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Abstract
The COVID-19 pandemic has massively changed people’s working lives all over the world. While various studies investigated 
the effects from pandemic-induced unemployment and telecommuting, there is a lack of research regarding the impact of 
workplace COVID-19 countermeasures on well-being and mental health for employees who are still working on site. Thus, 
the aim of the present study was to investigate the prevalence of workplace COVID-19 countermeasures in organizations 
in Luxembourg. A person-centered approach was applied in order to explore how employees’ psychological well-being and 
health (i.e., general psychological well-being, vigor, work satisfaction, work-related burnout, somatic complaints, fear of 
COVID-19 infection) are impacted by organizational countermeasures and whether there are certain employee groups that 
are less protected by these. Results of a latent class analysis revealed four different classes (Low level of countermeasures, 
Medium level of countermeasures, High level of countermeasures, High level of countermeasures low distance). Employ-
ees working in a healthcare setting were more likely than employees working in a non-healthcare setting to be members of 
the High level of countermeasures low distance class. Class membership was meaningfully associated with all well-being 
outcomes. Members of the High level of countermeasures class showed the highest level of well-being, whereas Members 
of the Low level of countermeasures class and the High level of countermeasures low distance class showed the lowest level 
of well-being. Policy makers and organizations are recommended to increase the level of COVID-19 countermeasures as an 
adjunctive strategy to prevent and mitigate adverse mental health and well-being outcomes during the COVID-19 pandemic.

Keywords Occupational health · Well-being · SARS-CoV-2 · Organizational COVID-19 countermeasures · Infection 
control

Introduction

The COVID-19 pandemic has massively changed people’s 
working lives all over the world. While some employees 
have lost their jobs due to the triggered economic crisis, 
others have started to telecommute in order to apply social 
distancing, and others still have to work on site for various 
reasons. Each of these groups may face different challenges 

and effects on personal health and well-being (e.g., Görlich 
& Stadelmann, 2020; Rudolph et al., 2021; Sinclair et al., 
2020). So far, some studies have investigated the effects 
of the pandemic induced unemployment on health and 
well-being (e.g., Berkowitz & Basu, 2021). Furthermore, 
research has examined the effects of telecommuting due to 
the pandemic on work characteristics and subsequent well-
being and perceived productivity (e.g., Carillo et al., 2020; 
Chang et al., 2021; Sischka & Steffgen, 2021a; Wang et al., 
2021). Moreover, the psychological effects of the COVID-
19 pandemic on employees’ mental health and well-being 
in general have been studied (e.g., Lovreglio et al., 2021; 
Meyer et al., 2021; Rathod et al., 2020). However, one might 
hypothesize that particularly the psychological health and 
well-being of employees who still have to work on site 
might be affected more intensively by the pandemic situation 
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compared to employees who are able to telecommute as on 
site workers are more at risk of getting infected.

The COVID‑19 pandemic and psychological 
well‑being/mental health in employees

The COVID-19 pandemic represents an extraorganiza-
tional stressor (Biggs et al., 2014) that differs from typical 
workplace stressors in terms of its scope, magnitude, and 
impact on employees (Lovreglio et al., 2021). Especially 
during the onset of the pandemic, because of the growing 
number of COVID-19 (death) cases, lack of knowledge 
of how to protect oneself, lack of specific medications, 
and extensive media coverage, individuals began worry-
ing about COVID-19 (Ahorsu et al., 2020; Arnetz et al., 
2020). This fear can be manifold and includes the fear of 
infection for oneself and one’s loved ones as well as the 
fear of transmitting the disease to others (including one’s 
co-workers). Fear can be viewed as an adaptive reaction to 
a perceived threat that promotes survival (Gullone, 2000). 
Indeed, fear of COVID-19 has been linked with increased 
safety behavior (e.g., social distancing) during the pan-
demic (Harper et al., 2021). However, fear can become 
dysfunctional and detrimental to well-being and mental 
health when it becomes excessive (Taylor, 2019). Indeed, 
fear of COVID-19 had been meta-analytically linked with 
ill-health, such as anxiety, stress, depression, and insomnia 
(Şimşir et al., 2022) that can translate into somatic com-
plaints (Lundberg et al., 1999). With regard to workplace, 
especially healthcare workers and other frontline work-
ers (i.e., workers with jobs that are seen as essential to 
maintain critical infrastructure which cannot feasibly be 
realized via telecommuting) have been discussed as occu-
pation groups that are at risk of an infection with COVID-
19 (Baker et al., 2020; Debus et al., 2021; Giorgi et al., 
2020; Laufs & Waseem, 2020; Nabe-Nielsen et al., 2021; 
Nguyen et al., 2020; Ravikumar, 2022; Rudolph et al., 
2021; Sasaki et al., 2020a; Sinclair et al., 2020) and, thus, 
are especially prone to fear of COVID-19 and impaired 
psychological health (e.g., Görlich & Stadelmann, 2020; 
Labrague & de Los Santos, 2021; Rathod et al., 2020; 
Rossi et al., 2020).

The role of COVID‑19 countermeasures 
in organizations

Individuals can engage in safety behavior to reduce the 
risk of getting infected (Harper et al., 2021). However, 
within an organization, not only the individual safety 
behavior but also the organizational countermeasures 
matter (e.g., Arnetz et al., 2020; Nabe-Nielsen et al., 
2021). For instance, organizations can ensure that 
employees get all relevant information about COVID-19 

and protective measures, that everyone at work wears a 
face mask, or that employees always have a minimum 
distance from other people (e.g., by providing enough 
workspace). These countermeasures, taken together, 
might form the employee’s perceived COVID-19-spe-
cific safety climate. Perceived safety climate is defined 
as “individual perceptions of policies, procedures, and 
practices relating to safety in the workplace” (Neal & 
Griffin, 2006, p. 946-947). A low perceived safety cli-
mate can lead to occupational stress with the effect of 
reduced physical and psychological well-being (Clarke, 
2010). Thus, enhancing the COVID-19-specific safety 
climate might be a successful means to reduce the fear of 
COVID-19 and to maintain employees’ mental health and 
well-being. Although implemented COVID-19 counter-
measures might reduce the negative effect of working on 
site on employee’s mental health and well-being as they 
might be perceived as reducing the risk of an infection, 
employers and occupational groups certainly differ in 
terms of protection through these countermeasures (e.g., 
Sinclair et al., 2021).

