
ware (version 1.2; Bycroft et al., 2018). GWAS were a necessary step
to perform the main investigation of genetic overlap between self-
reported medication data and other anxiety and depression pheno-
types; see Data S4 and Figures S1 and S2 for GWAS details and
results.

To determine how self-reported medication data compared to
existing definitions of anxiety and depression, we selected two publi-
shed genetic studies in addition to the UK Biobank Lifetime Internaliz-
ing phenotype. These were a lifetime anxiety GWAS (Purves
et al,, 2020) (“UKB-anxiety”) and the Psychiatric Genomics Consor-
tium's second major depressive disorder GWAS (Wray et al., 2018)
(“PGC-depression™); see Table 1 for details. Of note, the medication
phenotypes had been created in UK Biobank participants who did not
complete the MHQ. UKB-anxiety and Lifetime Internalizing pheno-
types were derived exclusively from MHQ responders, and we
selected summary statistics from a GWAS of the PGC-depression data
which excluded the UK Biobank sample. As such, known sample over-
lap was eliminated.

2.6 | Heritability and genetic correlations

The proportion of phenotypic variance explained by common genetic
variants, defined as SNP-based heritability, was estimated using LDSC
(Bulik-Sullivan, Loh, et al., 2015) of the GWAS summary statistics. For
conversion to the liability scale, we assumed that the sample preva-
lence represented the true population prevalence, with calculations
using £10% of this value also performed.

We estimated genetic correlations using LDSC (Bulik-Sullivan
et al., 2015; Bulik-Sullivan, Loh, et al., 2015). These were calculated
between our medication phenotypes with each of UKB-anxiety
(Purves et al., 2020), PGC-depression (Wray et al., 2018), and the Life-
time Internalizing phenotype. We used block jackknifing to determine
if the correlations between Medication Status and the three compari-
son phenotypes were significantly different to those estimated with
Medication Only. This method divides the summary statistics into a
number of blocks (default in LDSC is 200) of contiguous SNPs and
performs multiple estimations of the genetic correlation, omitting one
block at a time. This provides SEs with which to determine statistically
significant differences between pairs of genetic correlations.

2.7 | Polygenic scores

Genetic overlap between self-reported medication use and previously
defined anxiety and depression was also assessed via polygenic scor-
ing. GWAS summary statistics from UKB-anxiety (Purves et al., 2020),
PGC-depression (Wray et al., 2018), and Lifetime Internalizing were
used to compute polygenic scores for each participant in our sample.
An individual's polygenic score is the sum of trait-associated variants
they carry, weighted by the GWAS effect size. Polygenic scores were
calculated across a range of p-value thresholds, with increasingly
lenient thresholds capturing a greater number of the variants that
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Summary statistics from genome-wide association studies (GWAS) selected for comparison with self-reported current

antidepressant or anxiolytic medication use in the UK Biobank (European ancestry, excluding Mental Health Questionnaire (MHQ) responders)

GWAS Sample
UKB-anxiety (Purves UK Biobank MHQ
et al., 2020) responders
PGC-depression (Wray Meta-analysis, excluding
etal., 2018) UK Biobank
Lifetime Internalizing UK Biobank MHQ

responders
in the present study

N cases

25,453

116,404

32,160

N

controls Phenotyping methods

58,113 Lifetime anxiety symptom-based questionnaire
Self-report of anxiety diagnosis from a clinician

314,990 Various, including:
Structured diagnostic interviews
Self-report of depression diagnosis from a clinician
Depression symptom-based questionnaire
Depression diagnoses in medical records

91,732 Lifetime anxiety and depression symptom-based

questionnaires

Note: To eliminate known overlap between the analytical sample and the comparison GWAS, MHQ responders were excluded from the medication
phenotypes, and we selected summary statistics from a GWAS of PGC-depression which did not include UK Biobank data.

were tested in the GWAS. For each of the three trait polygenic scores,
logistic regressions were performed with Medication Status and with
Medication Only. Age, sex, genotyping batch, assessment center, and
the first six genetic principal components were included as covariates.
We previously determined that this number of principal components,
alongside assessment center, is sufficient to control for the majority
of genome-wide inflation associated with geographic location in UK
Biobank. The optimum p-value threshold was defined as the one
where the proportion of variance (Nagelkerke's R?) explained in the
medication phenotype was highest, as this is likely to represent the
maximal amount of true variance explained (in addition to noise).
Nagelkerke's R? is subject to bias when the sample prevalence does
not reflect the population prevalence and therefore the variance
explained was converted to the liability scale using a range of preva-
lence values (Lee, Goddard, Wray, & Visscher, 2012). To gain an
empirical p-value, 10,000 permutations were performed. Polygenic
score analyses were performed in PRSice version 2.3.1 (Choi &
O'Reilly, 2019).

2.8 | Sensitivity analyses

The Medication Status and Medication Only GWAS and subsequent
analyses were repeated excluding individuals with evidence of physi-
cal conditions, such as epilepsy and chronic pain, for which antide-
pressants or anxiolytics are commonly prescribed (see Data S3 and
Table S3 for further details).

2.9 | Ethics

UK Biobank has Research Ethics Committee approval (11/NW/0382)
and Research Tissue Bank approval. Participants provided written
informed consent which included permission to access their medical
records. The current study was performed under UK Biobank applica-
tion 18177.

3 | RESULTS

3.1 | Sample and phenotype distribution
The genetic quality-control criteria resulted in a sample of 385,645
UK Biobank participants of European ancestry. Of these, 283,662
individuals supplied the name of any medication in response to the
Medication Status verbal interview item. After excluding participants
who completed the MHQ (n = 89,801) and who reported taking anti-
psychotic or mood stabilizer medication (n = 2,684), 191,177 partici-
pants remained for analysis. Of the 22,218 Medication Status cases,
20,399 (92%) reported taking an antidepressant and 3,047 (14%)
reported taking an anxiolytic, with 1,228 (6%) reporting taking both.
This left 168,959 controls who had responded to the medication
interview item but had not named an antidepressant, anxiolytic, anti-
psychotic, or mood stabilizer. Following exclusion of individuals who
met case criteria for any other indicator of mental health status, there
were 2,643 Medication Only cases and 107,029 controls. Of the Med-
ication Only cases, 2,083 (79%) reported taking an antidepressant
drug, 618 (23%), an anxiolytic, and 58 (2%) reported taking both.

The majority of Medication Status cases were female (68%), with
a mean age of 57 years (SD = 7.8), while 53% of controls were female,
and had a mean age of 58 years (SD = 8.0). Medication Only cases
were also predominantly female (67%), with a mean age of 60 years
(SD = 7.3), and 49% of controls were female, mean age 58 years
(SD = 8.0). Further descriptives about these groups and the Lifetime
Internalizing phenotype are available in Table S4. Details of the over-
lap between these groups and other mental health indicators in UK
Biobank are available in Tables S1 and S2.

3.2 | Genetic correlations

Results from genetic correlations are displayed in Figure 1. These
were performed for Medication Status and the Medication Only sub-
set with the comparison phenotypes; UKB-anxiety, PGC-depression,
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FIGURE 1  Genetic correlations between self-reported current
antidepressant or anxiolytic medication use in the UK Biobank
(European ancestry, excluding Mental Health Questionnaire (MHQ)
responders) and anxiety and depression phenotyped using existing
methods. Medication Status was defined using self-reported current
use of antidepressant or anxiolytic medication in individuals who did
not complete the MHQ (N = 191,177, cases = 22,218). Medication
Only were a subset who additionally did not meet case criteria for any
other indicators of mental health condition in UK Biobank

(N = 109,672, cases = 2,643). UKB-anxiety is the Purves et al. (2020)
study, which used data from the UK Biobank MHQ. PGC-depression
is Wray et al. (2018), an international meta-analysis, excluding the UK
Biobank sample. Lifetime Internalizing was created in the present
study using lifetime anxiety and depression symptom-based
questionnaires in UK Biobank MHQ responders. Standard errors are
represented by error bars. * Indicates significance at the Bonferroni-
adjusted significance level of 8.3 x 1072 used for the six independent
tests performed. Liability scale SNP-based h? assuming sample
prevalence equals population prevalence: Medication Status 0.074
(SE = 0.004), Medication Only 0.053 (SE = 0.010)

and Lifetime Internalizing. All genetic correlations for Medication Sta-
tus were significant, while for Medication Only the SEs were large;
only the correlation with PGC-depression was significant.

The block jackknifing revealed that the correlation between Med-
ication Status and UKB-anxiety significantly differed to the correlation
between Medication Only and UKB-anxiety (p = 2.0 x 107°), using a
Bonferroni-adjusted significance level of 0.016 for three tests. A sig-
nificant difference between the correlations was also found when
Lifetime Internalizing was the comparison phenotype (p = 0.012).
However, the difference between the genetic correlation for Medica-
tion Status and PGC-depression and the correlation for Medication
Only and PGC-depression was not significantly different from zero
(p = 0.071).

3.3 | Polygenic scores

The proportion of variance explained in the Medication Status and
Medication Only phenotypes by polygenic scores created from the
UKB-anxiety and PGC-depression studies, as well as the Lifetime
Internalizing phenotype, are displayed in Table 2. For both medication
use phenotypes, the PGC-depression polygenic score explained the
greatest proportion of variance. For bar plots showing the proportion

TABLE 2  Proportion of variance (Nagelkerke's R?) in self-reported
current antidepressant or anxiolytic medication use in the UK Biobank
(European ancestry, excluding Mental Health Questionnaire (MHQ)
responders) explained by polygenic scores of anxiety and depression

Discovery sample Medication status Medication only

UKB-anxiety (Purves 0.41% (p = 9.99 0.07% (p = 7.10
et al,, 2020, UK x 1072 pr = 1; x 107 pr
Biobank MHQ 200,935 SNPs) =0.1; 35,404
responders) SNPs)

PGC-depression 0.80% (p = 9.99 0.19% (p = 9.99
(Wray et al., 2018, x 1072 pr x 1072 pr
excluding UK =0.3; 49,513 = 0.05; 14,288
Biobank) SNPs) SNPs)

Lifetime Internalizing 0.33% (p = 9.99 0.09% (p = 2.30
(Lifetime symptom- x 1077 pr=1; x 107 pr
based 201,839 SNPs) =0.5; 129,634
questionnaires, UK SNPs)

Biobank MHQ
responders in the
present study)

Note: Proportion explained is presented on the liability scale, assuming
population prevalence is equal to sample prevalence. Medication Status
was defined using self-reported current use of antidepressant or anxiolytic
medication in individuals who did not complete the MHQ (to provide
independent discovery and target samples) (N = 191,177,

cases = 22,218). Medication Only were a subset who additionally did not
meet case criteria for any other indicators of mental health condition in
UK Biobank (N = 109,672, cases = 2,643). p = empirical p-value resulting
from 10,000 permutations.

Abbreviations: pr = p-value threshold at which Nagelkerke's R? was
highest; SNPs, single nucleotide polymorphisms.

3Significant at the Bonferroni-adjusted significance level of 8.3 x 102
used for the six independent tests performed.

of variance explained across each p-value threshold tested, see
Figure S3.

3.4 | Sensitivity analyses

The sensitivity analysis excluded individuals with evidence of physical
conditions that are commonly treated with antidepressants or anxio-
lytics. Of the Medication Status cases, 4% had evidence of one of
these physical conditions, and 3.5% of the Medication Only cases (see
Table S3 for sample size details). The sensitivity analysis for Medica-
tion Status and for Medication Only did not substantially change the
results for the genetic correlations or polygenic scores (see Data S5,
Figure S4, and Tables S5 and Sé6).

4 | DISCUSSION

41 | Overview

Using genetic correlations and polygenic score analysis, this study
demonstrated that self-reported, current antidepressant, and
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anxiolytic medication use can serve as an alternate phenotyping
method for anxiety or depression. A substantial proportion of the UK
Biobank European ancestry sample for genetic analysis had answered
the medication verbal interview item (73%) and therefore had data to
inform our Medication Status phenotype. We observed genetic over-
lap between Medication Status and anxiety and depression pheno-
types (UKB-anxiety, PGC-depression, and UK Biobank Lifetime
Internalizing) that were defined using other methods such as self-
report of a diagnosis, symptom-based questionnaires, and clinical
interviews.

The existence of multiple indicators of anxiety and depression in
the UK Biobank allowed us to further explore the utility of this alter-
nate phenotyping method for identifying anxiety and depression
cases. The majority of Medication Status cases were the same individ-
uals that would be identified if we had used other UK Biobank mea-
sures, such as reported treatment seeking or hospital codes. However,
we did identify approximately 10% of the Medication Status cases
who reported antidepressant or anxiolytic use but did not meet case
criteria for any of the other indicators of a mental health condition.
We named this subset “Medication Only.” This group appeared to be
more heterogeneous, demonstrating lower genetic overlap with the
comparison phenotypes.

4.2 | Genetic correlations

The SNP-based genetic correlations between Medication Status and
UKB-anxiety (Purves et al, 2020), PGC-depression (Wray
et al., 2018), and Lifetime Internalizing ranged between 0.60 and 0.73.
This indicates substantial common variant overlap between individuals
who reported taking antidepressant or anxiolytic medication and par-
ticipants who were identified using other indicators, such as
symptom-based questionnaires or clinical interviews.

The correlations were comparable to those from the PGC-
depression study, which reported a weighted mean genetic correlation
of 0.76 between the seven contributing cohorts (Wray et al., 2018),
and also to those reported for depression phenotypes from multiple
indicators in a previous UK Biobank study (0.85-0.87; Howard
et al.,, 2018). This is despite the potential presence of individuals with
a broader range of psychiatric disorders in the medication phenotype
than these depression studies. Antidepressant medication is used to
treat generalized anxiety disorder as well as fear disorders, such as
agoraphobia, but fear disorders are less genetically similar to depres-
sion than generalized anxiety disorder is (Mineka, Watson, &
Clark, 1998; Morneau-Vaillancourt et al., 2020). The inclusion of indi-
viduals with fear disorders could therefore result in lower genetic cor-
relations with the comparison depression phenotype, but also with
UKB-anxiety and Lifetime Internalizing, as the anxiety module of the
CIDI-SF questionnaire is most sensitive to generalized anxiety
disorder.

We performed analyses in the Medication Only subset to further
assess the utility and pitfalls of this approach to identifying cases. An
issue we encountered was that, while representing 10% of the

Genetics

Medication Status cases, the Medication Only case group was just
approximately 3,000 individuals, which meant that statistical power
was attenuated for genetic correlations. The genetic correlation with
PGC-depression in this subsample was lower than in the full analysis
sample and had a large SE (r; = 0.51 £ 0.16). The block jackknife anal-
ysis revealed that this correlation was not significantly different com-
pared to the Medication Status correlation with PGC-depression. The
Only genetic with  UKB-anxiety (rg
=0.13 £ 0.13) and with Lifetime Internalizing (ry = 0.19 + 0.17) were
not statistically significant. The block jackknife demonstrated that

Medication correlations

these correlations were significantly lower than the respective corre-
lations with the Medication Status phenotype. The significant correla-
tion with the depression phenotype but not anxiety and internalizing
phenotypes could be due to the design of the PGC-depression study,
which was a large meta-analysis of numerous cohorts. As such, it may
capture a more heterogeneous, negative affect phenotype, than the
UK Biobank MHQ derived anxiety and internalizing phenotypes. The
higher, significant, genetic correlation may also be explained by the
majority of the Medication Only sample taking medications for
depression (79% reported an antidepressant, 23% an anxiolytic). How-
ever, the use of antidepressants for anxiety disorders renders this
unknown. Due to the lack of power, we cannot be certain whether
Medication Only cases represent previously unidentified true cases,
or a group with noise introduced by heterogeneity due to individuals
taking medications for other reasons.

The results of the sensitivity analyses excluding physical condi-
tions known to be treated with antidepressants and anxiolytics were
largely the same, with fewer than 4% of cases removed from Medica-
tion Status and Medication Only phenotypes. However, it is likely that
some individuals' physical conditions were not recorded in the
dataset.

4.3 | Polygenic scores

To further explore the genetic overlap of our self-reported medication
use phenotypes with the other definitions of anxiety and depression,
particularly in the Medication Only subset, we tested for polygenic
associations. Polygenic scores created from the UKB-anxiety, PGC-
depression, and Lifetime Internalizing GWAS significantly explained
0.33-0.80% of variance (Nagelkerke's R?) in Medication Status in the
full sample and 0.07-0.19% of variance (Nagelkerke's R?) in the Medi-
cation Only subset.

Polygenic scores rarely account for large proportions of variance
in psychiatric phenotypes. For example, with over 115,000 cases, the
PGC-depression study reported that 1.9% of the variance in case sta-
tus was explained by the polygenic score out-of-sample (Wray
et al., 2018), and the UKB-anxiety polygenic score explained 0.5% of
the variance using a within-sample leave-one-out approach (Purves
et al., 2020). Our results therefore provide further evidence that to
some extent Medication Status functioned as an alternate phenotype
for anxiety or depression case status, although evidence was stronger
for the latter. As well as previous reasons discussed, such as the
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potential presence of other anxiety subtypes in the medication phe-
notype, this may be because the discovery sample for the depression
polygenic score was larger and better powered than the anxiety dis-
covery GWAS. It is worth noting that polygenic scoring methods are
constantly advancing. As such, if researchers were to use this
phenotyping approach in a predictive polygenic score analysis they
might see predictive gains, in comparison to what we have reported
here, by using alternative methods (Pain et al., 2021).

44 | Limitations

There are several limitations to the current study. Primarily, the verbal
interview question from which the medication phenotypes were cre-
ated was self-reported and included only current medication being
taken. Medication Status cases and controls were defined solely using
this item, and as such individuals with historical use of medications for
anxiety or depression are likely to be included as controls, reducing
the power of the GWAS. Furthermore, only a fraction of those with
mental health conditions seek and receive treatment (McManus,
Bebbington, Jenkins, & Brugha, 2016; Rayner et al., 2020) and other,
nonpharmacological treatments are available. Similar to other
methods of phenotyping mental health conditions, perceived stigma
could also impact the reliability of this self-report data, assuming that
the individual is aware that their medication is primarily prescribed for
anxiety or depression. Recall bias is an additional concern, although
somewhat mitigated as only current prescriptions were requested.
However, these issues appear to be more relevant for some medica-
tions than others; self-report of antidepressants shows high agree-
ment with medical records, whereas for mood stabilizers agreement is
poor to moderate (Gnjidic, Du, Pearson, Hilmer, & Banks, 2017;
Hafferty et al., 2018).

A further limitation is that the dataset did not contain data on the
reason for prescription, or consistent information on duration or dos-
age with which to infer it, which would have enabled refinement of
the sample (Wigmore et al., 2019). As mentioned previously, noise in
the medication phenotype may have been introduced by including
individuals who were prescribed medication for reasons other than
anxiety or depression. This could result in the identification of non-
specific genetic variants in addition to variants associated with inter-
nalizing disorders, consistent with criticisms of the broad phenotyping
approach (Cai et al., 2020). However, it is worth noting that high
genetic correlations are often not observed even between samples
that have similarly been assessed by a clinician using a DSM-based
interview or checklist (Cross-Disorder Group of the Psychiatric Geno-
mics Consortium et al., 2013).

UK Biobank participants significantly differ from the general pop-
ulation with regard to both socioeconomic status and long-term ill-
nesses (Davis et al., 2020). The majority (85%) of UK Biobank
participants were from urban areas (Fry et al., 2017) and geographical
differences in prescription rates, due to factors such as the availability
of psychological therapies, may have further impacted the utility of

our phenotyping method. However, it has been illustrated that com-
mon mental health conditions in UK Biobank are reported at a similar
prevalence as national surveys, suggesting that studies focusing on
mental health have some generalizability (Davis et al., 2020).

4.5 | Future directions and conclusion

These findings suggest that self-reported current use of antidepres-
sant and anxiolytic medications can offer a reasonable alternate
approach to identifying clinical cases of anxiety and depression, where
more detailed measures, such as diagnoses or questionnaires, are not
available. However, the lower variance explained by the Medication
Only group suggests that when other measures of anxiety or depres-
sion are present in a dataset, they should be preferentially used. The
gain in sample size from using this additional information will not con-
tribute a substantial amount of signal to analyses.

It is likely that prescription data from medical records will better
approximate clinically diagnostic measures of anxiety and depression.
As medical record linkage has recently become available in the UK
Biobank cohort, this presents a future avenue of investigation. With
increasing electronic health record data analysis, the use of medica-
tion data as an additional or alternate anxiety or depression pheno-
type could lead to unparalleled sample sizes. In conclusion, this study
provides evidence that phenotyping anxiety and depression using
medication data may be a useful and pragmatic approach when
higher-quality diagnostic information is unavailable.
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This chapter is a manuscript that will be submitted for peer-review following approval from
co-authors. Supplementary materials for this chapter, as detailed in the text, are included

in Appendix B.
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3.1 Abstract

Impairment in the ability to perform one’s roles and engage in activities such as work and
socialising is a diagnostic criterion of major depressive disorder (MDD) and most anxiety
disorders. Evidence suggests that symptom severity and functional impairment are
partially distinct, however, functional impairment is often overlooked in treatment studies.
Symptoms of depression and anxiety are heritable and share much of the same genetic risk
but their genetic relationship with functional impairment is unknown. In a sample of 17,130
participants with lifetime depression or anxiety from the Genetic Links to Anxiety and
Depression (GLAD) Study we analysed total scores from the Patient Health Questionnaire
9 (PHQ9; depression symptoms), Generalized Anxiety Disorder 7 (GAD7; anxiety
symptoms) and Work and Social Adjustment Scale (WSAS; functional impairment). A
genome-wide association study of each phenotype was performed with REGENIE software.
Heritability was estimated with GCTA-GREML and genetic correlations calculated with
bivariate-GREML. Phenotypic correlations were moderate (Pearson’s r across traits = 0.50
- 0.69). No significant genetic variants were identified. Heritability estimates were
significant (SNP h? = 0.11 - 0.19) and genetic correlations were high between all three
measures (rg = 0.77 - 0.87). Our results suggest that, within individuals with lifetime
depression or anxiety, the genetic variants that underlie symptom severity are largely the
same as those influencing functional impairment. This suggests that symptom scales can
sufficiently capture genetic influences on MDD and anxiety disorders, which primarily differ

from symptom severity by incorporating functional impairment.
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3.2 Background

Major depressive disorder (MDD) and anxiety disorders are characterised by the presence
of symptoms such as sadness, worry and fear that cause clinically significant distress or
impairment in important areas of functioning. Functional impairment is a key consideration
when determining diagnostic status (American Psychiatric Association, 2013) and therefore
differentiates normal symptom variation from disorder levels. Furthermore, patients rate
a return to normal functioning as a very important treatment outcome (Zimmerman et al.,
2006). Despite this, it has been widely overlooked in both treatment trials and routine
treatment outcome monitoring (Kamenov et al., 2015). Instead, remission and recovery
are often defined using only symptom measures. An individual experiencing no symptoms
of depression or anxiety will, by extension, not experience functional impairment due to
symptoms. However, the relationship in the presence of symptoms is not perfectly
correlated, such that individuals with the same level of symptom severity can experience
different levels of functional impairment (Brenes, 2007; Denninger et al., 2011; Jha et al.,
2019; Rapaport et al., 2005; Zimmerman et al., 2008). There is also evidence of
asynchronous change, with some patients experiencing persistent impairment following
symptomatic remission (Howard et al., 1986; IsHak et al., 2016; Sacchetti et al., 2015; Saris
et al., 2017). This highlights the importance of assessing functional impairment alongside

symptoms for an accurate reflection of patient wellbeing and treatment efficacy.

MDD and anxiety disorders result from the complex effects of both genetic and
environmental factors. They show moderate heritability (Hettema et al., 2001; Sullivan et
al., 2000), which is explained by many genetic variants each with a very small effect size
(Purves et al., 2020; Wray et al., 2018). Genetic overlap between traits can be determined
by estimating a genetic correlation (ry) which ranges between -1 and 1. The high degree of
genetic overlap between MDD and anxiety disorders is well-established, and most of the
genetic associations are shared across these aetiologies (approximate ry 0.8 - 1; Kendler et
al., 1992; Purves et al., 2020; Roy et al., 1995; Thorp et al., 2021). The genetics of functional
impairment have scarcely been researched (McGrath et al., 2013; Ordonana et al., 2013)
but there are indications of a moderate heritable component from twin studies (Rijsdijk et

al., 2003; Romeis et al., 2005). Furthermore, a twin study of MDD and associated functional
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impairment concluded substantial but incomplete genetic overlap (Foley et al., 2003).
However, thus far, genomic data has not been used to explore the genetic overlap between

current depression and anxiety symptom severity, and functional impairment.

In this study, we analysed total scores of current depression symptoms (Patient Health
Questionnaire 9-item version (PHQ); Kroenke et al., 2001), anxiety symptoms (Generalized
Anxiety Disorder 7-item Scale (GAD7); Spitzer et al., 2006) and functional impairment
(Work and Social Adjustment Scale (WSAS); Marks, 1986). These measures are widely used
within research and clinical settings, including routine outcome monitoring in the National
Health Service (NHS) England Improving Access to Psychological Treatment (IAPT) services
(described in the introduction, section 1.8). A study in a sample of patients receiving IAPT
treatment for symptoms of depression or anxiety found moderate phenotypic correlations
between the WSAS and both the PHQ9 (0.58) and GAD7 (0.43) (Zahra et al., 2014). This
aligns with the wider literature showing significant but incomplete phenotypic overlap of
symptom severity and functional impairment. Further evidence comes from the original
validation studies of the PHQ9 and GAD7, which were primarily conducted in primary care
samples (Kroenke et al., 2001; Spitzer et al., 2006) . To assess the construct validity of total
scores, an extra item was added to measure functional impairment: “If you checked off any
problems ... how difficult have these ... made it for you to do your work, take care of things
at home, or get along with other people?”. Self-reported disability days were recorded for
the same purpose. Correlations with each of these two items (i.e., impairment and
disability days) were 0.55 and 0.39 for the PHQ9 score and 0.63 and 0.27 for the GAD7
score. Overall, estimates from the existing literature indicate moderate phenotypic
associations between measures of functional impairment and both the PHQ9 and GAD7,
but these are weaker when a more objective measure of impairment is used. In practice,
the PHQ9 and GAD?7 are used as the nine- and seven-item symptom scales, such as in IAPT

services, where they are the primary treatment outcome measures.

Similarity between phenotypic and genetic correlations has been reported for both
depression and anxiety symptoms (Waszczuk et al., 2014). If this pattern extended to their
relationship with functional impairment, it would indicate both a shared genetic factor as

well as symptom-specific and impairment-specific genetic influences, reflecting a
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moderate phenotypic association. High genetic correlations would be consistent with
overlap between quantitative symptom score and diagnostic case-control phenotypes that
incorporate impairment (e.g., ry = 1 (SE = 0.2) for depression phenotypes; Direk et al.
(2017); also see Purves et al. (2020)). However, incomplete overlap could align with, and
help to explain, reported genetic variation specific to diagnoses (Cai et al., 2020; Kendler
et al., 2018). Genetic factors associated with impairment may capture something beyond
genetic influences on symptoms which is relevant to a full diagnostic presentation. An
estimate of genetic overlap between symptom severity and functional impairment would
therefore indicate whether there is value in supplementing symptom scales with measures
of functional impairment in genetic studies. This would also inform whether existing
genetic information on symptom severity is sufficient for prediction models of disorder
prognosis, including treatment outcomes, or whether genetics on impairment are an
important addition. If genetic overlap is high, this would lend support to the existing
evidence that symptom scales sufficiently capture genetic effects on MDD and anxiety
disorders. The practical advantages here are that symptom scales provide a ‘brief
phenotyping’ instrument for detecting genetic effects on disorders, enabling vast increases

in sample size, which are difficult to obtain via clinician derived diagnostic instruments.

In this study, we aimed to investigate the genetic influences on quantitative phenotypes of
depression symptoms, anxiety symptoms and functional impairment, and the genetic
overlap between symptom severity and functional impairment. Analysis was performed in
a sample with lifetime experience of depression or anxiety. We expected that genetic
correlations between symptom severity and functional impairment would be significantly
different from zero, and moderate but incomplete, reflecting the phenotypic correlations

(0.4 - 0.7, based on previous literature).

3.3 Methods

3.3.1 Sample

The Genetic Links to Anxiety and Depression (GLAD) Study is an online study that recruits

individuals with lifetime experience of depression and/or anxiety, primarily from the
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general population (Davies et al., 2019). Participants provide genetic data via a postal saliva
sample and are required to meet case criteria on diagnostic questionnaires or self-report a
diagnosis by a medical professional (hence the use of the broad terms ‘depression’ and
‘anxiety’). Our analysis was limited to those with phenotypic data for at least one outcome
of interest, covariate information and genotype data that passed quality control (N =
17,130). Ethical approval for the GLAD Study was granted by the London-Fulham Research
Ethics Committee (REC reference: 18/L0/1218).

3.3.2 Phenotype measures

The analysis was centred around three phenotypes. Depression symptoms were assessed
using the PHQ9. The PHQ9 measures the recent frequency of nine depression symptoms
using the stem question, “Over the last two weeks, how often have you been bothered by
any of the following problems?”. Each item has a four-point response scale from ‘not at all’
(scored 0) to ‘nearly every day’ (scored 3). The summed scores indicate severity from 0 to
27. The PHQ9 has good internal (a = 0.89) and test-retest (0.84) reliability (Kroenke et al.,
2001).

Anxiety symptoms were measured by the GAD7, which has a very similar format to the
PHQQ. It has the same overarching question regarding frequency of recent problems, and
the seven items are answered using the four-point scale, yielding total scores from 0 to 21.
Internal consistency (a = 0.92) and test-retest reliability (0.83) are good (Spitzer et al.,

2006).

The WSAS assesses the impact of symptoms on functional impairment in five life domains:
ability to work, home management, social leisure activities, private leisure activities and
ability to form and maintain close relationships. Each item is worded as, “because of my
problem, my <domain> is impaired”. A nine-point response scale of no (scored 0) to severe
(scored 8) impairment gives total scores from 0 to 40. Previous analyses of patients with
depression or anxiety have shown that the WSAS captures a single factor, has good test-
retest reliability (0.73) and at least acceptable internal consistency (a = 0.72 - 0.94) (Mataix-

Cols et al., 2005; Mundt et al., 2002). One limitation is that the work item is aimed at
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individuals in employment and is otherwise answered ‘not applicable’, resulting in missing
data. Some (e.g., NHS Digital) have approached this by imputation using the mean of the
individual’s four non-missing WSAS items. This can create bias and spurious positive results
if the data are missing not at random (missingness is related to the true value; Little &
Rubin, 2002). We explored phenotypic and genetic relationships between the total scores
from four WSAS items (without the work item) and all five items, as well as the four-item
total and the work item. Subsequently, we present results from an individual mean

imputed WSAS score, with complete case results in the supplementary.

3.3.3 Genotyping and quality control

Genotyping was performed by the National Institute for Health and Care Research
Cambridge Biomedical Research Centre on the Affymetrix UK Biobank Axiom Array. The
data from freeze 2.0 were used. Variants were imputed using the TOPMed reference panel
(version r2 on GRCh38) and filtered to quality (R?) > 0.3. Quality control exclusions were
individuals with missingness > 5%, non-European ancestry (due to low sample size) or signs
of contaminated data (unusual identity by descent or discordant sex statistics). Genetic
variant exclusions were missingness > 2%, minor allele frequency < 1% and Hardy-
Weinberg equilibrium p < 108, This resulted in 564,245 genotyped and 7,027,957 imputed

variants.

3.3.4 Statistical analyses

A genome-wide association study (GWAS) was performed with each phenotype using
REGENIE version 2.2.4 (Mbatchou et al., 2021). Covariates were age, age squared, sex, four
levels of genotyping batch, and the first 10 genetic principal components. Single nucleotide
polymorphism (SNP) heritability was estimated with genomic-relatedness- based restricted
maximum-likelihood in ‘genome-wide complex trait analysis’ software version 1.94 (GCTA-

GREML; Yang et al., 2011).

Genetic overlap between the three phenotypes was calculated using genetic correlations

in bivariate-GREML (S. H. Lee et al., 2012). These methods use individual-level data on
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common SNPs identifiable from the genetic array to produce a genomic relatedness matrix.
One of each pair of participants exceeding a relatedness threshold of 0.05 was removed
(373 individuals). As well as the default test of whether the genetic correlation significantly
differed from 0, we tested whether each genetic correlation of symptoms and functional
impairment differed from 1. Furthermore, we estimated the bivariate SNP-heritability,
performing calculations and simulating standard errors as per Morris et al. (2020). Bivariate
heritability represents the proportion of the phenotypic correlation attributable to genetic
overlap (de Vries et al., 2021; Morris et al., 2020). For example, a weak genetic correlation
and high bivariate heritability would indicate that although the genetics of each phenotype
are more trait-specific than shared, the genetic influences they have in common underlie

much of the observed phenotypic overlap.

We also calculated genetic correlations with summary statistics from five a-priori selected
phenotypes using linkage-disequilibrium score regression (LDSC, version 1.0.1; Bulik-
Sullivan, Finucane, et al., 2015; Bulik-Sullivan, Loh, et al., 2015). First, we selected three
case-control phenotypes of mental health diagnoses: MDD (Wray et al., 2018), anxiety
disorders (Purves et al., 2020), and schizophrenia (Pardifias et al., 2018). These would help
us to determine the pattern of genetic relationships between each of symptom severity
and functional impairment with depression and anxiety phenotypes from samples
incorporating diagnostic measures that account for impairment. It would also reveal
whether impairment attributed to depression and anxiety symptoms (WSAS) is associated
with a diagnostically distinct disorder (schizophrenia). Second, two quantitative traits were
chosen: years of education (J. J. Lee et al., 2018) and self-rated health (Harris et al., 2017).
Education reflects socioeconomic status as well as cognitive ability, which each might have
genetic associations with functional impairment. Self-rated health is associated with both
mental and physical health outcomes and might therefore capture a somewhat different
but nonetheless relevant phenotype to functional impairment. See Supplementary Table 1
for further details of these studies. To correct for multiple testing, a Bonferroni adjustment
was applied to the significance threshold (p < 0.01 for five tests). Data preparation and

visualisation were performed in R version 4.1.2 (R Core Team, 2021).

77


https://paperpile.com/c/9US8Iu/29If
https://paperpile.com/c/9US8Iu/gmdm+29If
https://paperpile.com/c/9US8Iu/mBSZ+mJDD
https://paperpile.com/c/9US8Iu/mBSZ+mJDD
https://paperpile.com/c/9US8Iu/QHtX
https://paperpile.com/c/9US8Iu/GQi1
https://paperpile.com/c/9US8Iu/j1tS
https://paperpile.com/c/9US8Iu/Mtag
https://paperpile.com/c/9US8Iu/nX5G
https://paperpile.com/c/9US8Iu/azEj

3.4 Results

3.4.1 Sample characteristics

Sample characteristics (N = 17,130) are presented in Supplementary Table 2 and
Supplementary Figure 1. Briefly, participants were aged between 16 and 93 years (mean
39.5, SD = 14.6) and 78% were female. On average, participants had moderate current
depression symptoms (mean PHQ9 11.2 (SD = 6.9); Kroenke et al., 2001), mild anxiety
symptoms (mean GAD7 8.9 (SD = 5.9); Spitzer et al., 2006) and moderate functional
impairment (mean WSAS 17.2 (SD = 9.2); Mataix-Cols et al., 2005; Mundt et al., 2002).
Phenotypic and genetic explorations of the WSAS with and without the work item showed

similar results (Supplementary Information 1).

3.4.2 Heritability estimates

No significant variants were identified in the GWAS of any of the three traits (at p < 5x10%;
see Supplementary Figure 2). SNP heritability estimates were significant (p < 0.05) for
depression symptoms (0.19, SE = 0.04, p = 6x107), anxiety symptoms (0.17, SE = 0.03, p =
2x107) and functional impairment (0.11, SE = 0.03, p = 2x10%).

3.4.3 Phenotypic and genetic overlap between traits

Phenotypic and genetic correlations between depression symptoms, anxiety symptoms
and functional impairment are presented in Figure 1 (also Supplementary Tables 3 and 4).
Phenotypic correlations between traits were moderate (Pearson’s r range: 0.50 - 0.69), and
genetic overlap was consistently higher (ry range: 0.77 - 0.87). Phenotypic correlations
were highest between depression and anxiety symptoms and lowest between anxiety
symptoms and functional impairment. The same pattern was observed in the genetic
correlations. The genetic correlations of functional impairment with depression symptoms
and with anxiety symptoms were both significantly different from 1 (p = 0.01 and = 7x1073,
respectively). Using LDSC to estimate heritabilities and genetic correlations produced

similar results (Supplementary Information 2).
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The proportion of phenotypic correlation due to shared genetics (bivariate SNP-
heritability) between functional impairment and depression and anxiety symptoms,
respectively, was 0.24 (SE =0.04) and 0.26 (SE = 0.05). The high genetic correlations suggest
that the majority of variants involved in symptom severity and functional impairment are
the same, and the bivariate heritability indicates that this genetic overlap explains a quarter

of the phenotypic overlap between traits.
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Figure 1. Genetic and phenotypic correlations between depression symptoms, anxiety

symptoms and functional impairment in a sample from the GLAD Study (N = 17,130)

Error bars represent 95% confidence intervals. All estimates are significant
(p < 0.05). PHQ9 = depression symptoms score, GAD7 = anxiety symptoms score, WSAS = functional
impairment score. Genetic correlations were estimated using GCTA bivariate-GREML and
phenotypic correlations using Pearson’s r. For ease of comparability, both sides of the correlations
are presented, therefore information is duplicated. For example, the PHQ9-WSAS genetic
correlation is presented both by the filled orange triangle above PHQ9 on the x-axis and the filled
pink square above WSAS.

3.4.4 Genetic correlations with existing phenotypes

LDSC estimates of genetic correlations between each of the measures and five existing
phenotypes are shown in Figure 2. All three phenotypes had non-zero estimates with MDD,
years of education and self-rated health, which remained significant after correcting for

multiple testing. Negative correlations with years of education and self-rated health
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indicated that, for example, genetic variants associated with higher PHQ9 scores were
associated with fewer years of education. No significant associations were found with

anxiety disorder or schizophrenia.
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Figure 2. Genetic correlations between the three traits analysed in a sample from the
GLAD Study (N = 17,130) and five existing phenotypes

Error bars represent 95% confidence intervals. * Significant at p < 0.01. PHQ9 = depression
symptoms score, GAD7 = anxiety symptoms score, WSAS = functional impairment score. MDD =
major depressive disorder (Wray et al., 2018 without 23andme or UKBiobank), anxiety disorder
(Purves et al., 2020), schizophrenia (Pardifias et al., 2018), years of education (J. J. Lee et al., 2018),
self-rated health (Harris et al., 2017). See Supplementary Table 1 for further details of these
phenotypes. Genetic correlations were estimated using LDSC.

3.5 Discussion

This study investigated the genetic influences on quantitative measures of depression
symptoms (PHQ9), anxiety symptoms (GAD7), and functional impairment (WSAS) in 17,130
individuals with lifetime depression or anxiety. Heritability estimates of these traits and the
genetic correlations between them were all significant and indicated substantial genetic

overlap between symptom severity and functional impairment.
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3.5.1 Heritability

SNP heritability estimates showed that the PHQ9, GAD7 and WSAS are under the influence
of common genetic variants, with 11-19% of the phenotypic variance in this sample
attributable to genetic factors. The estimates for symptoms were comparable to those
reported from SNP-based analyses of case-control MDD and anxiety disorder phenotypes
(e.g. 9% (SE < 0.01) (Wray et al., 2018) and 26% (SE = 0.01) (Purves et al., 2020),
respectively). The heritability of functional impairment was similar to that of symptoms, as

expected from existing twin-based estimates.

3.5.2 Phenotypic and genetic overlap between traits

Phenotypic correlations were consistent in size and pattern with previous estimates
(Kroenke et al., 2001; Spitzer et al., 2006; Zahra et al., 2014) and existing evidence that
symptom severity is not synonymous with functional impairment. The stronger phenotypic
correlations between functional impairment and depression symptoms than anxiety
symptoms might indicate that functioning is more impaired by symptoms of depression.
However, this could also arise if the PHQ9 items are more conceptually similar to WSAS
items. For example, ‘little interest or pleasure in doing things’ and ‘private and social leisure
activities’. Furthermore, although sleep difficulties, low energy and impaired concentration
symptoms feature in diagnostic criteria for both MDD and generalised anxiety disorder
(American Psychiatric Association, 2013), they only appear in the PHQ9, not the GAD7.
There is evidence that these symptoms are especially relevant to functional impairment
(Fried & Nesse, 2014), which could drive the higher correlation. Further work is required to
assess the structural relationship between these measures. One approach could be to use
network analysis to reveal item-level associations. A factor analysis of PHQ9 and GAD7
items in the GLAD Study identified four factors (Thompson et al., 2021); how these relate

to or change with the addition of WSAS items might reveal clinically useful presentations.

