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Abstract

Background: The WHO has raised concerns about the psychological consequences of the current COVID-19 pan-
demic, negatively affecting health across societies, cultures and age-groups.

Methods: This online survey study investigated mental health, subjective experience, and behaviour (health, learn-
ing/teaching) among university students studying in Egypt or Germany shortly after the first pandemic lockdown in
May 2020. Psychological assessment included stable personality traits, self-concept and state-like psychological vari-
ables related to (a) mental health (depression, anxiety), (b) pandemic threat perception (feelings during the pandemic,
perceived difficulties in describing, identifying, expressing emotions), (c) health (e.g., worries about health, bodily
symptoms) and behaviour including perceived difficulties in learning. Assessment methods comprised self-report
questions, standardized psychological scales, psychological questionnaires, and linguistic self-report measures. Data
analysis comprised descriptive analysis of mental health, linguistic analysis of self-concept, personality and feelings,

as well as correlational analysis and machine learning. N=220 (107 women, 112 men, 1 = other) studying in Egypt or
Germany provided answers to all psychological questionnaires and survey items.

Results: Mean state and trait anxiety scores were significantly above the cut off scores that distinguish between high
versus low anxious subjects. Depressive symptoms were reported by 51.82% of the student sample, the mean score
was significantly above the screening cut off score for risk of depression. Worries about health (mental and physical
health) and perceived difficulties in identifying feelings, and difficulties in learning behaviour relative to before the
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pandemic were also significant. No negative self-concept was found in the linguistic descriptions of the participants,
whereas linguistic descriptions of feelings during the pandemic revealed a negativity bias in emotion perception.
Machine learning (exploratory) predicted personality from the self-report data suggesting relations between person-
ality and subjective experience that were not captured by descriptive or correlative data analytics alone.

Conclusion: Despite small sample sizes, this multimethod survey provides important insight into mental health of
university students studying in Egypt or Germany and how they perceived the first COVID-19 pandemic lockdown in
May 2020. The results should be continued with larger samples to help develop psychological interventions that sup-
port university students across countries and cultures to stay psychologically resilient during the pandemic.

Keywords: COVID-19, Corona virus, Pandemic, Personality, Mental health, Depression, Anxiety, Emotion perception,
Self-concept, Linguistic analysis, Machine learning, Character computing

Background

Only in a few month, the COVID-19 epidemic devel-
oped into a serious pandemic affecting all countries
around the globe. Physical and social distancing and
global lockdown of public, social, and work life was and
still is a necessity in many countries to fight the pan-
demic without vaccine. Scientific progress in under-
standing the behaviour of the virus has grown rapidly
since the outbreak of the pandemic, while scientific
understanding of the psychological consequences of
the pandemic is still at a developing stage. Empirical
studies investigating mental health, well-being, subjec-
tive experience and behaviour during the COVID-19
pandemic are currently underway and several survey
studies from several countries have meanwhile been
published. First published surveys investigated the
mental health of Covid-19 survivors or of health care
professionals enrolled in the treatment of COVID-19
patients [1, 2]. Moreover, first observations from sur-
veys investigating psychological reactions of the gen-
eral population in the hot spot countries immediately
after the outbreak of the COVID-19 pandemic in 2020
have meanwhile been published e.g., [3-5]. The results
suggest a significant increase in mental ill health among
populations during the first few months of the COVID-
19 pandemic, supporting earlier observations from
previous epi- and pandemics [6]. The World Health
Organization (WHO) expects mental health burdens in
the general population to be particularly pronounced
in people who have already been at risk of or suffering
from affective disorders before the pandemic (see for
an overview [7, 8]). Similarly, patients in general as well
as patients with a chronic mental disorder in particu-
lar, are expected to suffer from impairments in mental
health and well-being due to their medical and psycho-
therapeutic treatment being reduced or cancelled as a
consequence of the pandemic lockdown [8]. In addi-
tion, health care professionals involved in the treatment
of COVID-19 patients as well as workers with sys-
tem-relevant jobs are supposed to be at special risk of

developing stress-related symptoms and diseases such
as post-traumatic stress disorder, chronic fatigue, anxi-
ety, and depressive disorder [1, 2, 8].

However, the current COVID-19 pandemic is not just
threatening specific parts of the population. On the con-
trary. The spread of the virus around the world, its expo-
nential increase in infection probability, and its high
lethality bear constant threats for whole societies and for
each individual as the pandemic is still evident now, one
year after the pandemic outbreak.

Therefore, according to the WHO, primary mental
health prevention targeting either the general public or
specific population groups should be an indispensable
goal of crisis management of the current COVID-19 pan-
demic [8] comprising all age-groups from youth, adoles-
cence to adulthood.

Notably, fighting the COVID-19 pandemic currently
still requires behaviour change in everybody including
daily behaviour (work, business, family, and leisure) as
well as changes in health behaviour and social behaviour.
In each country so far, the COVID-19 pandemic lock-
downs affected daily behaviour routines including work,
business, family, and leisure time activities. The COVID-
19 pandemic lockdowns started in China in January
2020 and only a few months later, lockdowns followed
in many countries around the globe including Germany
and Egypt in March 2020. Crucially, in all countries, the
first lockdowns came by far and large unexpected to the
population. The restrictions in daily life and behaviour
may therefore not be tolerated equally well by everybody.
Accordingly, health care professionals and the WHO
have suggested that counseling programs supporting and
assisting people in behaviour change need to become
part of the COVID-19 pandemic prevention initiatives
[8, 9] to avoid unnecessary mental health burdens in the
general public.

However, in order to successfully support mental
health, well-being, and behaviour in those social domains
of life most seriously affected by the current COVID-19
pandemic, a better scientific understanding is required
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of how individual people experience and psychologi-
cally react to the current COVID-19 pandemic, how they
think, feel, suffer and cope with the situation, and how
they are handling threat perception, how they perceive
and regulate emotions and behaviour [10].

Academia and education are two social and public
domains that have been seriously affected by the pan-
demic lockdown in every country. Concerning Germany,
in March 2020 the different states of Germany decided
to postpone all academic teaching at higher education
institutions to an indefinite period. The universities’
infrastructure including libraries were closed and stu-
dents were not allowed to come to the university. Simi-
larly, concerning Egypt, public and private universities
responded in a similar manner as mandated by the gov-
ernment by closing the campus for students and switch-
ing all teaching activities to e-learning. Teaching courses
including classes, laboratory courses, seminars, prepara-
tory and induction courses were suspended for the sum-
mer term 2020. Teaching during the summer term was
announced to be offered as online e-learning format. The
lockdown situation in the two countries was thus almost
identical for university students concerning the aspects
of their social and academic life.

Working at home without any possibility of coming to
the university campus and not being able of attending
to lectures and courses face-to-face together with peers,
tutors, and teachers require from students to learn and
adapt to new behaviour rules. Psychologically, pandem-
ics increase uncertainty [11]. Uncertainty causes stress
and increases the risk for mental ill health if it conflicts
with behaviour routines and habits [11]. Despite most of
the students being digital natives, the abrupt switch from
face-to-face communication to digital, computer-assisted
forms of teaching and sole reliance on digital interaction
as the only means of social interaction might not be toler-
ated mentally and physically equally well by all students.
Whether the current pandemic situation and its conse-
quences are experienced as a threat may depend on the
students’ individual character, i.e., the student’s personal-
ity and self-concept as well as his/her current cognitive,
affective, and motivational state.

Recent observations from published survey studies
among Chinese students after the lockdown reported an
increase in general anxiety within about 25% of the stu-
dent participants. Anxiety symptoms ranged from mild
to moderate to severe anxiety [3]. Moreover, pandemic
self-isolation was found to be associated with complex
patterns of psychopathology amongst students including
an increase in symptoms of obsessive—compulsive dis-
order, hypochondria, depression, and neurasthenia [4].
Meanwhile published survey studies from several coun-
tries in Europe and across the world support negative
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changes in mental health among university students
immediately after the first lockdowns in 2020, specifically
in relation with quarantine and self-isolation [12-16].

Nationwide surveys conducted before the COVID-19
pandemic already reported elevated mental health prob-
lems and stress-related symptoms including anxiety and
depression among university students [17-21], and this,
although university students across countries might
belong to the young educated low-risk population. In a
recent online study including N =185 university students
studying in Germany, 36.6% of the students (women
and men) reported to experience depressive symptoms,
41.83% (women and men) reported high levels of state
anxiety, and mental stress due to excessive demands and
uncertainty in finances, job, or social relationships [21].
This prevalence of academic stress and mental health
burdens have been found among university students all
over the globe [17-20], including Egypt [22, 23].

Thus, as a population group, university students may be
particularly vulnerable to stress-related lifestyle changes
affecting mental health that are associated with the cur-
rent COVID-19 pandemic. Individual differences in men-
tal health may also exist and influence how the students
perceive and how well they adapt and cope with the cur-
rent COVID-19 pandemic situation and to what degree
they are motivated to change their behaviour in response
to the pandemic consequences in social and academic
life and teaching. Psychological theories and models of
behaviour change, e.g., Health Belief Model, Transtheo-
retical Model, or Social Cognitive Theory [24-26], all
agree in that individual factors, specifically those related
to emotion- and self-regulation can explain how people
perceive themselves, whether and why they change their
behaviour and why others do not. Threat perception has
been suggested to play an outstanding role [27], because
pandemics threaten the whole person, i.e. our self and
the self-concept. Personality traits although considered
stable may play a critical role in threat perception, in
mental health and behaviour because they influence and
modulate the person’s feelings, beliefs, and the person’s
trust in one’s own self-regulatory abilities required to
change one’s own behaviour [27]. Moreover, stable per-
sonality traits and a positive self-concept are considered
general important stress buffers and protectors of mental
health, whereas neuroticisms, trait anxiety, difficulties in
describing and identifying feelings as well as an overall
negative self-concept are considered significant risk fac-
tors of mental ill-health, specifically of anxiety disorder
and depressive disorder [28—30].

These examples underscore the complexity and dynam-
ics of how individual traits and state-like individual
psychological factors as well as characteristics of the
situation interact and influence subjective experience
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and behaviour. Methodologically, this raises questions of
how interactions between situation, person and behav-
iour can best be assessed, investigated, modeled and pre-
dicted in relation to the COVID-19 pandemic in which
little empirical evidence is available so far and different
aggregated data measures of qualitative and quantitative
origin might be used to best capture the internal personal
variables of interest (e.g., feelings, worries, self-concept,
or personality traits) that provide insight into the subjec-
tive experience and the perceived changes in health and
behaviour of individual persons behaving in the context
of the COVID-19 pandemic.