Studies that investigated COVID-19 countermeas-
ures (and its impact on psychological well-being) so far 
mainly focused on specific working groups, in particu-
lar healthcare workers (e.g., Arnetz et al., 2020; Firew 
et al., 2020; Havaei et al., 2021; Kim et al., 2021; Nabe-
Nielsen et al., 2021). Only a few studies in the Asian 
region have investigated the prevalence of workplace 
COVID-19 countermeasures in the general working 
population (Ishimaru et al., 2021; Nomura et al., 2020; 
Sasaki et al., 2021; Sasaki et al., 2020a, b, c; Wong et al., 
2020; Hu et al., 2021). Smaller organizations seem to 
have implemented less countermeasures (Ishimaru et al., 
2021; Sasaki et al., 2020b). Moreover, the number of 
countermeasures increased slightly over time (between 
March and May; Sasaki et al., 2021). Some studies inves-
tigated the prevalence of individual as well as social and 
political countermeasures over time and found some age-
effects (Nomura et al., 2020). Moreover, as one would 
expect, workplace countermeasures differ across occupa-
tion groups (Wong et al., 2020). For instance, ‘blue-col-
lar’ employees and employees working in the industrial 
sector reported more often that no COVID-19 counter-
measure was implemented in their organization. These 
groups showed also higher perceptions of being at risk 
of an infection (Wong et al., 2020). Moreover, a study 
showed that deep compliance with COVID-19 counter-
measures includes a four-stage psychological process 
that is underpinned by management safety practices and 
organizational crisis strategies (Hu et al., 2021).

With regard to mental health and well-being, Sasaki 
et  al. (2020c) found that the number of implemented 
COVID-19 countermeasures was negatively associated 
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with psychological distress and self-reported work per-
formance. Surprisingly, the number of countermeasures 
was positively associated with fear and worries about 
COVID-19. Sasaki et al (2020c) explained this finding 
with an increased awareness about COVID-19 that comes 
with the implementation of these measures. Furthermore, 
Uehara et al. (2021) showed that perceived workplace 
infection control efforts were negatively related with 
psychological distress.

Aim of the present study

This short literature overview points to important knowl-
edge gaps: All studies investigating the prevalence of 
countermeasures and their effects on mental health and 
well-being in a general working population were con-
ducted in the Asian region. Thus, we know little about 
implemented countermeasures and their effects on mental 
health and well-being in other regions. Moreover, most 
of the studies either investigated specific occupational 
groups or made use of convenience sampling and, thus, 
lack generalizability. Finally, the studies used a variable-
centered approach (e.g., number of COVID-19 counter-
measures) to investigate the association between counter-
measures and mental health and well-being. However, one 
might argue that the different countermeasures are not 
equivalent or interchangeable. Moreover, depending on 
the occupational context, different countermeasures might 
have been implemented. For instance, protective clothing 
might be especially relevant for healthcare workers but 
less so for service and sales workers. Thus, a person-cen-
tered approach (i.e., latent class analysis) might be more 
suitable to unravel a more fine-grained perspective on 
the topic. A person-centered approach investigates how 
variables combine within individuals, whereas a varia-
ble-centered approach investigates how variables operate 
separately between individuals (Wang & Hanges, 2011). 
Person-centered approaches consider the possibility that 
the sample might include multiple subpopulations that 
are characterized by different sets of parameters (Morin 
et al., 2018). Thus, these approaches capture sample het-
erogeneity that might stay undetected in variable-centered 
approaches (Wang & Hanges, 2011). Specifically, latent 
class analysis is able to identify distinct classes that vary 
in the absolute level of the indicators (quantitative differ-
ences) and in their shape (qualitative differences).

Failure to comply with COVID-19 countermeasures 
might endanger the health and well-being of employ-
ees, the viability of the business of the organization, and 
the general public health. Thus, utilizing a nationally 
representative sample, the aim of the present study was 
to investigate a) the prevalence of workplace COVID-
19 countermeasures in organizations in Luxembourg, b) 

whether there are certain employee groups that are less 
protected through organizational countermeasures and 
c) the impact of these countermeasures on psychological 
well-being and health. To this end, eight different organi-
zational COVID-19 countermeasures were assessed that 
were recommended by the World Health Organization 
at the onset of the pandemic (World Health Organiza-
tion, 2020). We used a person-centered approach (i.e., 
latent class analysis) to identify groups that differ regard-
ing COVID-19 countermeasures implemented by their 
organizations and groups that are less protected through 
these countermeasures. We investigated the following 
research questions.

Research question 1: Do distinct classes of COVID-19 
countermeasures exist that vary quantitatively (in level) 
and qualitatively (in shape)?
Research question 2: Do sociodemographic (i.e., gen-
der, age, education) and professional characteristics (i.e., 
occupation, organization size, working in the healthcare 
sector) differentiate COVID-19 countermeasure classes?
Research question 3: Do COVID-19 countermeasure 
classes relate differently to employee well-being (i.e., 
general psychological well-being, work-related burn-
out, vigor, work satisfaction, somatic complaints, fear of 
COVID-19 infection)?

