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Abstract

Background. While studies from the start of the COVID-19 pandemic have described initial
negative effects on mental health and exacerbating mental health inequalities, longer-term
studies are only now emerging.

Method. In total, 34 465 individuals in the UK completed online questionnaires and were re-
contacted over the first 12 months of the pandemic. We used growth mixture modelling to
identify trajectories of depression, anxiety and anhedonia symptoms using the 12-month
data. We identified sociodemographic predictors of trajectory class membership using multi-
nomial regression models.

Results. Most participants had consistently low symptoms of depression or anxiety over the
year of assessments (60%, 69% respectively), and a minority had consistently high symptoms
(10%, 15%). We also identified participants who appeared to show improvements in symp-
toms as the pandemic progressed, and others who showed the opposite pattern, marked symp-
tom worsening, until the second national lockdown. Unexpectedly, most participants showed
stable low positive affect, indicating anhedonia, throughout the 12-month period. From
regression analyses, younger age, reporting a previous mental health diagnosis, non-binary,
or self-defined gender, and an unemployed or a student status were significantly associated
with membership of the stable high symptom groups for depression and anxiety.
Conclusions. While most participants showed little change in their depression and anxiety
symptoms across the first year of the pandemic, we highlight the divergent responses of sub-
groups of participants, who fared both better and worse around national lockdowns. We con-
firm that previously identified predictors of negative outcomes in the first months of the
pandemic also predict negative outcomes over a 12-month period.

Introduction

The public discourse on COVID-19 and mental health has generally emphasised its profound
negative effects. Numerous studies have described initial, small negative effects on mental
health outcomes occurring with pandemic restrictions globally (Patel et al., 2022; Robinson,
Sutin, Daly, & Jones, 2022), with longer-term studies only starting to emerge. However, it
has become clear that COVID-19 has not had an equal impact across the population.
Patterns of exacerbating inequalities have been described for both physical and mental health
outcomes (Perry, Aronson, & Pescosolido, 2021). Further evidence for the non-uniformity of
effects comes from studies demonstrating that a sizeable minority actually reported improved
mental health and well-being during lockdown (Soneson et al., 2022).

From the outset of the pandemic in March 2020, there has been an acknowledgement that
specific demographic groups will be vulnerable to more negative mental health outcomes, con-
sidering long-standing social and health inequalities (O’Connor et al., 2020). Research during
the initial months of COVID-19 has highlighted a set of consistent predictors of poorer mental
health, even if findings from large-scale studies have not always shown negative overall out-
comes (e.g. Kwong et al., 2021; Pan et al., 2021; Pierce et al., 2021; van der Velden,
Contino, Das, van Loon, & Bosmans, 2020; Young et al., 2022). The predictors of poorer men-
tal health outcomes include having a prior mental health diagnosis, being in a younger age
category (16-25 years), being a woman, a student or being unemployed, as well as being
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from minoritised ethnic communities (Elmer, Mepham, &
Stadtfeld, 2020; Hawes, Szenczy, Klein, Hajcak, & Nelson, 2021;
Kwong et al, 2021; Li, Cao, Leung, & Mak, 2020; Meda et al,
2021; Saraswathi et al., 2020; Young et al., 2022).

After an initial wave of studies providing early insights into
population-level averages for mental health outcomes, several
studies have begun to examine within-population variation.
Trajectory-based analyses of longitudinal data offer a promising
approach for investigating discrete patterns of changes in mental
health over time (see online Supplementary Table 1 for a sum-
mary of UK-based studies). Data from the COVID-19 Social
Study has been a dominant contributor to knowledge, with stud-
ies examining loneliness (Bu, Steptoe, & Fancourt, 2021), depres-
sion and anxiety (Fancourt, Steptoe, & Bu, 2021; Fluharty, Bu,
Steptoe, & Fancourt, 2021; Saunders, Buckman, Fonagy, &
Fancourt, 2021), depression specifically (Iob, Frank, Steptoe, &
Fancourt, 2020) and depression and anxiety in key workers (Bu
et al., 2021). Focusing on the first 6 months of the pandemic,
these investigations have reported that most participants fell
into a category characterised by low symptoms, that is, good men-
tal health outcomes, throughout the study period.