Computational modeling and machine learning have
been already successfully applied in the field of pandemic
research to predict transmission rates of the virus based
on global behavioural changes of the general popula-
tion [31]. These approaches require huge data sets (big
data). In health behaviour research, first attempts have
been made to apply computational models to data sets
comprising smaller sample sizes to model behaviour
of individuals, for instance, in response to behavioural
interventions supporting health prevention [32]. These
computational models build on psychological theories of
human behaviour. Character Computing is one of these
psychologically-driven approaches, whose computational
models include stable character traits (e.g., personality,
self-concept) and cognitive, affective, and motivational
state variables and behavioural indicators as input to take
into consideration the dynamic interactions between
situation (S), person (P) and behaviour (B) (for an over-
view, see [33—35] and Fig. 1). The computational models
are not fixed but can be improved and extended, e.g., by

Page 4 of 23

ontologies [36] or automated data processing, the more
empirical evidence and data is available [32-35].

Methods

Aim of this online survey study

Based on the challenges of the COVID-19 pandemic out-
lined above, this online survey study is aimed at contrib-
uting to the scientific understanding of the psychological
consequences of the pandemic by investigating men-
tal health, subjective experience, and behaviour among
university students studying in Egypt or Germany after
the first pandemic lockdown in May 2020. As outlined
above, university students may be particularly sensitive
to lifestyle changes related to the COVID-19 pandemic,
negatively affecting the students’ mental health, their
subjective experience and behaviour. Moreover, as also
explained above, the students’ personality traits and
self-concept might constitute important stable psycho-
logical variables that could influence mental health as
well as subjective experience and behaviour related to
the COVID-19 pandemic. Therefore, to fully capture
these psychological aspects, psychological assessment
included a number of psychological variables rang-
ing from stable personality traits and self-concept to
state-like psychological variables sensitive to situational
change and related to (a) mental health (current depres-
sive symptoms and state anxiety), (b) pandemic threat
and emotion perception including current feelings, (c)
worries about health including perceived changes in pay-
ing attention to bodily symptoms, and (d) self-reported
perceived changes in health behaviour (weight, eating,
sleeping, physical activity), social and learning behaviour

Character (Person)

Emotions and Feelings
Mental Health

Personality (Big Five)

Openness

Conscientiousness )
Extraversion Anxiety (state)

Agreeableness

Neuroticism Depression (last 2 weeks)

Self-Concept Worrying about Health

Anxiety (trait) Threat Perception

Behaviour

Sleep
Physical Activity
Eating
Weight

Social Distancing

Working at Home

Learning at Home

Situation

Covid-19 Pandemic

Fig. 1 lllustration of the dynamic relationships between situation, a person’s character (traits and states), and behaviour change
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(difficulties in self-regulated learning). To capture all
aspects summarized under (a)—(d), the assessment meth-
ods comprised a mix of self-report tools (survey items,
standardized psychometric scales, psychological ques-
tionnaires, and linguistic self-report measures).

Data analysis included (a) descriptive analysis for prev-
alence estimation of mental health variables, (b) linguistic
analysis of self-concept, personality and feelings during
the pandemic and (c) correlational analysis and machine
learning tools. Machine learning tools were used for
exploratory purpose only to further explore the idea
of whether machine learning algorithms could despite
small sample sizes be trained to predict stable personality
traits from the self-report data of the students. Knowing
whether stable personality traits (that due to their stabil-
ity cannot easily be changed by health care interventions)
can be predicted from the students’ self-report data
could help develop individualized health care interven-
tions that take the students’ personality development into
account. The online survey was distributed among uni-
versity students studying at universities in Egypt and also
in Germany. Both countries were equally affected by the
lockdowns in May 2020. With respect to the already pub-
lished survey studies (see above), all attesting an increase
in mental ill health among university students during the
COVID-19 pandemic the following main research ques-
tions were addressed:

+ RQI Mental health: Can the present online sur-
vey study confirm high state anxiety and depressive
symptoms reported in previous studies in the current
sample of university students during the time period
of the first COVID-19 pandemic lockdown in May
2020? Crucially, are the self-reported symptoms of
anxiety and depression when assessed on standard-
ized psychological screening and assessments tools
beyond the cut off scores of clinical samples, and
comparable or even higher than the prevalence rates
reported in pre-pandemic surveys?

o RQ2 Threat perception and worries about health:
Do university students report to experience threat,
negative feelings and worries about health during the
COVID-19 pandemic?

+ RQ3 Emotion perception: Do university students
report to perceive difficulties in emotion perception
in the time period of the first pandemic lockdown
relative to before the pandemic?

+ RQ4 Health behaviour, social behaviour and learning:
Do university students report to perceive changes in
health behaviour (e.g., weight, eating, sleeping, physi-
cal activity, paying attention to bodily symptoms),
and do they report to experience difficulties in self-
regulation during learning (teaching), and in social
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behaviour in the time period of the first pandemic
lockdown?

+  RQS Self-concept and personality: Do university stu-
dents report a positive or a negative self-concept?
Are mental health variables correlated with the stu-
dents’ personality?

+ RQ6 Exploratory analysis: Can machine learning
despite small data sample sizes predict stable person-
ality traits from the self-report data of the students?

Participants

The survey study was designed and conducted by the
Department of Applied Emotion and Motivation Psy-
chology of Ulm University and administered via Ulm
University and LimeSurvey software (https://www.limes
urvey.org/de/). The survey was advertised among others
via the university’s international office to reach specifi-
cally students studying in Egypt. The survey was pro-
vided in English language (i.e., the academic language),
and proficiency in English language was a prerequisite for
taking part in the study. Participants were fully debriefed
about the purpose of the survey, participation was vol-
untary and anonymous (see ethics statement). After reg-
istration, participants answered questions about their
language proficiency, age, gender, their university, study
year, and their living situation (alone, with friends or fam-
ily). Only university students who were aged 18 years and
older, and who provided informed consent were able to
participate in the study. The survey items were structured
in blocks of items and questionnaires: sociodemographic
(1), personality (Big-Five) and anxiety (state and trait) (2),
survey items about teaching, survey items about health
including the linguistic task (self-concept) (3—-4), and
finally, emotion perception and depression screening
(5). The blocking of the serial order of these topics lead
to partial drop-outs across the survey, particularly across
blocks (see below).

An overview of the complete study-design is provided
in the flow-diagram in Fig. 2. An overview of the online
survey items and questionnaires can be found in the
Additional file 1.

Study sample, survey drop-out and missing data

In total, N=453 university students registered for the
study and answered the inclusion and exclusion criteria.
Of these, n=3 were pilots and n=11 participants did not
give informed consent or did not explicitly state that they
want to get their data published in scientific research,
and were therefore excluded from the study sample.
N =439 volunteers (n=215 men, n=219 women, n=5
did prefer not to name their gender; mean age: 20.69
years, SD=2.87 years) completed the sociodemographic
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Online-Survey
How do you feel during the current COVID-19 pandemic?
& s e
studying in Egypt or Germany
) e Ny 2020
Inclusion Criteria: Age min. 18 years, university Registration: N=453
b RECRUITMENT student in Egypt or Germany, proficient in (n=11 no informed consent, n=3
English language, informed consent pilots)
J L
PSYCHOLOGICAL Final Sample: N=220
ASSESSMENT <:| (100% of the survey items, inclision criteria fullfilled)
n=107 women, n=112 men, n=1 other, mean age: 20.5 years
Self- Personality Mental Threat Perception Difficulties in Worries & Bodily Behaviour: Health,
Concept Traits Health and Feelings Emotion Perception || Health Symptoms Social, and Learning
DATA ANALYTICS
Machine Learning: Correlations: Prevalence: Y Descriptive Data Analytics:
Prediction of Personality Personality and Depression and Perceived Changes in Emotion Perception, Worries, Bodily
from Survey Data Mental Health Anxiety Symptoms, Behaviour

| Linguistic Analysis: Self-Concept and Feelings I

survey study”and “Methods” for detailed explanation

Fig. 2 Design of the survey including data collection and recruitment of participants and data analytics. Please see sections “Aim of this online

questions. Of these, n=19 (4.3%) did not report to
study in Germany or Egypt and were excluded. Of the
420 university students who reported to study in Egypt
or Germany, n=325 participants (n=167 men, n=156
women, n=2 did prefer not to name their gender; mean
age: 20.38 years, SD=1.76 years, range: 18-33 years)
filled in the personality and anxiety questionnaires only,
while n=220 participants (n =112 men, n=107 women,
n=1 did prefer not to name the gender; mean age: 20.45
years, SD=1.88 years, range: 18—33 years) completed the
entire survey. This corresponds to a survey completion
rate of 0.49 (division of the number of participants who
complete the entire survey (n=220) by the total num-
ber of participants who register for the survey (n=453)).
This rate falls within the rate expected for online surveys
(20-50%).

Analysis of the drop-outs (including e.g., univari-
ate measures of variance (ANOVA)), showed no dif-
ference in age between the groups (i.e., the sample who
filled in the sociodemographic items only (n=95) ver-
sus the sample who filled in the personality and anxi-
ety questionnaires only (n=105) versus the final sample
(n=220), F(417,2) =1.72, p=.18. In addition, the student
samples did not differ with respect to gender, i.e., the
% of the number of women and men. Analysis of anxi-
ety and personality scores likewise suggests that the final
sample and the sample who dropped-out after filling in
the personality or anxiety questionnaires (n=220 versus
n=105) did not differ in state anxiety or in the scores on

any of the Big-Five personality dimension. (state anxiety:
F(323,1)=1.77, p>.18; Openness: F(323,1)=0.16, p >.69;
Conscientiousness: F(323,1)=2.82, p>.13; Extraversion:
F(332,1)=0.94, p>.33; Agreeableness: F(323,1)=.062,
p>43; Neuroticism: F(323,1)=1.22, p>.27). Mean
scores of trait anxiety differed between the final sam-
ple and the sample who dropped out (n=220: mean:
46.02, SD=11.2, range: 26—79 vs. n=105: mean: 49.02,
SD=10.98, range: 26-77, F(323,1)=5.78, p=.017). How-
ever, using median tests (which are less susceptible to
outliers) showed no significant difference in the distribu-
tion of trait anxiety scores between the samples (median-
test=1.59, p=.21), see Fig. 3 for an overview.

