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Abstract: Work characteristics may independently and jointly affect well-being, so that whether job
demands deplete or energize employees depends on the resources available in the job. However,
contradictory results on their joint effects have emerged so far in the literature. We argue that these
inconsistencies can be partially explained by two arguments in the contemporary literature in the
field. First, most studies in the job design domain are based on classic variable-centered methodol-
ogies which, although informative, are not well suited to investigate complex patterns of interac-
tions among multiple variables. Second, these studies have mainly focused on generic work charac-
teristics (e.g., workload, control, support), and are lacking in occupational specificity. Thus, to over-
come these limitations, in the current research we include generic and occupation-specific work
characteristics and adopt a person-centered approach to (a) identify different patterns of interac-
tions of job demands and resources in a sample of healthcare employees, and (b) determine the
degree to which these patterns are associated with employee well-being. We involved a sample of
1513 Italian healthcare providers and collected data on key job demands (workload, emotional dis-
sonance, patient demands and physical demands) and resources (control, management support and
peers’ support). We focused on job satisfaction as a broad indicator of well-being. Latent profile
analysis revealed four profiles of job demands and resources: high strain-isolated, resourceless, re-
sourceful and active job on the ward. The results of Bayesian informative hypothesis testing showed
the highest support for the hypothesis stating that healthcare employees belonging to the active job
on the ward profile (medium-high demands, high resources) were the most satisfied. Conversely,
employees belonging to the high strain—isolated profile (high demands, low resources) and the re-
sourceless profile (medium-low demands, low resources) were the least satisfied. Overall, our
study confirms the key role played by job resources in determining well-being in high-risk sectors,
demonstrating that job satisfaction can develop both in challenging and less demanding situations.
On a practical level, mapping the complexity of the healthcare psychosocial work environment has
important implications, allowing for a better assessment process of employee well-being and help-
ing to identify the most effective and fitting interventions.
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1. Introduction

Stressful work characteristics, if not properly counterbalanced by appropriate re-
sources, may result in undesirable consequences for employees, such as burnout and psy-
chological distress [1]. Indeed, the job demand-resource (JD-R) model [2] states that the
interplay among boundary conditions of job demands and resources may be of the great-
est importance, over their individual effects, so that high job demands have a stronger
negative impact on well-being if combined with limited job resources. Although convinc-
ing evidence has been provided for the unique effects of work characteristics on employee
well-being [3], mixed findings have been found for their joint effects [4]. We contend that
this limitation can be partially explained by two arguments of the contemporary literature
in the field. First, most studies in the job design area have mainly focused on generic var-
iables lacking in occupational specificity (e.g., workload, control, support). Second, classic
variable-centered methodologies (e.g., regression analyses), although useful in providing
insights into the association between different variables at a sample-wide level, are not
well suited to investigate complex patterns of interactions among multiple work charac-
teristics [5].

Drawing on the JD-R model [2], this study is aimed at (a) identifying different pat-
terns of interactions of generic and contextual job demands and resources in a sample of
healthcare employees, and (b) determining to what extent these patterns are associated
with job satisfaction. We focus on the healthcare sector as it is one of the most at-risk work
environments for employee well-being due to its inherent demanding work characteris-
tics [6]-

The main contributions of the current study are threefold. First, to overcome the
aforementioned limitations, we adopt a person-centered approach using latent profile
analysis (LPA), which provides a simultaneous examination of the interplay between dif-
ferent levels of job demands and resources. Second, we include a range of both generic
and occupation-specific work characteristics which we believe better catch the peculiari-
ties of the healthcare sector: workload, emotional dissonance, patient demands and phys-
ical demands as job demands, control, management support and peers’ support as job
resources. These variables have proved to be critical for healthcare employees” well-being
in previous variable-centered studies (e.g., [7,8]). Third, due to the mixed evidence
emerged so far, we use Bayesian informative hypothesis evaluation [9] to directly test sev-
eral alternative hypotheses reflecting to what extent different profiles of work character-
istics are associated with well-being.

1.1. Background: The JD-R Model and Job Satisfaction

Over the past few decades, several theoretical frameworks have been proposed to
investigate the association between work characteristics and individual health. Among
these, Demerouti and colleagues [10] have proposed the JD-R model, which classifies any
work characteristic into two overarching categories: job demands and job resources. The
model describes two distinct but related psychological processes to explain health issues
(health impairment process) and positive implications for well-being (motivational process).

Job demands are the initiators of the health impairment process. They are described
as those physical, psychological, social or organizational aspects of the work context as-
sociated with certain psychological and/or physiological costs [10]. Along with workload,
which refers to the excessive intensity of job assignments that could determine health is-
sues [10], we include in our investigation three healthcare-specific job demands: emo-
tional dissonance, patient demands and physical demands. Emotional dissonance is the
discrepancy between the experienced emotions and those that organizational contexts re-
quire to be displayed [11]. This job demand is critical in healthcare [12], and it was found
to be associated with emotional exhaustion and disengagement [7,13]. Patient demands
reflect the human side of clinical practice and describe the interactions perceived as stress-
ful due to physical or psychological characteristics of the care recipients [14]. In their
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everyday working lives, healthcare employees are regularly confronted with patients who
do not follow their advice, behave in hostile manners and make unrealistic requests [15].
Representing important sources of job dissatisfaction, poor mental health and burnout
[16], negative interactions with patients are pivotal factors when examining healthcare
workers” well-being [17]. Finally, physical demands include repetitive movements, such
as lifting, transferring and repositioning of patients, and the long-time adoption of inade-
quate and extreme postures. This job demand is crucial due to the many physical activities
that healthcare employees are expected to perform [18]. Physical demands have been pri-
marily associated with the emergency of musculoskeletal disorders [19], as well as nega-
tive health and low job satisfaction [20,21].

Conversely, job resources are the initiators of the motivational process. These are de-
scribed as those physical, psychological, social or organizational aspects of the work con-
text that can reduce job demands and their straining impact, are functional in achieving
work goals, stimulate personal growth and, thus, determine well-being [22]. In the current
study, we include control and social support as key job resources. We conceptualize job
control as the employee’s autonomy to make decisions on the job and the breadth of skills
used by the employee on the job. Next up, social support is the encouragement provided
by both supervisors and colleagues to healthcare employees [23]. Control and social sup-
port have been associated with improved well-being in previous studies conducted in the
healthcare sector (e.g., [24]).

