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Featured Application: Potential application of the work concerns automatic or semi-automatic
systems for the assessment and classification of characteristics of life satisfaction as far as early
risk of work-related stress or burnout.

Abstract: The general goal of the research in this article is to devise an algorithm for assessing
overall life satisfaction—a term often referred to as Quality of Life (QoL). It is aggregated to its own
proposition, called personal life usual satisfaction (PLUS). An important assumption here is that the
model is based on already known and commonly used solutions, such as medical (psychological
and physiotherapeutic) questionnaires. Thanks to this, the developed solution allows us to obtain a
synergy effect from the existing knowledge, without the need to design new, complicated procedures.
Fuzzy multivariate characterization of life satisfaction presents a challenge for a complete analysis of
the phenomenon. The complexity of description using multiple scales, including linguistic, requires
additional computational solutions, as presented in this paper. The detailed aim of this study is
twofold: (1) to develop a fuzzy model reflecting changes in life satisfaction test scores as influenced
by the corona virus disease 2019 (COVID-19) pandemic, and (2) to develop guidelines for further
research on more advanced models that are clinically useful. Two groups affected by professional
burnout to different degrees were analyzed toward life satisfaction twice (pre- and during pandemy):
a study group (physiotherapists, n = 25) and a reference group (computer scientists, n = 25). The
Perceived Stress Score (PSS10), Maslach Burnout Inventory (MBI), Satisfaction with Life Scale (SWLS),
and Nordic Musculoskeletal Questionnaire (NMQ) were used. The resultant model is based on
a hierarchical fuzzy system. The novelty of the proposed approach lies in the combination of the
use of data from validated clinimetric tests with the collection of data from characteristic time
points and the way in which they are analyzed using fuzzy logic through transparent and scalable
hierarchical models. To date, this approach is unique and has no equivalent in the literature. Thanks
to the hierarchical structure, the evaluation process can be defined as a modular construction, which
increases transparency and makes the whole procedure more flexible.

Keywords: computational models; fuzzy logic; quality of life; life satisfaction; burnout; COVID-19

1. Introduction

In a global view of the development and condition of our civilization, we pay attention
to the quality of life of the community. In the colloquial sense, the assessment of life is a
highly subjective parameter. There are many aspects in everyday life that contribute to a
human’s overall satisfaction and contentment.

In scientific studies, general satisfaction of life is often associated with global/national
economic factors such as gross domestic product (GDP; see Abbreviations for list of ab-
breviations) per capita [1,2]. The economic context is important, but there are important
factors independent of it, related to the psychological aspects of life, e.g., burnout. It is also
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difficult to consider satisfaction with life without considering the physical condition of the
human organism.

Personal assessment of life quality is particularly dependent on one’s internal beliefs
and attitudes towards everyday activities, so even a high financial/economic status does
not guarantee a positive assessment of one’s own achievements. Therefore, it is worth
looking at psychological research in search of representative coefficients supporting the
assessment of life satisfaction.

The main contribution of this paper is the proposition of the solution of the scientific
problem. The specific issue to be solved is an interdisciplinary problem of technical and
clinical relevance, with a global reach, related to simple, low-cost, efficient, reproducible,
and accessible diagnostics for the short- and long-term consequences of the COVID-19
pandemic and related conditions.

The main goal of the research presented here is to devise a model and algorithm to
evaluate individual satisfaction with life—a parameter often referred to as Quality of Life [3–5].
In our case, we focus on individual impressions, and not on global economic parameters.
This is why we are introducing the alternative factor, “personal living usual satisfaction”,
or PLUS. An important assumption of the designed algorithm is that the model should
be based on already known and widely used solutions, such as medical questionnaires
(in the field of psychology and physiotherapy). Thanks to this, the developed results will
allow us to obtain a synergy effect from the existing knowledge, without designing new,
complex procedures.

To create a measurement model that will combine data of different nature into one
coherent system, it is worth using fuzzy logic [6–8]. Due to the specificity of psychological
research, many of it is based on questionnaire assessment. In such cases, the linguistic
model—the basis for the fuzzy system—is already pre-prepared.

By using questionnaires as a data source, we have access to a linguistic description of
the dependencies and results. This description is the result of years of experience of the
scientists who develop these questionnaires. To preserve this knowledge and experience
in the created digital model, in the presented research, we used a tool such as the fuzzy
sets and the fuzzy systems. Their main advantage is the ability to define rules based on
a linguistic description. In this way, it is possible to propose an algorithm/model while
maintaining the intuitions and assumptions of data sources that are not described by a
mathematical model.

From a number of previous studies [9–13], the hierarchical model of fuzzy systems
in evaluation applications turned out to be effective; therefore, it was used in the present
research. Thanks to the hierarchical structure, the evaluation process can be defined as a
modular construction. This increases the transparency and makes the whole procedure
more flexible and easier to extend with new parameters or to change the existing ones,
depending on the availability of research.

Designing the individual life quality evaluation procedure, we focus on three different
contexts of personal life aspects:

- general opinion about one’s own well-being and satisfaction;
- physical condition—physical everyday issues;
- satisfaction with work and its results.

If there is no reason to emphasize any area of life, in the reliable quality evaluation
model, we treat all partial assessments as equally important. In the study, the Perceived
Stress Score (PSS10), Maslach Burnout Inventory (MBI), and Nordic Musculoskeletal Ques-
tionnaire (NMQ) were used. PSS10 measures psychological stress—it is used to assess the
extent to which situations in a person’s life are judged by them to be stressful [14]. MBI is
a tool to measure professional burnout in three dimensions: emotional exhaustion (EE),
depersonalization (DP), and personal achievement (PA) [15]. The Satisfaction with Life
Scale (SWLS) is a short 5-item instrument designed to measure global cognitive judgments
of satisfaction with one’s life. The NMQ is a symptom questionnaire for musculoskeletal
disorders, mainly for lower back, neck, and shoulder pain [16]. All of the above-mentioned
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tests are frequently used, valid, and reliable [17–19] and thus comparative material is
more readily available, but they are rarely used simultaneously, which adds value to the
present study.