For those not in the majority category, with ‘low and stable’
symptoms, several patterns of symptom change over time have
been described. These include adults with ‘stable and moderate’
symptoms of anxiety (13.8%) and depression (16.8%) and severe
symptoms worsening over time (~6%). Smaller numbers of par-
ticipants had higher symptoms of depression or anxiety during
lockdowns that reduced as lockdown restrictions were eased
(~4%) or anxiety symptom-specific initial worsening of symp-
toms that rapidly improved over time (~3%) (Saunders et al.,
2021). In one of the most methodologically robust trajectory-
focused studies to date, using probability sampling, most indivi-
duals again had consistently good or very good mental health
(76.8%; April to October 2020; Pierce et al., 2021). Other patterns
identified included a recovering group (12.0%) showing an initial
worsening of mental health, with a return to pre-pandemic levels
by October 2020. A second group showed initial worsening with a
gradual decline over time (7.0%) and a third group, an initial and
sustained worsening (4.1%).

After the first 6 months of the pandemic, a second wave of
COVID-19 cases in Autumn 2020 led to a reimposition of
restrictions across the UK. The impact of the second set of
national restrictions that came into force in November 2020 has
not yet been fully described (some recent publications include
Daly & Robinson, 2022; Ellwardt & Prig, 2021; Gao, Davillas,
& Jones, 2022; Wetherall et al., 2022), and a limited number of
studies have examined symptoms trajectories into 2021 (e.g. Bu
et al., 2021; Ellwardt & Prég, 2021). Our longitudinal study, cover-
ing the period after the first lockdown and beyond the second, has
three main aims:

1. We assess patterns of change in mental health over the first 12
months of the pandemic. Given the pronounced declines in
mental health at the beginning of the pandemic in a consider-
able minority of individuals, we expect that reintroduction of
restrictions following a second wave of COVID-19 will also
represent a pivotal point. We therefore test piecewise trajectory
models, informed by lockdown and restriction timelines in the
UK, using 12 months of longitudinal data collected as part of
the Repeated Assessments of Mental Health in Pandemics
(RAMP) and COVID-19 Psychiatry and Neurological
Genetics (COPING) studies.
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2. We examine anhedonia symptom changes because the major-
ity of studies have focused on depression, anxiety and to a
lesser extent, loneliness. Anhedonia, the loss of pleasure or
interest in activities, is theorised as a transdiagnostic factor
for psychopathology (Guineau et al, 2022), and potentially
impacted by the opportunity to engage in rewarding activities
(Skumlien et al., 2022) but has received little attention in the
COVID-19 mental health literature.

3. We assess whether predictors of short-term changes in mental
health identified in this sample (Young et al., 2022) were also
associated with longer-term changes in symptoms of depres-
sion, anxiety and anhedonia.

Methods
Sample

Data were collected from 34 465 adults (aged 16+ years; UK resi-
dents) between April 2020 and April 2021 as part of the RAMP
and COPING studies (for further details, see Young et al,
2022). RAMP recruited via social media advertising and
word-of-mouth. COPING recruited from existing participant
cohorts via the National Institute for Health and Care Research
BioResource (NBR), approximately half of whom (n=12718)
were from the Genetic Links to Anxiety and Depression
(GLAD) Study (Davies et al., 2019). Of the total sample, 71%
were women (RAMP 78%, COPING 68%), and 88% of the sample
were froma white ethnic background (RAMP, 94%, COPING,
86%).

Participants were recruited on a rolling basis from April to
September 2020. Once recruited into the study, participants
received invitations to complete follow-up questionnaires every
2 weeks between 21 April 2020 and 18 July 2020, and monthly
thereafter. Baseline measures were completed by 34 465 (RAMP
=8651; COPING = 25 814) participants, with a maximum of 25
501 and minimum of 17 511 for any one follow-up. Table 1 pro-
vides the number of participants who completed each follow-up
for the RAMP and COPING samples, and represents the max-
imum sample size included in the present analyses. All partici-
pants provided online consent. Ethical approval for the RAMP
study was granted by the Psychiatry, Nursing and Midwifery
Research Ethics Committee at King’s College London (HR-19/
20-18157), and for the COPING study by the NHS Health
Research Authority, South West - Central Bristol Research
Ethics Committee (20/SW/0078).

Measures

All questionnaires were administered online via Qualtrics
(Qualtrics, Provo, UT). For baseline assessments, study informa-
tion, consent and questionnaires were accessed via a link either
on the RAMP website or in an email invitation for COPING.
For follow-up assessments, participants were emailed, or text
messaged a link to invite them to complete a new questionnaire.
For the full list of measures collected during the study see the
RAMP Open Science Framework repository (https:/osf.io/
7p2ek/). Further details of the RAMP and COPING study proce-
dures are available elsewhere (Young et al., 2022).