With regard to employee health, in this study we focus on job satisfaction as a broad
indicator of employee well-being and a potential correlate of the investigated job demands
and resources. Defined as an individualized positive feeling and attitude toward a job
[25], we included job satisfaction in our investigation as it is strongly linked with workers’
overall well-being [26] and, at the organization level, is associated with high performance
and productivity [27,28], reduced absenteeism [29], lower turnover intention [30] and less
counterproductive work behaviors [31]. With particular regard to the healthcare sector,
previous studies have demonstrated the fundamental role of job satisfaction in this work
context as being an important driver of quality of care, effectiveness, commitment to work
and patient satisfaction (e.g., [32]). Conversely, job dissatisfaction has been associated
with higher rates of medical errors and reduced patient safety (e.g., [33]).

1.2. The Interplay among Different Levels of Job Demands and Resources

A central tenet of the JD-R theory is that job demands and resources may interact
and jointly affect well-being, so that whether job demands deplete or energize employees
depends on the resources available in the job [2]. This assumption is consistent with the
buffering hypothesis, which states that job resources may mitigate the negative impact of
job demands on well-being, and the boosting hypothesis, which claims that high job de-
mands may enhance the positive effects of job resources on well-being [2].

Consequently, the JD-R model assumes that a combination of high demands and low
resources is more likely to determine poor employee well-being [10]. Next up, implying
limited challenges and development opportunities, a combination of low demands and
low resources is expected to be associated with poor well-being due to the boredom asso-
ciated with low levels of job demands [23]. Because of the motivating role of job resources,
a combination of low demands and high resources has been usually associated with mod-
erate to high well-being [23]. Finally, a high demands-high resources configuration has
been linked to moderate-to-high well-being [34]; consistent with the active learning hy-
pothesis, high levels of resources may provide the necessary conditions for employees to
evaluate medium-to-high levels of demands as motivating challenges which stimulate
growth and achievement, thus promoting well-being [35,36].

Overall, the literature provides mixed evidence regarding the generalizability of the
interactions as predicted by the JD-R model. On the one hand, several studies performed
in the healthcare sector have found support for these interaction effects [37,38]. For exam-
ple, Bakker and colleagues [39] found that the relationship between several job demands
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and emotional exhaustion disappeared when healthcare employees owned high levels of
resources. Similarly, de Jonge et al. [18] showed that the association between job demands
and job satisfaction was positive when job control was high, and was negative when the
latter was low. Finally, Hakanen and colleagues [37] found that high job resources were
more strongly associated with work engagement when job demands were high in a sam-
ple of Finnish dentists. On the other hand, a recent meta-analysis of the main and joint
effects of job demands and resources found that neither the job demands—control nor job
demands-social support interactions were significantly related to strain in almost all cases
[40]. Moreover, a review performed by Taris [41] evidenced that only nine out of ninety
tests performed provided support for these interaction effects. In line with previous re-
search (e.g., [42,43]), we suggest that these inconsistent effects could be partially attribut-
able to the limited specificity of the tools used to assess work characteristics and to the
study methodology.

First, most of the studies and tools developed to investigate employee well-being are
focused on generic work characteristics (e.g., [44,45]). Although work characteristics such
as workload, control and social support are generally common in any workplace, there is
a risk that these are not enough to extensively describe a specific psychosocial work envi-
ronment and to capture contextual specificities [46]. Indeed, many researchers recom-
mend the inclusion of occupation-specific work characteristics along with generic psycho-
social risk factors in any occupational health investigation (e.g., [46,47]). This is consistent
with the risk management paradigm [48], which advocates for the identification of all of
the potential harmful work characteristics in workplaces to assess the risks to health and
to set up corrective actions to reduce these risks. Moreover, the very same JD-R model is
grounded on the assumption that every occupation is characterized by its own specific
risk factors, which may not even be relevant in other work contexts [34].

Second, another aspect to pay attention to is the study methodology. For example,
most studies in the job design domain are based on variable-centered approaches. Alt-
hough informative, these methodologies are less appropriate in describing the simultane-
ous interplay among multiple variables, such as job demands and resources [5]. Hence,
using different analytic approaches to investigate the joint influence of job demands and
resources on well-being might represent a viable option [49]. A person-centered method-
ology may be particularly suitable for this purpose. Overall, while a considerable number
of studies investigating the association between work characteristics and well-being have
been performed, only a few of these have adopted a person-centered approach (e.g., [50-
52]). Thus, to overcome these limitations, in the current study we focus on both generic
(workload, control, support) and healthcare-specific characteristics (patient demands,
physical demands, emotional dissonance). Moreover, we adopt latent profile analysis
(LPA; for a recent overview see [53]), a model-based probabilistic clustering strategy
which allows one to examine the unique constellations of generic and specific job de-
mands and job resources experienced by healthcare employees.

1.3. JD-R Profiles in the Healthcare Sector

The healthcare sector is widely recognized as one of the most-at-risk work environ-
ments for employee well-being (e.g., [6,54]). Healthcare employees are exposed to a wide
range of risk factors, such as quantitative and emotional demands, insufficient time to
perform their job, adverse social behaviors and lack of resources (e.g., [55,56]). Moreover,
the COVID-19 pandemic emergency has further intensified the pre-existing challenges of
the sector [57]. Consequently, healthcare employees report the highest levels of work-re-
lated stress compared to other professionals [6], and experience high levels of burnout
[58], psychological distress [59] and job dissatisfaction [60].

To the best of our knowledge, a very limited number of studies adopting a person-
centered approach have been performed in the healthcare sector. For instance, Portoghese
et al. [61] identified four latent profiles in a sample of healthcare professionals: isolated
prisoner (high workload, low control and low support), participatory leader (low
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workload, high control and high support), moderate strain (average levels in all variables)
and low strain (low workload, moderate levels of control and support). Among these, the
isolated prisoner and moderate strain profiles showed the lowest levels of intrinsic work
motivation. Investigating the interplay of four contextual job demands (stress due to res-
idents, stress due to family members, stress due to working conditions and stress due to
negative emotions) in a sample of nurses, Jenull and Wiedermann [62] revealed low-,
moderate- and high-stress latent profiles, with the latter reporting the lowest job satisfac-
tion. Bujacz et al. [63] found four distinct configurations in a cohort of Swedish nurses:
supporting (low demands, high control and high support), demanding (high demands,
low control and low support), constraining (low demands, low control and low support)
and balanced (average levels in all variables). Members of the supporting profile had sig-
nificantly lower levels of burnout than members of the other profiles, while members of
the demanding profile experienced the highest burnout. In a study involving different
professional groups, Holman [64] identified six different configurations using a two-step
cluster analysis: active, saturated, team-based, passive-independent, insecure and high-
strain. Further analyses revealed that healthcare roles, such as nurses and physicians,
more likely belonged to the active (average-to-high levels of job demands and resources),
saturated (high demands and high resources) and team-based profiles (moderate job de-
mands and high resources). Job satisfaction was higher in the active group and lower in
the high-strain group (characterized by high demands and low resources). Finally, Bujacz
et al. [65] distinguished between four JD-R patterns in a sample of highly skilled Swedish
workers: supporting (low demands and average-to-high resources), constraining (low de-
mands and low resources), demanding (high demands and average-to-low resources) and
challenging (high demands and high resources). Further analysis on professional groups
revealed that the healthcare professionals were significantly more likely to be members of
the demanding configuration. Moreover, this profile reported the lowest job satisfaction.

