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Introduction: We investigated whether initial risk classes and heterogeneous 

trajectories of self-compassion over the course of the pandemic may impact 

well-being outcomes 1 year into the pandemic.

Methods: A large, representative sample of Canadians (N = 3,613; 50.6% 

women) was sampled longitudinally over 11 waves (April 2020–April 2021), 

using a rolling cross-sectional survey design. Analyses were conducted in 

three steps: (1) latent class analysis to identify heterogeneity in risk factors 

(sociodemographic, cognitive-personality, health-related) early in the 

pandemic, (2) latent class growth analysis (LCGA) to identify longitudinal self-

compassion trajectories, and (3) GLM to examine effects of risk factor classes 

and self-compassion trajectories, as well as their interaction, on later well-

being (mental health, perceived control, life satisfaction).

Results and Discussion: Four risk factor classes emerged, with 50.9% of 

participants experiencing low risk, 14.3% experiencing multiple risks, 20.8% 

experiencing Cognitive-Personality and Health risks, and 14.0% experiencing 

sociodemographic and Cognitive-Personality risks. Four self-compassion 

trajectories also emerged, with 47.7% of participants experiencing moderate-

high self-compassion that decreased then stabilized, 32.0% experiencing 

moderate self-compassion that decreased then stabilized, 17.3% experiencing 

high and stable self-compassion across time, and 3.0% experiencing low and 

decreasing self-compassion. Comparisons of well-being outcomes 1 year 

post-pandemic indicated that higher levels of self-compassion over time may 

protect against the impact of initial risk on well-being outcomes. Further work 

is still needed on heterogeneity in experiences of risk and protective factors 

during stressful life events.
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Introduction

The recent coronavirus (COVID-19) has quickly spread across 
the globe since its initial emergence in December 2019. By August 
2021, 203 million confirmed cases of COVID-19 were reported 
globally, including 4.3 million deaths (Shahsavarinia et al., 2022). 
Although up to 60% of those admitted to hospitals for COVID-19 
symptoms report health improvements after discharge (Bagi et al., 
2021), the pandemic has also led to unprecedented economic, 
societal, and political challenges, impacting billions of people 
globally. As COVID-19 cases have risen, psychological distress 
related to COVID-19 has also increased due to fear of infection, 
social isolation, and overburdening of health care institutions 
(Mann et al., 2020; Mertens et al., 2020). In particular, the negative 
impacts of the pandemic on well-being, such as psychological 
distress, have been highlighted in several studies over the last 2 
years (e.g., Salari et al., 2020). However, key risk and protective 
factors that hinder or enhance coping with the challenges and 
repercussions of the pandemic are less known. Little is also known 
about individual heterogeneity in such risk and protective factors 
that may combine to result in better psychological outcomes. 
Thus, the present paper used 11 waves of data collected over the 
course of 12 months of the pandemic to identify profiles of risk 
factors and longitudinal trajectories of self-compassion that may 
predict well-being outcomes.

Well-being during the pandemic

Well-being can be defined as flourishing in terms of feelings 
and in functioning, including elements such as emotional stability 
and mental health, meaning and satisfaction in life, and self-
competence (Huppert and So, 2013). The current pandemic has 
negatively affected well-being, in particular psychological health. 
Limcaoco et al. (2020) have found that negative emotions were 
heightened in the general population during the pandemic across 
41 countries. In Hong Kong participants (Tso and Park, 2020), 
over 65% of survey respondents reported clinically elevated levels 
of depression, anxiety, and stress. Similarly, in Poland, over 65% 
of university students indicated mild to severe Generalized 
Anxiety Disorder symptoms (Rogowska et al., 2020). Particularly 
due to governmental mandates to reduce the spread of COVID-19 
(e.g., lockdowns, social distancing), decreased mental health has 
been found across demographic groups worldwide (see meta-
analysis by Sibley et al., 2020). In the same vein, the pandemic has 
also impacted another area of well-being: life satisfaction. 
Increased fear of COVID-19, for example, has been linked to less 
life satisfaction in several studies (e.g., Satici et al., 2020; Dymecka 
et al., 2021). Additionally, individuals in lockdown and quarantine 
have been found to perceive greater social isolation, and in turn, 
report poorer life satisfaction (Clair et  al., 2021; Clark and 
Lepinteur, 2021).

A less explored element of well-being in relation to the pandemic 
is perceived control. Perceived control describes the perception that 

one has the capacity to significantly influence events or outcomes in 
one’s life (Burger, 1989), thus fitting into the self-competence area of 
well-being (Huppert and So, 2013). Perceiving high levels of control 
is considered beneficial as it allows for confidence to positively cope 
in response to obstacles, including externally caused obstacles such 
as the pandemic (Seligman and Maier, 1967; Zheng et al., 2020). 
Indeed, research shows that perceptions of having greater control 
over oneself and one’s surroundings is related to less anxiety and 
better life satisfaction during the pandemic (Bidzan et al., 2020; 
Zheng et al., 2020). Overall, given their relevance to quality of life 
during the pandemic, in the present work, we focused on three well-
being factors: mental health, life satisfaction, and perceived control.

Risk factors

A number of risk factors have been identified in the literature 
as being associated with decreased psychological well-being during 
the COVID-19 pandemic. Broadly, some of the most researched 
risk factors include (a) sociodemographic factors, (b) cognitive or 
personality characteristics, and (c) health-related factors (Xiong 
et  al., 2020; Browning et  al., 2021). With regards to 
sociodemographic factors, less education, job loss during the 
pandemic, lower socioeconomic status, socioeconomic 
disadvantage, and being a parent have been identified as risk factors 
for decreased well-being (Lachman and Weaver, 1998; Russell et al., 
2020; Zhang et al., 2020; Clair et al., 2021; Fancourt et al., 2021; 
O’Connor et  al., 2021). Cognitive or personality characteristics 
associated with greater risk for lower well-being during the 
pandemic include low self-concept clarity, low group identity clarity, 
less trust in government, more worries about COVID-19, 
maladaptive personality traits (e.g., less openness and extraversion, 
more neuroticism), and feeling more lonely or isolated (Lee-Flynn 
et al., 2011; Greenaway et al., 2015; Fernández et al., 2020; González-
Sanguino et al., 2020; Vaswani et al., 2020; Alessandri et al., 2021; 
Clair et  al., 2021; Lee et  al., 2021; López-Núñez et  al., 2021; 
Shokrkon and Nicoladis, 2021). With regards to health-related 
factors, research has identified that less exercise and poorer sleep 
quality are related to poorer mental health and decreased well-being 
during and beyond the pandemic (Hertenstein et  al., 2019; 
Franceschini et al., 2020; Rogowska et al., 2020; Zhang et al., 2020; 
Ahammed et al., 2021; De Sousa et al., 2021). In the present study, 
we focused on these categories of identified risk factors in relation 
to the three above-identified elements of well-being (mental health, 
life satisfaction, perceived control). We additionally took a person-
centered approach (as seen in Tisseyre et al., 2021; described further 
below) to better understand how certain risk factors may co-occur 
in some individuals.