We were particularly interested in the influence of the COVID-19 pandemic onwell-
being and life satisfaction, taking into consideration also the possible effects of burnout and
occupational stress. Occupational burnout is a multidimensional syndrome that includes
emotional exhaustion, depersonalization, and a low sense of fulfillment at work.

A literature review of the impact of the COVID-19 pandemic on life satisfaction,
conducted on five leading bibliographic databases, showed 354 papers published between
2020 and 2022 (56 in 2020, 195 in 2021, and 146 in 2022), focusing mainly on socioeconomic
disparities. Only one of them used computational intelligence. A similar literature review of
the impact of the COVID-19 pandemic on burnout, conducted on five leading bibliographic
databases, showed 1567 papers published between 2020 and 2022 (393 in 2020, 948 in
2021, and 386 in 2022), including 111 reviews (35 in 2020, 65 in 2021, and 23 in 2022) and
only 19 meta-analyses (5 in 2020, 8 in 2021, and 2 in 2022). As many as 212 papers were
concerned with building some form of model of the impact of the pandemic on occupational
burnout, but none used a computational model for this purpose, significantly speeding up
the analysis and allowing much broader inferences from the data. This paper aims to fill
the aforementioned gap in research and data analysis, drawing on original data from our
own research.

To date, factors such as work overload, material resources, human resources, commu-
nication, and social support at work have been key in explaining burnout. The COVID-19
pandemic and the resulting changes in social interactions, work performance, and increased
workload in some professions (including IT and medical) have further highlighted these
adverse changes. Organizational strategies to offset this additional detrimental impact of
the pandemic have proven necessary. These should include improved work organization,
clear, fluent, and regular communication, increasing control over the work environment,
and improving the confidence and skills of colleagues [20]. Undoubtedly, the COVID-19
pandemic has placed additional strain on healthcare workers, but the specific effects on
these workers remain unknown, despite the fact that healthcare worker burnout is a well-
documented phenomenon. Despite the difficult situation in the healthcare system during
the pandemic, compassion fatigue (CF) and burnout (BO) rates remain moderate/high,
while compassion satisfaction (CS) increases, especially among nurses, probably because of
their motivation to relieve suffering and because of perceived social recognition. Hence,
further intensification of strategies to improve CS and prevent BO and CF in at-risk groups
in the long term is necessary [21]. The review by Galanis et al., on a group of 18,935 nurses,
obtained the following results.

1. They observed that the overall prevalence of

- emotional exhaustion was 34.1%;
- depersonalization was 12.6%;
- lack of personal accomplishment was 15.2%.

2. The main risk factors were found to be

- younger age;
- less social support;
- low family and co-worker preparedness to cope with the COVID-19 outbreak;
- increased sense of threat of COVID-19 virus;
- longer time working in quarantined areas;
- working in a high-risk environment;
- working in hospitals with inadequate and insufficient material and human resources;
- higher workload;
- lower level of specialized COVID-19 training [22].

A similar study conducted among physiotherapists showed that, during
COVID-19 pandemic,
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- over 40% of physical therapists experienced personal and professional burnout and
25% experienced patient-related burnout [23];

- managerial activity was significantly correlated with therapist frustration [24].

Especially during the COVID-19 pandemic, emphasis should be placed on implement-
ing early detection strategies for burnout, the importance of a healthy psychosocial work
environment, increasing job satisfaction, and avoiding role conflict to counteract physical
and mental fatigue and exhaustion for physical therapists [23,24]. A cross-sectional study
among nurses, physician assistants, respiratory therapists, healthcare technicians, physical
therapists, occupational therapists, and speech therapists obtained the following results.

1. Several factors significantly increased the likelihood of at-risk well-being:

- lower levels of resilience;
- use of support resources;
- lack of organization understanding of the emotional support needs of

healthcare workers;
- increased workload;
- insufficient personal protective equipment;
- staff was insufficient to safely care for patients;
- lower levels of psychological safety.

2. Several factors were found to be significantly associated with higher levels of resilience:

- positive perceptions of the organization’s understanding of the emotional sup-
port needs;

- belief that sufficient educational resources were available regarding COVID-19
patient care;

- positive perceptions of support from direct supervisors;
- positive perceptions of staff redeployment policies;
- higher levels of psychological safety [25–27].

Prior to the COVID-19 pandemic, more than 50% of physicians reported symptoms of
professional burnout, and this number is likely increasing as the pandemic continues [28].
The aforementioned situation significantly affects the health of the population and the
effectiveness of the workforce, representing an important scientific, clinical, economic,
and social problem. Objectification and reduction of measurement uncertainty will allow
not only for a more accurate estimation of the current state, but also forthe prediction
of future values and trend measurement to potentially reverse the direction of change
from negative (increase in burnout and its severity over time) to positive (stabilization
and then decrease in burnout and its severity over time). The historical trajectory, the
way it is defined, the diversity of etiologies and symptoms, their personalization, and the
imprecision of clinical diagnosis require dedicated tools housed in preventive medicine and
lifestyle medicine [28]. One such tool is fuzzy models, already used in the computational
modeling of health-related outcomes, including disease diagnosis [9–11,29,30]. A review of
the literature showed 6208 publications concerning applications of fuzzy logic in medicine
(1974–2022). The literature review showed that fuzzy logic is increasingly being used
effectively to diagnose diseases based on symptoms and historical and clinical data, and its
popularity is growing. Major areas of fuzzy logic applications in medicine to date include
diagnostic testing and/or therapy for diabetes, heart, lung, liver and kidney diseases, breast
cancer, cholera, brain tumors, asthma, viral diseases, Parkinson’s disease, and Huntington’s
disease, as well as ophthalmology (iris) and dentistry [29]. Among the important directions
indicated for the application of fuzzy logic is the study of celiac disease [29].