To summarize, different constellations of job demands and resources have emerged
among healthcare employees. Therefore, our first research question (RQ) explores the
number of homogeneous configurations of healthcare employees experiencing similar
levels of job demands and resources:

RQ1: How many latent profiles emerge in a sample of healthcare professionals when simultane-
ously considering both generic and occupation-specific job demands and resources?

Although mixed evidence has been provided on the number of latent profiles to ex-
tract in this sample, in line with previous research which differentiates between passive,
low-strain, high-strain and active jobs [52], we hypothesize to identify at least four latent
profiles of healthcare employees covering all of the possible combinations of job demands
and resources: (1) a high demands-low resources profile; (2) a high demands-high re-
sources profile; (3) a low demands-high resources profile; and (4) a low demands-low
resources profile.

1.4. Association between JD-R Profiles and Employee Well-Being

As depicted above, the results of previous studies regarding the simultaneous con-
joint effect of job demands and resources on employee well-being have not always con-
verged. Starting with the boosting hypothesis, there is no conclusive evidence that the
highest level of employee well-being is especially associated with active jobs [66]. For in-
stance, De Spiegelaere and colleagues [67] found that the configuration characterized by
low demands and high resources reported higher levels of well-being than the profile
characterized by high demands and high resources. In a similar vein, Moeller et al. [68]
found those in the low demands-high resources configuration to be more engaged at
work than those in the high demands-high resources profile. Landsbergis et al. [69] evi-
denced that the low demands-high resources profile had the lowest job dissatisfaction.
Finally, Van den Broeck et al. [52] did not find significant differences between the high
demands-high resources profile and the low demands-high resources profile in work
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engagement. These results suggest that adequate levels of employee well-being could also
occur in more relaxed, less demanding jobs. Moreover, it is conceivable that even when
many job resources are available, working under highly demanding conditions may be
not only motivating, but also exhausting, especially in the long run [2]. With regard to the
other JD-R configurations, one can also argue that if the highest well-being could occur in
active jobs, then the lowest well-being could occur in passive jobs characterized by low
demands and low resources [66].

Thus, through our RQ2 we intend to provide new evidence on the association be-
tween different JD-R profiles and employee well-being, represented by job satisfaction:

RQ2: Are the emergent [D-R profiles differently associated with job satisfaction?

Given the previous inconsistent results, we employ a Bayesian informative hypothe-
sis testing approach to directly test to what extent different alternative hypotheses with
inequality constraints are supported by the data [70]. According to Kluytmans and col-
leagues [9], there are several advantages to using informative hypotheses. For instance,
they allow researchers to develop a pool of alternative hypotheses using their background
knowledge, and to directly confront these hypotheses with empirical data. Conversely,
the traditional null hypothesis significance testing (NHST) only allows for the testing of
one’s expectations against the null hypothesis (i.e., the presence of an effect vs. no effect).
Moreover, the use of informative hypotheses largely eliminates the multiple testing prob-
lem that occurs when researchers need follow-up tests to explore an omnibus effect (i.e.,
the Bonferroni correction for multiple comparisons).

Guided by the JD-R model’s theoretical underpinnings, we hypothesize that an even-
tual high demands-high resources profile would report the highest job satisfaction, fol-
lowed by the low demands-high resources profile. Conversely, we hypothesize that even-
tual low demands-low resources and high demands-low resources profiles would report
the lowest job satisfaction.

2. Materials and Methods
2.1. Procedure and Participants

This study is based on data collected in 2018 by the Italian Workers” Compensation
Authority (INAIL) in two Italian public hospitals. INAIL’s aim was to conduct an explor-
ative study to test several integrative tools which reflected the specificities of the
healthcare sector. Thus, the Italian methodology to tackle work-related stress risk in the
healthcare sector was applied [71,72]. INAIL’s methodology was developed to enable Ital-
ian organizations to comply with the national legal requirement to assess and manage
psychosocial risks along with other risks for health and safety in the workplace. With the
aims of effectively managing the psychosocial risks at work and improving workers’
health and well-being, some integrative tools were developed specifically for healthcare
needs and were published by INAIL in 2022. In the current study, only the data gained
from employees as part of the in-depth assessment phase were analyzed. During this
phase, a questionnaire was distributed to 6687 employees from the two public hospitals
that agreed to get involved in INAIL's exploratory study. The first page of the question-
naire provided information about the collection and use of personal data in the research,
in line with the General Data Protection Regulation (GDPR, Regulation n° 2016/679). All
participants marked their informed consent on that page before they continued with the
compilation. The confidentiality and the anonymity of the answers were emphasized. A
total of 1905 questionnaires were collected; of these, 1513 were from healthcare providers
(e.g., physicians, nurses), while the remaining 392 were from administrative workers. To
focus on similar roles and capture as much as possible the shared job peculiarities and
potential risk factors, in this study we decided to only include the healthcare providers.
More than two thirds of participants (73.4%) were females, and 26.6% were men, mirror-
ing the proportions of the healthcare workforce in Italy where women represent around
70% of the total. The majority were aged between 31 and 50 (51.8%), and almost the entire
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sample was composed of Italian workers (98.7%). With regard to work contracts, 93.2% of
the workers had a permanent contract, followed by fixed-term (4.5%) and interim con-
tracts (1.2%). Most of the participants (60.4%) were employed in shift work, and 59.9% of
them worked on both day and night shifts. Finally, in terms of average job tenure, partic-
ipants had been working in the same unit for 10.4 years (SD = 9.4), and in the same com-
pany for 16.7 years (SD = 11.4).

2.2. Measures
2.2.1. Job Demands
Workload

Workload was assessed through three items from the subscale Demands of the Italian
version of the Management Standards Indicator Tool (MS-IT; [73]). A sample item was, “I
have unachievable deadlines”. In accordance with the original measure (Edwards et al.
2008), employees were asked to answer questions using a five-point Likert scale (1 =
strongly disagree to 5 = strongly agree). Cronbach’s a was 0.78 and McDonald’s @ was
0.79.

Patient Demands

Patient demands were investigated through a tailored version of the Dormann and
Zapf's scale [74] used to measure service workers’ perception of highly demanding cus-
tomers (seven items; sample item: “Some patients always demand special treatment”). For
this variable, the participants’ answers were recorded on a five-point Likert scale (1 =
strongly disagree to 5 = strongly agree). Cronbach’s a was 0.85 and McDonald’s w was
0.86.