Symptoms of depression were measured at each time point
using the Patient Health Questionnaire 9-item depression module
(PHQ-9) (Kroenke, Spitzer, & Williams, 2001). The PHQ-9 is a
brief self-report measure of symptoms of major depressive
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Table 1. Summary of follow-up data collection

Total completed responses

Time point RAMP COPING Total
Baseline 7 April 2020 RAMP COPING Total
Follow-up 3 19 May 2020 8651 25814 34 465
Follow-up 4 2 June 2020 4965 17 408 22373
Follow-up 5 16 June 2020 5608 19893 25501
Follow-up 6 30 June 2020 4990 18 688 23678
Follow-up 7 14 July 2020 4738 18 091 22 829
Follow-up 8 28 July 2020 4272 16 299 20571
Follow-up 9 25 August 2020 4142 15088 19230
Follow-up 10 22 September 2020 3145 15987 19132
Follow-up 11 20 October 2020 3818 15096 18914
Follow-up 12 17 November 2020 3668 16 568 20236
Follow-up 13 15 December 2021 3645 16 441 20086
Follow-up 14 12 January 2021 3372 15970 19342
Follow-up 15 9 February 2021 3169 16 037 19206
Follow-up 16 9 March 2021 3250 15931 19181
Follow-up 17 6 April 2021 2817 15569 18386

RAMP, Repeated Assessment of Mental Health in Pandemics; COPING, COVID-19 Psychiatry
Neurological Genetics.

Note: Numbers presented here are the maximum available sample. Missing data due to
participant non-response to specific questionnaires mean that there will be some
discrepancies between the numbers reported in this table and in the analyses.

disorder. Possible scores for the PHQ-9 range between 0 and 27,
with scores >5 indicating mild symptoms of depression, >10 indi-
cating moderate symptoms of depression, >15 indicating moder-
ately severe symptoms of depression and >20 indicating severe
symptoms of depression. Internal consistency of the PHQ-9 in
the current sample was excellent (a =0.94).

Symptoms of anxiety were measured at every time point using
the Generalised Anxiety Disorder seven-item scale (GAD-7)
(Spitzer, Kroenke, Williams, & Lowe, 2006). The GAD-7 is a
brief self-report scale designed to identify probable cases of gen-
eralised anxiety disorder, but with high sensitivity for the three
most common anxiety disorders seen clinically (generalised anx-
iety disorder, panic disorder, social anxiety disorder) (Kroenke,
Spitzer, Williams, Monahan, & Lowe, 2007). Possible scores for
the GAD-7 range between 0 and 21, with scores of >5 indicating
mild symptoms of anxiety, >10 indicating moderate symptoms of
anxiety and >15 indicating severe symptoms of anxiety. Internal
consistency of the GAD-7 in the current sample was excellent
(@=0.93).

Symptoms of anhedonia were measured using the short adap-
tation of the Mood and Anxiety Symptoms Questionnaire
(MASQ-D30) anhedonic depression subscale (Wardenaar et al,,
2010). The MASQ anhedonic depression (MASQ-AD) scale was
designed to measure symptoms of low positive affect and anhedo-
nia, thought to differentiate depression from anxiety as per the tri-
partite model (Clark & Watson, 1991). Both the original and
adapted short version of the scale have good psychometric prop-
ertiesand are moderately specific to depression (Kendall et al,
2015; Wardenaar et al., 2010; Watson et al., 1995). The scale
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consists of 10 items and possible scores range between 0 and
40, with 0 indicating low experiences of positive affect, indicating
high anhedonia, whilst scores of 40 indicate high experiences of
positive affect, and low anhedonia. For comparability with the
GAD-7 and PHQ-9, the MASQ-AD was reverse-scored, such
that higher scores indicate higher anhedonia. Internal consistency
of the MASQ-AD in the current sample was excellent (a =0.93).

Statistical analyses

All data cleaning and analysis scripts are available at: https:/
github.com/RAMP-COPING/Symptom_trajectories_ COVID19.
Patterns of missingness and skewness of data in outcome variables
were examined and missing data were dealt with using Full
Information Maximum Likelihood, implemented with the
‘MLR’ option in Mplus, with robust standard errors for continu-
ous data. Individuals who missed more than two items for each
outcome scale were excluded for that time point. Where two or
fewer items were missing, total scores were imputed using an indi-
vidual’s average score for all non-missing items for that time
point. All individuals with at least one time point with
non-missing data were included in the models. Missing data in
the predictors were dealt with using multiple imputation. We ana-
lysed trajectory models using the total sample, combining RAMP
and COPING cohorts, for several reasons. First, the two cohorts
were recruited via similar mechanisms, and responded to identical
survey schedules. Second, we explicitly model the effects of prior
diagnoses and demographic variables in our analysis of factors
predicting trajectory group membership. Third, our previous ana-
lyses of baseline data indicated that there were comparable predic-
tors of symptoms in the two cohorts (Young et al., 2022). Finally,
combining the two cohorts maximises statistical power and we
did not have any hypotheses about between-cohort differences.