From a genetic perspective it appears that symptom severity and functional impairment
are highly similar. That is, many of the genetic variants that contribute to symptoms of
depression and anxiety also play a role in functional impairment. This genetic overlap was

found to underlie approximately a quarter of the phenotypic correlation. The high genetic
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overlap suggests that the majority of the genetic factors associated with functional
impairment, which is clinically relevant for diagnosis and treatment outcomes, will be
identifiable using symptom-based measures in genetic studies of depression or anxiety. For
genetic variant discovery using symptom scales or prediction models using information
from symptom based GWAS, it is therefore not crucial to supplement with information on
functional impairment. This is consistent with a UK Biobank study showing that utilising
additional components of a diagnostic questionnaire for depression, including a binary
item assessing functional impairment, had little impact on heritability or relevant genetic
correlations beyond the core symptoms (Jermy et al., 2021). The high genetic correlations
provide further support for the use of symptom scales as brief phenotypes for genetic
studies of MDD and anxiety disorders, which differ from symptom severity by the
incorporation of functional impairment. However, it is necessary to measure functional
impairment from a clinical perspective as it is highly important to patients and cannot be
inferred from symptom scales. Furthermore, there was evidence of modest unique genetic
variance to functional impairment, as shown by genetic correlations significantly different
from rg = 1. This requires further investigation. The genetic correlations were higher than
expected based on the phenotypic correlations but remain in line with the proposed

significant yet incomplete genetic overlap.

Genetic correlations with existing phenotypes revealed similar results for all three traits,
reflecting the high genetic overlap among them. The strongest were negative correlations
with years of education and self-rated health. This is consistent with previous reports for
case-control MDD and anxiety disorders (Harris et al., 2017; Purves et al., 2020; Wray et
al., 2018), although point estimates in the present analyses were stronger. Genetic
correlations with MDD were all significant and in the expected direction, although the
correlation with depression symptoms was much weaker than estimated in the existing
literature (ry = 1; Direk et al., 2017). Surprisingly, correlations with anxiety disorders and
schizophrenia were not significantly different from zero. The differences observed
between our analyses and the literature are likely due to selection bias, which is discussed

in the limitations section.
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3.5.3 Limitations

This is the first study to perform a genomic analysis of the relationship between depression
and anxiety symptoms and functional impairment. It is one of the only genetic studies of
functional impairment, a highly relevant clinical outcome. The measures employed are
widely used in clinical and research settings and have been validated in various cultures
and patient groups (e.g., Mughal et al., 2020). However, several limitations should be

highlighted when interpreting these results.

Our sample was restricted to individuals with lifetime depression and/or anxiety.
Depression and anxiety are common, complex disorders, influenced by both genetic and
environmental risk factors. Individuals with diagnoses therefore have different underlying
aetiologies, and not everyone will have a high genetic loading of risk variants. However,
this sample was likely overrepresented for individuals at the upper end of the genetic risk
distribution, which would have reduced relevant genetic variation overall. As such, the
observed relationships may be specific to clinical samples and not generalise at the
population level. It is likely that this selection bias underlies the weak and non-significant
genetic correlations observed with case-control phenotypes. On the other hand, scores for
symptoms and functional impairment were normally distributed, as opposed to frequently
observed zero-inflated estimates in population cohort studies. Arguably, investigating
overlap between symptom severity and functional impairment requires a clinical sample
who have non-zero levels of these traits, as it is only with symptoms that impairment
becomes relevant. The high genetic overlap between depression and anxiety symptom:s,
while not our focus, was consistent with existing findings from diagnostic case-control
phenotypes (Kendler et al., 1992; Purves et al., 2020; Roy et al., 1995) and an analysis of
the PHQ9 and GAD7 in a population-based sample (Thorp et al.,, 2021). This provides
tentative support for the generalisation of our findings regarding functional impairment to

the general population, but further work is required to confirm this.

A common limitation of GWAS is low statistical power to detect genetic associations after

Bonferroni correction. Analyses were thus underpowered for variant identification that

could have been used to further investigate genetic overlap. However, GLAD Study
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recruitment is ongoing so the sample size may increase. This will also hopefully lead to a
cohort that is more demographically representative of the general population. The sample
here was disproportionately female and highly educated and was restricted to European

ancestry due to few participants of other ancestries.

Finally, over 10% of the sample were missing for the WSAS work item. We handled this
using individual mean imputation and conducted complete case sensitivity analyses that
revealed similar results. As GLAD is a recontactable resource one option is to request ‘not
applicable’ respondents to repeat these measures, answering the work item in terms of
their main working role, for example, looking after the family. Additionally, we could direct
those too impaired to work to endorse severe impairment. As well as more complete data,
this would help to assess whether remaining missingness is random and therefore suitable
for imputation. Ideally, we would have a measure without gated questions. Objective
measures of impairment might also reveal more about the relationship with symptomes,
given lower phenotypic correlations reported with these in the PHQ9 and GAD7 validation

papers (Kroenke et al., 2001; Spitzer et al., 2006).

3.5.4 Future directions

As statistical power for GWAS increases through larger sample sizes as well as detailed
phenotyping, the question of genetic overlap between symptoms and impairment should
be revisited. Investigations within the general population are required to determine the
generalisability of our results. Explorations of symptoms and functional impairment in
other mental health disorders might also be illuminating. Impairment has been proposed
as a transdiagnostic phenotype that could be used to maximise sample sizes across
disorders (McGrath et al., 2013) and perhaps plays a role in the common genetic factor
underlying all mental health disorders (Caspi et al., 2014). Functional impairment may
therefore offer an additional method of brief phenotyping when other information,
including symptom severity, is unavailable. Furthermore, to ensure that findings are
applicable across the patient population, there may be value in exploring group differences
in the phenotypic and genetic relationships of these measures. Sex differences are

reported phenotypically for depression and anxiety symptoms as well as impairment
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(Romeis et al., 2005; Thandi et al., 2017; Thompson et al., 2021; Ulbricht et al., 2016), and

also genetically for depression (Kendler, 2001).

Finally, genetic correlations can result from multiple mechanisms. A variant can influence
both traits, or one trait which then drives the other (van Rheenen et al., 2019), and
correlations can arise from genetically similar subgroups. Further work could elucidate the
mechanisms at play here, using tools such as BUHMBOX (Han et al., 2016), mtCOJO (Zhu et
al.,, 2018) and Mendelian Randomisation (Davey Smith & Hemani, 2014). For example,
conditional analyses could reveal whether there are variants specific to functional
impairment, independent of symptom severity, as they have for depression and anxiety

themselves (Levey et al., 2020; Grotzinger et al., 2022).

3.5.6 Conclusion

Functional impairment is often overlooked in treatment studies despite only moderate
phenotypic overlap with symptom severity. We found high but incomplete genetic overlap
with symptoms, indicating that the genetic variants associated with functional impairment
will be largely captured by using symptom severity measures. This supports the notion that
brief measures of symptom severity, which differ from diagnoses by lacking assessment of
impairment, are likely to continue to be useful measures in genetic studies of depression
and anxiety. Genetic information about symptom severity may also be sufficient for

prognostic prediction models.
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Chapter 4. Trajectories of depression and anxiety symptom
severity during psychological therapy for common mental health

problems

A version of this chapter is available as a preprint on the PsyArXiv server. It is currently
undergoing peer-review at Psychological Medicine following an invitation to revise and
resubmit. Supplementary materials for this chapter, as detailed in the text, are included in

Appendix C.
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4.1 Abstract

Background: There is substantial variation in patient symptoms following psychological
therapy for depression and anxiety. However, reliance on endpoint outcomes ignores
additional interindividual variation during therapy. Knowing a patient’s likely symptom
trajectories could guide clinical decisions. We aimed to identify latent classes of patients
with similar symptom trajectories over the course of psychological therapy and explore
associations between baseline variables and trajectory class.

Methods: Patients received high-intensity psychological treatment for common mental
health problems at NHS Improving Access to Psychological Therapies (IAPT) services in
South London (N = 16,258). To identify trajectories, we performed growth mixture
modelling of depression and anxiety symptoms over a baseline assessment and ten
treatment sessions. We then ran multinomial regressions to identify baseline variables
associated with trajectory class membership.

Results: Trajectories of depression and anxiety symptoms were highly similar and best
modelled by four classes. Three classes started with moderate-severe symptoms and
showed (1) no change, (2) gradual improvement, and (3) fast improvement. A final class (4)
showed initially mild symptoms and minimal improvement. Within the moderate-severe
baseline symptom classes, patients in the two showing improvement as opposed to no
change tended not to report a disability or prescribed medication and were in employment.
Patients showing fast improvement additionally reported lower baseline functional
impairment on average.

Conclusions: Multiple trajectory classes of depression and anxiety symptoms were
associated with baseline characteristics. Identifying the most likely trajectory for a patient
at the start of treatment could inform decisions about the suitability and continuation of

therapy, ultimately improving patient outcomes.
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4.2 Background

Routinely collected patient information can be used to explain some of the variability in
outcomes following psychological therapies for depression and anxiety (Delgadillo et al.,
2016; Goddard et al., 2015; Kessler et al., 2017; Saunders, Buckman, et al., 2020). Most
studies to date have focused on outcomes measured at the end of treatment, such as
remission or recovery. Although clinically informative, reliance on endpoint outcomes may
obscure interindividual differences in trajectories of symptoms occurring during treatment.
Subgroups of patients may follow distinct trajectories, such as initially slow responders who
nevertheless show clinically significant improvement by the end of treatment. Without a
good understanding of these trajectories, treatments might be ended or altered early

because patients, or their clinicians, consider the treatment unsuitable.

Person-centred structural equation modelling techniques can be used to reveal
unobserved subgroups (‘latent classes’) of individuals who exhibit similar longitudinal
trajectories. It is then possible to explore how baseline variables are associated with
trajectory class membership. Relevant variables could be inspected at the start of
treatment to identify a patient’s most likely pattern of symptoms throughout therapy, and
therefore inform patient and clinician expectations and decisions. Such information could
also help to monitor whether patients are doing less well than expected and thereby

increase positive outcomes (de Jong et al., 2021; Delgadillo et al., 2021; Lambert, 2007).

Studies that have employed these methods with psychological treatment data include
analyses of symptoms of depression (Lutz, Stulz & Koéck, 2009) and panic disorder (Lutz et
al., 2014). As described in the introduction (section 1.11.1), these have reported between
three and five trajectory classes, but have been limited in terms of statistical power (Ns <
350) as well as investigations of associations with baseline variables. Moreover, most

existing studies have focused on change patterns during only the initial few sessions.
One study investigated symptom trajectory classes with a larger sample of patients (N =

4,394) from two North London National Health Service (NHS) Improving Access to

Psychological Therapies (IAPT) services (Saunders et al.,, 2019). As part of the NHS in
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England, the IAPT services provide psychological therapy for adults experiencing common
mental health problems, primarily, depression and anxiety (described in the introduction,
section 1.8). A stepped care framework is followed, offering evidence based low- and high-
intensity treatments that primarily differ in terms of therapist involvement and number of
sessions. The North London study analysed data from patients who received high-intensity
therapy between 2008 and 2013 (Saunders et al., 2019). Four classes of depression
symptom trajectories were identified, and five classes of anxiety symptom trajectories.
Compared with trajectory classes showing improvement, classes with initially moderate-
severe symptoms and limited change over time were associated with higher baseline levels
of functional impairment, depression, anxiety, and phobia symptoms. No associations were
found with age, gender, ethnicity, or reporting prescribed psychotropic medication. In the
present study, we extended these findings in a larger and more ethnically diverse sample
of IAPT patients and considered additional baseline variables to test for association. We
also used more recent data which is likely of higher quality due to improvements in the
recording of information in IAPT (Community and Mental Health Team, 2014; Saunders,

Cape, et al., 2020).

4.3 Methods

4.3.1 Sample

The sample came from anonymised patient treatment records of routinely collected data
from the four IAPT services of the South London and Maudsley (SLaM) NHS Foundation
Trust. Using the Clinical Record Interactive Search (Stewart et al., 2009), we extracted
treatment records of patients who had received psychological therapy for symptoms of
depression or anxiety. Patients had started and ended treatment between July 2014 and
September 2020, irrespective of the reason for ending. From the extracted records of
115,304 patients, we identified a high-intensity treatment sample of 16,258 patients and
110,773 sessions suitable for analysis (see Figure 1 and Supplementary Information 1). IAPT
high-intensity therapies are formal psychological treatments consistent with National
Institute for Health and Care Excellence guidelines (NICE, 2011), including disorder-specific

cognitive-behavioural therapy (CBT; Roth & Pilling, 2008) and counselling for depression
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Starting Counts
Patients Sessions

115,304 587,120 . "
g3 > Reason for treatment end missing or “Not

Suitable (for IAPT)”

Eligible treatment end reason

111,520 581,727
Under 16 years of age < iy
Eligible age
111,510 581,710
iy » Session purpose missing or “Admin” !
Eligible session purpose
111,240 572,911
First session removed if first to second session i 2

interval exceeds 30 days, creating new baseline 2

Eligible 1%t to 2" session interval
111,240 542,047
T > Unless first or final session, purpose “Triage”,
“Review Only” or “Assessment”

Session purpose ‘treatment*’
111,240 525,824

Unless first or final session, intervention missing P iy

or “Non-Intervention” or “Employment”

Intervention data present

111,240 522,451 Session(s) for the same patient ID and date:
19 » remove duplicates with no outcome scores or no
change in scores, or create mean scores across

No duplicate session dates

111,237 520,354
Sessions occurring less than 3 days apart; handled
the same as duplicates U
Eligible minimum session interval
111,237 516,168
T Sessions occurring after an interval exceeding 30
days 3
Eligible maximum session interval
Did not have: at least 3 sessions, with minimum 2 111,237 361,851
high intensity intervention, and maximum 2 not
high intensity if 1 was the first session, otherwise Y
maximum 1 not high intensity * Received high-intensity sessions
16,258 119,039
iy » Sessions occurring after 11t" session *

Maximum 11 sessions
16,258 110,773

Figure 1. Flowchart detailing the exclusions applied to retain patient data suitable for

analysis

1 Record of administrative activities; not treatment or assessment sessions with outcomes. ? The first
session in IAPT is often assessment or triage, with treatment beginning formally at the second
session. If the first to second session interval exceeded 30 days, the second session was used as the
baseline. This was not repeated, as therapy with additional long intervals between the ‘new’
baseline and second session was considered too disrupted for stable conclusions.®> Growth mixture
modelling assumes invariant time intervals across patients. High-intensity treatment is usually
weekly but the data’s naturalistic nature introduced substantial variance. To limit this, sessions after
a 30-day interval were excluded. Supplementary Table 2 presents session interval descriptives with
and without this filter. * Limited to high-intensity therapies due to differences in the average number
of sessions and level of structure between intensities. However, most IAPT patients receive at least
one low-intensity session due to a stepped care format, and the baseline assessment/triage session
may also be labelled low intensity. ° Including baseline assessment i.e., 10 treatment sessions.
Session number descriptives before and after are reported with Supplementary Table 1.
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(see the IAPT manual for details of therapy protocols and techniques; NCCMH, 2021). We
modelled up to 11 time points; a baseline assessment and 10 treatment sessions. This
ensured sufficient complete data across time points for the analysis and avoided modelling
more sessions than a substantial proportion of patients had data for (Supplementary Table
1), which could make optimal solutions invalid and unstable (Lutz et al., 2005). To
determine support for generalisability of the results, patients included in the analytical
sample were compared to excluded patients using suitable group difference tests. The
large sample size could result in statistical significance of negligible differences, therefore
we primarily considered effect sizes. To be representative of patients receiving treatment,

we did not exclude patients scoring below clinical thresholds on the symptom scales.

4.3.2 Measures

Outcomes were self-report questionnaires administered at each session. Current
symptoms of depression and anxiety were measured, respectively, by the Patient Health
Questionnaire 9-item version (PHQY; Kroenke et al., 2001; range 0-27; case threshold in
IAPT 210) and the Generalized Anxiety Disorder 7-item scale (GAD7; Spitzer et al., 2006;
range 0-21; IAPT case threshold >8). Reliable improvement in a trajectory class was defined
as a decrease of six or more points on the PHQ9, and at least four on the GAD7 (Gyani et
al., 2013; NCCMH, 2021). The selection of baseline patient characteristics to investigate for
associations with trajectory class membership was informed by the available data and
previously reported associations with treatment outcomes (Delgadillo, Dawson, et al.,
2017; Delgadillo et al., 2016; Robinson, Kellett, et al., 2020; Saunders et al., 2019). These
were: total scores from each of the PHQ9 and GAD7 (when not the outcome modelled),
Work and Social Adjustment Scale (WSAS; functional impairment measure; range 0-40;
Marks, 1986; Mundt et al., 2002), age (in 10 year blocks), gender (female, male), ethnicity
(White, Black, Asian, Mixed, other), employment (employed, unemployed, non-worker
(e.g., retired, student)), psychotropic medication (not prescribed, prescribed) and disability
(no, yes). In IAPT, ‘problem descriptors’ are used to indicate the disorder that is the agreed
focus of treatment, in line with NICE guidance (NICE, 2011). Problem descriptors are based
on ICD-10 diagnostic codes, but as noted in the introduction (section 1.8), their use does

not mean that a patient necessarily met all diagnostic criteria for the disorder or that they
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would not meet criteria for other disorders. As such, comorbidity of disorders was
unknown. Problem descriptor categories were depression, generalised anxiety disorder
(GAD), PTSD, adjustment disorder, obsessive-compulsive disorder (OCD), mixed anxiety
and depressive disorder, panic/phobia (panic disorder, agoraphobia, social phobia, specific
phobia), and ‘other’ which included infrequent descriptors such as somatoform disorder.
Despite showing strong associations in an existing study (Saunders et al., 2019), phobia

scales were not included due to high, potentially non-random, missingness.

4.3.3 Statistical analyses

4.3.3.1 Trajectory class models

We estimated separate growth mixture models (GMMs) for symptoms of depression and
anxiety. To first determine the single trajectory form which best fit the observed data
overall we compared linear (Bone et al.,, 2021), quadratic (Saunders et al., 2019;
Sunderland et al., 2012) and negative log-linear (base 10; Lutz et al., 2009; Lutz et al., 2014)
trajectories (‘latent growth curves’). We then incrementally modelled up to six latent
trajectory classes using GMM, with each trajectory specified to the optimal form identified
in the first step. This revealed whether the observed patient symptom trajectories were
homogeneous and therefore well-represented by the single latent growth curve, or if
differences between symptom trajectories were better captured by multiple latent classes.
The upper limit of six classes was informed by past studies of trajectories during
psychological therapy, which suggest between three and five classes (Lutz et al., 2009,
2014; Saunders et al., 2019). Thus, the unlikely six class model acted as a ceiling to test
against. To determine the optimum number of classes, we compared each estimated
model to a model with one fewer class. These comparisons were based on several
considerations. We used a number of fit indices, with a preference for the Bayesian
Information Criterion (BIC; Supplementary Information 2). As BIC does not always show a
minimum value within a reasonable range of models, elbow plots were created to aid
identification of the point of diminishing gains from the addition of a class. We also
favoured models that were clinically interpretable, and reasonable in terms of theory and
existing literature. This included favouring parsimony, for example, if a model differed by

an additional trajectory class distinctive only by the intercept and not the change pattern,

99


https://paperpile.com/c/KwWM6x/oNc5T
https://paperpile.com/c/KwWM6x/WyUwS+JhwML
https://paperpile.com/c/KwWM6x/WyUwS+JhwML
https://paperpile.com/c/KwWM6x/dqpj7+8BhJP
https://paperpile.com/c/KwWM6x/8BhJP+WyUwS+dqpj7+R5RJW
https://paperpile.com/c/KwWM6x/8BhJP+WyUwS+dqpj7+R5RJW

the model with fewer classes was preferred. Class segregation is imperfect, therefore
patients have a likelihood (‘posterior probability’) of belonging to each class. To be clinically
meaningful and statistically stable, we opted for models where each class contained at
least 1% of the sample, based on allocating patients to their most likely trajectory class
(Jung & Wickrama, 2008). Finally, we required models to converge and for estimated values
to be within the range of the outcome measure. We described patients in each class and

the overlap of patients between depression and anxiety classes.

The most simplified version of GMM is called ‘latent class growth analysis’ (LCGA). LCGA
assumes that all patients in a class follow exactly the same trajectory and as such the
variance in the intercept and slope are zero. Although the assumption is often unrealistic,
and can result in trajectory classes that differ only in terms of starting score, it is
recommended to perform this as a useful and less computationally demanding starting
point (Jung & Wickrama, 2008; B. Muthén & Muthén, 2000; van de Schoot et al., 2017). We
compared this simpler model to a GMM where the variance in each intercept was freed
such that it could have a non-zero value but was constrained to be equal between classes,
whilst the slope variance was fixed at zero. This forced differences to be revealed in the
patterns of change over time (slope of each class) rather than initial symptom levels
(intercept of each class). This specification has successfully been used in previous symptom
based GMMs (e.g., Lutz et al., 2014). Latent growth curve and LCGA results were similar
between IAPT service-specific models (Supplementary Figure 1) therefore analyses were
performed across all four IAPT services. We used Mplus version 8.3 (L. K. Muthén &
Muthén, 2017), alongside R version 3.6.3 (R Core Team, 2021) and the MplusAutomation
package (Hallquist & Wiley, 2018). For greater technical detail of the procedure and

guidance on interpreting fit indices, see Supplementary Information 2.

4.3.3.2 Missing data

Missing data in the outcomes was handled using full information maximum likelihood with
robust standard errors (Mplus option ‘MLR’) for non-normal distributions (Supplementary
Figure 2). If a patient had no observed data for an outcome they were omitted from the

model of that outcome.
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4.3.3.3 Associations of baseline variables with trajectory class

Following identification of the optimal number of classes, multinomial regressions were
performed to test for associations between variables measured at the start of treatment
and trajectory class membership. Explorations of missing and complete data between
baseline variables did now show any association patterns. To handle missing data in the
baseline variables and maximise sample size, we performed multiple imputation using the
‘mice’ package in R (van Buuren & Groothuis-Oudshoorn, 2011). We specified 20 imputed
datasets and 20 iterations. The multinomial regressions were performed with each multiply
imputed dataset, and estimates were pooled. Patients’ most likely class was the regression
outcome. IAPT service was included as a covariate. We assessed statistical significance
using a Bonferroni adjusted p-value threshold of p < 0.025 to account for the two

independent models.

4.4 Results

4.4.1 Sample characteristics

Sample characteristics for the 16,258 patients are presented in Table 1. The majority had
received at least one session of CBT (50%) or counselling (49%); a small proportion received
other treatments (6%) such as interpersonal therapy. The average number of sessions
received, after limiting to a maximum of 11 including the baseline assessment, was 6.8 (SD
= 2.9); 12% received only the minimum 3 sessions and 18% received 11 (Supplementary
Table 1). At each session, over 99% of the patients remaining in treatment had complete
PHQ9 and GAD7 scores (Supplementary Table 3). Patients in the analytical sample were
similar to excluded patients, besides differences that reflected inclusion criteria (e.g.,

number of sessions; Supplementary Table 4).
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Table 1. Baseline characteristics of patients who received high-intensity psychological

therapy for symptoms of depression and anxiety (N = 16,258)

Mean (SD; range) or

Variable Count (proportion %)
Age (years) 37.55(13.36; 16 - 94)
Gender Male 5262 (32%)
ref: Female Missing 17 (0.1%)
Depression symptoms (PHQ9) 13.98 (6.39; 0 - 27)
Missing 153 (0.9%)
Anxiety symptoms (GAD7) 12.53(5.39; 0-21)
Missing 154 (1%)
Case on PHQ9 and/or GAD7 ! Yes 13735 (84%)
No 2368 (15%)
Missing 155 (1%)
Functional impairment score 17.58 (9.31; 0-40)
(WSAS) Missing 5447 (34%)

Problem descriptor 2

Depression (ref)
Other

GAD

Adjustment disorder
PTSD

6703 (41%)
1423 (9%)
1393 (9%)
1320 (8%)
1132 (7%)

MADD 1129 (7%)
Panic/phobia 1003 (6%)
0ocD 550 (3%)
Missing 1605 (10%)
Psychotropic medication Prescribed 5545 (34%)
ref: Not prescribed Missing 736 (5%)
Ethnicity White (ref) 9789 (60%)
Black 2964 (18%)
Mixed 1111 (7%)
Asian 961 (6%)
Other 557 (3%)
Missing 876 (5%)

Employment status

Employed (ref)

10033 (62%)

Unemployed 3572 (22%)

Non-worker 3 2222 (14%)

Missing 431 (3%)
Disability Yes 1575 (10%)
ref: No Missing 0% *
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Number of sessions (including baseline assessment) 6.81(2.91;3-11)

Recovered ® Yes 7028 (43%)
Missing 2737 (17%)

Reason for end of treatment Discharge 13138 (81%)
Dropout 2328 (14%)
Referral to another service 792 (5%)

Service 0 7027 (43%)
1 3402 (21%)
2 3244 (20%)
3 2585 (16%)

Baseline values are presented for variables measured at multiple time points. ! Case thresholds: PHQ9 >10,
GAD?7 >8. ? Indicates the disorder treated: GAD = generalised anxiety disorder; PTSD = post-traumatic stress
disorder; MADD = mixed anxiety and depressive disorder; panic/phobia = e.g., panic disorder, social phobia;
OCD = obsessive-compulsive disorder; Other = e.g., somatoform disorder. 3> Non-worker = e.g., retired. * No
negative responses recorded; the absence of any value was counted as a negative response rather than
missing. > Only calculated for patients above PHQ9/GAD?7 case threshold at baseline and with observed scores
for their final session, otherwise ‘missing’. Represents recovery within the 10 treatment sessions; if patients
received more sessions and then recovered, they would appear unrecovered here. For categorical variables
included in the regressions, ref = reference category (proportion not shown if binary).

4.4.2 Growth mixture models

For both depression and anxiety symptoms, the best-fitting latent growth curve form was
quadratic (Supplementary Information 3). On average, patients’ symptoms were initially
moderate (Kroenke et al., 2001; Spitzer et al., 2006) and improved steadily from baseline
(session 0) over approximately the first five treatment sessions, showing reliable
improvement by session eight. For latent class growth analysis, a four-class model was
selected as the optimum solution for each outcome (Supplementary Information 4). The
trajectories were largely uninformative as they primarily differed in terms of baseline
severity (intercept). We therefore estimated growth mixture models (GMMs) with free but

equal variance in the intercepts; these are our focus.

A four-class GMM was selected for depression symptoms, and also for anxiety symptoms.
This decision was based on fit indices, with focus on the BIC and other considerations such
as previous literature (see Table 2 and Figure 2 for fit indices, and Supplementary
Information 5 - 8 for further model selection information, model descriptives and class-

based sample descriptives).
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Table 2. Fit indices for growth mixture models of depression symptoms (PHQ9; top) and

anxiety symptoms (GAD7; bottom) during psychological therapy (N = 16,258)

sl,)yer:;isosrir?snGMM Parameters  AIC BIC Entropy V’I;x:h';:T Individuals per class (%)

Growth Curve 25 613935 614128 NA NA 100
Two Class 29 610886 611109 0.538 <0.001 79.1, 20.9
Three Class 33 608940 609194 0.593 <0.001 52.3,22.7,24.9
Four Class 37 607920 608204 0.600 <0.001 13.5,52.5,17.6,16.4
Five Class 41 607573 607888 0.606 0.0017 10.1, 20.9, 16.4, 2.2, 50.5
Six Class 45 607186 607532 0.632 0.0001 2.9,9.4,44.4,255,2.5,15.3
sA;r:(\i:tths GMM Parameters  AIC BIC Entropy V;[\\,II:I::T Individuals per class (%)

Growth Curve 25 595485 595677 NA NA 100
Two Class 29 592459 592682  0.453 <0.001 29.6,70.4
Three Class 33 590113 590367  0.602 <0.001 31.3,40.5, 28.2
Four Class 37 588890 589175  0.591 <0.001 24.8,21.8,11.9,41.5
Five Class 41 588523 588838  0.635 <0.001 11.7,1.7,40.7,22.3, 23.6
Six Class 45 588228 588574  0.609 0.0002 34.0,6.3,17.5,3.0,19.2,19.9

AIC = Akaike’s Information Criterion, BIC = Bayesian Information Criterion, VLMR LRT = Vuong-Lo-Mendell-
Rubin Likelihood Ratio Test. Proportions are based on a patient’s most likely class. Lower values on AIC and
BIC indicate better fit. Higher entropy represents better distinction. Significant VLMR LRT p-value indicates
the model is a better fit than one with one fewer class.
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Figure 2. Elbow plot of Bayesian Information Criterion (BIC) values for growth mixture

models of depression symptoms (left) and anxiety symptoms (right)
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Figure 3 presents the mean estimated trajectories of the four classes for each outcome.
The trajectory classes were very similar for each model, therefore we describe them with
the same labels. Three classes demonstrated moderate-severe symptoms at baseline. One
of these showed no change (moderate-severe plateau; grey diamonds), the second showed
steady improvement (moderate-severe, gradual improvement; pink squares) and the third
had fast improvement which plateaued after the sixth treatment session (moderate-
severe, fast improvement; blue triangles). A fourth class showed mild symptoms and

minimal improvement up to the fourth session (mild, small improvement; green circles).
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Figure 3. Four-class growth mixture model of a) depression symptoms (PHQ9) and

b) anxiety symptoms (GAD7), during high-intensity psychological therapy (N = 16,258)

This figure shows the model estimated mean and observed mean trajectories of each class. Patients
had a likelihood of belonging to each trajectory class; counts and proportions (%) are based on their
‘most likely’ class membership.
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4.4.2.1 Depression symptoms growth mixture model

Approximately half the patients were assigned to the mild class and 14-18% in each of the
other classes. Reliable improvement occurred on average by the seventh treatment session
in the gradual class, and the second in the fast class, but was not observed in the plateau
or mild class. At the final treatment session, almost no patients (< 1%) in the moderate-
severe plateau class had ‘recovered’ to below PHQ9 and GAD7 case thresholds used in IAPT
(<10 and < 8, respectively). Recovery was also low in the gradual improvement class (19%),
but higher in the fast improvement and mild classes (68% and 59%). Dropout was higher in
the plateau and gradual improvement classes (19% and 20%) than the fast improvement
and mild classes (15% and 11%). The plateau class had the highest proportion referred to

other services (12%). Full descriptives are in Supplementary Information 6.

4.4.2.2 Anxiety symptoms growth mixture model

More patients in the anxiety GMM were assigned to the moderate-severe plateau and
moderate-severe, fast improvement classes (25% and 22%, respectively), than in the
depression model. Fewer were in the moderate-severe, gradual improvement and mild,
small improvement classes (12% and 42%). Reliable improvement occurred on average by
the sixth treatment session in the gradual class and the second session in the fast class but,
as in the depression model, was not observed in the plateau or mild class. Similarly, most
patients who followed a plateau or gradual improvement trajectory had not recovered by
the tenth treatment session (1% and 35% recovered, respectively), whilst the majority of
the fast improvement and mild classes had (69% and 64%). Again, the plateau class had the
highest proportion of dropout (23%) and onward referrals (9%). Model and class-based

sample descriptives are in Supplementary Information 8.

4.4.2.3 Overlap of trajectory class membership between the selected models

Table 3 shows the overlap of patients’ trajectory classes between the depression and
anxiety symptom models. For example, 12% of the overall sample were most likely to
belong to the moderate-severe plateau class for both outcomes. This included 89% of
patients in the depression plateau class who were in the anxiety plateau class, and 48% of

patients from the anxiety plateau class who were in the depression plateau class.
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Table 3. Overlap of patients’ most likely class for four-class growth mixture models of

depression (PHQ9) and anxiety (GAD7) symptoms

a) Overlap of class membership across outcomes; values are proportions of the total
sample

Moderate- Moderate-severe,  Moderate-severe, Mild, small
severe plateau gradual improvement fastimprovement improvement

Moderate-severe

12%
plateau
Moderate-severe, 3% 7%
gradual improvement
Moderate-severe, 1% 4% 11%
fast improvement
Mild, Il
im'pmf,’:;ent 6% 5% 12% 36%

b) Values are proportions of patients from the depression class (row) who were
assigned to the anxiety class (column)

Anxiety Class

Moderate-severe Moderate-severe, Moderate-severe, Mild, small

Depression Class plateau gradual improvement fast improvement  improvement

Moderate-severe

plateau 89% 4% 1% 6%
Modera?e-severe, 40% 38% 11% 12%
gradual improvement
M te-

oderate-severe, 7% 11% 66% 17%
fast improvement
:V'n::i; i’:ﬂlnt 9% 6% 17% 68%

c) Values are proportions of patients from the anxiety class (row) who were assigned
to the depression class (column)

Depression Class

Moderate- Moderate-severe, Moderate-severe, Mild, small

Anxiety Class - . .
severe plateau gradual improvement fast improvement improvement

Moderate-severe

plateau 48% 28% 4% 19%
M te- )

odera.e severe 5% 56% 15% 25%
gradual improvement
M te- )

oc!era e-severe 19% 9% 50% 41%
fast improvement
Mild, Il
irr:pioilr:rient 2% 5% 7% 86%

For panel (b), reading along a row indicates the distribution of most likely anxiety classes for all patients who
were most likely to belong to the depression class named on the row. Panel (c) presents the converse
information.
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4.4.3 Associations of baseline variables with trajectory class

Regression results are reported in terms of odds ratios (ORs), compared with the reference
trajectory class moderate-severe plateau, which was the least ‘favourable’ trajectory class
(see Figure 4, or for precise values use Supplementary Tables 5 and 6). Therefore, a baseline
variable with an OR of 1 had no bearing on trajectory class membership. An OR between 0
and 1 indicated a negative relationship, meaning that an increase in the baseline variable
was associated with lower odds of being in the specified trajectory class than the reference
trajectory (i.e., more likely to be in the least favourable, moderate-severe plateau class).
An OR greater than 1 indicated higher odds of being in the specified trajectory than the
reference trajectory (i.e., more likely to be in one of the three more favourable classes;
moderate-severe, gradual improvement; moderate-severe fast improvement; mild, small
improvement). ORs of categorical variables are interpreted in comparison to a reference
category. For example, for the depression model, a patient with a problem descriptor of
OCD had 0.52 the odds of being in the fast improvement than the plateau class, compared

with a patient with depression.

Across depression and anxiety symptom models, patients who were unemployed
compared with employed had lower odds of being in any of the more favourable classes
than the reference class, moderate-severe plateau. Furthermore, higher functional
impairment scores and non-worker status (e.g., retired), were associated with lower odds
of being in the moderate-severe, fast improvement or mild, small improvement trajectory
classes. However, these variables were not associated with significantly different odds of

the moderate-severe, gradual improvement class.

Reporting a disability showed lower odds of being in any of the more favourable classes in
the depression model, and of the gradual or fast improvement classes in the anxiety model.
Prescribed psychotropic medication was associated with lower odds of the fast
improvement or the mild, small improvement class in the depression model, and of any
favourable trajectory class in the anxiety model. Higher scores on the other symptom scale
(e.g., GAD7 for the depression model) were associated with lower odds of the mild

trajectory class for both models, and additionally with lower odds of the fast improvement
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Depression Symptoms (PHQ9) Anxiety Symptoms (GAD7)

) ) Comorbid symptoms A ° s A
Questionnaire score . . )
Functional impairment - &
Psychotropic medication Prescribed+ . —h— I H +.| | I
—— —
Employment status Unemployed - — A
(ref: Employed) Non-worker - A 2
Disability ] —_—
(ref: No) Yes == | 2] |
Black A * "
Ethnicity Asian 4 e~ ——
(ref: White) Mixed 4
———
Other 1 ~
GAD 4 . ———
Panic/phobia 4 ° o
MADD - °
Problem descriptor ] ——
(ref: Depression) PTSD ——
Adjustment 4 o °
OCD1 — A ————— ——— —A—
Other o
Age & gender Male 4 —e—
(ref. Female) 10 years older - d

0.25 05 1 2 4 025 05 1 2 4
Odds ratio (log scale) 95% confidence interval

—#- Moderate-severe, gradual improvement p < 0.025 -5~ Moderate-severe, gradual improvement p > 0.025
Class & Significance _a- Moderate-severe, fast improvement p < 0.025 A Moderate-severe, fast improvement p > 0.025

- Mild, small improvement p < 0.025 -&- Mild, small improvement p > 0.025
Figure 4. Multinomial regressions of baseline variables and trajectory class membership for a four-class growth mixture model of depression
symptoms and a four-class growth mixture model of anxiety symptoms during high-intensity psychological therapy (N = 16,258)

Reference class = moderate-severe plateau. Service where the patient received treatment was a covariate with four categories. PHQ9 = depression
symptoms, GAD7 = anxiety symptoms. Comorbid symptoms = GAD7 in the depression model, PHQ9 in the anxiety model. Functional impairment = WSAS.
Non-worker = e.g., retired, student. GAD = generalised anxiety disorder; Panic/phobia = panic disorder, agoraphobia, social phobia, specific phobia; MADD
= mixed anxiety and depressive disorder; PTSD = post-traumatic stress disorder; OCD = obsessive-compulsive disorder; Other = e.g., somatoform disorder.
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class in the anxiety model. In the depression symptoms model, compared with White
ethnicity patients, patients who identified as Black, Asian, multi-ethnic (‘mixed’), or ‘other’
ethnicity were less likely to follow the mild trajectory than the moderate-severe plateau.
Patients identifying as Asian also had lower odds of the fast improvement class. In the

anxiety model, the only similarities were the associations observed with Asian ethnicity.

The main differences between models were in their associations with problem descriptor.
In the depression model, compared with patients with a depression problem descriptor,
patients with any other descriptor, besides PTSD or MADD, were more likely to be in the
mild class. The opposite pattern was observed in the anxiety model, such that all
descriptors besides ‘other’ were associated with lower odds of the mild class than the
plateau class. However, in both models, OCD and PTSD were associated with lower odds of
the fast improvement class. PTSD was additionally associated with lower odds of the
depression model gradual improvement class. Age and gender had no notable associations,
except in the anxiety model where patients reporting male gender were more likely to be

in the mild class than females.

4.5 Discussion

4.5.1 Overview

We identified patterns of change in depression and anxiety symptoms during high-intensity
psychological therapy among 16,258 patients. For both outcomes individual differences in
the data were best explained by four classes of trajectories. Overall, some baseline
variables were generally associated with greater likelihood of the no change plateau
trajectory class than any more favourable class. These included being unemployed,
reporting a disability or prescribed medication. Other baseline characteristics
differentiated between the more favourable classes, including functional impairment, non-

worker status, ethnicity and specific problem descriptors.
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4.5.2 Growth mixture models

The depression model and the anxiety model each had three classes with moderate-severe
symptom scores at baseline. Using only intake symptom severity would therefore not allow
a clinician to distinguish between three very different trajectories. One of these trajectories
showed no change, labelled moderate-severe plateau. The other two classes reliably
improved: moderate-severe, gradual improvement changing more steadily than moderate-
severe, fast improvement. The fourth class, mild, small improvement, had average baseline
symptoms below clinical thresholds, and thus less capacity for large improvements. These
trajectory classes were broadly consistent in number and shape with a previous IAPT study
(Saunders et al., 2019), although the optimal anxiety model selected in that analysis had a
fifth class representing another, less severe, plateau trajectory. These similar findings
occurred despite several sample and methodological differences of our study, including a
greater proportion of patients receiving counselling and fewer receiving CBT. This perhaps

reflects meta-analytic evidence of equivalency between therapies (Cuijpers et al., 2021).

The gradual improvement class may be particularly clinically relevant as the apparent lack
of early response could lead to premature alteration or termination of treatment.
Symptom change was initially indistinguishable from the moderate-severe plateau
trajectory and only showed reliable improvement after six or seven treatment sessions.
Recovery by the final session was lower in the gradual than the fast improvement class,
especially for the depression model. This was reflected in the class overlap; more patients
in the depression gradual class did not experience improvement in anxiety symptoms, as
shown by a higher proportion belonging to the anxiety plateau class. The gradual
improvement class might represent patients who require a high number of treatment
sessions to show recovery. Supporting this, a study of high-intensity CBT found that most
patients who significantly improved did so within 14 sessions (Robinson, Kellett, et al.,
2020). Furthermore, a systematic review of therapy dose recommended up to 26 sessions
for patients who have improved yet not recovered before this point (Robinson, Delgadillo,
et al., 2020). In the present sample, relatively few patients had received more than ten

treatment sessions and therefore trajectories beyond this point were not modelled.
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The moderate-severe plateau class may also represent patients who would benefit from
more treatment, although some ‘non-responders’ would probably not recover even after
a very high number of sessions (Howard et al., 1986). Patients likely to belong to this group
might therefore be ideal candidates for clinical trials of novel therapies or additional
support services. Notably, the frequency of onward referrals in this class suggested the
presence of co-occurring problems that required specialist services. That said, despite
limited symptom change, some patients may have experienced other, unmeasured,
benefits such as prevention of deterioration or hospitalisation. More patients belonged to
the plateau class in the anxiety as compared to the depression model. This may be driven
by disorders such as OCD and PTSD, which on average require a greater dose of therapy to
observe improvement than most depression and anxiety disorders (Robinson, Kellett, et
al., 2020), and are better detected by the GAD7 than the PHQ9 (Kroenke et al., 2007).
However, class overlap indicated that slightly over half of the anxiety plateau class showed
mild or improving depression symptoms, whilst most patients in the depression plateau

class showed no improvement on either measure.