Self-compassion

In addition to risk factors, one key protective factor for 
maintaining high levels of well-being may be self-compassion. 
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Self-compassion has been defined as the ability to accept oneself 
or one’s suffering with a kind, warm, and non-judgmental attitude 
(Neff, 2003a), and can also be considered as compassionate self-
responding. It is thought that adopting a self-compassionate 
attitude toward one’s struggles may protect one’s psychological 
resources in a manner that allows for resilience (Beaumont et al., 
2016; Coyne et al., 2020). Studies conducted during the pandemic 
point to the protective effects of high levels of self-compassion on 
well-being outcomes (see Waters et  al., 2021). Higher self-
compassion has been shown to increase tolerance of uncertainty 
and fear related to the pandemic (Deniz, 2021) and buffer mental 
health symptoms related to the perceived threat of COVID-19 
(Lau et al., 2020) or its associated stressors such as its economic 
impact (Keng and Hwang, 2022). In a randomized controlled trial, 
Schnepper et al. (2020) found that 2 weeks of mobile-delivered 
self-compassion training during a pandemic lockdown reduced 
more stress in the test group compared to the control group that 
did not receive such training. It thus seems that people who 
maintain a highly self-compassionate stance during the pandemic 
may be better equipped to cope with related challenges, ultimately 
experiencing more well-being. To test this proposition, we focused 
on self-compassion trajectories over time during the pandemic 
and their relation to well-being. We thus used two different types 
of person-centered analyses in this study, which we describe in the 
next section.

Person-centered approach

We examined the roles of sociodemographic, cognitive/
personality, and health-related risk factors as well as self-
compassion across time using a person-centered framework. 
Although identifying specific single factors or additive multiple 
factors related to well-being outcomes during COVID is 
informative, another useful approach to understanding the 
relevance of these factors is through person-centered analyses. 
Person-centered analyses allow for identification of different 
unobserved subgroups of individuals in the broader sample based 
on observed factors of interest, thus unveiling heterogeneity with 
regards to a specific phenomenon (Nylund-Gibson and Choi, 
2018). Here, we used two types of person-centered analyses: latent 
class analysis (LCA) to identify subgroups of the sample that share 
initial risk factors (as in Lanza and Rhoades, 2013; Tisseyre et al., 
2021), and latent class growth analysis (LCGA) to identify 
subgroups of the sample that share similar patterns of change in 
self-compassion across the pandemic (Nagin, 1999; Berlin et al., 
2014). We were inspired by Nylund-Gibson et al. (2014), who used 
a latent transition mixture model, which uses a three-step 
procedure to parsimoniously test the person-level tendency to 
move from one class (in our case, risk class) to another (self-
compassion trajectory profile) as well as  the interaction effects on 
potential outcomes of membership in a specific class or profile.

Studies using person-centered approaches in the context of 
the pandemic have largely focused on heterogeneity in 

psychological well-being, particularly mental health, in the 
population. For example, despite the vast number of studies 
suggesting heightened mental health difficulties during the 
pandemic, Somé et al. (2022) found that only about one-quarter 
of their large sample of adults in Canada belonged to a profile of 
high mental health difficulties. Similarly, Sheeper (2022) found 
using LCA that over 50% of adults were well adjusted during the 
pandemic (high life satisfaction, low mental health difficulties), 
while only 11% were maladjusted on the same metrics. Trajectory 
analyses of pandemic-related outcomes have also been conducted, 
with loneliness shown to be heterogeneous in initial levels but 
stable across the pandemic (Bu et  al., 2020), and anxiety and 
depression decreasing across the pandemic across demographic 
groups, regardless of initial levels (Fancourt et al., 2021). While 
these patterns of heterogeneity suggest that only a limited 
proportion of the population experienced difficulties with well-
being during the pandemic, little is yet known about the risk and 
protective factors that may be associated with these outcomes. 
Further, existing studies on risk or protective factors have yet to 
attempt to predict well-being outcomes over time during 
the pandemic.

The present study

Thus, using these person-centered approaches, we aimed to 
distill heterogeneity in the risk factors and self-compassion 
trajectories that relate to mental health and well-being outcomes 
approximately 1 year into the pandemic. Given the protective role 
of self-compassion for well-being, we also assessed whether self-
compassion levels across time would buffer the impact of risk 
factors on outcomes for some subgroups of participants. We aimed 
to examine (1) how initial risk factors in socioeconomic, cognitive 
and personality, and health domains at the beginning of the 
pandemic vary across different subgroups of participants; (2) how 
longitudinal trajectories in self-compassion throughout the 
pandemic vary across profiles of participants, and (3) how the 
varying risk factor subgroups of participants and varying self-
compassion trajectories of participants differ on mental health, life 
satisfaction, and perceived control after 12 months of the 
pandemic. As part of aim (3), we examined the interaction of risk 
factor profiles and self-compassion trajectories on the three well-
being outcome variables so as to deduce whether self-compassion 
trajectories would be  protective against the negative effects of 
belonging to a particular risk factor profile at the beginning of the 
pandemic. Although specific hypotheses regarding model fit or 
number of classes are not typical in person-centered analyses 
(Nylund-Gibson and Choi, 2018), based on previous research, 
we expected that the relatively Low Risk class in the LCA and 
consistently high self-compassion trajectory profile in the LCGA 
would experience better well-being outcomes. Furthermore, 
we expected that those participants in the consistently high self-
compassion trajectory profile would be more resilient when facing 
any combination of risk factors.
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Methods

Participants

The sample comprised of 3,613 Canadian participants recruited 
through the polling firm Delvina from a representative web panel of 
over one-million Canadians. To be included in the study, participants 
were required to be over 18 years of age and have access to internet 
on their cell phone, tablet, or computer. Based on Statistics Canada 
data from 2016, 94% of Canadians have access to internet from 
home (Statistics Canada, 2016). All participants provided informed 
consent to participate in the study. Sample sizes varied at each time 
point, with partial retention of participants at each wave of data 
collection. In wave 1, the sample was representative of the national 
population on gender, age, and province of residence: the mean age 
was 47.65 years (SD = 17.01), 50.6% were women, 56.5% were 
employed, and the average household size was 2.41 persons 
(SD = 1.18). Further detail on the sample can be found in the study 
technical report by de la Sablonnière et al. (2020).