Trajectory modelling
First, latent growth curve modelling (LGCM) was used to identify
12-month trajectories of symptoms of depression, anxiety and
anhedonia [MPlus version 8 (Muthén & Muthen, 2017); aims 1,
2]. Three different trajectory types (linear, quadratic and piece-
wise) were assessed for best fit for the data (see preregistration).
For the piecewise models, we used England’s lockdown dates,
because of the geographical location of most of our sample, and
the fact that variations in dates across the rest of the UK were
minor. We defined four pieces: (i) the first lockdown from 23
March 2020 until 23 June 2020 (slope includes the baseline assess-
ment of 7 April 2020, and our follow-up on 16 June 2020), (ii)
summer easing of restrictions from 23 June 2020 until 31
October 2020 (slope includes 30 June 2020 to 20 October
2020), (iii) second lockdown from 31 October 2020 until 8
March 2021 (slope includes 17 November 2020 until 9 February
2021) and (iv) spring easing of restrictions from 8 March 2021
until the end of the current study period, 6 April 2021 (slope
includes 9 March 2021 to 6 April 2021). Models were run both
with and without pairwise correlations between the residuals of
contiguous time points to assess which gave the better model
fit. The trajectory type with the best fit was carried forward.
Growth mixture modelling (GMM) was then used to decom-
pose the group trajectory with the best fit into distinct, heteroge-
neous trajectory subgroups (or ‘classes’). Each class is defined by
an average trajectory, but individual trajectories within a class can
deviate from the average (with the degree of deviation indicated
by a variance statistic). This approach determines whether data
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are better explained by multiple average trajectories, rather than
one single trajectory, indicating the likely presence of subgroups
(Muthén et al., 2002).

Models using increasing numbers of classes (minimum two,
maximum seven) were assessed for fit against the observed data.
Model fit decisions were based primarily on the Bayesian infor-
mation criterion (BIC), as recommended for GMM analyses
(Nylund, Asparouhov, & Muthén, 2007; Van De Schoot,
Sijbrandij, Winter, Depaoli, & Vermunt, 2017). Model fitting
was halted prior to reaching seven classes if either: (i) fit indices
deteriorated with addition of a class; (ii) the model no longer con-
verged due to complexity; or (iii) a model included a class con-
taining <1% of the total sample [to ensure models were stable
and clinically meaningful (Jung & Wickrama, 2008)]. Where
results were ambiguous, scree plots of BIC values were used to
determine the inflection point (Petras & Masyn, 2010), additional
fit indices were globally compared and model parsimony was
examined. More parsimonious models with higher entropy and
better fit statistics on the greatest number of indices were favoured
(see online Supplementary Table S6 for details and online
Supplementary Fig. S2 for a decision tree).

GMM was conducted to identify the optimal number of classes
of trajectories for each outcome variable. Across all models,
increasing the number of classes led to reductions in BIC, so
this criterion was not the sole focus of model selection. We pre-
specified that models producing classes with <1% of the total
sample would be discarded: the MASQ-AD 6 and 7 class solu-
tions were discarded on this basis (see online Supplementary
Materials). Model selection was then based on visual inspection
of scree plots of BIC values, selecting the model that fell at the
inflection point (Petras & Masyn, 2010). Across all outcome vari-
ables, inflection points were observed at the four-class solution
(i.e. the slope of change in BIC from class 3 to class 4 was steeper
than the slope of change from class 4 to class 5; see online
Supplementary Fig. S3). Guidelines recommend selecting either
the model at the inflection point (four-class), or immediately
after the inflection point (five-class) (Van De Schoot et al,
2017). For the sake of parsimony, four-class models were favoured
over five-class models.

Predictors of symptom trajectories

Predictors were selected based on factors shown to impact short-
term changes in mental health in prior analyses within the RAMP
and COPING cohorts (Young et al., 2022). We assessed whether
these factors were also related to longer-term (12 months, aim 3)
changes in depression and anxiety symptoms. The factors tested
were: age, gender, ethnicity, employment status, and prior mental
health diagnoses. We collapsed or excluded demographic subcat-
egories, where appropriate, for categories with 20 participants or
fewer (e.g. collapsing age categories). Multinomial logistic regres-
sions (R version 4.1.2) were used to examine the association
between predictor variables and ‘most likely class membership’
(highest posterior probability), extracted from the best-fitting
GMMs.

