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Abstract: This article aims to identify the social groups particularly vulnerable to pandemic-
related stress in the urban environment. The research seeks answers to questions regarding
the following: (1) the demographic and socio-economic features of vulnerable groups and
(2) their location in the city space. The main research tool was a geosurvey in which re-
spondents determined the stress level experienced. The area of investigation covered three
Polish cities. The results obtained were devised using statistical analysis methods. They
make it possible to state that the features most differentiating stress level were sex, age,
occupational activity, and profession practised. Women, persons aged 60+, economically
inactive people (pensioners and unemployed people), and those practising certain profes-
sions, especially representing the tourism sector, were the groups most vulnerable to stress.
The areas concentrating vulnerable groups were mainly centres of compact development.
We assume that this knowledge will allow for improving public health conditions in cities,
strained by the COVID-19 pandemic, preparing strategies for adaptation to threats such as
a pandemic, with regard to planning and city governance, and, thus, increasing city stress
resilience and preparing better for further similar risks.

Keywords: city resilience; vulnerable groups; post-pandemic city; geospatial analysis

1. Introduction
Cities should build resilience to various threats called stressors to facilitate sustainable

development and ensure healthy and safe living conditions for residents. This is all the
more important because the urban environment makes city dwellers more exposed to
stress [1] and, at the same time, more sensitive to it than rural inhabitants [2]. As their
reaction to stress is stronger, they more often suffer from cognitive impairment, anxiety
and fear, or depression [2].

Not experienced before on such a large scale, the COVID-19 pandemic was an addi-
tional, new stressor, which turned into a world crisis, wreaking havoc among countries,
regions, and cities in a short time. As cores of global networks of businesses, tourism, and
supply chains, cities badly suffered the consequences of the COVID-19 pandemic [3]. This
was because of the fast pace of viral transmission, difficulties in maintaining distance by
residents, and often also due to the unfavourable results of preventive measures taken
by public authorities [4–6]. To limit infections, public places such as schools, universities,
parks (even forests), concert halls, theatres, and sports facilities were closed and interim re-
strictions on mobility were introduced [7,8]. Moreover, many businesses stopped operating
(restaurants, hotels, gyms, etc.) and a system of remote working was adopted wherever
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possible, which was a completely unknown practice for employers and employees in most
sectors of the economy. Unprecedented measures related to new education forms, like
distance learning, were also implemented [9].

These significant changes in daily routine required individual and social flexibil-
ity and quick adaptation. In this context, the pandemic-induced crisis, alongside its
related constraints and consequences, led to hopelessness, anxiety, fears, sleeping prob-
lems, and concerns about health (physical and mental), as well as economic and social
consequences, depression, post-traumatic stress disorders, and the exacerbation of many
other diseases [10–13]. All these symptoms resulted from a higher stress level and were
observed more often during the COVID-19 pandemic [9,14]. People under stress, except for
the effects already mentioned, also experience a higher blood pressure, shallower breathing,
and a faster heart rate, which cause not only mental, but physical problems as well [3,15–17].
For this reason, the effects of pandemic stress must be treated as a public health priority, as
should measures to reduce them in cities [18].

Owing to the harmfulness of chronic stress for urban dwellers and public health,
post-pandemic cities should create conditions conducive to reducing the stress of their
inhabitants, thus increasing city resilience to this type of threat [4]. By this term, we
mean the ability of the system to face changes, especially sudden, while preserving its
functioning [19]. During crises, resilience serves as a buffer against stress related to a
given threat [20]. Resilience lowers the intensity of fear and alleviates depression, which
are common responses to adversities and crisis situations [21]. It may play a key role in
interventions aiming at protecting the mental and physical health of individuals against
pandemic-related stress, reducing it [22,23]. This is all the more important because the
occurrence of subsequent epidemics, and even pandemics, is just a matter of time [24].

The notion of resilience relates not only to the question of stressors, but also to vul-
nerability to them [25]. Vulnerability is generally understood as exposure to unpredictable
circumstances and stress, and as difficulty in dealing with them [26]. It may result from
various types of shocks, including socio-economic ones, the influence of which reduces
the coping abilities of certain social groups and increases difficulties in governing and
prioritising measures [27]. It turns out that during global pandemics, even groups that are
not threat-sensitive may become vulnerable due to improper political reactions [28], which
leads to public health crises [3].

Like in all crisis situations, during the COVID-19 pandemic, there existed social groups
that were more vulnerable to stress resulting from new threats and the specific reality of the
pandemic [29]. In planning stress-resilient, post-pandemic cities, particular attention should
be paid to protecting these very groups. Their identification, and then their location in
space, may turn out to be helpful in the optimisation of measures for improving the health
conditions in a city. Therefore, better investigation into the basic factors of vulnerability
to the pandemic is needed to develop the capability of cities to respond by adaptation
measures [30–33].

The Objective and Research Questions

This article aims to identify vulnerable social groups, especially those vulnerable
to stress related to the pandemic (both to the virus itself and also to the restrictions and
lockdowns introduced to limit its transmission) in the urban environment.

The objective involves seeking answers to the following research questions:
(1) Which demographic and socio-economic features (e.g., sex, age, family situation,

education, occupational activity, and profession practised) do social groups that experience
particularly strong pandemic stress possess?

(2) Where are vulnerable groups located within the city space?
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The research was conducted in three cities of the Poznań agglomeration, and the
research material, including basic information on the feeling of stress, was retrieved from
a geosurvey.