Emotional Dissonance

Emotional dissonance was assessed through a three-item scale developed by Zapf
and Holz [75], successively tailored to healthcare professionals by Consiglio [76]. A sam-
ple item was, “At work it happens that I cannot express the emotions I feel”. Employees
were asked to answer questions using a five-point Likert scale (1 = strongly disagree to 5
= strongly agree). Cronbach’s a was 0.68 and McDonald’s w was 0.67.

Physical Demands

Physical demands were assessed through a three-item scale to investigate ergonomic
risk developed for the purpose of the study. A sample item was, “I have to lift, push or
pull heavy loads (including patients)”. For this variable, the participants” answers were
recorded on a five-point Likert scale (1 = strongly disagree to 5 = strongly agree).
Cronbach’s a was 0.70 and McDonald’s w was 0.74.

2.2.2. Job Resources
Control

Control was assessed through three items from the MS-IT [73], reflecting the auton-
omy that employees have in exercising their own work activities. A sample item was, “I
have a choice in deciding how I do my work”. Employees were asked to answer questions
using a five-point Likert scale (1 = strongly disagree to 5 = strongly agree). Cronbach’s a
was 0.82 and McDonald’s w was 0.80.

Management Support

Management support was assessed through three items from the MS-IT [73], which
focus on the encouragement and support provided by employers and management in re-
gard to employees. A sample item was, “My line manager encourages me at work”. Em-
ployees were asked to answer questions using a five-point Likert scale (1 = strongly disa-
gree to 5 = strongly agree). Cronbach’s a was 0.90 and McDonald’s w was 0.90.

Peers’ Support
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Colleagues’ support was assessed through three items from the MS-IT [73]. A sample
item was, “I get help and support I need from colleagues”. Employees were asked to an-
swer questions using a five-point Likert scale (1 = strongly disagree to 5 = strongly agree).
Cronbach’s a was 0.86 and McDonald’s w was 0.85.

2.2.3. Employee Well-Being
Job Satisfaction

Job satisfaction was assessed through a one-item measure of general satisfaction with
job, (“Generally speaking, I'm very satisfied with my job”). Statements were answered on
a five-point Likert scale (1 = strongly disagree, 5 = strongly agree).

2.3. Data Analysis

As a preliminary analysis, we tested the psychometric properties of the tools used to
measure the study variables. In line with guidelines provided by Morin et al. [77], we
contrasted confirmatory factor analysis (CFA) and exploratory structural equation mod-
eling (ESEM) models to compare alternative factor structures of job demands and resource
scales. ESEM is a method that incorporates the advantages of the less restrictive explora-
tory factor analysis (EFA) and the more advanced CFA. Recent studies have shown that
ESEM usually results in an improved model fit as well as deflated inter-factor correlations,
providing a more realistic representation of the data [78]. The ESEM model was specified
in a confirmatory manner using the orthogonal target rotation, which allows cross-load-
ings across items, but constrains them to be as close to zero as possible [79]. We evaluated
model fit inspecting the following indices: comparative fit index (CFI), Tucker and Lewis
index (TLI), root mean square error of approximation (RMSEA) and its 90% confidence
interval (90% CI) and standardized root mean square residual (SRMR). We also report the
chi-square test of model fit, which provides an indication of the difference between the
observed covariance matrix and the model covariance matrix. We adopted the following
criteria to assess model fit: CFI > 0.90, TLI > 0.90, RMSEA < 0.08, SRMR < 0.08 [80]. More-
over, the chi-square difference test was used to statistically compare the fit of the two
models. Factor scores, which represented the manifest indicators of the LPA models, were
calculated and stored from the best fitting measurement model. Different to observed
means, factor scores preserve the underlying nature of the latent constructs and partially
control measurement errors by giving less weight to items with lower factor loadings [81].

To answer RQ1, we applied LPA to identify latent subgroups of workers sharing
similar perceptions of the seven work characteristics. We estimated LPA solutions consid-
ering one to eight latent profiles using Mplus 8.6 and robust maximum likelihood estima-
tors (MLR; [82]). The number of initial stage random starts was set at 10,000, with the 500
best solutions retained for the final stage of the optimizations. The number of iterations
was set at 1000. We relied on several criteria to decide upon the number of profiles to
retain. First, we inspected the following fit indices: Akaike’s information criterion (AIC),
Bayesian information criterion (BIC), sample-size-adjusted Bayesian information criterion
(SABIC), the approximate weight of evidence criterion (AWE), the Lo-Mendell-Rubin test
(LRT) and the adjusted LRT (Adj-LRT). Although absolute criteria for evaluating model
fit are yet to be established, lower AIC, BIC, SABIC and AWE are usually preferred. The
LRT and Adj-LRT provide p values assessing whether adding a class leads to a statistically
significant improvement in model fit; a non-significant p value for a k class solution pro-
vides support for the k — 1 latent profile solution. Moreover, we inspected the relative
entropy of the best fitting model, a measure of overall classification applied to profiles
which gives an indication of the degree of distinctiveness between latent classes. Relative
entropy can be considered sufficient when its value exceeds 0.70 [83]. Finally, we also
considered parsimony and meaningfulness to decide upon the number of profiles to ex-
tract [84]. Indeed, when a subgroup includes less than 5% of samples, the latent profile
may not be meaningful and removal of the group should be considered for the sake of
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model parsimony [85]. After having identified the optimal LPA solution, we performed a
chi-square test and one-way analysis of variance (ANOVA) with Bonferroni post hoc pair-
wise comparisons to assess the distinctiveness between the profiles generated by the LPA
with regard to sociodemographic aspects and the job demands and resources used for the
clustering procedure. We used the software IBM SPSS 23 for this specific analysis.

To answer RQ2, we tested and compared several competing informative hypotheses
aligned with the previous literature using the software JASP —version 0.15 [86] and the
Bayesian informative hypothesis evaluation software (BAIN; [87]) implemented in JASP.
For this set of analyses, the statistics of interest were the Bayes factor (BF) and the posterior
model probability (PMP). The BF quantifies the evidence of each informative hypothesis
with respect to an unconstrained hypothesis (i.e., a hypothesis that presumes no specific
ordering of the variables). A BF > 20 can be interpreted as a sign of strong support from
the data to the informative hypothesis [70]. We also computed the relative Bayes factor
(BFxy), a ratio that quantifies how much the data provide support to hypothesis X when
compared to hypothesis Y; if this ratio is >1, one can conclude that hypothesis X should
be preferred over hypothesis Y. The PMP is a standardized version of a single BF divided
by the sum of all BFs, and it expresses support in the data for the hypothesis at hand given
the set of all the other hypotheses under evaluation. PMPs have values between 0 and 1
and sum to 1 for the hypotheses in the set under consideration. Finally, we computed
Cohen’s d as the effect size of the differences between the latent profiles with regard to
their mean values of job satisfaction.