Procedures

All study procedures were approved by the ethics committee 
at the Université de Montréal. Longitudinal data were collected by 
the polling firm Delvinia over 11 waves, covering 12 months, 
beginning at the start of the pandemic in April 2020 and ending 
April 2021. We  implemented a rolling cross-sectional survey 
design (Johnston and Brady, 2002), which allows for dynamic 
analyses that capture real-time effects of events while lowering 
participant fatigue and ensuring representativeness of the sample. 
Our recruitment plan involved initial wave 1 contact with a large 
pool of respondents: a sample of 250 were drawn every day for 
14 days until at least 3,500 (sample size goal) participants were 
recruited. These same participants were then contacted again for 
10 additional waves, following the intervals identified in 
Supplementary Table 1. Surveys were delivered as an online link 
to be completed on cell phones, tablets, or computers through the 
Confirmit platform. Participants were given between 7 to 14 days 
depending on the wave to complete their survey, in order to 
ensure maximal re-participation in follow up waves and time for 
completion. Surveys were approximately 15 to 20 min long at any 
given wave. Participants were compensated using Delvinia’s point 
system, redeemable at a store of the participant’s choice. For the 
present study, participants were compensated with points worth 
$2.50 CAD per wave. Participants who failed to complete a survey 
in one wave were still invited to participate in subsequent waves, 
with missingness handled as described in the next section.

Planned missingness

In order to improve the validity of data collection, we relied 
on multi-form designs of planned missingness (for an overview, 

see Wu and Jia, 2021). Planned missing data designs allow 
researchers to collect incomplete data from participants by 
randomly assigning participants to have missing items on a 
survey. Following best practice procedures, we  used several 
different versions of the questionnaire for which each participant 
completed two-thirds of the total number of items. This multi-
form design is most useful for data collection using a large number 
of variables balancing time constraints and concerns about 
respondent burden and fatigue (Rhemtulla et  al., 2016). 
We implemented these designs to collect this large-scale sample 
and addressed missingness using full information maximum 
likelihood where possible.

Measures

Risk factors (wave 1, 2, or 3)
Risk factors were measured using a combination of existing 

measures and new single item measures tailored to the pandemic, 
as shown in Table 1. When available, risk factors measured at wave 
1 were included. If not available at wave 1, we included measures 
from wave 2 or 3.

All binary risk factors were coded as yes (1) or no (0) 
responses (e.g., having children). All continuous risk factors were 
initially assessed on a 10-point scale (e.g., maladaptive personality 
traits). For these continuous risk factors, participant responses 
were then transformed into binary data points. First, we calculated 
the frequencies of participant responses, then determined the 
proportion of the sample that would be considered high risk for 
that factor at the highest 25% (e.g., 25% of sample reporting lowest 
ratings of trust). Then, we transformed the participant responses 
into binary data points by using the highest 25% as a cutoff, 
assigning higher risk (value of 1) to participants that rated higher 
than cutoff and assigning lower risk (0) to participants that rated 
lower than cutoff. For example, if 3 was the cutoff value such that 
participants rating 1, 2, or 3 were considered high risk while those 
rating 4 or above were low risk, participant responses 3 or lower 
were transformed into 1 while those 4 and higher were 
transformed into 0. The one-quarter cutoff varied as a function of 
the item; some variable cutoffs consisted of more (e.g., 30%) or less 
(22%) than one-quarter based on the nearest whole participant 
response value. Due to the reverse scale for some items, with 
higher values indicating high risk for some risk factors and low 
risk for other risk factors, some risk factors listed in Table 1 are 
positively worded. For all risk factors, these binary codes were 
then used in the latent class analysis described below.

Self-compassion (waves 2 to 10)
We adapted three items from the General Self-Compassion 

Scale (Neff, 2003b) to assess the positive component of self-
compassion during the pandemic at waves 2 through 10 of data 
collection. At any given wave, participants responded to two of the 
three items, which included “When something painful happens to 
me related to the COVID-19 crisis, I try to take a balanced view 
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of the situation,” “when I feel inadequate in my reaction to the 
current COVID-19 crisis, I try to remind myself that feelings of 
inadequacy are shared by most people,” “when I do not like my 
own behavior during the current COVID-19 crisis, I  try to 
be understanding and patient with myself.” Items were rated on a 
10-point scale, with 1 indicating strong disagreement and 10 
indicating strong agreement. A mean self-compassion score at 
each wave was calculated by averaging the two items that were 
answered at that wave. Interitem consistency using McDonald’s ω 
(M = 76.1; Range = 0.68 to 0.80) and Cronbach’s α (M = 75.3; 
Range = 0.68 to 0.79) was satisfactory across waves.

Outcomes (wave 11)

Mental health

Participants completed a 6-item version of the Short 
Screening Scales for Non-Specific Psychological Distress (Kessler 

et al., 2002), which asked if participants felt nervous, hopeless, 
restless or fidgety, so depressed that nothing could cheer you up, 
that everything was an effort, and worthless in the past 30 days. 
Items were rated on a 5-point scale, with 1 indicating having the 
feeling all of the time, and 5 indicating having the feeling none 
of the time. Thus, higher scores were indicative of better mental 
health. Inter-item consistency as indicated by Cronbach’s α  
was 0.90.

Life satisfaction

Participants completed the Satisfaction with Life Scale 
(SWLS; Diener et  al., 1985), a 5-item measure (e.g., “I 
am satisfied with my life,” “in most ways my life is close to my 
ideal”). Items were rated on a 10-point scale, with 1 indicating 
strong disagreement and 10 indicating strong agreement. 
Inter-item consistency as indicated by Cronbach’s α was  
0.92.

TABLE 1 Risk factors and proportion of sample considered at risk.

