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A B S T R A C T   

Background: Longitudinal data indicates that the mental health of the general population may not have been as 
badly affected by the COVID-19 pandemic as some had feared. Most studies examining change in mental health 
during the pandemic have assumed population homogeneity which may conceal evidence of worsening mental 
health for some. In this study, we applied a heterogeneous perspective to determine if there were distinct groups 
in the population characterised by different patterns of change in internalizing symptoms during the pandemic. 
Methods: Self-report data were collected from a nationally representative sample of Irish adults (N = 1041) at 
four time-points between April and December 2020. 
Results: In the entire sample, mean levels of internalizing symptoms significantly declined from March to 
December 2020. However, we identified four distinct groups with different patterns of change. The most com-
mon response was ‘Resilience’ (66.7%), followed by ‘Improving’ (17.9%), ‘Worsening’ (11.3%), and ‘Sustained’ 
(4.1%). Belonging to the ‘Worsening’ class was associated with younger age, city dwelling, current and past 
treatment for a mental health problem, higher levels of empathy, and higher levels of loneliness. 
Limitations: Sample attrition was relatively high and although this was managed using robust statistical methods, 
bias associated with non-responses cannot be entirely ruled out. 
Conclusion: The majority of adults experienced no change, or an improvement in internalizing symptoms during 
the pandemic, and a relatively small proportion of adults experienced a worsening of internalizing symptoms. 
Limited public mental health resources should be targeted toward helping these at-risk individuals.   

1. Introduction 

Following the outbreak of COVID-19, fears were expressed that a 
rapid and perceptible rise in mental health problems might occur in the 
general population (Adhanom Ghebreyesus, 2020; Campion et al., 2020; 
Reger et al., 2020; Torjesen, 2020). Researchers around the world began 
to assess the prevalence of common mental health disorders such as 
depression, generalized anxiety, and posttraumatic stress in the general 
population. These findings have been summarised in several 

meta-analyses (Arora et al., 2020; Bueno-Notivol et al., 2021; Cénat 
et al., 2021; Cooke et al., 2020; Salari et al., 2020; Santabárbara et al., 
2020; Wu et al., 2021). The pooled prevalence estimates of depression 
ranged from 16% (Cénat et al., 2021) to 34% (Salari et al., 2020), with a 
mean of 26%; generalized anxiety ranged from 15% (Cénat et al., 2021) 
to 32% (Salari et al., 2020; Wu et al., 2021), with a mean of 26%; and 
posttraumatic stress ranged from 22% (Cénat et al., 2021) to 33% 
(Arora et al., 2020), also with a mean of 26%. Although vital in revealing 
what proportion of the general population were potentially suffering 
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from common mental health disorders in the first months following the 
COVID-19 outbreak, these data revealed little about whether the prev-
alence of such disorders changed because of, or during, the pandemic. 

Findings from a meta-analysis examining changes in various mental 
health problems from before and after the outbreak of COVID-19 found a 
small increase (g = .17) in symptoms of anxiety and depression (Prati 
and Mancini, 2021). Longitudinal studies of the general populations of 
the United Kingdom and the United States that tracked changes in 
mental health from before the pandemic and through the first year found 
that early increases in anxiety and depression disappeared within 
several months (Daly and Robinson, 2021a, 2021b). Moreover, a lon-
gitudinal study from Brazil found no changes in depression from before 
and during the pandemic, and a significant decrease in anxiety (Brunoni 
et al., 2021). Thus, to date, disruption to population mental health 
caused by COVID-19 does not seem to have been as severe as was 
initially predicted. 

These findings are consistent with what psychological science has 
known about human responses to stressful life events for several de-
cades. It is well-established that only a small proportion of people who 
experience stressful life events will subsequently develop clinically sig-
nificant levels of distress (Bonanno, 2004; Breslau et al., 1991; Bryant, 
2019; Norris, 1992), and that there is considerable heterogeneity in 
mental health responses to life stressors (Bonanno, 2004; Galatzer-Levy 
et al., 2018). Reviews of such literature show that the modal response 
(~65%) to life stressors is resilience. That is to say that most people 
maintain good mental health irrespective of the severity of the stressful 
event. Moreover, ~20% of people experience improvements in their 
mental health, ~9% experience a decrease in their mental health, and 
~10% experience persistent mental health problems following stressful 
life events (Bonanno, 2004; Galatzer-Levy et al., 2018). Although de-
bates exist as to whether or not the COVID-19 pandemic can be defined 
as a ‘stressful’ or ‘traumatic’ life event (Bridgland et al., 2021; Shevlin 
et al., 2020; Van Overmeire et al., 2020), the extant literature on human 
responses to challenging life events indicates that the majority of people 
in the general population should experience either no change or an 
improvement in their mental health during the pandemic, and only a 
small proportion of people should experience a decline in their mental 
health. 