3. Results
3.1. Descriptive Statistics Results

Mean scores for the study variables ranged from 2.4 to 3.8 (Table 1), with most of
them around the mid-point. Except for workload (kurtosis =—1.16), all the scales exhibited
non-problematic levels of skewness and kurtosis [88]. However, Mardia’s multivariate
test suggests that multivariate normality was not reached (Mardia’s multivariate skew-
ness coefficient = 4.55; x? = 1004.98; p < 0.001; Mardia’s multivariate kurtosis coefficient =
86.62; z = 13.84; p < 0.001). Hence, we performed CFA and ESEM using Mplus 8.6 and the
MLR estimator, as they correct the standard error of model parameters when there are
slight departures from univariate and multivariate normal distributions of the data [82].

Table 1. Descriptive statistics for the study variables and ESEM factor score correlations.

Variable

Mean (SD) Skew Kurt 1. 2. 3. 4. 5. 6. 7. 8.

1. Workload

2. Emotional dissonance
3. Patient demands

4. Physical demands

5. Control

6. Peers’ support

7. Management support
8. Job satisfaction

24(0.8) 043 -1.16 (0.78)
32(0.8) 025 —0.23 0.45** (0.68)

33(0.8) -033 -0.11 0.06* -0.02 (0.85)

30(1.0) -0.10 -0.80 —0.07 ** 0.11** 0.57 *** (0.70)

35(0.9) -0.50 —0.02-0.42**-0.10**0.14** 004 (0.82)

37(0.8) —-0.70 0.59 —0.39 **-0.20** 0.02 0.14**0.48 ** (0.86)
35(L1) 055 —0.45-0.36 **—0.10 ***0.18 *** 0.29 *** 0.39 *** 0.54 *** (0.90)
38(1.0) -0.73 —0.01-0.25**-0.40** 0.07* 0.02 0.26**0.32 *** (.33 ***

Note. SD = standard deviation; skew = skewness; kurt = kurtosis; Cronbach’s alpha values are re-
ported in brackets. *** p < 0.001; ** p <0.01; * p <0.05.

3.2. Psychometric Characteristics of the Tools

CFA results showed a non-satisfactory fit of the model: MLRX? @-254) = 1555.29, p <
0.001; CFI = 0.89; TLI = 0.87; RMSEA = 0.062 (90%CI: 0.059-0.065); SRMR = 0.058. On the
contrary, the same examination applied to ESEM yielded a good fit for the model: MLRx?
@=146) = 585.26, p < 0.001; CFI=0.96; TLI = 0.93; RMSEA = 0.048 (90% CI: 0.044-0.052; p =
0.82); SRMR = 0.018. Moreover, the Satorra—Bentler scaled chi-square difference was sig-
nificant (SBAX2 adr-108) = 963.12, p < 0.001), suggesting that the CFA model fitted the data
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significantly worse than the ESEM model. Thus, we retained the ESEM solution to derive
factor scores to use in the LPA. All the item factor loadings in the target factors were higher
than loadings in the others. Except for one item from the physical demands scale showing
low target factor loadings (A = 0.32), the interpretation of factor loadings of the seven fac-
tors revealed that each scale was well defined by its items (ranging from A = 0.42 to A =
0.89; see Supplemental Material).

Table 1 shows the intercorrelations between job demands, job resources and job sat-
isfaction.

3.3. Latent Profile Analysis Results

Since the AIC, CAIC, BIC, SABIC and AWE indices decreased as additional profiles
were added (Table 2), we relied instead on a graphic examination (“elbow-plot”). The el-
bow plot showed an evident flattening of the slope around two profiles, and a slight flat-
tening around four profiles and six profiles (Figure 1). The indicators of parsimony (LRT
and AdjLRT) supported the models with two (p <0.001), four (p <0.05), six (p <0.001) and
seven profiles (p < 0.01). In the solution of Profile 7, the smallest profile included only 5%
of the participants; thus, it was rejected. When we compared the solution of Profile 4 with
the solution of Profile 6, we found that the two additional profiles did not provide mean-
ingful additional information, being very similar in shape to the other two profiles. More-
over, in Solution 6, a profile emerged with 5.6% of the sample, a percentage that was only
slightly acceptable. Consequently, we chose the more parsimonious solution of Profile 4.
Relative entropy for this solution was adequate (>0.70).

Table 2. Fit indices for the eight estimated solutions of job demand and resource profiles.

N;;:zz:f AIC CAIC BIC SABIC AWE  LRT(p) AdjLRT (p) Entropy Sm:illlee?:/ol;r"
1 24,766 24,853 24,839 24,794 24,982 - - - -
2 23,724 23,860 23,838 23,768 24,062 <0.001 <0.001 0.722 35.3
3 23,409 23,594 23,564 23,469 23,870 >0.05 >0.05 0.703 144
4 23,095 23,330 23,292 23,171 23,679 <0.05 <0.05 0.729 8.9
5 22,849 23,134 23,088 22,942 23,556 >0.05 >0.05 0.774 7.1
6 22,627 22,961 22,907 22,736 23,458 <0.001 <0.001 0.774 5.6
7 22,502 22,886 22,824 22,627 23,455 <0.01 <0.01 0.768 5
8 22,420 22,853 22,783 22,560 23,496 >0.05 >0.05 0.762 4

Note. AIC = Akaike’s information criterion; BIC = Bayesian information criterion; SABIC = sample-
size-adjusted Bayesian information criterion; AWE = approximate weight of evidence criterion; LRT
= Lo-Mendell-Rubin test; AdjLRT = adjusted LRT.

25,000

24,500

24,000

23,500

23,000

22,500

22,000

5

Number of profiles

AIC ===CAIC =——BIC ===SABIC ===AWE
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Figure 1. Elbow plot for the information criteria. Note. The number of profiles extracted in an LPA
model are on the X-axis and the fit statistics are on the Y-axis.

3.4. Characteristics of the [D-R Profiles

As Figure 2 and Table 3 show, healthcare employees belonging to Profile 1 (N =118;
8.9%) were characterized by mixed levels of job demands (high workload, but low emo-
tional dissonance; very low physical and patient demands), and very low control and sup-
port resources; thus, we labeled this profile resourceless to reflect the very limited amount
of resources reported by these employees. Profile 2 (N = 287; 21.7%) was characterized by
low workload, low emotional dissonance, low physical and patient demands and high
control and support; consequently, we labeled this profile resourceful. Healthcare employ-
ees belonging to Profile 3 were the majority (N = 524; 39.6%), and reported high workload,
high emotional dissonance, high patient and physical demands and low control and sup-
port; hence, we renamed this profile high strain—isolated. Finally, Profile 4 (N = 395; 29.8%)
was characterized by low workload and low emotional dissonance, very high physical
and patient demands and high control and support; thus, we labeled it active job on the
ward to reflect the high interaction with patients and the high support provided to these
workers by colleagues, managers and the overall organization (through job control).