Risk factor Sample item Wave % at risk Origin

Sociodemographic factors

Postsecondary education not completed - 1 19.6 -

Children under 18 in home How many people in your household are under 18 years old? 1 22.1 Created for study

Job loss during pandemic Have you lost your job as a result of the COVID-19 crisis? 2 15.7 Created for study

Economically impacted by pandemic Compared to before the COVID-19 pandemic, my 

economic situation has improved [or deteriorated].

1 21.5 de la Sablonnière et al. 

(2009, 2013)

Cognitive and personality factors

Low personal identity clarity I spend a lot of time wondering about what kind of person 

I really am.

2 24.1 Campbell et al. (1996)

Low collective identity clarity I spend a lot of time wondering about what kind of society 

[province] really is.

2 24.3 Usborne and Taylor 

(2010)

Low general trust Generally speaking, would you say that most people can 

be trusted or that you need to be very careful in dealing with 

people?

4 33.2 General Social Survey

Maladaptive personality traits How well do the following statements describe your 

personality? [Is reserved]

3 24.3 Rammstedt and John 

(2007)

Worry about virus spread How concerned are you about the following as they relate to 

the COVID-19 outbreak? [Getting very sick with the virus]

1 23.0 Montreal Behavioural 

Medicine Centre

High loneliness During the past week, because of the COVID-19 crisis, 

I often felt lonely.

1 29.4 Reynolds et al. (2008)

Health factors

Not exercising indoors Please indicate the number of times in the last week 

you engaged in each of the following activities. [Exercising 

indoors]

1 34.5 Fougeyrollas and 

Noreau (1998)

Not exercising outdoors Please indicate the number of times in the last week 

you engaged in each of the following activities. [Exercising 

outdoors]

1 33.2 Fougeyrollas and 

Noreau (1998)

Low sleep quality How would you describe the quality of your sleep during the 

last 24 h?

1 20.4 Created for study

Maladaptive personality traits as defined by the DSM-VI includes low extraversion, less agreeableness, and more neuroticism, which are considered maladaptive variants of the Big Five 
inventory (da Costa et al., 2018).
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Perceptions of control

Participants completed the Perceived Personal Control scale 
(Greenaway et al., 2013), a 3-item measure. Questions included “I 
feel in control of my life,” “I am free to live my life as I wish” and 
“my experiences in life are due to my own actions.” Items were 
rated on a 10-point scale, with 1 indicating strong disagreement 
and 10 indicating strong agreement. Inter-item consistency as 
indicated by Cronbach’s α was 0.70.

Data analysis

The data analytic plan is described below in three sections, 
outlining (1) the classes of risk factors identified in the sample 
at wave 1, 2 or 3, (2) the heterogeneous trajectories of self-
compassion found in the sample at waves 2 through 10, and (3) 
the direct and interaction effects of the risk factors and self-
compassion trajectories on well-being outcomes at wave 11. All 
statistical analyses were conducted using Mplus 7.0 and SPSS 
Statistics 27. Sampling weights were applied to all analyses in 
order to obtain results on a representative sample of the 
Canadian population. We relied on a design weight to correct 
identifiable demographic deviations from population 
characteristics (Mercer et al., 2018). The weighting process was 
conducted under the function “calibration” from the icarus 
package in R. We identified the best combination of calibration 
variables and retained the fitting model that minimized the 
average estimation error on a range of 13 external benchmark 
measurements based on data available from Statistics Canada. 
Calibrating with the “logit” method with respect to the variables 
minor in the household, province of residence, indigenous 
status and gender led to a reduction of 8.27% of estimation 
error. The resulting weights range from 0.10 to 3.80 with a mean 
of 1. A similar weighting process is also reported on in previous 
work by the author team (Ferrante et al., 2022). Although data 
was collected at the initial time point from 3,617 participants, 
four participants did not have sampling weights and were thus 
dropped from further analysis, resulting in our final sample size 
of N = 3,613.

Latent class analysis of risk factors
We conducted latent class analysis (LCA) to identify groups 

of individuals that may have similar initial risk factors. The 13 
risk factors described in Table 1 were used as indicators for class 
distinction. Between 2 to 6 class models were examined. The best 
fitting model was determined using the following criteria: (1) 
smallest Bayesian information criterion (BIC) and sample-size 
adjusted BIC (aBIC) values, (2) entropy value closest to 1.00, and 
(3) Vuong-Lo–Mendell–Rubin Likelihood Ratio Test (VLMR 
LRT) p-value showing significantly better likelihood at k (number 
of classes) model compared to the k-1 model (Nylund et al., 2007; 
Berlin et al., 2014). Class size was also considered for determining 
model fit, but no hard rule was imposed as the sample size was 
sufficiently large to handle smaller sized classes. Finally, the 

interpretability and meaningfulness of identified classes in each 
model was considered in guiding model selection. Once the best 
fitting model was chosen, classes were named based on relevant 
indicators present in the respective class. For all classes and 
profiles (below), results are presented in sample-size 
descending order.

Latent class growth analysis of 
self-compassion

We examined the profiles of self-compassion across waves 
2 to 10 of data collection during the pandemic using Latent 
Class Growth Analysis (LCGA). For LCGA, the length of time 
in weeks passed between waves of data varied across the nine 
waves, which was accounted for in the analyses by setting the 
times at 0.0, 0.2, 0.4, 0.6, 0.8, 1.2, 1.7, 2.2, and 3.1. Full 
Information Maximum Likelihood (FIML) estimation was 
used in Mplus version 8.8, and both linear and quadratic trends 
were tested, with all within-profile variances for these factors 
set at 0. Between 2 to 6 profile models were examined, and 
model fit was assessed using the same criteria as for LCA, by 
examining BIC, aBIC, entropy, VLMR LRT p-values, and 
profile sizes.

Generalized linear model (time 11 outcomes)
As a final step of analyses, we  examined the LCGA self-

compassion trajectory profiles that were present for each LCA risk 
factor class, and compared outcomes along the different class by 
profile groups in an interaction. Although Latent Transition 
Mixture Modeling (LTMM) using the three-step procedure (as 
described in Nylund-Gibson et al., 2014) would have been the 
optimal procedure for this analysis, this model did not converge in 
the present dataset due to proportions of samples represented in 
each class by profile group. Thus, we extracted the LCA risk factor 
classes and LCGA self-compassion profiles into SPSS to (1) 
examine the proportions of participants that were in each of the 
class by profile groups, and (2) test the class by profile group 
interactions in predicting the wave 11 well-being outcomes of 
perceived control, mental health, and life satisfaction. Due to 
unequal sample sizes and heterogeneity of variances across groups, 
we fitted several generalized linear models (GLM) with robust 
estimation, yielding Wald chi-square statistics for main (class: 4 
levels, profile: 4 levels) and interaction effects (4 classes x 4 profiles). 
GLM automatically drops participants with missing data from 
analyses. Bonferroni corrections were applied to pairwise 
comparison p-values, accounting for multiple comparisons.