We assume that the results obtained will meet both cognitive and practical objec-
tives. They will help public authorities to adopt more effective measures for reducing
city-dwellers’ stress, thus increasing urban stress resilience. This will make it possible
to indicate the social groups most vulnerable to stress and their distribution within a
city, thus identifying areas requiring intervention. The research results will be useful
in developing urban policies and methods for crisis management (short- and long-term
adaptation measures), conducive to improving public health. Thus, the difficult experi-
ence of the COVID-19 pandemic will help cities to better prepare in the future for similar
threats and deal with their adverse effects quicker, consequently increasing resilience to
pandemic-related stress. It will also contribute to the UN’s Sustainable Development
Goals, particularly Goal 3, “Ensure healthy lives and promote well-being for all at all ages”,
through prevention and treatment and the promotion of mental health and well-being
(Task 3.4), and Goal 11, “Make cities and human settlements inclusive, safe, resilient and
sustainable”, mainly by focusing attention on vulnerable populations (Task 11.4).

In the literature, it is not an isolated statement that the importance of factors behind
the vulnerability of cities to COVID-19 is mostly unknown and professional knowledge in
this field is limited [34]. Hence, this study, the results of which will be presented further, is
frontier research, and the knowledge acquired will fill the existing gap in this regard. The
existing literature mostly concerns the vulnerability of cities and their residents to the virus
or the consequences of pandemic stress in arbitrarily adopted social groups (ex ante). The
authors of this study are not familiar with ex post research on the identification of social
groups vulnerable to pandemic-caused stress based on the feeling of stress (in the context
of the virus and the consequences of the countermeasures taken by public authorities) and
its related spatial aspects.

2. Theoretical Background
2.1. Vulnerability of Cities to the Pandemic

The vulnerability concept is commonly used in various contexts, especially with
respect to extreme occurrences, but also public health crises caused by pandemics.

In terms of urban areas, vulnerability is perceived as a state determined by physical,
social, economic, and environmental factors or processes, which increase the vulnerability
of urban communities to the effects of threats [34,35]. Vulnerability then depends on the
reactions of urban areas to threats [3,36]. Today’s discussions in this field focus mostly on
the following two dimensions: social sensitivity (in the context of poverty or safety depri-
vation) and environmental sensitivity (or climatic, to heat waves, floods, etc.). However,
vulnerability to urban pandemics includes the threats posed by infectious diseases and
their impact on public health and socio-economic conditions in urban areas [3]. This type
of vulnerability may be understood as the degree to which the urban system is sensitive to
a pandemic, measured by its influence on social groups, urban space, and institutions [3].
According to Lalonde’s 1974 report, health is not just the absence of objectively identifiable
disease (disease) or infirmity (infirmity), but a certain holistic well-being (well-being) that
manifests physically, mentally, and socially. In this context, health is a concept that is not
only biological, but also psychological and social [37].

The COVID-19 pandemic exposed the shortcomings of public health, which is funda-
mental to national security. It revealed the weakness of the global system of preparedness
for and response to epidemics. Public health should strive to reduce vulnerability to health
loss, which has not always been the case during pandemics. Decisions regarding lockdown
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and social distancing have been cited as one of the most important failures of public health
in the UK [38,39].

An optimal reaction to vulnerability to the pandemic in cities may be expressed by
reducing exposure, reducing sensitivity, and increasing urban adaptive capacities by short-
and long-term measures [3]. Adaptability, on the other hand, is understood as the ability
of a system to adapt to a crisis such as the pandemic and cope with its consequences [3].
In order to develop cities’ capacity to react against pandemics with adaptation measures,
the basic factors of vulnerability to this type of threat have to be investigated [30]. This
knowledge may help public authorities to differentiate between and explain the main
problems faced by various social groups and urban spaces, as well as propose more effective
mitigating strategies [3]. It will also allow public authorities to implement more effective
measures for increasing their adaptive capacity by introducing changes to governance,
planning, or spatial development processes compared to, for instance, dealing with the
main determinants of exposure, which are more difficult to transform [3].

2.2. Social Groups Vulnerable to Pandemic Stress

The concept of vulnerability to threats is complex, because vulnerability is “caused by
structural social, economic and political determinants that disadvantage people” [40], p. 153.

Wirkner and her team [41] proved that a pandemic may be considered a multidimen-
sional stressor for mental health. For this reason, some social groups seem to be more
exposed to it than others [9,41]. This vulnerability may be determined based on various
basic features of these groups.

The existing literature on the subject mainly covers items in areas such as the following:
(1) medicine, where attention is mainly paid to vulnerability to the SARS-CoV-2 virus or
stress level about the state of illness in selected social groups, and (2) psychology, including
the influence of the pandemic on mental health or the emotions accompanying it in groups
recognised as vulnerable. Works on the vulnerability of cities to the pandemic are also
available, distinguishing more or less pandemic-sensitive urban areas. Exemplary studies
and the arbitrarily adopted social groups therein that are vulnerable to pandemic stress can
be found in Table 1.

Table 1. Social groups vulnerable to pandemic stress based on selected publications.

Authors Groups Vulnerable to Pandemic Stress

Bakalova et al., 2023 [9]
– Working parents of small children (0–12 years old)
– Persons with chronical medical conditions
– Persons with multiple sensitive features

Shevlin et al., 2020 [10]
Gualano et al., 2020 [42]

– Women with previous health problems
– Persons who lost their incomes
– Persons with lower incomes

Amerio et al., 2022 [43] – Persons without private space

Blix et al., 2021 [44] – Persons living in unfavourable socio-economic
conditions

Özdin et al., 2020 [45] – Women
– People with chronic illnesses
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Table 1. Cont.

Authors Groups Vulnerable to Pandemic Stress

Wang et al., 2022 [3]
– Persons with poor risk perception
– Persons with low level of trust in public authorities
– Persons with lower education

Rahman et al., 2023 [34]
– Young people
– Family size
– Education level

Das et al., 2021 [46]

– Unemployed
– Young people
– Elderly people
– Medical personnel

Source: own study.