Although it is essential to know what proportion of the general 
population met criteria for common mental health disorders at the 
outset of the COVID-19 pandemic, and if these proportions changed 
during the pandemic, this approach is limited because it assumes two 
types of population homogeneity: homogeneity of initial response and 
homogeneity of change over time. Studies that have presented such 
estimates are inferring that they adequately describe the entire popu-
lation despite the fact that there is known heterogeneity in initial 
response and change over time (Galatzer-Levy et al., 2018). Multiple 
studies have recently been published which address this issue. In a study 
of adults from the Rhine-Main region of Germany who were assessed 
during the first two months of lockdown, 84% experienced no change or 
an improvement in their mental health; 8% experienced an initial 
worsening before recovering, and 8% suffered a sustained worsening of 
their mental health (Ahrens et al., 2021). In a nationally representative 
sample of the general population of the United Kingdom who were 
tracked over the first four months of the pandemic, between 72% and 
93% of people experienced no change or an improvement in their 
mental health (Shevlin et al., 2021). Factors associated with decreasing 
mental health during the pandemic were having a history of mental 
health problems, higher levels of loneliness, lower levels of resilience, 
lower levels of internal locus of control, higher levels of death anxiety, 
and higher levels of intolerance of uncertainty. 

Recognizing heterogeneity in mental health at the population level is 
important because it has been shown to improve predictions about who 
will develop mental health problems (Galatzer-Levy and Bonanno, 
2014), what the long-term health and mortality outcomes of these 
problems will be (Malgaroli et al., 2017), and how people will respond to 

treatment (Galatzer-Levy et al., 2013). It is likely, therefore, that taking 
a heterogeneous perspective on the mental health of the general popu-
lation during the COVID-19 pandemic will improve our ability to 
accurately describe the mental health of the general population during 
this time, to identify those in the population who have experienced a 
decrease in their mental health, and to identify risk factors associated 
with deteriorating mental health problems. Ultimately, such discoveries 
should allow for more effective resource allocation and targeted clinical 
interventions. 

In this study, we used data collected between April and December 
2020 from a nationally representative sample of Irish adults to describe 
and explain different patterns of change in internalizing symptoms. The 
first objective was to determine if there was a significant change in 
internalizing symptoms for the entire sample across the study period. 
Based on existing longitudinal data (Ahrens et al., 2021; Daly and 
Robinson, 2021a, 2021b; Shevlin et al., 2021), we hypothesised that 
there would be either no change or a decline in internalizing symptoms 
between April and December 2020. The second objective was to deter-
mine if there was heterogeneity in internalizing symptoms at baseline, 
and in the change of these symptoms over time. Consistent with the 
general psychological literature (Bonanno, 2004; Galatzer-Levy et al., 
2018), and emerging data from the COVID-19 pandemic (Ahrens et al., 
2021; Shevlin et al., 2021), we hypothesised that there would be evi-
dence of heterogeneous change over time, and that the majority of in-
dividuals would be characterised by experiencing no change or an 
improvement in their internalizing symptoms. We also expected to find a 
small portion of individuals who experienced worsening internalizing 
symptoms during the pandemic. The third objective was to identify 
psychosocial variables associated with different patterns of change in 
internalizing symptoms during the pandemic. Given the paucity of 
relevant evidence, this objective was approached in an exploratory 
manner. 

2. Methods 

2.1. Participants and procedures 

This study is based on data collected from the Irish arm of the COVID- 
19 Psychological Research Consortium (C19PRC) study; a longitudinal, 
internet-based survey designed to assess the population’s psychological 
and social adjustments to the pandemic (McBride et al., 2020). All data 
were collected by the survey company Qualtrics, and participants were 
recruited from traditional, actively managed, double-opt-in research 
panels via email, SMS, or in-app notifications. Quota sampling methods 
were used to recruit a sample that was nationally representative in terms 
of sex, age, and geographical distribution, as Irish census data (Central 
Statistics Office of Ireland, 2020). Evidence of the nationally represen-
tative nature of the sample data can be found elsewhere (Spikol et al., 
2021). Inclusion criteria were that respondents were aged 18 years or 
older, residing in the Republic of Ireland, and capable of completing the 
survey in English. Participants were remunerated by Qualtrics, and 
informed consent was obtained from all participants. Ethical approval 
was granted by the research ethics committees at Maynooth University, 
the University of Sheffield, and Ulster University. 

Wave 1 (31st March–5th April 2020, N = 1041) occurred during the 
first week of Ireland’s initial lockdown period; Wave 2 (30th April–19th 
May 2020, n = 506, recontact rate = 49%) took place approximately six 
weeks later to coincide with the end of the nationwide lockdown; Wave 
3 (16th July–8th August 2020, n= 534, recontact rate = 51%) occurred 
during the summer period when public health restrictions were low; and 
Wave 4 (2nd December–22nd December 2020, n = 416, recontact rate 
= 40%) occurred toward the end of 2020, and again during a period of 
few public health restrictions. All participants from Wave 1 were 
recontacted at each subsequent wave and were requested to participate. 
In total, 327 people (31%) participated at all four assessments. Socio-
demographic characteristics of the sample at Wave 1 are presented in 
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Table 1. Respondents at each follow-up significantly differed (ps < .05) 
from non-responders on a range of sociodemographic variables 
including being older, being more likely to have been born in Ireland, to 
not be living in a city, to be retired, to have a pre-existing health con-
dition, and to have had a confirmed or suspected COVID-19 infection. 
Management of missing data is explained in the data analysis section. 