H IIDD % B Workload
] (] @ Emotional dissonance
@ Physical demands

OPatients' demands

-0.5

BControl

OPeers' support

@ Management support

-1.5 = - - -
Resourceless Resourceful High Active job
strain-isolated on the ward

Figure 2. Latent profile of job demands and resources.

Table 3. Estimated means and standard errors for job demands and resources in the four profiles.

High in-Iso-  Acti h
Resourceless Resourceful igh Strain-Iso ctive Job on the

Variable lated Ward F Value Partial n?
M (SE) M (SE) M (SE) M (SE)

Workload 0.5(0.1)a -0.6 (0.04)® 0.6 (0.03)a -0.5 (0.03)® 292.13 *** 0.40
Emotional dissonance -0.2 (0.1)be -0.1(0.1)® 0.4 (0.03)a -0.4 (0.04)¢ 88.52 *** 0.17
Physical demands -1.3(0.1)¢ —-0.7 (0.04) < 0.2 (0.03)® 0.7 (0.03)= 416.29 *** 0.49
Patient demands -1.1(0.1)¢ —-0.8 (0.04) < 0.2 (0.03)® 0.7 (0.04)= 385.78 *** 0.47
Control -1.1(0.1)¢ 0.6 (0.04)a -0.4 (0.03) ¢ 0.4 (0.04)® 230.41 *** 0.34
Peers’ support -1.1 (0.1)¢ 0.6 (0.04)a -0.5 (0.03)® 0.5 (0.04)= 314.40 *** 0.42
Management support -1.5(0.1)¢ 0.4 (0.04)® -0.4 (0.03) ¢ 0.6 (0.04)2 333.34 *** 0.43

Note. SE = standard errors. Means with different subscripts are significantly different using Bonfer-
roni post hoc test. *** p <0.001.

Thus, answering RQ1, we identified four different latent configurations to represent
the complex interactive patterns among general and specific job demands and resources
in the considered sample. Basic descriptive statistics for each profile are reported in Table
4. Compared to the other profiles, the resourceless profile was characterized by a lower
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proportion of females. Regarding age, the resourceful profile was characterized by a higher
proportion of employees who were more than 50 years old and a lower proportion of
employees between 31 and 50 years old; conversely, the active job on the ward profile was
characterized by a higher proportion of employees who were less than 30 years old and
between 31 and 50 years old, and a lower proportion of employees who were more than
50 years old. The profiles did not differ in terms of work contract. The resourceful profile
was characterized by a lower proportion of employees performing shift work; conversely,
the high strain—isolated and the active job on the ward profiles were characterized by a higher
proportion of employees performing shift work. Finally, the resourceful profile was char-
acterized by the highest organizational tenure.

Table 4. Socio-demographic and occupational characteristics for the four latent profiles.

Variable Resourceless Resourceful High Strain- Active Job on the Test Statistic Ef:fect
Isolated Ward Size
Gender (N, %)
Male 40 (35.7) 69 (24.1) 131 (25.2) 120 (30.5) X =8.63*% 0082
Female 72 (64.3) 217 (75.9) 389 (74.8) 273 (69.5)
Age (N, %)
Up to 30 4(3.6) 13 (4.5) 28 (5.4) 34 (8.6)
3f to 50 67 (60.4) 126 (43.9) 277 (53.4) 26574y XOT27177 0100
More than 50 40 (36) 148 (51.6) 214 (41.2) 134 (34)
Type of contract (N, %)
Permanent 106 (94.6) 268 (93.4) 490 (94.2) 358 (90.9)
Fixed term 4(3.6) 10 (3.5) 24 (4.6) 21 (5.3)
Collaboration 0(0) 0(0) 1(0.2) 4(1) X=1736  0.12°
Temporary 0(0) 6 (2.1) 3(0.6) 8(2)
Other 2 (1.8) 3(1) 2(0.4) 3(0.8)
Shift work (N, %)
Yes 77 (68.1) 100 (34.8) 350 (67.2) 285 (72.3)  y2»=115.11** 0302
No 36 (31.9) 187 (65.2) 171 (32.8) 109 (27.7)
Organizational tenure in years (M, SD) 16 (9.7) 18.9 (11.3) 16.2 (11.2) 14.8 (11.6) F@=7.51** 0.02¢

Note. N = number of subjects; M = mean; SD = standard deviation; 2 = Cramer’s V; ® = Phi; = partial
eta squared; *** p <0.001; * p < 0.05.

3.5. Association between JD-R Profiles and Job Satisfaction

We quantified the association between the JD-R profiles and job satisfaction using
Bayesian informative hypothesis testing. First, we defined an informative hypothesis
which assumed that the different constellations of job demands and resources in
healthcare employees did not produce any differences in job satisfaction (Ho). This is the
Bayesian version of the classical null hypothesis of one-way ANOVA models evaluated
using omnibus tests within the NHST approach [70], and it served as a benchmark for the
other substantive competitive hypotheses. Thus, we posited that:

Ho: pActive = puResful = piResless = uStrain (1)

where [ represents the average level of job satisfaction within the four given latent pro-
files: active job on the ward (“ Active”), resourceful (“Resful”), resourceless (“Resless”) and high
strain—isolated (“Strain”).

Our first informative hypothesis reflected the JD-R assumptions and posited that the
“Active” group was the most satisfied, followed by the “Resful” group, the “Resless”
group (which partially corresponded to a passive job profile) and the “Strain” group:

Hi: pActive > uResful > uResless > uStrain (2)

The next set of informative hypotheses reflected the mixed evidence illustrated in the
previous theoretical sections. Starting from the two “positive” configurations (active job on
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the ward, resourceful), two of the informative hypotheses assumed that the group charac-
terized by medium-high job demands and high job resources would have reported the
highest job satisfaction (Hs, Hs; e.g., [64]). Next up, a set of three hypotheses underlined
the prominent role played by the low demands—high resources configuration in affecting
satisfaction at work the most (Hz, Hs, Ho; e.g., [67]). Moreover, following the findings of
Van den Broeck and colleagues [52], we drafted three hypotheses in which we assumed
there would be no differences in job satisfaction between the active job on the ward and the
resourceful groups (Hs, Hz, Ho). Switching to the two “negative” configurations (resource-
less, high strain—isolated), a first set of hypotheses stated that the high demands—low re-
sources group would have reported the lowest job satisfaction (Hz, H7; [34,64]). Con-
versely, in line with the reflections of Taris et al. [66], who argued that if well-being occurs
especially in active jobs then the lowest well-being could occur in passive jobs, several
hypotheses assumed that the resourceless group would have reported the lowest job satis-
faction (Hs, He, Hs). However, as our resourceless group did not match totally with the
prototypical “passive” job profile, two informative hypotheses assumed no differences in
job satisfaction among the resourceless and the high strain—isolated groups (Hs, Ho).