Method

Data collection and survey design

The present study was conducted as part of a research 
project on the quality of work and its effects on health and 
well-being in Luxembourg (Steffgen et al., 2020). This 
project was implemented by the University of Luxem-
bourg in collaboration with the Luxembourg Chamber of 
Labor as an assessment over yearly waves since 2014. We 
used data from the survey 2020 (for details regarding the 
study see Sischka & Steffgen, 2021b). The Luxembour-
gish social security register was used to draw a stratified 
random sample of address data from Luxembourg’s work-
ing population (i.e., Luxembourgish residents and com-
muters from France, Belgium, and Germany).1 After data 
collection, a weighting variable was calculated that cali-
brated the sample distribution of the combined character-
istics of age, gender, and place of residence to known dis-
tributions in the population. The sample of address data 

1 Due to the experience from previous data collection waves that 
younger employees take part in the survey less often, these were dis-
proportionally oversampled (see Schütz & Thiele, 2020).
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included addresses from Luxembourg residents and com-
muters from Belgium, France, and Germany who received 
wages for working at least 10 hrs/week. The contacted 
employees then had the opportunity to participate in 
the survey via Computer-Assisted Telephone Interviews 
(CATI) or Computer-Assisted Web Interviews (CAWI). 
The survey was conducted according to the Declaration of 
Helsinki (i.e., voluntary participation, participants were 
free to withdraw their consent at any time throughout 
the interviews without negative consequences for them). 
Informed consent was obtained from all respondents prior 
to the start of the survey, either by clicking a box (CAWI) 
or verbally on the phone (CATI). Data were collected 
between 09.06.2020 and 05.10.2020. The survey ques-
tionnaire exists in five language versions: Luxembour-
gish, French, German, English, and Portuguese. For the 
translation of the questionnaire two translators had been 
used. After the initial translation the questionnaire was 
tested for comprehensibility and semantic meaning by 
five native speakers (on for each language version). They 
discussed and refined the translation and generated the 
final version of the questionnaire. All data reported in the 
present study are cross-sectional.

Participants

The initial sample consisted of 2,364 employees working 
in Luxembourg. Due to incomplete data (i.e., missing val-
ues on all COVID-19 protective measures or on permanent 
telecommuting status; n = 12), and because one respondent 
was underage (i.e., 17 years old), 0.5% of respondents had 
to be excluded from the analyses. Therefore, the effective 
sample consisted of 2,351 employees (41.4% females; n = 
973). The majority of employees resided in Luxembourg 
(54.9%, n = 1289), followed by France (23.2%, n = 545), 
Germany (11.1%, n = 260), and Belgium (10.9%, n = 256). 
The respondents’ ages ranged from 18 to 67 years (M = 
40.3, SD = 10.6). Almost half of the respondents had an 
academic degree. (49.0%, n = 1153). About 9.5% (n = 223) 
of the respondents worked in the healthcare sector. Accord-
ing to the International Standard Classification of Occupa-
tions (ISCO-08; International Labour Organization, 2012), 
most respondents worked in a profession (38.6%, n = 902) 
followed by technicians and associate professionals (22.1%, 
n = 517), craft and related trades workers (8.3%, n = 193), 
clerical support workers (8.1%, n = 190), service and sales 
workers (8.1%, n = 189), managers (6.9%, n = 161), plant 
and machine operators, and assemblers (3.7%, n = 85), ele-
mentary occupations (3.5%, n = 81), skilled agricultural, 
forestry and fishery workers (0.7%, n = 16), and armed 
forces (0.2%, n = 5). About 19.6% (n = 458) of the respond-
ents worked in organizations with 1-14 employees, 17.7% 
(n = 415) in organizations with 15-49 employees, 28.7% (n 

= 672) in organizations with 50-249 employees, and 34.0% 
(n = 796) in organizations with 250 and more employees. 
About 46.9% (n = 946) of the respondents reported that 
they began to telecommute at least partially because of the 
COVID-19 pandemic. However, the percentage of perma-
nent telecommuters (see definition below) was much lower 
(4.2%, n = 99).2

Measures

Latent class indicators

COVID‑19 countermeasures We asked for potential organi-
zational COVID-19 countermeasures that were recommend 
by the World Health Organization (2020) at the beginning 
of the spreading in Europe. Respondents got the follow-
ing instruction: “There are various measures available to 
employers in order to protect their employees from the 
coronavirus. To what extent do the following statements 
about COVID-19 protective measures apply to your organi-
sation?” This instruction was followed by the following 
items: (1) “My employer provides sufficient information 
about COVID-19 and protective measures.”, (2) “The nec-
essary minimum 2-metre distance from other people can 
always be guaranteed at work.”, (3) “The workspace is 
regularly disinfected (e.g., desk, telephone, keyboard).”, (4) 
“It is always possible to disinfect your hands.”, (5) “Areas 
where several people work together are well ventilated.”, (6) 
“Everyone wears a face mask at work.”, (7) “My employer 
provides protective clothing.”, (8) “My employer makes sure 
that employees are signed off sick even if they present only 
mild cold-like symptoms (e.g., light coughing, slight fever).” 
Responses were made on a 5-point scale (1 = to a very low 
extent; 5 = to a very large extent).

Permanent telecommuting Respondents were also asked 
how often they are working from home and how often they 
are working at their employer’s premises (e.g., office, fac-
tory, shop, school etc.) with five response categories (1 = 
every day; 2 = several times a week; 3 = several times a 
month; 4 = less often; 5 = never). Employees indicating that 
they worked from home every day or several times a week 
while at the same time indicating that they worked several 
times a month, less often or never at their employer’s loca-
tion were coded as permanent telecommuters (4.2%; n = 99).