The analysis in Table 1 shows that ex ante vulnerable groups include almost all age
groups and people of various socio-economic statuses. There is no objective ex post research
into groups vulnerable to pandemic stress. Given this gap, we conducted studies aiming at
filling it.

3. Methodology
The research was carried out in three cities situated in the Poznań agglomera-

tion in Poland (Poznań—core of the agglomeration, Swarzędz—medium-sized city, and
Puszczykowo—small town), taken as a whole (Figure 1). These are cities that differ not only
in size, but also in their spatial structure and main functions. Poznań is the primary city in
the agglomeration—a multifunctional centre with dense development—and Swarzędz is
one of the most densely populated Polish cities, while Puszczykowo, located among forests
and dominated by residential buildings, is a recreational city for Poznań residents.

The primary data source was the results of an online survey conducted with computer-
assisted web interviewing (CAWI). Use was made of a geosurvey, a research tool based
on geoinformation systems [47,48]. A geosurvey combines the elements of an online
survey and an interactive digital map, making it possible to mark locations and respond to
related questions [49]. The data collected were devised using statistical analysis methods
(basic measures of descriptive statistics, the Kruskal–Wallis non-parametric analysis of
variance, and the decision tree method Exhaustive CHAID) and spatial analysis (cluster
and outlier analysis).

3.1. Geosurvey

The geosurvey was carried out from July 2022 to March 2023 among Poznań, Swarzędz,
and Puszczykowo inhabitants. The survey link was shared by the official Internet websites
of municipal offices, the Faculty of Human Geography and Planning of the Adam Mick-
iewicz University, and the project website. Additionally, it was promoted on social media
(Facebook, X, and Instagram) and by the local press.

The survey was composed of 25 questions, including 3 containing interactive maps.
For the purposes of this study, only some of the questions were taken into account. The
analysis included both demographic and socio-economic data derived from the survey
metrics and also subjective stress level assessments made by the respondents. Stress
level was evaluated on a scale from 0 to 10, where 0 was the minimum and 10 was the
maximum level of stress experienced. Information on the respondents’ residences allowed
for performing a spatial analysis of subjective stress levels.
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Figure 1. Location of the investigated cities against the country. Voivodeship of Greater Poland.

A total of 1558 respondents participated in the survey and 1198 of them who answered
the question about stress levels were entered into the analysis. Incomplete responses were
excluded from further study.

Among those who provided valid location data, 737 participants were included
in the spatial analysis, as follows: 456 from Poznań, 187 from Swarzędz, and 94 from
Puszczykowo. The distribution of responses reflects the relative population sizes of
these cities, which, in turn, influences the reliability and interpretability of the spatial
statistical analyses.

While preparing for the analysis, at preliminary processing, selected professions were
aggregated because of the small sample sizes in some groups (below 1% of the total) and
their likeness in terms of reported subjective stress. Paramedics were combined with
medical personnel (outpatient clinics and hospitals). Additionally, tourism, hotel, and
culture and entertainment industry employees were included in one category, because the
stress exposure risk and working conditions in the context of the COVID-19 pandemic
were comparable for both professions. The statistics of stress (mean, median, and ranks) for
those groups were similar, and statistical tests showed no significant differences between
them, which suggests that they belong to the same general population.

3.2. Data Analysis Methods

Data analysis covered both the assessment of the distribution of the variables inves-
tigated and the application of descriptive statistics. To characterise the subjective stress
level, measures of central tendency (mean and median) were used, as well as measures
of variation (standard deviation and quartiles). In addition, the distribution of variables
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was assessed by the means of graphs and normality tests, which allowed for determining a
relevant approach to further statistical analyses.

To assess the influence of demographic features on subjective stress levels, use was
made of the Kruskal–Wallis non-parametric analysis of variance, particularly effective when
comparing groups of different sizes and distributions. The method is based on data ranking,
and then on comparing rank sums in individual groups, which allows for assessing whether
they come from the same population. After detecting statistically significant differences,
post hoc comparisons of the average ranks were conducted using the multiple comparison
test, making it possible to identify differences between individual groups. Additionally,
to estimate the strength of the effect, η2 was calculated (eta-squared), determining part of
the total variance of the dependent variable explained by the independent variable. The
following interpretation criteria was adopted: η2 = 0.01 (small effect), η2 = 0.06 (medium
effect), and η2 = 0.14 (large effect) [50].

To identify stress-vulnerable social groups, use was also made of the decision tree
method Exhaustive CHAID (chi-squared automatic interaction detection). CHAID is an
exploratory data analysis method that detects hierarchical dependencies between indepen-
dent variables and a dependent variable. This algorithm is based on the iterative division
of a data set into more uniform subgroups based on the values of predictive variables.
The criterion of the division is the chi-square test for qualitative variables and F-test for
quantitative variables. The Exhaustive CHAID version enhances classic CHAID by testing
all possible divisions in each node in a more detailed manner, which increases the likeli-
hood of detecting optimal divisions. At each node, the algorithm tests all permissible splits
for each predictor variable and selects the one showing the most statistically significant
relationship with the dependent variable—i.e., the lowest Bonferroni-adjusted p-value from
the chi-square test (for categorical predictors). Additionally, for categorical predictors,
Exhaustive CHAID merges categories that are not significantly different from each other
with respect to the dependent variable to find the optimal grouping for the split.

The division process lasts until specific final criteria are fulfilled, such as the minimum
number of observations in the final node or a lack of statistically significant divisions. In
the analysis conducted, the following model settings were applied: minimum number of
observations in the parental node: 24; minimum number of observations in the final node
(child node): 15; maximum number of decision tree levels: 6; and Bonferroni correction to
control the type I error level.