Hz: uResful > pActive > uResless > uStrain )
Hs: pActive > uResful > pStrain > pResless 4)
Ha: pActive > pResful > pResless = pStrain @)
Hs: pActive = puResful > pStrain = pResless (6)
He: pResful > pActive > pStrain > pResless (7)
Hr: pActive = uResful > pResless > uStrain (8)
Hs: pActive = pResful > pStrain > pResless )
Ho: uResful > pActive > puResless = uStrain (10)

Table 5 reports results from the Bayesian evaluation of the competitive informative
hypotheses. The two informative hypotheses that were more supported by the data were
Has and Hi. Indeed, BFs and PMPs were higher for Hs (BFs+=27.43; PMP = 0.53) and Hi (BF:
=23.08; PMP = 0.45). In addition, BFs1suggested that Hs was 1.19 times more likely than
Hu to occur. Thus, although the support of Hs with respect to Hu is far from strong, we can
conclude that Hs is the most likely informative hypothesis among those tested in our
study.

Table 5. Bayesian evaluation of the study informative hypotheses (dependent variable = job satis-
faction).

Informative Hypotheses (In)Equality Constraints Bayes Factor (BF)  Posterior Model Probability (PMP)
Ho HActive = uResful = pResless = uStrain 0.00 0.00
H: pActive > uResful > pResless > uStrain 23.08 0.45
H: uResful > pActive > pResless > uStrain 0.00 0.00
Hs pActive > uResful > pStrain > pResless 1.23 0.02
Ha pActive > pResful > uResless = uStrain 27.43 0.53
Hs pActive = uResful > pStrain = puResless 0.02 0.00
He uResful > pActive > pStrain > pResless 0.00 0.00
H- pActive = uResful > pResless > uStrain 0.01 0.00
Hs pActive = uResful > pStrain > pResless 0.00 0.00
Ho uResful > pActive > pResless = uStrain 0.00 0.00

BFs1 1.19

Note. BFs1= informative evidence of Hsover Hi. BFs and PMPs of the two most likely informative

hypotheses are in bold.
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Table 6 reports the effect sizes related to latent profiles’ differences in job satisfaction.
As expected, Cohen’s d was significant in all cases, except for the difference between Pro-
file 1 (resourceless) and Profile 3 (high strain—isolated) (d = 0.17, p = 0.61). The other differ-
ences were medium-to-low (resourceless versus resourceful: d = -0.34, p = 0.01; resourceful
versus active job on the ward: d = -0.33, p < 0.001), medium (resourceful versus high strain—
isolated: d = 0.51, p < 0.001), medium-to-high (resourceless versus active job on the ward: d =
-0.68, p < 0.001) and high (high strain—isolated versus active job on the ward: d = -0.84, p <
0.001) (Cohen, 1992).

Thus, answering RQ2, our data most supported the hypothesis stating that employ-
ees belonging to the active job on the ward configuration were the most satisfied (M = 4.3,
SD = 0.8). This was followed by the resourceful profile (M = 3.9, SD = 0.8). Although the
high strain—isolated configuration reported the lowest mean value of job satisfaction (M =
3.5, SD =1.1), this value was not different from that obtained by the resourceless profile (M
=3.6, 5D =1.1).

Table 6. Paired comparisons between latent profiles in job satisfaction.

Comparisons Mean Difference (SE) Cohen’s d
Resourceful -0.33 (0.1) -0.34 **
Resourceless High strain-isolated 0.16 (0.1) 0.17
Active job on the ward —0.66 (0.1) -0.68 ***
High strain-isolated 0.50 (0.1) 0.51 ***
R 1
esourcefu Active job on the ward -0.33 (0.1) —0.33 ***

High strain—isolated

Active job on the ward -0.82 (0.1) -0.84 ***

Note. *** p <0.001; ** p < 0.01.

4. Discussion

In the present study, we aimed (a) to identify different profiles of healthcare employ-
ees experiencing similar levels of generic and contextual job demands and resources, and
(b) to elucidate their association with job satisfaction as an indicator of employee well-
being. To the best of our knowledge, a very limited number of studies have been previ-
ously performed using a similar methodology. Moreover, even less have seen the involve-
ment of healthcare employees, which, according to recent and not-so-recent research, are
exposed to a wide range of risk factors and suffer from a broad spectrum of health issues
(e.g., [6,54,57,59]). Overall, our study confirms that unique constellations of job demands
and resources can emerge in this sector, and that these are differently associated with job
satisfaction.

Through LPA [53], we identified four JD-R configurations: a high demands—low re-
sources profile (high strain—isolated); a low demands-high resources profile (resourceful); a
mixed demands-high resources profile (active job on the ward) and a mixed demands—very
low resources profile (resourceless). The first three profiles largely correspond to the job
types already proposed within the job design domain [34]. Instead of a “passive” job pro-
file combining low levels of demands and resources, we found a mixed demands—very
low resources profile (resourceless). This result is only partially surprising, since the low
demands-low resources constellation had not already emerged in previous person-cen-
tered examinations among healthcare employees (e.g., [61,63]). Moreover, Holman [64]
found that the proportion of healthcare employees belonging to a passive job profile was
relatively low compared to other professionals. The absence of a passive profile, coupled
with the fact that most healthcare employees belonged to the high strain—isolated profile
(39.6%), may be interpreted as cues of the highly demanding work conditions that these
professionals are often subjected to [6].

We used Bayesian informative hypothesis testing [70] to investigate the association
between the different latent profiles and job satisfaction. Overall, our results confirm al-
most totally the JD-R model assumptions. We found that the active job on the ward profile



Int. J. Environ. Res. Public Health 2023, 20, 967 15 of 21

reported the highest level of job satisfaction, followed by the resourceful profile. These re-
sults corroborate the boosting hypothesis, which claims that job resources become more
salient and gain their full motivational potential when employees are confronted with
challenging levels of job demands [34]. Notably, the boosting hypothesis has not always
found support in previous person-centered studies. However, in our research we in-
cluded several contextual work characteristics which helped us in describing the
healthcare psychosocial work environment in a more nuanced way. Indeed, our active job
on the ward profile is characterized by a lower-than-average workload and emotional dis-
sonance, but high levels in two occupation-specific demands (interaction with patients
and physical demands) and high control and social support. Both interaction with patients
and physical demands have been linked to negative outcomes in previous studies per-
formed in the healthcare sector (e.g., [21]). However, helping others has been linked to a
sense of well-being rather than burnout or fatigue when managed properly [89,90]. Our
results suggest that this is true when adequate levels of job resources are afforded to em-
ployees. We can argue that the active job on the ward configuration may represent an ade-
quate match between demands and resources for healthcare employees’” well-being.