The survey was programmed such that it produced as
little missing data as possible. Therefore, missing data of
single items in a questionnaire or in a block of open items
could be excluded and missing scores were therefore not
imputed. Regarding the self-generated prompts, partici-
pants were free to answer the prompts (self-concept and
feeling descriptions). Inspection of the data shows that
in the full sample, 5 participants did not fill in all of self-
descriptive prompts, leaving open 1, 2 or 3 of the descrip-
tions, respectively.

Measures: survey items and questionnaires

The online survey included several self-report meas-
ures comprising a mix of single items with open and
closed questions, standardized psychometric scales,
and standardized psychological questionnaires. The
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State Anxiety (right now)
STAI-State and Trait Anxiety
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State Anxiety: mean=50.04, SD=3.77 (cut off: 40)
Trait Anxiety: mean=46.02, SD=11.56 (cut off: 44)

Mean (STAI sum score)

I

women |:| no depressive symptoms (PHQ-2 score of zero)

questionnaire and subscales after the COVID-19 pandemic outbreak

How do you feel during the current COVID-19 pandemic?

Depressive Symptoms (last two weeks)
PHQ-2 (sum score)

! depressive symptoms (above PHQ-2 cutoff score)

l depressive symptoms (equal to PHQ-2 cut off score)

. depressive symptoms (below the PHQ-2 cut off score)

Fig. 3 State and Trait Anxiety distributions across the final sample and drop outs (left upper column). Mean state and trait anxiety scores in
women and man in the final sample (left lower column), significant results (p <.05) are illustrated by lines and cross. Percentage of students
reporting depressive symptoms (middle column). Right column: Percentage of students reporting changes in emotion perception on the TAS-20

Difficulties in Emotion Perception
TAS-20 (sum score)

50.91%

[ Difficutties in describing feelings
[l Difficulties in identifying feelings

[[] Estemally oriented thinking

section below and Table 1 provide an overview of the
survey items, questionnaire measures and hypotheses
grouped according to the psychological domains and
research questions of interest (for an overview, see also
RQ1-RQ6 in the section “Aim of this online survey
study”).

Mental health: anxiety (trait/state), current depressive
symptoms (last 2 weeks)

As illustrated in Table 1, the participants anxiety
proneness including trait and state anxiety as well
as their current self-reported depressive symptoms
(last 2 weeks) were assessed with psychological ques-
tionnaires including the Spielberger Trait and State
Inventory (STAI [37]), and the Patient Health Ques-
tionnaire (PHQ-2, [38]). The STAI is available in many
different languages and has shown similar values of
internal consistencies among university students from
European and Arabic countries [39]. Whereas the trait
scale of the STAI asks for how one generally feels,
the instruction of the state scale of the STAI asks for
how one feels right now. The PHQ-2 has proven to
be a robust screening for depressive symptoms across

different cultures including European and Arabic
countries [40]. It asks for the presence of depressive
symptoms over a time period of the last two weeks.

Threat perception, feelings, and perceived difficulties

in emotion perception during the COVID-19 pandemic
Threat perception as well as discrete emotions and feel-
ings in response to the COVID-19 pandemic situation were
assessed by single survey items. Specifically, these items
asked the participants about how the current COVID-19
pandemic situation makes them feel in terms of valence
(positive/pleasant-negative/unpleasant), arousal  (low/
calm-high/aroused), and dominance (feeling in or out
of control of the situation). The 9-point Self-Assessment
Manikin scales (SAM, [41]) were used for valence, arousal
and dominance assessment. The SAM scales are one of the
most robust and frequently used scales for the unbiased,
non-verbal assessment of emotions and feelings on the
three dimensions of emotions including valence, arousal
and dominance [41]. In accordance with the literature [41],
the SAM scales ranged from 1 (negative/unpleasant, low
arousal/calm, out of control) to 9 (positive/pleasant, high
arousal/aroused, in control). In addition, we asked the par-
ticipants to indicate which kind of discrete emotions they
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Table 1 Overview of the self-report measures included in the survey and hypotheses

Questionnaires and survey items Hypotheses

Mental Health

Depression
Questionnaire: PHQ-2 [38]
Screening for depressive symptoms - Presence of depressive symptoms
Cut off score (> 3): risk of depression - Prevalence of depressive symptoms in the present student sample prob-
Symptom assessment (last 2 weeks) ably higher than reported in surveys before the pandemic
Anxiety
Questionnaire: STAI [37]
STAI-State (how do you feel right now) - High prevalence of state anxiety and trait anxiety, probably higher than
STAI-Trait (anxiety proneness, how do you feel in general) reported in surveys before the pandemic
Cut off scores: (>40/44) high versus low state anxiety, high versus low trait
anxiety

Threat perception
Survey ltems: How does the current pandemic situation make you feel?
« Answers on 9-point SAM scales [41] (valence, arousal, dominance)

(a) valence (negative/unpleasant-positive/pleasant, 1-9) - Higher negativity/unpleasantness than positivity/pleasantness
(b) arousal (low/calm-high/aroused; 1-9) - High arousal ratings
(c) dominance (low/no control-high/in control; 1-9) - Lack of dominance (not in control of the situation)

« Answers: discrete emotions:
- happy, neutral, surprise, disgust, anger, fear, or sadness - Feeling more often afraid, angry, sad than happy or surprised or neutral

"

Scales: "yes’,"no” ("no”indicates no change)
Feelings during the pandemic

Survey ltem: Describe your feelings in response to the COVID-19 pandemic High number of negative words expressing negative feelings than positive
by completing the prompt ‘I feel ...”" words expressing positive feelings
Answer: free text, five words

Difficulties in emotion perception

(relative to before the pandemic)

Questionnaire: TAS-20 [42]

Cut off score > 60

3 subscales: - Difficulties describing and identify feelings and externally oriented think-
- difficulties on describing feelings ing style

- difficulties in identifying feelings

- externally oriented thinking

Worries about health and perceived changes in health behaviour
during the pandemic

Single survey items

(created for this survey)

- worries about mental health - Worries in mental and physical health expected
- worries about physical health - Perceived changes expected in all health domains (less physical activity,
- perceived changes in physical activity more eating, weight gain, and change in sleeping)

Q exercise less (one item)
QO exercise more (one item)

- perceived changes in eating behaviour
O eat more (one item)
QO eat less (one item)

- perceived changes in sleeping behaviour
O sleep more (one item)
O sleep less (one item)

- perceived changes in weight - Increase expected in all bodily domains
O weight gain (one item)
O weight loss (one item)




Herbert et al. BMC Psychol (2021) 9:90

Table 1 (continued)
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Questionnaires and survey items

Hypotheses

Answers: now during the pandemic relative to before the pandemic

Scales: Scales: "yes’, "no” (‘no” indicates no change)

- perceived changes in paying attention to bodily sensations and symp-
toms

QO taste

QO smell

QO cardiovascular

O breathing/respiration

O appetite/eating/drinking

Answers: now during the pandemic relative to before the pandemic

Scales: Likert type (1 =not at all/decreased, 10 =increased/very much)

Social behaviour

Single survey items
(created for this survey)

Following pandemic rules (social distancing)
Difficulties in not going out
Answers: now during the pandemic relative to before the pandemic

"

Scales: Scales: "yes” "no” ("no” indicates no change)
Teaching and Learning behaviour

Single survey items

(created for this survey)

Difficulties in self-regulated learning

- Attention and effort:

O unable to concentrate and focus

O preoccupation with the current situation, lost in content
Answers: now during the pandemic relative to before the pandemic

Scales: Scales: "yes’, "no” (‘no” indicates no change)

Personality and Self-Concept
BIG Five
Questionnaire: BFI-40 [43]

Subscales

- neuroticism

- extraversion

- openness

- conscientiousness

- agreeableness

Self-Concept

Linguistic task modified according to TST [45]

Describe your personality “l am ..."
Answer: free text, five words

- Difficulties in social distancing

- Difficulties expected in self-requlatory capacities

- Personality traits are expected to be correlated with self-reported changes

in anxiety, depression and emotion perception

- Positive versus negative self-concept should be associated with positive

or negative word use, respectively

For detailed description, please also see sections “Methods’, and “Measures” and “Hypotheses”

experienced in response to the COVID-19 pandemic. Par-
ticipants could choose among six discrete emotions (sad,
anxious, angry, disgusted, happy, surprised, or neutral). In
addition, participants were given five prompts to describe
their current feelings in response to the COVID-19 pan-
demic situation (“I feel ...”). In order to assess potential
difficulties in emotion perception, participants filled in the
Toronto Alexithymia Scale (TAS-20; [42]), which com-
prises the three subscales “Difficulty Describing Feelings’,
“Difficulty Identifying Feelings’, and “Externally-Oriented
Thinking” Since we were interested in perceived changes
since the pandemic outbreak, participants were instructed
to answer each item of the TAS-20 questionnaire relative to
before the pandemic.

Worries about health and perceived changes in behaviour
during the COVID-19 pandemic

Worries about health, perceived changes in paying atten-
tion to bodily symptoms (e.g., taste, smell, cardiovascular,
respiration/breathing, appetite/eating/drinking), as well
as perceived changes in health behaviour (weight, eating
behaviour, sleep and physical activity behaviour) as well as
perceived difficulties in social behaviour (social distancing)
and self-regulatory learning (i.e., difficulties in paying atten-
tion to the content provided by e-learning, difficulties in
studying with the same effort as before the pandemic situa-
tion) were assessed via single survey items. The single item
questions that asked for worries and perceived changes
in behaviour could be answered with “yes” or “no”; “yes”
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meaning an increase and “no” meaning no change in rela-
tion to before the pandemic. The items on health behaviour
included items asking in both directions, e.g., whether one
eats more or less, sleeps more or less, exercises more or
less than before the pandemic. The single item questions of
paying attention to bodily symptoms could be answered on
10-point Likert scales such that change scores could be cal-
culated based on the participants’ answers allowing evalu-
ation of the degree of change as increase, decrease or no
change during the pandemic situation in relation to before
the pandemic (see Table 1 for an overview).