Based on survey data, decision trees are an effective tool for identifying social groups,
making it possible to segment the population and analyse complex interactions between
variables [51,52]. This study used respondent metrics as variables. A value of 6.8 was
adopted as the limit value to determine stress-vulnerable social groups separated by the
CHAID analysis. This value was computed as the mean increased by 0.5 of the standard
deviation for the variable of ‘subjective stress level’.

In addition to the CHAID analysis, binary logistic regression was applied to identify
the factors associated with an increased likelihood of belonging to the stress-vulnerable
group (defined as those with a subjective stress level above 6.8). Logistic regression allowed
for an estimation of each variable’s effect while adjusting for all others. Model performance
was evaluated using the Likelihood Ratio Test and Nagelkerke’s R2, while the significance
of individual predictors was assessed with Type 3 Likelihood Ratio Tests. The results were
interpreted using odds ratios (ORs), indicating the direction and strength of associations.

To analyse the distribution of the subjective stress level variable, use was made of
advanced spatial statistics methods. In the first stage, spatial autocorrelation was assessed
by the global indicator Moran’s I, which allows for determining if data reveal a tendency
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towards spatial dependence, i.e., if the high or low values of the variable are concentrated
in specific areas or are distributed randomly [53].

Next, clusters were analysed using the indicator Anselin Local Moran’s I, known also
as cluster and outlier analysis. This allows for the identification of local patterns in spatial
data such as clusters of high values (High–High), low values (Low–Low), and also outliers
(High–Low and Low–High) [54].

3.3. Characteristics of Respondents

The sample group consisted of 1198 individuals, which ensured an adequate represen-
tativeness for the analysed cities. Among the respondents, 69.1% were women, 29% were
men, and 1.9% defined their gender differently. Most respondents had completed higher
(60.2%) or secondary (32.4%) education. In terms of occupational activity, those employed
in the private (31.6%) and public (28.1%) sectors predominated. School and university
students constituted a significant group, about 10%. The substantial majority (71.4%) were
not employed in professions requiring intensive communication with people. Of all the
respondents, 10.2% worked as teachers or academic teachers and 3.5% were employed
as salespeople in grocery stores or pharmacies. Analysis of the respondents’ household
structures showed that, most often, these were units of two to four people. Moreover, in
the majority of families (85.4%), there were no residents over 60 years of age. At the same
time, 56% of the respondents had children, of which 9.9% were at nursery age, 20.0% at
preschool age, and 19.5% at early school age (classes 1–3). Detailed data on age, sex/gender,
and other features are presented in Table 2.

Table 2. Metrics and percent distribution of respondents, n =1198.

Metrics Category No. of
Respondents

Percentage of
Respondents

Age

18–25 347 29.0

26–35 309 25.8

36–60 496 41.4

61–70 38 3.1

70+ 8 0.7

Sex/gender

Woman 828 69.1

Man 347 29.0

Other gender 23 1.9

Education

Vocational 56 4.7

Elementary 32 2.7

Secondary 388 32.4

Higher 722 60.2

Occupational activity

School/university student 264 22.0

Unemployed 54 4.5

Pensioner 48 4.0

Public sector employee 336 28.1

Private sector employee 379 31.6

Entrepreneur 117 9.8
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Table 2. Cont.

Metrics Category No. of
Respondents

Percentage of
Respondents

Profession practised

Medical personnel (outpatient clinics,
hospital), paramedic 55 4.6

Nursery/preschool staff 32 2.7

Catering staff 38 3.2

Tourism/culture and entertainment staff 33 2.8

Grocery/pharmacy salesperson 42 3.5

Professional driver/taxi driver/public
transport driver 19 1.6

Teacher/academic teacher 122 10.2

Other occupation 856 71.4

Number of persons in
household

1 203 16.9

2 315 26.3

3 274 22.9

4 286 23.9

5 88 7.3

≥6 32 2.7

Number of persons in
household aged 60+

0 1023 85.4

1 110 9.2

2 61 5.1

3 4 0.3

Number of children in
household

0 674 56.3

1 211 17.6

2 232 19.4

3 59 4.9

4 18 1.5

≥5 4 0.3

Nursery-age children

0 1119 93.4

1 73 6.1

2 5 0.4

3 1 0.1

Preschool-age children

0 1038 86.6

1 132 11.0

2 24 2.0

3 4 0.4

Early-school-age children
(classes 1–3)

0 1043 87.1

1 141 11.7

2 13 1.1

3 1 0.1
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Table 2. Cont.

Metrics Category No. of
Respondents

Percentage of
Respondents

School-age children
(classes 4–8)

0 999 83.4

1 172 14.3

2 25 2.1

3 1 0.1

4 1 0.1

Secondary-school-age
children

0 994 83.0

1 149 12.4

2 46 3.8

3 7 0.6

4 1 0.1

5 1 0.1
Source: own study.

4. Results
4.1. Subjective Stress Levels in the Analysed Cities

The mean subjective stress level among all analysed cities equalled 5.51, with a median
of 6.0. The interquartile range (IQR) with a value of four indicates that 50% of the results
were in the range from three to seven (Table 3).

Table 3. Descriptive statistics of the subjective stress levels in cities.

Cities Mean Median Q1 Q3 Standard Deviation Min Max

Total 5.51 6.0 3.0 7.0 2.67 0 10
Q1—first quartile and Q3—third quartile.

4.2. Analysis of Dependence Between Demographic Features of Respondents and Their Stress Level

To accurately assess the influence of the demographic and socio-economic features
of respondents on their stress levels, use was made of the Kruskal–Wallis non-parametric
analysis of variance, which made it possible to identify differences in stress levels according
to such variables as age, sex, occupational activity, and profession practised.