The research gap lies in the lack of a fuzzy model reflecting accurately and flexibly the
changes in life satisfaction test scores under the impact of the COVID-19 pandemic, and
indirectly in the lack of guidelines for further research on more sophisticated models that
are technically feasible and clinically useful.

Only two of all found articles concern the application of fuzzy logic [11,31]. The
first article presents a new fuzzy algorithm model that extends the interpretability of
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the scale scores obtained with the Maslach Burnout Inventory (MBI) [11]. The other
paper deals with the use of fuzzy logic to design an intelligent fuzzy inference system to
assess midwives’ burnout levels. It takes into account both findings from the literature on
professional burnout and expert knowledge obtained through semi-structured interviews.
It incorporates fuzzy rules as more intuitive and easier to understand and modify by
users. The study confirms the consistency of midwives’ burnout ratings generated by the
fuzzy system with the experts’ ratings in terms of precision and personalization. This
extends the functionality of the system beyond simple assessment also to the study of the
interdependence of burnout factors and supports the creation of prevention strategies [8].

Fuzzy logic belongs to artificial intelligence (AI) and, more broadly, computational in-
telligence (CI) methods [8,32]. The process of making clinical decisions based on diagnostic
test results, patient history, etc., is inherently accompanied by ambiguity and uncertainty,
which can be reduced by using fuzzy logic [33]. Uncertainty here does not mean a lack of
knowledge, but only a lack of unambiguous accuracy of linguistic description that cannot
be assessed by statistical methods or probability calculus. Hence, in the absence of a fuzzy
description, the choice would be subject to greater error. Uncertain knowledge works in
the vast majority of cases, but not in every case. It is equivalent to expert knowledge—each
expert draws knowledge and diagnostic rules from his or her own experience, but this
experience need not be the same. The concept of “minor stress” or “moderate pain”, as well
as an “appropriate dose of medication”, may also be experienced or described differently
by different patients. In the case of fuzzy sets, a feature value may only belong to the
set to some degree, allowing for a more tailored description of the value of diagnostic
uncertainty. In this way, descriptive information typical for humans is converted into
numerical information (e.g., about the represented range of numbers) that is possible to
process by computational systems. The process of converting values from the domain of
real numbers to values from the domain of fuzzy sets is called fuzzification, and the reverse
process is defuzzification. It allows a certain freedom of value operation and information
exchange in the system–human relationship. From the perspective of constructing a fuzzy
system, the following steps are crucial:

- definition of the task and how it can be accomplished using fuzzy sets;
- definition of linguistic variables and their fuzzy equivalents;
- definition of membership functions;
- definition of a set of fuzzy rules for these variables;
- choice of defuzzification method.

Thus, a clinical decision support system based on Mamdani-type fuzzy data using
clustering and pivot tables can help to make clinical decisions concerning five groups
of diseases [34] or musculoskeletal disorders [35]. The current study is a step toward
developing computational patient models to support medical professionals in diagnosing
burnout. Digital patient twins and artificial intelligence-based optimization can play a
key role in improving the accuracy, efficiency, and safety of such computational tools and
supporting the fulfillment of constraints in patient-specific solutions [36,37].

The novelty of the proposed approach lies in the combination of the use of data from
validated clinimetric tests with the collection of data from characteristic time points and
the way in which they are analyzed using fuzzy logic through transparent and scalable
hierarchical models. To date, this approach is unique and has no equivalent in the literature.

The aim of this study is twofold: (1) to develop a fuzzy model reflecting changes in
life satisfaction test scores as influenced by the COVID-19 pandemic, and (2) to develop
guidelines for further research on more advanced models that are clinically useful.

2. Materials and Methods
2.1. Materials

The results of the MBI were analyzed in two groups: a study group (physical therapists,
n = 25) and a reference group (informaticians, n = 25). A clinical summary of the subjects is
presented in Table 1.
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Table 1. Clinical summary of the subjects.

Study Group
(n = 25, 100%)

Reference Group
(n = 25, 100%)

Age (years)
Mean 26.92 26.12

SD 3.97 3.94
Min 22 22
Q1 24 23

Median 25 25
Q3 29 27

Max 34 35

Seniority (years)
Mean 3.2 3.36

SD 2.61 2.53
Min 1 1
Q1 1 1.5

Median 2 3
Q3 5 4

Max 8 9

Gender:
Females (F) 10 (40%) 11 (44%)
Males (M) 15 (60%) 14 (56%)

2.2. Methods

There are several clinical scales used to assess job stress, burnout, and well-being.
We used four of them: Perceived Stress Score (PSS10), Maslach Burnout Inventory (MBI),
Satisfaction with Life Scale (SWLS), and Nordic Musculoskeletal Questionnaire (NMQ). The
choice of tests was dictated by a number of factors, most notably the universality of their
use with global reach (not necessarily in combination, such as in this study), the validity
and reliability of the tests, and the possibilities for the replication of the tests, in addition
to identifying directions for further research, particularly in the domain of computational
analysis. The characteristics of each scale relevant to the multivariate analysis are presented
in Table 2.

Table 2. Multivariate assessment used in the study.

Scale PSS10 MBI SWLS NMQ

Direction of
change

the higher the score, the
higher the stress

the higher the score, the
higher the stress

the higher the score, the
higher quality of living

the higher the score, the
higher number

of problems

Scoring 1–4: low
7–10: high

three component scales:
emotional exhaustion (9

items), depersonalization
(5 items), and personal

achievement (8 items), are
measured separately

range of scores is 5–35,
where 5–9 extremely

dissatisfied with life, 20
neutral, 31–35 extremely

satisfied with life

whether someone has
problems with their

locomotion and
how often

Each study participant was evaluated twice: before the COVID-19 pandemic and in
the second year of the pandemic.