2 The low percentage of permanent telecommuters might be due to 
the data collection time interval between 09.06.2020 and 05.10.2020. 
During that time interval – between the first and second wave of 
infections – the number of active infections was relatively low (see 
https:// covid 19. public. lu/ fr/ graph. html).

https://covid19.public.lu/fr/graph.html
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The organizational COVID-19 countermeasures were 
used as indicators for the latent class analysis and only non-
permanent telecommuters were included. However, perma-
nent telecommuting was added as an additional (manifest) 
class in subsequent analyses concerning antecedents and 
outcomes of class membership.

Predictors of latent class membership

We wanted to know whether there are gender, age, educa-
tion, and occupation differences regarding class member-
ship. Moreover, based on previous research (Ishimaru et al., 
2021; Sasaki et al., 2020a, b), we also considered organiza-
tion size and working in the healthcare sector as potential 
predictors of class membership. Thus, we included gender 
(0 = male, 1 = female), age (as continuous variable), organi-
zation size (1 = 1-14 employees, 2 = 15-49 employees, 3 = 
50-249 employees, 4 = 250 and more employees), educa-
tion (1 = ISCED 1-3 (primary education, lower and upper 
secondary education), 2 = ISCDED 4-5 (post-secondary 
non-tertiary education, short-cycle tertiary education), 3 = 
ISCED 6-8 (bachelor, master, doctoral or equivalent)), work-
ing in the healthcare sector (0 = no, 1 = yes), and occupation 
(1 = Managers, 2 = Professionals, 3 = Technicians, 4 = 
Clerical support workers, 5 = Service and sales workers, 6 
= Craft workers, 7 = Others)3 as predictors of latent class 
membership.

Outcomes of latent class membership

General psychological well‑being The five-item WHO-5 
Well-Being Index is a well-validated and psychometri-
cally sound brief general index of subjective psychological 
well-being (Topp et al., 2015; Sischka et al., 2020) with a 
response format ranging from 1 (= at no time) to 6 (= all of 
the time). A sample item is “Over the past two weeks I have 
felt cheerful and in good spirits.”

Work‑related burnout We used a six-item measure of work-
related burnout (Sischka & Steffgen, 2021b). A sample item 
is “How often is your work emotionally exhausting?”. The 
response scale is a 5-point Likert scale ranging from 1 (= 
never) to 5 (= almost always).

Vigor The three-item subscale of the Utrecht Work Engage-
ment Scale (Schaufeli et al., 2006) is characterized by high 
levels of energy and the willingness to invest effort in one’s 
work, even when it comes to difficulties and problems. A 

sample item is “At my work, I feel bursting with energy.” 
The response format ranges from 1 (= never) to 5 (= almost 
always).

Work satisfaction Work satisfaction was assessed with a 
three-item measure that assesses global judgment of work 
satisfaction (Sischka & Steffgen, 2021b). It evaluates an 
employee’s satisfaction with important work characteristics, 
such as work climate and work conditions. Higher scores 
imply that the employee is satisfied with her/his work. A 
sample item is “How satisfied are you at present with your 
work?”. Responses were made on a 5-point scale (1 = to a 
very low extent; 5 = to a very large extent).

Somatic complaints This seven-item index is concerned 
with physiological health problems (i.e., general health 
problems, headaches, heart problems, back problems, joint 
problems, stomach pain, sleeping problems). Higher scores 
signify that an employee faces somatic complaints. A sample 
item is “How often do you suffer from headaches?”. The 
response scale is a 5-point Likert scale ranging from 1 (= 
never) to 5 (= almost always).

Fear of COVID‑19 infection The fear of an infection was 
assessed with a single item: “How worried are you that you 
might catch COVID-19 in your current working situation?” 
Responses were made on a 5-point scale (1 = to a very low 
extent; 5 = to a very large extent).4

Statistical analysis

We started the latent class analysis (LCA) with a one-class 
model that estimates the observed indicator endorsement 
probability for the items and serves as a comparative base-
line model for models with more classes (Nylund-Gibson & 
Choi, 2018; Nylund et al., 2007). In a next step, the number 
of classes was increased, and it was evaluated whether these 
more complex models resulted in conceptually and statis-
tically superior solutions (Nylund-Gibson & Choi, 2018). 
To determine the number of classes we used the follow-
ing statistical criteria: Akaike’s information criterion (AIC; 
Akaike, 1987), consistent AIC (CAIC; Bozdogan, 1987), 
Bayesian information criterion (BIC; Schwarz, 1978), sam-
ple-size adjusted BIC (SABIC; Sclove, 1987), approximate 
weight of evidence (AWE; Banfield & Raftery, 1993), and 

3 Occupations with less than 100 respondents were summarized in 
Others.

4 Unfortunately, due to a programming error this item was only 
shown if respondents answered the previous question “How much 
has the crisis impacted on your professional situation?” with 1 = a 
great deal, 2 = quite a lot, and 3 = not a lot (85.8%, n = 2017), while 
respondents that chose the answer category 4 = not at all have not 
seen this item (14.2%, n = 333).
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the Lo-Mendell-Rubin likelihood ratio test (LMR-LRT; Lo 
et al., 2001). The ideal class solution should contain the 
smallest AIC, CAIC, BIC, SABIC, AWE, and a significant 
LMR-LRT statistic.5 However, it is not uncommon that the 
information criteria continue to decrease for each additional 
class added until no further class can be added due to iden-
tification issues (Masyn, 2013; Nylund-Gibson & Choi, 
2018), thus, there exists no global minimum. In such cases, 
one can explore the diminishing gains in model fit with an 
“elbow plot” (Masyn, 2013; Nylund-Gibson & Choi, 2018). 
Moreover, we used Bayes factors (BF) as a pairwise com-
parison of fit between two neighboring class models, where 
1 < BF < 3 indicates weak evidence for the model with 
less classes, 3 < BF < 20 positive evidence, 20 < BF < 150 
strong evidence, and BF > 150 very strong support (Raft-
ery, 1995). Finally, we calculated the approximate correct 
model probability (cmP) that allows relative comparison of 
all models considered, while assuming that the true model is 
among them (Masyn, 2013; Nylund-Gibson & Choi, 2018).