Results

Profiles of risk factors

Model fit statistics for the 2 to 6 class solutions are depicted 
in Table 2. BIC and entropy mostly continued to increase with 
each added class, while aBIC was smallest at the 4 class 
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solution. VLMR LRT p-values indicated that examining 
heterogeneity in the sample was warranted, with the 2-class 
solution showing a significant p-value of <0.001. However, the 
VLMR LRT p-values were comparable across the 3- to 6-class 
solutions with p-values > 0.05. Based on aBIC and risk factor 
distinctions among the classes, we chose the 4-class solution 
for further examination.

Risk factor endorsement proportions by class for the 4-class 
solution are depicted in Table 3. Classes of risk factors were named 
based on the elevated risk factors strongly endorsed by participants 
in that class. Risk factors fell into three domains: SES, cognitive 
and personality, or health. The SES and Cognitive Risk class 
(12.2%) showed greater probability of socioeconomic status risk 
(children in home, economic impact of pandemic) and cognitive 
and personality risk (low identity clarity, maladaptive personality 
traits, and high loneliness). The SES and Health Risk class (13.5%) 
showed elevated probability of socioeconomic risk (low education, 

economic impact of pandemic) and health risk (low exercise). The 
Multiple Risk class (25.7%) showed elevated risk across all three 
risk categories of socioeconomic status (low education, children 
in home), cognitive and personality (personal identity clarity, high 
loneliness), and health (sleep problems). The Low Risk class 
consisted of approximately half of the sample (48.5%) and showed 
little elevated endorsement across the risk factor categories, 
although approximately half had children in the home.

Longitudinal profiles of self-compassion

Model fit statistics for the 2 to 6 profile solutions are depicted 
in Table 4. BIC and aBIC continued to decrease in size with each 
added profile. Entropy peaked at the 4 profile solution, and the 
VLMR LRT p-values were at least marginally significant (<0.10) 
for the 2 and 4 profile solution. We chose the 4 profile solution for 

TABLE 2 Model fit statistics for 2 to 6 class models.

Number of 
classes

BIC aBIC Entropy VLMR LRT (p) Smallest class (%)

2 39037.047 38951.254 0.312 0.002 33.2

3 39016.625 38886.348 0.489 0.574 11.8

4 39032.886 38858.124 0.446 0.788 14.0

5 39074.319 38855.071 0.517 0.780 2.3

6 39139.748 38876.015 0.582 0.760 2.2

TABLE 3 Item endorsement probabilities for each risk indicator by risk class.

Risk class

Multiple risk Cog-Pers and Health SES and Cog-pers Low risk

Socioeconomic status factors

High school education (max) 0.229 0.348 0.151 0.124

Children under 18 in home 0.533 0.355 0.611 0.473

Job loss during pandemic 0.627 0.100 0.000 0.098

Economically impacted by pandemic 0.568 0.197 0.064 0.159

Cognitive and personality factors

Low personal identity clarity 0.483 0.174 0.977 0.003

Low collective identity clarity 0.414 0.232 0.486 0.143

Low general trust 0.485 0.487 0.219 0.234

Maladaptive personality traits 0.416 0.289 0.450 0.145

Worry about virus spread 0.379 0.359 0.189 0.144

High loneliness 0.475 0.379 0.375 0.179

Health factors

Not exercising indoors 0.229 0.645 0.175 0.280

Not exercising outdoors 0.318 0.621 0.284 0.214

Low sleep quality 0.376 0.277 0.302 0.139

Overall IEP average 0.426 0.343 0.329 0.180

% of sample 14.3 20.8 14.0 50.9

IEP, Item endorsement probabilities. IEPs over 0.4 are bolded for ease of interpretation. Cog-Pers risk refers to cognitive and personality risk factors domain.
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further examination, and for model parsimony, set all 
nonsignificant parameter means to zero, which modestly 
improved both BIC (66256.230) and aBIC (66189.504).

The 4-profile solution after adjusting for model parsimony is 
depicted in Figure 1, and profiles were interpreted with consideration 
of growth factor estimates, depicted in Table  5. The high self-
compassion profile (17.3%) was marked by a high and stable level of 
self-compassion through waves 2 to 10. The moderately-high self-
compassion profile (47.7%) was marked by initially moderately-high 
self-compassion that decreased significantly and eventually stabilized 
across time. The moderate self-compassion profile (32.0%) was 
marked by initially moderate levels of self-compassion that decreased 
significantly and stabilized across time. Finally, the low self-
compassion profile (3.0%) was marked by initially low self-
compassion that decreased linearly across time.

Generalized linear models predicting 
well-being outcomes

Descriptive statistics for and correlation coefficients among 
the three wave 11 well-being outcomes are depicted in 
Supplementary Table 2. We conducted three GLMs with robust 
estimation and Bonferroni corrections for each of the three well-
being outcomes: perceived control, life satisfaction, and mental 
health. Crosstabs comparisons using chi-squares (χ2) showed 
significant differences in proportions of participants represented 
across cells, χ2(9) = 28.31, p < 0.001 (see Table 6). Comparisons of 
outcome variables are outlined in the next sections in the order of 
main effects by risk class and self-compassion trajectory profile, 
then interaction effects of class by profile. Wald χ2 statistics for all 
tests are presented in Table 7.

TABLE 4 Model fit statistics for 2 to 6 profile models.

Model solution BIC aBIC Entropy VLMR LRT (p) Smallest profile (%)

2 68171.497 68120.658 0.676 <0.001 46.1

3 66887.997 66824.448 0.705 0.101 15.5

4 66271.127 66194.869 0.715 0.083 3.0

5 66147.253 66058.286 0.666 0.615 1.5

6 66093.761 65992.083 0.672 0.421 1.7

FIGURE 1

Self-compassion trajectories, 4 profile solution.

TABLE 5 Estimates for self-compassion trajectory profiles.