Personality and self-concept

As illustrated in Table 1, the participants’ personality traits
were assessed with the Big Five Personality Inventory (BFI-
40, [43]). The BFI-40 is a standardized self-report measure
that has been validated in different cultural populations
and age groups [44]. The self-concept was assessed using
a modified short version of the twenty statements tests
(TST, [45]). The TST is a cross-cultural tool for the assess-
ment of different facets of the self-concept including actual,
ideal, and ought selves. In the present study, participants
had to generate self-descriptions for the actual self only. In
line with the instruction of the TST [45], participants were
asked to provide five words to the prompts “I am ...” in
order to describe themselves.

Hypotheses

Mental health: anxiety (trait and state) and current
depressive symptoms

In line with previous pre-pandemic surveys among
university students (see Background for an overview),
we expected a high prevalence of anxiety and depres-
sive symptoms in the present sample of university stu-
dents irrespective of their culture or country in which
they study. Prevalence rates for self-reported current
depressive symptoms assessed with the screening tool
of the PHQ-2 asking for depressive symptoms in the last
2 weeks (PHQ-2 items: item1: “little interest or pleas-
ure in doing things”; item 2: “feeling down, depressed
or hopeless”) and state anxiety (asking for how one feels
right now) might be expected to be even higher than
prevalence rates reported in previous surveys before the
pandemic situation.

Threat perception, feelings, and difficulties in emotion
perception

We expected threat perception to the COVID-19 pan-
demic to be associated with self-reported unpleasant-
ness, feelings of moderate to high levels of arousal,
self-reported perceived lack of dominance (feeling less in
control of the situation) on the Self-Assessment Manikin
(SAM) scales. In addition, we expected self-reports of
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feelings of anger, sadness, and anxiety towards the pan-
demic as assessed by the survey items assessing discrete
emotions. We also explored whether students report to
perceive changes in emotion perception since the pan-
demic outbreak relative to before the pandemic outbreak.
Specifically, we explored whether participants report dif-
ficulties in describing and identifying feelings and report
externally oriented thinking on the TAS-20 as potential
maladaptive adaptions in coping with the pandemic lock-
down. As mentioned above, the instruction of the TAS-
20 items asked the participants to answer the items in
relation to before the pandemic.

Worries about health, perceived changes in behaviour

during the COVID-19 pandemic

We expected that the majority of students will report to
be more worried about their mental and physical health
than before the pandemic. Moreover, we expected a
higher awareness of bodily symptoms (i.e., paying more
attention to perceived changes in smell, taste, cardio-
vascular functions, breathing/respiration, and appe-
tite/eating/drinking) relative to before the pandemic.
Given that the lockdown in every country had effects
on the students’ work and leisure time activities, we also
expected that participants will report changes in health
behaviour including a decrease in regular physical activ-
ity compared to before the pandemic lockdown including
self-reported changes in eating- and sleeping behaviour
and weight. We also expected difficulties in learning and
social behaviour (see Table 1).

Personality and self-concept

Moreover, we examined how university students see
themselves (self-concept). In particular, we explored
whether the students would report a positive or negative
self-concept and compared their linguistic descriptions
of the self to their descriptions of their current feelings
pandemic-related feelings (“I feel ...) and their personal-
ity. Regarding personality, we explored whether stable
psychological personality traits (Big Five and trait anxi-
ety) would be correlated with state anxiety and depres-
sive symptoms and the students’ perceived changes in
emotion perception. Finally, we examined for exploratory
purpose, whether machine learning could predict the
students’ personality traits from their reports (for details
see “Data Analysis” section).

Descriptive analyses and statistics

To answer the hypotheses outlined above, the partici-
pants’ answers (questionnaires, single items) were ana-
lysed descriptively to provide insight into how many
students on average reported anxiety and depressive
symptoms as well as how many students reported to
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perceive changes in subjective experience (threat percep-
tion, difficulties in emotion perception, worries about
health, bodily symptoms) and behaviour (health, social,
learning). Analysis of the questionnaires (PHQ-2, STAI,
TAS-20, BFI-40) followed the guidelines and manuals
and were calculated as sum scores or mean scores (non-
normalized). For the PHQ-2, STAI and TAS-20, cut off
scores are available from the literature (see “Results” sec-
tion). These cut off scores were also used in the present
study to discriminate between high versus low trait anxi-
ety, high versus low state anxiety, depressive symptoms,
and difficulties in emotion perception. Means and stand-
ard deviations were calculated for all questionnaire data
and for the closed survey items using Likert scales or the
SAM scales. The questionnaire data and answers to the
survey items were tested statistically for significance by
means of non-parametric or parametric statistical tests
as appropriate. The respective test statistics are presented
in brackets in the “Results” sections. Given the drop-
out across blocks of the survey (see section about Sam-
ple size, survey drop-out and missing data), the results
for each scale, item or questionnaire were calculated for
the available sample who filled in the questions and the
final sample (n=220) who filled in the complete survey
and who reported to study in Egypt or Germany. P val-
ues are reported uncorrected and two tailed if not oth-
erwise specified. The SPSS software (IBM SPSS Statistics
Software, Version 27) was used for all statistical testing
including correlation analysis (see below).

Correlational analysis

Correlation analyses (Pearson) were used to assess the
relationships between the Big Five personality traits
(BFI-40), mental health variables (STAI: trait and state
anxiety, PHQ2: screening for depressive symptoms), and
difficulties in emotion perception (TAS-20). P values are
reported uncorrected and two tailed if not otherwise
specified.

Linguistic analysis of self-concept and feelings

The open-ended linguistic answers assessing the self-
concept (“I am ..”) and feelings in response to the pan-
demic (“I feel ..”) were analysed with computer-assisted
text analysis tools including Linguistic Inquiry of Word
Count (LIWC; [46]). The dictionary of the LIWC soft-
ware contains words and word stems, grouped into
semantic categories related to psychological constructs.
The categories provided by the LIWC allow the assess-
ment of the polarity of words (positive or negative). The
LIWC analysis produces reliably results with about 500
words and more. Therefore, in the present study, words
generated by each participant were accumulated across
participants and entered as a whole text corpus for words
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generated for the prompts “I am ...” (self-concept) or for
the prompt “I feel ..” (feelings in response to the pan-
demic), respectively. This allows the evaluation of the
self-concept and current pandemic feelings of the univer-
sity sample as a whole. For the linguistic analysis no sta-
tistic testing was performed.

Machine learning (exploratory analysis)

Machine learning (ML) was used for exploratory purpose
only and the ML algorithms were chosen to combine the
different psychological variables that were descriptively
analysed in order to explore whether individual personal-
ity traits including the Big Five and trait anxiety can be
predicted and classified by automated machine learning
tools. To this end, the questionnaire scores and answers
to the different survey items were preprocessed accord-
ing to the following procedure: the participants’ Big Five
personality traits from the BFI-40, the state and trait anx-
iety scores (from the STAI including for each individual,
a difference score for self-reported trait and state anxi-
ety), depression (PHQ-2), perceived changes regarding
difficulties in emotion perception (TAS-20) as well as the
participants’ answers on the SAM scales for threat per-
ception (e.g., valence, arousal, dominance) were normal-
ized (z-scores). The participants’ answers to the discrete
emotions elicited during the pandemic, difference scores
assessing increase in current anxiety (difference score
comparing STAI state vs. STAI trait) as well as the partic-
ipants’ answers to the survey items asking for worries and
perceived changes in health and behaviour were labeled
as positive or negative or set to zero if the students
reported no change. The answers to the survey items
asking for perceived changes in paying attention to bod-
ily sensations/symptoms were combined to a total score
denoting the total perceived changes in attention towards
bodily sensations/symptoms and the total change was
labeled as positive or negative depending on whether
attention increased or decreased relative to before the
pandemic or set to zero if there was no change. Sociode-
mographic variables such as country or university were
no contribution factors in prediction and classification.
After data preprocessing and data labeling, the data-
set for machine learning comprised continuous features
and discrete categorical features. The whole dataset was
denoted “X” and the continuous or discrete features were
denoted “y” in the feature matrix. The machine learning
libraries of the Python software package (https://www.
python.org/) were used for automated data analysis. Data
analysis was based on regression models. Gradient Boost-
ing Regression (GBR) and Support Vector Regression
(SVR) were chosen for the regression models. The prin-
ciple of Gradient Boosting Regression is to build multi-
ple regression models based on decision trees. Decision
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tree models are supervised machine learning algorithms
that have tree structures that recursively break down the
dataset into smaller datasets through branching opera-
tions while comparing the final node results with the
target values. Decision tree models provide the best fit
for small sample sizes to avoid overfitting the data. The
same holds true for support vector machine algorithms.
Support Vector Regressions (SVR) aim at finding the best
fitting line in continuous data within a predefined thresh-
old error. The evaluation of the accuracy of the predic-
tion is evaluated based on the root mean squared error
(RMSE). Depending on the type of data to be predicted,
RMSE within 10-20% of the range is considered a good
result. Especially with human self-report, data accuracies
are usually much lower than in other more deterministic
domains of machine learning e.g., natural language pro-
cessing or bioinformatics. One reason for the lower accu-
racies in human behaviour data is the higher variance
in the data itself [47]. To account for this, we accepted a
RMSE of up to 16.6% as sufficient for the decision that
the data can be predicted by the model accurately.

We used the classical train/test split approach with
a ratio of 8:2. Train/test split is a common validation
approach frequently used in ML studies including those
with smaller sample sizes [for a critical review see [48]).
No k-fold cross validation (CV) approach was chosen as
it has been shown that k-fold CV can lead to overestima-
tion especially with small sample sizes, whereas train/
test split and nested CV approaches have been shown to
be equally reliable even with small sample sizes [48]. We
also performed hyperparameter tuning, an algorithm fre-
quently used and recommended in machine learning to
choose and select during training the best model while
avoiding biasing the data, and the number of features and
the feature-to-sample ratio) was kept in an optimal range
(less features than samples) for avoiding overfitting [48].