2.3. Statistical Analysis

The results of the tests and calculations were each time recorded in an MS Excel spread-
sheet and statistically analyzed using Statistica 13 (StatSoft, Tulsa, OK, USA). The normality
of the data distribution was checked each time using the Shapiro–Wilk test (α = 0.05).
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The p value was set at 0.05. The significance level was set at 0.05 because this value is
commonly used in biomedical publications, and we would like our results to be comparable
with others published within the topic of burnout analysis.

Values for distributions close to the normal distribution were represented by the mean
value and standard deviation (SD).

Values for distributions deviating from the normal distribution were represented by the
median, minimum value, maximum value, and lower quartile (Q1) and upper quartile (Q3).

The strength and direction of correlation between the results were represented using
Spearman’s Rho coefficient.

2.4. Computational Methods

The main goal of the research was to adopt linguistic models of psychological ques-
tionnaires in an evaluation algorithm. Therefore, for its construction, the fuzzy system
was used as the basic tool for the computation of linguistically defined rules.To design the
evaluation process, where the different sources of data are proposed, we need a system
with multiple inputs and one output, which will be the final assessment.

As part of the research, three fuzzy systems were defined. Since the assumptions of the
evaluation are based on questionnaires whose principles and interpretation are described
linguistically, we rely on fuzzy systems of the Mamdani type.

During previous research [9–13], the configuration below was efficient:

• aggregation of premises in the rules—PROD;
• implication—MIN;
• aggregation of results from the rules (accumulation)—MAX;
• defuzzification—center of gravity (COG).

The aforementioned parameters were used also in all of the models proposed in
this paper.

By using fuzzy systems in the models of evaluation, we obtain a flexible tool for scaling
the results. We use this advantage to make the results scale as an interval [0;1].

We use mainly normal trapezoidal fuzzy sets (they can also be called fuzzy intervals);
therefore, to describe them, we use a similar notation as in LR fuzzy sets (see Dubois Prade,
1980 [38]). However, we change the order of the values. For example, a trapezoidal fuzzy
set T can be described as below:

T = (l, k1, k2, r)

where l—the beginning of the support of T, r—end of the support, k1,k2—define the kernel
interval of trapezoidal fuzzy set T.

Such description of a fuzzy set is a standard in many popular scientific tools such as
Mathlab, Octave, or Scilab.

For the research in this paper, the six inputs of data were separated as follows.

- PSS10—Perceived Stress Score

• range of values XPSS = (0;40);
• general interpretation: the higher value means the worse situation;
• specificity of the interpretation suggests three potential output states.

- SWLS

• range of values XSWLS = (5;35);
• general interpretation: a lower value means a worse situation;
• specificity of the interpretation suggests six potential output states; however, as

the numerical interval is narrow, we paired the context of the outputs, obtaining
finally three potential output states.

- NMQ—Nordic Musculoskeletal Questionnaire

• range of values XNMQ = (0;40);
• general interpretation: ahigher value means aworse situation;
• there is no specific number of output interpretations.
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Although the Maslach Burnout Inventory (MBI) is one questionnaire, it represents
three quite different factors, so it is reasonable to treat them separately. Additionally, each
of them has its own scale and interpretation.

- “Emotional exhaustion” Xem

• range of values Xem = (0;54);
• general interpretation: a higher value means a worse psychological condition.

- “Depersonalization” Xdep

• range of values Xdep = (0;30);
• general interpretation: a higher value means a worse psychological condition.

- “Lack of personal achievements” Xachiev

• range of values Xachiev = (0;48);
• general interpretation: a lower value means a worse psychological condition—

note that it is opposite to the other MBI factors.

All three factors have three specific potential interpretations of output states.
These above input data belong to three different concepts of life quality evaluation.

(a) PSS10 and SWLS—the respondent’s general opinion about their own life.
(b) NMQ—physical state.
(c) MBI factors—job burnout.

Proposition 0

The very first trivial attempt of the design of the evaluation proposition was a simple
fuzzy system.

The input variables PSS10 and SWLS were described by three linguistic values (derived
from the specificity of questionnaire interpretation) and the rest by two. Such a system
needed a number of rules:

|R| = 3 × 3 × 2 × 2 × 2 × 2 = 144

where R represents the set of rules for the system.
This trivial proposition was only the starting point. Different concepts of measuring life

quality are not equally represented, so the results cannot be treated as truly representative.

Proposition 1

As the first working proposition, the hierarchical fuzzy system was used based on
previous experience [9–13]. Apart from the reduction in the number of rules, this conception
allowed for modular construction (see Figure 1). This caused the final assessment to depend
on three input sources with equal importance, which we expected from the evaluation.
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Model 1 is a two-tiered hierarchical system divided into three modules:

- mental state assessment module—a system that collects data from the PSS10 (three
linguistic values) and SWLS;

- physical state assessment module—a system collecting data from the NMQ
survey questionnaires;

- burnout assessment module—based on MBI, but divided into 3 features: emotions,
depersonalization, and lack of achievements; this was a simplified structure of the
approach given inthe work of Prokopowicz and Mikołajewski [11].

For Module 1, input variables PSS10 and SWLS have three input variables—three
linguistic values—so the number of rules is:

|RMOD1|= 3 × 3 = 9

As Module 2 is represented only by the NMQ factor, it is simply a fuzzy system-based
normalization of the input to the [0;1] interval. As, in this case, we described the input by
three values, we have three rules:

|RMOD2| = 3

Module 3 represents a concept from our previous research (Prokopowicz and
Mikołajewski [10]).