Results
Participants

Table 1 presents the sample sizes at each time point and Table 2
presents participant demographics at baseline. Mean symptom
scores and standard deviations (s.p.) are presented for each time
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point in online Supplementary Table S6 across the full sample
(RAMP and COPING). Data distributions were examined for
normality, and test results are available in online Supplementary
Table S7.

Trajectory modelling: LGCM and GMM

For each outcome measure, PHQ-9, GAD-7 and MASQ-AD, the
best-fit models were piecewise, based on dates of English national
lockdowns, with pairwise correlations between residuals of con-
tiguous time points (Table 3, aims 1 and 2). The proportion of
the total sample included in the LGCM solutions is presented
in online Supplementary Table S8.

For the PHQ-9, four classes of trajectories were identified
(Fig. 1a). Most participants reported low and stable symptoms
(60%, class 2, n =25 364), while 10% had high and stable symp-
toms (class 1, n=4341). The high and stable symptom group’s
scores fell at the border of moderate-severe (15-19) to severe
scores (20-27) throughout. Seventeen per cent showed initially
moderate symptoms, which then increased in their symptom tra-
jectory until October 2020, then decreased (class 3, n=6977). A
fourth group (13%) had moderately severe baseline symptoms
(15), which decreased until October (mild range), then increasing
until February 2021, then decreasing again (class 4, n = 5324).

For the GAD-7, we identified four classes of trajectories com-
parable to that for the PHQ-9 (Fig. 1b). Again, most participants
reported low and stable symptoms (69%, class 1, n = 28 640), and
15% reported high stable symptoms (class 2, n = 6064), at around
the cut-off for severe anxiety symptoms (>15). Smaller propor-
tions than that seen for PHQ-9 symptoms fell into the time-
varying classes. Seven per cent showed mild baseline symptoms
(above 5), with an increasing trajectory until October 2020, fol-
lowed by decreasing symptoms (class 4, n=2887). Nine per
cent showed high initial symptoms in the severe range (>15),
and a decreasing pattern until October, then increasing until
February 2021, then decreasing again trajectory (class 3, n=
3854).

For the MASQ-AD (aim 2), we also identified four classes of
trajectories: a high stable class (class 2, n=22299, 68%), a low
stable class (class 3, n = 8764, 27%), and two smaller classes, com-
prising 4 and 2% of participants (Fig. 1c). The two smaller classes
started with high symptoms. One class initially decreased until
October 2020, then showed a later increase until February 2021,
followed by another decrease (class 4, n=1237, 4%). The other
class initially increased until October 2020, then showed a
decrease until February, followed by another small increase
(class 1, n =592, 2%).

Predicting class membership

Figure 2 and online Supplementary Tables S9-S11 present the
results of the multinomial logistic regression models used to
examine predictors of class membership (aim 3). For each
model, the ‘low and stable’ symptom class was used as the refer-
ence category. For both the anxiety and depression ‘high and
stable symptom groups’, membership was predicted by younger
age (16-25 years, relative to the reference category 25-36 years),
unemployment (relative to being employed) and non-binary or
self-defining gender (relative to male gender). Having a self-
reported previous mental health diagnosis was also a significant
predictor of high symptom group membership for all diagnoses
included in the models, except for a psychotic disorder diagnosis.
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Table 2. Summary of sociodemographic and mental health-related variables (including data from all individuals who reported answers for least one predictor
variable, at minimum one time point)