Patients in the fast improvement class generally appeared to require fewer than ten
treatment sessions. They were below case thresholds after an average of four treatment
sessions and had the highest recovery rate, consistent with a meta-analysis reporting that
reliable symptom improvement by the fourth session predicts recovery (Beard &
Delgadillo, 2019). Although it is important to continue treatment for several sessions after
remission to help prevent false positives or relapse (Robinson, Kellett, et al., 2020), this

finding warrants further investigation as it could have implications for service efficiency.

The mean initial symptom score estimated by the model for the mild, small improvement
trajectory class, for both depression and anxiety models, was below case threshold, yet all
patients had received high-intensity therapy. However, it would be inappropriate to
conclude that high-intensity treatment was unwarranted. Scores varied around these
means and many patients met the threshold on the other symptom measure; the majority
of mild class patients were an observed case on one or both measures. These patients may

also have had additional symptoms not assessed by the PHQ9 or GAD7.
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4.5.3 Associations of baseline variables with trajectory class

Several consistent associations with trajectory class membership were being unemployed,
reporting a disability or prescribed medication, each of which was generally associated with
lower odds of being in any of the more favourable classes compared with moderate-severe
plateau. These associations are informative as they discriminated between individuals with
similarly high baseline scores who improved or not. The prior IAPT trajectory study found
no association with medication (Saunders et al., 2019) despite evidence of a relationship
from studies of endpoint treatment outcomes (Robinson, Kellett, et al., 2020). The
association with unemployment was consistent with findings from endpoint outcome
studies (Delgadillo et al., 2016; Delgadillo, Huey, et al., 2017). Neither employment or
disability were included in the prior trajectory study (Saunders et al., 2019), and the
present findings highlight the importance of routinely recording them. These factors may
negatively impact therapy response and acknowledging and supporting patients who are
experiencing them might reduce the likelihood of no improvement. This supports the
argument for psychological services working closely with employment advisors, as per the
IAPT manual (NCCMH, 2021). Similarly, individuals with a PTSD or OCD problem descriptor
may benefit from tailored treatment in the form of a greater number of sessions, as
indicated by existing literature (Robinson, Kellett, et al., 2020). PTSD and OCD were the
only problem descriptors associated with lower odds of fast improvement, and also, for
PTSD, of gradual improvement in depression symptoms. Improvement may have been
observed after a greater number of sessions than we were able to model or using measures

more sensitive to symptoms of PTSD and OCD.

Another consistent finding was that higher functional impairment was associated with
lower odds of the fast improvement or mild class than the plateau class, but not the gradual
improvement class. This pattern of associations was also observed for non-worker status
(e.g., retired) and, in the anxiety model, higher baseline depression symptoms. These
variables may therefore be useful for discriminating between fast and gradual
improvement for patients with similar baseline scores. For example, indicating that any
improvement that does occur is likely to be gradual. The effect sizes for functional

impairment were smaller than those for symptom scores, yet still notable given they
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reflected the association for a one-unit difference on the WSAS, which has a wide scoring

range.

Patients who identified as one of the minoritised ethnic groups rather than White ethnicity
were less likely to follow the mild depression trajectory, indicating that they had more
severe symptoms at intake. These findings are consistent with lower recovery rates in
national IAPT data and indicate that some patients from minoritised ethnic groups may
benefit from culturally-adapted treatment (Beck et al., 2019). The ethnic diversity of the
sample allowed us to study ethnicity in more detail than the binary variable used in similar
studies. This revealed that lower odds of the mild trajectory were also observed in the
anxiety model for Asian patients, as well as lower odds of fast improvement. That
notwithstanding, there was insufficient power to analyse associations with ethnicity at an

even greater level of granularity and this will require further research efforts.

The Saunders et al. (2019) trajectory study similarly reported that higher symptom and
functional impairment scores were associated with greater odds of the corresponding
moderate-severe plateau class. Our results were also consistent with a finding that patients
reporting higher baseline scores on the PHQ9, GAD7, WSAS, prescribed antidepressants, a
disability or unemployment were less likely to improve with an increasing number of

sessions, similar to our plateau class (Robinson, Kellett, et al., 2020).

4.5.4 Strengths and limitations

A large sample size produced more accurate estimates and permitted a broader range of
ethnicity categories and baseline variables, such as employment and disability, compared
with previous trajectory studies. Furthermore, modelling a greater number of sessions
revealed trajectory classes that did not show improvement until later in treatment.
Associations were identified with important and easily recorded factors, which could help
to identify likely symptom trajectories during an initial assessment. However, the results
may be confounded by the presence of additional variables indicative of treatment
prognosis, such as chronicity (Kessler et al., 2017). Whilst routinely collected data may

generalise to clinical settings more readily than clinical trial data, the provision of different
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interventions, dependent on problem descriptor, makes IAPT data more complex to
analyse. Investigations of treatment and descriptor-specific trajectories were beyond the
scope of this study. The inclusion of patients with a depression descriptor in the anxiety
symptoms model, and vice versa, may therefore have contributed to the high proportion
in the mild trajectory classes. That notwithstanding, the assessment of transdiagnostic
symptoms appears particularly important for treatment outcomes (O’Driscoll et al., 2021)
so we chose to include all patients in both models. Furthermore, the problem descriptor
only represents the condition being treated. This means that, although comorbidity is
common between depression and anxiety, the extent of comorbidity was unknown in the
current sample. The reliability and validity of IAPT problem descriptors has not been
established. However, clinicians are trained to use ICD-10 to determine them, and in
services with a higher frequency and accuracy of providing problem descriptors, patients
show better outcomes (Clark et al., 2018; Saunders, Cape, et al., 2020). Another issue was
dropout. Different reasons may underlie dropout, including dissatisfaction with treatment
or treatment ending due to recovery before the clinically recommended number of
sessions. Regardless, and in spite of the use of missing data methods, scores at later
sessions were based on remaining individuals. Overall, our findings offer a broad

representation of what we expect to see in routine clinical settings.

In terms of ethnicity, although generally representative of the local population that SLaM
IAPT serves (ONS, 2012), the patient sample was more ethnically diverse than IAPT
nationally. The two most frequently reported ethnicities were White (60%) and Black
(18%), and in IAPT national data are White (80%) and Asian (6%) (NHS Digital, 2021). It is
critical that mental health and treatment outcome research is applicable for all patients,
and oversampling from minoritised groups can help to achieve this. In terms of ethnicity,
this overrepresentation occurred naturally within our study; the diversity of this sample is

a strength.

Finally, the GAD7 does not cover core symptoms for disorders such as PTSD and OCD.
However, it does show reasonably high specificity and sensitivity for several disorders,
including these (Kroenke et al., 2007), and therefore provides some indication of likely

trajectories for them. Future studies should aim to model trajectories of disorder specific

115


https://paperpile.com/c/KwWM6x/tPvZR

symptoms, and also functional impairment, which is particularly important to patients and
potentially improves later in treatment than symptoms (Howard et al., 1993; Zimmerman
et al., 2006). This was not possible in the present sample due to the extent of missingness
on these variables. Modelling a higher number of sessions than was available here would

also be beneficial, to reveal more about patients who require a greater dose of therapy.

4.5.5 Implications and conclusions

A longitudinal person-centred analysis allowed us to identify substantial heterogeneity in
depression and anxiety symptom change during psychological therapy, which could be
explained by four classes of trajectories. The identified trajectory classes were differentially
associated with baseline variables such as employment status and functional impairment.
To be implemented clinically, these findings need to be replicated and validated to produce
a predictive tool that outputs a patient’s most likely symptom trajectory by combining
potentially conflicting information across baseline variables. This could be used to inform
treatment plans at the start of therapy and also monitor whether patients are ‘on-track’
according to their predicted trajectory, which can improve patient outcomes (Delgadillo et
al., 2018). This would be especially relevant for patients in the gradual improvement class
who on average did not show reliable improvement until session six or seven. This study is
therefore a crucial first step towards clinical use of trajectory classes to ultimately improve

patient outcomes and service efficiency.
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Chapter 5: Trajectories of depression symptoms, anxiety
symptoms and functional impairment during internet-enabled

cognitive-behavioural therapy
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5.1 Abstract

Differences between patient symptom trajectories during psychological therapy can be
captured by underlying classes. This has not been explored in therapy delivered in real-
time via the internet or for trajectories of functional impairment.

Patients experiencing common mental health problems received real-time cognitive-
behavioural therapy sessions with a therapist using an online chat platform (N = 52,029).
Trajectory classes of depression symptoms (PHQ9), anxiety symptoms (GAD7) and
functional impairment (WSAS) were investigated using growth mixture modelling.
Multinomial regressions tested for associations between baseline variables and trajectory
class.

A four-class trajectory model was selected for each outcome and these optimal models
were highly similar in form. Each showed three classes with initially moderate-severe
symptoms or impairment: one demonstrated no change, one gradual improvement and
one fast improvement. A fourth class had mild baseline scores and minimal improvement.
In the moderate-severe baseline classes, patients in the two with improvement were more
likely to be employed and not to have obsessive-compulsive disorder. Fast improvement
was likelier than gradual or no change for older patients, patients without a disability, or
with lower comorbid symptom or impairment scores. Associations with the functional
impairment model were more similar to those with the depression model than the anxiety
model. Results were largely consistent with findings from trajectory studies of in-person
psychological therapy. This is an important step towards personalising therapy in terms of

length, continuation and progress monitoring.
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5.2 Background

Psychological and pharmacological treatment options are available for common mental
health problems such as depression and anxiety. Both types of treatment can be effective,
however, there is a general patient preference for psychological treatments (McHugh et
al., 2013). Even so, not everyone experiencing a mental health problem seeks or receives
treatment (McManus et al., 2016; Rayner et al., 2020). There are many potential reasons
for this ‘treatment gap’, for example, a lack of availability of psychological therapy in one’s
accessible locale or perceived stigma of seeking help or receiving a diagnosis (Gulliver et

al., 2010; Magaard et al., 2017).

One avenue to increase access to psychological therapy is to use computerised and
internet-based approaches. Numerous programs and treatment delivery methods exist,
with most using standardised text modules following principles of cognitive-behavioural
therapy (CBT) via websites (Burger et al., 2020). These were described in more detail in the
introduction (section 1.9). Evidence suggests that guided internet-delivered CBT with
therapeutic support has similar efficacy to in-person CBT (Andersson et al., 2019; Andrews
et al., 2018; D. Kessler et al., 2009). Arguably the closest approximation of traditional in-
person CBT is guided, real-time therapy sessions involving synchronous therapist
interaction via the internet, for example, using instant messaging or a video call. We will
refer to this as ‘internet-enabled CBT’ to distinguish it from other forms, which are less
likely to be suitable for more severe presentations of depression and anxiety (Karyotaki et
al., 2021). In addition to helping decrease waiting lists, internet-enabled CBT has several
advantages over in-person therapy that may help to reduce the treatment gap. Firstly,
treatment can be attended wherever there is a suitable device and internet availability.
This increases access for individuals who would have difficulty travelling to a site due to
geographical location, physical disability, or mental health disorder such as agoraphobia.
Further advantages are increased accessibility for individuals who benefit from sessions
outside of normal office hours, and those who perceive stigma attached to visiting a
therapist (Gega et al., 2004; Webb et al., 2017). During the COVID-19 pandemic, remote

therapies became indispensable for treating new and existing patients.
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Studies of in-person psychological treatment have identified substantial heterogeneity in
outcomes (Kaiser et al., 2022) which can be partially explained by patient and treatment
characteristics (Delgadillo et al., 2016; R. C. Kessler et al., 2017). These studies have largely
focused on endpoint outcomes, such as symptom-based response and remission. More
recently, researchers have extended this exploration to internet-enabled CBT and
identified several correlates and predictors of positive endpoint outcomes including older
age, absence of physical comorbidities, and genetic factors (Catarino et al., 2018; Karyotaki
et al., 2018; Wallert et al., 2022). Differences between patients during a course of therapy
have been comparatively overlooked, despite potential important implications. For
example, patients with outcome trajectories showing improvement later in treatment
could be at risk of inappropriate early discontinuation or alteration of therapy. Information
about the likely trajectory of a patient’s outcomes could inform expectations and decisions
regarding the number of required sessions as well as the suitability and continuation of
therapy. It could also be used to monitor whether a patient is deviating from their expected
trajectory. Alerting clinicians to ‘off-track’ patients can improve patient outcomes (de Jong

et al., 2021).

Symptom trajectories have been explored in two studies of patients receiving in-person
psychological therapy for common mental health problems at National Health Service
(NHS) England Improving Access to Psychological Therapies (IAPT) services (Saunders et al.,
2019; Skelton et al., 2021 - Chapter 4 in this thesis). They analysed over 4,000 and 16,000
patients, respectively, and identified multiple latent classes (i.e., unobserved clusters) of
patients who exhibited similar trajectories. Overall, similar trajectory classes emerged from
each study and outcome, as described in Chapter 4. Baseline variables associated with
being in a moderate-severe symptoms with improvement trajectory class, rather than the
moderate-severe no change class, were: being employed (Chapter 4), not being prescribed
psychotropic medication or reporting a disability (Chapter 4), and lower baseline scores on
phobia items (Saunders et al., 2019). Additionally, patients showing fast improvement
tended to report lower functional impairment (Chapter 4 and Saunders et al., 2019). Very
few trajectory class analyses have been performed with data from internet-delivered
therapy. We are aware of two studies that analysed samples of between 400 and 600

patients who had received either unguided or asynchronously guided internet-delivered
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CBT (Lutz etal., 2017; Sunderland et al., 2012). These forms of internet-delivered treatment
have minimal therapist involvement and little structure as patients can complete modules
on their own schedule. Furthermore, few sessions were analysed, with measures from only
two therapy sessions modelled in one, and five in the other. The importance of modelling
later treatment sessions was highlighted by the identification of a gradual improvement

trajectory class in Chapter 4.

In the present study, we aimed to determine whether findings from trajectory class studies
of in-person psychological therapy extended to internet-enabled CBT. We investigated
symptom change patterns and associations between baseline variables and trajectory class
membership over 11 time points; an initial assessment and 10 treatment sessions. Existing
evidence of similar efficacy between these delivery methods suggested that results would
be similar. We additionally explored trajectories of functional impairment, an important
yet often neglected outcome (McKnight & Kashdan, 2009; Zimmerman et al., 2008), which
might not change synchronously with symptoms (Howard et al., 1993; McKnight &
Kashdan, 2009).

5.3 Methods

5.3.1 Sample

The study sample consisted of data from NHS IAPT patients who had received internet-
enabled CBT for a common mental health problem between January 2018 and June 2021.
CBT was provided by a commercial platform from ieso (/eso, 2022) that was developed for
use in the NHS. At registration, patients agreed to the use of their anonymised data to
support research purposes. The initial dataset contained records from 97,686 patients
living in England and Scotland, who had self-referred or been referred by their general
practitioner (further details in Supplementary Information 1). To produce a sample suitable
for analysis, patients were excluded if they had not attended any therapy sessions (i.e.,
assessment only) and sessions were excluded if they occurred after a long interval or after
11 sessions including the assessment (Supplementary Information 2). Following this,
52,029 patients remained covering 310,808 sessions. To assess the generalisability of the

results, we compared the included to the excluded patients using appropriate group
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difference tests and focusing on effect sizes due to potential statistical significance of
negligible differences. Patients who scored below clinical cut-offs on the core symptom

scales were included in the analysis.

Patients were assigned to a CBT therapist accredited by the British Association for
Behavioural and Cognitive Psychotherapies and attended hour-long weekly sessions via a
confidential online written instant-messaging platform. In the initial assessment, anxiety
symptoms, depression symptoms and functional impairment were recorded using
questionnaires detailed in the measures section. The therapist then provided a ‘problem
descriptor’, as described in the introduction (section 1.8). Here, we will refer to it as
‘diagnosis’. Treatment course duration was determined by the therapist. Between
appointments, patients and therapists could message each other using the platform, for
example to arrange appointments or provide additional information on a topic discussed

in therapy. Consistent with a CBT framework, patients also completed homework tasks.

5.3.2 Measures

Outcomes for trajectory modelling were self-report questionnaires routinely collected at
each time point (session). Current depression symptoms were measured with the Patient
Health Questionnaire 9-item version (PHQ9; Kroenke et al., 2001; total scores range 0-27;
IAPT case threshold >10). Current anxiety symptoms were assessed using the Generalized
Anxiety Disorder 7-item scale (GAD7; Spitzer et al., 2006; total scores 0-21; IAPT case
threshold 28). The Work and Social Adjustment Scale (Marks, 1986; Mundt et al., 2002;
WSAS) consists of five items, each scored from 0 to 8 to indicate functional impairment in
a different life domain; relationships, work, home management, and private and social
leisure activities. Patients not in employment (e.g., student, unemployed) did not answer
the work item. Imputation for a total score could be unsuitable if observations are ‘missing
not at random’ (Sterne et al., 2009). We therefore calculated complete case five-item and
four-item total scores and ran analyses with each. Patients with all items complete for at
least one session, and either all items complete or all items missing for other sessions, were

included in the five-item model. If a patient was missing the work item at any session, they
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were allocated to the four-item model. Unless stated, a reference to WSAS means the five-

item scale; results from the reduced, unvalidated four-item score are in the supplementary.

To investigate relationships between patient characteristics and trajectory classes, we
selected a number of self-reported baseline variables informed by the analysis in Chapter
4, as well as a previous study of trajectories during in-person therapy (Saunders et al.,
2019). Total scores from the PHQ9 and GAD7, and individual scores from four WSAS items
(i.e., excluding work) were included when not the modelled outcome. We also investigated
single item measures of agoraphobia, social phobia and specific phobia, each scored from
0 to 8 to indicate the extent of avoidance of a situation or object. Other included variables
were age (in 10-year blocks), gender (female, male), ethnicity (White, minoritised ethnic
groups), employment (employed, unemployed, non-worker (e.g., retired, student)),
disability (not reported, reported), psychotropic medication (not prescribed, prescribed),
and diagnosis. Diagnosis included depression, generalised anxiety disorder (GAD), other
anxiety (agoraphobia, panic disorder, social phobia, specific phobia, hypochondriacal
disorder, unspecified anxiety), obsessive-compulsive disorder (OCD), post-traumatic stress
disorder (PTSD), and ‘other’ (infrequent diagnoses e.g., adjustment disorder). These
categories slightly differ to those used in Chapter 4 due to differences in observed
frequencies. To ensure sufficient counts in each factor level for statistical power, variables
underwent pre-processing in which levels were aggregated. We recognise that this means

some variables, such as ethnicity, did not adequately reflect patient identity.

5.3.3 Statistical analysis

We used a person-centred longitudinal analysis called growth mixture modelling (GMM;
Muthén & Muthén, 2000) to identify the presence of subgroups of patients with similar
patterns of symptom change over therapy sessions. The analytical steps for the GMM,
handling of missing data and associations between baseline variables and trajectory class
membership were the same as described in Chapter 4. See Supplementary Figure 1 for
outcome distributions and Supplementary Table 1 for the proportion of patients with

outcomes in treatment per session. Statistical significance in the regression models was
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assessed with a Bonferroni-adjusted threshold of p < 0.016 to account for three

independent models.

5.4 Results

5.4.1 Sample descriptives

Sample descriptives for the 52,029 patients are presented in Table 1. Supplementary Table
2 presents the descriptives of the patients who were included in the WSAS model (N =
32,168). They were very similar to the overall sample besides a higher proportion reporting
being employed, as expected (see measures section). The average number of time points
(i.e., sessions) recorded, after limiting to maximum 11 including the initial assessment, was
6.0 (SD =3.1); 5% had only 1 and 14% had 11 (Supplementary Information 2). The average
interval between sessions was 11 days (SD = 6.0; Supplementary Information 2). Patients
in the analysis were similar to excluded patients (N = 45,657) besides slightly milder
symptoms (Cohen’s d 0.15 - 0.29; Supplementary Table 3). The number of patients with at
least one total score, for each scale, was PHQ9: 51,683 (99%), GAD7: 51,667 (99%), WSAS:
32,168 (62%). Pearson’s correlations between the pairs of measures were all significant (p

< 0.05: PHQ9-GAD7 = 0.64, PHQ9-WSAS = 0.61, GAD7-WSAS = 0.43).

Table 1. Sample descriptives of patients who received internet-enabled CBT (N = 52,029)

Variable Mean (SD); range or
Count (proportion %)

Age (years) Mean (SD); Range 34.3(12.3); 18-94

Missing 539 (1%)
Gender Male 13,572 (26%)
ref: female Missing 211 (0.4%)

Depression symptoms (PHQ9)

Mean (SD); Range

12.6 (6.1); 0 - 27

Missing 537 (1%)
Anxiety symptoms (GAD7) Mean (SD); Range 12.2(5.3);0-21
Missing 556 (1%)
Case on PHQ9 and/or GAD7* Yes 42,984 (83%)
Missing 518 (1%)
Functional impairment (WSAS) Mean (SD); Range 16.1(8.3); 0-40
Missing 12,545 (24%)
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Functional impairment (WSAS)

Mean (SD); Range

2.9(2.1);0-8

Home management Missing 800 (2%)
Functional impairment (WSAS) Mean (SD); Range 3.8(2.3);0-8
Social leisure Missing 800 (2%)
Functional impairment (WSAS) Mean (SD); Range 2.8(2.2);0-8
Private leisure Missing 800 (2%)
Functional impairment (WSAS) Mean (SD); Range 3.2(2.2);0-8
Relationships Missing 800 (2%)
Functional impairment (WSAS) Mean (SD); Range 3.3(2.3);0-8
Work Missing 12,530 (24%)
Agoraphobia item Mean (SD); Range 2.6(2.5);0-8
Missing 814 (2%)
Social phobia item Mean (SD); Range 3.3(2.4);0-8
Missing 814 (2%)
Specific phobia item Mean (SD); Range 2.5(2.5);0-8
Missing 814 (2%)
Diagnosis > Depression (ref) 21,296 (41%)
GAD 14,203 (27%)
Other anxiety 10,184 (20%)
0oCD 2,509 (5%)
PTSD 2,107 (4%)
Other 1,677 (3%)
Missing 53(0.1%)
Prescribed psychotropic Yes 23,996 (46%)
medication Missing 1,564 (3%)
ref: No
Ethnicity Minoritised ethnic groups 3,731 (7%)
ref: White Missing 13,459 (26%)
Disability reported Yes 4,731 (9%)
ref: No Missing 26,107 (50%)

Employment status 3

Employed (ref)

34,518 (66%)

Non-worker 8,543 (16%)

Unemployed 6,061 (12%)

Missing 2,907 (6%)
Recovered (higher ‘yes’ if Yes 17,758 (34%)
include more than the 10 Missing (includes patients who 11,190 (22%)

treatment sessions modelled)

were not a case at baseline)

Baseline values are presented for variables measured at multiple timepoints. * Case thresholds: PHQ9 >10,
GAD?7 >8.2 IAPT ‘problem descriptor’: GAD = generalised anxiety disorder; Other anxiety = e.g., panic disorder,
social phobia; PTSD = post-traumatic stress disorder; OCD = obsessive-compulsive disorder; Other = e.g.,
adjustment disorders; further details in Measures. 3 ‘Non-worker’ = e.g., retired. For categorical variables
included in the regressions, ref = reference category (proportion not shown if binary).
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5.4.2 Growth mixture models

The optimum fitting latent growth curve shape for all three outcomes was quadratic
(Supplementary Information 3). As was observed in Chapter 4, on average, patients had
initially moderate depression and anxiety symptoms which decreased throughout
treatment, with more marked improvement over the first five treatment sessions. The
functional impairment latent growth curve showed average baseline scores indicating
moderate functional disability (Mataix-Cols et al., 2005; Mundt et al., 2002) and small,
consistent improvement to the final session. The initial modelling with variance
constrained to zero resulted in rather uninformative classes (Supplementary Information
4) and therefore the focus of the results is the models with free but equal variance in the

intercepts.

For each outcome, a four-class GMM was chosen as the optimal model (Table 2 and Figure
1, also see Supplementary Information 5-7 for further details of the model selection
process including trajectory plots of all tested models). Average class trajectories went
outside of the range of possible scores on the outcome measures in the five- and six-class

symptom models, and the six-class model of functional impairment.

Table 2. Fit indices for growth mixture model of depression symptoms (PHQ9; top table;
n = 51,683) anxiety symptoms (GAD7; middle table; n = 51,667) and functional
impairment (WSAS; bottom table; n = 32,168)

sl,)yer:;isosrir?sn GMM Params  AIC BIC Entropy V,I;x:hl;:T Class Proportions (%)
Growth Curve 25 1657334 1657556 NA NA 100
Two Class 29 1649626 1649883 0.514 <0.001 75.4,24.6
Three Class 33 1643957 1644249  0.602 <0.001 58.8,21.0, 20.1
Four Class 37 1640457 1640784  0.629 <0.001 14.7,14.8,57.5,13.1
Five Class 41 1638982 1639345 0.663 <0.001 13.3,56.8,14.3,13.5, 2.0
Six Class 45 1638057 1638455  0.654 <0.001 14.2,1.9,14.1,54.8,10.9, 4.1
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g::l(:\:ty symptoms Params AIC BIC Entropy V,I;x:hl;:T Class Proportions (%)
Growth Curve 25 1626515 1626737 NA NA 100
Two Class 29 1617917 1618174 0.444 <0.001 66.5, 33.5
Three Class 33 1611748 1612040  0.602 <0.001 44.8,29.0, 26.2
Four Class 37 1607426 1607753  0.609 <0.001 19.3,44.7,18.9,17.1
Five Class 41 1605757 1606120  0.652 <0.001 17.3,20.1,44.4,16.3,2.0
Six Class 45 1604713 1605111  0.669 <0.001 2.0,19.7,16.8,42.9,15.6,3.0
::r:r;‘)(:iircr’rr::rln GMM Params AIC BIC Entropy V:'_\‘,II:I:ZT Class Proportions (%)
Growth Curve 25 1088331 1088541 NA NA 100
Two Class 29 1082202 1082445  0.565 <0.001 26.7,73.3
Three Class 33 1078518 1078795  0.577 <0.001 23.9,62.2,13.9
Four Class 37 1076928 1077238  0.619 0.0018 20.9, 60.5, 10.3, 8.4
Five Class 41 1076092 1076436  0.625 0.0038 17.8,6.4,7.0,58.7,10.1
Six Class 45 1075459 1075836  0.639 0.0011 57.7,17.5,8.1,2.2,4.6,9.9

Params = parameters, AIC = Akaike’s Information Criterion, BIC = Bayesian Information Criterion, VLMR LRT =
Vuong-Lo-Mendell-Rubin Likelihood Ratio Test. Proportions are based on a patient’s most likely class. Lower
values on AIC and BIC indicate better fit. Higher entropy represents better distinction. A significant VLMR LRT
p-value suggests the current model is a better fit of the data than a model with one fewer class.
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Figure 1. Elbow plot of Bayesian Information Criterion (BIC) values for growth mixture

models of depression symptoms (PHQ9; upper left), anxiety symptoms (GAD7; upper

right) and functional impairment (WSAS; bottom)
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Figure 2 shows the model-estimated mean trajectory for each class from the selected four-
class models, as well as observed mean patient trajectories per class. As observed in
Chapter 4, the estimated trajectories were strikingly similar across the outcomes, and
therefore the same labels were used. These labels were appropriate for the severity score
thresholds of each measure (i.e., mild, moderate-severe; Kroenke et al., 2001; Mataix-Cols
et al., 2005; Mundt et al., 2002; Spitzer et al., 2006). Three classes had initially moderate-
severe scores, one of which showed no notable change (moderate-severe plateau; grey
squares), the second improved steadily throughout (moderate-severe, gradual
improvement; orange diamonds), and the third showed early improvement over the first
five treatment sessions then little change (moderate-severe, fast improvement; blue
triangles). In the symptom models, this latter trajectory showed slight deterioration in the
last two sessions. A fourth class had mild baseline scores, with estimated mean intercept
values below case thresholds in the symptom models (PHQ9 = 8.9, GAD7 = 7.8) and minimal
change over treatment sessions (mild, small improvement; green circles). For brevity, these
will be referred to as ‘plateau’, ‘gradual’, ‘fast’ and ‘mild’. The estimated class trajectories
closely represented the average observed trajectories although less so for the latter half of

treatment, especially for the fast and mild classes.

5.4.2.1 Depression symptoms growth mixture model

Over half of the sample were most likely to belong to the mild class of the depression model
(62%), and 11-13% to each of the other classes. The mean number of sessions received,
including the assessment, ranged from 5.7 (SD = 2.5) for fast to 6.9 (SD = 3.3) for plateau.
By the final session, the majority of patients in the fast and mild classes who had scored as
a case on at least one of the PHQ9 and GAD7 at baseline now scored below on both
(‘recovery’ 70% and 53% respectively; this does not reflect scores after the tenth treatment
session in patients who received more sessions). Most patients in the gradual and plateau
classes had not recovered (32% and 1.5% recovered). Full descriptives of patients in each

class, for each outcome, are available in Supplementary Information 5-7.
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Figure 2. Four-class growth mixture models of patients during internet-enabled cognitive-
behavioural therapy based on: a) depression symptoms (PHQY9; n = 51,683)
b) anxiety symptoms (GAD7; n = 51,667) c) functional impairment (WSAS; n = 32,168)

Model-estimated and observed mean trajectories of each class. Therapy session O represents
baseline pre-treatment assessment. Counts and proportions (%) are based on patients’ ‘most likely’

trajectory membership. Total N = 52,029; patients with at least one recorded score for an outcome
measure were included in that model.
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5.4.2.2 Anxiety symptoms growth mixture model

Compared with the depression model, fewer patients in the anxiety model were most likely
to belong to the mild class (48%), and more to the gradual or fast class (20% and 18%). The
mean number of sessions received ranged from 5.6 for fast and mild (SD = 2.6 and 3.1,
respectively) to 7.4 (SD = 3.1) for plateau. Similar proportions to the depression model
recovered in each class, with the highest in the fast class (72%), followed by the mild (54%),

gradual (34%) and plateau (1.5%) classes.

5.4.2.3 Functional impairment growth mixture model

The fast class of the functional impairment model continued to improve for longer than in
the symptom models, however, this deviated from the observed scores. Similar to the
depression model, the majority of the sample were most likely to belong to the mild class
(67%). Nevertheless, there was a substantial proportion of patients in the plateau class
(22%), with few assigned to either the gradual or fast improvement class (5% and 6%). The
mild class had the lowest average number of sessions (5.6; SD = 3.1) and the gradual class
the highest (8.4; SD = 2.0). There is no standard WSAS recovery threshold, however, most
patients in the gradual, fast and mild classes showed symptom-based recovery (63%, 78%,
53% respectively), whilst few did in the plateau class (10%). Overlap of trajectory classes
between the three models is presented in Supplementary Figure 2. Over a third of patients

(37%) were in mild classes for all three outcomes, and 6% were in plateau classes for all.

5.4.3 Associations of baseline variables with trajectory class

As was described in Chapter 4, regression results are reported with odds ratios (ORs)
representing the difference in odds of a specific trajectory class in comparison to the
moderate-severe plateau class (see Figure 3 or Supplementary Tables 4 - 6). As an example,
in the depression model, for every one point higher on the anxiety symptoms measure, the
OR of being in the moderate-severe, gradual improvement class compared with plateau
was 1.04. A patient with a score of 21 (the maximum) had 2.28 the odds of being in the
gradual class than a patient with a score of 0 (the minimum). This demonstrates the
importance of the unit and scale of the measure for interpretation. For each model, several

results with OR values are included to assist interpretation of Figure 3.
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Figure 3. Odds ratios of patient trajectory class membership from multinomial regressions of baseline variables and four-class growth
mixture models of depression symptoms (PHQ9; n = 51,683), anxiety symptoms (GAD7; n = 51,667) and functional impairment (WSAS; n =
32,168), during internet-enabled cognitive-behavioural therapy

Reference class = moderate-severe, plateau; points to the right of x = 1 indicate greater odds of the trajectory class indicated by colour. PHQ9 = depression
symptoms, GAD7 = anxiety symptoms, WSAS = functional impairment. Non-worker = e.q., retired. GAD = generalised anxiety disorder; Other anxiety = e.qg.,
panic disorder, social phobia; OCD = obsessive-compulsive disorder; PTSD = post-traumatic stress disorder; ‘Other’ = e.g., adjustment disorders. A Bonferroni-
adjusted threshold of p < 0.016 was used to account for the three independent models.
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5.4.3.1 Conditional growth mixture model of depression symptoms

Higher baseline anxiety symptoms were associated with lower odds of belonging to the
mild depression model class (OR = 0.81) and negligibly higher odds of the gradual (OR =
1.04) or fast (OR = 1.02) class. For each of the four functional impairment items and three
phobia items, a higher score was generally associated with lower odds of the fast or mild
class. Social and specific phobia scores additionally differentiated the gradual class from
plateau, but effects were small. Reporting prescribed psychotropic medication, a disability,
being unemployed or a non-worker was associated with lower odds of the fast or mild class.
Unemployment additionally showed lower odds of the gradual class. Compared with a
depression diagnosis, patients with any other diagnosis besides PTSD were more likely to
be in the mild class. Patients with ‘Other anxiety’, OCD or PTSD were less likely to belong
to the gradual or fast class. No associations were found with the binary categories of

ethnicity and gender. Older age was associated with higher odds of the fast or mild class.

5.4.3.2 Conditional growth mixture model of anxiety symptoms

A higher baseline score for depression symptoms, a functional impairment item or phobia
item was associated with lower odds of the fast class than the reference class, plateau (ORs
0.93-0.97). Higher scores were also generally associated with lower odds of the mild class.
Of these variables, only social and private leisure impairment and specific phobia
differentiated the gradual class from plateau, albeit negligibly. Reporting prescribed
medication or a disability was associated with lower odds of the fast class, as was being
unemployed or a non-worker, which additionally showed lower odds of the gradual class.
Unlike in the depression model, none of these factors were associated with the mild class.
Compared with a depression diagnosis, all diagnoses besides Other were associated with
lower odds of the mild class. OCD and PTSD were associated with lower odds of any more
favourable class, especially mild. No significant association was found with ethnicity, or any
notable association with age. Male gender, compared with female, was associated with

higher odds of the mild class.

5.4.3.3 Conditional growth mixture model of functional impairment
Higher baseline symptom scores for anxiety, depression and phobia items were each

associated with lower odds of the mild trajectory class, compared with the plateau class.



This was strongest for depression and social phobia (ORs = 0.87 and 0.81). Higher
depression, social phobia and specific phobia symptoms were additionally associated with
lower odds of the fast class, and specific phobia was associated with lower odds for any
more favourable class. The pattern of associations with employment status and disability
were the same as in the depression model, although point estimates for association with
employment status were stronger in the present model. Consistent with the depression
model, a diagnosis of GAD or ‘Other anxiety’ was associated with increased odds of the
mild class, compared with a depression diagnosis and as observed in both symptom
models, OCD was associated with lower odds of the fast class. There was some indication
of lower odds of the mild class for patients from minoritised ethnic groups. As was observed
for the symptom models, older age was associated with higher odds of the fast or mild
class. Results for the GMM and regressions with the four-item WSAS, without the work
item, were largely similar besides differences for diagnoses of OCD, PTSD and Other, and

non-worker employment status (Supplementary Information 8).

5.5 Discussion

5.5.1 Overview

Depression symptoms, anxiety symptoms and functional impairment scores of 52,029
patients during internet-enabled CBT were each best modelled by four underlying classes
of trajectories. These trajectory classes showed different associations with patient
variables recorded at the start of treatment, such as employment status and comorbid
symptoms. Strikingly, the trajectories identified in our analyses were highly similar to those
found in analyses of patients who attended in-person psychological therapies services
(Chapter 4, as well as Saunders et al., 2019). This study demonstrated for the first time that
symptom trajectory classes from in-person therapy generalise to internet-enabled CBT, and
additionally identified trajectory classes of functional impairment and their associations

with baseline variables.

5.5.2 Growth mixture models

For each outcome, the heterogeneity in the observed data was better explained by four
trajectory classes than a single average trajectory. All three selected models had three
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trajectory classes which demonstrated initially moderate-severe symptoms or impairment
followed by slopes showing: no change (‘plateau’), gradual improvement, or fast
improvement. A fourth class with lower average baseline values was called mild, small
improvement. The similar initial scores of the moderate-severe classes indicate that,
although a reliable predictor of endpoint outcome (Buckman et al. 2021), baseline severity

is insufficient to indicate the trajectory that a patient may follow.

For each model, the majority of patients were most likely to belong to a mild trajectory,
consistent with in-person therapy findings (Chapter 4 and Saunders et al., 2019). Around
one-third were assigned to a mild trajectory class for all three outcomes. This may be
attributable to some patients’ primary severity being reflected in other symptoms such as
phobias. Compared with symptom models, the functional impairment model had more
patients in the mild, small improvement and plateau classes. This tentatively supports
existing evidence that functional impairment takes longer to exhibit change than symptoms

(Howard et al., 1993), highlighting the need to include impairment as a treatment outcome.

The plateau and gradual classes showed the lowest recovery rates. As discussed in Chapter
4, low recovery could be partially attributed to patients who required a higher number of
sessions to improve than were available to model here (Robinson, Delgadillo, et al., 2020).
This may be especially applicable for impairment if symptomatic improvement is required
first (Howard et al.,, 1993). A trajectory study of in-person pharmacological and
psychological depression therapies over a six-month period revealed late improvement in
patients who had shown little symptom change at three months and suggested that short

timeframes can overestimate nonresponse (Thibodeau et al., 2015).

5.5.3 Associations of baseline variables and class membership

Overall, the associations between baseline variables and symptom class membership were
similar to those reported in two existing trajectory class studies of patients who received
in-person therapy (Chapter 4 and Saunders et al., 2019). In the present study, there were
several consistent patterns of association across the three outcomes. As also observed in

Chapter 4, there was a fairly stable pattern of lower odds of any of the more favourable
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classes for patients who were unemployed, and similar yet attenuated associations for non-
workers. A higher score on a symptom scale, functional impairment or phobia item was
generally associated with lower odds of fast improvement or mild classes, although effects
were small. The social phobia item showed especially strong associations with the
functional impairment fast and mild classes. This suggests that impairment is a particularly
relevant outcome for patients with higher social phobia symptoms. Although some
impairment and phobia items showed lower odds of the gradual improvement class,
relationships with fast improvement were stronger and more consistent. These variables
could potentially differentiate expected speed of change, as was observed for the total

WSAS score in Chapter 4.

Compared with depression, all other diagnoses showed higher odds of a mild depression
model trajectory class (except PTSD) and lower odds of a mild anxiety model trajectory
class (besides ‘Other’). This pattern was also observed in Chapter 4. Interestingly,
associations between diagnosis and functional impairment trajectory class were more
similar to associations with the depression model, with GAD and ‘Other anxiety’ more likely
to show a mild trajectory. This did not appear to be driven by differences in diagnostic
frequencies between the impairment model subset and overall sample (Supplementary
Table 4). Alongside this, the relationship between higher symptom scores and lower odds
of the mild class was stronger in the functional impairment model for depression symptoms
than anxiety symptoms. This was also consistent with a stronger correlation between the
baseline WSAS and PHQ9 scores than with the GAD7 score. These findings could be
interpreted in the context of severe impairment being observed more frequently in
depression than anxiety disorders (Rapaport et al., 2005). It might also be attributable,
however, to greater conceptual overlap between the PHQ9 and WSAS items. Another
notable association with diagnosis was that PTSD and OCD showed lower odds of
depression or anxiety model gradual or fast classes. The association of each of these two
diagnoses and the fast class was also observed in Chapter 4, suggesting that this is an
especially robust and generalisable finding. In the present study, OCD was also associated
with lower odds of the functional impairment model fast class, indicating that this diagnosis
may be of particular clinical relevance. There is evidence that a greater number of therapy

sessions may be required to observe symptom improvement in OCD than most depression
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and anxiety disorders (Robinson, Kellett, et al., 2020). This suggests that OCD is not
necessarily associated with nonresponse but requires a greater dose of therapy than was

modelled in our analysis.

Positive associations between the absence of a disability and older age with fast and mild
trajectories reflected findings from investigations of endpoint outcomes in internet-
enabled CBT (Catarino et al., 2018; Karyotaki et al., 2018). The association with age may be
specific to internet-delivered treatments, as it was not observed in either in-person therapy
study. The trajectory-based approach additionally revealed that, although fast
improvement was less likely than the plateau class for patients who were younger or
reporting a disability, they had comparable odds of gradual improvement. Therefore,
although these patients have higher odds of no change than fast improvement, that does

not mean that they are not likely to improve, but it is likely to be gradual if they do.

Some previously reported associations were not found in this analysis, such as lower odds
of the anxiety model mild trajectory class for unemployment and prescribed medication in
Chapter 4. This might be due to the baseline variables included, and therefore adjusted for,
which had not yet been simultaneously tested in an analysis of in-person therapy. Rather
than replication, the aim was to explore a wide range of factors that could feasibly be

clinically implemented.

5.5.4 Strengths and limitations

This study revealed novel insights into the potential trajectories of symptoms and
functional impairment for patients receiving internet-enabled CBT for common mental
health disorders. Increasing reliance on remote technologies to provide therapy makes
these findings particularly timely. Furthermore, the large sample size provided statistical
power to accurately estimate multiple significant associations between baseline variables
and trajectory classes. The in-person data used in Chapter 4 was less standardised than the
data analysed in the present study, for example, having greater variation in treatment type
and session regularity. Despite this, results were highly similar, both in terms of trajectory

shapes and associations with baseline variables. This is consistent with reports of similar
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endpoint outcomes between these methods of treatment delivery. Our results additionally

highlighted the importance of monitoring impairment alongside symptom:s.