2.2. Measures 

Depression: Symptoms of major depression were measured using the 
nine-item Patient Health Questionnaire-9 (PHQ-9) (Kroenke et al., 
2001). Participants indicate how often they have been bothered by each 
symptom over the last two weeks on a four-point Likert scale that ranges 
from 0 (Not at all) to 3 (Nearly every day). Scores range from 0 to 27 
with higher scores reflecting greater symptomatology. The psychometric 
properties of the PHQ-9 scores have been evidenced (Manea et al., 
2012), and the internal reliability (Cronbach’s alpha) of the scale scores 
in this sample at each wave were greater than .90. 

Anxiety: Symptoms of generalized anxiety were measured using the 
Generalized Anxiety Disorder 7-item Scale (GAD-7) (Spitzer et al., 
2006). Participants indicate how often they have been bothered by each 
symptom over the last two weeks on a four-point Likert scale that ranges 
from 0 (Not at all) to 3 (Nearly every day). Scores range from 0 to 21 
with higher scores reflecting greater symptomatology. The GAD-7 scale 
scores have been shown to produce reliable and valid scores in com-
munity studies (Hinz et al., 2017), and the internal reliability of the scale 
scores in the current sample at each wave were greater than 90. 

Posttraumatic stress: Symptoms of posttraumatic stress were 
measured using the six-item PTSD module of the International Trauma 
Questionnaire (ITQ: Cloitre et al., 2018). Participants were instructed to 
indicate how bothered they have been over the last month in relation to 
their experiences of the COVID-19 pandemic. The ITQ uses a five-point 
Likert scale that ranges from 0 (Not at all) to 4 (Extremely). Total 
symptom scores range from 0 to 24 with higher scores indicating higher 
levels of posttraumatic stress symptomatology. The ITQ has been shown 
to produce reliable and valid scale scores in multiple samples (Cloitre 
et al., 2018; Vallières et al., 2018), and the internal reliability of the 
scale scores in this sample at each wave were all greater than .90. 

These three measures were used to create an ‘internalizing’ symptom 
score for analytic purposes. Scores of the three scales were significantly 
(ps < .001) correlated at Waves 1 (mean r = .65), 2 (mean r = .71), 3 
(mean r = .73), and 4 (mean r = .78). The internal reliability estimate of 
the 22 items at Wave 1 was α = .95. A composite variable for internal-
izing symptoms was created at each wave by averaging the total score of 
the three scales (0–72/3). This created a variable with possible scores 
ranging from 0 to 24 where higher scores reflect higher levels of inter-
nalizing symptoms. 

3. Predictor variables 

Several predictor variables were selected from Wave 1 including age, 
sex, city dwelling, number of children in the home, living alone, 2019 
income, diagnosis of a chronic physical health problem prior to the 
COVID-19 outbreak, current and past treatment for a mental health 
problem, and perceived risk of contracting COVID-19 in the next month 
(measured using a slider scale ranging from 0 [‘No risk’] to 100 [‘Great 
risk’]). 

Empathy was measured using the nine-item Identification with all 
Humanity Scale (McFarland et al., 2012). Participants responded to 
three statements with reference to three groups: ‘people in my com-
munity’, ‘people from Ireland’, and ‘all humans everywhere’. The 
response scale ranged from ‘not at all’ (1) to ‘very much’ (5) with higher 
scores reflecting higher levels of empathy. Internal reliability was 
excellent (α = .92). 

Intolerance of uncertainty was measured using the 12-item Intoler-
ance of Uncertainty Scale (Buhr and Dugas, 2002) which is answered 

Table 1 
Sociodemographic Characteristics and Descriptive Statistics at Wave 1 (N =
1041).   