COPING (n=31618) RAMP (N =10 135) Combined (N =41 753)
N % N % N %
Age (years)
16-18 566 1.8 890 8.8 1456 3.5
19-25 2528 8.0 916 9.0 3444 8.2
26-35 5031 159 1256 12.4 6287 15.1
36-45 4832 153 1018 10.0 5850 14.0
46-55 6566 20.8 1800 17.8 8366 20.0
56-65 6809 215 2516 24.8 9325 22.3
66-70 2792 8.8 896 8.8 3688 8.8
T1-75 1870 5.9 600 5.9 2470 5.9
76+ 616 1.9 242 24 858 2.1
Missing 8 0.0 1 0.0 9 0.0
Gender
Male 9648 30.5 2096 20.7 11744 28.1
Female 21516 68.0 7876 7.7 29392 70.4
Non-binary/prefer to self-define 357 1.1 113 1.1 470 1.1
Missing 97 0.3 50 0.5 147 0.4
Ethnicity - clustered
White 27320 86.4 9477 93.5 36797 88.1
Minoritised ethnic community 1009 3.2 601 5.9 1610 3.9
Missing 3289 10.4 57 0.6 3346 8.0
Pre-pandemic employment
Employed 19355 61.2 5994 59.1 25349 60.7
Retired 7098 22.4 2140 21.1 9238 22.1
Student 994 3.1 882 8.7 1876 4.5
Unemployed 1605 5.1 832 8.2 2437 5.8
Missing 2566 8.1 287 2.8 2853 6.8
Change in employment
Decreased employment 2830 9.0 977 9.6 3807 9.1
Employment not changed 13 497 4.7 3919 38.7 17416 41.7
Furloughed 3049 9.6 1027 10.1 4076 9.8
Increased employment 1119 3.5 229 2.3 1348 3.2
Missing 11123 B5%) 3983 39.3 15106 36.2
Key worker status
Government defined key worker 11488 36.3 1236 12.2 12724 30.5
Not a key worker 18 869 59.7 2636 26.0 21505 51.5
Missing 1261 4.0 6263 61.8 7524 18.0
Pre-pandemic mental health diagnoses
Depressive disorder 16 795 53.1 5084 50.2 21879 52.4
Anxiety disorder 14299 45.2 4464 44.0 18763 44.9
Obsessive-compulsive related disorder 2293 73 826 8.1 3119 7.5
Psychotic disorder 526 1.7 203 2.0 729 1.7
(Continued)
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Table 2. (Continued.)

COPING (n=31618) RAMP (N =10 135) Combined (N =41753)

N % N % N %
Bipolar disorder 1109 3.5 313 3.1 1422 3.4
Eating disorder 2555 8.1 649 6.4 3204 7.7
Personality disorder 1319 4.2 360 3.6 1679 4.0
Post-traumatic stress disorder 2520 8.0 928 9.2 3448 8.3
Autism spectrum disorder 528 1.7 259 2.6 787 1.9

Note: All questions were optional, which resulted in varying quantities of missing data for variables such as ethnicity and employment. Change in employment was not included as a baseline

measure, explaining the relatively high quantity of missing data.

For depression (PHQ-9) particularly, the strongest predictors of
being in the consistent high symptom group were younger age
(16-18 years), being unemployed or prior history of a depressive
disorder. These three predictors were also associated with mem-
bership of the other time-varying classes (i.e. the classes showing
both improved symptoms with societal re-opening, and worsen-
ing symptoms). There were several differences between predictors

Table 3. Fit statistics for the 7 class models assessed

of group membership for consistent high symptoms of depression
and anxiety. For example, female gender was a predictor of anx-
iety, but not depression symptoms and being retired was a pre-
dictor of depression but not anxiety symptoms (see online
Supplementary materials for further discussion).

For the MASQ-AD trajectories, the largest category of partici-
pants reported high and stable experiences of anhedonia, the

Parameters Entropy AIC BIC A BIC aBIC LL
PHQ-9
1 class solution 46 1 1770170 1770568 1770422 —885 039
2 class solution 52 0.763 1761229 1761678 —8890 1761513 —880 562
3 class solution 58 0.776 1757632 1758133 —3545 1757949 —878 758
4 class solution 64 0.772 1753433 1753986 —4147 1753783 —876 653
5 class solution 70 0.744 1750920 1751525 —2461 1751303 —875390
6 class solution 76 0.745 1748735 1749392 —-2133 1749150 —874291
7 class solution 82 0.743 1746 826 1747535 —1857 1747275 —873331
GAD-7
1 class solution 46 1 1658013 1658410 1658 263 —828 960
2 class solution 52 0.858 1646 159 1646 608 —11802 1646443 —823 028
3 class solution 58 0.809 1641815 1642316 —4292 1642131 —820 850
4 class solution 64 0.802 1637060 1637612 —4704 1637409 —818 466
5 class solution 70 0.781 1633610 1634214 —3398 1633991 —816 735
6 class solution 76 0.778 1630725 1631381 —2833 1631139 —815 286
7 class solution 82 0.774 1628460 1629168 —2213 1628907 —814 148
MASQ-AD
1 class solution 40 1 1795036 1795372 1795245 —897 478
2 class solution 46 0.562 1793214 1793601 —1771 1793 455 —896 561
3 class solution 52 0.658 1791981 1792418 —1183 1792253 —895 939
4 class solution 58 0.669 1790799 1791286 —1132 1791102 —895 342
5 class solution 64 0.698 1790025 1790563 —723 1790359 —894 949
6 class solution 70 0.697 1789307 1789895 —668 1789673 —894 584
7 class solution 76 0.674 1788622 1789260 —635 1789018 —894 235

AIC, Akaike information criterion; BIC, Bayesian information criterion; A BIC, change (dela) in BIC from the preceding model; aBIC, adjusted Bayesian information criterion; LL, Loglikelihood.