There were a number of limitations to this study. One issue was estimated trajectories in
the five- and six-class models falling outside the possible range of the measure. This is more
likely to occur in complex models with many time points and unconstrained variance and
can indicate inappropriate models (van der Nest et al., 2020). Furthermore, the estimated
mean trajectories slightly diverged from the observed mean trajectories, especially for later
sessions and for the functional impairment model. This could be due to treatments ending
(recovery, referral or dropout) earlier than the ten treatment sessions modelled, such that
later time points relied on data from fewer remaining patients. Unfortunately, there was
no reliable data on the end of treatment reason. Replication in a trial with a prespecified
number of sessions across patients could help clarify how missing data influenced the
models but this design would remain subject to dropout. However, four-class symptom
models were converged that were strikingly similar to models from independent samples,
supporting the utility and validity of the trajectories. Another issue with missing data was
the frequent ‘not applicable’ response to the WSAS work item. Models estimated in a
patient subset without valid responses were highly similar to those from the full measure
in terms of trajectory shape and class membership allocation but there were some
differences in the identified baseline associations. This might suggest that separate models
would be required depending on an individual’s employment status. Ideally, patients would
be encouraged to respond to the item where possible, for example, students could report

impairment in their ability to study.

Baseline variables were selected based on availability and previously reported in-person
findings, however, there was no available data on factors such as disorder chronicity and
comorbidity which are associated with endpoint outcomes (R. C. Kessler et al., 2017) and
might also differentiate trajectory classes. Future explorations of trajectory associations
could additionally be informed by data-driven approaches, such as data mining of therapy
transcripts, which internet-enabled CBT readily allows for (Ewbank et al., 2020). Another
limitation was that a binary ethnicity variable was used due to low numbers of patients

identifying as being from specific minoritised ethnic groups. In Chapter 4, a more ethnically
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diverse sample showed different relationships with symptom trajectories for patients of
Asian, Black, multi-ethnic and ‘other’ ethnicity, but functional impairment was not
modelled. Further investigation is required with more representative ethnic groups. Future
studies of the trajectories of symptoms and functional impairment should also ideally
include a higher number of sessions than was available to us here. Late improvement and
greater recovery may then be observed in some patients who showed plateau or gradual
trajectories. Additionally, given the symptomatic heterogeneity of depression and anxiety,
and different associations between symptoms and impairment domains (Fried & Nesse,
2014), individual questionnaire items and class membership could be explored. The
different associations seen with impairment in home management in the present study
indicates the relevance of this. Finally, modelling trajectories of core symptoms for
disorders such as phobias and PTSD would be useful; although the GAD7 has reasonably

high sensitivity for these disorders, it does not fully capture them (Kroenke et al., 2007).

5.5.5 Implications and conclusions

This study showed that individual differences in trajectories of symptoms and functional
impairment during internet-enabled CBT can be captured by four underlying classes. These
trajectory classes were associated with baseline patient variables such as employment and
comorbid symptoms. The plateau class might reflect patients who require support in other
domains to benefit from treatment, for example employment or unmeasured factors such
as parenting or finance. This requires further exploration. Identifying patients likely to show
fast improvement could assist service efficacy, whilst recognising the need for some
sessions after remission to guard against false positives and relapse (Robinson, Kellett, et
al., 2020). Gradual improvement patients could be at risk of premature treatment
termination, by themselves or their clinician, as the trajectory over the first few sessions is
indistinguishable from a plateau. Information on the possibility of later improvement might
help prevent therapy from inappropriately ending, which could be especially important for
observing improvement in functional impairment. While this study provides a step towards
personalised treatment approaches, further research is required to produce validated
predictive models that can combine information across variables to estimate a patient’s

most likely trajectory during an initial assessment.
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Internet-enabled psychological therapy shows promise as an alternative to in-person
treatment, with similar efficacy and even potential advantages that could play an integral
role in improving treatment access (Andrews et al., 2018). Our findings were highly similar
to studies of in-person therapy, suggesting that conclusions can be generalised across these
modalities. Using variables available at the start of treatment to predict the timing of
improvement could inform treatment plans, ensuring that therapy is not concluded or
altered prematurely, and thereby increase the chances of the best possible outcomes for

patients.
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Chapter 6: General Discussion

6.1 General overview of findings

The overarching aim of this thesis was to better understand treatment-related phenotypes
in depression and anxiety. | assessed methods of measuring depression and anxiety for
genetic studies, specifically, reported pharmacological treatment and scales of symptom
severity and functional impairment (Chapters 2 and 3). | also investigated longitudinal
patterns of the same scales during psychological therapy (Chapters 4 and 5). This final
chapter presents a discussion of the findings from the four empirical studies in relation to
one another. | will first provide an overview of the key findings from each study and then
contextualise these findings in terms of the existing literature. | will then discuss the
strengths and limitations of the statistical methods, samples, and measures, before

outlining directions for future research.

In the first study, Chapter 2, | explored whether self-reported medication use is a feasible
method to ascertain depression and anxiety cases, and identify additional cases, when
clinical information is unavailable or sparse. Genetic correlations were high (ry = 0.6 - 0.7)
between use of antidepressant or anxiolytic medication in the UK Biobank and existing
case-control phenotypes derived from diagnostic questionnaires or interviews. Polygenic
risk scores (PRS) from the diagnostic measures also indicated genetic overlap, significantly
predicting variance in medication use. A minority of participants reported antidepressant
or anxiolytic medication but were not identified as cases by other methods available in the
UK Biobank, such as hospital records or reported help-seeking. Lower genetic overlap
between this ‘novel’ group and the existing diagnostic phenotypes indicated noisier genetic
signal and unlikely true case-status. The results suggested that this brief phenotype would
be useful as the sole method of case ascertainment only where no better validated
phenotypes are available, rather than identifying additional cases to supplement existing

measures.

In Chapter 3 | investigated other depression and anxiety treatment-related phenotypes in

a sample with lifetime experience of depression and/or anxiety from the Genetic Links to
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Anxiety and Depression (GLAD) Study. The three phenotypes were measures of depression
symptoms (PHQ9), anxiety symptoms (GAD7) and functional impairment (WSAS). A
heritable component was found for each, and the genetics underlying symptom severity
were largely the same as those for functional impairment (rg = 0.8 - 0.9). This suggested
that, although impairment is important to measure from a diagnostic and patient
perspective, genetic studies using symptom severity as a brief phenotype will capture most
of the same variants. The results therefore added to the existing body of evidence for
analysing symptom measures when full diagnostic criteria are unavailable. Moreover, the
results suggested that genetic information from genome-wide association studies (GWAS)
of symptom severity is sufficient for prognostic prediction models, as genetic data on
functional impairment would be unlikely to explain substantial additional variance. Across
both Chapters 2 and 3, high genetic correlations offered new additional evidence for brief

phenotypes to identify depression and anxiety in genetic studies.

Chapters 4 and 5 used growth mixture modelling to investigate the existence of underlying
subgroups of patients with similar treatment outcome trajectories during psychological
therapy for depression or anxiety. Both studies used data from Improving Access to
Psychological Therapies (IAPT) services, and the same measures were explored as in
Chapter 3. The first study was performed with electronic treatment records of over 16,000
patients who received high-intensity psychological therapy from physical services in South
London. The second study investigated trajectories in a sample of more than 50,000
patients who had received cognitive-behavioural therapy (CBT) delivered in real-time via
the internet. In both chapters, the trajectories of depression and anxiety symptoms were
investigated. In Chapter 5, functional impairment was also modelled. Across all outcomes
in both studies, individual variation in trajectories could be captured by four latent classes.
The shape of the trajectories was highly similar across the measures: three moderate-
severe trajectories showing no change (‘plateau’), fast improvement, and gradual
improvement, respectively, and a mild trajectory with minimal change. Trajectory classes
had different associations with routinely recorded patient variables, which again were

broadly consistent across the studies.
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6.2 Discussion of findings in the context of core themes and previous literature

6.2.1 Brief phenotyping with treatment-related measures can be useful when
detailed information is scarce or unavailable

Depression and anxiety are common disorders arising from the complex interplay of a
variety of aetiological factors. They are extremely costly and burdensome both to the
individual and society. Depression and anxiety are moderately heritable, and the genetic
factors that underlie them appear to be largely shared. This similarity can be leveraged by
studying them as a single ‘internalising’ phenotype. Yet, progress in identifying genetic
variants associated with depression and anxiety has been hindered by several factors.
Foremost, they are highly polygenic, such that they are influenced by a large number of
genetic variants each of very small effect size. Two approaches to increasing statistical
power for detecting variants have been highlighted: decreasing sample heterogeneity and
increasing sample size. The latter can be achieved through resource-saving phenotyping
methods that are less detailed than diagnostic interviews or questionnaires, called ‘brief

phenotyping’.

Recent successes in variant discovery have largely been due to the use of brief phenotyping
(e.g., Levey et al., 2020). Support for the validity of brief phenotypes primarily comes from
high genetic correlations with cohorts using more diagnostic methods of case
ascertainment as well as across measures of differing levels of detail within cohorts (e.g.,
Howard et al., 2019). In Chapter 2, most medication use cases in the UK Biobank sample (>
85%) were already captured by the item of help-seeking for internalising symptoms. This
resulted in comparatively few ‘novel’ medication use cases, who conferred noise rather
than relevant genetic signal. Help-seeking is a prerequisite of obtaining prescription
medication and would also capture those receiving other treatments. This highlights how
the potential of a brief phenotype needs to be considered in terms of the specific study
and other available measures. For example, although arguably more useful than the
medication item in the UK Biobank, help-seeking phenotypes, including self-report of a
diagnosis from a medical professional, will fail to capture a proportion of true cases due to
the ‘treatment gap’. An optimal brief phenotype may therefore be experience of lifetime

core symptoms, which a recent study found accounted for most of the heritability in a
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diagnostic depression questionnaire (Jermy et al.,, 2021). On the other hand, lifetime
symptom measures are not always available and therefore alternate methods of defining
cases will continue to be useful, whether in isolation or for triangulation with other less

clinically precise methods to improve reliability (Glanville et al., 2021).

Current symptom score measures have also been successfully used as brief phenotypes of
depression and anxiety in genetic studies (Direk et al., 2017; Levey et al., 2021; Purves et
al., 2020). Compared with lifetime diagnostic measures, these may be less influenced by
recall bias, quicker to complete and, when used as a quantitative trait, provide greater
statistical power (Yang et al., 2010). Symptom scores are also not reliant on accurate
prevalence values for conversion to liability scale estimates. Furthermore, a symptom-
based approach is less limited by the validity of diagnoses (Insel et al., 2010; Kendler, 2016).
The use of brief phenotypes is based on the theory that the genetic liability to mental health
disorders lies on a normal distribution, and thus many of the same genetic variants
influence subclinical levels. There is mounting evidence for this, to which Chapter 3
contributed by showing high genetic correlations between symptom severity and
functional impairment, given that impairment is a key “missing” element of diagnoses
when compared to symptom severity. However, there was possible indication of modest
unique genetic variance as each genetic correlation slightly, but significantly, differed from
unity. This warrants further investigation. The results also suggested that functional
impairment scores could similarly be used to phenotype depression and anxiety if other
measures, including symptom scales, were unavailable. This is likely to capture a broader
phenotype, consistent with previous suggestions that functional impairment may
represent a transdiagnostic method of identifying psychiatric cases to maximise sample
size for genetic studies (McGrath et al., 2013). The brief phenotypes of Chapters 2 and 3
could feasibly complement each other by identifying slightly different groups.
Supplementing scales of current symptoms or impairment with questions about current
treatment use might capture individuals currently below clinical ranges due to the
effectiveness of treatment as well as those who have not sought or received treatment but

who present severely on the scales.
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The future of psychiatric genetics lies in both brief phenotyping to increase sample sizes,
and detailed diagnostic techniques to improve specificity. These approaches are
complementary, with brief phenotyping offering a logical, practical approach while detailed
clinical information is collected. Brief phenotypes have revealed significant loci with
plausible relationships to brain regions, biological processes, and other phenotypes
(Howard et al., 2019; Levey et al., 2020). Detailed diagnostic phenotypes can then be used
for further investigations of possible variants, restricted to smaller, less heterogeneous,
subsets of patients that may be especially informative. This is a central part of the
Psychiatric Genomic Consortium’s current work (Sullivan et al., 2018). Brief phenotyping is
not without its limitations, but appears to be a practical, resource-saving method of

identifying likely psychiatric cases and increasing power for polygenic prediction.

6.2.2 There is meaningful individual variation in trajectories of treatment outcomes
during in-person and internet-enabled psychological therapy

There appear to be subgroups during psychological therapy such that patients do not all
exhibit a similar longitudinal response pattern. Prior to the work in this thesis, most existing
studies were arguably underpowered due to small sample sizes and had not explored
trajectories beyond the first few sessions (e.g., Lutz et al.,, 2014). Furthermore, to my
knowledge existing studies had not investigated trajectories in an internet-delivered
format consisting of real-time CBT sessions with a therapist (internet-enabled CBT).
Chapters 4 and 5 differed from one another not only in the modality of therapy delivery
but in the number of minimum sessions received and the therapies offered, with the in-
person sample receiving a variety of high-intensity treatments as opposed to being
restricted to CBT. In line with evidence of equivalence across therapy types and delivery
methods (e.g., Cuijpers et al., 2019, 2021) results were largely consistent across the two
studies in terms of number and shape of trajectories, as well as associations with baseline
variables. The optimal models selected for symptoms were also highly similar to those from
analysis in two North London IAPT services that had approximately a third of the sample

size and several methodological differences (Saunders et al., 2019).

153


https://paperpile.com/c/UlFFIr/H9s5+6UhX
https://paperpile.com/c/UlFFIr/kVYS
https://paperpile.com/c/UlFFIr/10IL
https://paperpile.com/c/UlFFIr/PtI4+J89V
https://paperpile.com/c/UlFFIr/ENQC

Relationships between patient variables and trajectory classes provided information that
could potentially guide decision-making, improve service efficiency and enable timely
adjustments. This information might be especially useful to highlight where a patient may
benefit from continued treatment despite apparent non-response. Some of the identified
associations confirmed observations from studies of endpoint outcomes, for instance, not
being in employment is a consistent correlate of both non-recovery and the moderate-
severe plateau trajectory classes. Other associations with trajectory classes were more
informative as they distinguished between different rates of improvement. A group of
particular clinical importance was the gradual improvement class, who could be at risk of
inappropriate early alteration or termination of treatment. Compared with odds of the
moderate-severe plateau trajectory class, higher baseline functional impairment showed
slightly lower odds of being in the fast or mild symptom classes, but no difference in the
odds for the gradual class. Splitting the functional impairment scale into items in Chapter
5 revealed slight nuances to this relationship for the anxiety trajectory classes, indicating
the value of item-based analyses. Furthermore, higher depression symptoms showed
lower odds of fast improvement in anxiety or impairment scores, but not of gradual
improvement. Therefore, unlike characteristics that are associated with lower likelihood of
any of the favourable trajectories (e.g., unemployment), these do not necessarily reduce
the possibility of improvement. However, where improvement occurs, it will likely be
gradual. The similar findings across these studies hints at the possibility that, generally,
conclusions regarding treatment outcomes from in-person therapy samples can be

generalised to internet-enabled therapy.

6.2.3 Functional impairment

Results from Chapter 3 indicated that, despite only moderate phenotypic overlap,
symptom severity is highly genetically similar to functional impairment. This may have
value in prediction models of disorder risk and treatment response, which could use
genetic information based on symptoms for both symptom and impairment outcomes.
Phenotypic correlations with functional impairment were stronger for depression than
anxiety symptoms in both Chapters 3 and 5. Furthermore, associations with baseline
variables for impairment trajectories in Chapter 5 were more similar to those for
depression symptom trajectories. As discussed in Chapter 3, this might indicate that the
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WSAS is more sensitive to depression symptoms, or specifically, the PHQ9 in comparison
with the GAD7. This should be considered when working with these measures, as
impairment may be especially impacted by GAD symptoms of impaired concentration or

sleep problems (Fried & Nesse, 2014), which are not assessed by the GAD7.

Chapter 5 also showed that functional impairment follows similar trajectories to symptoms
during psychological therapy. The modelling technique did not allow us to determine
temporal patterns between the three outcomes for the same individuals and therefore
whether change occurred at a similar rate. However, most patients (roughly 90%) were
allocated to the functional impairment model moderate-severe plateau or mild, minimal
improvement trajectory class. This higher proportion than observed in the symptom
models suggested that, within the sessions modelled, improvement in functional
impairment was less likely than in symptoms. This is broadly consistent with reports of a

lag in improvement of impairment following symptom improvement.

6.3 Strengths and limitations

The analyses in this thesis were performed with samples from four different sources and
using multiple methods. General advantages and limitations to each of these will be

discussed here.

6.3.1 Methods

6.3.1.1 Genome-wide association studies do not capture all genetic influences

Two of the chapters included genome-wide association studies (GWAS; Chapters 2 and 3).
Although the main purpose of GWAS is typically to identify significantly associated variants,
here it was performed primarily to enable secondary analyses with the resulting summary
statistics, such as genetic correlations. GWAS is a robust, hypothesis-free method that has
revealed many replicable findings for depression and anxiety, and subsequent analyses
have provided biological insights about their aetiology. However, GWAS has several
limitations that will have impacted secondary analyses, and these limitations also apply to

estimates of heritability using individual-level data (GCTA-GREML). First, if causal variants
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are neither genotyped directly nor tagged by other genotyped variants, their effects will be
missed. Furthermore, the methods used here were limited to common variants and will
therefore not have captured rare variants that, under a selection model, may have larger
effects. Rare copy number variants have been implicated to have a role in depression,
highlighting the possible loss of information here (Kendall et al., 2019). Although genetic
correlations are independent of heritability, such that correlations can be high for
phenotypes with low, non-zero heritability and vice versa, heritability does reflect the
power to detect a significant correlation. Therefore, underestimates of heritability due to
failure to capture causal variants can produce inaccurate genetic correlations. Second,
interactions were not modelled. Current understanding is that interactions between
variants contribute little to genetic variance (Hill et al., 2008; Polderman et al., 2015).
However, our lack of understanding of interactions between genes and the environment is
more problematic. This is essential for devising interventions and preventions using
environmental modifications, including psychological therapy. Significant interactions have
proven difficult to identify, with an even greater multiple testing burden and a lack of well-
defined and measured environments (Tam et al., 2019). Polygenic risk scores provide an
approach to assessing gene-environment interactions (e.g., Colodro-Conde et al., 2018) but
more finely characterised, longitudinal cohorts with genetic data may be required to
investigate further. Gene-environment correlations further complicate the relationship
between genotype and phenotype. Family-based designs can help to disentangle these
influences and avoid spurious inflation of genetic influence (Morris et al., 2020; Young et
al., 2018). Finally, like all GWAS, GWAS of self-reported medication use or symptom scales
for variant discovery would require follow-up analyses, such as fine-mapping and

functional annotation, to elucidate causal variants and associated biological mechanisms.

6.3.1.2 Growth mixture modelling as a useful heuristic of a complex reality

Growth mixture modelling can reveal hidden subgroups in longitudinal data, informing a
person-centred approach to mental health treatment. However, there are criticisms of this
method. The grouping of patients into classes seemingly contradicts the narrative of the
dimensionality of mental health that has featured throughout this thesis. Several
considerations are important here: growth mixture models output a probability of

belonging to each trajectory class for each individual, and there is variance within classes,
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allowing patients to deviate from one another to some extent. Ideally, | would have
weighted our regression models with baseline characteristics by the class probabilities such
as in the ‘three step’ method implemented in Mplus software. However, this did not allow
for simultaneous multiple imputation of missing data in the baseline variables. With
unlimited time, | would have liked to run the ‘three step’ method, or weighted regressions
in R, as a sensitivity analysis. The large sample size and similar results across samples does
perhaps suggest that findings would remain largely the same. Furthermore, as much as
grouping can be considered crude, decisions cannot be made on the basis of dimensions.
Even in the presence of confidence ratings for interpretation of a statistical

recommendation, thresholds have to be imposed to determine how to treat a patient.

Growth mixture modelling requires a-priori expectations of the number and shape of
trajectories, ideally from previous literature, as there is no single index of an optimal model.
Model selection was guided by existing studies showing three to five trajectory classes and
considerations including fit indices. This degree of subjectivity in model selection means it
is possible that others would argue for a different one. Some of the trajectory classes may
reflect regression to the mean or spontaneous remission, nonetheless, this does not lessen
their potential to provide guidance of outcome change timings, whether directly due to
treatment or not. Moreover, the finding of three groups with similar intake scores but

different slopes renders regression to the mean a less likely explanation.

It is an assumption that the classes from growth mixture models represent real entities
found in clinical practice rather than spurious creations of the model specification.
Whether the classes ‘make sense’ is a key, yet highly subjective, consideration (Ram &
Grimm, 2009). It seems fair to say that not all patients do respond at the same rate, but
whether they belong to meaningful, qualitatively different subgroups cannot be known.
This assumption can, however, be supported by further evidence in the form of replication
in independent data, and exploration of expected relationships with other variables (Ram
& Grimm, 2009). Such congruence was largely seen between the findings from Chapters 4
and 5, which were also both similar to a prior existing study (Saunders et al., 2019).
Furthermore, observations such as lower odds of a mild anxiety trajectory for an anxiety

problem descriptor provide additional face validity for the groups. In summary, growth
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mixture models are a heuristic that represent a far more complicated reality. However,
they draw attention to the risks of considering patients as a single group with similar
expectations as to how they will respond to treatment and also provide information that

could be used in clinical decision-making and monitoring of patient progress.

6.3.2 Samples

6.3.2.1 Ancestral diversity in volunteer-based cohorts

A critical priority in genetic research is ensuring that findings are applicable across diverse
ancestries. The patient sample from South London and Maudsley (SLaM) IAPT services
illustrated that minoritised ethnic groups in the UK are using mental healthcare services,
yet study samples meant to inform our understanding of treatment do not reflect this
(although note that ancestry and ethnicity are not the same; Peterson et al., 2019). UK
Biobank and the GLAD Study are excellent “big data” resources for mental health research
but do not represent the UK population; both cohorts are heavily skewed to White, highly
educated women of European ancestry. This is a general problem throughout genetics
research. As of January 2019, 78% of individuals in GWAS studies were of European
ancestry, and only 2% African (Sirugo et al., 2019). Trait-associated variants are often the
same across ancestries, but allele frequencies differ. Variants that are highly relevant in a
population may therefore be low frequency or completely absent in European populations,
thereby conferring little or no risk. Furthermore, population differences in linkage
disequilibrium mean that a variant that captures the effects of the causal variant in one
population may not do so in another. A focus on European ancestry therefore has the
potential to exacerbate health disparities. PRS derived from European GWAS perform
poorly in populations of other ancestries which could lead to over or underestimates of risk
(A. R. Martin et al., 2019). Efforts to oversample from specific populations are essential to
tackle this problem. Some such studies already exist and show impressive progress, for
example, Genes & Health which has genotyped over 50,000 Bangladeshi and Pakistani
individuals in England (Finer et al.,, 2020). Recruitment of diverse samples will be
insufficient; we need ancestry-specific sequenced reference genomes and large ancestry-
specific genotyping arrays, although whole genome sequencing will be useful here. Finally,

cross-ancestry analysis can increase sample size, magnify variant associations, and improve
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PRS prediction and accuracy of effect size estimates (Peterson et al., 2019). Several of these
advantages were demonstrated in a recent multi-ancestry depression GWAS of almost one

million participants (Meng et al., 2022).

6.3.2.2 Routine treatment records from IAPT; a rich yet ‘noisy’ research resource

Two studies in this thesis capitalised on the wealth of routinely recorded data available
from IAPT electronic treatment records. As well as large sample sizes, IAPT samples provide
greater representation and generalisability than clinical trials of depression and anxiety
treatments. Unlike IAPT services, clinical trials commonly exclude patients experiencing
substance use disorders, symptoms considered too mild or severe, psychotic symptoms, or
high suicidal risk (Lorenzo-Luaces et al., 2018). A study within IAPT specifically
recommended against exclusion on the basis of alcohol use, which, whilst high, was not
associated with recovery (Buckman et al., 2018). One review reported that more than 75%
of psychotherapy or antidepressant trials for depression excluded patients due to a
substance use disorder (Lorenzo-Luaces et al., 2018), despite high comorbidity with
depression. On the other hand, the needs of complex cases in IAPT may be unmet by the
services (C. Martin et al., 2022). Finally, the availability of remote technologies to deliver
IAPT treatments offers research opportunities to investigate these in a routine setting.
Existing evidence of prognostic predictors for internet-delivered therapy is inconclusive for
variables such as symptom severity, which may be due a reliance on data from clinical trials
of patients with milder presentations. Further analysis of routine treatment data is
required as the use of internet-delivered treatment is likely to continue to increase to meet

patient demand.

The greater external validity of routine data introduces greater potential for confounders.
Some potential confounders can be controlled for in statistical analysis, such as service-
level differences which are associated with patient outcomes (D. M. Clark et al., 2018). The
specific IAPT service did not appear to exert large influence on the trajectory models in
Chapter 4, however, it may be important at a broader geographical level. Stratification or
clustering by service might be more informative than statistical control. This applies to
other variables, such as use of medication that might influence outcomes in combination

with psychotherapy (Cuijpers et al., 2020). Generally, the absence of a control group limits
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the attribution of outcome changes to therapy. The benefits of a control group are

discussed in the future directions section.

Pre-processing of the IAPT data used in Chapter 4 resulted in a substantial proportion of
the work involved in this thesis: investigation of variables, discussions with IAPT
professionals (including both clinicians and analysts) and higher-level decision making. As
an example, many of the responses were in the format of free text as opposed to category
selection. The IAPT technical output specification identifies 12 high-intensity and 10 low-
intensity treatments, but the data | received had over 100 distinct treatment values. The
‘step’ variable that should indicate intensity did not clearly map onto these and was
deemed unreliable by IAPT professionals. Therefore, to restrict to a sample who had
received high-intensity treatment, | mapped treatments to intensity levels. | consulted IAPT
professionals and where they were unsure, | explored data on variables such as average
number of sessions or type of therapist. Generally, there were issues determining the
reliability of variables. One such variable was the reason for the end of treatment; within
the Chapter 5 data, it was deemed too unreliable for use at all. Another key decision that
applied to both IAPT samples was the extent of interval variation permitted between
sessions. This was considered important to satisfy model assumptions and as response
rates can differ depending on session frequency (Bruijniks et al., 2020; Saunders et al.,
2020). However, highly similar results were found in the previous trajectory study with no

such filtering (Saunders et al., 2019), suggesting this may be unnecessary in future analyses.

Differences in the number of sessions received by patients complicates modelling and may
reflect different processes (Barkham et al., 1996; Bone et al., 2021). NICE recommends
around 12-20 sessions for high-intensity treatment but the average in the present samples
was roughly 7, including assessment. | subsequently limited the models to up to 10
treatment sessions, as comparatively few patients had received more than this. For greater
confidence in the validity and reliability of the trajectories at later sessions, more data for
those timepoints is required. This issue is observed in other IAPT samples (Barkham &

Saxon, 2018; Robinson et al., 2020), as well as to some extent in clinical trials.
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6.3.3 Measures: PHQ9, GAD7 and WSAS

Three self-report score-based measures played a vital role in this thesis: the PHQ9
measuring depression symptoms, the GAD7 measuring anxiety symptoms and the WSAS
measuring functional impairment. The brevity of these makes them ideal for repeated
assessments and they have good psychometric properties. The total score from each
measure was used, rather than creating categories with arbitrary thresholds. Indeed,
binary definitions of endpoint treatment outcome require greater standardisation as
inconsistencies result in substantial discrepancies between studies (Loerinc et al., 2015).
Furthermore, as previously described, quantitative measures are not reliant on the validity
of diagnoses and have been shown to better represent psychopathology (Haslam et al.,
2012; Markon et al., 2011). It is likely that treatment outcomes will continue to be defined
by binary measures as thresholds are required to make clinical decisions. However, the
results here highlight the benefit of complementing binary definitions with quantitative

scales that do not rely on pre-specified thresholds, and monitoring these during therapy.

Missing data on the WSAS work item was a recurring problem. Interestingly, this goes
without mention in the majority of studies using the WSAS, with no indication as to how it
is handled. In IAPT, individual mean imputation is performed using the other four items,
but this may be inappropriate if missingness is related to the true values. Sensitivity
analyses were performed in Chapters 3 and 5 of WSAS four-item scores. Although
trajectory models were highly similar, the associations with baseline variables slightly
differed. The sample without the work item in Chapter 3 was insufficient for a thorough
investigation but analysis of a four-item score in the whole sample provided some support.
Ideally, another measure of functional impairment would have been available for
comparison. An objective measure of impairment would also be informative, as negative
cognitive biases seen in depression and anxiety (Mathews & MaclLeod, 2005) may lead to

lower subjective ratings of impairment on the WSAS.

The high comorbidity between depression and anxiety, as well as commonalities including
genetic profile, effective treatments and symptom overlap, render it sensible to study them
together. A strength of this thesis is the inclusion of patients with anxiety disorders.

Historically, adult anxiety disorders have been understudied compared with depression
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(Kroenke et al., 2007). This imbalance has continued into much of the current personalised
treatment research (Cohen & DeRubeis, 2018) and studies of internet therapy (Massoudi
et al., 2019). Anxiety disorders are also under-recognised by General Practitioners (GPs)
(Buszewicz & Chew-Graham, 2011; Wittchen et al., 2002); a greater research focus could
increase clinical attention. As well as maximising sample size, the combined study of
depression and anxiety is consistent with the concept of internalising disorders. This
broader category is less susceptible to diagnostic changes and decisions (Kendler, 2016)
and has useful transdiagnostic implications (e.g., O’Driscoll et al., 2021). However, other
‘fear-based’ anxiety disorders may be more phenotypically and genetically distinct from
depression and GAD (L. A. Clark & Watson, 2006; Morneau-Vaillancourt et al., 2020), and
are not as well assessed by the GAD7. Future research would likely benefit from making
this distinction. IAPT guidelines specify use of an anxiety-disorder specific measure in place
of the GAD7 where appropriate, yet | found the completion of these to be very low.
Assessment of anxiety disorder subtypes within IAPT and other data sources would permit
research into exactly how these differ in terms of treatment outcomes both during and at

the end of therapy.

6.4 Future directions

6.4.1 Genetics of depression and anxiety - what’s next in the field

As whole genome sequencing (as opposed to SNP array-based genotyping) becomes more
accurate and affordable it will become more commonly used. This will improve the
identification of rare variants as well as variant associations in samples of non-European
ancestries. Meanwhile, large, fully sequenced reference cohorts will permit accurate
imputation of a greater number of rare variants for GWAS using SNP arrays. Continued
efforts to increase sample size are recommended for both genotyping and sequencing.
GWAS with increasingly large samples will be valuable until the discovery of associated
common variants plateaus (Wray et al., 2018) and existing whole-genome sequencing
studies suggest effect sizes will require substantial statistical power (Kendall et al., 2021).
Brief phenotyping therefore continues to have a place at the psychiatric genomics table.
Linkage of genotyped cohorts with electronic health records offers one approach to this

and has already led to the most successful depression GWAS in terms of variant discovery
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to date (Levey et al., 2021). Furthermore, information can be maximised from existing
cohorts by identifying alternate phenotypes, as per Chapter 2. If participants have already
been phenotyped, genotype data can be collected retrospectively as the effects of DNA are
largely stable from birth. As already described, efforts to increase sample size will need to
be complemented by detailed phenotyping of smaller, clinically informative samples in
which genetic variants identified by brief phenotypes can be dissected and depression and

anxiety-specific variants found (Schwabe et al., 2019).

6.4.2 Symptom severity and functional impairment

Our interpretation of the phenotypic and genetic relationship between symptom severity
and functional impairment could be further informed using other variables. For example,
stressors like financial problems or clinical factors such as chronicity could feasibly impact
coping resources and thus lower the symptom threshold at which an individual reports
greater impairment. Meanwhile, variables such as social support might increase the
threshold. These interactions would result in incomplete phenotypic overlap. Indeed, social
isolation, socioeconomic status, and coping behaviours are phenotypically associated with
functional impairment (Brown et al., 2007; Chow et al., 2022). Cognitive ability (Smagula et
al., 2015) and personality factors are also (Verboom et al., 2011), as well as being
genetically associated with symptom severity. As described in Chapter 3, various tools are
available to investigate the mechanism underlying the genetic correlation between

symptom severity and functional impairment (e.g., mtCOJO; Zhu et al., 2018).

6.4.3 Other factors to explore in studies of psychological treatment

There are several other factors that likely influence individual treatment outcomes but
have yet to be studied in trajectory-based analyses. Non-specific or ‘process’ treatment
factors are arguably more amenable to change to improve patient prognosis than other
variables. Therapist effects are thought to account for 5% of differences in treatment
outcome (Johns et al., 2019) and personalised allocation to a therapist can increase
likelihood of a positive outcome (Delgadillo et al., 2020). Other variables that could impact

trajectory class include chronicity, comorbidities, social support and outcome expectancy.
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Time-varying covariates that might exert influence on outcome trajectories could also be
incorporated into models, for example, medication changes, stressful life events, and CBT
homework compliance (Callan et al., 2019). Finally, treatment is not an isolated event. Each
patient has their own mental health history, potentially including past treatment. The point
of access could in itself confer benefits; relief at getting help, the process of talking and
being listened to, receiving a label that ‘explains’ one’s problems. We might observe
individual differences prior to treatment formally commencing, as well as during the period
leading up to seeking treatment. Longitudinal cohorts would be especially revealing about

the whole process of treatment seeking, access and response.

To understand individuals who seek treatment but do not attend, or only attend some of,
their session, greater research attention is required for dropout and non-attendance. Of
the 1,456,446 referrals to IAPT in 2020-2021, only 44% completed treatment (IAPT Team,
NHS Digital, 2021). In a sample of 363 GP referrals to IAPT, 50% never attended and these
individuals were more likely to have higher risk scores and suicidal ideation, indicating a
high treatment need (Di Bona et al., 2014). Qualitative interviews of patients who did not
attend IAPT treatment revealed themes of waiting time, lack of individualisation, difficulty
attending rigid appointment times during the working day, and concerns about transport
and safety accessing later evening appointments (Marshall et al., 2016). Internet-enabled
therapy will hopefully help to close the treatment gap by offering an effective alternative
to in-person therapy that removes some of these barriers. More reliable recording of the
reason for the end of treatment would permit larger studies of characteristics associated
with dropout from IAPT, and thus alert therapists to patients at risk. Dropout after some
treatment might also be identifiable from specific trajectory classes. A potential avenue to
decrease dropout is more frequent treatment, over the same number of sessions (Bruijniks
et al., 2020). However, resources may not be available for this in IAPT so additional

approaches need to be investigated.

Functional impairment was completed at a lower rate than symptom measures in the IAPT
samples and is not included in IAPT outcomes such as recovery or reliable improvement.
This is surprising given the original rationale of IAPT services was to lessen the impact of

common mental health disorders on the economy. Arguably, if a person has sought
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treatment, they have been motivated to do so due to distress or impairment and thus fulfil
this diagnostic criterion for depression and most anxiety disorders. In fact, the inclusion of
functional impairment as a diagnostic criterion is a source of great debate, with critics
arguing that it is a consequence rather than a feature of the disorder, is poorly defined and
could lead to prodromal stages being ignored (L. A. Clark et al., 2017). However, functional
impairment provides an indicator for treatment prioritisation, avoids pathologising normal
variation of emotions, and is of great importance to patients (L. A. Clark et al., 2017;
Zimmerman et al., 2006). Therefore, broadening treatment outcomes to include functional
impairment would offer a more informative reflection of the effectiveness of treatment
and possibly help to individualise treatment by highlighting greatest domains of
impairment. It would also be worthwhile to explore which therapeutic approaches or

adjunctive support (e.g., financial advice) are most effective at improving functioning.

6.4.4 Item-level analyses provide a richer source of information than total sum scores

Item-level genetic and trajectory-based analysis could be especially informative due to the
heterogeneity of symptom profiles between patients with depression and anxiety. This
granular approach is not at odds with a broader transdiagnostic focus on internalising
disorders, rather, analyses can be performed of depression and anxiety symptoms. There
is existing support for item-specific response to treatment, for example, improvement
appears to be greater in depressed mood than anhedonia (Dunn et al., 2019). Future
analyses of trajectories during therapy and endpoint outcomes could therefore include
guestionnaire items as both explanatory and outcome variables. This could inform
therapists about specific domains that require focus and also highlight where psychological

treatment approaches are falling short, as in the case of improving positive affect.

There is also evidence that particular symptoms are associated with greater impairment
(Fried & Nesse, 2014; Olatunji et al., 2007; Sacchetti et al., 2015). In a sample of around
3,000 patients with depression, sad mood and concentration problems explained the most
variance in functional impairment, and hypersomnia the least (Fried & Nesse, 2014).
Differences were also observed at the level of functional domain, for example, fatigue had

strong associations with home management impairment but not close relationships. In
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Chapter 5, items of the WSAS were included as separate baseline variables and revealed
potential differences in relationships with symptom trajectory classes. For example, the
home management item appeared to have an opposite direction of association for the mild

class between the depression and anxiety models, indicating the value of this approach.

Finally, genetic studies have indicated that variant associations differ at the item level such
that two patients with completely distinct symptom profiles could carry different risk
variants (Cai et al., 2020; Nagel et al., 2018; Thorp et al., 2020). Functional impairment
might similarly have specific domains under different genetic influences and specific
patterns of associations with symptom items. Using total scores in this thesis may therefore

have obscured potential differences in item-level phenotypic and genetic relationships.

6.4.5 Genetic prediction of outcome trajectories during psychological therapy

On the basis of the research presented in this thesis, a logical next step is to incorporate
genetic factors in trajectory class models of treatment outcomes. This could be achieved
by medical record linkage of individuals with genotype data who have accessed
psychological treatment, for example, within GLAD Study participants (a combined dataset
is being sought but not yet available). Developmental studies of depression symptoms
across childhood and adolescence have already shown associations between trajectory
classes and PRS (Lussier et al., 2020; Rice et al., 2018). Moreover, there is some evidence
for genetic influences on psychological treatment response (‘therapygenetics’; Lester &
Eley, 2013). The maximum amount of variance that genetics can prognostically explain will
be limited by the heritability of psychological treatment response. To date, analyses have
been hampered by small samples and no significant SNP heritability estimate has yet been
identified (Rayner et al., 2019). However, PRS for depression and intelligence have shown
predictive value in models of endpoint treatment outcomes (Wallert et al., 2022), and an
association has been reported between PRS for autism spectrum disorder and rate of
symptom change (Andersson et al., 2019). PRS therefore might help distinguish subgroups
who improve early in therapy compared with more gradually, as well as patients who do
not show any reliable change. The only known attempt at this used a score of five candidate

genes (Kelley et al., 2018) but the significant finding was likely spurious based on our
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knowledge of the expected effect sizes. Ultimately, genetic and non-genetic predictors
could be implemented into a clinical decision tool that would combine information from

multiple variables to provide likelihood estimates of outcome trajectories.

Ideally, future studies will also explore genetic associations with treatment-specific
response, to help inform personalised treatment allocation. Identifying prescriptive
predictors of treatment outcome requires trials with a comparison treatment or control
group (Cohen & DeRubeis, 2018). Clinical trials are thus able to make inferences about
causality, however, they are often underpowered in comparison with the large samples
available from routine treatment. Clinical trials informed by observational research may
therefore be the most fruitful approach to detect treatment-specific effects and stronger
evidence of causal associations. As an illustration of this, observational analyses of IAPT
records informed a randomised trial which showed that assigning patients to treatment
intensity using a machine-learning algorithm improved outcomes compared with stepped
care (Delgadillo et al., 2022). In this thesis, a parallel can be drawn between GWAS of brief
treatment-related phenotypes and trajectory-based analyses of electronic treatment
records. Both maximise scale over ‘depth’ of information to identify statistically significant

effects and require complementary smaller studies of greater precision.

It may sound implausible to suggest that genetic data could be used to predict treatment
outcomes for patients with depression and anxiety. It is worth bearing in mind that a
patient only needs to be genotyped once to assess their genetic risk profile for multiple
traits, and these calculations can be done at any time after genotyping. PRS will likely only
be useful for differentiating individuals at the very extremes of response. Despite this, any
variable that explains even a small proportion of variance in treatment outcomes boosts
the cumulative power of a multivariate model containing other clinically relevant variable.
This therefore improves the chance of helping patients with these highly distressing,
burdensome disorders. Whole genome sequencing is already offered in the NHS to identify
markers of rare disorders and cancer. However, the clinical use of PRS for mental health
disorders will not be possible until they are more representative across ancestries, and
there are frameworks in place for communicating results, to avoid possible

misinterpretation and stigmatisation (Palk et al., 2019). The need for greater diversity also
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applies to treatment outcome research to ensure that results apply across patients from
different ethnicities, as well as different intersectional identities. Any clinical tool would
need to be validated within therapy services to determine whether information about
predictions of patient trajectories is accurate and ultimately improves outcomes for

patients.