% Mean (SD), Range 
Sex   
Female 51.5  
Male 48.2  
Age group (years)   
18–24 11.1  
25–34 19.2  
35–44 20.6  
45–54 15.9  
55–64 21.0  
65+ 12.2  
Birthplace   
Ireland 70.7  
Region of Ireland   
Leinster 55.3  
Munster 27.3  
Connaught 12.0  
Ulster 5.4  
Living location   
City 24.5  
Suburb 18.1  
Town 26.8  
Rural 28.8  
Highest Education   
No qualification 1.2  
Finished mandatory schooling 6.4  
Finished secondary school 22.4  
Undergraduate degree 22.5  
Postgraduate degree 19.8  
Other technical qualification 27.9  
2019 income   
0-€19,999 24.6  
€20,000–€29,999 21.3  
€30,000–€39,999 19.5  
€40,000–€49,999 12.7  
€50,000+ 21.9  
Employment status   
Full-time (self)/employed 43.3  
Part-time (self)/employed 15.7  
Retired 15.0  
Unemployed 8.4  
Student 6.3  
Unemployed (disability or illness) 5.6  
Unemployed due to COVID-19 5.7  
Employed face-to-face with public   
Yes 40.7  
Religion   
Christian 69.8  
Muslim 1.6  
Jewish 0.2  
Hindu 1.1  
Buddhist 0.6  
Sikh 0.1  
Other religion 3.8  
Atheist 15.3  
Agnostic 7.5  
Living alone   
Yes 18.4  
Children in the household   
Yes 39.7  
Diagnosed with a chronic illness   
Yes 16.7  
Treatment for a mental health problem   
Currently receiving treatment 9.4  
Received treatment in the past 19.3  
Perceived risk of COVID-19 infection  44.63 (26.07), 0–100 
Empathy  33.49 (6.85), 9–45 
Intolerance of uncertainty  40.28 (14.98), 12–84 
Internal locus of control  8.94 (3.16), 3–21 
Loneliness  4.97 (1.87), 3–9  
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using a five-point Likert scale ranging from ‘not at all characteristics of 
me’ (1) to ‘entirely characteristic of me’ (5). Higher scores reflect higher 
levels of intolerance of uncertainty, and internal reliability was good (α 
= .87). 

Internal locus of control was measured using the three-item subscale 
of the Locus of Control Scale (Sapp and Harrod, 1993). Statements are 
answered on a seven-point Likert scale ranging from ‘strongly disagree’ 
(1) to ‘strongly agree’ (7), and higher scores reflect higher levels of in-
ternal locus of control. Internal reliability was acceptable (α = .67). 

Loneliness was measured using the three-item Loneliness Scale 
(Hughes et al., 2004), which was designed for population-based surveys. 
Respondents indicate how often they feel that they lack companionship, 
feel left out, and feel isolated from others. Responses are based on a 
three-point scale including ‘hardly ever’ (1), ‘sometimes’ (2), and ‘often’ 
(3). Higher scores reflect higher levels of loneliness, and internal reli-
ability was good (α = .87). 

3.1. Data analysis 

The research objectives were addressed in three analytic phases, and 
all analyses were performed using Mplus 8.2 (Muthén and Muthén, 
2018). First, mean levels of internalizing symptoms were compared 
across the four waves using structural equation modeling so that missing 
data were handled via full-information robust maximum likelihood 
estimation (MLR: Schafer and Graham, 2002). This approach is recog-
nised as the optimal method for handling missing data (Schafer and 
Graham, 2002) as it uses all available information to estimate missing-
ness at future waves ensuring no loss of statistical power or sample 
representativeness, and can handle non-normally distributed continuous 
variables (Enders and Bandalos, 2001). A ‘null’ model was initially 
estimated where the internalizing means were constrained to be equal 
across time, followed by an ‘alternative’ model where the means were 
freely estimated. These models differ by three degrees of freedom and 
improvement in model fit is assessed using a loglikelihood difference 
test which follows a chi-square (χ2) distribution. Pairwise comparisons 
were performed using a Wald χ2 test. 

Second, latent variable mixture modeling was used to determine if 
there were different trajectories of change in internalizing symptoms 
(Muthén and Muthén, 2000; Muthén and Shedden, 1999). The baseline 
model was a latent growth model (LGM) with four observed variables 
representing internalizing symptoms at Waves 1–4. The loadings on the 
intercept latent variable were fixed at 1 so that the mean of the latent 
variable represented the average internalizing score at Wave 1. If the 
variance of the intercept latent variable was statistically significant, the 
null hypothesis that all participants had the same level of internalizing 
symptoms at Wave 1 was rejected. The loadings for the slope latent 
variable were fixed at 0, 1, 2, and 3 to represent linear change over time. 
A linear model provided superior fit to the data than a quadratic model. 
The mean of this latent variable represents the rate of change in inter-
nalizing symptoms over time. If the variance of the slope latent variable 
was statistically significant, this indicated that that there was variability 
in participants’ rate of change over time. 

Significant variability in the intercept and the slope indicates het-
erogeneity in the initial status and rate of change of internalizing 
symptoms. In this case, the heterogeneity can be modeled by adding a 
mixture component to the model to test if there were homogenous 
classes that shared similar within-class levels of initial status and rate of 
change. To accomplish this, latent classes were added successively to the 
LGM, with one to six class models being estimated. Growth mixture 
models (GMMs: Muthén, 2001) were used to model the longitudinal 
trajectories. GMM is a flexible form of LGM that tests for multiple ho-
mogeneous classes with different intercepts and slopes. Different 
between-class intercept and slopes were estimated as the mean (and 
variance) of the class-specific intercept and slope latent variables. GMM 
permits within-class variation for the intercept and slope latent vari-
ables, and the slope-intercept correlation was also estimated (although 

invariant across classes). The parameters of the LGM and GMMs were 
estimated using the MLR estimator. 