Because fit indices often point to different solutions, it is rec-
ommended to jointly consider statistical fit indices, substantive 
interpretability and utility, as well as classification diagnostics to 
determine the number of classes (Masyn, 2013; Nylund-Gibson 
& Choi, 2018). Moreover, classes should not be redundant and 
relative class size should not be too small (e.g., less than 5% 
of the sample; Nylund-Gibson & Choi, 2018) as this indicates 
class overextraction (Masyn, 2013). After the selection of a final 
model, we created a conditional distribution and profile plot6. We 
also calculated entropy (Celeux & Soromenho, 1996) as an index 
of the overall precision of classification, where values above .80 
indicate good classification (Clark & Muthén, 2009). Moreo-
ver, average posterior probabilities (AvePP) were calculated that 
enable evaluation of the specific classification uncertainty for 
each latent class (Masyn, 2013). As a rule of thumb, all AvePP 
values should be at least .70 (Nagin, 2005). The COVID-19 
countermeasure items were treated as ordinal indicators. The 
robust maximum likelihood estimator (MLR) in conjunction with 
Full Information Maximum Likelihood (FIML; Enders, 2010) to 
handle missing data was used. Moreover, LCAs were estimated 
with 5,000 random start values, allowed 1,000 iterations each, 
and retaining the 200 best solutions for final optimization to avoid 
converging on a local maximum (Hipp & Bauer, 2006).

To explore the relationships between the latent categorical 
variable and the other variables (i.e., demographic variables as 

predictors, well-being variables as outcomes), we followed the 
recommended three-step procedure (Asparouhov & Muthén, 
2014; Nylund-Gibson et al., 2014; Vermunt, 2010). First, the 
best-fitting latent class model is identified, using only the latent 
class indicators. Second, the most likely class membership is 
obtained based upon the posterior distribution from the latent 
class model identified in the first step. Third, auxiliary vari-
ables (i.e., predictors, outcomes) are linked to the classes from 
the best-fitting latent class model, taking the potential misclas-
sification in the second step into account. We conducted sepa-
rate analyses to test class antecedents and outcomes (Lanza 
et al., 2013). A multinomial logistic regression was applied 
to test whether predictor variables change the probability that 
a person belongs to one class or another. For ease of inter-
pretation, we also calculated odds ratios (OR) that reflect the 
change in likelihood of being a member of a target class ver-
sus a comparison class when the predictor variable increases 
by one unit. Furthermore, we examined latent class effects by 
estimating the class-specific mean and variance for each out-
come and then conducting pairwise class comparisons. For the 
outcomes, we applied confirmatory factor analysis (CFA) with 
robust weight least square estimator (WLSMV) to account for 
the ordered-categorical nature of the indicators (Finney & DiS-
tefano, 2013). The calculated factor scores (with M = 0 and 
SD = 1) from these CFAs were used as outcome variables for 
the structural LCA model (fit indices are reported in the online 
supplement, Table A1). Then it was determined whether latent 
classes display statistically significant mean-level differences 
in the outcome variables. The Benjamini-Hochberg (1995) 
adjustment was employed to control for multiple testing. We 
calculated categorical omega (ωC) with 95% confidence inter-
vals obtained via the bias-corrected and accelerated bootstrap-
ping approach (10,000 bootstrap samples) to get an estimate 
(along with its precision) of the internal consistency of our 
implemented scales (Kelley & Pornprasertmanit, 2016). Mplus 
Version 8.8 (Muthén & Muthén, 1998-2017) and R version 
4.1.3 (R Core Team, 2022) were used for the data analyses.

Results

Latent class solutions

Table 1 shows the fit indices associated with the different LCA 
solutions including 1 to 7 classes whereas Figure 1 displays 
the elbow plots of these indices. The indices did not converge 
on a single solution. The AWS and the LMR-LRT indicated a 
3-class solution. On the other hand, the BIC as well as the BF 
and cmP clearly favored a 6-class solution. The AIC, CAIC 
and SABIC failed to converge on any specific solution. How-
ever, examination of Figure 1 suggests diminishing gains in 
model fit and a flattening out in the decrease of information 6 Profile plots are usually used for continuous class indicators but are 

also useful for ordinal class indicators (Oberski, 2016).

5 The calculation of the Bootstrap likelihood ratio test (BLRT; 
McLachlan & Peel, 2000) that is also recommended to determine the 
number of classes (Nylund et al., 2007) is currently not supported in 
combination with survey weights within Mplus.
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criteria values and the log-likelihood located around the 
3-class solution. Thus, we examined the 3- to 7-class solutions 
more comprehensively. Comparing the 3-class with the 4-class 
solution, the 4-class solution was an expanded version of the 

3-class model, as the previous three classes appeared almost 
unchanged in the 4-class solution and the added class was sub-
stantially different compared to the other classes. Comparing 
the 4-class solution with the 5- to 7-class solution, the added 
classes were not substantially different and showed mainly dif-
ferences in the absolute level of the indicators (quantitative dif-
ferences) but not in their shape (qualitative differences). Thus, 
we decided to retain the 4-class solution with an entropy of 
.809. Table 2 shows that the 4-class solutions had a high level 
of classification accuracy (AvePP) of participants into their 
most likely class, ranging from .850 to .918.