Models in bold are those selected for subsequent analyses.
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less likely to be in the low stable anhedonia symptom class (class
2) compared to male participants, and they were more likely to be
in one of the time-varying smaller classes. As for depression and
anxiety classes, an unemployed status (relative to employed) was a
predictor of membership of the high and stable class. Finally, for
prior mental health diagnoses, the most consistent effects were
related to previous depression and anxiety diagnoses. Previous
diagnoses of depression or anxiety were predictors of membership
of all three of the moderate or high anhedonia symptom classes.
The effects were strongest for a previous diagnosis of depression,
across all three classes.
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This study examined mental health trajectories in a large sample
of UK participants across the first year of the COVID-19 pan-
demic. We found that the majority of participants had low and
stable symptoms of depression or anxiety across the first year of
the pandemic (60%, 69% respectively), and a minority had high
and stable symptoms (10%, 15%). For the time-varying trajectory
groups, we found a subgroup of participants who showed improv-
ing symptoms until the period of the second national lockdown,
and then a worsening pattern of symptoms again. We view this as
a group negatively impacted by the lockdowns. An opposite
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pattern also emerged: those who showed worsening of depression
and anxiety symptoms as the re-opening of society occurred at the
end of the first lockdown, and an improvement in symptoms with
a second lockdown (aim 1). Our trajectory groups for anhedonia
provided the most unexpected pattern, with most of the sample
reporting stable low positive affect (i.e. high anhedonia) through-
out the 12-month period (aim 2).

For depression and anxiety symptom trajectories, we confirm
earlier findings indicating the importance of demographic factors
associated with existing social and health inequalities, such as
employment status and having a prior mental health diagnosis
(aim 3). Being younger in age, reporting a previous diagnosis,
non-binary or self-defined gender, and an unemployed or a stu-
dent status were all significantly associated with falling into the
high stable symptom groups for depression and anxiety. Our find-
ings of age effects, prior mental health diagnoses and employment
are consistent with factors reported for the earlier time periods of
the pandemic (e.g. Pierce et al., 2020, 2021; Saunders et al., 2021;
Young et al., 2022). Female gender predicted membership of the
high and stable anxiety group, but not the high and stable depres-
sion group, in line with our earlier report (Young et al., 2022).
Other work has also reported complex gender-related effects,
with women being both overrepresented in the ‘deteriorating’
mental health trajectory group, and also the ‘recovered’ group
(Pierce et al., 2021). Some comparable effects were demonstrated
in the anhedonia symptom trajectories, with women, unemployed
individuals and those with specific prior mental health diagnoses
more likely to be in the high stable symptom trajectory.

By explicitly considering UK lockdown timelines in our ana-
lyses, we identified participants who responded in divergent
ways to the initial lifting and re-imposition of restrictions. A siz-
able proportion of participants seemed to fare better in terms of
their anxiety and depression symptoms shortly after the start of
the lockdown (first measurement point), showing a worsening
pattern of symptoms as restrictions were lifted, and improving
again with the second lockdown. Described in a youth sample
as a group ‘happier during lockdown’ (Sonenson et al., 2022),
we speculate that these participants may have benefited from
the reduced commitments inherent in lockdown restrictions.
For example, being away from challenging work environments,
or social activities that cause distress, could be beneficial for
some adults. The other time-varying group, discussed more
prominently in the literature as a recovery group (e.g. Fancourt
et al, 2021), comprises the participants falling into a ‘less
happy during lockdown’ pattern. Symptoms reported by this
group improved as restrictions were eased, until the second
national lockdown, and then worsened again. By including data
over a 12-month period, and including the second wave of
COVID-19, we were able to examine the extended effects of
more than one period of restrictions. Our study contributes to
the understanding of mental health during the pandemic by dem-
onstrating the variability of adults’ responses to pandemic restric-
tions, whereby patterns are not just in the direction of recovery.