Results

Descriptive data analytics

Mental health: anxiety (trait and state) and depressive
symptoms

The mean state and trait anxiety scores of the university
students who completed the entire survey and who stud-
ied in Egypt or in Germany (n=220) were above the cut
off scores that according to the literature distinguishes
between high versus low anxious subjects [49]. The mean
state anxiety score as measured with the STAI inventory
was significantly above the cut of score of 40 (n=220,
mean: 50.04, SD=3.77; T=39.47, df=219, cut off: 40,
»<0.001). A cut off score below or above a score of 44 in
the trait STAI scale differentiates between low trait anx-
ious and high anxiety prone individuals [49]. The mean
score for trait anxiety was significantly higher than this
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cut off score (n=220, mean: 46.02, SD=11.56; T=2.60,
df=219, cut off: 44, p<0.01). Given the drop-out of
n=105 students, the analysis of the mean state and trait
anxiety scores were recalculated for the final sample
including those students who dropped out. The analy-
sis showed that also in this larger sample of n=325 stu-
dents the cut off scores were significantly above the cut
off scores (state anxiety: n=325; mean: 50.23, SD=3.75;
T=49.13, df=324, cut off: 40, p<0.001; trait anxiety:
n=2325; mean: 47.08, SD=11.52; T=4.72, df=324, cut
off: 44, p<0.001) and in addition, trait anxiety scores
(trait) did not differ significantly between women and
men in this sample (trait anxiety: n=325; mean-woman:
47.94, SD=11.82; men: 45.96, SD=10.91; F(321,1) =2.45,
p>0.12). However, women reported higher state anxiety
scores than men. This difference in state anxiety scores
between women and men was significant (state anxi-
ety: n=325; mean-woman: 50.81, SD=3.62; men: 49.63,
SD=3.79; F(321,1)=8.08, p<0.005) and was also signifi-
cant in the n=220 sample. There was no significant dif-
ference in state anxiety scores between students studying
in Egypt or Germany, neither in the n=220 sample nor
in the sample comprising n=325 students (n =220, state
anxiety: Egypt-mean: 50.16, SD=3.75, Germany-mean:
49.08, SD=3.86, Mann—Whitney-U=-1.39, p=0.16;
n=2325, state anxiety: Egypt-mean=50.32, SD=3.70,
Germany-mean: 49.45, SD=4.22, Mann—Whitney-
U=-1.24, p=0.22). However, students studying in Egypt
reported higher trait anxiety compared to the students
studying in Germany (n =325, trait anxiety: Egypt-mean:
47.62, SD=11.60, Germany-mean: 42.24, SD=9.75,
n=220, trait anxiety: Egypt-mean: 46.49, SD=11.57,
Germany-mean: 42.40, SD=10.93), but this difference
was not significant in the final sample (n=220, Mann—
Whitney-U=—1.39, p=0.16). The results are illustrated
and summarized in Fig. 3.

For the PHQ-2 screening for depressive symptoms a
sum score greater than 3 on both items is associated with
depression proneness [38]. In the sample of university
students who completed the entire survey and therefore
had filled in the PHQ-2 depression screening, the mean
sum score was mean: 348, SD=1.58, and significantly
above the cut off score (T'=4.51, df=219, cut off=3,
»<0.0001). 51.82% (n=114) of the students had sum
scores greater than the cut off (>3), and 19.09% (n=42)
had a sum score of 3 (cut off). Only 26.82% (n=59) of
the sample scored below the PHQ-2 cut off score (<3),
and only 2.27% (n=5) did report to not suffer from loss
of interest or pleasure in doing things (PHQ-2 item 1)
or from feeling down, depressed or hopeless during the
last two weeks (PHQ-2 item 1) (see Fig. 3 for an over-
view on state anxiety and depressive symptoms). The
PHQ-2 scores did not differ between students studying in
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Egypt or Germany (n=220, Egypt-mean: 3.51, SD=1.56,
Germany-mean: 3.24, SD=1.79, Mann—Whitney-
U=—0.643, p=0.52) nor did they differ between women
and men (n=220, woman-mean: 3.48, SD=1.54, men-
mean: 3.47, SD=1.63, F(217,1)=0.00, p =0.98).

Threat perception, feelings, and difficulties in emotion
perception
Descriptive analysis of the items assessing threat per-
ception (SAM; Self-Assessment Manikin scales rang-
ing from 1 (unpleasant, not aroused, or no control) to 9
(pleasant, very highly aroused, in control)) showed that,
the students (n=220) felt slightly unpleasant (mean:
4.19, SD=1.97). In addition, 55% (n=120) of the final
study sample (n=220) reported a score from 1 to 4,
i.e., from high unpleasantness to moderate unpleasant-
ness on the 9-point SAM valence scale. On average, the
students did not feel much in or out of control of the
situation (mean: 5.07, SD=2.41) on the 9-point SAM
scale for dominance. Nevertheless, 37.55% of the study
sample reported a score from 1 (no control) to 4 (loss of
control) on the SAM scale for dominance. Mean physi-
ological arousal was rated as moderate (mean: 5.40,
SD=2.22). However, 50% of the university students
(n=110) reported an arousal score of 6 (aroused) to
9 (very high arousal) on the SAM arousal scale. Given
the drop-out of students, comparisons of the ratings
(valence, arousal, or control) were performed between
samples (n =220 and n =59 who completed the ratings
but did not fill in the entire survey). This showed that
the ratings did not differ between the samples (Mann—
Whitney-U-tests, all p>0.70). From the set of discrete
emotions (including sadness, anger, fear, disgust, hap-
piness, surprise, or neutral emotions), 66.8% reported
to feel not neutral, 93.2% reported to feel not happy,
56.4% reported to feel sad, 75.9% reported to feel angry,
92.3% reported to feel surprised, 87.7% reported to feel
disgusted, and 52.7% reported to feel afraid by the cur-
rent pandemic situation. The distribution of “yes” ver-
sus “no” answers differed significantly for the categories
feel neutral, happy, surprised, disgusted, or angry,
respectively, (non-parametric test for binomial distri-
bution: all p<0.001). From all students who completed
these items (n=277) the same significant results were
obtained for the answers concerning discrete emotions.
16.88% of the students of the final sample (n=220)
had a total TAS-20 score greater than the critical TAS-
20 cut off score (TAS-20 cut off >60, [30]). From the
three subscales of the TAS-20 questionnaire, changes
in self-reported difficulties in emotion perception
in relation to the pandemic as compared to before
the pandemic were reported by 62.27% (n=137) for
items belonging to the subscale “Difficulty describing
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feelings’, and by 71.82% (n=158) for the items belong-
ing to the subscale “Difficulty identifying feelings” and
by 50.91% (n=112) for the items belonging to the sub-
scale “Externally Orienting Thinking”. The distributions
of the TAS-20 scores of the three subscales did not dif-
fer between students studying in Egypt or Germany
(Mann—Whitney-U, all p>0.50). However, woman
(n=107) reported higher scores on the subscales “Diffi-
culties identifying feeling” compared to men (n=112),
F(217,1)=217.1, p=0.035.

Worries about health

In the final sample who completed the survey (n=220),
65.5% (n=144 students) of the study sample reported
to worry about their mental health more due to the
COVID-19 pandemic than before the pandemic, whereas
34.5% (n="76) answered to worry not more than before
the pandemic. 71.4% (n=157) of the students reported to
worry more about their physical health than before the
pandemic, whereas 28.6% (n=63) answered to worry
not more about their physical health than before the
pandemic. The distributions of “yes” versus “no” differed
significantly for both, worries about mental and physi-
cal health, respectively (non-parametric test for bino-
mial distribution: all p<0.001) and this also held true
when considering all students who filled in these items
(n=227). Self-reported worries about mental health and
physical health were significantly related (x2=100.43,
df=2, p<0.001). 65% (n=143 of n=220) reported to
worry in both domains (mental health and physical
health) more than before the pandemic and this also held
true when considering all students who filled in these
items (n=227), see Fig. 4a.

Behaviour: health

Across health behaviour domains (weight, eating, sleep,
physical activity), 52.3%, 58.2%, 31.8%, and 76.4% of the
study sample (n=220) reported to have gained weight,
to eat more than before the pandemic and to not sleep
more or exercise more than before the pandemic situa-
tion. The distributions of “yes” versus “no” answers were
significantly different for the domains of eating, sleep and
exercise/physical activity (non-parametric test for bino-
mial distribution: eat, sleep, exercise/physical activity all
p<0.001) and this again held true when considering all
students who filled in the items (n=227). Paying atten-
tion to bodily sensations and symptoms (i.e., changes in
taste, smell, appetite/eating/drinking, cardiovascular
functions, breathing/respiration) did however not change
significantly relative to before the pandemic outbreak. On
average, on Likert scales ranging from 1 (“decrease”) to
5 (“no change”) to 10 (“increase”), participants reported
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Fig. 4 a Worries about mental health or physical health or both (mental and physical health). The cross represents significant results, p <.05. b
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Linguistic Descriptions of
One‘s Own Feelings
(oI feel ...%)

Linguistic Self-Concept
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(number of words in %

N
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Fig.5 Percentage of negative and positive words. Left column:
Self-concept:“l am ..." Right column: Current feelings during the
pandemic | feel ..."

lost scared out of conrol concerned bored  annoyed

confused frustrated sad worried emotional
tensed  useless angry sleepy uncertain

insecure lazy bored unsettled overwhelmed stressed
anxious not focused lonely hopeless suppressed depressed

Fig.6 Summary of the words most often used by the university
students to describe their feelings in response to the pandemic

not to pay more attention to or to be more aware of
bodily sensations and symptoms than before the pan-
demic (smell: mean: 5.18, SD=1.21, taste: mean: 5.15,
SD=1.27, bodily symptoms: mean: 5.84, SD=1.74, car-
diac symptoms: mean: 5.78, SD=1.66, breathing: mean:
577, SD=1.64, eating and drinking/appetite: mean:
5.52, SD=2.09). The answers on these rating scales did
not differ between students studying in Egypt or Ger-
many (all p>0.16), but comparisons between women and
men showed that women scored significantly higher on
the scale asking for attention to bodily symptoms than
men (woman-mean: 6.18, SD=1.90, men-mean: 5.50,
SD=1.53, F(217,1) =8.50, p>0.002). This again held true
when considering all students who filled in the items
(n=227).

Behaviour: social distancing and learning

Being asked about their social situation of self-isolation,
teaching and learning behaviour, 54% of the student sam-
ple (n=220) replied to have difficulties in not going out
during the pandemic. 76.4% replied to have difficulties
in self-regulated learning, being unable of focusing their
attention on the teaching content. Of these students,
60.9% replied to have difficulties in studying with the
same self-regulatory effort because of being anxiously
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preoccupied with the current pandemic situation (see
Fig. 4b). The distributions of “yes” versus “no” answers
were significantly different for the domains of learning
(non-parametric test for binomial distribution: eat, sleep,
exercise/physical activity all p <0.002) and this again held
true when considering all students who filled in these
items (n=305, all p<0.001).