Figure 2 displays the conditional distributions of the items 
and the profile plot of each class. Members of the first class 
experienced the lowest levels of countermeasures (M ranged 
between 1.99 and 3.89), and thus, were labeled as Low 
level of countermeasures class. The second class describes 
employees who showed medium levels of countermeasures 

Table 1  Latent class analysis models fit statistics

k: number of classes, LL log-likelihood, #FP Number of free parameters, Scaling Scaling factor associated with MLR loglikelihood estimates, 
AIC Akaike information criterion, CAIC Consistent AIC, BIC Bayesian information criterion, SABIC Sample-size adjusted BIC, AWE Approxi-
mate weight of evidence, BF Bayes factor, cmP Approximate correct model probability, LMR-LRT Adjusted Lo-Mendel-Rubin likelihood ratio 
test. Bolded values indicate best fit for each respective statistic

k LL #FP Scaling AIC CAIC BIC SABIC AWE LMR-LRT (p) BF cmP Entropy

1 -24409.318 32 2.000 48882.635 48883.580 49065.888 48964.218 49409.142 NA 0.000 0.000 NA
2 -22701.662 65 1.962 45533.324 45537.220 45905.557 45699.041 46602.789 0.000 0.000 0.000 0.810
3 -22104.333 98 1.967 44404.667 44413.613 44965.879 44654.516 46017.090 0.000 0.000 0.000 0.795
4 -21916.712 131 1.949 44095.424 44111.615 44845.615 44429.406 46250.807 0.695 0.000 0.000 0.809
5 -21754.983 164 1.960 43837.965 43863.700 44777.137 44256.080 46536.308 0.766 0.019 0.019 0.758
6 -21623.551 197 2.005 43641.103 43678.790 44769.254 44143.351 46882.404 0.760 >150.000 0.981 0.758
7 -21531.882 230 1.959 43523.763 43575.928 44840.894 44110.144 47308.025 0.809 NA 0.000 0.765

Fig. 1  Plot of information criterion and Log-likelihood values. Note. The AIC and CAIC lines in plot A are overlapping

Table 2  Posterior classification probabilities for most likely latent 
class membership (Row) by latent class (Column)

Values indicate probabilities of most likely class membership (col-
umn) by latent class modal assignment (row). Bolded values indicate 
average posterior probabilities (AvePP)

Class 1 2 3 4

(1) Low level of countermeasures .896 .084 .006 .014
(2) Medium level of countermeasures .038 .886 .054 .022
(3) High level of countermeasures .002 .054 .918 .026
(4) High level of countermeasures low 

distance
.022 .057 .072 .850
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compared to class 2 and 3 (M ranged between 2.80 and 
4.48), and thus were labeled Medium level of countermeas-
ures class, accordingly. The third class describes employees 
who showed high levels on all COVID-19 countermeasures 
(M ranged between 3.21 and 4.98) labeled as High level 
of countermeasures class. Finally, the fourth class encom-
passed employees who experienced a high level of COVID-
19 countermeasures except for minimum distance (M ranged 

between 1.87 and 4.91) labeled as High level of counter-
measures low distance class.7

Based on most likely latent class membership, 20.1% (n 
= 472) of the employees were members of the Low level of 
countermeasures (1) class, 32.7% (n = 769) members of the 
Medium level of countermeasures (2) class, 30.4% (n = 716) 
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Fig. 2  Conditional item distribution (A) and profile plot (B)

Table 3  Class descriptives

These class descriptives are based on the most likely latent class membership

Class n Gender (% 
female)

Age
M (SD)

Orga. Size (%) 
1-14 employees/ 
15-49 employees/ 
50-249 employees/
250+ employees

Education (%) 
ISCED 1/ 
ISCED 2/
ISCED 3

Healthcare 
setting (%)

Occupation (%) 
Manager/ 
Technicians/ 
Clerical support workers/ 
Service and sales / workers 
Craft workers /
Others

Low level (Class 1) 472 41.7 38.1 (10.6) 20.6/24.1/28.1/27.3 40.9/14.8/44.3 3.7 3.1/39.4/18.5/ 8.6/ 7.1/14.7/ 8.6
Medium level (Class 2) 769 40.1 41.2 (10.3) 15.9/18.3/30.2/35.7 31.3/14.4/54.2 6.8 8.9/39.4/21.9/11.8/ 5.3/ 6.0/ 6.6
High level (Class 3) 716 39.8 41.5 (10.5) 21.8/13.2/27.5/37.4 36.5/10.6/53.0 8.4 8.1/42.2/23.0/ 6.6/ 6.3/ 6.3/ 7.5
High level low distance (Class 4) 296 52.1 38.2 (11.2) 23.6/18.6/30.7/27.1 61.8/17.4/20.8 31.6 3.0/16.7/28.1/ 2.7/23.7/11.2/14.6
Permanent telecommuting 

(Class 5)
99 28.4 40.4 (9.8) 15.1/12.9/23.7/48.3 8.3/ 4.1/87.5 0.4 12.0/67.9/15.9/ 4.2/0/0/0

7 Class 4 (High level of countermeasures low distance) was the 
added class between the 3-class and the 4-class solution.
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members of the High level of countermeasures (3) class, 
12.6% (n = 296) members of the High level of countermeas-
ures low distance (4) class, and 4.2% (n = 99) members of 
the (manifest) permanent telecommuting (5) class.