Anhedonia: low positive affect throughout the 12-month period

For the MASQ-AD scores, the picture was complex and counter-
intuitive. Only small numbers of participants (6%) had time-
varying trajectories, and unexpectedly, most participants (68%)
indicated low positive affect (i.e. high anhedonia). Participants’
scores on the PHQ-9 and the MASQ-AD were strongly positively
correlated (online Supplementary Fig. S1), as would be predicted
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from models of depression [e.g. the tripartite model (Clark &
Watson, 1991)]. However, while only a minority of participants
fell into clinical symptom ranges indicating depression or anxiety,
the majority of participants were in the high stable group for
anhedonia. In interpreting our participants’ MASQ-AD scores,
we note that our participants’ mean values are higher than
other UK participant samples including ‘healthy controls’ and
unselected community (e.g. Gagne, Zika, Dayan, & Bishop,
2020) or university samples (Burr, Javiad, Jell, Werner-Seidler,
& Dunn, 2017).

There are several possible interpretations of our relatively high
MASQ-AD scores. First, the extended reduction in opportunities
to engage in rewarding activities such as work or social activities
may have altered our sample’s experiences of daily positive affect.
The MASQ-AD scores reported here may reflect a
COVID-19-related dampening of joyful experiences in partici-
pants’ day-to-day lives, even in the absence of clinical levels of
depression or anxiety symptoms. However, the absence of a pre-
pandemic measure of anhedonia means that we cannot exclude
the possibility that our participants were high on state or trait
anhedonia before April 2020. Furthermore, there is evidence for
a substantial trait variance component for the MASQ-AD
(Kendall et al., 2015), and participants’ stable scores do not
show evidence of recovery with the lifting of restrictions.

A second interpretation of our high MASQ-AD scores is
related to potential cross-cultural variations in responses to the
scale itself. The original MASQ-AD was developed in the US
(Clark & Watson, 1991), and much of the subsequent psychomet-
ric evaluation work has been carried out with US samples (e.g.
Bredemeier et al., 2010; Talkovsky & Norton, 2015). We consid-
ered the acceptability of items such as ‘Felt like I accomplished
a lot’, with the response ‘Extremely’ for a UK sample, but we
could not find any published comparisons examining representa-
tive data from the US and the UK. For our overall interpretation
of the MASQ-AD findings, and potential pandemic-related effects
on anhedonia, we found primarily cross-sectional studies (e.g.
Cheung et al, 2021; Landaeta-Diaz, Gonzdlez-Medina, &
Agiiero, 2021; Wellan, Daniels, & Walter, 2021), or small-scale
studies (n = 80; Fried, Papanikolaou, & Epskamp, 2022; n=87;
Wieman et al., 2022) of university samples. With the limited
available evidence against which to compare our sample’s
MASQ-AD scores, we suggest the most plausible explanations
are related to trait characteristics of our sample or a measurement
issue.

Limitations

Our study used convenience sampling, and our cohort had an
over-representation of women, those with high education levels,
and individuals of white ethnicity, issues that have been widely
discussed as impacting COVID mental health studies (e.g.
Pierce et al., 2020). We carried out surveys online and relied on
self-report measures of diagnostic history, and our samples had
an over-representation of adults with a prior mental health diag-
nosis. We did not adjust for seasonal variation in population
mental health (de Graaf, van Dorsselaer, ten Have, Schoemaker,
& Vollebergh, 2005), although others have estimated that the
effects of seasonal variation are unlikely to account for changes
in population mental health during the pandemic (Daly, Sutin,
& Robinson, 2020). Another factor we did not adjust for was
regional variation, whereby there were both local lockdowns in
response to geographically constrained COVID-19 case spikes,
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and also minor differences in the timing of lockdowns in
Northern Ireland, Wales, England and Scotland.

Conclusion

Numerous rapid surveys from the initial months of the
COVID-19 lockdown suggested that mental health symptoms of
individuals in the UK declined initially but recovered quickly
thereafter. Our findings, extending beyond the initial months of
the pandemic and including measurement points until April
2021, showed that for the majority, symptoms of depression
and anxiety were low and stable throughout the 12-month period.
For a minority of participants, trajectories of symptoms diverged
from the majority group, with some showing improvements in
symptoms as the pandemic progressed, whereas others showed
the opposite pattern of marked symptom increases until the
second national lockdown. We also highlight several sociodemo-
graphic characteristics associated with the ‘poorer’ symptom tra-
jectories, such as being a student, being retired and having a
previous mental health diagnosis.

Supplementary material. The supplementary material for this article can
be found at https:/doi.org/10.1017/S0033291722003828
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