Here, we have three MBI factors as inputs and each has three fuzzy values.
Therefore, rules are counted as follows:

|RMOD3|= 3 × 3 × 3 = 27

The final system’s purpose is the aggregation of the results from the modules. Inputs
are normalized to [0;1] thus, we use the simplest model—three inputs with two values each.
The number of rules for this solution is:

|RFINAL|= 2 × 2 × 2 = 8

The whole system using the sum of rules is:

|R|= 9 + 3 + 27 + 8 = 47

The number of rules is significantly smaller than for the trivial attempt, but more
importantly, the model is more intuitive.

Proposition 2

This proposition is an extended version of the previous one. In fact, the number of
rules is not as important as the flexibility and intuitiveness. Therefore, during the research,
we defined more variants of the evaluation fuzzy systems. They were slightly different;
here, we present the system that processes the information with more detailed portions
of data.

The reason for the proposition is the further averaging adopted in the processing of
data in the modules and taking into account more detailed characteristics of evaluation.

To the previous proposition, an additional tier was added. Its purpose is the pre-
normalization of inputs. For every input is added a simple, one-in-one-out fuzzy system.
However, for Module 2, there is only one input, so, in fact, this module was already
(previously) suitable for the pre-normalization of data. Thus, in this case, there was
no change.

For the Module 1 system—gathering input factors—we used two values in each input.
For the Module 3 system, as there are three inputs, we used three values for each, to

maintain the averaging quality of data processing.
The numbers of rules are as follows.
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Module 1:
|RPSS| = 3, |RSWLS| = 3, |RMOD1| = 2 × 2 = 4,

Module 2:
|RMOD2| = 3,

Module 3:

|RDepersonalization| = 3;|REmotions| = 3; |RAchievements| = 3; |RMOD3| = 3 × 3 × 3 = 27,

Final:
|RFINAL| = 2 × 2 × 2 = 8.

|R| = 3 + 3 + 4 + 3 + 3 + 3 + 3 + 27 + 8 = 57.

The extended variant of the hierarchical fuzzy system added a small number of rules
compared to the previous proposition. An additional effect is that, after the first tier, we
have a normalized [0;1] assessment. Furthermore, some parameters weredefined with the
opposite interpretation (the lower, the better), but after the first tier, all data have the same
direction of interpretation.

3. Results
3.1. General Results

The results of the study are presented in the tables below (Tables 3–6). The values, ex-
pressed as medians, were significantly worse in the study group than in the reference group.

Table 3. General multivariate results in the study (only statistically significant changes included).

Scale PSS10 MBI SWLS NMQ

Direction of change in
group 1

(physiotherapists)
after COVID-19

higher stress higher stress lower quality
of living

higher number
of problems

Direction of change in
group 2

(informaticians)
after COVID-19

lower stress lower stress higher quality
of living no change

The differences between the groups are shown in the tables when discussing Models 1–3.

3.2. Fuzzy Evaluation Models Summary

Three fuzzy models, representative of the larger number of models studied, have been
selected for presentation in this paper.

As a baseline, we created Model 0—a traditional (non-hierarchical) approach: all data
are processed by one fuzzy system, which results in a large number of 144 rules. The model
described and constructed in such a way works, but it is impractical in everyday use, so we
treat it as a reference model for other, more advanced models presented later in this paper.
This model also proves that, even with a large number of data and rules, it is possible to
create a traditional fuzzy model, but it is worthwhile to optimize it. The next two models
represent hierarchical algorithms.

Model 1 is a two-tiered hierarchical system divided into three modules:

- mental state assessment module—a system that collects data from the PSS10
and SWLS;

- physical state assessment module—a system collecting data from the NMQ
survey questionnaires;
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- burnout assessment module—based on MBI, but divided into three features: emotions,
depersonalization, and lack of achievements—with a simplified structure adapted
from the work of Prokopowicz and Mikołajewski [11] (Table 7, Figure 1, Figure 2).

Table 4. Results for the study group.

Scale PSS10 MBI SWLS NMQ

Mean 29.16 48.76 16.6 0.72
SD 2.43 14.68 4.06 0.73
Min 25 32 10 0
Q1 28 38 14 1
Median 28 46 16 1
Q3 31 52 18 1
Max 34 79 15 2

Distribution data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

Mean 30.6 57.24 14.96 0.73
SD 2.12 13.14 3.75 0.74
Min 27 39 8 0
Q1 29.5 44.5 13 1
Median 30 55 14 1
Q3 32 72 16 1
Max 35 79 25 2

Distribution data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

Table 5. Results for the reference group.

Scale PSS10 MBI SWLS NMQ

Mean 18.76 17.2 54.16 0.44
SD 3.38 2.72 16.67 0.51
Min 10 14 25 0
Q1 17.5 15 44.5 0
Median 19 17 53 0
Q3 21 18 69 1
Max 24 24 77 1

Distribution data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

Mean 16.24 13.88 63.6 0.48
SD 2.85 2.35 15.07 0.51
Min 10 10 41 0
Q1 15 12.5 51 0
Median 16 14 64 0
Q3 18 15 76 1
Max 21 20 87 1

Distribution data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

data are not normally
distributed

Table 6. Correlations between test results.

Group 1 (Physical Therapists)—before COVID-19

Scale PSS10 MBI SWLS NMQ

PSS10 - 0.473
p = 0.016 n.s. n.s.

MBI 0.473
p = 0.016 - n.s. 0.440

p = 0.028



Appl. Sci. 2022, 12, 7376 12 of 22

Table 6. Cont.

Group 1 (Physical Therapists)—before COVID-19

Scale PSS10 MBI SWLS NMQ

SWLS n.s. n.s. - n.s.