Linguistic self-concept and self-descriptions of current
feelings

Linguistic self-descriptions (“I am ...”) showed a positivity
bias. Overall, more positive words than negative words
were used by the students to describe themselves (see
Fig. 5). As mentioned above, linguistic analysis of the uni-
versity students’ self-descriptions about how the current
COVID-19 pandemic situation makes them feel (“I feel
...) showed the reverse pattern with more negative words
than positive words being used by the study sample to
complete the prompt “I feel ...” (see Fig. 5). In addition,
Fig. 6 shows the most prominent examples, i.e., the words
most often used by the students to describe their feelings
during the pandemic.in the prompt “I feel ...

Personality: Big Five

The final student sample (n =220) scored low on the BFI-
40 subscales for extraversion (mean: 24.5, SD=5.65),
neuroticism (mean: 25.37, SD=6.51), and reported mod-
erate scores on the conscientiousness scale (mean: 30.69,
SD=6.07), the openness scale (mean: 36.85, SD=5.07),
and the agreeableness scale (mean: 33.42, SD=4.50) and
as described earlier (see section “Study sample, survey
drop-out and missing data”), the BFI-40 scores of the
samples (n=220 vs. n=105 who dropped-out) did not
differ in the five personality dimensions. The Big Five
personality traits were significantly correlated with self-
reported depressive and anxiety symptoms as well as
with the self-reported difficulties in emotion perception.
Table 2 shows a summary of the correlations between
measures of personality traits (BFI-40), trait anxiety
(STAI-trait scale), state anxiety (STAI-state scale), self-
reported depressive symptoms (PHQ-2), and perceived
difficulties in emotion perception (TAS-20) as obtained
from the final sample (n=220).

Automated data analytics, machine learning (exploratory)

The university students’ personality traits (Big Five)
and trait anxiety could be predicted from the psycho-
logical variables (trait and state) summarized in Table 3
through feature importance extraction by Support Vec-
tor Regression. The table and the numbers in percent
show the major contributing factors to the prediction
of the respective trait listed in the left column (under
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Table 2 Correlations (1) between personality (Big Five), depression, anxiety and perceived difficulties in emotion perception during

the COVID-19 pandemic (p is reported two-tailed)

Personality
Big Five (BFI-40)

Depression Difficulties in
emotion per-
ception

(PHQ-2) (TAS-20)

Conscientiousness r=-—0.25p<.001

Neuroticism r=041,p<.001 r=0.39, p<.001
Anxiety Anxiety
(STAl-state) (STAI-trait)

Conscientiousness r=-—0.29, p<.001

Extraversion r=0.31,p<.001

Neuroticism r=0.39, p<.001 r=0.61,p<.001

Mental health

Anxiety Difficulties in
emotion per-
ception

(STAI-State) (TAS-20)

Depression (PHQ-2) r=0.24, p<.001 r=0.54, p<0.001

Depression

(PHQ-2)

Anxiety (STAI-Trait) r=0.37,p<.001 r=0.36,p<.001

“Measure”). Table 4 shows the prediction accuracy sug-
gesting that prediction of all trait attributes have similar
error rates.

Discussion

The COVID-19 pandemic is taking its toll. Concerns have
been raised by the WHO (2020) [8], that the COVID-19
pandemic will cause “a considerable degree of fear, worry
and concern in the population” (cited from WHO, 2020
[8]) and that stress and anxiety as well as depression will
increase considerably during the COVID-19 pandemic,
rendering affective disorders a public mental health con-
cern of the COVID-19 pandemic [8]. In the present sur-
vey, mental health (depressive symptoms, state and trait
anxiety), subjective experience (threat perception, cur-
rent feelings, perceived difficulties in emotion percep-
tion, worries about health during the pandemic) as well
as perceived changes in behaviour (related to health,
social behaviour and learning/teaching) was assessed
among university students studying in Egypt or Germany,
respectively. The survey was administered in May 2020,
shortly after the lockdown in these countries. Going
beyond previous surveys, the students’ self-concept
and the Big Five of human personality were additionally
assessed to explore psychological patterns between per-
sonality traits, mental health, and perceived changes in

subjective experience by means of correlation analysis
and machine learning.

Mental health among university students

Regarding pandemic risk groups, previous cross-cultural
pre-pandemic surveys have shown high prevalence rates
of anxiety and depression among university students
across countries [17-22, 50-53]. Therefore, the WHO’s
concerns about the psychological consequences of the
COVID-19 pandemic on mental health and well-being
might affect university students as a population group as
well. The results obtained from this sample of university
students who study in Egypt or Germany during the first
lockdown period confirm these concerns. In particu-
lar, the results confirm previous pre-pandemic results
about mental health of university students and they
seem to confirm the concerns of the WHO regarding
mental health and threat perception during the current
pandemic. The mean state anxiety score (assessed with
standardized questionnaires including the Spielberger
Trait-State Anxiety Inventory, STAI) was significantly
above the cut off score that, according to the literature
[34], discriminate high from low anxious subjects. In
addition, state anxiety scores were significantly higher
in woman than man. Moreover, 51.82% (n=114) of the
students had sum scores greater than the cut off (>3),
and 19.09% (n=42) had a sum score of 3 (cut off). Only
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Table 3 Prediction of personality traits based on the psychological variables (trait and state) assessed in this survey by means of
machine learning (ML) algorithms

Measure x-Features and % of importance for classification of the y-feature
STAl-trait 18.86% 17.03% 13.99% 8.14% 6.46% 5.99% 541%
Extraversion Neuroticism  STAI-State Conscientiousness  Openness Threat perception  Difficulties
discrete emo- in social
tions: neutral behav-
iour
Openness 28.68% 10.97% 9.28% 7.27% 6.51% 6.10%
Difficulties in Worry about  Conscientiousness  Agreeableness Difficulties in Neuroticism
emotion percep-  mental social behaviour
tion: identifying health
feelings
Conscientiousness  20.85% 15.57% 6.94% 5.49% 5.08% 5.05%
STAI-Trait Openness Depressive symp-  Attention to bod-  Difficulties in Extraversion
toms ily symptoms emotion percep-
tion: describing
feelings
Extraversion 28.74% 15.71% 8.57% 7.00% 511%
STAI-trait Openness Difficulties in Conscientiousness Paying attention
social behaviour to bodily symp-
toms
Agreeableness 18.10% 8.48% 7.65% 7.13% 6.15% 4.73%
Threat perception  Neuroticism  Paying attention Threat perception: Age Conscientiousness
Perceived changes to bodily symp-  Discrete emotions:
in valence (nega- toms feeling sad
tive/unpleasant/
positive/pleas-
ant)
Neuroticism 33.23% 21.94% 12.55% 8.25% 7.05% 4.64%
Threat perception: ~ STAI-State STAI-Trait Difficulties in Perceived changes Difficulties in
current anxiety emotion per- in eating behav-  social behaviour
(STAI state vs ception: describ-  iour
trait) ing feelings

Table 4 Prediction accuracies of personality traits (Big Five) and
trait anxiety

Feature RMSE % of RMSE in range
Neuroticism 0.8074366162 1345727694
Conscientiousness 0.7932855771 13.22142629
Agreeableness 0.8710934236 14.51822373
Extraversion 0.8959132559 14.9318876

STAI-trait 0.9024231185 15.04038531
Openness 0.9794451559 16.32408593

26.82% (n=59) of the sample scored below the PHQ-2
cut off score (<3), and only 2.27% (n=5) did report to
not suffer from loss of interest or pleasure in doing things
(PHQ-2 item 1) or from feeling down, depressed or
hopeless during the last two weeks (PHQ-2 item 1), and
self-reported depressive symptom did not differ among
students studying in Egypt or Germany or in woman
or men (see Fig. 3 for an overview on state anxiety and

depressive symptoms). Thus, in total, 51.82% and 19.09%
of the final student sample (n=220) reported depressive
symptoms at and above the cut off score for depressive
symptoms [38], thus feeling depressed or hopeless and
reporting a loss of interest and pleasure in the items of
the PHQ-2 questionnaire during most of the days of the
last 2 weeks of the COVID-19 pandemic. Prevalence
rates from previous surveys among university students
reported a prevalence of anxiety symptoms or depressive
symptoms above 35% among university students before
the pandemic (e.g., for depression or anxiety [17-22, 50—
53]). A recent online study [21], including N=185 uni-
versity students studying in Germany found that 36.6% of
the university students (women and men) report experi-
encing depressive symptoms, 41.83% (women and men)
reported experiencing high levels of state anxiety, and
all students reported experiencing stress due to exces-
sive demands and uncertainty in finances, job, or social
relationships. These prevalence rates have actually been
found in cohort studies including university students all
over the globe, irrespective of culture before the outbreak
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of the pandemic [17-22, 50-53]. In relation to these pre-
pandemic prevalence rates, the prevalence of state anxi-
ety and of depressive symptoms in the current sample
seem to have more than doubled during the pandemic
time period.

The scores for state anxiety need to be seen in rela-
tion to the results obtained for trait anxiety. As men-
tioned above, trait anxiety scores were even higher
in those students who dropped-out, however state
anxiety scores did not differ across students who com-
pleted the survey and those who did not. Students
with high state anxiety during the pandemic may be
at special risk of suffering from anxiety proneness in
the long run. Therefore, surveys among university
students should be continued to further explore the
development of anxiety and particularly also of depres-
sive symptoms during the current pandemic as well as
the comorbidity of anxiety with depressive symptoms
as a consequence of the COVID-19 pandemic. Very
recent surveys among university students from Greece
(Europe) and the United States conducted in a similar
time period (during the first lockdowns in these coun-
tries) report similar high percentage numbers of anxi-
ety, depression and mental health burdens [12, 13]).
Given that the STAI asks for feelings of stress, worry,
discomfort, experienced on a day to day basis one
could expect changes in other psychological domains
as well (see below).