High (17.3%) Moderately-high (47.7%) Moderate (32.0%) Low (3.0%)

Intercept 8.94* 7.42* 5.97* 3.83*

Slope 0.00 −0.21* −0.40* −0.39*

Quadratic 0.00 0.05* 0.10* 0.00

*p < 0.05. Non-significant parameters were set to zero for model parsimony.
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Main effects
Means of all variables by class and trajectory are presented 

in Table 8. All outcome variables were significantly different in 
mean levels across the four risk classes, all ps < 0.05. Post-hoc 
tests of differences between risk classes are depicted in Figure 2. 
Participants in the SES and Cognitive-Personality Risk class 
and Multiple Risk class reported significantly less perceptions 
of control, lower life satisfaction and more mental health 

difficulties compared to participants in the Low Risk class. Low 
Risk class reported higher levels of life satisfaction and less 
mental health difficulties compared to all other classes. Overall, 
the Low Risk class tended to show more positive outcomes and 
less negative outcomes at wave 11 compared to other 
risk classes.

Similarly, all outcome variables were significantly different in 
mean levels across the four self-compassion trajectory profiles, all 

TABLE 7 Wald χ2 tests for all main and interaction effects.

Main effect: Risk class Main effect: Self-compassion trajectory Interaction effect

Perceived control 39.04 118.57 47.54

Life satisfaction 68.81 55.62 21.99

Mental health 70.83 15.98 17.20

All Wald χ2 p-values < 0.05. Degrees of freedom = 3 for main effects, 9 for interaction effects. Outcome variables were correlated at rs ≤ 0.50, ps < 0.001 (see Supplementary Table 2).

TABLE 8 Means of outcome variables corresponding to main effects.

Perceived control Life satisfaction Mental health

M SD M SD M SD

Risk class

Multiple Risk 6.19 0.19 5.20 0.26 3.45 0.16

Cog-Pers and 

Health

6.52 0.13 5.70 0.20 3.82 0.08

SES and Cog-Pers 5.84 0.13 5.27 0.21 3.27 0.12

Low Risk 6.98 0.14 6.83 0.12 4.21 0.05

Self-compassion trajectory

High 7.43 0.17 6.63 0.21 3.84 0.09

Moderate-high 6.81 0.07 6.19 0.09 3.87 0.04

Moderate 5.89 0.09 5.43 0.11 3.64 0.05

Low 5.40 0.21 4.76 0.32 3.40 0.19

TABLE 6 Sample sizes across cells, risk class by self-compassion trajectory profile.

Self-compassion trajectories

High Moderately-high Moderate Low Total

Risk classes

Multiple risk 41a 157a 92a 12a 302

Cog-Pers and health 125a 287b 171ab 23ab 606

SES and Cog-Pers 32a 175b 144c 6abc 357

Low risk 329a 984a 528a 38b 1879

Total 527 1,603 935 79 3,144

Wave 11 data available (N = 1839)

Multiple risk 24 79 47 6† 156

Cog-Pers and health 77 173 90 16 356

SES and Cog-Pers 18 111 78 4† 211

Low risk 207 586 296 27 1,116

Total 326 949 511 53 1839

†This interaction group was eliminated and not considered for further analysis due to its small sample size. Shared subscripts in the same row denote trajectory profile ns for which 
proportions represented in the risk class do not differ significantly from one another at the p < 0.05 level.
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ps < 0.05. Post-hoc tests of differences between self-compassion 
trajectory profiles are depicted in Figure  3. Participants who 
reported high self-compassion across time reported higher 
perceived control compared to all other profiles. Participants in 
both the high and moderate-high profiles reported higher life 
satisfaction compared to those in the moderate and low profiles. 
For mental health, one significant difference was found: 
participants in the high self-compassion profile reported fewer 
mental health difficulties compared to those in the low profile. 
Overall, the high self-compassion trajectory profile tended to 
show more positive outcomes at wave 11 compared to other 
profiles, while the low self-compassion trajectory profile tended to 
fare worse than other profiles.

Interaction effects

The overall interaction effects of risk class by self-
compassion trajectory profile on all three outcome variables 
were significant, all ps < 0.05. Post-hoc tests of differences 
between trajectories within each risk class are depicted in 
Figure 4. Participants who belonged to the low self-compassion 
trajectory profile and Multiple Risk or SES and Cognitive-
Personality Risk classes was limited to fewer than 10 
participants, and as such the two cells were dropped from post-
hoc comparisons. All means with the exception of these two 
cells are depicted in Supplementary Table 3.

In terms of perceived control, having high self-compassion 
over time served a protective role in most risk classes: in the 
Cognitive-Personality and Health Risk, SES and Cognitive-
Personality Risk, and Low Risk classes, participants with relatively 
high self-compassion across time often reported higher perceived 
control compared to those from other self-compassion profiles. 
Even moderate-high self-compassion across time was protective: 
in the Cognitive-Personality and Health Risk, SES and Cognitive-
Personality Risk, and Low Risk classes, participants with 
moderate-high self-compassion reported higher perceived 
control compared to those with only moderate self-compassion. 
However, no differences arose between risk classes. For life 
satisfaction, an additive effect in the Low Risk class emerged. 
Those high or moderate high in self-compassion over time in the 
Low Risk class reported higher life satisfaction compared to those 
in the same class reporting moderate levels of self-compassion. 
Additionally, for life satisfaction in the Cognitive-Personality and 
Health Risk class, those in the high self-compassion profile 
reported better life satisfaction compared to those in the 
moderate self-compassion profile. However, for those in the 
Multiple Risk class, only having moderate-high self-compassion 
over time (but not high) was better for life satisfaction compared 
to the moderate self-compassion profile. No significant post-hoc 
interaction effects of self-compassion by risk class emerged for 
mental health.

A B

C

FIGURE 2

Main effects of risk class on wave 11 outcome variables of Perceived Control (A), Life Satisfaction (B), and Mental Health (C).
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FIGURE 3

Main effects of self-compassion trajectory profile on wave 11 outcome variables of Perceived Control (A), Life Satisfaction (B), and Mental  
Health (C).

A B

C

FIGURE 4

Interaction effects of risk class by self-compassion trajectory profile on wave 11 outcome variables of Perceived Control (A), Life Satisfaction (B), 
and Mental Health (C).
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Discussion

In the present work, we sought to examine heterogeneity in 
risk factors and self-compassion trajectories that may link to 
different well-being outcomes later on in the pandemic. With 
regards to risk factors, we identified four subgroups in our large, 
nationally representative sample. The Low Risk class consisted of 
just over 50% of participants, suggesting that most individuals 
faced relatively low levels of risk in the sociodemographic, 
cognitive, personality, or health domains that were examined in 
this study. Meanwhile, 14% of the sample showed heightened risk 
that cross-cut risk factor domains, 21% showed risks in cognitive 
or personality and health factors, and 14% showed risks in 
sociodemographic and cognitive or personality factors. The results 
point to overall heterogeneity in the risks people faced during the 
early stages of the pandemic.