6.5 Conclusions

Brief phenotypes of self-reported medication use and symptom scores can be used for
genetic studies of depression and anxiety when other more suitable measures are scarce
or unavailable. Information resulting from these studies could be used to calculate
polygenic risk scores, which can be incorporated into prognostic prediction models.
Although functional impairment is an important diagnostic consideration, it appears to
share largely the same genetic variants that are associated with symptom severity. Patients
show individual differences in trajectories of both symptom severity and functional
impairment throughout psychological therapy. These differences can be captured by four
classes which show associations with baseline characteristics, and this is observed for
treatment delivered both in-person and via the internet. Information about variables
associated with specific outcome trajectories could inform the development of clinical
decision tools. Research is beginning to move towards combining electronic records of
treatment outcomes with genetic information, providing large samples for analysis which

will further inform our understanding of what factors influence different rates of recovery.
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Appendix A - Supplementary materials for Chapter 2
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Supplementary Information 1. Medication Code Classification Mappings

Mappings were performed by Christopher Hiibel, Héléna A. Gaspar and Katrina Davis (Davis
et al., 2019), as detailed below.

Antidepressants Anxiolytics
Drug ID Drug Name Drug ID Drug Name
1140879616 amitriptyline 1140863144 zopiclone
1140921600 citalopram 1140863152 diazepam
1140879540 fluoxetine 1140863202 temazepam
1140867878 sertraline 1140865016 zolpidem
1140916282 venlafaxine 1140863182 nitrazepam
1140909806 dosulepin 1140863302 lorazepam
1140867888 paroxetine 1140883656 hydroxyzine
1141152732 mirtazapine 1140928004 zimovane
1141180212 escitalopram 1140862810 phenergan
1140879634 trazodone 1140882082 promethazine
1140867876 prozac 1140879730 buspirone
1140882236 seroxat 1140863286 atarax
1141190158 cipralex 1140863442 oxazepam
1141200564 duloxetine 1140863120 loprazolam
1140867726 lofepramine 1140863328 chlordiazepoxide
1140879620 clomipramine 1140863176 lormetazepam
1140867818 nortriptyline 1140863292 ucerax
1140879630 imipramine 1140864916 stilnoct
1140879628 dothiepin 1141157496 diazepam
1141151946 cipramil 1140863454 buspar
1140867948 amitriptyline 1140863308 alprazolam
1140867624 prothiaden 1140863350 librium
1140867756 trimipramine 1140863310 Xanax
1140867884 lustral 1140863440 meprate
1141151978 reboxetine 1140863112 dalmane
1141152736 zispin 1140909798 clomethiazole
1141201834 cymbalta 1140863378 meprobamate
1140867690 anafranil 1140863028 welldorm
1140867640 doxepin 1140867938 amitriptyline+chlor
diazepoxide
1140867920 moclobemide 1140863110 flurazepam
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1140867850
1140879544
1141200570
1140867934
1140867758
1140867914
1140867820
1141151982
1140882244
1140879556
1140867852
1140867860
1140917460

1140867938

1140867856
1140867922
1140910820
1140882312

1140867944

1140867784
1140867812
1140867668

1140867940

Antipsychotics
Drug ID
1140868170
1140928916

1141152848

1140867444

1140879658
1140868120
1141153490

1140867304

phenelzine
fluvoxamine
yentreve
triptafen
surmontil
tranylcypromine
allegron
edronax
molipaxin
mianserin
nardil
faverin
nefazodone

amitriptyline+chlor
diazepoxide

isocarboxazid
manerix
maoi
sinequan

tranylcypromine+t
rifluoperazine

ludiomil
norval
tryptizol

fluphenazine
hydrochloride+nor
triptyline

Drug Name
prochlorperazine
olanzapine

quetiapine

risperidone

chlorpromazine
trifluoperazine
amisulpride

sulpiride

1140863036

1140863372

1140867136

1140882312

1140855870

1140855832

1140875434

1140863410

1140863016

1140855824

1140855890

1140856040

1140863194

1140863106

1140867668

Mood Stabilisers

Drug ID
1140867490
1140867494

1140867498

1140867504

1140872290
1140872198
1140872214

1141200004

heminevrin
medazepam
neulactil
sinequan
almazine
atensine
carisoma
chloractil
chloral
dichloralphenazone
dormonoct
methyprylone
mogadon

rohypnol

tryptizol

Drug Name
lithium product
camcolit 250 tablet

liskonum 450mg
m/r tablet

priadel 200mg m/r
tablet

lamotrigine
sodium valproate
valproic acid

pregabalin
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1141152860

1140867168

1141195974

1140867244

1140867152

1140909800

1140867420

1140879746

1141177762

1140867456

1140867952

1140867150

1141167976

1140882100

1140867342

1140863416

1141202024

1140882098

1140867184

1140867092

1140882320

1140910358

1140867208

1140909802

1140867134

1140867306

1140867210

1140867398

1140867078

1140867218

1141201792

1141200458

1140867136

1140879750

1140867180

1140867546

1140928260

1140927956

seroquel 1140863268 clobazam
haloperidol
aripiprazole
stelazine
depixol
flupentixol
clozapine
promazine
risperdal
modecate
fluanxol
flupenthixol
zyprexa
zuclopenthixol
clopixol
largactil
abilify
fluphenazine
haldol
serenace
clozaril

cpz
perphenazine
levomepromazine
pericyazine
dolmatil
fentazin
fluphenazine
benperidol
pimozide
zaponex
denzapine
neulactil
thioridazine
dozic
fluspirilene
panadeine

sertindole
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Supplementary Information 2. Diagnostic Criteria for Indicators of Anxiety and
Depression in the UK Biobank

Case and control status were based solely on the information in the item in question. For
example, an individual without any ICD-10 mental health codes would be considered a
control on that indicator, regardless of an interview item indicating depression. UK Biobank
Field Codes are indicated by [f.numbers]. The Mental Health Questionnaire (MHQ)
components of current anxiety and depression symptoms and self-reported diagnoses are
not included, as the analytical sample used for the medication phenotypes excluded MHQ-
responders. The MHQ lifetime symptom questionnaires are described here as these were
used to create the comparison phenotype ‘Lifetime Internalising’.

1) Lifetime Internalising (Component of MHQ)

Participants were considered as a Lifetime Internalising case if they met criteria for the
Anxiety and/or the Depression module of the Composite International Diagnostic Interview
Short Form (CIDI-SF); symptom-based questionnaires which are detailed below. The first
two items for each module were ‘screening items’. If individuals had responded to the MHQ
but neither of the screening items were answered for a module, the individual was
recorded as missing for that module. Controls responded to screening item(s) but did not
fulfil case criteria for either module.

Anxiety
l. Ever had a time in their lives where they have felt worried, tense, or anxious most
of the time for at least a month [f.20421; screening item]
II.  Everworried more than most people would in a similar situation [f.20425; screening
item] OR
Ever had stronger worry than most people during their worst period of anxiety
[f.20542]
[ll.  Longest period spent worried or anxious was at least 6 months [f.20420]
IV.  Worried most days during their worst period of anxiety [f.20538]
V.  Had multiple worries during their worst period of anxiety [f.20540] OR
Worried about more than one thing during their worst period of anxiety [f.20543]
VI.  Found it difficult to stop worrying during their worst period of anxiety [f.20541] OR
Often unable to stop worrying during their worst period of anxiety [f.20539] OR
Often had difficulty controlling their worry during their worst period of anxiety

[f.20537]

VIl.  Somewhat or a lot of impact on their normal roles during their worst period of
anxiety [f.20418]

VIIl.  Experienced a total of 3 or more of the following somatic symptoms during their

worst period of anxiety:
Restlessness [f.20426] OR Keyed up or on edge [f.20423]
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Easily tired [f.20429]

Trouble falling or staying asleep [f.20427]
Increased irritability [f.20422]

Tense, sore or aching muscles [f.20417]
Difficulty concentrating [f.20419]

Depression

Prolonged loss of interest in normal activities [f.20441] OR

Prolonged feelings of sadness or depression [f.20446]

Most or all of the day being affected during their worst episode of depression
[f.20436]

Depressed days occurring almost every day or every day during their worst episode
of depression [f.20439]

Somewhat or a lot of impact on their normal roles during their worst period of
depression [f.20440]

Experienced a total of 5 or more of the following symptoms:

Ever experienced prolonged feelings of sadness or depression [f.20446]

Ever experienced prolonged loss of interest in normal activities [f.20441]

Feelings of tiredness during their worst period of depression [f.20449]

Weight change during their worst period of depression [f.20536]

Sleep change during their worst period of depression [f.20532]

Difficulty concentrating during their worst period of depression [f.20435]

Feelings of worthlessness during their worst period of depression [f.20450]
Thoughts of death during their worst period of depression [f.20437]

2) Probable Depression

These items were presented to a subset of individuals at the baseline assessment session
(91,847 in the present analytical sample). Cases met criteria for single episode depression,
probable recurrent moderate depression or probable recurrent severe depression in the
derived ‘Bipolar and major depression status’ [f.20126] item, created as per (Smith et al.,
2013) and detailed below.

Depression

Single episode:

Ever felt depressed for a whole week OR Ever disinterested or unenthusiastic for a
whole week

One depressive episode lasting at least one week in duration

Longest episode of depression at least two weeks in duration

Ever seen a GP for nerves, anxiety, tension or depression OR Ever seen a
Psychiatrist for nerves, anxiety, tension or depression

Probable recurrent moderate:
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Ever felt depressed for a whole week OR Ever disinterested or unenthusiastic for a
whole week Two or more depressive episodes lasting at least one week in
duration
Longest episode of depression at least two weeks in duration
Ever seen a GP for nerves, anxiety, tension or depression

[ll.  Probable recurrent severe:
Ever felt depressed for a whole week OR Ever disinterested or unenthusiastic for a
whole week Two or more depressive episodes lasting at least one week in
duration
Longest episode of depression at least two weeks in duration
Ever seen a Psychiatrist for nerves, anxiety, tension or depression

Controls did not meet criteria on this item for depression or bipolar depression and were
indistinguishable from those with missing data.

3) Help-Seeking

Cases: Reported yes to “Have you ever seen a General Practitioner (GP) for nerves, anxiety,
tension or depression?” [f.2090] OR

Reported yes to “Have you ever seen a psychiatrist for nerves, anxiety, tension or
depression?” [f.2100]

Controls: Reported no to both of the above items

Missing: Responded “Do not know” or “Prefer not to answer” to both items

4) Hospital Records (ICD-10 Primary and Secondary)

Cases had any of the following codes:

Anxiety - F400, F401, F402, F408, F409, F410, F411, F412, FA13, F418, F419

Depression - F320, F321, F322, F323, F328, F329, F330, F331, F332, F333, F334, F338, F339,
F340, F341

Exclusions for cases and controls were:

Bipolar - F300, F308, F311, F314, F317, F380, F301, F309, F312, F315, F318, F348, F381,
F302, F310, F313, F316, F319, F349, F388; Schizophrenia - F200, F201, F202, F203, F204,
F205, F206, F208, F209, F220, F228, F229, F230, F231, F232, F233, F238, F239, F250, F251,
F252, F258, F259; Autism Spectrum Disorder - F840, F841, F842, F843, F844, F845, F846,
F847, F848, F849; Eating Disorder - F500, F501, F502, F503, F504, F505, F508, F509; ADHD:
F900, F901, F908, F909
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Controls had no record of any mental health “F” codes and were indistinguishable from
those with missing data. Participants from Scotland did not have ICD codes for mental
health.

5) Interview non-cancer illness code, self-reported
Cases had any of the following codes:

Anxiety - 1287

Depression - 1286

Exclusions for cases and controls were:
Mania/bipolar disorder/manic depression: 1291; Schizophrenia: 1289;
Anorexia/bulimia/other eating disorder: 1470

Controls had none of the above codes, or the following codes, and were indistinguishable
from those with missing data: Obsessive compulsive disorder: 1615; PTSD: 1469; Postnatal
depression: 1531; Alcohol dependency: 1408; Opioid dependency: 1409; Other substance
abuse/dependency: 1410; Stress: 1614; Nervous breakdown: 1288; Deliberate self-
harm/suicide attempt: 1290
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Supplementary Table 1. Cross-tabulation of individuals with complete (non-
missing) data on each pair of anxiety and depression diagnostic indicators in UK
Biobank (European ancestry, excluding Mental Health Questionnaire responders).

Diagnostic Medication Medication Hospital Code Interview Probable Help
indicators Status Only (IcD-10) Self-Report Depression Seeking
Medication N= 109,672 181,558 189,831 41,635 189,494
Status 191,177 57.3% 95.0% 99.3% 21.8% 99.1%
109,672 N= 109,672 109,672 22,744 108,252
Medication Only 109.672
100.0% ’ 100.0% 100.0% 20.7% 98.7%
181,558 109,672 N= 368,064 88,523 367,758
Hospital Code
49.0% 29.6% 370,358 99.4% 23.9% 99.3%
Interview 189,831 109,672 368,064 N = 90,990 379,413
Self-Report 49.7% 28.7% 96.3% 382,179 23.8% 99.3%
Probable 41,635 22,744 88,523 90,990 N= 91,532
Depression 45.3% 24.8% 96.4% 99.1% 1,847 99.7%
189,494 108,252 367,758 379,413 91,532 N=
Help Seeking
49.5% 28.3% 96.1% 99.1% 23.9% 382,858

Percentages are the proportion of the indicator named on the row who also held non-missing data for the
indicator named on the column, thus both triangles of the cross-tabulation are displayed to include the
proportion of each of the pair. Descriptions of these indicators are available in Supplementary Information 2.
Medication Only cases and controls either did not meet case criteria or had incomplete data for all other
diagnostic indicators. Hospital codes and interview self-report did not contain values to indicate missingness,
therefore absence of a diagnostic code was used to define controls. As such, it appears as though there is no

missing data for these variables.
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Supplementary Table 2. Cross-tabulation of anxiety and depression cases, as
classified by each pair of diagnostic indicators in UK Biobank (European ancestry,
excluding Mental Health Questionnaire responders).

Diagnostic Medication Medication Hospital Code Interview Probable Help
indicators Status Only (ICD 10) Self-Report Depression Seeking
Medication N = 2,643 4,894 12,457 3,179 19,000
Status 22,218 11.9% 22.0% 56.1% 14.3% 85.5%
Medication 2,643 N= 0 0 0 0
Only 2,643
100.0% 0.0% 0.0% 0.0% 0.0%
4,894 0 _ 5,932 2,277 11,954
Hospital Code 14,320
34.2% 0.0% 41.4% 15.9% 83.5%
. 12,457 0 5,932 4,948 26,756
Interview =
Self-Report 27,335
45.6% 0.0% 21.7% 18.1% 97.9%
3,179 0 2,277 4,948 24,639
Probable =
Depression 24,639
12.9% 0.0% 9.2% 20.1% 100.0%
19,000 0 11,954 26,756 24,639 N =
Help Seeking 135,997
14.0% 0.0% 8.8% 19.7% 18.1%

Percentages are the proportion of individuals identified as cases by the indicator named on the row who were

also cases as defined by the indicator named on the column. Thus, both triangles of the cross-tabulation are

displayed to include the proportion of each of a pair. Descriptions of these indicators are available in

Supplementary Information 2.
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Supplementary Information 3. Physical conditions excluded in the sensitivity
analyses

In the UK, antidepressants are prescribed for chronic pain (National Institute for Health and
Care Excellence, 2017) and some anxiolytics for pain and epilepsy (Joint Formulary
Committee, n.d.). Individuals with any of the following codes were excluded from the
sensitivity analysis:

ICD-10 (Primary and Secondary) Codes

Epilepsy: G400, G401, G402, G403, G404, G405, G406, G407, G408, G409

Pain: R520, R521, R522, R529

Fibromyalgia: M7970, M7971, M7972, M7973, M7974, M7975, M7976, M7977, M7978,
M7979

Interview Non-Cancer lliness Codes

Epilepsy: 1264

Participants with insomnia were not excluded due to sleep disturbance being a common
symptom of depression.

Supplementary Table 3. Sample sizes for Medication Status and Medication Only
in the UK Biobank (European ancestry, excluding Mental Health Questionnaire
responders), in the main analysis and the sensitivity analysis excluding individuals
with indications of physical conditions often treated with antidepressants or

anxiolytics.

Phenotype Cases Controls
Medication Status 22,218 168,959
Medication Only 2,643 107,029
Medication Status sensitivity analysis 21,340 165,846
Medication Only sensitivity analysis 2,550 105,484

Medication Status was defined and screened solely using information on self-reported current medication
use, with cases reporting antidepressant or anxiolytic use and controls reporting non-psychotropic
medications. Medication Only was a subset of Medication Status, created by incorporating information from
other indicators of mental health from UK Biobank (e.g., hospital record codes). In addition to the Medication
Status definition, Medication Only cases and controls did not meet case criteria for any other mental health
indicator. The conditions excluded in the sensitivity analysis included pain and epilepsy; details are available
in Supplementary Information 3.
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Supplementary Information 4. Genome-Wide Association Study Results and
Heritability Estimates of Medication Status and Medication Only

Prior to the genome-wide association study (GWAS), phenotypes were adjusted for the
effects of age, sex, genotyping batch, assessment centre and the first six genetic principal
components, using logistic regression in R version 3.6.0 (R Core Team, 2019). For each
phenotype, residuals from the logistic regression were tested for associations with
genome-wide SNPs in 9,912,453 linear regressions using BGENIE software (version 1.2;
Bycroft et al., 2018).

The GWAS of Medication Status did not identify any loci that were statistically significant
at the genome-wide level. See Manhattan and quantile-quantile (QQ) plots in
Supplementary Figure 1.
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Supplementary Figure 1. Manhattan and QQ plots of the genome-wide association
analysis of Medication Status in the UK Biobank (European ancestry, excluding
Mental Health Questionnaire responders)

The Medication Status phenotype consists of 22,218 cases who self-reported current
antidepressant or anxiolytic medication use, and 168,959 controls who did not report any
psychotropic medication use. The red line on the Manhattan plot indicates the genome-wide
significance threshold, corrected for multiple testing (p < 5x10%) and points above this line are
variants significantly associated with case status. The blue line indicates the threshold for
suggestive significance (p < 1x10°). The QQ plot presents the deviation from the null hypothesis
(red dotted line) of no significantly associated variants.

The linkage disequilibrium score regression (LDSC; Bulik-Sullivan, Finucane, et al., 2015;
Bulik-Sullivan, Loh, et al., 2015) estimate of SNP-based heritability of Medication Status was
0.074 (SE = 0.004) on the liability scale, when assuming that the prevalence in this UK
Biobank sample (12%) was representative of the population prevalence. When population
prevalence was assumed to be -/+10% sample prevalence, SNP heritability was 0.042 (SE =
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0.001) and 0.090 (SE = 0.006) respectively. The LDSC intercept value of 0.991 (SE = 0.007)
suggested that there was no genomic inflation due to population stratification.

The GWAS of Medication Only did not identify any loci that were statistically significant at
the genome-wide level. Results are displayed via Manhattan and QQ plots in
Supplementary Figure 2.
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Supplementary Figure 2. Manhattan and QQ plots of the genome-wide association
study of Medication Only in the UK Biobank (European ancestry, excluding Mental
Health Questionnaire responders)

The Medication Only phenotype consists of 2,643 individuals who self-reported current
antidepressant or anxiolytic medication use and 107,029 controls who did not report any
psychotropic medication use, and neither cases nor controls met case criteria for other mental
health indicators in UK Biobank. The red line on the Manhattan plot indicates the genome-wide
significance threshold, corrected for multiple testing (p < 5x10%) and points above this line are
variants significantly associated with case status. The blue line indicates the threshold for
suggestive significance (p < 1x10). The QQ plot presents the deviation from the null hypothesis
(red dotted line) of no significantly associated variants.

The LDSC estimate of SNP-based heritability of Medication Only was 0.053 (SE = 0.010) on
the liability scale, when assuming the sample prevalence (2%) represented population
prevalence. If the population prevalence was -1%/+10% of the sample prevalence, SNP
heritability was 0.047 (SE = 0.008) and 0.087 (SE = 0.029) respectively. The LDSC intercept
value of 0.994 (SE = 0.006) suggested that there was no genomic inflation due to population
stratification.
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Supplementary Table 4. Descriptives of self-reported current antidepressant or
anxiolytic medication use and Lifetime Internalising phenotypes derived from the
UK Biobank (European ancestry).

Descriptive Medication Status Medication Only Lifetime Medication Medication
X . .. Status and Only and

cases Excluding MHQ Excluding MHQ Internalising - s
Lifetime Lifetime

controls Responders Responders MHQ Responders .. ..
Internalising Internalising
n 22,218 2,643 32,160 ) )

168,959 107,029 91,732
Age 57.22 (7.83) 59.90 (7.25) 54.27 (7.54) d=0.39* d=0.75*
58.08 (7.97) 58.42 (7.99) 56.61 (7.67) d=0.19* d=0.23*
Sex (% Female) 67.70 66.89 68.30 V=0.01 V=0.01
? 53.71 49.44 51.81 V=0.02* V=0.02*
Neighbourhood -0.67 (3.36)[0.14] -1.08(3.24)[0.11] -1.44 (2.97) [0.16] d=0.24* d=0.12*
Deprivation -1.34(3.07)[0.11] -1.56 (2.94)[0.10] -1.88 (2.73) [0.11] d=0.18* d=0.11*
H 0,

Ei‘l‘\f:rt_;’tnu’ 21.33[1.25] 18.99 [2.12] 46.78 [0.31] V=0.36* V=0.28*
Level) ¥ 25.04 [1.31] 25.26 [1.38] 46.45 [0.30] V=0.27* V=0.28*
Ever Smoked (% 54.44 [0.66] 47.18 [1.78] 46.91 [0.18] V=0.08* V=0.01
Yes) 48.31[0.53] 45.21[0.55] 40.67 [0.20] V=0.08* V=0.05*

Medication Status was defined solely using self-reported current use of antidepressant or anxiolytic
medication in UK Biobank participants who did not respond to the Mental Health Questionnaire (MHQ).
Medication Only were a subset who additionally did not meet case criteria for any other indicator of mental
health disorder in UK Biobank. Lifetime Internalising was derived from anxiety and depression lifetime
symptom-based questionnaires from the MHQ. Neighbourhood deprivation was measured by the Townsend
Deprivation Index, where lower scores indicate less deprivation. Within each variable, the top row indicates
the cases, and the bottom is the controls. For continuous variables, values are means with standard deviation
of the mean in brackets. For categorical variables, values are proportions in percentages. If data are missing,
the percentage is presented in square brackets. d = Cohen’s d measure of effect size of the difference from
an independent t-test of continuous variables. V = Cramer’s V measure of effect size of the difference from a
Pearson’s chi-square test for categorical variables. * Indicates significance at p < 0.001.
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Supplementary Figure 3. Plots of polygenic scores created from genome-wide
association studies of UKB-Anxiety (left column; Purves et al.,, 2020), PGC-
Depression (middle column; Wray et al., 2018) and Lifetime Internalising (right
column; performed in UK Biobank Mental Health Questionnaire responders), in
Medication Status (top row) and Medication Only (bottom row) in the UK Biobank
(European ancestry, excluding Mental Health Questionnaire responders)
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The Medication Status phenotype consisted of 21,340 individuals who self-reported current antidepressant
or anxiolytic medication use and 165,846 controls who did not report any psychotropic medication use. The
Medication Only phenotype consisted of 2,550 individuals who self-reported current antidepressant or
anxiolytic medication use but did not meet criteria for other mental health indicators in UK Biobank, and
105,484 controls who did not report psychotropic medication use or meet case criteria for any other
indicators of mental health. The x-axis for each plot indicates the p-value threshold of association between
genetic variants and the phenotype in the discovery sample, such that an increasing number of variants is
included at higher thresholds. The y-axis is Nagelkerke’s R2 (proportion of variance explained) converted to
the liability scale, assuming that the phenotype sample prevalence is equal to the population prevalence.
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Supplementary Information 5. Sensitivity Analyses Results

The sensitivity analysis GWAS of Medication Status and Medication Only, excluding
individuals with evidence of specific physical disorders (pain and epilepsy), did not identify
any loci that were statistically significant at the genome-wide level. Results are displayed
via Manhattan and quantile-quantile (QQ) plots in Supplementary Figure 4.
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Supplementary Figure 4. Manhattan and QQ plots of the genome-wide association
test for the sensitivity analysis of Medication Status (top row) and Medication
Only (bottom row) in the UK Biobank (European ancestry, excluding Mental Health

Questionnaire responders)

The Medication Status phenotype consists of 21,340 individuals who self-reported current antidepressant or
anxiolytic medication use and 165,846 controls who did not report any psychotropic medication use. The
Medication Only phenotype consists of 2,550 individuals who self-reported current antidepressant or
anxiolytic medication use but did not meet case criteria for other mental health indicators in UK Biobank, and
105,484 controls who did not report psychotropic medication use or meet case criteria for any other
indicators of mental health. The red line on the Manhattan plot indicates the genome-wide significance
threshold, corrected for multiple testing (p < 5x108) and points above this line are variants significantly
associated with case status. The blue line indicates the threshold for suggestive significance (p < 1x10). The
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QQ plot presents the deviation from the null hypothesis (red dotted line) of no significantly associated
variants.

In the sensitivity analysis of Medication Status, the LDSC estimate of SNP-based heritability
was 0.076 (SE = 0.005) on the liability scale, when assuming that the prevalence in this UK
Biobank sample (11%) was representative of the population prevalence. When population
prevalence was assumed to be -/+10% sample prevalence, SNP heritability was 0.042 (SE =
0.001) and 0.090 (SE = 0.007) respectively. The LDSC intercept value of 0.99 (SE = 0.007)
suggested that there was no genomic inflation due to population stratification. For
Medication Only, SNP-based heritability was estimated as 0.060 (SE = 0.010), when
assuming that the prevalence in this UK Biobank sample (2%) was representative of the
population prevalence. When population prevalence was assumed to be -1%/+10% sample
prevalence, SNP heritability was 0.052 (SE = 0.007) and 0.099 (SE = 0.029) respectively. The
LDSC intercept value of 0.993 (SE = 0.006) suggested that there was no genomic inflation
due to population stratification.

The results of the genetic correlations and polygenic scoring in the sensitivity analysis were
similar to those from the main analysis; see Supplementary Tables 5 and 6.

Supplementary Table 5. Genetic correlations for the sensitivity analyses of
Medication Status and Medication Only from the UK Biobank (European ancestry,
excluding Mental Health Questionnaire (MHQ) responders) and genome-wide
association studies (GWAS) selected for comparison

Comparison GWAS Medication Status excluding Medication Only excluding
selected physical conditions selected physical conditions

UKB-Anxiety

(Purves et al. 2020, 0.66 (0.06) 0.13 (0.12)

UK Biobank MHQ responders)

PGC-Depression

(Wray et al. 2018, 0.72(0.05) 0.49 (0.14)

excluding UK Biobank)

Lifetime Internalising

(Lifetime symptom-based 0.58 (0.07) 0.17 (0.16)

questionnaires in
UK Biobank MHQ responders)

The Medication Status phenotype was defined using self-reported current use of antidepressant or anxiolytic
medication in individuals who did not complete the MHQ (N = 187,186, cases = 21,340). Medication Only
were a subset who additionally did not meet case criteria for any other indicators of anxiety or depression in
the sample (N = 108,034, cases = 2,550). Individuals were excluded if they had evidence of physical conditions
associated with prescription of these medications (pain and epilepsy). Standard errors are shown in brackets.
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Supplementary Table 6. Proportion of variance (Nagelkerke’s R?) in self-reported

current antidepressant or anxiolytic medication use from the UK Biobank

(European ancestry, excluding Mental Health Questionnaire (MHQ) responders)

explained by polygenic scores of anxiety and depression

Discovery Sample

Medication Status excluding
selected physical conditions

Medication Only excluding
selected physical conditions

(p=4.6x1073,
Pr=0.1; 35,404 SNPs)

UKB-Anxiety

(Purves et al. 2020, (p=9.99x 107,
UK Biobank MHQ responders) Pr=1; 200,935 SNPs)
PGC-Depression

(Wray et al., 2018, (p=9.99x 107,
excluding UK Biobank Pr=0.2; 37,430 SNPs)

(p=9.99x 107,
Pr =0.05; 14,288 SNPs)

Lifetime Internalising
(Lifetime symptom-based
questionnaires in

UK Biobank MHQ responders)

(p=9.99x 107,
Pr=1; 201,839 SNPs)

(p=3.8x1073,
Pr=0.3; 87,816)

Proportion of variance is presented on the liability scale (Lee, Goddard, Wray, & Visscher, 2012), assuming

population prevalence is equal to sample prevalence. The Medication Status phenotype was defined using

self-reported current use of antidepressant or anxiolytic medication in individuals who did not complete the

MHQ (to provide independent discovery and target samples) (N = 187,186, cases = 21,340). Medication Only

additionally did not meet case criteria for any other indicators of mental health condition in UK Biobank (N =

108,034, cases = 2,550). Individuals were excluded if they had evidence of physical conditions associated with

prescription of these medications (pain and epilepsy).
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Appendix B - Supplementary materials for Chapter 3

Supplementary materials for “The genetic overlap between depression and
anxiety symptom severity and functional impairment”
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Supplementary Table 1. Description of existing phenotypes for genetic comparison

Phenotvbe Author & N SNP SNP 2-score
P PMID (n cases) h? h2 SE

Depression (Mega-analysis, excluding
23andme & UK Biobank: Case-control Wray et al. 143 265
status derived from structured (2018) 45 '591 0.069 0.005 14.766
diagnostic interviews & inpatient 29700475 (45, )
medical records)
Anxiety

Purves et al.
(UK Biobank: Case-control status 83,566
derived from algorithm of CIDI-SF (2020) (25,453) 0100 0.007  14.286
questionnaire & self-report diagnosis) 31748690
Schizophrenia Pardifias et al. 105.318
(Meta-analysis: Case-control status (2018) 40 ’675 0.411 0.017 24.587
derived from clinical diagnosis) 29483656 (40, )
Years of education (Meta-analysis: Lee et al.
Derived from survey measures of (2018) 766,345 0.108 0.003 35.967
highest educational qualification) 30038396

Harris et al.
self rated health . (2017) 111,483 0.089 0.006 14.883
(UKBiobank: Score from a single item)

27864402

For all summary statistics the mean chi-square of the test statistic was > 1.0, intercepts were within

the 0.9-1.1 range and z-scores > 4 (as per recommendations for genetic correlations; (Zheng et al.,

2017). Values are taken from the present analysis rather than the original analyses and therefore

might slightly differ due to calculations using only those variants that overlap with our phenotypes’.
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Supplementary Table 2. Descriptives table of analysis sample from the Genetic

Links to Anxiety and Depression (GLAD) Study

Variable N=17,130*
Age 39.5 (14.6); 16 -
93
Sex
Female 13,365 (78.0%)
Male 3,765 (22.0%)

Employment status

In paid employment or self-employed

Full or part-time student

Unable to work because of sickness or disability

Retired

Other (looking after home and/or family, doing unpaid or voluntary work)
Unemployed

None of the above

10,309 (60.3%)
2,061 (12.1%)
1,862 (10.9%)
1,231 (7.2%)
871 (5.1%)
612 (3.6%)
143 (0.8%)

Unknown 41

PHQ9 11.2 (6.9); 0 - 27
Unknown 49

GAD?7 8.9(5.9);0-21
Unknown 33

WSAS 17.2(9.2); 0-40
Unknown 2,064**

WSAS-4*** 13.4(7.5);0-32
Unknown 49

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS = functional impairment, WSAS-4
= 4-item score of functional impairment. * Values are mean (SD); range or n (%). ** Majority
unknown responded ‘not applicable’ to the work item. *** A WSAS 4-item total score without the

work item was created; see Supplementary Information 1 for further detail.
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Supplementary Figure 1. Histograms showing the distribution of each phenotype.
PHQ9 = depression symptoms (top left), GAD7 = anxiety symptoms (top right), WSAS = functional

impairment (bottom)

Supplementary Information 1. Investigating the WSAS

Phenotypic

Ofthe 17,130 participants in the sample, 15,066 had a 5-item, complete, WSAS score. There
were 17,107 participants with a 4-item score. Of the 2,041 missing any one item almost all
(2,013) had responded ‘not applicable’ to the work item besides 2 who did not respond;
the remaining were missing a different WSAS item. Several months after GLAD launched,
an additional item regarding impairment in ability to study was added to the sign-up
questionnaire for individuals who selected ‘not applicable’ to the work item and endorsed
student status. This study impairment item was combined with the work item.

Cronbach’s alpha for the 5-item WSAS was 0.85 and 4-item score without the work item
was 0.83, indicating that internal reliability is marginally decreased without this item. In
participants with all five items complete, the phenotypic correlation between the 4-item
score and the work item score was .66 (the correlation between the 5-item and 4-item
score is reported with Supplementary Table 2 but as this only includes participants with
data for both, it is not informative).

Comparisons between participants with the full 5-item score and with a 4-item score due
to missing the work item are shown in Table /. The mean 4-item score in individuals missing
the work item was significantly lower, as were PHQ9 and GAD7 scores. Participants with
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the work item missing were on average older than those with complete 5-item scores, and

more often reported being retired or looking after the home or family than being

employed.

Table I. Comparison of sample with complete data on the Work and Social Adjustment Scale

(WSAS) and sample missing the work item of the WSAS

Only 4-item score;

. Full 5-item WSAS . " Effect
Variable N = 15 066 work missing p size**
’ N=2,015
Age 37.7 (13.0) 52.8 (18.6) <0.001 -0.944
Gender (Female) 11,793 (78.3%) 1,531 (76.0%) 0.019 0.018
Employment <0.001 0.668
In paid
employment or self- 10,183 (67.7%) 102 (5.1%)
employed
Full or part-time 0 0
student 1,813 (12.1%) 245 (12.2%)
Unable to work
because of sickness 1,618 (10.8%) 237 (11.8%)
or disability
Retired 213 (1.4%) 1,013 (50.5%)
Unemployed 528 (3.5%) 81 (4.0%)
Looking after 0 0
home and/or family 322 (2.1%) 230 (11.5%)
Doing unpaid or 253 (1.7%) 62 (3.1%)
voluntary work
None of the above 106 (0.7%) 36 (1.8%)
PHQ9 11.4 (6.9) 10.0 (6.9) <0.001 0.203
N missing 31 17
GAD?7 9.1(5.9) 7.6 (6.0) <0.001 0.259
N missing 23 7
WSAS 4-item 13.7 (7.4) 11.3 (7.4) <0.001 0.322
CIDI-SF Depression 12,997 (88.6%) 1,662 (87.5%) 014 0011
(Case)
CIDI-SF Anxiety 8,288 (62.3%) 946 (57.3%) <0001  0.032
(Case)
CIDI-SF
Depression/Anxiety 13,746 (94.5%) 1,756 (93.5%) 0.086 0.013

(Case)

Values are mean (SD) or n (%). * Welch’s two-sample t-test, or Pearson's Chi-squared test, or
Fisher's exact test. ** Cohen’s D or Cramer’s V.
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Genetic

We were unable to perform genetic comparisons with the 4-item WSAS restricted to
participants missing the work item (to assess the feasibility of imputation from a genetic
point of view) as this group was too small (N = 2,013) such that SNP heritability estimates
were not significantly different from zero. The bivariate-GREML estimated genetic
correlation between the 4-item WSAS without the work item (N = 17,080; SNP h2 0.11 (SE
= 0.03)) and the work-item (N = 15,094; SNP h2 0.07 (SE = 0.04)) was rq = 0.82 (SE = 0.10).
When restricted to participants with data on all five items (N = 15,065), ry = 0.81 (SE = 0.10).
This genetic correlation is unlikely to be significantly different from rg = 1 and therefore,
despite the phenotypic differences described above, we made the decision to use an
individual mean imputed 5-item WSAS (N = 17,106) for the main analysis (sample is larger
than 4-item WSAS as includes participants missing any one item, not just the work item).

Supplementary Figure 2. Quantile-quantile (QQ) and Manhattan plots
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Supplementary Figure 2. QQ and Manhattan plots from GWAS of each phenotype

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS = functional impairment. QQ plot
red line = null hypothesis of no significantly associated variants. A tail of points above this line in
the top right would represent deviations from the null indicating true genetic signal. Manhattan
plot red line = genome-wide significance threshold, corrected for multiple testing (p < 5x107%);
points above this line represent variants significantly associated with the phenotype. Blue line =
threshold for suggestive significance (p < 1x107).
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Supplementary Table 3. Phenotypic correlations between symptoms and
functional impairment

PHQ9 GAD7 WSAS
PHQ9 1
0.69 *
GAD7 1
(0.69 - 0.70)
0.63 * 0.49 *
WSAS 1
(0.62 - 0.64) (0.48 - 0.51)

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS = functional impairment. Values
in brackets are 95% confidence intervals. * Significance at p < 0.05 (all < 0.001). Phenotypic
correlation between the 5 and 4-item WSAS = 0.98 but as this is restricted to participants with data
on both (i.e. 5-item completers) this is correlating the same participants’ 4-item and 5-item scores
which are highly similar and increase in parallel. Similarly, complete case 4-item WSAS correlations
with depression and anxiety are 0.62 and 0.49 respectively.

Supplementary Table 4. Bivariate-GREML Genetic correlation (r,) estimates
between symptoms and functional impairment

PHQ9 GAD7 WSAS
PHQ9 1
0.87 *
GAD7 1
(0.77 - 0.97)
0.84 * 0.77 *
WSAS 1
(0.71 - 0.98) (0.59 - 0.96)

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS = functional impairment. Values
in brackets are 95% confidence intervals calculated as ry +/- (1.96*SE). * Significance at p < 0.05 (all
<0.001).

Differences from r, = 1 were assessed using the reml-bivar-Irt-rg flag in GCTA to perform a
likelihood ratio test and generate a p-value. This was also used to generate a p-value for
the default test of difference from r, = 0, which is not provided by default.
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Supplementary Table 5. LDSC estimated genetic correlations (r,) with existing

phenotypes

Existing

Phenotype r, 95% ClI z p
Phenotype

PHQ9 Depression 0.364 0.147-0.582 3.279 0.001*
Anxiety 0.165 -0.046 - 0.377 1.533 0.125
Schizophrenia -0.042 -0.190-0.105 -0.560 0.575
Years of education -0.612 -0.789 - -0.435 -6.779 1x10v*
Self-rated health -0.819 -1.074 - -0.563 -6.285 3x10*

GAD7 Depression 0.387 0.136-0.637 3.028 0.002*
Anxiety 0.202 -0.041 - 0.445 1.632 0.103
Schizophrenia 0.140 -0.050-0.329 1.445 0.148
Years of education -0.603 -0.829 --0.377 -5.225 2x10-*
Self-rated health -0.740 -1.048 - -0.432 -4.706 3x10+*

WSAS Depression 0.419 0.202 - 0.637 3.778 0.0002*
Anxiety 0.122 -0.075-0.319 1.214 0.225
Schizophrenia 0.040 -0.097-0.178 0.573 0.566
Years of education -0.338 -0.460 - -0.215 -5.423 6x10+*
Self-rated health -0.605 -0.823 --0.387 -5.437 5x10+*

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS = functional impairment. 95% ClI

= 95% confidence interval. * Significance at p < 0.05
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Supplementary Information 2. Complete case WSAS (WSAS-cc; N = 15,065) and 4-
item WSAS score excluding the work item (WSAS-4, N = 17,080), including LDSC
heritability and genetic correlation estimates
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Figure I. QQ and Manhattan plots from GWAS of complete case WSAS (WSAS-cc) and 4-
item WSAS (WSAS-4)

The red line on the QQ plot presents the null hypothesis of no significantly associated variants. A
tail of points above this line in the top right of the plot would represent deviations from the null
indicating true genetic signal. The red line on the Manhattan plot indicates the genome-wide
significance threshold, corrected for multiple testing (p < 5x10+); points above this line represent
variants significantly associated with the phenotype. The blue line indicates the threshold for
suggestive significance (p < 1x10s).

206



Table /. GCTA-GREML SNP-based heritability estimates

Trait h: h: SE 95% Cl p n*

PHQ9 0.192 0.035 0.123-0.260 6x10- 16709
GAD7 0.173 0.035 0.104-0.241 2x10- 16725
WSAS-cc 0.133 0.038 0.059-0.208 1x10+ 14744
WSAS-4 0.111 0.033 0.045-0.176 2x10-+ 16710

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS-cc = complete case 5-item
functional impairment score, WSAS-4 = complete case 4-item functional impairment score. h:=
heritability, SE = standard error, 95% Cl = 95% confidence interval.

Table /I. LDSC SNP-based heritability estimates

LDSC uses summary statistics and an external reference panel for LD scores making it less
powerful than GCTA-GREML (van Rheenen et al., 2019; Yang et al., 2017).

. Mean Intercept

Trait h: h:SE  95% ClI p* z A Intercept P

X2 SE
0.048 -

PHQ9 0.104 0.029 3x10* 3.660 1.047 1.046 1.010 0.007
0.160
0.024 -

GAD7 0.082 0.030 0.006 2.774 1.028 1.034 1.007 0.007
0.141
0.056 -

WSAS 0.117 0.031 2x10* 3.761 1.032 1.033 0.993 0.007
0.177
0.062 -

WSAS-cc 0.125 0.032 1x10% 3.873 1.005 1.001 0.963 0.007
0.188
0.053 -

WSAS-4 0.111 0.030 2x10* 3.735 1.034 1.034 0.995 0.007
0.170

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS = imputed 5-item functional
impairment score used in main analysis, WSAS-cc = complete case 5-item functional impairment
score, WSAS-4 = complete case 4-item functional impairment score. h:= heritability, SE = standard
error, 95% Cl = 95% confidence interval. *Calculated in R as pchisq((h:/se)*2,1,F).