NMQ n.s. 0.440
p = 0.028 n.s. -

Group 1 (Physical Therapists)—after COVID-19

PSS10 - 0.430
p = 0.032 n.s. n.s.

MBI 0.430
p = 0.032 - −0.483

p = 0.015 n.s.

SWLS n.s. −0.483
p = 0.015 - n.s.

NMQ n.s. n.s. n.s. -

Group 2 (Informaticians)—before COVID-19

PSS10 - n.s. n.s. n.s.

MBI n.s. - n.s. n.s.

SWLS n.s. n.s. - 0.805
p = 0.000

NMQ n.s. n.s. 0.805
p = 0.000 -

Group 2 (Informaticians)—after COVID-19

PSS10 - n.s. n.s. n.s.

MBI n.s. - n.s. n.s.

SWLS n.s. n.s. - 0.528
p = 0.007

NMQ n.s. n.s. 0.528
p = 0.007 -

n.s. = not significant.

Table 7. Fuzzy models: Model 1, groups 1 and 2.

No.
Physical Therapists Informaticians

Before
COVID-19

After
COVID-19 Change Before

COVID-19
After

COVID-19 Change

1 0.660 0.603 −0.058 0.579 0.574 −0.004

2 0.511 0.498 −0.014 0.674 0.587 −0.087

3 0.543 0.535 −0.008 0.615 0.603 −0.012

4 0.616 0.594 −0.023 0.650 0.638 −0.012

5 0.643 0.631 −0.012 0.556 0.522 −0.034

6 0.511 0.502 −0.009 0.691 0.547 −0.144

7 0.540 0.543 0.004 0.600 0.574 −0.026

8 0.607 0.601 −0.005 0.660 0.609 −0.051

9 0.651 0.593 −0.058 0.554 0.540 −0.014

10 0.534 0.520 −0.014 0.684 0.596 −0.088

11 0.556 0.518 −0.038 0.578 0.509 −0.069
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Table 7. Cont.

No.
Physical Therapists Informaticians

Before
COVID-19

After
COVID-19 Change Before

COVID-19
After

COVID-19 Change

12 0.585 0.562 −0.023 0.643 0.586 −0.057

13 0.607 0.600 −0.007 0.567 0.531 −0.036

14 0.572 0.538 −0.035 0.591 0.510 −0.081

15 0.560 0.557 −0.004 0.583 0.557 −0.026

16 0.535 0.564 0.029 0.645 0.622 −0.023

17 0.642 0.571 −0.071 0.537 0.474 −0.064

18 0.516 0.529 0.013 0.664 0.559 −0.104

19 0.557 0.559 0.002 0.588 0.569 −0.019

20 0.606 0.549 −0.056 0.600 0.526 −0.074

21 0.519 0.554 0.035 0.582 0.529 −0.053

22 0.533 0.533 0.000 0.608 0.591 −0.017

23 0.493 0.464 −0.030 0.582 0.545 −0.037

24 0.568 0.520 −0.048 0.621 0.627 0.006

25 0.611 0.607 −0.004 0.608 0.617 0.009

Min 0.493 0.464 −0.071 0.537 0.474 −0.144

Max 0.660 0.631 0.035 0.691 0.638 0.009

Mean 0.571 0.554 −0.017 0.610 0.566 −0.045

SD 0.049 0.040 0.027 0.043 0.042 0.037

Median 0.564 0.555 −0.013 0.604 0.571 −0.036

Q1 0.534 0.529 −0.035 0.582 0.531 −0.069

Q3 0.607 0.593 −0.004 0.645 0.596 −0.017

Model 2 is a hierarchical system similar to Model 1, but with an additional initial layer
in the form of simple fuzzy systems for the results from each type of questionnaire, which
performs an initial normalization of the questionnaire data to the 0–1 interval (Table 8,
Figures 3 and 4).

New features were extracted as measurable properties of the observed phenomenon.
The aforementioned datasets became the starting point for the development of three
different fuzzy models, from which, after comparison, the one that was best suited to
the study groups and the way that they were evaluated was selected. The third model
clearly has an advantage.

In summary, this paper defines two fuzzy systems (Model 1, Model 2) for assessing
certain psychological factors. Verification indicated that Model 2 was a better fit to the
characteristics and changes in the input data than Model 1 (Table 9). Furthermore, Model 2
was a better fit to the characteristics and changes in the data in the physiotherapist group
than in the IT group. This points to the possibility and even necessity of adapting and tuning
models to specific patient groups to facilitate their use in a personalized medicine setting.

Overall, the essential added value of Models 1 and 2 presented is the accurate trans-
lation of existing medical procedures into evaluation algorithms while maintaining the
assumptions of the linguistically described model.

The computational analysis was carried out using proprietary software that is part of
a library developed over the last 10 years for processing and calculating Ordered Fuzzy
Numbers (OFN). The computational correctness of the above solutions has been confirmed
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so far, many times, by control calculations using spreadsheets or comparison with reference
values obtained from Matlab’s Fuzzy Logic Toolbox.

Table 8. Fuzzy models: Model 2, groups 1 and 2.