The analysis showed a significant impact of sex/gender on the level of stress experi-
enced by respondents (Table 4). The highest level was noted among those who identified
themselves as ‘other gender’; its mean value was 6.57. We also observed a statistically
significant difference in the stress level between men and women, as well as persons iden-
tifying themselves differently (Figure 2). The value of the mean stress level for men was
the lowest and amounted to 4.89. Additionally, the calculated coefficient of effect strength,
η2 = 0.02, points to a small sex/gender effect in shaping the stress level of the sample group.
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Table 4. Analysis of the influence of respondents’ features on the stress level: results of the Kruskal–
Wallis test.

Metrics Category Mean Kruskal–Wallis p-Value Effect Strength (η2)

Age

18–25 5.24

8.99 0.06
Statistically
insignificant

26–35 5.58

36–60 5.57

61–70 6.61

70+ 5.63

Sex/gender

Man 4.89

26.92 <0.001
0.02

(small effect)
Woman 5.74

Other gender 6.57

Education

Elementary 5.66

1.937 0.585
Statistically
insignificant

Vocational 5.96

Secondary 5.41

Higher 5.52

Occupational
activity

Pensioner 6.23

12.339 0.03
0.006

(small effect)

Unemployed 6.13

Private sector employee 5.49

Public sector employee 5.68

Entrepreneur 5.30

School/university student 5.16

Profession
practised

Medical personnel (outpatient
clinic, hospital) 5.87

14.212 0.05
0.006

(small effect)

Nursery/preschool staff 6.39

Catering staff 5.92

Tourism/culture and
entertainment staff 6.61

Grocery/pharmacy
salesperson 5.36

Professional driver/taxi
driver/public transport driver 6.11

Teacher/academic teacher 5.59

Other occupation 5.38

Number of
persons in
household

1 5.49

2.676 0.75
Statistically
insignificant

2 5.53

3 5.49

4 5.43

5 5.59

≥6 6.19

Number of
persons in
household
aged 60+

0 5.44

5.45 0.14
Statistically
insignificant

1 5.77

2 6.05

3 7.25
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Table 4. Cont.

Metrics Category Mean Kruskal–Wallis p-Value Effect Strength (η2)

Number of
children in
household

0 5.51

3.84 0.58
Statistically
insignificant

1 5.60

2 5.47

3 5.07

4 6.33

≥5 6.50

Nursery-age
children

0 5.49

1.75 0.42
Statistically
insignificant1 5.78

≥2 6.83

Preschool-age
children

0 5.52

3.39 0.33
Statistically
insignificant

1 5.53

2 5.17

3 3.50

Early-school-age
children

(classes 1–3)

0 5.50

2.35 0.31
Statistically
insignificant1 5.50

≥2 6.43

School-age
children

(classes 4–8)

0 5.56

2.88 0.24
Statistically
insignificant1 5.27

≥2 5.04

Secondary-school-
age children

0 5.48

5.94 0.11
Statistically
insignificant

1 5.55

2 6.30

≥3 4.33

Figure 2. Distribution of the subjective stress level by respondents’ sex/gender (box plot).
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Red Lines Indicate Statistically Significant Differences Between Groups (Post Hoc Tests Following
Kruskal–Wallis Test)

The results of the Kruskal–Wallis non-parametric analysis of variance indicate a poten-
tial relationship between age and stress level. Although the p-value at 0.06 is not enough
to reject the null hypothesis, the data suggest an upward trend in stress level with age
(Table 3). The highest stress level was observed in the age group of 61–70 (6.61), and the
lowest among 18–25 year olds (5.24). It should be noticed, however, that the group of
respondents over 70 was small (eight persons, i.e., 0.7% of the investigated), which prevents
us from obtaining statistically valid results. Consequently, an additional Kruskal–Wallis
analysis was conducted after combining the age group of 61–70 with that of over 70. In
this case, a statistically significant difference in the subjective stress level was identified
between age groups (KW-H (3;1198) = 8.170; p = 0.043). The post hoc analysis revealed a
significant difference between the 18–25-year-old respondents and those aged 61 and older
(Figure 3).

Figure 3. Distribution of the subjective stress level by age (box plot).

Red Lines Indicate Statistically Significant Differences Between Groups (Post Hoc Tests Following
Kruskal–Wallis Test)

A dependency was also found between occupational activity and stress level (Figure 4).
Pensioners and unemployed people were groups distinguished by the highest mean stress
levels, amounting, respectively, to 6.23 and 6.13. Conversely, for school and university
students, the mean stress level was the lowest, reaching 5.16.

Another factor affecting subjective stress level was practising profession, especially if
this involved exposure to risks related to the COVID-19 pandemic (Table 3). The highest
stress level was observed among tourism, hotel, and culture and entertainment employees,
reaching 6.61. They were followed by nursery and preschool staff at 6.39. Grocery and
pharmacy salespeople had the lowest stress level (5.36).

Dependencies between stress and respondent features such as education, the number
of persons in a household, number of elderly people aged 60+ in a household, and the
number of children in a household, both in various age groups and in total, were not noted.
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Figure 4. Distribution of the subjective stress level by occupational activity (box plot).

4.3. Identification of Stress-Vulnerable Groups by the CHAID Decision Tree

To identify social groups especially vulnerable to pandemic stress, the CHAID decision
tree was applied. The analysis allowed for variables typical of the respondents, such as age,
sex/gender, education, occupational activity, profession practised, number of persons in a
household, number of elderly people aged 60+ in a household, and the number of children
in a household. The objective was to determine which social groups were characterised by
the highest stress levels.

A decision tree, presented in Figure 5, was built to identify seven subgroups based
on four variables. In the first stage of the analysis, three main groups were separated in
the context of COVID-19-pandemic-related threats, depending on profession practised
(Table 5), as follows:

1. First—includes salespeople and nursery and preschool staff (ID = 2, n = 25).
2. Second—recognised as the most vulnerable, includes professional drivers, hotel and

culture and entertainment employees, and also those practising other professions not
mentioned in the geosurvey (ID = 3, n= 908).