Table //I. Bivariate-GREML genetic correlation (rg) estimates
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PHQ9 GAD7 WSAS-cc WSAS-4
PHQ9 1
0.87
GAD7 1
(0.77-0.97)
0.80 0.70
WSAS-cc 1
(0.65-0.94) (0.50-0.89)
0.89 0.78 0.99
WSAS-4 1
(0.75-1.02) (0.60-0.97) (0.98 - 1.00)

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS-cc = complete case 5-item

functional impairment score, WSAS-4 = complete case 4-item functional impairment score. Values
in brackets are 95% confidence intervals calculated as rq +/- (1.96*SE).

Table IV. LDSC genetic correlation (rg) estimates

rg 95% ClI p z
PHQ9 - GAD?7 0.85 0.63-1.07 5x10 7.52
PHQ9 - WSAS 0.82 0.61-1.03 1x10* 7.70
GAD7 - WSAS 0.77 0.46 - 1.08 1x10°® 4.82
PHQ9 - WSAS-cc 0.85 0.63-1.08 6x101* 7.51
GAD7 - WSAS-cc 0.79 0.45-1.13 5x10°® 4.58
PHQ9 - WSAS-4 0.83 0.61-1.04 5x10% 7.54
GAD7 - WSAS-4 0.72 0.38-1.05 3x10° 4.19
WSAS-cc - WSAS-4 1.02 0.97-1.06 0 4491

PHQ9 = depression symptoms, GAD7 = anxiety symptoms, WSAS = imputed 5-item functional

impairment score used in main analysis, WSAS-cc = complete case 5-item score, WSAS-4 = complete
case 4-item WSAS score. 95% Cl = 95% confidence interval calculated as r, +/- (1.96*SE).

LDSC heritability estimates indicated some lack of power for genetic correlations; z-scores

< 4 are often too noisy (Bulik-Sullivan, Finucane, et al., 2015). LDSC jack-knife analyses

revealed that the genetic correlation between the PHQ9 and imputed WSAS was not

significantly different from 1 (p = 0.15), and nor was the correlation between the GAD7 and

imputed WSAS (p = 0.18). This difference from analyses using GCTA is likely due to larger

standard errors from LDSC estimates with summary statistics.
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Figure /l. Genetic correlations (LDSC SNP-based) between the traits analysed in the present

study and five existing phenotypes

PHQ9 = depression symptom score, GAD7 = anxiety symptom score, WSAS-cc = complete case 5-
item functional impairment score, WSAS-4 = complete case 4-item functional impairment score.
Anxiety (Purves et al., 2020), depression (Wray et al., 2018), without 23andme or UKBiobank),
schizophrenia (Pardifas et al., 2018), self-rated health (Harris et al., 2017), years of education (J. J.
Lee et al., 2018). See Supplementary Table 4 for further details of these phenotypes. Error bars
represent 95% confidence intervals. * Significance at p < 0.01.
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Appendix C - Supplementary materials for Chapter 4

Supplementary materials for “Trajectories of depression and anxiety symptom
severity during psychological therapy for common mental health problems”
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Supplementary Information 1. Data pre-processing and additional exclusion
criteria

We initially extracted treatment records for 115,304 patients covering 587,120 sessions.
We performed extensive data pre-processing, as is often required for electronic health
records, and imposed additional exclusion criteria, under guidance from experienced IAPT
clinicians. A core component was classification of free-text responses. For example, the
intervention variable exceeded 100 distinct values, which required mapping to categories
of high-intensity, low-intensity, and non-intervention (e.g., triage). We were then able to
restrict analysis to individuals who had received high-intensity therapy, which was required
due to the difference in the average number of sessions and level of structure between
intensities. We imposed additional exclusion criteria to patients and sessions to obtain valid
outcome data suitable for growth mixture modelling. We did not limit analyses to
individuals who scored above clinical thresholds on the PHQ9 or GAD7 at baseline, as this
would not accurately reflect the IAPT population. The resulting sample for analysis
consisted of 16,258 patients covering 110,773 sessions. The largest exclusion was patients
who did not receive at least two sessions of high-intensity therapy (N = 94,979). We ideally
would have limited our original extraction to such individuals but were unable to due to
the lack of a reliable variable indicating treatment intensity. Furthermore, we could not
perform this exclusion earlier in the pre-processing as valid treatment sessions had to first
be identified to count the number of each intensity. Several variables of interest were not
included in analyses due to high, potentially non-random missingness e.g., at baseline the
social phobia, agoraphobia and specific phobia items were each 49% missing. Data pre-
processing and descriptives were performed in R version 3.6.3.

Supplementary Table 1. Number of time points (sessions) for patients in the
analysis (N = 16,258)

Total sessions received Frequency Proportion (%) Cumulative Proportion (%)
3 1885 11.59 11.59
4 1804 11.10 22.69
5 2153 13.24 35.93
6 2706 16.64 52.58
7 2046 12.58 65.16
8 1080 6.64 71.80
9 884 5.44 77.24
10 717 4.41 81.65
11 2983 18.35 100.00

Note: To identify a sample who received high-intensity therapy, patients were included in the analysis if they
had attended at least three sessions, with at least two being high-intensity treatment (and permitting one
low-intensity and/or one assessment and triage session). The mean number of sessions was 7.3 (SD = 3.8)
and ranged 3-55. The number of sessions was then limited to maximum 11, including the baseline
assessment, to be reasonably representative of the number received in the sample (within 1 SD of mean; <
15% received more than 11), and to provide sufficient complete data for analysis using maximum likelihood
estimation for missing data (covariance coverage above Mplus default of 0.10). Following this, the mean was
6.8 sessions (SD = 2.9).
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Supplementary Table 2. Descriptives of time intervals (days) between time points
(sessions) for patients in the analysis (N = 16,258)

Time point (Session)
Dataset 0 1 2 3 4 5 6 7 8 9 10

Unfiltered 0.00 31.21 19.47 13.28 12.72 12.93 13.13 13.44 1333 13.89 13.87
(0.00) (50.82) (33.80) (17.03) (15.39) (17.90) (15.86) (15.27) (14.07) (16.54) (17.24)

Filtered 0.00 12,53 10.41 1027 10.16 10.13 1023 1059 1046 10.46 10.46
(0.00) (7.17) (5.68) (5.51) (5.40) (5.48) (5.46) (5.78) (5.63) (5.72) (5.64)

Note: Mean (standard deviation) days between column-specified session and previous session. Descriptives
are provided for patients prior to filtering out sessions occurring after intervals exceeding 30 days (unfiltered)
and following this (filtered). The filtered dataset was used for analysis. In both datasets we had previously
removed the baseline session if there was an interval exceeding 30 days to session 1 as this had the separate
purpose of identifying a baseline session (the unfiltered mean interval here exceeds 30 as the baseline to
session 1 filter was performed only once therefore the ‘new’ session 1 could have occurred after a long
interval from the previous session 1).

Supplementary Information 2: Growth mixture model method

We estimated growth mixture models (GMMs) for depression symptoms and for anxiety
symptoms.

Step 1: Latent growth curve analysis. Used to identify the best-fitting single, average, latent
growth curve (trajectory). The latent growth curve consists of an estimated mean intercept
and estimated mean slope. This trajectory describes the pattern of symptom change
observed across all patients as though they are a homogeneous group. Linear, quadratic,
and negative log-linear (base 10) latent growth curves were compared to determine which
form most closely represented the observed data. Each was run with and without
correlations between the residuals of adjacent timepoints. Model fit was assessed using
Akaike’s Information Criterion (AIC), Bayesian Information Criterion (BIC), Standardized
Root Mean Square Residual (SRMR) and Root Mean Square Error of Approximation
(RMSEA). Lower values indicate superior fit, with recommendations of SRMR < 0.08 and
RMSEA < 0.06 (Hu & Bentler, 1999; Nylund, Asparouhov & Muthén, 2007; Schwarz, 1978).
We also used the Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI), where values
closer to 1 indicate better fit, ideally 2 0.95 (Hu & Bentler, 1999).

Step 2: Multiple classes of trajectories. Used to determine whether patients’ observed data
is better explained by multiple average latent growth curves than a single average one. This
is done by introducing a latent factor of ‘class’ into the model. Each class of patients had a
trajectory of the best-fitting form identified in Step 1, but with its own specific mean
intercept and slope. In GMM, the variance within the intercept and/or slope of each
trajectory class is free, allowing varying expressions of estimated individual trajectories
around the mean. A trajectory class therefore represents multiple similar trajectories. In a
restricted version of GMM called latent class growth analysis (LCGA), the within-class
variance is fixed to zero meaning individuals in a class follow the same trajectory. LCGA is
less computationally demanding and can provide a useful representation of the true
trajectories. However, it is unlikely that individuals in a class follow one same trajectory
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(Muthén, 2002; Nagin & Odgers, 2010) and LCGA can result in spurious classes, including
classes that differ solely by intercept, as only classe can explain variance (Muthén, 2002;
Bauer & Curran, 2004). We followed recommendations to first perform LCGA and inspect
results to determine whether to run GMM.

Step 3: Run GMM with the variance freed in the intercepts. We modelled up to six
trajectory classes for LCGA and GMM. Each model was estimated using a series of steps to
aid global as opposed to local solutions (see below) and compared to the model with one
fewer class. The model fit criteria were AIC, BIC and Vuong-Lo-Mendell-Rubin Likelihood
Ratio Test (VLMR-LRT; Mplus ‘TECH11’). A significant p-value (< 0.05) for the VLMR-LRT
indicates the current model is a significantly better fit of the observed data than a model
with one fewer class. We prioritised BIC, which is preferred in this field (van de Schoot et
al., 2017). However, it is possible with large sample sizes that as the number of classes
increases, information criteria values fail to reach a minimum, in which case it can be useful
to identify the point of diminishing gains (decreases in BIC) in an elbow plot (Meyer &
Morin, 2016; Petras & Masyn, 2010).

Each individual has a likelihood, ‘posterior probability’, of belonging to each class i.e.,
following an estimated trajectory from that class. A useful model has good distinction; each
patient has a high likelihood of membership to one class and low probabilities for the
others. This is captured by entropy, which ranges between 0 (equal probability of belonging
to each class) and 1 (distinct classifications). A common rule of thumb is that > 0.8 indicates
high class separation, 0.6 medium, and 0.4 low (Clark & Muthén, 2009). Entropy was only
consulted for model selection when other indices were similar between models (Petras &
Masyn, 2010; van de Schoot et al.,, 2017). We favoured models that were clinically
interpretable and reasonable in terms of theory and previous literature. More
parsimonious models were preferred, especially if a model had an additional class with a
similar slope to one in the previous model and only the baseline score (intercept) differed.
To aid this process, we plotted the mean estimated trajectory of each class per model.
Finally, we required that models converged and that estimated values were in the range of
the outcome measure.

Procedure for conducting growth mixture modelling in Mplus

To help ensure global as opposed to local solutions, the following procedure was used in
Mplus (Version 8.3) for one- to six-class GMMs (based on Asparouhov & Muthén, 2012;
Jung & Wickrama, 2008; Wickrama et al., 2016):

1. Run model with 400 initial stage random starting values and 100 top log-likelihood
values brought to the final stage, as recommended, with maximum 10 iterations.

2. Check whether the best log-likelihood value replicates. Check for normal termination
of model estimation, negative residual variances and other warnings or errors in the
output. If the log-likelihood does not replicate, increase the number of random starts
in both stages until it does.
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3. Once the log-likelihood replicates, check that it is not a local solution by taking the seed
values from the top two log-likelihood values and re-running the model using the Mplus
optseed argument and setting the starts argument to zero. At this stage, include
TECH11 (the VLMR test).

4. Ensure that the log-likelihood value for the K-1 class in the TECH11 output matches that
of the actual K-1 class model. If not, increase the starting values in the K-1 starts
argument of the input.

Supplementary Figure 1 (a - b). Latent growth curves of depression (PHQ9) and
anxiety (GAD7) symptoms per treatment site, and latent class growth analysis of
depression symptoms for each site

Latent growth curves for symptoms of patients from each of the four IAPT treatment sites
were highly similar (Figure a). Latent-class growth analysis was run for one outcome (PHQ9)
and showed similar trajectories (see four-class models in Figure b).
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NN
Y RN
NN
X R X

®
@

o w o o©

PHQ9 Score
83 :
PHQ9 Score

°© v o © B &

Therapv Session Therapv Session

NN
N
NN
EEN]

-
4

PHQ9 Score
c v o o R 3 3

PHQ9 Score
°© v o o B T B3

2 3 4 5 6 7 8 9 10
Therapy Session Therapy Session

°
~
©
I
o)
)
~
)
©
3
o

b. Four-class latent class growth analysis of depression symptoms (PHQ9), for each IAPT treatment
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Supplementary Figure 2. Histograms of observed depression (PHQ9; left) and
anxiety symptoms (GAD7; right) per time point (session)

Total Current Depression Symptoms Total Current Anxiety Symptoms
Dashed line: mean Dotted lines: £ 1 standard deviation Dashed line: mean Dotted lines: + 1 standard deviation
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Note: Histograms for total symptom scores measured across 11 time points (baseline and 10 treatment
sessions). Observed scores for patients in treatment at each time point are shown; see Supplementary Table
3 for Ns

Supplementary Table 3. Proportion of patients in treatment at each time point
(session) with observed depression (PHQ9) and anxiety (GAD7) symptoms

Number of patients Proportion of patients Proportion of patients
Time point (session)
in treatment with PHQ9 score with GAD7 score
0 16258 99.06% 99.05%
1 16258 99.48% 99.48%
2 16258 99.38% 99.37%
3 14373 99.52% 99.49%
4 12569 99.53% 99.51%
5 10416 99.65% 99.64%
6 7710 99.52% 99.49%
7 5664 99.35% 99.35%
8 4584 99.50% 99.48%
9 3700 99.70% 99.70%
10 2983 99.63% 99.63%
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Supplementary Table 4. Comparison of baseline characteristics of patients from

the original data extraction who were excluded from analysis to patients included

in the analysis

Variable Excluded from analysis Included in analysis p-value Effect
(n=94,979) (n=16,258) size
Age (years) <0.001 0.12
Mean (SD; range) 35.96 (13.47; 16.00-100.00) 37.55 (;igg; 16.00-
Gender <0.001 0.02
Female 61801 (65.18%) 10979 (67.60%)
Male 33019 (34.82%) 5262 (32.40%)
Missing 159 17
Depression symptoms (PHQ9) 0.239 0.01
Mean (SD; range) 13.91 (6.48; 0.00-27.00) 13'982(3:33; 0.00-
Missing 2829 153
Anxiety symptoms (GAD7) 0.771 <0.01
12.53 (5.39; 0.00 -
Mean (SD) 12.52 (5.46; 0.00 - 21.00) él.OO)
Missing 2885 154
Case on PHQ9 and/or GAD7 ! 0.679 <0.01
Yes 78434 (85.17%) 13735 (85.29%)
No 13658 (14.83%) 2368 (14.71%)
Missing 2887 155
Functional impairment score (WSAS) <0.001 0.06
Mean (SD; range) 18.15 (9.56; 0.00 - 40.00) 17'5851%'33;)0'00 i
Missing 25282 5447
Problem descriptor 2 <0.001 0.14
Depression 35509 (43.62%) 6703 (45.74%)
GAD 17181 (21.11%) 1393 (9.51%)
Other 7240 (8.89%) 1423 (9.71%)
MADD 6789 (8.34%) 1129 (7.70%)
Panic/phobia 6329 (7.77%) 1003 (6.85%)
Adjustment disorder 4429 (5.44%) 1320 (9.01%)
PTSD 2761 (3.39%) 1132 (7.73%)
ocD 1169 (1.44%) 550 (3.75%)
Missing 13572 1605
Psychotropic medication 0.466 <0.01
Prescribed 31024 (35.42%) 5545 (35.72%)
Not prescribed 56565 (64.58%) 9977 (64.28%)
Missing 7390 736
Ethnicity 0.268 <0.01
White 56994 (62.92%) 9789 (63.64%)
Black 17654 (19.49%) 2964 (19.27%)
Mixed 6565 (7.25%) 1111 (7.22%)
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Asian 6050 (6.68%) 961 (6.25%)
Other 3320 (3.67%) 557 (3.62%)
Missing 4396 876
Employment status 0.002 0.01
Employed 57249 (64.21%) 10033 (63.39%)
Unemployed 19009 (21.32%) 3572 (22.57%)
Non-worker 3 12897 (14.47%) 2222 (14.04%)
Missing 5824 431
Disability * 0.004 <0.01
Yes 8527 (8.98%) 1575 (9.69%)
No 86452 (91.02%) 14683 (90.31%)
Number of sessions (including baseline assessment) <0.001 0.96
8.35(4.53; 3.00 -
Mean (SD) 4.01 (4.53; 1.00 - 73.00) (75. 00)
Recovered ° <0.001 0.20
Yes 20424 (26.72%) 7028 (51.98%)
No 56008 (73.28%) 6493 (48.02%)
Missing 18547 2737
Reason for end of treatment <0.001 0.30
Discharged 36322 (38.24%) 13138 (80.81%)
Dropout 36821 (38.77%) 2328 (14.32%)
Referred 21836 (22.99%) 792 (4.87%)
Service <0.001 0.13
0 26143 (27.53%) 7027 (43.22%)
1 21573 (22.71%) 3402 (20.93%)
2 21579 (22.72%) 3244 (19.95%)
3 25684 (27.04%) 2585 (15.90%)

Note: Percentages were calculated using the available sample for each variable, after excluding missing
values. The "Missing" row represents the number of missing values and is omitted if there was no missing
data. Effect sizes are Cohen’s d for continuous variables and Cramer’s V for categorical. p-values are from Chi-
Square tests for categorical variables and ANOVAs/t-tests for continuous variables. The descriptives of the
analytical sample here were created prior to any filtering of sessions, hence differences in e.g., number of
sessions and recovery rates to those reported in Table 1 for the cleaned analytical sample. ! Case thresholds
were PHQ9 210, GAD7 >8. 2 GAD = generalised anxiety disorder; PTSD = post-traumatic stress disorder; OCD
= obsessive-compulsive disorder; MADD = mixed anxiety and depressive disorder; Panic/phobia = panic
disorder, agoraphobia, social phobia, specific phobia; ‘Other’ included somatoform disorder, severe mental
iliness. Differences in problem descriptor frequencies partly reflect inclusion criteria, as some disorder-
specific treatments are more likely to be high-intensity.  ‘Non-worker’ included homemaker, carer, retired,
student. * No negative responses were recorded, therefore the absence of any value was taken as a negative
response rather than missing. ® Only calculated for patients who scored above case thresholds on either the
PHQ9 or GAD7 at the start of treatment and had an observed score for their final session, otherwise were
coded as missing. Represents whether the patient reached recovery within the 10 treatment sessions
modelled; if they received more sessions and then recovered, they would appear unrecovered here.
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Supplementary Information 3. Latent growth curves of depression and anxiety
symptoms

Fit indices and plots of single latent growth curves of different form.

Fit indices for latent growth curves of depression and anxiety symptoms during
psychological therapy

Depression Symptoms (PHQI) |, cters  AIC BIC CFl TU SRMR TMSEA
Latent Growth Curve Form estimate
Quadratic with pairwise 30 609627 609858 0.994 0.993 0.019  0.024
residual correlations

Logarithmic with pairwise 26 611250 611450 0975 0.973 0.041  0.047

residual correlations
Quadratic 20 611570 611724 0.973 0.974 0.030 0.046

Linear with pairwise residual

. 26 611771 611971 0.969 0.967 0.109 0.052
correlations
Logarithmic 16 615385 615508 0.933 0.939 0.057 0.070
Linear 16 615502 615625 0.930 0.937 0.149 0.071
Anxiety Symptoms (GAD7) Parameters AIC BIC CFI TLI SRMR RMSEA
Latent Growth Curve Form estimate
Quadratic with pairwise 30 591154 591385 0.994 0.992 0.021 0.024
residual correlations
Logarithmic with pairwise 26 592934 593134 0.971 0.969 0.046 0.049
residual correlations
Quadratic 20 593028 593181 0.971 0.972 0.034 0.046
Linear with pairwise residual 26 593040 593240 0.969 0.967 0.115 0.050
correlations
Linear 16 596403 596526 0.930 0.937 0.154 0.069
Logarithmic 16 596974 597097 0.924 0.932 0.064 0.072

Note: Rows are ordered by BIC, with the optimal model first. AIC = Akaike’s Information Criterion, BIC =
Bayesian Information Criterion, CFI = Comparative Fit Index, TLI = Tucker-Lewis Index, SRMR = Standardized
Root Mean Square Residual, RMSEA = Root Mean Square Error of Approximation. Lower values indicate
superior fit for AIC, BIC, SRMR, RMSEA. Higher values closer to 1 indicate better fit for the CFl and TLI.

Latent growth curves of depression (PHQ9; left) and anxiety (GAD7; right)
symptoms during psychological therapy
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Note: The intercept represents the estimated mean outcome score across the whole sample at baseline
(session 0). Only trajectories with the residuals correlated are shown as were a better fit than forms with
uncorrelated residuals.
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Supplementary Information 4. Latent class growth analysis of depression and
anxiety symptoms

This section describes the model selection for latent class growth analysis (LCGA), where
the variance within classes is restricted to zero. It includes fit indices for the estimated
models, and plots of the selected models. The LCGA of depression symptoms and LCGA of
anxiety symptoms suggested a four-class model. All models had class trajectories that
primarily differed in baseline severity and classes with more than 1% of the sample in each
class. For the depression models, entropy values were good for the two- to four-class
models (and acceptable for the others). The anxiety models showed good entropy for the
two- to three-class models (and acceptable for four- to six-class). The VLMR-LRT p-values
were significant for all models besides the six-class depression model, indicating that it was
a poorer fit of the data than a five class-model. The information criteria continued to
decrease up to the six-class model for both depression and anxiety symptoms, however,
each of the elbow plots of BIC values showed a plateau around four classes followed by a
negligible decrease for the five-class model. Therefore, the four class models were
selected. For each of the four class models, there was some indication of a moderate-
severe plateau class (grey diamonds), moderate-severe with gradual improvement (pink
squares), slightly faster improvement to plateau (blue triangles) and a class with mild
symptoms that showed small improvement (green circles).

Fit indices for latent class growth analysis of depression and anxiety symptoms

z)e:(;e;s)sli-zgzymptoms Params  AIC BIC Entropy V:;I_\‘,I,:I::T Individuals per class (%)
Growth Curve 24 664047 664232 NA NA 100
Two Class 28 630926 631142 0.847 <0.001 62.1,37.9
Three Class 32 618738 618984 0.826 < 0.001 17.8,41.8,40.4
Four Class 36 613685 613962 0.799 <0.001 27.9,10.3,37.1,24.7
Five Class 40 611898 612206 0.763 0.004 32.9,6.5,24.2,21.4,15.0
Six Class 44 610804 611142  0.740 0.085 18.3,30.8,8.2,17.6,17.8,7.2
g:::;;/:gén:toms Params AIC BIC Entropy V:;I_\‘,I,:I::T Individuals per class (%)
Growth Curve 24 638901 639086 NA NA 100
Two Class 28 607070 607285 0.839 <0.001 58.7,41.3
Three Class 32 597165 597411 0.801 <0.001 23.3,40.5,36.2
Four Class 36 593260 593537 0.766 <0.001 13.9,25.4,35.6, 25.0
Five Class 40 592043 592351 0.720 <0.001 15.7,10.8,19.1,24.7,29.7
Six Class 44 590846 591185 0.707  0.0002 10.7,29.1,18.9,15.0,12.0, 14.3

Note: A quadratic form with correlations between the residuals of adjacent time points was specified for all
classes. Params = parameters, AIC = Akaike’s Information Criterion, BIC = Bayesian Information Criterion,
VLMR LRT = Vuong-Lo-Mendell-Rubin Likelihood Ratio Test. Number of parameters in the growth curve
(single class) differs from the latent growth curve (24 compared with 30) as the slope and intercept variance
and covariance are fixed here. Individuals per class is based on a patient’s highest posterior probability of
belonging to a class.
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PHQ9 Score

GAD7 Score

Elbow plots of Bayesian Information Criterion values for latent class growth analysis of

depression (PHQ9; left) and anxiety (GAD7; right) symptoms
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Supplementary Information 5. Selection of depression symptoms growth mixture

model

This section describes the model selection for the growth mixture model of depression
symptoms (PHQQ9), including fit indices (provided in the main text) and trajectory plots.
Information criteria continued to decrease up to a six-class model and the VLMR LRT p-
value did not become non-significant, however, six classes were unrealistically high
compared with existing studies (hence chosen as the upper number of classes to test). The
BIC values elbow-plot suggested a four-class model, consistent with previous literature,
and this was selected as the optimal model. Entropy of the four-class model was medium
(0.60).

Two- to six-class growth mixture models of depression symptoms during psychological
therapy
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Supplementary Information 6. Descriptives of the selected four-class growth
mixture model of depression symptoms (PHQ9)

Descriptives of the growth factors for the four-class growth mixture model of depression

symptoms
Class Parameter Factor Estimate SE Est SE p-value
Moderate-severe plateau Means Intercept 18.11 0.18 102.677 0
Linear 0.06 0.06 1.047 0.295
Quadratic  -0.01 0.01 -0.851 0.395
Variances Intercept 11.6 0.24 48.404 0
Linear 0 0 999 999
Quadratic 0 0 999 999
Moderate-severe, Means Intercept 18.22 0.18 103.533 0
gradual improvement Linear -0.72 0.10 -7.17 0
Quadratic  -0.03 0.01 -3.854 0
Variances Intercept 11.6 0.24 48.404 0
Linear 0 0 999 999
Quadratic 0 0 999 999
Moderate-severe, Means Intercept 18.31 0.14 127 0
fast improvement Linear -3.54 0.10 -34.759 0
Quadratic  0.21 0.01 16.972
Variances Intercept 11.6 0.24 48.404
Linear 0 0 999 999
Quadratic 0 0 999 999
Mild, small improvement Means Intercept 9.41 0.11 85.924 0
Linear -0.97 0.03 -31.445
Quadratic  0.06 0.00 20.742
Variances Intercept 11.6 0.24 48.404 0
Linear 0 0 999 999
Quadratic 0 0 999 999

Model estimated depression symptom scores per therapy session and trajectory class

Session
Class 0 1 2 3 4 5 6 7 8 9 10
';T;’t‘izrjte'severe 18.11 18.16 18.20 18.23 18.25 18.26 18.25 18.24 1821 18.17 18.13

Moderate-severe,

: 18.22 17.47 16.65 15.78 14.85 13.86 12.80 11.69 10.52 9.29 7.99
gradual improvement

Moderate-severe, fast
improvement

Mild, small
improvement

18.31 1499 1209 9.62 7.57 596 477 4.01 368 377 4.29

9.41 850 7.71 7.04 650 607 576 558 551 557 574
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Descriptives of patients in each class of the depression symptoms model (assigned to

their most likely trajectory class)

Moderate- Moderate-severe, Moderate-severe, Mild, small
severe plateau gradual improvement fastimprovement improvement
(N=2200) (N=2857) (N=2670) (N=8530)
Depression symptoms (PHQ9)
Mean (SD) 18.55 (5.04) 19.13 (3.80) 19.24 (3.58) 9.43 (4.34)
Range 0.00-27.00 0.00-27.00 6.00-27.00 0.00 - 25.00
Missing 26 32 14 80
Anxiety symptoms (GAD7)
Mean (SD) 15.75 (4.30) 15.81 (3.86) 15.44 (4.14) 9.69 (4.82)
Range 0.00-21.00 0.00-21.00 0.00-21.00 0.00-21.00
Missing 26 32 15 80
Case on PHQ9 and/or GAD7 !
Yes 2128 (97.88%) 2816 (99.68%) 2653 (99.92%) 6138 (72.65%)
No 46 (2.12%) 9 (0.32%) 2(0.08%) 2311 (27.35%)
Missing 26 32 15 81
Functional impairment score (WSAS)
Mean (SD) 23.11(9.42) 22.98 (8.46) 20.80 (8.70) 13.74 (7.72)
Range 0.00-40.00 0.00 - 40.00 0.00 - 40.00 0.00 - 40.00
Missing 740 1032 1107 2567

Psychotropic medication

Prescribed
Not prescribed

1095 (52.54%)
989 (47.46%)

1301 (48.06%)
1406 (51.94%)

1015 (39.26%)
1570 (60.74%)

2134 (26.20%)
6012 (73.80%)

Missing 116 150 85 384
Employment status
Employed 956 (44.61%) 1531 (55.01%) 1658 (63.35%) 5888 (71.08%)
Unemployed 884 (41.25%) 875 (31.44%) 612 (23.39%) 1201 (14.50%)
Non-worker 2 303 (14.14%) 377 (13.55%) 347 (13.26%) 1195 (14.43%)
Missing 57 74 53 246
Disability 3
Yes 367 (16.68%) 344 (12.04%) 254 (9.51%) 610 (7.15%)
No 1833 (83.32%) 2513 (87.96%) 2416 (90.49%) 7920 (92.85%)
Ethnicity
White 1156 (56.53%) 1566 (58.43%) 1464 (57.71%) 5603 (69.01%)
Black 443 (21.66%) 555 (20.71%) 626 (24.67%) 1339 (16.49%)
Mixed 157 (7.68%) 205 (7.65%) 209 (8.24%) 540 (6.65%)
Asian 189 (9.24%) 231 (8.62%) 152 (5.99%) 389 (4.79%)
Other 100 (4.89%) 123 (4.59%) 86 (3.39%) 248 (3.05%)
Missing 155 177 133 411
Problem descriptor *
Depression 968 (49.54%) 1396 (54.42%) 1362 (55.55%) 2976 (38.74%)
GAD 133 (6.81%) 170 (6.63%) 171 (6.97%) 919 (11.96%)
Other 128 (6.55%) 169 (6.59%) 198 (8.08%) 928 (12.08%)
MADD ) 201 (7.84%) 202 (8.24%) 559 (7.28%)
)

Panic/phobia

(
167 (8.55%
103 (5.27%

122 (4.76%)

105 (4.28%)

673 (8.76%)
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Adjustment disorder
PTSD

134 (6.86%)
255 (13.05%)
)

146 (5.69%)
277 (10.80%)

188 (7.67%)
175 (7.14%)

852 (11.09%)
425 (5.53%)

oCD 66 (3.38% 84 (3.27%) 51 (2.08%) 349 (4.54%)

Missing 246 292 218 849
Age (years)

Mean (SD) 39.13 (13.36) 37.47 (13.44) 37.58 (13.31)  37.16(13.31)

Range 17.00 - 90.00 17.00-91.00 17.00 - 89.00 16.00 - 94.00
Gender

Female 1453 (66.11%) 1923 (67.43%) 1808 (67.74%) 5794 (68.00%)

Male 745 (33.89%) 929 (32.57%) 861 (32.26%) 2727 (32.00%)

Missing 2 5 1 9
Number of sessions (including baseline assessment)

Mean (SD) 7.48 (2.79) 7.13 (2.86) 6.35 (2.38) 6.68 (2.62)

Range 3.00-11.00 3.00-11.00 3.00-11.00 3.00-11.00

Recovered °

Yes
No
Missing

12 (0.57%)

2101 (99.43%)

87

522 (18.70%)
2270 (81.30%)
65

1790 (67.83%)
849 (32.17%)
31

3579 (58.78%)
2510 (41.22%)
2441

Reason for end of treatment

Discharged
Dropout
Referred

1532 (69.64%)
416 (18.91%)
252 (11.45%)

2115 (74.03%)
581 (20.34%)
161 (5.64%)

2187 (81.91%)
393 (14.72%)
90 (3.37%)

7303 (85.62%)
938 (11.00%)
289 (3.39%)

Service

0
1
2
3

880 (40.00%)
532 (24.18%)
371 (16.86%)
417 (18.95%)

1210 (42.35%
633 (22.16%
563 (19.71%

)
)
)
451 (15.79%)

1377 (51.57%
567 (21.24%
424 (15.88%

)
)
)
302 (11.31%)

3560 (41.74%
1670 (19.58%
1886 (22.11%
1414 (16.58%

—_— = — =

Note: Percentages were calculated using the available sample for each variable, after excluding missing
values. The "Missing" row represents the number of missing values and was omitted if there was no missing
data. ! Case thresholds: PHQ9 >10, GAD7 8. 2 ‘Non-worker’ included homemaker, carer, retired, student. 3
No negative responses were recorded, therefore the absence of any value was taken as a negative response
rather than missing. * GAD = generalised anxiety disorder; PTSD = post-traumatic stress disorder; OCD =
obsessive-compulsive disorder; MADD = mixed anxiety and depressive disorder; Panic/phobia = panic
disorder, agoraphobia, social phobia, specific phobia; ‘Other’ included somatoform disorder, severe mental
illness. ® Calculated for patients who scored above the case threshold on either/both the PHQ9 or GAD7 at
the start of treatment and had an observed score for their final session, otherwise coded as missing.
Represents whether the patient reached recovery within the 10 treatment sessions modelled; if a patient
received more sessions and then recovered, they would appear unrecovered here.
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Supplementary Information 7. Selection of anxiety symptoms growth mixture
model

This section describes the model selection for the growth mixture model of anxiety
symptoms, including fit indices (table in the main text) and trajectory plots. As in the
depression model, the VLMR LRT failed to reach non-significance and the information
criteria decreased up to six classes. A four-class model was supported by the BIC elbow-
plot and was chosen as the best-fitting model. Entropy in the four-class model was low
(0.59).
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Supplementary Information 8. Descriptives of the selected four-class growth
mixture model of anxiety symptoms (GAD7)

Descriptives of the growth factors for the four-class growth mixture model of anxiety

symptoms
Class Parameter Factor Estimate SE Est SE p-value
Moderate-severe plateau Means Intercept 15.475 0.094 164.421 0
Linear -0.003 0.033 -0.08 0.936
Quadratic  -0.008 0.004 -2.263 0.024
Variances Intercept 6.811 0.125 54.584 0
Linear 0 0 999 999
Quadratic 0 0 999 999
Moderate-severe,
gradual improvement Means Intercept 15.908 0.12 132.867 0
Linear -0.504 0.078 -6.436 0
Quadratic  -0.056 0.008 -7.128 0
Variances Intercept 6.811 0.125 54.584 0
Linear 0 0 999 999
Quadratic 0 0 999 999
Z;ﬂ?;:z\f:r‘g:t Means Intercept  15.436 0114 134932 0
Linear -2.977 0.06 -49.832 0
Quadratic  0.19 0.007 28.151
Variances Intercept 6.811 0.125 54.584 0
Linear 0 0 999 999
Quadratic 0 0 999 999
Mild, small improvement Means Intercept 7.797 0.095 82.011 0
Linear -0.765 0.031 -24.642
Quadratic ~ 0.047 0.003 15.784
Variances Intercept 6.811 0.125 54.584 0
Linear 0 0 999 999
Quadratic 0 0 999 999

Model estimated anxiety symptom scores (GAD7) per therapy session and class

Session
Class 0 1 2 3 4 5 6 7 8 9 10
Moderate-severe 15.47 15.46 15.44 15.39 15.34 15.26 15.17 15.06 14.94 14.80 14.65

plateau

Moderate-severe, 15.91 15.35 14.68 13.89 1299 1198 10.86 9.63 828 6.82 5.25
gradual improvement

Moderate-severe, 15.44 12.65 10.24 8.22 6.57 530 442 391 379 405 4.68
fast improvement

Mild, small 780 7.08 645 592 549 514 489 473 467 470 4.82
improvement

228



Descriptives of patients in each class of the anxiety symptoms model (assigned to their

most likely trajectory class)

Moderate-severe Moderate-severe, Moderate-severe, Mild, small
plateau (N=4035) gradual fastimprovement improvement
improvement (N=3537) (N=6754)
(N=1931)
Anxiety symptoms (GAD7)

Mean (SD) 15.74 (3.87) 16.31 (3.27) 16.07 (2.91) 7.67 (3.61)
Range 0.00-21.00 0.00-21.00 7.00-21.00 0.00-20.00
Missing 47 21 18 67

Depression symptoms (PHQ9)
Mean (SD) 17.92 (5.33) 17.37 (5.21) 16.02 (5.26) 9.59 (5.02)
Range 0.00-27.00 0.00-27.00 0.00-27.00 0.00-27.00
Missing 47 21 18 66

Case on PHQ9 and/or GAD7 !

Yes 3934 (98.65%) 1895 (99.21%) 3515(99.89%) 4391 (65.67%)

No 54 (1.35%) 15 (0.79%) 4(0.11%) 2295 (34.33%)

Missing 47 21 18 68
Functional impairment score (WSAS)

Mean (SD) 22.21(9.39) 21.06 (8.60) 18.84 (8.53) 13.44 (7.91)

Range 0.00 - 40.00 0.00 - 40.00 0.00 - 40.00 0.00 - 40.00

Missing 1405 653 1311 2077

Psychotropic medication

Prescribed

1831 (47.79%)

766 (41.38%)

1186 (34.96%)

1762 (27.33%)

Not prescribed

2000 (52.21%)

1085 (58.62%)

2206 (65.04%)

4686 (72.67%)

Missing

204

80

145

306

Employment status

Employed

1958 (49.90%)

1162 (61.55%)

2309 (66.75%)

4604 (70.23%)

Unemployed

1413 (36.01%)

468 (24.79%)

678 (19.60%)

1013 (15.45%)

Non-worker 2

553 (14.09%)

258 (13.67%)

472 (13.65%)

939 (14.32%)

Missing 111 43 78 198
Disability 3

Yes 570 (14.13%) 190 (9.84%) 289 (8.17%) 526 (7.79%)

No 3465 (85.87%) 1741 (90.16%) 3248 (91.83%) 6228 (92.21%)
Ethnicity

White 2225 (58.55%) 1149 (62.75%) 2066 (61.40%) 4349 (68.11%)

Black 806 (21.21%) 325 (17.75%) 720 (21.40%) 1112 (17.42%)

Mixed 275 (7.24%) 138 (7.54%) 271(8.05%) 427 (6.69%)

Asian 320 (8.42%) 145 (7.92%) 198 (5.88%) 298 (4.67%)

Other 174 (4.58%) 74 (4.04%) 110 (3.27%) 199 (3.12%)

Missing 235 100 172 369
Problem descriptor *

Depression 1705 (47.00%) 804 (46.02%) 1481 (45.75%) 2712 (44.90%)
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GAD

323 (8.90%)

172 (9.85%)

378 (11.68%)

520 (8.61%)

Other

262 (7.22%)

106 (6.07%)

296 (9.14%)

759 (12.57%)

MADD

316 (8.71%)

145 (8.30%)

269 (8.31%)

399 (6.61%)

Panic/phobia

206 (5.68%)

(
(
(
(

117 (6.70%)

202 (6.24%)

478 (7.91%)

Adjustment disorder

265 (7.30%)

112 (6.41%)

278 (8.59%)

665 (11.01%)

PTSD

398 (10.97%)

195 (11.16%)

227 (7.01%)

312 (5.17%)

OCD

153 (4.22%)

96 (5.50%)

106 (3.27%)

195 (3.23%)

Missing

407

184

300

714

Age (years)

Mean (SD) 38.03 (13.14) 36.87 (12.95) 36.61(13.07)  37.96 (13.71)

Range 16.00 - 90.00 17.00-91.00 16.00 - 89.00 16.00 - 94.00
Gender

Female 2745 (68.08%) 1337 (69.35%) 2440 (69.04%) 4456 (66.05%)

Male 1287 (31.92%) 591 (30.65%) 1094 (30.96%) 2290 (33.95%)

Missing 3 3 3 8
Number of sessions (including baseline assessment)

Mean (SD) 6.86 (2.93) 8.15 (2.34) 6.36 (2.43) 6.64 (2.60)

Range 3.00-11.00 3.00-11.00 3.00-11.00 3.00-11.00

Recovered °

Yes

40 (1.03%)

659 (34.92%)

2414 (69.11%)

2790 (64.01%)

No

3854 (98.97%)

1228 (65.08%)

1079 (30.89%)

1569 (35.99%)

Missing

141

44

44

2395

Reason for end of treatment

Discharged

2745 (68.03%)

1623 (84.05%)

2940 (83.12%)

5829 (86.30%)

Dropout

917 (22.73%)

222 (11.50%)

480 (13.57%)

709 (10.50%)

Referred

373 (9.24%)

86 (4.45%)

117 (3.31%)

216 (3.20%)

Service

0

1645 (40.77%

829 (42.93%)

1683 (47.58%

2870 (42.49%

1

891 (22.08%

443 (22.94%)

759 (21.46%

1309 (19.38%

2

780 (19.33%

405 (20.97%)

654 (18.49%

1405 (20.80%

3

)
)
)
)

719 (17.82%

254 (13.15%)

)
)
)
)

441 (12.47%

)
)
)
)

1170 (17.32%

Note: Percentages were calculated using the available sample for each variable, after excluding missing
values. The "Missing" row represents the number of missing values and was omitted if there was no missing
data. ! Case thresholds: PHQ9 >10, GAD7 >8. 2 ‘Non-worker’ included homemaker, carer, retired, student. 3
No negative responses were recorded, therefore the absence of any value was taken as a negative response
rather than missing. * GAD = generalised anxiety disorder; PTSD = post-traumatic stress disorder; OCD =
obsessive-compulsive disorder; MADD = mixed anxiety and depressive disorder; Panic/phobia = panic
disorder, agoraphobia, social phobia, specific phobia; ‘Other’ included somatoform disorder, severe mental
illness. ® Calculated for patients who scored above the case threshold on either/both the PHQ9 or GAD7 at
the start of treatment and had an observed score for their final session, otherwise coded as missing.
Represents whether the patient reached recovery within the 10 treatment sessions modelled; if a patient
received more sessions and then recovered, they would appear unrecovered here.