To avoid solutions based on local maxima, 200 random sets of 
starting values were used followed by 50 final stage optimizations. The 
fit of the baseline LGM was assessed using standard criteria: acceptable 
fit was indicated by non-significant χ2, Tucker-Lewis Index (TLI) and 
Comparative Fit Index (CFI) values ≥ .90, Root Mean Square Error of 
Approximation (RMSEA) and Standardized Root Mean Square Residual 
(SRMR) ≤ .08. The relative fit of the GMM models was compared using 
three information theory based fit statistics: the Akaike Information 
Criterion (AIC: Akaike, 1987), the Bayesian Information Criterion (BIC: 
Schwarz, 1978) and the sample size adjusted Bayesian Information 
Criterion (ssaBIC: Sclove, 1987). The solution with the lowest value is 
superior, or if no minimum is found then the ‘diminishing gains in model 
fit’ (Masyn, 2013) for additional classes can be examined. Simulation 
studies suggest that the BIC is the best information criterion for identi-
fying the correct number of classes (Nylund et al., 2007). Additionally, 
the Lo-Mendell-Rubin adjusted likelihood ratio test (LMR-A: Lo et al., 
2001) was used to compare models with increasing numbers of latent 
classes. When a non-significant value occurs, the model with one fewer 
class should be accepted. Model convergence, replication of the 
log-likelihood, entropy values, the plausibility of the model estimates, 
and the interpretability of the model solutions were also used to judge 
the adequacy of each model. 

Finally, predictor variables were added to the optimal GMM solution 
to determine which variables were associated with membership of each 
latent class. A 3-step approach was used so that the inclusion of the 
predictor variables did not influence the formation of the classes 
(Asparouhov and Muthén, 2014; Kim et al., 2016). All predictor vari-
ables were associated with the class intercept rather than the class slope. 

4. Results 

4.1. Objective 1: change in internalizing symptoms 

Means and standard deviations of internalizing symptoms at each 
wave are presented in Table 2. The model with freely estimated means 
was a significantly better fit to the data than the model with equal means 
(χ2 (3, N = 1041) = 9.25, p = .026), indicating that internalizing 
symptoms changed over time. Pairwise comparisons showed that 
internalizing symptoms were significantly lower at Wave 4 compared to 
Waves 1–3, and these effects were all of a small magnitude. 

Table 2 
Overall and Pairwise Comparisons of Internalizing Symptoms from Waves 1 to 4 
(N = 1041).  

Internalizing symptoms Mean Standard deviation 
Wave 1 5.30 5.04 
Wave 2 5.46 5.13 
Wave 3 5.43 5.24 
Wave 4 4.88 5.29 
Overall test of equality of means χ2 = 9.25, df = 3, p = .026 
Pairwise comparisons   
Wave 1 vs Wave 2 χ2 = 1.19, df = 1, p = .275, drm = .05 
Wave 1 vs Wave 3 χ2 = 0.61, df = 1, p = .434, drm = .03 
Wave 1 vs Wave 4 χ2 = 4.17, df = 1, p = .041, drm = .09 
Wave 2 vs Wave 3 χ2 = 0.04, df = 1, p = .835, drm = .01 
Wave 2 vs Wave 4 χ2 = 7.83, df = 1, p = .005, drm = .15 
Wave 3 vs Wave 4 χ2 = 7.70, df = 1, p = .006, drm = .15 

Note: χ2 
= chi-square test; df = degrees of freedom; p = statistically significance; 

drm = Cohen’s d with a repeated measures correction; significant pairwise 
comparisons in bold. Wave 1 = 31st March – 5th April 2020; Wave 2 = 30th 
April – 19th May 2020; Wave 3 = 16th July – 8th August 2020; Wave 4 = 2nd 
December – 22nd December 2020. 
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4.2. Objective 2: heterogeneity in internalizing symptoms 

The baseline LGM was a well-fitting model (χ2 (5, N = 1041) = 8.52, 
p = .129; CFI = .99; TLI = .99; RMSEA = .03 (90% CI = .00, .06); SRMR 
= .02). The mean of the intercept latent variable was 5.35 (SE = 0.16, p 
< .001), and the mean of the slope was -0.08 (SE = 0.07, p = .266). The 
variance of the latent variables for the intercept (σ2 = 20.52, SE = 1.34, 
p < .001) and slope (σ2 = 0.75, SE = 0.28, p < .01) were significant, 
indicating that there was variability in the initial levels and rate of 
change in internalizing symptoms that could be explored using GMM. 
The fit indices for the models with one to six classes are presented in 
Table 3. 