The importance of job resources in promoting well-being is further confirmed by the
high job satisfaction reported by the resourceful group. This configuration has been asso-
ciated with a number of salutogenic outcomes, such as work engagement, in prior person-
centered research (e.g., [67]). Our study corroborates the main effects of job resources on
well-being, confirming that high levels of job satisfaction can also develop in more relax-
ing and less demanding work situations.

The high strain—isolated profile, characterized by high demands and low resources,
obtained the lowest job satisfaction. This result supports another important assumption
of the JD-R model, namely that ill-being develops when job demands are excessive and
job resources are limited [10]. Moreover, this result is consistent with the iso—strain hypoth-
esis of the demand-—control-support model [23], which claims that especially the synergic
combination of high demands, low control and low social support may result in detri-
mental consequences for employee well-being. Notably, we did not find significant dif-
ferences between the high strain—isolated and the resourceless profiles. We could hint that
the resourceless profile is a cross between the prototypical passive and high strain—isolated
profiles [23], as it consists of high workload, very low healthcare-specific job demands and
very low resources. Thus, a low level of job satisfaction reported by such a configuration
is hardly surprising.



Int. J. Environ. Res. Public Health 2023, 20, 967 16 of 21

4.1. Implications for Practice in the COVID-19 Era

The COVID-19 pandemic emergency has had detrimental consequences on the way
employees work within organizations [57]. Although all the data were collected before
the start of the pandemic, we believe our results could provide practical indications which
are still valid in these troubled times.

First, our results shed light on the importance of increasing job resources to improve
well-being in the healthcare sector, perhaps to a greater extent than reducing job demands
(if they are not excessive). Job resources appear to be particularly critical not only due to
their intrinsic motivating potential, but also because they allow one to effectively deal
with job demands that cannot be eliminated or reduced [91]. In the COVID-19 era, provid-
ing healthcare employees with a vast amount of job resources, whether they are material
(i.e., personal protection equipment), social (i.e., improved supervisor support) or organ-
izational (i.e., flexible work options, whenever possible), is paramount to reducing the
negative impact of traditional and emerging job demands, and thus to protecting em-
ployee well-being. In this vein, our study further highlights the essential roles played by
control and social support for employee well-being. Therefore, healthcare organizations
should invest as much as possible in the autonomy of employees by allowing them to
determine the pace, sequence and methods when performing their job activities. Moreo-
ver, actions aimed at strengthening management support, such as improving managers’
abilities in giving feedback, enhancing communication and adopting adequate leadership
styles, may be used as part of an occupational health intervention in this sector. In turn,
these actions may enable employees to work together effectively and collaboratively, thus
increasing team cohesion and colleagues’ support.

Second, we highlight the importance of targeting both generic and contextual job de-
mands and resources in any strategy for the assessment and management of the psycho-
social work environment, particularly in high-risk sectors such as the healthcare one [92].
This approach is consistent with the risk management paradigm [48], which calls for the
identification of all of the potential harmful work characteristics in workplaces to assess
the risks to health and to design fitting interventions aimed at reducing such risks. Now-
adays, a careful analysis of all the potential risks for the health of workers seems neces-
sary, since COVID-19 has not only exacerbated some pre-existing stressful working con-
ditions, but has also determined the emergence of new contextual stressors [93].

Third, mapping the complexity of the healthcare psychosocial work environment
into several distinct patterns may simplify any assessment process concerning poor em-
ployee well-being. Recent studies have highlighted that the European organizations are
more likely inclined to implement secondary- and tertiary-level interventions in their ac-
tion plans [94,95]. Focusing less on job demand reduction and more on increasing job re-
sources is perceived as less complex and time-consuming, and this does not require spe-
cific competencies in work design and organization [96,97]. Nevertheless, interventions
put in place are often ineffective and do not seem to achieve the desired outcomes [98].
Our findings may allow one to quickly identify the subpopulations of healthcare employ-
ees whose well-beings are more at risk, and to develop effective and targeted job re-design
interventions. For example, the high strain—isolated profile would especially benefit from
organizational interventions aimed at simultaneously reducing job demands and increas-
ing job resources, while the resourceless profile would benefit from actions aimed at im-
proving job resources. At the same time, employees in the resourceful and the active job on
the ward profiles would benefit from interventions to further boost, or at least maintain,
their access to job resources.

4.2. Study Limitations and Future Research

Our study is not exempt from limitations. First, we collected all information using
self-reported measures; thus, it is possible that common method bias and social desirabil-
ity may have affected our results [99]. Future studies should include objective measures
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from different sources for job demands and resources (e.g., actual number of working
hours) and outcomes (e.g., turnover rates, register-based sickness absences) to overcome
this limitation.

Second, being cross-sectional in nature, the present study only allows one to examine
the concurrent differences in job satisfaction among the JD-R profiles that emerged. Lon-
gitudinal and diary studies adopting lagged or intensive time intervals should be per-
formed in the future to investigate the causality and stability/changeability of these char-
acteristics.

Third, we relied on a convenience sample of Italian healthcare workers. Further in-
vestigations would be beneficial to investigate whether our findings could be replicated
using a different sample of healthcare employees and in another cultural context.

Finally, our well-being investigation is limited to job satisfaction, which is assessed
using a single-item measure. Previous studies have demonstrated that job satisfaction is
strongly associated with workers’ overall well-being [26] and, in the healthcare sector,
with improved quality of care, commitment to work, patient satisfaction and reduced
medical errors (e.g., [32,33]). Notwithstanding this, future research may benefit from the
inclusion of additional pathogenic (e.g., burnout, psychological distress) or salutogenic
outcomes (e.g., work engagement, commitment) to investigate whether similar results
could be obtained. Moreover, although prior research has supported the acceptability of
single-item overall job satisfaction metrics as psychometrically sound instruments [25],
future studies may use validated instruments to better explore the association between
different JD-R profiles and various facets of job satisfaction.

5. Conclusions

The current study extends the existing literature on well-being in the healthcare sec-
tor by complementing the variable-centered methodologies with a person-centered ap-
proach. LPA revealed four different configurations of job demands and resources. Using
Bayesian informative hypothesis testing, we found that the employees belonging to the
active job on the ward profile were the most satisfied, while the employees belonging to the
high strain—isolated and the resourceless profiles were the least satisfied. Our results further
underline the paramount role played by job resources in employee well-being. Thus, or-
ganizational interventions intended to increase job resources and to reduce excessive job
demands would be particularly beneficial for employees and organizations, especially in
highly demanding work environments such as the healthcare sector.
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