Perhaps more importantly, in comparing these risk factor 
subgroups on selected outcomes in this study, we found some 
differences in the expected directions. Specifically, the Low Risk 
class of participants experienced better mental health, more life 
satisfaction, and higher perceived control compared to most 
other classes. Similar proportions of the population have been 
found to experience low mental health, social, and behavioral risk 
in other studies on COVID-19 (e.g., Curran et al., 2022; Goldstein 
et al., 2022; Liang et al., 2022). The results point to a potentially 
important role of key risk factors that occur in the higher risk 
classes that may set them up for greater impact of stressors such 
as the pandemic. For example, a closer examination of the IEPs 
indicates that participants in the Multiple Risk class were more 
likely to financially suffer from the pandemic (job loss, economic 
impact). It is possible that those economically impacted by 
COVID-19 may be particularly at risk for experiencing negative 
well-being outcomes, echoing previous work highlighting this 
risk factor during the pandemic (Wilson et al., 2020; Ruengorn 
et al., 2021). Alternatively, it is possible that specific combinations 
of elevated risk factors, such as high loneliness and general 
distrust (in the Cognitive-Personality and Health Risk class) or 
low identity clarity and maladaptive personality traits (in the SES 
and Cognitive-Personality Risk class) may create a constellation 
of risk factors that links to poorer well-being. Indeed, using this 
perspective, it appears that despite evidence suggesting that 
parents experienced heightened risk for mental health difficulties 
during the pandemic (e.g., Russell et al., 2020), our results show 
that it may be instead those parents who experience concurrent 
risk factors in the SES, cognitive, or health domains that are 
particularly at risk for negative well-being outcomes. Other 
research examining risk factors of pandemic-related mental 
health outcomes have similarly found that there is high 
combinatorial variability in risk factors experienced by 
individuals across populations (Pierce et  al., 2021; Curran 
et al., 2022).

In addition to heterogeneity in risk factors, we found that self-
compassion trajectories were variable within the sample, although 
the great majority of the sample showed moderately-high or 

moderate self-compassion profiles at the beginning of the 
pandemic. Echoing existing work on trajectories of worsening 
mental health and life satisfaction through the pandemic (e.g., 
Preetz et al., 2021), in these two trajectory profiles, self-compassion 
decreased across time and then stabilized. On the other hand, 
approximately 17% of the sample showed high, stable levels of 
self-compassion across time, indicating that about one-sixth of 
this nationally representative sample showed resilient kindness 
toward oneself even during pandemic-related challenges. 
Meanwhile, only 3% of our sample showed low and linearly 
decreasing self-compassion across time.

In comparing these self-compassion trajectory profiles on 
well-being outcomes, we  found differences in the expected 
directions. For perceived control and life satisfaction, participants 
in the high and stable self-compassion profile showed the most 
positive outcomes, while those in the low and decreasing self-
compassion profile showed the least positive outcomes, paralleling 
existing work examining self-compassion as a protective factor 
against mental health difficulties during the pandemic (Chi et al., 
2022; Liang et al., 2022). As may be expected, the moderate-high 
and moderate profiles fell between the high and low profiles, in 
sequentially decreasing order of positive outcomes. Although 
mental health outcomes did not differ extensively across profiles, 
a similar trend as above emerged, with the high, stable profile 
reporting modestly better mental health relative to other profiles. 
Similar to past work linking self-compassion with well-being 
during the pandemic (Lau et al., 2020; Keng and Hwang, 2022), 
our results point toward a buffering effect of self-compassion on 
psychological outcomes related to COVID-19.

The finding that one-sixth of our sample (17%) showed high 
and stable self-compassion is particularly important, as it suggests 
that some individuals are potentially equipped with the 
psychological resources to protect themselves from negative 
outcomes related to the pandemic. Indeed, in our interaction 
analyses, we found that those who maintained higher levels of 
self-compassion throughout the pandemic were likely to report 
higher perceived control across risk factor classes. These findings 
mirror previous studies demonstrating that higher self-
compassion is longitudinally linked to perceptions of greater 
control over stressful events (Chishima et al., 2018). Further, those 
who were Low Risk and had higher self-compassion reported 
more life satisfaction compared to those who were Low Risk but 
moderate in self-compassion, also echoing past work on the 
positive association between self-compassion and life satisfaction 
(Li et al., 2021), potentially due to increased hope that comes with 
self-compassion (Yang et al., 2016). Thus, even in for those at 
lower risk of experiencing the negative effects of the pandemic, the 
protective effects of self-compassion appeared to persist. Overall, 
these results show similar findings to previous research suggesting 
that self-compassion as a psychologically protective resource is 
beneficial even for community members at large who may not 
experience heightened risk for poor well-being (see meta-analysis 
on psychological health outcomes by Zessin et al., 2015). Taking a 
different perspective, it is also possible that those who did not 
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experience heightened economic, personal, and health-related 
difficulties during the pandemic may have been better prepared to 
take on the challenges of the pandemic, and thus were able to 
maintain high levels of self-compassion across time.

Overall, our findings point to heterogeneity in the 
population in risk factors and self-compassion levels that relate 
to different well-being outcomes. In particular, they highlight 
the important protective role of self-compassion during the 
pandemic, consistent with past work on self-compassion (e.g., 
Yang et al., 2016; Chishima et al., 2018; Li et al., 2021). Although 
interaction effects on mental health outcomes did not emerge 
in our study, we may expect based on previous research that 
better well-being outcomes should be  expected when self-
compassion is higher (Lau et al., 2020), even if risk factors are 
more pronounced. It is possible that our findings of null 
differences in mental health across risk classes by self-
compassion profiles may be due to the generally positive ratings 
of mental health in our particular sample (average rating of 4.1 
on a 5-pt scale).