All models terminated normally, and the log-likelihood values were 
replicated. The two- and four-class solutions were the only ones to have 
all parameters within acceptable boundaries, and the other models all 
had a non-positive definite within-class variance-covariance matrix. All 
information theory statistics decreased from one through to six classes, 
and the entropy was similar for all models. However, the decline in BIC 
values slowed considerably after four classes, suggesting that the four- 
class solution may be optimal. The LMR-A test first became non- 
significant for the four-class model suggesting the superiority of the 
three-class model. However, the classes in this model differed only 
quantitatively in terms of the intercepts (low, medium, and high in-
tercepts) with flat slopes, whereas the four-class model separated the 
‘medium’ class into two qualitatively different classes suggesting that 
meaningful classes had been identified rather than just representing cut- 
points on an underlying continuum. The entropy value for the four-class 
model (.81) indicated good delineation between classes (Celeux and 
Soromenho, 1996), and these classes were easily interpretable based on 
the profile plot. As such, the four-class model was deemed to be the best 
fit of the data and parameter estimates for this model are presented in 
Table 4. 

Trajectories of change in internalizing symptoms over time are 
shown in Fig. 1 and the class sizes were based on most likely class 
membership based on a participant’s posterior probabilities. Class 2 
(‘Resilient’: 66.7%) was the largest, and was characterised by a low 
internalizing mean at Wave 1 that remained stable over time, as evi-
denced by the non-significant slope. Class 1 (‘Sustained’: 4.1%) was the 
smallest, and was characterised by a high internalizing mean at Wave 1 
that remained stable over time, as indicated by the non-significant slope. 
The slopes for Classes 3 and 4 were significant indicating that both were 
defined by change over time. Class 3 (‘Improving’: 17.9%) was charac-
terised decreasing Internalizing means over time, while Class 4 
(‘Worsening’: 11.3%) was characterised by increasing Internalizing 
means over time. For all classes, the slope-intercept covariation was not 
statistically significant (CovI-S= -0.16, SE = 0.32, p = .621). 

4.3. Objective 3: correlates of class membership 

The correlates of class membership were identified using a multi-
nomial logistic regression analysis, and the ‘Resilient’ class was the 
reference class for comparisons (Table 5). 

Membership of the ‘Sustained’ class was significantly associated with 
younger age, having a chronic physical health problem, higher levels of 
intolerance of uncertainty, higher levels of loneliness, and strongly 
associated with current treatment for a mental health problem. Mem-
bership of the ‘Worsening’ class was significantly associated with 
younger age, city dwelling, current and past treatment for a mental 
health problem, higher levels of empathy, and higher levels of loneli-
ness. Finally, membership of the ‘Improving’ class was significantly 
associated with younger age, having a chronic physical health problem, 
current and past treatment for a mental health problem, higher 
perceived risk of infection of COVID-19 in the next month, higher levels 
of empathy, higher levels of intolerance of uncertainty, higher levels of 
internal locus of control, and higher levels of loneliness. 

5. Discussion 

Despite fears expressed at the outset of the COVID-19 pandemic that 
there would be an increase in mental health disorders in the general 
population, the evidence to date suggests that there has, on average, 
been either no change or a decline in the prevalence of common mental 
health disorders in the general population during the pandemic. How-
ever, this overall trend may hide the fact that a small proportion of 
people in the population have experienced a deterioration of their 
mental health during the pandemic. This primary purpose of this study 
was to determine if there were distinct patterns of change in internal-
izing symptoms in the Irish adult population during the first nine months 
of the COVID-19 pandemic. 

We first modeled change in internalizing symptoms in the sample as 
a whole – as is typical in the COVID-19 mental health research literature 
– and we found that there was a small decrease in internalizing symp-
toms between March and December 2020. Existing longitudinal evi-
dence suggests that there was probably a small increase in symptoms of 
anxiety and depression at the very outset of the pandemic (Prati and 
Mancini, 2021), followed by a return to pre-pandemic levels within 
several months (Daly and Robinson, 2021a, 2021b). While we cannot 
know if levels of internalizing symptoms at our first assessment were 
higher than in the pre-pandemic period (due to study design), the small 
decline in symptoms observed in the current sample is consistent with 
several other population, longitudinal studies showing declines in 
symptoms of anxiety/depression/posttraumatic stress during the first 
year of the pandemic (Brunoni et al., 2021; Daly and Robinson, 2021a, 
2021b; Shevlin et al., 2021). 

Next, we modeled the sample data to determine if there was evidence 
of heterogeneity in initial internalizing symptoms and change over time. 
Consistent with the general psychological literature (Bonanno, 2004; 
Galatzer-Levy et al., 2018), and with data collected during the pandemic 
(Ahrens et al., 2021; Shevlin et al., 2021), we found evidence of both 
types of heterogeneity. Of most relevance, we found that patterns of 
change over time were best described by four profiles. The largest group 
of people, approximately two-thirds of the sample, were characterised 
by having consistently low symptoms of internalizing symptoms across 
the nine-month study period, while a very small proportion (4%) were 
characterised by having sustained high levels of internalizing symptoms. 
Nearly one-in-five people (18%) were characterised by experiencing a 
decline in internalizing symptoms, while only about one-in-ten were 
characterised by experiencing increasing symptoms. Consequently, our 
findings show that 89% of Irish adults experienced no change, or an 
improvement, in their mental health during the COVID-19 pandemic. 
These results are consistent with those reported from the Rhine-Main 
region of Germany during the first two months of the pandemic 
(Aherns et al., 2021), and from the United Kingdom during the first four 

Table 3 
Fit indices for latent class models of internalizing symptoms with 1–6 latent 
classes (N = 1041).  