230



Supplementary Table 5. Multinomial regression output for conditional four-class
growth mixture model of depression symptoms (PHQ9)
Reference class: Moderate-severe plateau. Covariate: Service

Baseline Variable OR

Class Lower CI Upper Cl p-value Statistic df

Moderate-severe,

. (Intercept) 2.04 1.49 2.79 0.00 446 11799

gradual improvement
Moderate-severe, ity symptoms (GAD7) 101  1.00 103 014 147 6716
gradual improvement
Moderate-severe, Functional impairment score
gradual improvement (WSAS) 1.00 0.99 1.01 0.79 -0.27 335
ModeraFe-severe, Psycho'troplcmedlcatlon 0.90 0.80 1.02 0.10 166 3287
gradual improvement (Prescribed)
ModeraFe-severe, Employment status 0.68 0.60 078 0.00 564 11374
gradual improvement (Unemployed)
ModeraFe-severe, Employment status 0.84 0.70 1.00 0.05 195 6152
gradual improvement (Non-worker)
Moderate-severe, 1, ity (ves) 079 067 094 001 -2.73 16142
gradual improvement
Moderate-severe, o\ ndescriptor (GAD) ~ 0.82 065  1.05 011  -1.59 1353
gradual improvement
Moderate-severe, 1o m descriptor (Other)  0.89 070 114 037  -0.89 2924
gradual improvement
Moderate-severe, |\ 1 descriptor (MADD) 0.82 065 103 008 -175 1774
gradual improvement
ModeraFe-severe, Prob'Iemdes.crlptor 0.79 0.60 104 010 167 2011
gradual improvement (Panic/phobia)
ModeraFe-severe, Prqblem descriptor 0.77 0.60 0.98 0.04 209 1441
gradual improvement (Adjustment)
Moderate-severe, 1o descriptor (PTSD) ~ 0.80  0.66 097 002  -2.28 3381
gradual improvement
Moderate-

OCerate-severe, problem descriptor (OCD) 079 056 110 017  -1.39 2861
gradual improvement
Moderate-severe, ity (Black) 097 08 112 064 -047 5708
gradual improvement
Moderate-severe, — — py e (Mixed) 093 074 116 050 -0.67 4232
gradual improvement
Moderate-

OCErate-seVere, ttnnicity (Asian) 095 077 117 063 -049 5916
gradual improvement
Moderate-severe, . ity (Other) 095 072 125 071 -037 7440
gradual improvement
Moderate-

OCErate-severe, pge (10 Years) 100 099 100 003 -223 15899
gradual improvement
Moderate-severe, - jor (Male) 100 088 113 095 -0.06 16031
gradual improvement
Moderate- fast
vioderate-severe, 1ast | tercept) 365 264 504 000 7.87 5720
improvement
Moderate-severe, fast ..t < mptoms (GAD7)  1.01  0.99 1.02 033 097 6726

improvement
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Moderate-severe, fast

Functional impairment score

improvement (WSAS) 0.98 0.97 0.99 0.00 -3.85 141
Moderate-severe,fast Psycho'troplcmedlcatlon 0.73 0.65 0.83 0.00 503 7486
improvement (Prescribed)

Moderate-severe,fast Employment status 0.48 0.42 0.55 000 -1034 11210
improvement (Unemployed)

Moderate-severe,fast Employment status 076 0.64 092 0.00 2093 8039
improvement (Non-worker)

Moderate-severe, fast . uivo (ves) 068 056 081 000 -424 15949
improvement

Moderate-severe, fast o o descriptor (GAD) ~ 0.85 0.66  1.09 020  -1.30 936
improvement

Moderate-severe, fast o o descriptor (Other) 099 077 126 090  -012 2352
improvement

Moderate-severe, fast o\ descriptor (MADD) 0.97 076 123 077 029 677
improvement

Moderate-severe, fast Prob'Iem des.crlptor 078 0.58 1.06 011 1.60 614
improvement (Panic/phobia)

Moderate-severe, fast Prqblem descriptor 0.99 0.78 196 0.94 008 1538
improvement (Adjustment)

Moderate-severe, fast .

. Problem descriptor (PTSD) 0.56 0.45 0.70 0.00 -5.16 1020
improvement

Moderate- fast

ioderate-severe, 1ast o oblem descriptor (OCD) 052 035 075 000  -3.42 2213
improvement

Moderate-severe, fast cy . 1. (Black) 118 102 137 003 219 11449
improvement

Moderate-severe, fast ¢y v (Mixed) 101 080 126 094 007 5018
improvement

Moderate- fast

nioderate-severe, 1ast innicity (Asian) 073 057 092 001 -2.68 3641
improvement

Moderate-severe, fast ¢y v (Other) 073 053 099 004 -2.04 2759
improvement

Moderate- fast

nioderate-severe, 1ast rse (10 Years) 100 099 100 043 -0.79 14694
improvement

Moderate-severe, fast . 1o (Male) 105 092 119 049 070 15882
improvement

Mild Il 491.7

Mg, sma (Intercept) 364.65 663.09 000 40.64 3594
improvement 3

Mild, small .

. Anxiety symptoms (GAD7) 0.79 0.77 0.80 0.00 -33.74 4554
improvement

Mlld,small Functional impairment score 0.95 0.94 0.95 000 -13.68 219
improvement (WSAS)

Mild, small Psychotropic medication 051 045 057 000 -11.39 3767
improvement (Prescribed)

Mild, small Employment status 042 037 048 000 -12.44 4064
improvement (Unemployed)

Mild, small Employment status 070 059 083 000 -421 4931
improvement (Non-worker)
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Mild, small

) Disability (Yes) 065 055 077 000 -486 12042
improvement

Mild, small .

. Problem descriptor (GAD) 2.48 1.99 3.10 0.00 8.05 736
improvement

Mild, small .

. Problem descriptor (Other) 1.88 1.49 2.36 0.00 5.40 1700
improvement

Mild, small .

. Problem descriptor (MADD) 1.23 0.98 1.56 0.08 1.75 427
improvement

Mild, small Problem descriptor 217 169 278 000 6.06 1255
improvement (Panic/phobia)

Mild, small Problem descriptor 175 140 218 000 489 1320
improvement (Adjustment)

Mild, small Problem descriptor (PTSD)  0.86 0.70  1.05 014 -1.50 1639
improvement

Mild, small .

. Problem descriptor (OCD) 192 140 2.63 0.00 4.03 1184
improvement

Mild, small Ethnicity (Black) 071 061 082 000 -453 2532
improvement

Mild, small Ethnicity (Mixed) 077 062 096 002 -229 1620
improvement

Mild, small Ethnicity (Asian) 066 053 082 000 -3.68 2032
improvement

Mild, small Ethnicity (Other) 061 045 081 000 -3.39 1494
improvement

Mild, small Age (10 Years) 099 099 100 000 -292 11068
improvement

Mild, small Gender (Male) 092 0.81 103 014 -147 10138
improvement
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Supplementary Table 6. Multinomial regression output for conditional four-class

growth mixture model of anxiety symptoms (GAD7)
Reference class: Moderate-severe plateau. Covariate: Service

Class Baseline Variable OR LowerCl UpperCl p-value Statistic df
Moderate-

OCErate-severe,  intercept) 081 061 109 016 -1.41 3800
gradual improvement
ModeraFe-severe, Depression symptoms 1.00 0.99 101 0.78 029 2605
gradual improvement (PHQ9)
Moderate-severe, Functional impairment
gradual improvement score (WSAS) 1.00 0.99 1.00 0.26 -113 157
ModeraFe-severe, Psycho'troplcmedlcatlon 0.84 0.75 0.94 0.00 293 11017
gradual improvement (Prescribed)
ModeraFe-severe, Employment status 0.63 055 072 0.00 659 9484
gradual improvement (Unemployed)
ModeraFe-severe, Employment status 0.83 0.70 098 0.03 216 4735
gradual improvement (Non-worker)
Moderate-severe, o\ Lty (Ves) 079 066 094 001 -258 16015
gradual improvement
Moderate-

OCErate-seVere, problem descriptor (GAD) ~ 1.03  0.83 127 079 026 1614
gradual improvement
Moderate-severe, o 1o descriptor (Other) 0.83 065  1.06 013  -150 4721
gradual improvement
Moderate-severe, o\ descriptor (MADD) 096 077 119 072  -036 3979
gradual improvement
ModeraFe-severe, Prob'Iem des.crlptor 117 0.92 150 0.20 127 2514
gradual improvement (Panic/phobia)
ModeraFe-severe, Prqblem descriptor 0.90 0.70 1.15 0.38 087 1288
gradual improvement (Adjustment)
Moderate-severe, o\ 1 descriptor (PTSD) 110 091 134 032 099 2268
gradual improvement
Moderate-

OCerate-seVere, problem descriptor (OCD) 117  0.88 156 027 110 1708
gradual improvement
Moderate-severe, ) i (Black) 084 072 097 002 -231 2696
gradual improvement
Moderate-severe, ¢\ it (Mixed) 097 078 120 075 -032 7478
gradual improvement
Moderate-

OCerate-severe, Ethnicity (Asian) 094 075 116 054 -0.62 4219
gradual improvement
Moderate-severe, —  p.p it (Other) 091 069 121 052 -0.64 3134
gradual improvement
Moderate-

OCerate-severe, —  age (10 Years) .00 1.00  1.00 093  -0.09 15735
gradual improvement
Moderate-severe, - or (Male) 099 08 111 084 -021 16067
gradual improvement
Moderate- fast
nioderate-severe, 1ast | iercept) 411 323 522 000 1154 8323
improvement
Moderate-severe, fast Depression symptoms 0.96 0.95 0.97 0.00 68 2011

improvement

(PHQY)
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Moderate-severe, fast

Functional impairment

improvement score (WSAS) 0.98 0.98 0.99 0.00 -4.50 220
Moderate-severe, fast Psycho'troplc medication 0.77 0.70 0.86 0.00 495 4538
improvement (Prescribed)

Moderate-severe,fast Employment status 0.52 0.46 0.59 000 -10.67 7746
improvement (Unemployed)

Moderate-severe,fast Employment status 0.82 071 0.94 0.01 279 9144
improvement (Non-worker)

Moderate-severe, fast 1 it (ves) 073 062 086 000 -3.86 15890
improvement

Moderate-severe, fast , . descriptor (GAD) ~ 1.06  0.89 126  0.50  0.68 1946
improvement

Moderate-severe, fast , |\ qescriptor (Other) 110 091 132 034 096 5749
improvement

Moderate- fast

Mioderate-severe, 1ast o blem descriptor (MADD) 1.01  0.84 121 094  0.08 2249
improvement

Moderate-severe, fast Prob'Iem des.crlptor 1.00 081 195 0.97 004 1440
improvement (Panic/phobia)

Moderate-severe, fast Prqblem descriptor 1.10 0.91 133 0.34 097 1513
improvement (Adjustment)

Moderate-severe, fast .

. Problem descriptor (PTSD) 0.73 0.61 0.88 0.00 -3.40 3169
improvement

Moderate- fast

Mioderate-severe, 1ast o blem descriptor (OCD) 061 047 080 000 -3.55 2714
improvement

Moderate-severe, fast ¢\ ..t (Black) 108 095 122 024 118 3553
improvement

Moderate-severe, fast ¢\ . 1. (Mixed) 1.09 091 131 036 092 8159
improvement

Moderate-severe, fast ¢\ .ot (asian) 080 066 097 002 -229 6895
improvement

Moderate-severe, fast ¢\ . . (Other) 079 061 102 007 -1.82 2939
improvement

Moderate- fast

nvioderate-severe, 1ast \oe (10 Years) .00  1.00  1.00 037 -0.90 15427
improvement

Moderate-severe, fast . o (Male) 107 097 119 019 132 15624
improvement

Mild Il

Mg, sma (Intercept) 166.00 129.61 212.62 0.00  40.50 2622
improvement

Mild, small Depression symptoms 076 075 077 000 -43.90 1287
improvement (PHQ9)

Mild, small Functional impairment

improvement score (WSAS) 0.98 0.97 0.98 0.00 -6.53 189
Mlld, small Psycho'troplc medication 0.84 0.75 0.93 0.00 334 4702
improvement (Prescribed)

Mild, small Employment status 061 054 069 000 -7.73 7037
improvement (Unemployed)

Mild, small Employment status 0.84 073 097 002 -233 10852
improvement (Non-worker)
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Mild, small

) Disability (Yes) 090 077 106 021 -125 14246
improvement

Mild, small .

. Problem descriptor (GAD) 0.38 0.31 0.45 0.00 -10.59 1468
improvement

Mild, small .

. Problem descriptor (Other)  0.82 0.68 0.99 0.04 -2.11 3400
improvement

Mild, small .

. Problem descriptor (MADD) 0.55 0.45 0.66 0.00 -6.09 2099
improvement

Mild, small Problem descriptor 058 047 073 000 -483 907
improvement (Panic/phobia)

Mild, small Problem descriptor 074 061 089 000 -321 2384
improvement (Adjustment)

Mild, small Problem descriptor (PTSD)  0.50 041  0.61 000 -6.94 3582
improvement

Mild, small .

. Problem descriptor (OCD) 0.23 0.17 0.30 0.00 -10.52 1232
improvement

Mild, small Ethnicity (Black) 093 08 106 027 -1.10 2686
improvement

Mild, small Ethnicity (Mixed) 099 08 120 091 -011 6911
improvement

Mild, small Ethnicity (Asian) 073 059 089 000 -310 5133
improvement

Mild, small Ethnicity (Other) 081 063 104 010 -1.63 7303
improvement

Mild, small Age (10 Years) .00 1.00 101 006  1.86 11239
improvement

Mild, small Gender (Male) 124 112 138 000 416 13978
improvement
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Appendix D - Supplementary materials for Chapter 5

Supplementary materials for “Trajectories of depression symptoms, anxiety
symptoms and functional impairment during internet-enabled cognitive-

behavioural therapy”
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Supplementary Information 1. Inclusion criteria for treatment with ieso

ieso treats individuals who are at least 18 years of age, registered with a GP in an area
where the service is commissioned and have access to a suitable device and internet
connection. Individuals are excluded (and signposted to appropriate services) if they
express suicidal intent, have active psychosis or mania symptoms, a severe learning
disability or cognitive impairment, a severe personality disorder, or are unable to read or
write English on a device due to low-level literacy, language barriers, or visuomotor
disability without access to assistive technology. Therapists have access to patient’s self-
report data and use it to monitor progress throughout therapy. They conduct risk
assessments and patients at high risk at any point are signposted to more appropriate
services.

Supplementary Information 2. Exclusions applied to retain a sample of patients
suitable for trajectory analysis

Starting Counts
Patients Sessions
97,686 408,175

8

Received 21 treatment session
52,034 355,279

Did not enter treatment

First session removed if 15t to 2"d
session interval exceeded 30 days, < Q
creating new baseline !

Eligible 15t to 2" session interval

52,034 341,408 More than 1 session for same patient
‘@ - ID and date: removed duplicate(s)
with no outcome scores or no change
No duplicate session dates in scores, or summarised as means
52,033 341,290
Sessions occurring less than 3 days P @

apart; handled the same as duplicates

Eligible minimum session interval

52,033 340,488
Q > Sessions occurring after the 11th 2
Maximum 11 sessions
52,033 322,070
Sessions occurring after an interval
<
exceeding 30 days 3 O
Eligible maximum session interval
52,034 310,852
Q = No recorded outcomes at any session
At least one recorded outcome
52,029 310,808

Figure I: Flowchart of exclusions applied to original sample to retain sample for analysis

1 The first session in IAPT is often an assessment or triage session with treatment beginning formally at the
second session. If the first to second session interval exceeded 30 days, the first session was not considered
to represent an accurate baseline assessment and was therefore removed.
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2 A baseline assessment and ten therapy sessions. Selected for sufficient complete data across timepoints
for all outcomes (using Mplus covariance coverage minimum 0.10), and as modelling a higher number than
most patients received could make optimal solutions invalid and unstable 28, Table | shows descriptives before
and after this limitation.

3 The analytical method (growth mixture modelling) assumes time intervals are invariant across patients.
Although therapy sessions are intended to occur on a weekly basis, the naturalistic nature of the data
introduced substantial variance. In an attempt to limit this we excluded sessions occurring after a 30 day
interval. Table Il for session interval descriptives with and without this filtering.

Table I: Number of timepoints recorded for patients in the analysis sample

The mean number of timepoints before limiting the maximum was 6.5 (SD = 3.9, range =1
- 39) and following limiting to 11 maximum it was 6.0 (SD = 3.1, range =1 - 11).

Timepoint Frequency Proportion (%) Cumulative Proportion (%)
1 (baseline) 2726 5.24 5.24
2 6348 12.20 17.44
3 5368 10.32 27.76
4 5129 9.86 37.62
5 5272 10.13 47.75
6 5048 9.70 57.45
7 5188 9.97 67.42
8 3766 7.24 74.66
9 3262 6.27 80.93
10 2826 5.43 86.36
11 (10 therapy sessions) 7096 13.64 100.00

Table /I: Descriptives of days between therapy sessions

Prior to filtering out sessions after a long (30 day) interval, the mean interval was 13 days
(SD =10, range = 0 - 527) and after filtering it was 11 days (SD = 6, range = 3 - 30).

Therapy Session
Dataset 0 1 2 3 4 5 6 7 8 9 10

0.00 2471 962 992 10.19 1043 1073 10.85 1096 11.22 11.49
(0.00) (14.16) (6.35) (6.46) (7.06) (7.00) (7.32) (7.22) (7.18) (7.57) (7.87)

0.00 16.41 9.17 9.43 9.61 9.72 9.94 10.06 10.12 10.36 10.49

(0.00) (7.13) (4.56) (4.73) (4.85) (4.84) (5.02) (5.06) (5.09) (5.24) (5.36)
Note: Mean (standard deviation) days between column-specified session and previous session. For patients
who had entered treatment descriptives are provided prior to removing sessions occurring after intervals
exceeding 30 days (unfiltered - upper row) and following this (filtered - lower row). The filtered dataset was
used for analysis.

Unfiltered

Filtered
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Supplementary Figure 1. Histograms of observed depression symptoms (PHQ9;
top), anxiety symptoms (GAD7; middle) and functional impairment (WSAS & 4-
item WSAS; bottom) at each session of psychological therapy

Total Current Depression Symptoms Total Current Anxiety Symptoms
Dashed line: mean Dotted lines: + 1 standard deviation Dashed line: mean Dotted lines: + 1 standard deviation

N W W W

0 3 6 9121518212427 1o 0 3 6 912151821

036 9121518212427 0 3 6 9121518212427 0 3 6 9 121518212427 036912151821 0 3 6 9 12151821 0 3 6 9 12151821
Total 5-ltem Current Functional Impairment Total 4-Item Current Functional Impairment
Dashed line: mean Dotted lines: + 1 standard deviation Dashed line: mean Dotted lines: + 1 standard deviation

ol e

0 5 1015202530 3540 0 4 8121620242832

0 510152025303540 0 5 10152025303540 0 5 10152025303540 0 4 8121620242832 0 4 8121620242832 0 4 8 121620242832

Note: Histograms for total symptom scores measured across the 11 timepoints (baseline and 10 therapy
sessions). Only observed scores for patients who were in treatment at each timepoint were included; see
Supplementary Table 1 for Ns
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Supplementary Table 1. Proportion of observed scores for depression symptoms
and anxiety symptoms (upper table), functional impairment and WSAS 4-item
(lower table) across psychological therapy sessions, in patients in treatment at
that time

Therapy session Number of patients in Proportion (%) with Proportion (%) with
treatment PHQ9 score GAD7 score
0 (baseline) 52029 98.97 98.93
1 49303 97.44 97.28
2 42955 96.93 96.75
3 37587 96.96 96.76
4 32458 96.97 96.75
5 27186 96.86 96.69
6 22138 96.77 96.67
7 16950 96.97 96.83
8 13184 96.96 96.81
9 9922 97.06 96.92
10 7096 97.29 97.11
Number of WSAS . Number of WSAS 4- Proportion (%)
Therapy session  subsample patients P.roportlon (%) item subsample with WSAS
in treatment with WSAS score patients in treatment 4-item score
0 (baseline) 32168 99.50 19293 99.63
1 30375 96.96 18606 97.61
2 26141 96.06 16633 96.61
3 22809 96.20 14640 96.37
4 19677 96.08 12679 96.26
5 16472 96.08 10630 96.13
6 13379 96.36 8688 95.90
7 10170 96.33 6722 96.30
8 7904 96.23 5242 96.36
9 5937 96.38 3958 96.46
10 4228 96.31 2852 96.74
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Supplementary Table 2. Baseline descriptives of patient sample for analysis who

received internet-enabled cognitive-behavioural therapy (N = 52,029) and subset

with functional impairment score (N = 32,168)

Variable

Mean (SD); range or Count (Proportion %)

Full sample
(N =52,029)

WSAS subset
(N =32,168)

Age (years)
Mean (SD); Range

34.3(12.3); 18- 94

33.9(10.9); 18 - 92

Missing 539 (1.0%) 181 (0.6%)
Gender

Female 38,246 (73.5%) 23,144 (71.9%)

Male 13,572 (26.1%) 8,910 (27.7%)

Missing 211 (0.4%) 114 (0.4%)

Depression Symptoms (PHQ9)
Mean (SD); Range

12.6 (6.1); 0- 27

12.4 (6.1); 0 - 27

Missing 537 (1.0%) 133 (0.4%)
Anxiety Symptoms (GAD7)

Mean (SD); Range 12.2(5.3);0-21 12.0(5.3);0-21

Missing 556 (1.1%) 138 (0.4%)
Case on PHQ9 and/or GAD7 !

No 8,527 (16.4%) 5,557 (17.3%)

Yes 42,984 (82.6%) 26,487 (82.3%)

Missing 518 (1.0%) 124 (0.4%)

Functional Impairment (WSAS)
Mean (SD); Range
Missing

16.1 (8.3); 0 - 40
12,545 (24.1%)

16.0 (8.2); 0 - 40
161 (0.5%)

Functional Impairment WSAS Home Management
Mean (SD); Range
Missing

2.9(2.1);0-8
800 (1.5%)

2.9(2.1);0-8
161 (0.5%)

Functional Impairment WSAS Social Leisure
Mean (SD); Range
Missing

3.8(2.3);0-8
800 (1.5%)

3.8(2.3);0-8
161 (0.5%)

Functional Impairment WSAS Private Leisure
Mean (SD); Range
Missing

2.8(2.2);0-8
800 (1.5%)

2.8(2.2);0-8
161 (0.5%)

Functional Impairment WSAS Relationships
Mean (SD); Range
Missing

3.2(2.2);0-8
800 (1.5%)

3.2(2.2);0-8
161 (0.5%)

Functional Impairment WSAS Work
Mean (SD); Range
Missing

3.3(2.3);0-8
12,530 (24.1%)

3.3(2.3);0-8
161 (0.5%)

Agoraphobia Item
Mean (SD); Range
Missing

2.6(2.5);0-8
814 (1.6%)

2.5(2.5);0-8
210 (0.7%)

Social Phobia Item
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Mean (SD); Range
Missing

3.3(2.4);0-8
814 (1.6%)

3.2(2.3);0-8
210 (0.7%)

Specific Phobia Item
Mean (SD); Range
Missing

2.5(2.5);0-8
814 (1.6%)

2.4(2.5);0-8
210 (0.7%)

Diagnosis 2
Depression
GAD
Other Anxiety
ocb
PTSD
Other
Missing

21,296 (40.9%)
14,203 (27.3%)
10,184 (19.6%)
2,509 (4.8%)
2,107 (4.0%)
1,677 (3.2%)
53 (0.1%)

12,962 (40.3%)
9,072 (28.2%)
6,303 (19.6%)
1,559 (4.8%)
1,192 (3.7%)
1,048 (3.3%)
32 (0.1%)

Prescribed Psychotropic Medication
No
Yes
Missing

26,469 (50.9%)
23,996 (46.1%)
1,564 (3.0%)

16,742 (52.0%)
14,805 (46.0%)
621 (1.9%)

Ethnicity
White
Minoritised Ethnic Groups
Missing

34,839 (67.0%)
3,731 (7.2%)
13,459 (25.9%)

21,947 (68.2%)
1,932 (6.0%)
8,289 (25.8%)

Disability Reported
No
Yes
Missing

21,191 (40.7%)
4,731 (9.1%)
26,107 (50.2%)

13,699 (42.6%)
2,335 (7.3%)
16,134 (50.2%)

Employment Status 3
Employed
Non-worker
Unemployed
Missing

34,518 (66.3%)
8,543 (16.4%)
6,061 (11.6%)
2,907 (5.6%)

26,537 (82.5%)
1,994 (6.2%)
2,345 (7.3%)
1,292 (4.0%)

Number of Sessions
Mean (SD); Range
Missing

6.0(3.1); 1-11
0 (0.0%)

5.9(3.2);1-11
0 (0.0%)

Recovered (higher ‘yes’ if include more than the 10 treatment sessions modelled) #

No

Yes

Missing (includes not a case at start of treatment)

23,081 (44.4%)
17,758 (34.1%)
11,190 (21.5%)

14,070 (43.7%)
11,060 (34.4%)
7,038 (21.9%)

Functional Impairment WSAS Model
Four item only
All five items
Missing

19,293 (37.1%)
32,168 (61.8%)
568 (1.1%)

0 (0.0%)
32,168 (100.0%)
0 (0.0%)

Note: Only the baseline values are presented for variables that were measured at multiple timepoints. The
WSAS subset was analysed for that model as they had complete scores for the measure.  Case thresholds
were PHQ9 >10, GAD7 >8. 2 IAPT ‘problem descriptor’: GAD = generalised anxiety disorder; Other Anxiety =
panic disorder, agoraphobia, social phobia, specific phobia; hypochondriacal, unspecified anxiety; PTSD =
post-traumatic stress disorder; OCD = obsessive-compulsive disorder; ‘Other’ included adjustment disorders
and eating disorders. 3‘Non-worker’ included homemaker, retired, student. * Only calculated for patients who
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scored above case thresholds on either the PHQ9 or GAD7 at the start of treatment and had an observed
score for their final session, otherwise coded as missing. Represents whether the patient reached recovery
within the 10 treatment sessions modelled; if they received more sessions and then recovered, they would

appear unrecovered here.

Supplementary Table 3. Comparison of baseline characteristics of patients who

were excluded from analysis (n = 45,657) to patients included in the analysis (n =

52,029)
Variable Excluded from analysis  Included in analysis p-value Effect
(N =45,657) (N =52,029) size

Started Treatment 5 (0.0%) 52,029 (100.0%) <0.001 1.00

Age (years) <0.001 0.05
Mean (SD) 34.9 (13.2) 34.3(12.3)
Missing 480 539

Gender <0.001 0.02
Female 32,618 (72.0%) 38,246 (73.8%)
Male 12,708 (28.0%) 13,572 (26.2%)
Missing 331 211

Depression Symptoms (PHQ9) <0.001 0.29
Mean (SD) 14.4 (6.3) 12.6 (6.1)
Missing 21,278 537

Anxiety Symptoms (GAD7) <0.001 0.15
Mean (SD) 13.1(5.4) 12.2 (5.3)
Missing 21,453 556

Case on PHQ9 and/or GAD7 <0.001 0.06
No 2,996 (12.3%) 8,527 (16.6%)
Yes 21,354 (87.7%) 42,984 (83.4%)
Missing 21,307 518

Functional Impairment (WSAS) <0.001 -0.05
Mean (SD) 15.7 (9.0) 16.1(8.3)
Missing 40,542 12,545

Functional Impairment (WSAS 4-item) <0.001 -0.04
Mean (SD) 12.4 (7.5) 12.7 (7.0)
Missing 38,635 800

Functional Impairment WSAS Home 0.031 -0.01
Mean (SD) 2.8(2.3) 2.9(2.1)
Missing 38,635 800

Functional Impairment WSAS Social Leisure <0.001 -0.09
Mean (SD) 3.6 (2.5) 3.8(2.3)
Missing 38,635 800

Functional Impairment WSAS Private Leisure <0.001 -0.03
Mean (SD) 2.8(2.4) 2.8(2.2)
Missing 38,635 800

Functional Impairment WSAS Relationships 0.8 0.01
Mean (SD) 3.2(2.3) 3.2(2.2)
Missing 38,635 800
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Functional Impairment WSAS

Work <0.001 -0.07
Mean (SD) 3.2(2.4) 3.3(2.3)
Missing 38,475 12,530
Agoraphobia Item <0.001 -0.06
Mean (SD) 2.4 (2.6) 2.6 (2.5)
Missing 38,629 814
Social Phobia Item <0.001 -0.07
Mean (SD) 3.1(2.5) 3.3(2.4)
Missing 38,629 814
Specific Phobia Item <0.001 -0.10
Mean (SD) 2.2 (2.5) 2.5(2.5)
Missing 38,629 814
Diagnosis <0.001 0.06
Depression 6,063 (40.2%) 21,296 (41.0%)
GAD 3,918 (26.0%) 14,203 (27.3%)
Other Anxiety 2,765 (18.3%) 10,184 (19.6%)
oCD 718 (4.8%) 2,509 (4.8%)
PTSD 799 (5.3%) 2,107 (4.1%)
Other 806 (5.3%) 1,677 (3.2%)
Missing 30,588 53
No 3,549 (51.6%) 26,469 (52.5%)
Yes 3,333 (48.4%) 23,996 (47.5%)
Missing 38,775 1,564
Ethnicity <0.001 0.03
White 16,320 (88.3%) 34,839 (90.3%)
Minoritised Ethnic Groups 2,153 (11.7%) 3,731 (9.7%)
Missing 27,184 13,459
Disability Reported <0.001 0.07

No
Yes

Missing

8,907 (75.6%)
2,868 (24.4%)
33,882

21,191 (81.7%)
4,731 (18.3%)

26,107

Note: Percentages were calculated using the available sample for each variable, after excluding missing
values. p-values are from Pearson’s Chi-Squared test for categorical variables and Wilcoxon rank sum for
continuous variables. Effect sizes are Cohen’s d for continuous variables and Cramer’s V for categorical. ?
Case thresholds were PHQ9 >10, GAD7 >8. 2 IAPT ‘problem descriptor’; GAD = generalised anxiety disorder;
Other Anxiety = panic disorder, agoraphobia, social phobia, specific phobia; hypochondriacal disorder,
unspecified anxiety; OCD = obsessive-compulsive disorder; PTSD = post-traumatic stress disorder; ‘Other’
included adjustment disorders and eating disorders. Employment and recovery are absent as were NA for
excluded patients; employment data is not collected in initial assessments, and recovery requires at least

two sets of scores.
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Supplementary Information 3. Latent growth curve fit indices and plots

Fit indices and plots of the model-estimated and observed latent growth curves for each

outcome. Fit indices as described in Chapter 4 Supplementary Information 2. Rows are
ordered by BIC, with the optimal value at the top. Plot intercept represents the estimated
mean score on the outcome across the whole sample at baseline (session 0). Only the

trajectories with the adjacent residuals correlated (‘corr resid’) are plotted as all had

superior fit to the forms with uncorrelated residuals.

Table I. Fit indices of latent growth curves

Depression RMSEA
stons (PHQS) Obs  Params  AIC BIC CFl TU  SRMR _to-h
Quadratic Growth 51683 30 1646008 1646273 0.995 0.994 0.020  0.020
Curve; corr resid
Linear Growth

. 51683 26 1650236 1650466 0977 0975 0105  0.041
Curve; corr resid
Log Growth Curve; 51683 26 1651167 1651397 0974 0.971 0049  0.044
corr resid
ijv‘lrat'c Growth 51683 20 1651814 1651991 0.972 0973 0.034  0.043
Linear Growth Curve 51683 16 1661670 1661811 0933 00940 0146  0.064
Log Growth Curve 51683 16 1663932 1664074 0926 0933 0065  0.068
Anxiety symptoms RMSEA
(GAD?) Obs Params  AIC BIC CFl TU SRMR __t°-"
Quadratic Growth 51667 30 1614351 1614616 0994 0992 0.025  0.022
Curve; corr resid
Linear Growth

. 51667 26 1618783 1619013 0972 0970 0.128  0.044
Curve; corr resid
glj‘fv‘lrat'c Growth 51667 20 1620077 1620254 0968 0.969 0.042  0.045
Log Growth Curve;; o) (o) 26 1621324 1621554 0960 0.957 0.056  0.052
corr resi
Linear Growth Curve 51667 16 1629740 1629882 0923 0931 0.175  0.066
Log Growth Curve 51667 16 1634427 1634569 0904 0913 0076  0.074
Functional RMSEA
Impairment (WSAS) Obs  Params  AIC BIC CFl TU SRMR _L°h
Quadratic Growth 32168 30 1078799 1079050 0.994 0.993 0017  0.022
Curve; corr resid
Linear Growth Curve; 5, g 26 1080961 1081179 0.982 098 0067  0.038
corr resid
glj‘fv‘lrat'c Growth 32168 20 1081861 1082029 0.978 0.979 0.031  0.04
Log Growth Curve; 32168 26 1084869 1085087 0.96 0957 0.048  0.057
corr resid
Linear Growth Curve 32168 16 1088271 1088405 0944 0949 0099  0.062

32168 16 1093112 1093246 0919 0927 0049  0.074

Log Growth Curve

248



Functional

Impairment Obs Params AIC BIC CFI TLI SRMR E':Z';E:\e
(WSAS 4-item)
Quadratic Growth 19293 30 662799 663035 0.994 0.993 0017  0.023
Curve; corr resid
Linear Growth

. 19293 26 663945 664149 0.983 0981 0.067  0.037
Curve; corr resid
glj‘fv‘lrat'c Growth 19293 20 664520 664678 0.978 0979 0.031  0.039
Log Growth Curve; 19293 26 665733 665937 0.965 0.962 0.043  0.052
corr resid
Linear Growth Curve 19293 16 668093 668219 0.945 0.950 0.097  0.060
Log Growth Curve 19293 16 670060 670185 0.927 0934 0.048  0.069
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Supplementary Information 4. Latent class growth analysis

This section describes the model selection for latent class growth analysis (LCGA), a
restricted version of growth mixture modelling where the variance within classes is
restricted to zero.

Depression and anxiety symptoms LCGAs all had classes with over 1% of the sample and
good entropy values. For depression symptoms, besides the six-class, models had
trajectories that primarily differed in baseline severity. This was also observed in the two-
to four-class models of anxiety symptoms. For both outcomes, the VLMR-LRT p-value was
significant for the two-class model, despite information criteria decreasing to six-classes.
Consistent with the literature, we placed emphasis on BIC which showed a plateau around
three classes in the elbow plot (available upon request). In the depression model, an
additional trajectory in the four-class appeared to only divide one of the three classes by
intercept. For both depression and anxiety symptoms, a three-class model was selected as
the optimal, and this indicated: moderate-severe late improvement (grey squares);
moderate-severe with improvement (blue triangles); mild symptoms, small improvement
(green circles).

The functional impairment LCGAs had good entropy and trajectory classes each had more
than 1% of the sample. Trajectories only noticeably differed by intercept values. The VLMR-
LRT p-value was not significant for any model. The information criteria decreased up to the
six-class model and the BIC elbow plot (available upon request) showed a plateau around
four classes. The three-class model was selected as the additional trajectory in the four-
class differed only by intercept value. In patients with complete 5-item WSAS scores, the
correlation between the 4-item score and the work item was r = 0.51 (p < 0.001). Results
for the 4-item functional impairment score were very similar to the full five-item models
but had substantially lower information criteria indicating better fit of the model to the
data. The LCGAs had good entropy, the VLMR LRT p-value did not indicate an optimal
model, and class proportions were all acceptable (> 1%). A three-class model was again
selected based on the BIC elbow plot and the plotted estimated mean trajectories. The
plots for these models are available on request.
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Fit indices of latent growth trajectories

;Si?)toof nl‘)se:);:sqs;n Params AIC BIC Entropy V;x;::.r Class Proportions
Growth Curve 24 1786472 1786685 NA NA 100
Two Class 28 1701981 1702229 0.814 0.333 65.3, 34.7
Three Class 32 1669846 1670129 0.782 <0.001 43.5,17.1,39.5
Four Class 36 1656890 1657209 0.752 <0.001 31.8,36.2,9.9,22.2
Five Class 40 1651879 1652233 0.719 <0.001 13.3,32.1,25.4,22.9,6.1
Six Class 44 1649035 1649424 0.708 0.001 13.0,6.1,17.2,31.5,24.4,7.8
;Siﬁgf::?::;ﬂ Params AIC BIC Entropy V:;I_\‘/II:I:ET Class Proportions
Growth Curve 24 1729658 1729870 NA NA 100
Two Class 28 1654612 1654860 0.792 0.3333 37.1,62.9
Three Class 32 1629092 1629376  0.752 <0.001 38.6,42.1,19.3
Four Class 36 1620525 1620843 0.706 <0.001 22.8,12.5,35.3,29.5
Five Class 40 1617410 1617764 0.670 <0.001 22.3,16.2,27.0,12.5,22.0
Six Class 44 1613307 1613697 0.676 <0.001 10.0,16.0,24.3,12.6,13.3,23.8
:';i:if;z::iaz::sl) Params AIC BIC Entropy V:;I_\‘/II:I:ET Class Proportions
Growth Curve 24 1188329 1188530 NA NA 100
Two Class 28 1130897 1131131 0.817 <0.001 34.9, 65.0
Three Class 32 1104464 1104732 0.796 <0.001 39.8,42.2,18.1
Four Class 36 1092660 1092962 0.774 <0.001 23.0, 35.9, 10.9, 30.1
Five Class 40 1086899 1087235 0.748 <0.001 7.0, 23.9,30.8,14.7, 23.6
Six Class 44 1084308 1084677 0.722 0.023 23.4,15.8,4.8,10.3, 19.4, 26.3
:;i:i:’:‘z::ctlonal Params AIC BIC Entropy VLMR LRT Class Proportions
(WSAS 4-item) p-value

Growth Curve 24 726558 726747 NA NA 100
Two Class 28 690566 690786 0.829 <0.001 34.2, 65.8
Three Class 32 675187 675439 0.803 <0.001 43.1,39.9,17.0
Four Class 36 668743 669026 0.776 <0.001 22.4,11.3,35.7,30.6
Five Class 40 665919 666234 0.753 <0.001 6.8,12.7,22.5,26.4,31.6
Six Class 44 664717 665064 0.747 0.0002 26.0,5.2,30.9,6.7,12.1,19.1
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Estimated class trajectories for two- to six-class latent class growth models of depression
symptoms (PHQ9) during internet-enabled cognitive-behavioural therapy (N = 51,683)
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Estimated class trajectories for two- to six-class latent class growth models of anxiety
symptoms (GAD7) during internet-enabled cognitive-behavioural therapy (N = 51,667)
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Estimated class trajectories for two- to six-class latent class analysis models of functional
impairment (WSAS) during internet-enabled cognitive-behavioural therapy (N = 32,168)
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Supplementary Information 5. Growth mixture model of depression symptoms
(PHQ9)

This section details the model selection for the GMM of depression symptoms, including
trajectory plots, and describes the selected model. The fit indices are presented in the main
text. The VLMR LRT p-value remained significant and information criteria decreased up to
six classes, however, six was unrealistically high compared with existing studies (hence it
was the upper number to test). All models had classes with more than 1% of the sample.
The five- and six-class models revealed trajectories outside the PHQ9 range. As per the
method, an elbow plot of BIC values was used to identify a point of diminishing gains, and
this suggested a four-class model with medium entropy (0.629).