Predictors of class membership

In addition to the four identified latent classes, the group 
of permanent telecommuters was included in the analy-
sis as manifest class. Table 3 shows the distribution of 
gender, age, organization size, education, working in the 
healthcare setting and occupation across classes. Table 4 
shows the associations between the various classes and 
the predictors considered in the present study. Gender 
was unrelated to the likelihood of membership in any of 
the classes. Age was associated with a decreased likeli-
hood of membership in the High level of countermeas-
ures low distance (4) and Low level of countermeasures 
(1) classes relative to the Medium level of countermeas-
ures (2) class. Furthermore, age was associated with an 
increased likelihood of membership in the High level 
of countermeasures (3) class relative to the High level 
of countermeasures low distance (4) class. Moreo-
ver, age was associated with a decreased likelihood of 
membership in the Low level of countermeasures (1) 
class relative to the High level of countermeasures (3) 
class. Employees working in organization with 15-49 
employees were less likely than employees working in 
organization with 1-14 employees to be members of the 
High level of countermeasures (3) class relative to the 
Medium level of countermeasures (2) class. Employees 
working in organization with 15-49 employees were 
more likely than employees working in organization 
with 1-14 employees to be members of the Low level 
of countermeasures (1) class relative to the High level 
of countermeasures (3) class. Employees in the highest 
educational group were less likely than employees in the 
lowest educational group to be members of High level 
of countermeasures low distance (4) class relative to the 
Medium level of countermeasures (2) class. Furthermore, 
they were more likely to be members of High level of 
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countermeasures (2), High level of countermeasures (3), 
or permanent telecommuting (5) classes, relative to the 
High level of countermeasures low distance (4) class. 
Furthermore, employees working in a healthcare setting 
were less likely than employees working in a non-health-
care setting to be members of the permanent telecom-
muting (5) class, relative to all other classes. Service and 
sales workers were more likely than employees work-
ing as professionals to be members of the High level of 
countermeasures low distance (4) and less likely to be 
members of the permanent telecommuting (5) class rela-
tive to all other classes. Clerical support workers were 
less likely than employees working as professionals to 
be members of the High level of countermeasures (3) 
and permanent telecommuting (5) classes relative to the 
Medium level of countermeasures (2) class. Managers 
were less likely than employees working as professionals 
to be members of the Low level of countermeasures (1) 
class relative to the Medium level of countermeasures (2) 
class. Especially service and sales workers, craft workers 
and employees in other occupations were less likely to 
be members of the permanent telecommuting (5) class, 
relative to all other classes.

Outcomes of class membership

The associations between the different classes and the 
outcome variables are displayed in Table 5 (for a quick 
graphical overview see Figure A1 and A2 in the online 
supplement). The reliabilities of the outcome measures 
ranged between .74 and .91 (see Table 5 first column). 
On average, members of the High level of countermeas-
ures (3) class showed the highest level of well-being 
(i.e., highest mean on general psychological well-being, 
vigor, and work satisfaction and lowest mean on work-
related burnout, somatic complaints, and second low-
est mean on fear of COVID-19 infection), followed by 
the members of the permanent telecommuting (5) and 
Medium level of countermeasures (2) classes. Mem-
bers of the permanent telecommuting (5) class could 
not be differentiated from members of the Medium 
level of countermeasures (2) class with regard to gen-
eral psychological well-being, work-related burnout, 
vigor, and work satisfaction. However, members of the 
permanent telecommuting (5) class showed lower lev-
els of somatic complaints and lower fear of COVID-19 
infection compared to members of the Medium level of 
countermeasures (2) class. Members of the Low level 
of countermeasures (1) and High level of countermeas-
ures low distance (4) classes showed the lowest levels 
of well-being (i.e., lowest means on general psychologi-
cal well-being, vigor, and work satisfaction and highest 
means on work-related burnout, somatic complaints, and 

fear of COVID-19 infection). Members of the Low level 
of countermeasures (1) class showed a higher level of 
work-related burnout and lower work satisfaction than 
members of the High level of countermeasures low dis-
tance (4) class.

Discussion

Our results revealed four latent classes with regard to 
organizational COVID-19 countermeasures. Whereas the 
classes 1, 2, and 3 (Low level of countermeasures, Medium 
level of countermeasures, High level of countermeasures, 
respectively) particularly present differences in the abso-
lute level of the indicators (quantitative differences), class 
4 (High level of countermeasures low distance) is qualita-
tively different from the other classes. On one hand, as one 
would expect, the classes 1, 2, and 3 showed a clear ranking 
regarding the different well-being outcomes, with members 
of class 3 (High level of countermeasures) showing the high-
est level of well-being and members of class 1 (Low level 
of countermeasures) yielding the lowest level of well-being 
in terms of general psychological well-being, vigor, work 
satisfaction, work-related burnout, somatic complaints, and 
fear of COVID-19 infection. On the other hand, despite the 
high level on most countermeasures (except minimum dis-
tance), members of class 4 (High level of countermeasures 
low distance) showed similarly low levels of well-being as 
members of class 1 (Low level of countermeasures). This 
might be explained by the fact that this class showed a pro-
file of countermeasures that is typically faced by employees 
working in the healthcare setting where wearing face masks 
and protective clothing is obligatory. Indeed, employees 
working in the healthcare setting were far more likely to 
be members of class 4 (High level of countermeasures low 
distance) relative to all other classes (odds ratios between 
11.765 and 250)8. These employees are generally more at 
risk of getting an infection as they face higher levels of expo-
sure to infected individuals due to work demands (Nguyen 
et al., 2020). Moreover, it has been shown that the current 
COVID-19 pandemic has a pervasive and profound impact 
on the mental health and well-being of healthcare workers 
(e.g., Busch et al., 2021).