Threat perception and perceived difficulties in emotion
perception

Being asked about their feelings during the pandemic,
55% of the students reported unpleasantness and
37.55% of the students rated to be in loss of control
of the situation, and about 50% reported moderate to
high physiological arousal. Moreover, university stu-
dents reported a mix of discrete emotions in response
to the pandemic. In particular, there was a significant
loss of happiness, and a change in feelings of surprise,
disgust and anger. In line with this, as illustrated in
Fig. 5, linguistic analysis of the participants’ answers
to the questions “I feel ..” also suggest a negativity
bias in the linguistic descriptions of the students’ feel-
ings: In summary, there was more intense use of nega-
tive than positive words to describe one’s feelings in
response to the pandemic. Thus, feelings of threat and
negative emotions were also reflected in the self-gen-
erated linguistic answers of the students, supporting
a general increase in anxiety during the first period of
the COVID-19 pandemic among university students.
Similarly, and in line with the scores obtained from the
depression screening instrument (PHQ-2), linguistic
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analysis of the questions “I feel ..” revealed a high
percentage of words such as feeling depressed, down
or hopeless (see Fig. 6). Thus, anxiety and depres-
sion related words were amongst the most frequently
used words when participants were asked to describe
in their own words, how the current COVID-19 pan-
demic situation makes them feel. The study sample
also reported to have perceived difficulties in emo-
tion perception during the pandemic. Using the three
subscales of the Toronto Alexithymia Scale (TAS-20),
the participants were instructed to rate whether they
experience difficulties in emotion perception relative
to before the pandemic situation. Especially difficulties
in identifying and describing feelings were reported.
Moreover, the sum scores of the TAS-20 were signifi-
cantly correlated with the students’ anxiety scores and
the intensity of self-reported depressive symptoms
(see Table 2). Taken together, these results are of par-
ticular interest in light of discussions which mental
health interventions might help university students to
cope with the threat provoked by the pandemic situa-
tion. Given that previous research has shown that high
scores on the TAS-20 promote psychopathology [28,
29], the reports of the students about them perceiving
difficulties in identifying one’s feelings in response to
the pandemic situation relative to before the pandemic
outbreak should be taken seriously and investigated in
further studies in larger student cohorts.

Worries about health and health behaviour

during the COVID-19 pandemic

Moreover, the university students’ worries about
health should be taken seriously. Chronic worrying is
a sign of chronic distress and constitutes a risk factor
of later development of general anxiety disorder [54].
In the current study, 65.5% of the final student sam-
ple (n=220) reported being worried about their men-
tal health and 71.4% reported to worry about their
physical health more often than before the pandemic.
The majority of the student sample did, however, not
report to pay more attention to bodily sensations or
symptoms (taste, smell, cardiovascular, respiration/
breathing) than before the pandemic. However, wor-
ries about mental and physical health were accom-
panied by perceived changes in health behaviour. The
percentage of “yes” and “no”-answers differed signifi-
cantly for changes in health behaviour related to eat-
ing and physical activity behaviour since the outbreak
of the pandemic. We did not ask the students for their
eating behaviour or their physical activity level before
the pandemic. Thus, the questions asking for perceived
changes during relative to before the pandemic might
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have the potential of a memory bias. Nevertheless, pre-
pandemic surveys report that up to 30% of university
students do not exercise at a regular basis and do not
meet the WHO’s weekly or daily physical activity rec-
ommendations (for an overview see [55]). The present
results suggest a reduction in physical activity during
the pandemic and physical inactivity and sedentarism
are among the major risk factors promoting negative
lifestyle-related diseases in the long run [55].

Learning behaviour during the COVID-19 pandemic

The pandemic might have negative effects on student’s
teaching and learning behaviour. In the present sam-
ple of university students, difficulties in teaching and
learning were reported by the majority of students.
One interpretation of these results is, that pandemic
situations such as the current COVID-19 pandemic are
characterized by uncertainty, fear, and threat, i.e., fac-
tors that are known to impact self-regulation. Previous
research has shown that self-regulation is negatively
related with threat perception [27] because respond-
ing to fear, anxiety and to threatening events depletes
top-down control and self-regulatory resources [56,
57] that are also required for academic performance.
In line with this, students reported having difficulties
in focusing and concentrating on the teaching content
during the current COVID-19 pandemic situation (see
Fig. 4b). Self-learning formats such as e-learning may
accentuate these effects.

Self-concept and personality of university students,

and machine learning

When asked to describe themselves with a modified ver-
sion of the TST asking for descriptions of the students’
“actual self’; positive word use outweighed negative word
use. When the student sample was considered as a whole,
linguistic analysis of word use (see Fig. 5) supported a
clear bias towards positivity that also accords with pre-
vious results that seeing yourself in a positive light cor-
relates with positive self-descriptions and preferential
processing of positive words [58-61]. Although this
result must be seen in relation to a general positivity bias
in written and spoken language (most languages having
more positive than negative words [62], the analysis of
word use suggests that the pandemic situation at the time
of the survey did not provoke a threat to the self-concept
of this university student sample and this, although lin-
guistic analysis of the answers to the prompt that asked
for feelings during the pandemic (see also Fig. 5) revealed
a negativity bias as immediate negative responses to the
pandemic situation in line with the results observed for
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the survey items asking for threat perception. Symptoms
of state anxiety and current depressive symptoms may
therefore reflect temporary changes of the university
students to the pandemic situation that however occur
immediately in response to the pandemic lockdown.

Psychological theories agree that individual factors
such as one’s personality are correlated with subjective
experience, well-being, mental health, and behaviour,
e.g., [63, 64]. In line with this, analyses showed correla-
tions between the Big Five (BFI-40) personality traits and
the university students’ self-reported symptoms of anxi-
ety, depression and their perceived difficulties in emo-
tion perception. Statistically, correlation analysis, linear
regression analysis, multivariate structural equation
models, mediator analysis, or moderator analysis may all
be feasible statistical methods to describe the relation-
ship between psychological variables. However, in the
present study we attempted to apply supervised machine
learning algorithms that are built on regression models to
further explore whether personality traits were not only
correlated with mental health variables but could be pre-
dicted from the self-reported subjective experience of the
participants obtained from this survey’s multimethod
assessment. The observed results are promising despite
the relatively small datasets used for training and predic-
tion. The algorithms provided relatively accurate models
for the prediction of personality traits from self-report
data. As illustrated in Table 3, neuroticism as one of the
big five personality traits (shown to be related to mental
ill health [63, 64]) and in the present study sample sig-
nificantly correlated with both, self-reported anxiety and
depressive symptoms (see Table 2) could best be pre-
dicted by changes in current anxiety (threat perception,
difference scores state vs trait anxiety), by the students’
self-reported trait and state anxiety, by their self-reported
perceived difficulties in emotion perception (describing
one’s feelings reported on the TAS-20), by self-reported
changes in physical health behaviour (eating) and by
self-reported difficulties in social distancing. Very recent
results from surveys investigating the role of personal-
ity factors during the current COVID-19 pandemic also
found that people’s self-reported psychological percep-
tions of and reactions towards the pandemic also depend
on stable personality traits including the Big Five (for an
overview [65]). Interestingly, there is also evidence that
expression on personality traits such as the Big Five can
change in conjunction with mental ill health [66]. Our
results and these recent results suggest that future studies
exploring the psychological consequences of the COVID-
19 pandemic should include the assessment of personal-
ity traits in their anamnestic exploration of mental health
and self-reported experience.
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Limitations

The present study adds to the evidence reported in the
literature about the negative consequences of the current
COVID-19 pandemic on mental health and well-being of
university students. By using a mix of self-report meas-
ures it allows detailed insight into the subjective experi-
ences associated with the pandemic in this population
group in the psychological domains of mental health,
health behaviour change and learning. However, some
limitations already discussed in the sections above should
be stressed. First, there was a high drop-out whose per-
centage was within the upper range of the expected
drop-out rates for online surveys (20-50%). Although
drop-outs were statistically assessed and compared to the
final sample as far as appropriate, suggesting no bias by
age or gender or the student’s personality, the drop-out
reduced the final sample size reducing the power of the
study. Thus, further data is required to demonstrate the
generalizability of the present observations and to further
explore possible cultural differences. In the present study
sample, the reported significant differences between gen-
der and students studying in Egypt or Germany might be
tentative due to the small study samples. Power calcula-
tions suggest an ideal sample size of about N=271 (90%
confidence) or N=385 (95% confidence) participants
(margin of error of 5%). Although this sample size was
reached in the beginning, it was reduced by the succes-
sive drop-out across the blocks of survey items. Second,
statistics revealed significant results for the quantitative
measures, however, the results of the linguistic tasks
(self-concept and feeling prompts) could be reported only
descriptively. The LIWC software was used for linguis-
tic analysis. This allowed word categorization with high
accuracy and validity [46] providing interesting insight
that otherwise might have gone unnoticed and con-
firmed the results obtained from quantitative measures.
Third, due to the small sample size the machine learning
approach is exploratory and challenged by limitations.
While machine learning tools have already been applied
in many domains of psychology (e.g., in the domain of
Affective Computing and Health Psychology), their use is
still relatively under investigated in studies using psychol-
ogy data obtained from multimethod approaches as the
current one [67]. Existing studies using machine learn-
ing for analyzing personality- and behaviour-related data,
mainly target personality prediction from larger datasets
(e.g., [68]). In the present study, we followed guidelines
and recommendations from existing machine learning
studies discussing possible solutions for application of
machine learning tools with small sample sizes (see for
an overview [69-71]), using sample size of about 200
and support vector machines (SVM similar to SVR used
in our study) for estimation of depressive symptoms, for
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personality trait and perceived stress prediction based on
sample sizes ranging from 150 to 250 participants [69—
71], as in the present study. In line with these previous
studies applying machine learning tools to smaller sam-
ple sizes, we applied machine learning to a mix of meas-
ures that captured subjective experience in relation to the
current COVID-19 pandemic situation in line with the
recommendations from psychologically-driven computa-
tional approaches that suggest to include trait and state
measures for prediction [25, 26]. Nevertheless, the pre-
sent approach is exploratory and application of machine
learning to small sample sizes need to be critically dis-
cussed, e.g., for a detailed discussion see [48], as it can
lead to overfitting or overestimation. One recommenda-
tion to avoid such problems with small sample sizes is to
use nested cross validation and control feature-to-sample
ratio [48]. It will be interesting to follow-up the present
ML results in future COVID-19 survey studies and use
additional data collected during the course of the pan-
demic for validation and training in order to confirm the
results from ML in hopefully larger samples, supporting
the combination of machine learning and classical data
analytics in the domain of psychology.