No.
Physical Therapists Informaticians

Before
COVID-19

After
COVID-19 Change Before

COVID-19
After

COVID-19 Change

1 0.656 0.599 −0.057 0.574 0.570 −0.004

2 0.489 0.471 −0.018 0.669 0.587 −0.082

3 0.537 0.507 −0.030 0.611 0.595 −0.016

4 0.607 0.589 −0.018 0.650 0.629 −0.021

5 0.639 0.631 −0.008 0.552 0.513 −0.039

6 0.490 0.490 0.000 0.682 0.544 −0.138

7 0.523 0.528 0.006 0.596 0.570 −0.026

8 0.580 0.580 0.000 0.660 0.609 −0.051

9 0.646 0.581 −0.065 0.550 0.540 −0.010

10 0.525 0.501 −0.023 0.670 0.591 −0.079

11 0.560 0.515 −0.044 0.569 0.494 −0.075

12 0.576 0.553 −0.023 0.643 0.586 −0.057

13 0.603 0.584 −0.019 0,556 0.521 −0.035

14 0.558 0.507 −0.051 0.591 0.506 −0.085

15 0.549 0.547 −0.002 0.579 0.547 −0.032

16 0.531 0.553 0.022 0.650 0.628 −0.022

17 0.628 0.544 −0.084 0.526 0.464 −0.062

18 0.500 0.517 0.016 0.659 0.555 −0.104

19 0.551 0.547 −0.004 0.584 0.565 −0.018

20 0.597 0.512 −0.085 0.596 0.515 −0.081

21 0.521 0.546 0.025 0.578 0.524 −0.054

22 0.523 0.508 −0.016 0.608 0.581 −0.027

23 0.486 0.448 −0.038 0.578 0.535 −0.043

24 0.564 0.504 −0.060 0.621 0.628 0.006

25 0.597 0.580 −0.017 0.613 0.617 0.004

Min 0.486 0.448 −0.085 0.526 0.464 −0.138

Max 0.656 0.631 0.025 0.682 0.629 0.006

Mean 0.561 0.538 −0.024 0.607 0.561 −0.046

SD 0.050 0.043 0.030 0.044 0.045 0.036

Median 0.559 0.545 −0.019 0.602 0.568 −0.041

Q1 0.523 0.507 −0.044 0.578 0.524 −0.075

Q3 0.597 0.580 −0.002 0.650 0.591 −0.021
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Table 9. Verification of models: correlations between their results and change intest outcomes.

Group 1 (Physical Therapists)

Scale Model 1 Model 2

Change in PSS10 −0.493
p = 0.012

−0.484
p = 0.014

Change in MBI n.s. −0.161
p = 0.044

Change in SWLS 0.278
p = 0.001

0.369
p = 0.069

Change in NMQ n.s. 0.039
p = 0.049

Group 2 (Informaticians)

Change in PSS10 n.s. 0.157
p = 0.009

Change in MBI n.s. 0.390
p = 0.009

Change in SWLS −0.322
p = 0.012

−0.283
p = 0.016

Change in NMQ −0.350
p = 0.046

−0.390
p = 0.044

n.s. = not significant.

4. Discussion

The solution presented in this publication directly transfers the theoretical assumptions
of measurements carried out through psychological questionnaires to a practical algorithm.
It is possible, due to the application of a fuzzy system and its potential, to create a model
based on linguistic description. The choice of the method appropriate to the investigated
decision problem is not easy: Gershon’s model contains 27 criteria to compare multi-criteria
methods, and Tecle’s model contains as many as 49 criteria to compare multi-criteria
methods. Usually, the choice of the appropriate method itself is a multi-criteria problem
and should be based on its properties and expert experience.

Fuzzy sets are used in multi-criteria analysis when the feature of a decision variant is
described by several values. The use of fuzzy numbers makes it possible to take into account
in the decision-making process such situations in which the values of features are described
ambiguously (linguistically) or take several values, creating a certain range of variability. It
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is used, among others, in the fuzzy decision-making method TOPSIS (The Technique for
Order of Preference by Similarity to Ideal Solution), which is based on the determination of
the distances of considered values from ideal and non-ideal solutions. The final result of
the above-mentioned analysis is a synthetic index, creating a ranking of examined versions,
where the best one is considered to be the one with the smallest distance from the ideal
solution and, at the same time, the largest distance from the non-ideal solution. The largest
value of the ranking coefficient indicates the best variant.

The literature review showed 512 biomedical studies using TOPSIS published between
1987 and 2022, of which 149 studies (published between 2007 and 2022) involved the use of
fuzzy TOPSIS [39,40]. However, none of the aforementioned publications addressed the
use of the TOPSIS method in the diagnosis and treatment of burnout. The total number of
papers on the use of fuzzy multi-criteria analysis in biomedical research was 319 between
1999 and 2022. Unfortunately, there were no papers on occupational burnout.

The review of 569 studies by Broekhuizen et al. showed that multi-criteria decision
analysis (MCDA) is increasingly being used to support decisions in healthcare. The most
commonly used approaches are

- fuzzy set theory (45%);
- deterministic sensitivity analysis (31%);
- probabilistic sensitivity analysis (15%);
- Bayesian framework (6%);
- grey theory (3%) [41].

The analytic hierarchical process combined with fuzzy set theory was used in as many
as 31% of the studies, but only 3% of the studies were published in health-related journals.
The conclusions emphasize that, for most health decisions, a deterministic approach (effec-
tive with low complexity and simple interpretation and implementation) may be sufficient,
but in cases where multiple sources of uncertainty need to be considered simultaneously, a
more complex approach is needed [41,42]. Fuzziness of burnout has been confirmed by
Maijaand & Katri [43]. In a traditional work-centered society, work structures, daily life,
routines and habits, and work-related malaise require a “work-like” health management
system based on research findings. Employees with burnout experience work-related dis-
tress that can be assessed and analyzed. This will both increase the effectiveness of burnout
prevention strategies and the impact of other factors such as the COVID-19 pandemic,
reduce absenteeism, and maintain a morally valuable assessment of the conduct of the
aforementioned individuals not wanting to further endanger others [43]. Patients on sick
leave due to burnout generally rated their health-related quality of life (HRQoL) as very
poor, and their scores were significantly lower on all subscales compared with healthy
full-time working individuals [44]. The phenotypic correlation between job burnout and
sick leave due to somatic conditions is 0.07. The above-mentioned correlation was not
influenced by family factors, but the correlations between job burnout and sick leave due to
stress (0.26) and other psychiatric disorders (0.30) were completely explained by common
genetic factors [45]. There is little quantitative research, in addition to varying methodolog-
ical quality, that examines factors associated with return-to-work burnout. Further research
is needed to refine guidelines for occupational healthcare support activities [46].