N Log 
likelihood 

AIC BIC ssaBIC LMR-A 
(p- 
value) 

Entropy 

1 -6949.18 13924.36 13972.99 13947.39 – – 
2 -6831.05 13686.10 13745.47 13707.36 236.99 

(<.001) 
0.84 

3 -6765.93 13561.85 13636.07 13588.43 124.28 
(.003) 

0.86 

4 -6711.64  13459.27 13548.33 13491.16 103.61 
(.220) 

0.81 

5 -6671.19  13384.37 13488.28 13421.58 77.19 
(.331) 

0.81 

6 -6645.04  13338.07 13456.83 13380.60 49.91 
(.017) 

0.82 

Note: N = number of classes; AIC = Akaike Information Criterion; BIC =
Bayesian Information Criterion; ssaBIC = sample size adjusted Bayesian Infor-
mation Criterion; LMR-A = Lo-Mendell-Rubin adjusted likelihood ratio test. 
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months of the pandemic (Shevlin et al., 2021). Collectively, these find-
ings are important because they show that the normative mental health 
response in the general population to the pandemic is one of 
stability/improvement. 

We also sought to identify psychosocial variables that were associ-
ated with having different patterns of change in internalizing symptoms. 
Compared to the Resilient class, belonging to the Sustained class was 
strongly associated with currently receiving treatment for a mental 
health problem. This suggests that the individuals in this class may have 
already been experiencing high levels of internalizing symptoms prior to 
the COVID-19 pandemic. Furthermore, membership of this class was 
associated with several other established risk factors for internalizing 
distress including younger age, having a chronic health problem, higher 
levels of intolerance of uncertainty, and higher levels of loneliness 
(Caspi et al., 2014; Kotov et al., 2017). 

Membership of the Improving and Worsening classes, compared to 
the Resilient class, was associated with many of the same variables 
including younger age, past and current treatment for a mental health 
problem, higher levels of empathy, and higher levels of loneliness. These 
effects may appear strange at first glance, but readers should bear in 
mind that the Improving and Worsening classes had higher levels of 
internalizing symptoms compared to the Resilient class at the outset of 
the pandemic. Therefore, these variables effectively identify those who 
belonged to classes that were more distressed at the outset of the 
pandemic but appear to be non-specific in terms of predicting increasing 
or decreasing symptoms over time. Some other factor(s) must be 
modulating how these variables influenced change in symptoms over 
time, and future research will be required to identify these moderators. 
One possible moderator may be social support. Loneliness is a well- 
established correlate of internalizing distress (Lim et al., 2020) and, 

Table 4 
Class-specific parameter estimates for the 4-class models of internalizing symptoms.   

Internalizing Symptoms  
Sustained Resilient Improving Worsening  
Mean (se) Variance (se) Mean (se) Variance (se) Mean (se) Variance (se) Mean (se) Variance (se) 

Intercept 17.05 (0.73)*** 2.57 (0.66)*** 2.412 (0.13)*** 2.57 (0.66)*** 11.64 (0.86)*** 2.57 (0.66)*** 7.41 (0.90)*** 2.57 (0.66)*** 
Slope 0.01 

(0.29) 
0.14 
(0.19) 

-0.09 
(0.05) 

0.14 
(0.19) 

-1.74 
(0.53)** 

0.14 
(0.19) 

2.04 
(0.74)** 

0.14 
(0.19) 

N (%) 42 (4.1%) 698 (66.7%) 187 (17.9%) 115 (11.3%) 

Note: SE = Standard Error; * p < .05, ** p < .01, *** p < .001. 

Fig. 1. Growth mixture model trajectories of internalizing symptoms.  

Table 5 
Odds Ratios (95% confidence intervals) for Predictors of Internalizing Class 
Trajectories (N = 1041).   

Sustained 
(4.1%) 

Improving 
(17.9%) 

Worsening 
(11.3%) 

Age 0.94* 
(0.90–0.99) 

0.96* 
(0.94–0.98) 

0.97* 
(0.94–0.99) 

Gender (female) 0.57 
(0.12–2.80) 

1.50 
(0.76–2.94) 

1.10 
(0.52–2.31) 

City dwelling 1.61 
(0.36–7.17) 

1.18 
(0.56–2.46) 

2.81* 
(1.26–6.27) 

Children at home 1.86 
(0.48–7.17) 

1.02 
(0.54–1.93) 

1.54 
(0.74–3.22) 

Living alone 0.04 
(0.00–3.46) 

0.93 
(0.35–2.49) 

1.51 
(0.57–4.00) 

2019 Income 1.02 
(0.59–1.77) 

1.20 
(0.98–1.45) 

1.07 
(0.84–1.36) 