Strengths, limitations, and future 
directions

As a large-scale study of a nationally representative sample of 
Canadians, this study provides important and valuable 
information on the well-being of Canadians and the mechanisms 
or risk factors underlying their outcomes. As such, the sampling 
and design of the study is a major strength of the paper. Another 
strength is the use of longitudinal methods. Although some 
existing works have examined short term changes in well-being 
and cognitions across the initial few months of the pandemic 
(e.g., Hiraoka and Tomoda, 2020), our study examined how 
Canadians fared since the initial months of the pandemic (April 
2020) up to and including a full year and 11 timepoints following 
baseline (April 2021). Additionally, by assessing a number of risk 
factors covering various domains using latent class analysis, our 
findings provide information on the relative risk of an array of 
cognitive, personality, sociodemographic, and health factors that 
may co-occur during times of heightened stress such as a 
pandemic. Indeed, a major strength of this paper is the use of 
data-driven analyses (see Nylund-Gibson and Choi, 2018), which 
allow for the investigation of individual variability in a given 
domain, and, particularly relevant to public health, proportions 
of the population that may be relatively more psychologically 
affected than others during dramatic events such as the 
global pandemic.

However, there are several limitations that should 
be considered in interpreting these findings. First and foremost, 
there is limited variety in the initial risk factors we examined in 
this study. In particular, in our deliberations on risk factors to 
include in the LCA, we excluded age, gender, and ethnoracial 
background as we did not wish to characterize these biological 
demographic factors associated with prejudices (-isms) as ‘risk’ 

factors. However, extensive literature indicates that younger and 
female individuals report significantly more difficulties related to 
the pandemic (Bidzan-Bluma et al., 2020; Rogowska et al., 2020), 
and including these characteristics may have resulted in different 
risk classes. Further, distinctions in different mental health 
outcomes were not made in our study, limiting specificity with 
regards to anxiety or depression symptoms. For example, recent 
work on mental health effects of the pandemic has shown that job 
security concerns are related to higher depression while general 
financial concerns are related to higher anxiety (Wilson et al., 
2020). Additionally, although our data were longitudinal, we had 
only self-reported data and limited number of items (e.g., two 
items per wave for self-compassion). Furthermore, although 
we aimed to recruit a nationally representative sample, our sample 
may still be biased. For example, the mean age of our sample was 
over 50 years by wave 11, though the mean age in Canada was 
reported to be  41.7 years in 2021 (Statistics Canada, 2021). 
Additionally to be untangled are the causal links between risk 
factors and self-compassion; that is, as earlier alluded, those who 
experience fewer risk factors may have fewer psychological 
stressors and thus experience higher and more stable self-
compassion. Finally, LCA and LCGA are data-driven approaches, 
and as such our results are highly dependent on the specific 
sample and data collected (Nylund-Gibson and Choi, 2018). Thus, 
the generalizability of our results may be  limited, particularly 
considering the variable retention rates across waves (as low as 
50.3%) and factors related to participant attrition that were not 
assessed in this particular study. However, our longitudinal results 
of the self-compassion trajectories were reproduced when 
analyzing only data from participants who had completed three 
or more waves, lending robustness to our findings.

Building on these limitations, future research may explore 
different mental health outcomes associated with these risk 
factors and self-compassion trajectories, including separately 
examining anxiety and depression symptoms, as well as exploring 
specific areas of difficulties such as eating disorders or substance 
use, both of which have increased drastically during the 
pandemic (Striley and Hoeflich, 2021; Taquet et  al., 2022). 
Additionally, although many of the variables in our study were 
required to be self-reported (e.g., self-compassion is theoretically 
only known by the respondent), future work involving 
observational or clinical assessments of mental health and health-
related risk factors such as sleep quality or length may be helpful 
to increase the validity of these results. Further, although our 
study was longitudinal, analyses were data-driven. Instead, 
examining the causal links that may connect different risk factors 
to well-being over time via self-compassion would provide an 
understanding of the mechanisms that underlie the link between 
risk factors and well-being. Finally, consideration of other risk 
factors, trajectories, or outcomes is warranted. For example, risk 
factors such as experiences with ethnoracial discrimination 
(Kaushal et al., 2022), stress related to parenting a child during 
school closures (Hiraoka and Tomoda, 2020; Adams et al., 2021), 
and loss of social support and social connection increased 
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dramatically during the pandemic (Lee et al., 2020), suggesting 
these life characteristics may also play important roles in how 
individuals coped with the pandemic and its impacts.

Implications and conclusion

In introducing the typologies of social change, de la 
Sablonnière (2017) proposes that dramatic social change 
occurs when rapid events lead to profound societal changes, 
rupturing stability in social structures and altering self-
identities. The pandemic is one such dramatic social change 
that has exerted a forceful and often damaging impact upon 
the daily lives of many people. Our findings highlight the 
protective role of self-compassion for alleviating the potentially 
detrimental mental health and well-being consequences of 
major life stressors such as the recent pandemic. These findings 
has clear implications for practice, emphasizing the strengths 
provided by self-compassion-based programs and 
interventions to aid individuals affected by life-changing 
events. In line with our findings and existing work on self-
compassion, in recent months, self-compassion-based 
interventions and preventive programs have gained 
considerable interest in applied settings (Waters et al., 2021). 
For example, a novel mobile-based self-compassion program 
for healthy eating behavior during the pandemic has found 
that self-compassion was successfully improved in participants 
after the program and aligned with further improvements in 
stress and healthy eating (Schnepper et al., 2020). Studies using 
self-compassion training in combination with other 
mindfulness-related programs have also provided initial 
evidence for the beneficial effects of self-compassion in 
improving well-being outcomes during the pandemic (e.g., 
González-García et  al., 2021). Thus, we  may expect that 
increasing self-compassion may be  beneficial for a large 
proportion of the population in terms of improving well-being 
outcomes during the pandemic, but also other major life 
stressors, providing a clear target of intervention for 
practitioners and clinicians.

Overall, the present work provides important insights on 
the risk and protective factors that may elevate or buffer the 
impact of the pandemic on individual emotional and cognitive 
well-being. In particular, this study points to the need to 
understand the complex interplay of risk and protective factors 
that together can inform the extent to which individuals may 
suffer in the face of chronic, global stressors such as the 
pandemic. Additionally, the findings highlight that there exist 
individual differences in the experiences of these factors that 
must be  considered when assessing well-being outcomes. 
Although the present findings are promising, particularly in 
light of the links between heightened self-compassion and well-
being outcomes, further work is yet needed to better 
disentangle the multifaceted roles of and individual 
heterogeneity in risk and protective factors that determine 
well-being.
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