3. Third—composed of teachers, academic staff, medical personnel, and catering staff
(ID = 4, n = 215).

Within the subgroup of professional drivers, hotel workers, and culture and enter-
tainment employees and others (ID = 3, Figure 5), sex/gender was identified as the most
significant predictor for the next split. This split divided individuals into the following
three categories: women, men, and those identifying differently. The analysis showed
that women and persons identifying themselves differently were more vulnerable to stress
compared to men. Particular attention was paid to the group of individuals not identifying
themselves with a binary sex division (n = 15), in which the highest level of predicted
subjective stress was noted (mean value = 9).

The subgroup of women (ID = 7, n = 599) was subsequently split based on education
level into the following two groups: persons with vocational, elementary, or secondary edu-
cation (n = 226) and persons who had completed higher education (n = 373). Among those
with a lower education level, further segmentation based on occupational activity made
it possible to distinguish the following two groups: private-sector employees, students,
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and university students (n = 150) and pensioners, entrepreneurs, public-sector employees,
and unemployed people (n = 85). The analysis results indicate that the last group had the
second-highest level of predicted stress (after persons identifying themselves differently),
reaching eight.

 

Figure 5. The decision tree identifying social groups most vulnerable to stress during the COVID-19
pandemic.

Table 5. Compilation of predictors for Node 1 in the Exhaustive CHAID model.

Predictors Number of Nodes Chi-Square (χ2 Test) p-Value

Profession practiced 3 84.75 0.000000

Sex/gender 2 40.60 0.000053

Education 3 51.56 0.001056

Occupational activity 3 46.01 0.025690

Number of people aged 60+ 2 16.04 0.787663

Age 3 31.03 0.876818

Number of persons in household 3 29.25 1.000000

Number of children in household 3 17.35 1.000000

The standard error for the model amounted to 0.011, which means that the model was
stable and its structure remained consistent and repeatable.
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As part of the analysis with the CHAID decision tree, it was also examined which
variables had the greatest impact on the level experienced. The results presented in Figure 6
show that the most important predictors of the stress level were education, sex/gender,
and occupational activity.

Figure 6. Significance of explanatory variables in the CHAID model.

4.4. Predicting Vulnerable Group Status: Logistic Regression Results

Logistic regression analysis was conducted to identify the factors predicting member-
ship in the stress-vulnerable group, defined as individuals reporting a subjective stress
level of seven or above. The independent variables mirrored those used in the decision tree
analysis, as follows: age, sex/gender, education, occupational activity, profession practised,
number of persons in a household, number of elderly individuals (60+) in a household,
and number of children in a household.

The Likelihood Ratio Test indicated that the overall model was statistically significant,
χ2(24, n = 1198) = 44.08, p = 0.007. Although the model explained a relatively small
proportion of the variance in the outcome, this was statistically significant (Nagelkerke
R2 = 0.049). Among individual predictors, sex/gender was significantly associated with
membership in the stress-vulnerable group, χ2 = 16.54, p = 0.0003. The effect of education
approached significance, χ2(3) = 6.59, p = 0.087. Other variables, including household size
(p = 0.473), number of elderly individuals in a household (p = 0.873), number of children in
a household (p = 0.276), age (p = 0.766), occupational activity (p = 0.685), and profession
practised (p = 0.137), were not significant predictors (Table 6).

Table 6. Logistic regression predicting membership in the stress-vulnerable group (subjective
stress ≥ 7).

Predictors B (Estimate) Std.
Error

Wald
Statistic p-Value Odds Ratio

(OR) 95% CI for OR

Intercept −0.077 0.293 0.068 0.794

Household size 0.053 0.073 0.514 0.473 1.054 0.913–1.217

Number of persons 60+ 0.021 0.134 0.026 0.873 1.022 0.786–1.327

Number of children in
household −0.101 0.093 1.180 0.277 0.904 0.753–1.085
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Table 6. Cont.

Predictors B (Estimate) Std.
Error

Wald
Statistic p-Value Odds Ratio

(OR) 95% CI for OR

Age (Ref: 70+) (0.766) a

18–25 −0.238 0.273 0.761 0.383 0.808 0.147–4.450

26–35 −0.023 0.234 0.010 0.920 1.002 0.189–5.319

36–60 −0.073 0.225 0.107 0.744 0.953 0.182–4.986

61–70 0.360 0.350 1.059 0.303 1.471 0.281–7.686

Sex/Gender (Ref: other
gender) c (0.0003) a

Man −0.415 0.170 5.934 0.015 0.507 0.207–1.242

Woman 0.150 0.159 0.892 0.345 0.892 0.373–2.133

Education (Ref: higher) (0.087) a

Vocational 0.233 0.237 0.966 0.326 1.778 0.974–2.247

Primary 0.159 0.292 0.297 0.585 1.652 0.765–3.566

Secondary −0.049 0.145 0.115 0.735 1.341 1.000–1.798

Profession practised (Ref:
catering staff) (0.137) a

Medical personnel
(outpatient clinic, hospital) −0.321 0.269 1.418 0.234 0.781 0.327–1.867

Grocery/pharmacy
salesperson −0.347 0.306 1.289 0.256 0.761 0.302–1.916

Professional driver −0.101 0.453 0.050 0.822 0.973 0.293–3.230

Teacher/Academic teacher −0.290 0.212 1.865 0.172 0.805 0.363–1.785

Nursery/Preschool worker 0.448 0.337 1.769 0.184 1.686 0.625–4.545

Other occupation −0.123 0.136 0.823 0.364 0.952 0.479–1.889

Tourism, culture and
entertainment staff 0.810 0.341 5.630 0.018 2.422 0.907–6.467

Occupational activity (Ref:
unemployed) (0.685) a

Pensioner −0.208 0.328 0.401 0.527 0.639 0.256–1.597

Private sector employee 0.071 0.134 0.283 0.595 0.845 0.460–1.554

School/university student −0.107 0.204 0.275 0.600 0.707 0.354–1.415

Entrepreneur −0.139 0.194 0.515 0.473 0.685 0.341–1.375

Public sector employee 0.144 0.145 0.979 0.322 0.908 0.487–1.695
B: Unstandardized logistic regression coefficient. Significant p-values (<0.05) are in bold. a Overall p-value for the
categorical variable.