Chronic health problem 8.24* 
(1.76–38.66) 

4.02* 
(1.78–9.06) 

1.98 
(0.76–5.17) 

Mental health treatment: Past 3.62 
(0.85–15.48) 

3.61* 
(1.81–7.21) 

4.80* 
(2.23–10.31) 

Mental health treatment: 
Present 

88.00* 
(14.64–528.89) 

8.03* 
(2.16–29.83) 

7.01* 
(1.35–36.25) 

Perceived COVID-19 risk 1.02 
(0.99–1.04) 

1.02* 
(1.01–1.03) 

1.00 
(0.99–1.02) 

Empathy 0.97 
(0.89–1.07) 

1.06* 
(1.02–1.11) 

1.07* 
(1.02–1.14) 

Intolerance of uncertainty 1.07* 
(1.03–1.11) 

1.06* 
(1.03–1.08) 

1.023 
(0.995–1.051) 

Internal locus of control 0.96 
(0.79–1.16) 

1.14* 
(1.03–1.26) 

1.08 
(0.96–1.23) 

Loneliness 3.31* 
(2.22–4.95) 

2.07* 
(1.70–2.53) 

1.85* 
(1.51–2.27) 

Note: * = p < .05. Reference class is ‘Resilient’ class. 
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thus, it was not surprising that higher levels of loneliness were associ-
ated with belonging to the Improving and Worsening classes. However, 
it is possible that individuals who felt lonely at the outset of the 
pandemic and who also lacked social support fared badly during the 
pandemic, while those who felt lonely at the outset of the pandemic but 
who had high levels of social supported fared well during the pandemic. 
This is speculative but our findings do raise attention to potentially 
valuable lines of future inquiry. 

Some unique correlates of belonging to the Improving and Wors-
ening classes were identified. Membership of the Worsening class was 
associated with living in a city, and this effect may be due to the 
increased risk of COVID-19 infection that was associated with living in a 
higher population density environment. Alternatively, public health 
restrictions on the movement of people, social gatherings, and conduct 
of businesses arguably caused the most disruption to daily activities 
within cities, and thus may be responsible for the increase in internal-
izing symptoms. It is also important to consider the types of people 
drawn to high density regions including those with high levels of ex-
traversion and openness to experience who are particularly likely to 
enjoy social interaction and engagement with the arts and alternative 
lifestyles, respectively (Jokela et al., 2015). Curtailing opportunities to 
pursue such interests and opportunities may particularly affect the 
welfare of these individuals. 

Membership of the Improving class was associated with a higher 
perceived risk of COVID-19 infection and higher levels of internal locus 
of control. Internal locus of control is a well-established correlate of 
good mental health (Kesavayuth et al., 2020) and has been linked to 
favourable mental wellbeing profiles during the pandemic (Fernan-
dez-Rio et al., 2021). It is possible that during a time when many aspects 
of life were determined by external forces, the psychological disposition 
to believe that things are under one’s own control was beneficial in 
alleviating psychological distress. Health problems and higher perceived 
risk of infection at the outset of the pandemic were also associated with 
improvements in internalizing symptoms. It may be that those with 
pre-existing health problems and those who perceived themselves to be 
at higher risk at the outset of the pandemic took steps to prepare 
themselves for the progression of the pandemic, and may have adapted 
quickly to their changing circumstances, which in turn led to reduced 
internalizing symptoms. 

6. Limitations 

First, our sample was not a random probability sample, and it was 
not possible to determine the response rate at Wave 1, therefore, these 
findings may not generalise to the entire Irish population. Second, while 
we could reasonably represent internalizing symptoms, we did not 
measure other dimensions of psychopathology such as externalizing or 
thought disorder problems (Kotov et al., 2017). Thus, our findings 
simply relate to changes in one area of psychopathology. Third, our 
analytic approach allowed us to identify how the various predictor 
variables were associated with the starting point of each class, but not 
necessarily the slope of these classes. Further research will be necessary 
to better understand which variables are associated with specific points 
of change over time. Fourth, there was substantial attrition in the sample 
across waves and although this was managed using robust statistical 
methods, this bias cannot be entirely accounted for. Finally, these 
findings come from one, high-income Western European nation and 
therefore may not generalize to socially and culturally distinct nations. 

7. Conclusion 

Between March and December 2020, there was a small decline in 
symptoms of anxiety/depression/posttraumatic stress in the general 
adult population of Ireland. Furthermore, this study adds to a bur-
geoning literature that indicates that the vast majority of people in the 
general population have experienced either no change or an 

improvement in their mental health during the first year of the 
pandemic. Nonetheless, there is evidence that a small proportion of 
people have experienced a worsening of the mental health during the 
pandemic, and these people are more likely to be younger, living in a 
city, experiencing current or have past mental health problems, to have 
higher levels of empathy, and higher levels of loneliness. Identifying 
those in population with mental health problems during the COVID-19 
pandemic is a priority health policy for the Irish state (Health Service 
Executive, 2020), and these findings should aid in these efforts. 
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