Estimated class trajectories for two- to six-class growth mixture models of depression
symptoms (PHQ9) during internet-enabled cognitive-behavioural therapy (N = 51,683)
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Characteristics of patients within each trajectory class of a four-class depression growth

mixture model (based on most likely trajectory class)

Variable Moderate-severe Moderate-severe Moderate-severe Mild, small
plateau gradual improvement fast improvement improvement
N =6,892 N =6,829 N =5,683 N =32,279

Anxiety Symptoms (GAD7)

Mean (SD) 15.6 (4.2) 16.0 (3.9) 15.1 (4.3) 10.2 (4.8)

Missing 21 16 11 168
Depression Symptoms (PHQ9)

Mean (SD) 17.6 (4.3) 19.4 (3.6) 18.5 (3.4) 9.1(4.1)

Missing 18 12 11 150
Functional Impairment (WSAS)

Mean (SD) 22.6(7.8) 22.3(7.4) 18.1 (7.5) 13.1(7.0)

Missing 1,741 1,604 1,375 7,484
WSAS Home Management

Mean (SD) 4.1(2.2) 4.1(2.1) 3.3(2.1) 2.2(1.9)

Missing 41 46 36 338
WSAS Private Leisure

Mean (SD) 4.2(2.3) 4.2 (2.3) 3.3(2.2) 2.2(1.9)

Missing 41 46 36 338
WSAS Social Leisure

Mean (SD) 5.2 (2.2) 5.1(2.2) 4.2(2.2) 3.2(2.1)

Missing 41 46 36 338
WSAS Relationships

Mean (SD) 4.3(2.2) 4.4(2.2) 3.5(2.2) 2.6 (2.0)

Missing 41 46 36 338
WSAS Work

Mean (SD) 4.6 (2.4) 4.4 (2.3) 3.7 (2.3) 2.8(2.1)

Missing 1,741 1,602 1,374 7,475
Agoraphobia Item

Mean (SD) 3.9(2.6) 3.7(2.6) 2.7 (2.5) 2.1(2.3)

Missing 43 45 43 343
Social Phobia Item

Mean (SD) 4.6 (2.4) 4.4 (2.4) 3.5(2.3) 2.7(2.1)

Missing 43 45 43 343
Specific Phobia Item

Mean (SD) 3.4(2.7) 3.1(2.7) 2.3(2.5) 2.1(2.3)

Missing 43 45 43 343
Diagnosis

Depression 3,408 (49.5%) 3,703 (54.3%) 3,200 (56.4%) 10,855 (33.7%)

GAD 1,282 (18.6%) 1,327 (19.5%) 1,260 (22.2%) 10,249 (31.8%)

Other Anxiety 1,147 (16.7%) 1,020 (15.0%) 737 (13.0%) 7,200 (22.3%)

oCD 360 (5.2%) 241 (3.5%) 140 (2.5%) 1,757 (5.4%)

PTSD 519 (7.5%) 374 (5.5%) 214 (3.8%) 989 (3.1%)

Other 170 (2.5%) 153 (2.2%) 124 (2.2%) 1,202 (3.7%)

Missing 6 11 8 27
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Prescribed Psychotropic Medication

No 2,589 (38.5%) 2,623 (39.4%) 2,615 (46.9%) 18,634 (59.2%)
Yes 4,132 (61.5%) 4,036 (60.6%) 2,961 (53.1%) 12,861 (40.8%)
Missing 171 170 107 784
Number of Sessions (incl baseline)
Mean (SD) 6.9 (3.3) 6.4 (3.4) 5.7 (2.5) 5.8(3.1)
Missing 0 0 0 0
Case on PHQ9 and/or GAD7
No 66 (1.0%) 3 (0.0%) 2 (0.0%) 8,455 (26.3%)
Yes 6,808 (99.0%) 6,816 (100.0%) 5,671 (100.0%) 23,684 (73.7%)
Missing 18 10 10 140
Recovered
No 6,424 (98.5%) 4,439 (68.4%) 1,619 (29.9%) 10,595 (47.3%)
Yes 95 (1.5%) 2,048 (31.6%) 3,801 (70.1%) 11,814 (52.7%)
Missing 373 342 263 9,870
Age (years)
Mean (SD) 31.9 (11.8) 32.4(11.8) 35.7 (12.6) 34.9 (12.4)
Missing 125 84 28 262
Gender
Female 5,206 (76%) 5,128 (75.6%) 4,184 (73.9%) 23,496 (73.0%)
Male 1,640 (24.0%) 1,657 (24.4%) 1,478 (26.1%) 8,685 (27.0%)
Missing 46 44 21 98
Ethnicity
White 5,041 (89.4%) 4,876 (89.0%) 3,517 (89.8%) 21,212 (91.0%)
Minoritised 600 (10.6%) 602 (11.0%) 398 (10.2%) 2,099 (9.0%)
Ethnic Groups
Missing 1,251 1,351 1,768 8,968
Disability Reported
No 2,916 (73.0%) 2,923 (76.3%) 2,067 (81.2%) 13,164 (85.5%)
Yes 1,076 (27.0%) 906 (23.7%) 479 (18.8%) 2,231 (14.5%)
Missing 2,900 3,000 3,137 16,884
Employment Status
Employed 3,850 (58.9%) 4,126 (63.7%) 3,938 (72.6%) 22,598 (73.7%)
Non-worker 1,247 (19.1%) 1,158 (17.9%) 829 (15.3%) 5,306 (17.3%)
Unemployed 1,443 (22.1%) 1,189 (18.4%) 660 (12.2%) 2,769 (9.0%)
Missing 352 356 256 1,606
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Descriptives of the growth factors for the four-class growth mixture model of depression

symptoms
Latent Class Parameter Factor Estimate SE Est SE p-value
Moderate-severe plateau Means INT 17.165 0.108 158.625 O
LIN 0.367 0.027 13.362 0
QUAD -0.041 0.004 -11.615 0
Variances INT 11.751 0.134 87.813 0
LIN 0 0 999 999
QUAD 0 0 999 999
Moderate-severe, gradual Means INT 17.957 0.111 161.761 O
improvement LIN -0.657 0.08 -8.178
QUAD -0.055 0.006 -8.522 0
Variances INT 11.751 0.134 87.813 0
LIN 0 0 999 999
QUAD 0 0 999 999
Moderate-severe, fast Means INT 17.286 0.092 186.886 0
improvement LIN -3.83 0.093 -41.182 0
QUAD 0.271 0.012 22.981
Variances INT 11.751 0.134 87.813 0
LIN 0 0 999 999
QUAD 0 0 999 999
Mild, small improvement Means INT 8.946 0.049 182.603 O
LIN -0.758 0.015 -51.455 0
QUAD 0.046 0.002 29.611 0
Variances INT 11.751 0.134 87.813 0
LIN 0 0 999 999
QUAD 0 0 999 999
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Supplementary Information 6. Growth mixture model of anxiety symptoms
(GAD?7)

This section details the model selection for the GMM of anxiety symptoms, including
trajectory plots, and describes the selected model. Fit indices are in the main text. All
models had classes containing more than 1% of the sample. Information criteria decreased
up to six classes and the VLMR LRT p-value remained significant, however, six classes were
unrealistically high compared with existing studies. The five- and six-class models revealed
trajectories outside of the GAD7 range The BIC elbow plot suggested a four-class model,

with medium entropy (0.609).

Estimated class trajectories for two- to six-class growth mixture models of anxiety
symptoms (GAD7) during internet-enabled cognitive-behavioural therapy (N = 51,667)
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Characteristics of patients within each trajectory class of a four-class anxiety growth

mixture model (based on most likely trajectory class)

Variable Moderate-severe Moderate-severe Moderate-severe Mild, small
plateau gradual improvement fast improvement improvement
N =7,740 N =10,116 N =9,142 N = 24,669

Anxiety Symptoms (GAD7)

Mean (SD) 15.9 (3.6) 16.8 (2.8) 16.0(2.7) 7.8(3.3)

Missing 15 27 17 135
Depression Symptoms (PHQ9)

Mean (SD) 16.7 (5.4) 16.1(5.3) 14.0(5.3) 9.4 (5.0)

Missing 13 30 15 135
Functional Impairment (WSAS)

Mean (SD) 21.3(8.3) 19.7 (7.9) 15.7 (7.7) 13.2(7.3)

Missing 1,855 2,431 2,135 5,766
WSAS Home Management

Mean (SD) 3.8(2.2) 3.5(2.2) 2.8 (2.0) 2.3(1.9)

Missing 31 68 55 288
WSAS Private Leisure

Mean (SD) 3.9(2.3) 3.6(2.3) 2.8(2.2) 2.2 (2.0)

Missing 31 68 55 288
WSAS Social Leisure

Mean (SD) 5.0(2.3) 4.7 (2.2) 3.7 (2.2) 3.1(2.1)

Missing 31 68 55 288
WSAS Relationships

Mean (SD) 4.2 (2.3) 3.9(2.2) 3.1(2.2) 2.6 (2.0)

Missing 31 68 55 288
WSAS Work

Mean (SD) 4.3 (2.4) 4.0 (2.4) 3.3(2.3) 2.8(2.1)

Missing 1,855 2,428 2,133 5,761
Agoraphobia Item

Mean (SD) 3.8(2.7) 3.5(2.6) 2.5(2.4) 1.9(2.2)

Missing 32 69 57 300
Social Phobia Item

Mean (SD) 4.4 (2.4) 4.1(2.4) 3.1(2.3) 2.7 (2.1)

Missing 32 69 57 300
Specific Phobia Item

Mean (SD) 3.4(2.7) 3.0(2.6) 2.3(2.5) 2.0(2.3)

Missing 32 69 57 300
Diagnosis

Depression 3,233 (41.8%) 3,925 (38.9%) 3,497 (38.3%) 10,504 (42.6%)

GAD 1,822 (23.6%) 2,993 (29.6%) 3,076 (33.7%) 6,220 (25.2%)

Other Anxiety 1,412 (18.3%) 1,881 (18.6%) 1,699 (18.6%) 5,109 (20.7%)

oCD 557 (7.2%) 594 (5.9%) 321 (3.5%) 1,026 (4.2%)

PTSD 544 (7.0%) 492 (4.9%) 303 (3.3%) 759 (3.1%)

Other 167 (2.2%) 215 (2.1%) 242 (2.6%) 1,024 (4.2%)

Missing 5 16 4 27
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Prescribed Psychotropic Medication

No 3,173 (41.9%) 4,468 (45.3%) 4,812 (53.6%) 14,010 (48.3%)
Yes 4,398 (58.1%) 5,400 (54.7%) 4,162 (46.4%) 10,031 (41.7%)
Missing 169 248 168 628
Number of Sessions (incl baseline)
Mean (SD) 7.4 (3.1) 6.3 (3.4) 5.6 (2.6) 5.6 (3.1)
Missing 0 0 0 0
Case on PHQ9 and/or GAD?7
No 83 (1.1%) 3 (0.0%) 1(0.0%) 8,430 (34.3%)
Yes 7,645 (98.9%) 10,087 (100.0%) 9,126 (100.0%) 16,118 (65.7%)
Missing 12 26 15 121
Recovered
No 7,227 (98.5%) 6,347 (66.5%) 2,453 (28.2%) 7,048 (46.2%)
Yes 113 (1.5%) 3,196 (33.5%) 6,239 (71.8%) 8,210 (53.8%)
Missing 400 573 450 9,411
Age (years)
Mean (SD) 32.3(11.7) 32.4 (11.5) 35.1(12.2) 35.3(12.7)
Missing 117 124 41 216
Gender
Female 5,954 (77.4%) 7,771 (77.2%) 6,879 (75.4%) 17,403 (70.8%)
Male 1,738 (22.6%) 2,290 (22.8%) 2,241 (24.6%) 7,182 (29.2%)
Missing 48 55 22 84
Ethnicity
White 5,671 (89.8%) 7,226 (90.0%) 5,726 (90.9%) 16,019 (90.5%)
Minoritised 645 (10.2%) 805 (10.0%) 572 (9.1%) 1,677 (9.5%)
Ethnic Groups
Missing 1,424 2,085 2,844 6,973
Disability Reported
No 3,309 (75.0%) 4,361 (79.8%) 3,372 (84.0%) 10,025 (84.5%)
Yes 1,103 (25.0%) 1,102 (20.2%) 644 (16.0%) 1,845 (15.5%)
Missing 3,328 4,653 5,126 12,799
Employment Status
Employed 4,550 (61.6%) 6,514 (68.0%) 6,524 (74.7%) 16,925 (72.3%)
Non-worker 1,383 (18.7%) 1,709 (17.8%) 1,334 (15.3%) 4,115 (17.6%)
Unemployed 1,457 (19.7%) 1,362 (14.2%) 873 (10.0%) 2,368 (10.1%)
Missing 350 531 411 1,261
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Descriptives of the growth factors for the four-class growth mixture model of anxiety

symptoms
Latent Class Parameter Factor Estimate SE Est SE p-value
Moderate-severe plateau Means INT 15.71 0.065 241.734 0
LIN 0.167 0.019 8.779 0
QUAD -0.031 0.003 -12.309 0
Variances INT 6.676 0.071 93.408 0
LIN 0 0 999 999
QUAD 0 0 999 999
Moderate-severe, gradual Means INT 16.197 0.058 278471 0
improvement LIN -0.737 0.059 -12.499
QUAD -0.042 0.005 -8.132 0
Variances INT 6.676 0.071 93.408 0
LIN 0 0 999 999
QUAD 0 0 999 999
Moderate-severe, fast Means INT 15.405 0.056 275.711 0
improvement LIN -3.414 0.065 -52.604 0
QUAD 0.247 0.008 29.476
Variances INT 6.676 0.071 93.408 0
LIN 0 0 999 999
QUAD 0 0 999 999
Mild, small improvement Means INT 7.827 0.039 200.284 O
LIN -0.587 0.015 -39.647 0
QUAD 0.033 0.002 20.373 0
Variances INT 6.676 0.071 93.408 0
LIN 0 0 999 999
QUAD 0 0 999 999
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Supplementary Information 7. Growth mixture model of functional Impairment

(WSAS)

This section details the model selection for the GMM of functional impairment, including

trajectory plots, and describes the selected model. Information criteria decreased up six-
classes and the VLMR LRT remained significant. Each model had classes with more than 1%
of the sample. The six-class model had a trajectory outside the WSAS range. The BIC elbow

plot suggested a four-class model with medium entropy (0.619).

Estimated class trajectories for two- to six-class growth mixture models of functional

impairment during internet-enabled cognitive-behavioural therapy (N = 32,168)
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Characteristics of patients within each trajectory class of a four-class functional
impairment growth mixture model (based on most likely trajectory class)

Variable Moderate- Moderate-severe Moderate-severe Mild, small
severe plateau gradual improvement fast improvement improvement
N = 7,097 N =1,655 N = 1,865 N =21,551
Anxiety Symptoms (GAD7)
Mean (SD) 14.7 (4.6) 14.7 (4.5) 13.7 (5.0) 10.8 (5.1)
Missing 19 4 1 114
Depression Symptoms (PHQ9)
Mean (SD) 16.6 (5.3) 16.5 (5.0) 15.0 (5.4) 10.4 (5.4)
Missing 20 4 0 109
Functional Impairment (WSAS)
Mean (SD) 23.8 (6.8) 24.6 (5.7) 23.4 (5.4) 12.2 (6.0)
Missing 25 4 1 131
WSAS Home Management
Mean (SD) 4.4 (2.0) 4.6 (1.7) 4.3 (1.8) 2.1(1.7)
Missing 25 4 1 131
WSAS Private Leisure
Mean (SD) 4.3(2.2) 4.6 (2.0) 4.5 (2.0) 2.0(1.8)
Missing 25 4 1 131
WSAS Social Leisure
Mean (SD) 5.5(2.0) 5.5(1.8) 5.3(1.8) 3.0(1.9)
Missing 25 4 1 131
WSAS Relationships
Mean (SD) 4.7 (2.1) 4.8 (1.9) 4.6 (2.0) 2.5(1.9)
Missing 25 4 1 131
WSAS Work
Mean (SD) 4.9 (2.2) 5.0 (1.9) 4.6 (2.0) 2.6 (1.9)
Missing 25 4 1 131
Agoraphobia Item
Mean (SD) 3.7(2.7) 3.3(2.5) 2.7 (2.5) 2.0(2.2)
Missing 31 5 3 171
Social Phobia Item
Mean (SD) 4.6 (2.3) 4.3 (2.3) 3.5(2.4) 2.6 (2.0)
Missing 31 5 3 171
Specific Phobia Item
Mean (SD) 3.4(2.7) 3.0(2.6) 2.3(2.5) 2.0(2.3)
Missing 31 5 3 171
Diagnosis
Depression 3,392 (47.9%) 835 (50.5%) 930 (49.9%) 7,805 (36.3%)
GAD 1,412 (19.9%) 397 (24.0%) 468 (25.1%) 6,795 (31.6%)
Other Anxiety 1,306 (18.4%) 259 (15.6%) 289 (15.5%) 4,449 (20.7%)
oCD 354 (5.0%) 61 (3.7%) 57 (3.1%) 1,087 (5.0%)
PTSD 396 (5.6%) 79 (4.8%) 73 (3.9%) 644 (3.0%)
Other 227 (3.2%) 24 (1.5%) 47 (2.5%) 750 (3.5%)
Missing 10 0 1 21
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Prescribed Psychotropic Medication

No 2,826 (40.7%) 701 (42.9%) 896 (48.5%) 12,319 (58.3%)
Yes 4,114 (59.3%) 932 (57.1%) 951 (51.5%) 8,808 (41.7%)
Missing 157 22 18 424
Number of Sessions (incl baseline)
Mean (SD) 6.1(3.5) 8.4 (2.0) 6.2 (2.4) 5.6(3.1)
Missing 0 0 0 0
Case on PHQ9 and/or GAD?7
No 251 (3.5%) 40 (2.4%) 121 (6.5%) 5,145 (24.0%)
Yes 6,827 (96.5%) 1,611 (97.6%) 1,744 (93.5%) 16,305 (76.0%)
Missing 19 4 0 101
Recovered
No 5,870 (90.2%) 583 (37.2%) 372 (22.1%) 7,245 (47.1%)
Yes 640 (9.8%) 983 (62.8%) 1,314 (77.9%) 8,123 (52.9%)
Missing 587 89 179 6,183
Age (years)
Mean (SD) 32.5(10.8) 33.3(10.6) 34.7 (11.1) 34.4 (11.0)
Missing 56 5 6 114
Gender
Female 5,221 (74.1%) 1,197 (72.7%) 1,316 (70.8%) 15,410 (71.7%)
Male 1,829 (25.9%) 449 (27.3%) 543 (29.2%) 6,089 (28.3%)
Missing 47 9 6 52
Ethnicity
White 5,162 (90.4%) 1,237 (91.0%) 1,271 (90.5%) 14,277 (92.7%)

Minoritised Ethnic
Groups

Missing

549 (9.6%)

1,386

122 (9.0%)

296

134 (9.5%)

460

1,127 (7.3%)

6,147

Disability Reported
No
Yes

Missing

3,096 (77.3%)
908 (22.7%)
3,093

820 (83.9%)
157 (16.1%)
678

809 (86.4%)
127 (13.6%)
929

8,974 (88.7%)
1,143 (11.3%)
11,434

Employment Status
Employed
Non-worker
Unemployed
Missing

5,049 (74.3%)
588 (8.6%)
1,162 (17.1%)
298

1,372 (85.0%)
104 (6.4%)
139 (8.6%)

40

1,611 (88.5%)
101 (5.5%)
109 (6.0%)

44

18,505 (89.7%)
1,201 (5.8%)
935 (4.5%)
910
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Descriptives of the growth factors for the four-class growth mixture model of functional

impairment
Latent Class Parameter Factor Estimate SE Est SE p-value
Moderate-severe plateau Means INT 22.1 0.176 125.438 0
LIN 1.005 0.035 28.505 0
QUAD -0.091 0.005 -19.31 0
Variances INT 30.522 0.492 62.051 0
LIN 0 0 999 999
QUAD 0 0 999 999
Moderate-severe, gradual Means INT 23.187 0.286 81.194 0
improvement LIN 0.037 0.21 0.174 0.862
QUAD -0.172 0.011 -15.309 0
Variances INT 30.522 0.492 62.051 0
LIN 0 0 999 999
QUAD 0 0 999 999
Moderate-severe, fast Means INT 21.386 0.259 82.543 0
improvement LIN -4.003 0.362 -11.046 0
QUAD 0.218 0.046 4.689
Variances INT 30.522 0.492 62.051 0
LIN 0 0 999 999
QUAD 0 0 999 999
Mild, small improvement Means INT 12.12 0.088 137.418 0
LIN -0.72 0.025 -28.486 0
QUAD 0.026 0.003 8.931 0
Variances INT 30.522 0.492 62.051
LIN 0 0 999 999
QUAD 0 0 999 999
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Supplementary Information 8. Growth mixture model of functional impairment
(reduced WSAS; 4-item)

This section details the model selection for the GMM of the 4-item functional impairment
score, including fit indices. Trajectory plots were highly similar to those of the 5-item model
and are available upon request, as are the descriptives of the model and the participants
in each class. All models had classes with more than 1% of the sample. Information criteria
decreased up to a six-class model and the VLMR LRT p-value did not become non-
significant. The six-class model had a trajectory that went outside of the scoring range. The
BIC elbow plot suggested a four-class model. Entropy of this model was medium (0.670). A
conditional model using this outcome is also presented below.

Fit indices for growth mixture model of functional impairment (reduced WSAS; 4-item)
during internet-enabled cognitive-behavioural therapy (N = 19,293)

GMM of Functional VLMR LRT
Impairment Parameters AIC BIC Entropy p-value Class Proportions
Growth Curve 25 667686 667882 NA NA 100
Two Class 29 664443 664671 0.627 <0.001 23.2,76.8
Three Class 33 661995 662255 0.648 <0.001 66.4,22.6,11.0
Four Class 37 660912 661203 0.670 <0.001 19.2,64.5,7.1,9.2
Five Class 41 660382 660705 0.684 0.028 8.2,3.6,8.5,17.0,62.7
Six Class 45 659924 660278 0.680 0.016 15.5,9.3,61.0,8.0,3.3, 2.8

32-
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Supplementary Figure 2. Overlap of class membership for each outcome model
(for patients with a trajectory for all three models, n = 32,159)
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Supplementary Table 4. Multinomial regression output of four-class growth
mixture model of depression symptoms (PHQ9)
Reference class: Moderate-severe plateau.

Lower Upper

Class Baseline Variable OR p-value  Statistic df

a a
Moderate-severe gradual (Intercept) 0.66 0.55 0.80 0.00 424 21658
|mpr0Vement

Moderate-severe gradual Anxiety Symptoms 104 103 1.05 0.00 .93 49216
improvement (GAD7)

Moderate-severe gradual WSAS Home 1.01 0.99 1.03 0.19 131 4269
|mpr0Vement

Moderate-severe gradual <5 g 5o cial Leisure 099 097 1.01 0.48 071 40590
|mpr0Vement

Moderate-severe gradual =\ .o ¢ private Leisure 101 099 1.02 0.58 055 42133
|mpr0Vement

Moderate-severe gradual . .

) WSAS Relationships 1.00 0.98 1.02 0.94 007 49417
|mpr0Vement

Moderate-severe gradual -\, 1 hia Score .00 098 1.01 0.67 043 38130
|mpr0Vement

Moderate-severe gradual - ¢ . pp o score 097 096  0.99 0.01 277 38341
|mpr0Vement

Moderate-severe gradual ¢ .t phobia Score 098 096 099 0.00 329 45644,
|mpr0Vement

Moderate-severe gradual Prescribed Medication 0.99 0.92 1.07 0.80 096 9539
improvement (Yes)

Moderate-severe gradual Diagnosis (GAD) 0.89 0.81 0.98 0.01 246 51427
|mpr0Vement

Moderate-severe gradual Dlagnos!s (Other 0.84 0.76 0.93 0.00 339 50557
improvement Anxiety)

Moderate-severe gradual Diagnosis (OCD) 0.59 0.50 0.70 0.00 602 51401

improvement
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Moderate-severe gradual

) Diagnosis (PTSD) 0.67 0.58 0.77 0.00 549 49416
|mpr0Vement

Moderate-severe gradual Diagnosis (Other) 0.82 0.66 1.03 0.08 173 50759
|mpr0Vement

Moderate-severe gradual EthnlutY (Minoritised 1.05 0.93 118 0.41 0.82 1368
improvement Ethnic Groups)

Moderate-severe gradual Disability (Yes) 090 081 1.00 0.05 1.96 132
|mpr0Vement

Moderate-severe gradual Employment (Non- 0.91 0.83 1.00 0.04 203 3738
improvement worker)

Moderate-severe gradual Employment 0.83 0.75 0.91 0.00 -3.80 2981
improvement (Unemployed)

Moderate-severe gradual Age (10 years) 1.04 1.00 1.07 0.03 219 8160
|mpr0Vement

Moderate-severe gradual Gender (Male) 104 096 112 038 088 28502
|mpr0Vement

Moderate-severe fast (Intercept) 171 1.40 2.08 0.00 528 17080
|mpr0Vement

Moderate-severe fast Anxiety Symptoms 1.02 101 103 0.00 452 47354
improvement (GAD7)

Moderate-severe fast WSAS Home 093 091 095 0.00 673 22806
|mpr0Vement

Moderate-severe fast WSAS Social Leisure 096 094 098 0.00 384 47401
|mpr0Vement

Moderate-severe fast WSAS Private Leisure 093 091 095 0.00 729 32724
|mpr0Vement

Moderate-severe fast WSAS Relationships 094 092 09 0.00 641 41765
|mpr0Vement

Moderate-severe fast Agoraphobia Score 096 094 098 0.00 395 30160
|mpr0Vement

Moderate-severe fast Social Phobia Score 0.94 0.92 0.96 0.00 633 36816
|mpr0Vement

Moderate-severe fast Specific Phobia Score 094 092 095 0.00 756 48295
|mpr0Vement

Moderate-severe fast Prescribed Medication 0.82 0.76 0.89 0.00 5.04 14228
improvement (Yes)

Moderate-severe fast Diagnosis (GAD) 0.89 0.81 0.98 0.02 240 49784
|mpr0Vement

Moderate-severe fast Dlagnos!s (Other 0.80 0.72 0.90 0.00 3.82 46004
improvement Anxiety)

Moderate-severe fast Diagnosis (OCD) 0.45 036 055 0.00 759 50654
|mpr0Vement

Moderate-severe fast Diagnosis (PTSD) 050 042 0.60 0.00 777 49616
|mpr0Vement

Moderate-severe fast Diagnosis (Other) 0.75 0.59 0.96 0.02 230 49159
|mpr0Vement

Moderate-severe fast EthnlutY (Minoritised 1.09 0.95 126 0.22 124 220
improvement Ethnic Groups)

Moderate-severe fast Disability (Yes) 0.77 0.67 0.89 0.00 -3.70 68
|mpr0Vement

Moderate-severe fast Employment (Non- 0.78 0.71 0.87 0.00 466 6354
improvement worker)

Moderate-severe fast Employment 0.65 0.58 0.72 0.00 769 3201

improvement

(Unemployed)
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Moderate-severe fast

. Age (10 years) 1.31 1.27 1.35 0.00 16.21 7251

improvement

Moderate-severe fast Gender (Male) 1.02 0.94 111 0.62 049 40387

improvement

Mild, small improvement (Intercept) 338.35 286.39 399.74 0.00 68.47 18395

Mild, small improvement Anxiety Symptoms 0.81 0.80 0.81 0.00 5432 47137
(GAD7)

Mild, small improvement WSAS Home 0.84 0.82 0.85 0.00 -19.78 28224

Mild, small improvement WSAS Social Leisure 0.92 0.90 0.94 0.00 -9.01 39834

Mild, small improvement WSAS Private Leisure 0.86 0.85 0.88 0.00 -17.51 39180

Mild, small improvement WSAS Relationships 0.93 0.91 0.94 0.00 -8.84 43166

Mild, small improvement Agoraphobia Score 0.96 0.94 0.97 0.00 -5.56 41324

Mild, small improvement Social Phobia Score 0.90 0.88 0.91 0.00 -12.54 44712

Mild, small improvement Specific Phobia Score 1.00 0.98 1.01 0.51 -0.65 22378

Mild, small improvement Prescr'be(i:g)ed'cat'on 066 062 070 000  -1260 18418

Mild, small improvement Diagnosis (GAD) 2.97 2.74 3.22 0.00 26.10 50710

Mild, small improvement Diagnosis (Other 274 251 3.00 0.00 2204 46680
Anxiety)

Mild, small improvement Diagnosis (OCD) 2.28 1.98 2.64 0.00 11.33 50523

Mild, small improvement Diagnosis (PTSD) 0.91 0.79 1.05 0.19 -1.31 48692

Mild, small improvement Diagnosis (Other) 1.80 1.48 2.19 0.00 5.86 50711

Mild, small improvement  Eomicity (Minoritised 0.97 0.86 1.09 0.58 -0.56 324

Ethnic Groups)

Mild, small improvement Disability (Yes) 0.77 0.68 0.86 0.00 -4.70 77

Mild, small improvement Employment (Non- 0.83 0.76 0.90 0.00 445 4426
worker)

Mild, small improvement Employment 0.59 0.54 0.65 0.00 1123 3393

(Unemployed)
Mild, small improvement Age (10 years) 1.18 1.15 1.21 0.00 11.38 8172
Mild, small improvement Gender (Male) 0.95 0.89 1.02 0.19 -1.31 33139

Supplementary Table 5. Multinomial regression output of four-class growth

mixture model of anxiety symptoms (GAD7)

Reference class: Moderate-severe plateau.

Class Baseline Variable OR Lo(\;\ller Upc;:er p-value  Statistic df
Moderate-severe gradual (Intercept) 1.92 164 2.25 0.00 807 21277
|mpr0Vement

Moderate-severe gradual Depression Symptoms 1.00 1.00 101 0.22 1921 47050
improvement (PHQ9)

Moderate-severe gradual WSAS Home 0.99 0.98 1.01 0.48 071 42647
|mpr0Vement

Moderate-severe gradual -\ <5 g 5o cial Leisure 097 096 099 0.00 286 45048
|mpr0Vement

Moderate-severe gradual =\ o) ¢ private Leisure 098 096 099 0.00 3.07 46074
|mpr0Vement

Moderate-severe gradual . .

) WSAS Relationships 0.98 0.97 1.00 0.02 228 45337
|mpr0Vement

Moderate-severe gradual Agoraphobia Score 1.00 0.98 1.02 0.99 002 43341

improvement
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Moderate-severe gradual

) Social Phobia Score 099 098 1.01 033 097 47263
|mpr0Vement

Moderate-severe gradual ¢ it phobia Score 097 096 098 0.00 453 43247
|mpr0Vement

Moderate-severe gradual Prescribed Medication 0.97 0.91 103 0.32 1.00 15353
improvement (Yes)

Moderate-severe gradual Diagnosis (GAD) 1.26 116 1.36 0.00 566 49076
|mpr0Vement

Moderate-severe gradual Dlagnos!s (Other 112 1.02 122 0.01 245 49315
improvement Anxiety)

Moderate-severe gradual Diagnosis (OCD) 0.85 0.75 0.97 0.01 246 50711
|mpr0Vement

Moderate-severe gradual Diagnosis (PTSD) 0.79 0.69 0.90 0.00 349 50522
|mpr0Vement

Moderate-severe gradual Diagnosis (Other) 1.06 0.86 1.30 0.60 052 50141
|mpr0Vement

Moderate-severe gradual EthnlutY (Minoritised 1.02 091 115 071 038 299
improvement Ethnic Groups)

Moderate-severe gradual Disability (Yes) 090 082 1.00 0.05 -2.00 119
|mpr0Vement

Moderate-severe gradual Employment (Non- 0.90 0.83 0.98 0.01 250 12017
improvement worker)

Moderate-severe gradual Employment 0.76 0.70 0.83 0.00 -6.04 14573
improvement (Unemployed)

Moderate-severe gradual Age (10 years) 1.00 1.00 1.00 036 092 20301
|mpr0Vement

Moderate-severe gradual Gender (Male) 1.01 0.94 1.09 0.72 036 32699
|mpr0Vement

Moderate-severe fast (Intercept) 6.06 5.14 7.13 0.00 2156 30165
|mpr0Vement

Moderate-severe fast Depression Symptoms 0.97 0.96 0.98 0.00 -8.18 49561
improvement (PHQ9)

Moderate-severe fast WSAS Home 096 094 098 0.00 426 37411
|mpr0Vement

Moderate-severe fast WSAS Social Leisure 093 092 095 0.00 711 43410
|mpr0Vement

Moderate-severe fast WSAS Private Leisure 0.93 0.92 0.95 0.00 786 38685
|mpr0Vement

Moderate-severe fast WSAS Relationships 093 091 095 0.00 830 40089
|mpr0Vement

Moderate-severe fast Agoraphobia Score 096 095 098 0.00 426 46821
|mpr0Vement

Moderate-severe fast Social Phobia Score 094 092 095 0.00 706 46599
|mpr0Vement

Moderate-severe fast Specific Phobia Score 094 092 095 0.00 883 48532
|mpr0Vement

Moderate-severe fast Prescribed Medication 0.84 0.78 0.90 0.00 517 26184
improvement (Yes)

Moderate-severe fast Diagnosis (GAD) 1.03 0.95 112 0.48 071 49810
|mpr0Vement

Moderate-severe fast Dlagnos!s (Other 104 0.95 114 0.41 0.82 48412
improvement Anxiety)

Moderate-severe fast Diagnosis (OCD) 0.40 0.34 0.46 0.00 1175 51285

improvement
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Moderate-severe fast

. Diagnosis (PTSD) 0.56 0.48 0.65 0.00 -7.35 49390

improvement

Moderate-severe fast Diagnosis (Other) 1.08 0.87 134 0.47 072 49637

improvement

Moderate-severe fast EthnlutY (Minoritised 104 0.92 119 051 0.66 185

improvement Ethnic Groups)

Moderate-severe fast Disability (Yes) 081 072 091 0.00 3.54 83

improvement

Moderate-severe fast Employment (Non- 0.81 0.74 0.88 0.00 475 4872

improvement worker)

Moderate-severe fast Employment 0.69 0.63 0.77 0.00 7.02 3275

improvement (Unemployed)

Moderate-severe fast Age (10 years) 1.02 1.01 1.02 0.00 11.77 13755

improvement

Moderate-severe fast Gender (Male) 107 099 115 0.10 1.67 40003

improvement

Mild, small improvement (Intercept) 302.55 25897 353.46 0.00 71.98 28627

Mild, small improvement ~ DEPTession Symptoms —, ¢ 0.77 0.78 0.00 68.05 48839
(PHQ9)

Mild, small improvement WSAS Home 1.05 1.03 1.07 0.00 5.16 46943

Mild, small improvement WSAS Social Leisure 0.94 0.92 0.96 0.00 -6.84 46450

Mild, small improvement WSAS Private Leisure 0.92 0.91 0.94 0.00 -9.52 47310

Mild, small improvement WSAS Relationships 0.93 0.91 0.94 0.00 -8.91 46953

Mild, small improvement Agoraphobia Score 0.90 0.89 0.92 0.00 -13.13 49708

Mild, small improvement Social Phobia Score 0.98 0.96 0.99 0.00 -2.93 43681

Mild, small improvement Specific Phobia Score 0.94 0.92 0.95 0.00 -9.59 46496

Mild, small improvement Prescr'be(i:g)ed'cat'on 097 091 1.03 0.30 1.04 12840

Mild, small improvement Diagnosis (GAD) 0.34 0.31 0.37 0.00 -26.79 48435

Mild, small improvement Diagnosis (Other 0.50 0.45 0.54 0.00 1554 50572
Anxiety)

Mild, small improvement Diagnosis (OCD) 0.16 0.14 0.18 0.00 -26.89 51124

Mild, small improvement Diagnosis (PTSD) 0.39 0.34 0.45 0.00 -12.92 48675

Mild, small improvement Diagnosis (Other) 0.84 0.69 1.03 0.09 -1.70 47992

Mild, small improvement  Eomicity (Minoritised 113 1.02 126 0.02 230 1083

Ethnic Groups)

Mild, small improvement Disability (Yes) 0.92 0.83 1.03 0.13 -1.51 101

Mild, small improvement Employment (Non- 1.03 0.95 111 0.51 066 8372
worker)

Mild, small improvement Employment 0.98 0.89 1.07 0.66 043 6637

(Unemployed)
Mild, small improvement Age (10 years) 1.01 1.01 1.01 0.00 7.41 15861
Mild, small improvement Gender (Male) 1.33 1.24 1.43 0.00 7.99 42463
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Supplementary Table 6. Multinomial regression output of four-class growth

mixture model of functional impairment symptoms (WSAS)

Reference class: Moderate-severe plateau.

Class Baseline Variable OR Lo(\;\ller U;Z:;:er p-value  Statistic df
Moderate-severe gradual (Intercept) 0.22 017  0.30 0.00 11015 29132
improvement

Moderate-severe gradual Anxiety Symptoms 101 0.99 1.02 0.49 0.70 30700
improvement (GAD7)

Moderate-severe gradual Depression Symptoms 101 0.99 1.02 024 119 »8310
improvement (PHQ9)

Moderate-severe gradual .

. Agoraphobia Score 0.98 0.95 1.00 0.08 -1.78 31294
improvement

Moderate-severe gradual ¢ ;o) ppyopia score 100 097 102 076 031 30700
improvement

Moderate-severe gradual o g phobiascore 097 095 099 001 251 30598
improvement

Moderate-severe gradual Prescribed Medication 0.97 0.87 1.09 0.66 044 13483
improvement (Yes)

Moderate-severe gradual Diagnosis (GAD) 113 098 131 0.09 169 31727
improvement

Moderate-severe gradual Dlagnos!s (Other 0.91 0.77 1.07 0.5 116 31837
improvement Anxiety)

Moderate-severe gradual . .

. Diagnosis (OCD) 0.75 0.56 1.00 0.05 -1.99 32024
improvement

Moderate-severe gradual Diagnosis (PTSD) 0.92 071 119 0.53 -0.63 31686
improvement

Moderate-severe gradual Diagnosis (Other) 044 029 068  0.00 369 3179
improvement

Moderate-severe gradual EthnlutY (Minoritised 0.98 0.79 1.20 0.82 0.23 755
improvement Ethnic Groups)

Moderate-severe gradual Disability (Yes) 0.79 064 099 0.04 -2.08 68
improvement

Moderate-severe gradual Employment (Non- 071 0.57 0.88 0.00 3.04 19702
improvement worker)

Moderate-severe gradual Employment 0.49 0.40 0.59 0.00 717 1628
improvement (Unemployed)

Moderate-severe gradual

. Age (10 years) 1.06 1.01 1.12 0.02 2.33 20591
improvement

Moderate-severe gradual Gender (Male) 110 097 124 0.15 145 27550
improvement

Moderate-severe fast (Intercept) 0.59 045 077 0.00 3.85 31535
improvement

Moderate-severe fast Anxiety Symptoms 1.00 0.99 1.02 0.69 0.40 31895
improvement (GAD7)

Moderate-severe fast Depression Symptoms 0.98 0.96 0.99 0.00 381 31710
improvement (PHQ9)

Moderate-severe fast Agoraphobia Score 100 097 103 094 008 31913
improvement

Moderate-severe fast Social Phobia Score 088 086 090 000 923 31706
improvement

Moderate-severe fast Specific Phobia Score 0.92 089 094 0.00 7.09 31375

improvement
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Moderate-severe fast

Prescribed Medication

. 0.88 0.79 0.98 0.02 -2.39 22821

improvement (Yes)

Moderate-severe fast Diagnosis (GAD) 1.08 094 124 026 112 31749

improvement

Moderate-severe fast Dlagnos!s (Other 0.95 0.81 112 0.55 -0.60 31340

improvement Anxiety)

Moderate-severe fast Diagnosis (OCD) 0.59 044 079 0.00 347 31990

improvement

Moderate-severe fast Diagnosis (PTSD) 0.83 064  1.09 0.18 135 31256

improvement

Moderate-severe fast Diagnosis (Other) 0.69 049 096 0.03 222 31664

improvement

Moderate-severe fast EthnlutY (Minoritised 111 0.90 137 032 1.00 265

improvement Ethnic Groups)

Moderate-severe fast Disability (Yes) 0.71 058 087 0.00 3.35 101

improvement

Moderate-severe fast Employment (Non- 067 0.54 0.84 0.00 3.43 12303

improvement worker)

Moderate-severe fast Employment 041 033 050  0.00 829 6477

improvement (Unemployed)

Moderate-severe fast Age (10 years) 1.18 112 124 000 660 29625

improvement

Moderate-severe fast Gender (Male) 1.16 103 130 001 247 30894

improvement

Mild, small improvement (Intercept) 76.36 64.67 90.16 0.00 51.13 19845

Mild, small improvement Anxiety Symptoms 0.97 097 098 0.00 613 30766
(GAD7)

Mild, small improvement  DEPression Symptoms ., o, 086  0.88 0.00 3543 30421
(PHQ9)

Mild, small improvement Agoraphobia Score 0.95 0.93 0.96 0.00 -6.76 27421

Mild, small improvement Social Phobia Score 0.81 0.79 0.82 0.00 -25.45 29225

Mild, small improvement Specific Phobia Score 0.93 0.92 0.95 0.00 -9.46 25254

Mild, small improvement Presc”be(iggfd'cat'on 0.83 077  0.88 0.00 569 23373

Mild, small improvement Diagnosis (GAD) 1.40 1.29 1.52 0.00 7.79 29984

Mild, small improvement Diagnosis (Other 131 120 144 000 575 30961
Anxiety)

Mild, small improvement Diagnosis (OCD) 0.86 0.74 1.00 0.05 -1.94 30223

Mild, small improvement Diagnosis (PTSD) 0.89 0.76 1.04 0.15 -1.43 30024

Mild, small improvement Diagnosis (Other) 0.84 0.70 1.01 0.06 -1.86 30374

Mild, small improvement ~ Connicity (Minoritised 0.85 075  0.96 0.01 -2.52 401

Ethnic Groups)

Mild, small improvement Disability (Yes) 0.72 0.64 0.82 0.00 -5.23 78

Mild, small improvement Employment (Non- 0.72 064  0.82 0.00 524 13373
worker)

Mild, small improvement Employment 0.44 039  0.49 0.00 1413 3814

(Unemployed)
Mild, small improvement Age (10 years) 1.07 1.04 1.11 0.00 4.40 13263
Mild, small improvement Gender (Male) 1.06 0.99 1.14 0.11 1.59 23368
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