The solution proposed in this paper (PLUS) is an alternative to the above approach.
The study adds significantly to our knowledge of fuzzy-based modeling for the situation of
patients with job burnout. The results may be useful both in computational projects and in
clinical work in terms of future research.

Only one study so far concerned the computational analysis of the impact of the
COVID-19 pandemic on life satisfaction, but it used simple nomograms [47]. The results of
this study suggested that the government of South Korea should provide economic support,
infectious disease education, and individualized psychological counseling programs for
people at high risk of life dissatisfaction following the COVID-19 pandemic. Due to the
specificity of the South Korean population, it is difficult to compare the results of the
aforementioned study with ours.
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Important limitations of the study presented here are the small group sizes and the
relatively young age of the participants. The aforementioned data will be supplemented in
subsequent studies for further factor groups. Currently, a comparable solution is lacking
among both scientific and clinical approaches. Hence, the research questions posed, the
proposed fuzzy logic approach, and the results presented provide an important starting
point for further research. Our approach can be extended to inference and prediction using
artificial neural networks, as well as to studying the unevenness (degree of rate of change)
of individual test results using multifractal analysis.

Artificial intelligence-based frameworks are increasingly used in computer-aided di-
agnosis (CADx) and computer-aided detection (CADe) systems. The hierarchical structure
of the fuzzy system allows for a more flexible combination of multiple data sources, which
makes the tool presented developable and more useful in the future, when extending the
research presented here. Extensions include analyzing trends and predicting values in
the medium and long term, enabling the timely implementation of strategies to prevent
detrimental changes and losses for companies, including in light of post-pandemic changes,
which may exacerbate the group of phenomena described.

It has been possible to create a single tool that aggregates the results obtained from
multiple tests. This enables more aspects of the phenomenon to be covered, including
complex ones such as burnout, so that the resulting assessment will be even more accurate
and complete. This also emphasizes the possible impact of our approach. One of the goals
of the research presented in this paper was to preserve the experience of psychologists in the
final model; therefore, the structure of the fuzzy system proposed in the paper is based on
linguistic models, whose structure comes directly from the interpretation of certain (used)
psychological questionnaires. Thus, also, we do not search the fuzzy system’s structural
composition by adaptation from data. Additionally, there are too few data for a model
created by adaptive methods to be reliable.

As the practical application of the proposed model is the assessment of changes in
PLUS, an interesting area of future research is the possibility of using the potential of
OFN [8,48–50]. This allows for the modeling and processing of information about the
dynamics of changes while maintaining the intuitiveness of fuzzy models. Moreover,
because the model proposed here operates on fuzzy values [51–54], it is quite simple to
generate results that can be further analyzed and processed as OFN. A key direction for
further research is also to increase the number of measurement points over time (more
than two), so that a trend can be identified and a development scan be predicted while
the influence of the environment remains unchanged. This applies both to healthy people
(as part of preventive medicine) and to people with various diagnosed conditions [55–57].
The development of both of the above-mentioned groups of applications requires research
both on larger groups of patients (within the framework of big data) and on small datasets
(within the framework of so-called precision medicine) [58–61].

Finally, the intuitiveness and modularity of the presented algorithm gives important
advantages in the development and use of the PLUS parameter concept. This is in terms
of the flexibility of the model, as it is easy to adapt to a different set of base coefficients.
With the availability of other survey data covering the same module, we can easily include
them in the algorithm, without significantly changing the basic measurement structure.
For example, if we wish to replace the data from PSS10 with another parameter assessing
the general mental state of a patient, we can easily replace this element in the model while
retaining the rest. Of course, the comparability of the results based on various sources
requires further research. However, when normalized at the lowest level of the hierarchical
structure (as in Model 2), the rest of the processing is similar, regardless of the data source.

5. Conclusions

By building systems for the artificially intelligent analysis of biomedical research
results, we seek to discover both new tools and new knowledge/mechanisms that are
difficult to extract by other methods.
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The new fuzzy models (PLUS) presented in this paper represent a promising new
tool to support clinicians in the area of the computational analysis of life satisfaction,
including job stress and burnout, useful for screening. New computational tools to support
diagnosticians can speed up the arrival of help and increase effectiveness in prevention,
as well as enabling early prediction of the development of already detected conditions
and diseases. Such solutions may help to identify new markers, more sensitive than the
ones used so far, allowing the earlier detection of the initial stages of the aforementioned
conditions, in order to refer patients for further, more advanced diagnosis and, if necessary,
specialized therapy. The readability and flexibility of the linguistic rules in the models
makes it easier to take into account the individual characteristics of the study population
when implementing the model and facilitates more advanced analyses.

In the medical context, the main benefit of the results presented in this work, including
PLUS, is the definition of an evaluation model that transforms test results into a universal
percentage scale, while preserving the properties of the guidelines underlying the group of
tests used for the study.
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Abbreviations

AI artificial intelligence
CADx computer-aided diagnosis
CADe computer-aided detection
CI computational intelligence
COG center of gravity
COVID-19 corona virus disease 2019
GDP gross domestic product
HRQoL Health-Related Quality of Life
NMQ Nordic Musculoskeletal Questionnaire
MBI Maslach Burnout Inventory
OFN Ordered Fuzzy Numbers
PLUS personal life usual satisfaction
PSS10 Perceived Stress Score
Q1 lower quartile
Q3 upper quartile
QoL Quality of Life
SD standard deviation
SWLS Satisfaction with Life Scale
TOPSIS The Technique for Order of Preference by Similarity to Ideal Solution
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