After adjusting for all other variables, the following two predictors remained statisti-
cally significant:

• Gender: Males had significantly lower odds of being in the stress-vulnerable group
compared to females and individuals of other genders (odds ratio (OR) = 0.51;
p = 0.015), suggesting that men were approximately 49% less likely to report high
stress levels.
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• Profession practised: Those employed in the tourism, culture, and entertainment
sectors had higher odds of being in the stress-vulnerable group compared to the
reference occupation category (OR = 2.42; p = 0.018), indicating that they were more
than twice as likely to report elevated stress.

4.5. Spatial Aspects

While in the initial stage of the analysis, the spatial distribution of the stress level
assigned to respondents’ residences seemed quite chaotic and devoid of a clear pattern
(Figure 7), a more rigorous statistical approach revealed underlying structures. To formally
assess this, global spatial autocorrelation analysis (Global Moran’s I) was conducted for each
city independently. For Poznań, a statistically significant positive spatial autocorrelation
was found (Moran’s I = 0.523, z-score = 4.85, p < 0.001), indicating a strong tendency
for similar stress level values to cluster together. This suggests that the observed spatial
distribution of stress values in Poznań was highly unlikely to be the result of random chance.
In contrast, Swarzędz (Moran’s I = –0.001, z-score = 0.104, p = 0.917) and Puszczykowo
(Moran’s I = −0.137, z-score = −1.222, p = 0.222) did not exhibit statistically significant
global spatial autocorrelation, indicating that the spatial distribution of stress levels in these
two smaller towns was more random.

 

Figure 7. Spatial distribution of respondents’ pandemic stress levels.

In Poznań, consistent with the significant global Moran’s I, a prominent cluster of
high–high (HH) stress values was identified. This HH cluster was predominantly located
in the densely built-up city centre, an area characterized by compact, multi-apartment de-
velopments (Figure 8). Additionally, a few HH observations were noted near an industrial
zone. These HH clusters appeared to be associated with highly urbanized environments. A
cluster of low–low (LL) stress values was formed by several observations located on the
peripheries of Poznań, areas that typically feature less dense development. Notably, no
clear influence of proximity to green spaces was observed in the formation of either high-
or low-stress clusters.
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Figure 8. The respondents’ subjective stress levels—results of cluster and spatial outlier analysis
(Anselin Local Moran’s I).

Despite the lack of significant global spatial autocorrelation, the Local Moran’s I
analysis revealed a few isolated clusters of both high and low stress values in Swarzędz
and Puszczykowo. In Swarzędz, a small high–high (HH) cluster was identified in the
southern part of the town, while in Puszczykowo, a similar high-value cluster appeared in
the northern area. Additionally, a more extensive low–low (LL) cluster was observed in the
southeastern part of Puszczykowo, indicating a localized area of lower stress.

5. Discussion
This research identified the demographic and socio-economic features affecting sub-

jective stress levels in the urban population in terms of the COVID-19 pandemic. The
results showed a statistically significant influence of sex/gender, age, occupational activity,
and profession practised on the stress levels experienced. A non-parametric analysis of
variance and CHAID decision tree analysis indicated that sex/gender was one of the most
important factors affecting stress level. In particular, women and persons who identified
themselves differently experienced a higher stress level compared to men. These results
correspond to earlier research, which also demonstrated differences in experiencing stress
depending on sex/gender, with women being the most vulnerable, showing a higher
level [45,55–57]. For them, this higher level of stress may have been related to social roles
and family responsibilities.

The relationship between stress and age showed an upward trend; the highest values
were observed among people over 60. There was a statistically significant difference in their
stress level compared to younger respondents (18–25 years of age). Similar dependencies
were noted in a study by Udeogu et al. [58], which emphasised that older adults, especially
those of advanced age, may experience more stress compared to younger people, which
may result from their greater sensitivity to health threats and social changes. At the same
time, there are studies suggesting the reverse—younger people may be more sensitive to
stress [34,46]. However, our research does not support this.
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Significant factors affecting stress level were occupational activity and profession
practised. Pensioners and unemployed people had higher stress levels compared to those
that were economically active, which is confirmed by earlier research showing greater
exposure to stress among economically inactive people, especially regarding the COVID-19
pandemic [59].

Moreover, the highest stress level was noted among tourism, hotel, and culture and
entertainment industry employees (which may have been the result of uncertainty orig-
inating from lockdowns), and also among nursery and preschool staff. The COVID-19
pandemic had a considerable impact on the stress levels of medical personnel, who had
to face increased professional demands, fear of infection, and emotional burden, which
added to their stress. People employed outside this sector, whose work involved contact
with the public, also experienced greater stress because of professional demands and risk of
exposure. Their stress level was often comparable to that felt by medical personnel [60,61].

The application of the CHAID decision tree allowed for identifying groups especially
vulnerable to stress. Such groups included women and persons identifying differently,
those working as professional drivers, those working in the tourism, hotel, and culture
and entertainment industry, and others not mentioned in the geosurvey. The predicted
value of stress level in this group was seven, which surpasses the critical value adopted in
the research.