The present study showed that the working situation and 
workplace safety in terms of COVID-19 countermeasures 
is related to mental health and well-being outcomes. Low 
levels of countermeasures are related to low levels of mental 
health and well-being. This finding is in line with previous 
studies showing that the COVID-19 countermeasures are 

8 In Table 4 the odds ratios are displayed with High level of counter-
measures low distance as reference class. Thus, we reported here the 
inverse values (i.e., 1/0.085 and 1/0.004) for ease of interpretation.
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associated with reduced psychological distress (Sasaki et al., 
2020c). Somewhat contrary to Sasaki et al. (2020c) we found 
that classes with higher levels of COVID-19 countermeas-
ures yielded lower fear of COVID-19 infection (with the 
exception of the High level of countermeasures low distance 
class). This might be explained by the fact that Sasaki et al. 
(2020c) implemented a variable-centered approach (i.e., 
number of COVID-19 countermeasures). As our results 
revealed, this approach might be less suitable as the differ-
ent countermeasures are not equivalent or interchangeable.9 
Additionally, this result might be influenced by the time 
of data collection (that was between March 19-22, 2020), 
where the pandemic was in an early stage and implementing 
theses countermeasures raised awareness, and, thus, fear in 
the employees. Moreover, our results are also in line with 
results from studies that investigated the effect of COVID-
19 countermeasures on well-being and mental health within 
specific occupation groups (Arnetz et al., 2020; Havaei et al., 
2021). However, the person-centered approach in the current 
study revealed that employees do not only differ regarding 
the absolute level of the countermeasures but also regarding 
qualitative differences, thus, making the number of counter-
measures a limited approach to investigate the relationship 
between countermeasures and well-being and mental health.

Implications

The COVID-19 pandemic and the global reaction to it has 
reinforced past inequalities while at the same time also 
creating new ones. Inequalities emerge in terms of health 
(Abedi et al., 2020; Gibson et al., 2021), job satisfaction, 
and productivity (Feng & Savani, 2020), as well as job 
and income loss (Witteveen & Velthorst, 2020). The pre-
sent study showed that inequalities also emerge in terms of 
access to organizational COVID-19 countermeasures and 
related mental health and well-being. Policy makers and 
organizations should implement COVID-19 countermeas-
ures more comprehensively as a strategy to prevent and 
mitigate adverse mental health and well-being outcomes 
during the COVID-19 pandemic. One fifth (20.1%) of the 

employees were members of the Low level of countermeas-
ures class that had means on many countermeasures below 
3 (which equals the response category to a medium extent). 
These employees suffered the most in terms of psychologi-
cal health and well-being. Thus, organizations should either 
try to facilitate permanent telecommuting or, if not possible, 
increase safety measures at work, particularly, social distanc-
ing. More globally, organizations might consider implement-
ing safety climate interventions to increase the overall safety 
level (Lee et al., 2019). Either way, organizations play a 
crucial role during the COVID-19-related changes in work-
place practices to maintain psychological safety (Lee, 2021).

Study strengths and limitations

The strength of the study is the large sample that is nation-
ally representative in terms of the Luxembourgish workforce. 
However, some limitations of the current study warrant con-
sideration. First, a cross-sectional design was implemented, 
precluding a causal interpretation between the COVID-19 
countermeasure classes and well-being. Although reversed 
causation seems unlikely, it has to be noted that important 
covariates of well-being, i.e., work related stressors such 
as mental strain (Steffgen et al., 2015), emotional demands 
(Hülsheger & Schewe, 2011), or workplace mobbing (Sis-
chka et al., 2021) that also might have increased with the 
pandemic, were not adjusted and, thus, might have con-
founded the results (MacKinnon et al., 2000). Second, only 
self-reported measures were employed, possibly contaminat-
ing associations with common method variance (Podsakoff 
et al., 2012). Third, self-reports on countermeasures might 
only be regarded as rough indicators of the actual workplace 
safety situation. Finally, data collection was conducted dur-
ing a time interval where the number of active infections 
was relatively low. It is conceivable that the COVID-19 
prevalence at different stages of the pandemic might mod-
erate the reported associations. Following this notion, one 
might argue that the association between COVID-19 coun-
termeasures and well-being as well as mental health would 
be more pronounced at stages with higher numbers of active 
infections.

Conclusion

The working situation and workplace safety in terms of 
COVID-19 countermeasures is directly related to mental 
health and well-being outcomes. Employees who have to 
work under a low level of countermeasures are especially at 
risk of reduced mental health and well-being. On the other 
hand, employees who work in organizations with a high level 

9 As a control analysis, we calculated the mean for the different 
COVID-19 countermeasures. Members of the High level of counter-
measures (3) class had the highest values (M = 3.41; 95% CI [3.38; 
3.44], SD = 0.40), followed by members of High level of counter-
measures low distance (4) (M = 3.03; 95% CI [2.98; 3.07], SD = 
0.36), members of Medium level of countermeasures (2) (M = 2.70; 
95% CI [2.67; 2.73], SD = 0.37), and members of Low level of coun-
termeasures (4) (M = 1.66; 95% CI [1.61; 1.70], SD = 0.45) classes. 
Thus, despite the second highest value on the mean of the different 
COVID-19 countermeasures, members of the High level of counter-
measures low distance (4) class showed the second highest fear of 
infection. Nevertheless, the correlation between the mean of the dif-
ferent COVID-19 countermeasures and fear of infection was negative 
(r = -.22; 95% CI [-.27; -.18]; t = -9.637; p < .001).
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of countermeasures or are able to permanently telecommute 
show higher level of mental health and well-being.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s12144- 022- 03377-4.
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class analyses were done in Mplus (v8.8; Muthén & Muthén, 2017) and 
read in R with the package MplusAutomation (Hallquist & Wiley, 2018 
). The graphs were created with the ggplot2 (Wickham et al., 2016) and 
ggpubr (Kassambara, 2020 ) packages. The data codebook was created 
with the codebook (Arslan, 2019) package.
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