As part of this group, the following two less numerous subgroups may be additionally
distinguished, demonstrating the highest exposure to stress: (1) persons identifying them-
selves differently, those working as professional drivers, those employed in the tourism,
hotel, culture, or entertainment industries, and those in other occupations—their projected
stress level value was nine; and (2) women without higher education, those inactive eco-
nomically (female pensioners or unemployed women), running their own company, or
public sector workers—their projected stress level value was eight.

The results of the logistic regression analysis confirmed and extended these findings
by showing that, after adjusting for all other variables, gender and profession practised
remained significant predictors of being in the high-stress group. Men were found to
be approximately 49% less likely to experience high stress levels compared to women
and those identifying differently. In contrast, individuals working in the tourism, culture,
and entertainment sectors were more than twice as likely (OR = 2.42) to belong to the
stress-vulnerable group, suggesting that employment context played a critical role in stress
perception during the pandemic.

Social groups vulnerable to pandemic stress are, thus, relatively numerous and quite
diverse. So, we can agree with the statement that, during a pandemic, when stressors
include not only the presence of the virus itself, but also the restrictions imposed by
public authorities [4–6], even groups that are not susceptible to the virus can become
vulnerable [28]. This is not a favourable situation from a public health perspective.

A novel aspect arising from our research—one that has not been extensively studied
before—is the finding that people who define themselves “differently” (than women/men)
are particularly sensitive to stress under pandemic conditions. We also identified certain
professions that are particularly vulnerable to pandemic stress, extending beyond the
commonly studied group of healthcare workers.

After the pandemic, a serious threat to the safety, health, and well-being of people, it
has become a natural impulse to consider improving the functioning and effectiveness of
health systems in terms of preventing problems, treating diseases, and caring for sick people.
Among the directions for rebuilding health systems, the protection of those most vulnerable
to health loss is recommended [39], including mental health [62]. Their identification may
help city authorities to better choose countermeasures during health crises, such as a
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pandemic, and adaptation strategies, which will be conducive to building city resilience to
stress. The ability to respond to a pandemic is an important adaptive capacity. The issue
remains what actions should be taken in this respect.

Some authors point out that relevant investment in elementary healthcare systems is
conducive to an effective reaction to a pandemic (including hospital beds, social insurances,
and social conditions) [33,63,64].

Others pay attention to the possibility of using intelligent technology for efficiency
as a new way of adapting to the main social and economic problems observed during
the pandemic by teleworking, online shopping, distance learning, and telemedication.
However, this calls for the elimination of digital exclusion [65].

At the same time, emphasis is put on the fact that, during the COVID-19 pandemic,
some conflicts between various entities and governance levels, as well as the ineffective use
of limited resources, have surfaced [3,30]. This calls for improving the pandemic-related
crisis management model, including the cautious introduction of restrictions (especially in
vulnerable groups), which became a source of stress for urban dwellers, which may help to
build greater city resilience [3,66].

Although few studies have been conducted on green and open areas regarding the
spread of COVID-19, there are arguments that cities have to improve access to public spaces
to ensure physical distance and better mental health. The provision of such spaces will
help to satisfy the needs of outdoor recreational meetings. The reconfiguration of green
areas may also improve the urban greenery system, which may contribute to a healthier
lifestyle and eventually stronger immunity against other viruses and threats [3,6].

Research Limitations

This research, as any study, has its limitations, which imposes a cautious generalisation
of the results obtained. The following are the most important.

The research sample, albeit sufficient for analysis, may not fully represent the general
population because of the predominance of women and individuals with higher education
among the respondents.

The application of self-descriptive measures of stress may introduce inaccuracies
resulting from individual propensities for under- or over-estimating the declared stress
level, depending on subjective perception and the influence of social norms.

The analysis does not allow for all potential variables impacting stress level, such
as specific life developments, health, or income. This may affect the identification of
stress-vulnerable social groups, because it is based on the variables and their interactions
considered in the research.

Geographic limitations may influence the results, as the research was carried out
in specific cities, which may not correspond to the stress levels or spatial features in
other regions.

6. Conclusions
This research conveys information on social groups vulnerable to pandemic stress in

cities, confirmed by real-world evidence, and makes it possible to indicate urban areas
particularly exposed to pandemic stress. The main determinants of stress appeared to be
gender and occupation. Pandemic stress was primarily associated with women, which is
probably related to the roles expected of them (work, taking care of children, organizing
children’s education, shopping, often taking care of parents, etc.). By occupation, those
employed in tourism, culture, and entertainment, i.e., mainly in sectors that were affected by
lockdowns, were found to be more sensitive to stress during the pandemic. Concentrations
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of stress-sensitive groups were found primarily in areas with high density and compact
multi-family housing.

The results obtained allow for formulating recommendations for helping city authori-
ties take measures to decrease vulnerability and build the resilience of post-pandemic cities
to threats such as epidemics and pandemics.

During a health crisis, the cautious implementation of restrictions and lockdowns
should be considered, which can be a serious source of stress for numerous social groups.

The resilience of cities and their inhabitants is also built by adopting specific poli-
cies and through the involvement of public means for interventions regarding healthcare
(including psychological aspects of pandemic-related stress in various groups), city gover-
nance methods (the cautious introduction of restrictions generating an increase in residents’
stress levels, while considering gains and losses), and transformation of the urban structure.
What particularly requires adaptation is places where residents’ stress level is higher, which
mainly include city centres and densely built-up areas. One of such transformation possibil-
ities is green infrastructure development within a city, reducing the stress of urban dwellers
and allowing for fast recovery after stress, increasing, at the same time, city resilience to
other risks (e.g., climate change).
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