Conclusion

This survey investigated the subjective experience of uni-
versity students studying in Egypt or Germany during the
COVID-19 pandemic in May 2020, i.e., in the time period
after the first pandemic lockdown in the countries. Per-
ceived changes in all psychological domains including
state anxiety, depressive symptoms, threat perception,
emotion perception, worries about health and behaviour
(health, social distancing, and learning) were reported in
the majority of students taking part in the survey. Recent
COVID-10 surveys report similar high prevalence rates
among university students across the globe [3, 4, 12, 13].
Although the results of this survey are tentative, the mul-
timethod approach of this survey, using multiple scales,
descriptive, correlational, and linguistic analysis, pro-
vides a valuable contribution to previously published
COVID-19 studies. Moreover, the approach of combin-
ing descriptive analysis with machine learning should
and could be followed-up in larger samples during the
second period of the current pandemic. Crucially, despite
the small sample size, the present results of self-reported
anxiety and depressive symptoms among university stu-
dents, that also seem to be supported by recent surveys
including university students from other countries [3, 4,
12, 13] should be taken serious as they suggest that there
is an urgent need to develop interventions that help pre-
vent mental health among university students in order
to avoid negative consequences in health and learn-
ing behaviour in response to the pandemic and provide
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health care to those students who might be at special risk
of mental ill health.

Questionnaire/survey

The questionnaires and self-assessment scales used in
this study are standardized questionnaires and standard-
ized scales whose references are cited in the manuscript
in brackets. The single survey questions e.g., health and
teaching have been developed for the purpose of this sur-
vey and are summarized in Table 1 in the manuscript. An
overview of the online survey can be found in the supple-
ment of this manuscript.

Abbreviations

BFI-40: BFI five inventory [43]; DTR: Decision tree regression; GBR: Gradient
Boosting Regression; LIWC: Linguistic inquiry of word count [46]; PHQ-2:
Personal Health Questionnaire 2 [38]; RMSE: Root mean squared error; SAM:
Self-Assessment Manikin scales [41]; STAI: Spielberger Trait State Anxiety Inven-
tory [37]; SVR: Support Vector Regression; TAS-20: Toronto Alexithymia Scale
[42]; WHO: World Health Organization.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540359-021-00574-x.

Additional file 1. An overview of the online survey items and
questionnaires.

Acknowledgements
Not applicable.

Authors’ contributions

CH conceptualized and designed the study and the survey. CH was involved
in data recruitment, in data preprocessing and CH performed data analytics
for descriptive and correlational data and results (descriptive data analytics,
statistical analysis), and CH interpreted the result, CH supervised the machine
learning part, created figures and tables and drafted and wrote the manu-
script and revised it for scientific content. AB helped in the survey, performed
the machine learning part, the machine learning part was also supervised by
SA. All authors read and approved the manuscript.

Funding

This study was funded by the DAAD/BMBF (principal investigators: CH, SA) and
by the budgetary resources of the Department of Applied Emotion and Moti-
vation Psychology, and the open access publication fund of Ulm University.
The funding bodies played no role in the design of the study and collection,
analysis, and interpretation of data and in writing the manuscript.

Availability of data and materials

The datasets used and/or analysed during the current study are available
from the corresponding author on reasonable request. Due to the informed
consent form in which the possibility of raw data being published online
was not explicitly stated, the raw data cannot be made accessible in online
repositories.

Declarations

Ethics approval and consent to participate

The present survey follows ethical guidelines: all students took part voluntarily
in the survey. They gave written informed consent prior to filling out the sur-
vey. The participants were fully debriefed about the purpose of the study. They
were informed that they will be questioned about their health, teaching and

Page 21 of 23

learning behaviour, and their subjective experience with the current COVID-19
pandemic situation. They were informed that they can withdraw from the
study at any time during the survey without giving reasons or without nega-
tive consequences on confidentiality. They were debriefed in detail about data
privacy. No individual ethics approval was submitted before the start of the
survey. The survey contains questionnaires that are part of online studies that
had received approval in previous studies of the corresponding author by the
local ethics committee of Ulm University.

Consent for publication
This manuscript does not contain any individual person’s data.

Competing interests
The authors declare no competing interests.

Author details

! Applied Emotion and Motivation Psychology, Institute of Psychology

and Education, Faculty of Engineering, Computer Science and Psychology,
Ulm University, Albert Einstein Allee 47, 89081 Ulm, Germany. 2Computer
Science Department, Faculty of Media Engineering and Technology, German
University in Cairo - GUC, New Cairo City, Egypt.

Received: 12 August 2020 Accepted: 26 April 2021
Published online: 02 June 2021

References

1. Bohlken J, Schémig F, Lemke MR, Pumberger M, Riedel-Heller SG.
COVID-19-Pandemie: Belastungen des medizinischen Personals
[COVID-19 pandemic: stress experience of healthcare workers—a
short current review]. Psychiatr Prax. 2020;47:190-7. https://doi.org/10.
1055/a-1159-5551.

2. Petzold MB, Plag J, Stréhle A. Umgang mit psychischer Belastung bei
Gesundheitsfachkraften im Rahmen der Covid-19-Pandemie [Deal-
ing with psychological distress by healthcare professionals during the
COVID-19 pandemia]. Nervenarzt. 2020;,91:417-21. https://doi.org/10.
1007/500115-020-00905-0.

3. CaoW, Fang Z, Hou G, Han M, Xu X, Dong J, Zheng J. The psychological
impact of the COVID-19 epidemic on college students in China. Psychia-
try Res. 2020;287:112934. https://doi.org/10.1016/j.psychres.2020.112934.

4. Chen B, Sun J, Feng Y. How have COVID-19 isolation policies affected
young people’s mental health? — Evidence from Chinese College Stu-
dents. Front Psychol. 2020. https://doi.org/10.3389/fpsyg.2020.01529.

5. Rodriguez-Rey R, Garrido-Hernansaiz H, Collado S. Psychological
impact and associated factors during the initial stage of the corona-
virus (COVID-19) pandemic among the general population in Spain.
Front Psychol. 2020. https://doi.org/10.3389/fpsyg.2020.01540.

6. Brooks SK, Webster RK, Smith LE, Woodland L, Wessely S, Greenberg N,
Rubin GJ. The psychological impact of quarantine and how to reduce
it: rapid review of the evidence. Lancet. 2020;395(10227):912-20.
https://doi.org/10.1016/50140-6736(20)30460-8.

7. TaleviD, SocciV, Carai M, Carnaghi G, Faleri S, Trebbi E, Di Bernardo A,
Capelli F, Pacitti F. Mental health outcomes of the CoViD-19 pandemic.
Riv Psichiatr. 2020;55:137-44. https://doi.org/10.1708/3382.33569.

8. World Health Organization (2020). Mental health and COVID-19.
https://www.euro.who.int/en/health-topics/health-emergencies/
coronavirus-covid-19/technical-guidance/mental-health-and-covid-19.
Accessed 29 June 2020.

9. Betsch C. How behavioural science data helps mitigate the
COVID-19 crisis. Nat Hum Behav. 2020. https://doi.org/10.1038/
$41562-020-0866-1.

10. van Bavel JJ, Baicker K, Boggio PS, Capraro V, Cichocka A, Cikara M,
Crockett MJ et al. Using social and behavioural science to support
COVID-19 pandemic response; 2020. https://www.nature.com/articles/
s41562-020-0884-z. Accessed 28 June 2020.

11. GrecoV, Roger D. Uncertainty, stress, and health. Personal Individ Differ.
2003;34:1057-68. https://doi.org/10.1016/50191-8869(02)00091-0.

12. Patsali ME, Mousa DPV, Papadopoulou EV, Papadopoulou KK, Kaparou-
naki CK, Diakogiannis |, Fountoulakis KN. University students’changes


https://doi.org/10.1186/s40359-021-00574-x
https://doi.org/10.1186/s40359-021-00574-x
https://doi.org/10.1055/a-1159-5551
https://doi.org/10.1055/a-1159-5551
https://doi.org/10.1007/s00115-020-00905-0
https://doi.org/10.1007/s00115-020-00905-0
https://doi.org/10.1016/j.psychres.2020.112934
https://doi.org/10.3389/fpsyg.2020.01529
https://doi.org/10.3389/fpsyg.2020.01540
https://doi.org/10.1016/S0140-6736(20)30460-8
https://doi.org/10.1708/3382.33569
https://www.euro.who.int/en/health-topics/health-emergencies/coronavirus-covid-19/technical-guidance/mental-health-and-covid-19
https://www.euro.who.int/en/health-topics/health-emergencies/coronavirus-covid-19/technical-guidance/mental-health-and-covid-19
https://doi.org/10.1038/s41562-020-0866-1
https://doi.org/10.1038/s41562-020-0866-1
https://www.nature.com/articles/s41562-020-0884-z
https://www.nature.com/articles/s41562-020-0884-z
https://doi.org/10.1016/s0191-8869(02)00091-0

Herbert et al. BMC Psychol

20.

22.

23.

24.
25.

26.

27.

28.

29.

30.

31.

32.

33.

34

(2021) 9:90

in mental health status and determinants of behavior during the
COVID-19 lockdown in Greece. Psychiatry Res. 2020,292:113298.

. Son C, Hegde S, Smith A, Wang X, Sasangohar F. Effects of COVID-19 on

college students’ mental health in the United States: interview survey
study. J Med Internet Res. 2020;22(9):e21279.

. Wathelet M, Duhem S, Vaiva G, Baubet T, Habran E, Veerapa E, Debien

C, Molenda S, Horn M, Grandgenévre P, Notredame CE. Factors
associated with mental health disorders among university students in
France confined during the COVID-19 pandemic. JAMA Netw Open.
2020;3(10):€2025591.

. Kaparounaki CK, Patsali ME, Mousa DPV, Papadopoulou EV, Papado-

poulou KK, Fountoulakis KN. University students’ mental health amidst
the COVID-19 quarantine in Greece. Psychiatry Res. 2020;290:113111.

. Sahu P. Closure of universities due to coronavirus disease 2019 (COVID-

19): impact on education and mental health of students and academic
staff. Cureus. 2020;12(4):e7541.

. Duffy A, Saunders KE, Malhi GS, Patten S, Cipriani A, McNevin SH, Mac-

Donald E, Geddes J. Mental health care for university students: a way
forward? Lancet Psychiatry. 2019;6(11):885-7.

. Storrie K, Ahern K, Tuckett A. A systematic review: students with mental

health problems—a growing problem. Int J Nurs Pract. 2010;16(1):1-6.

. Brown JSL. Student mental health: some answers and more questions.

J Ment Health. 2018;27:193-6. https://doi.org/10.1080/09638237.2018.
1470319.

Ibrahim AK, Kelly SJ, Adams CE, Glazebrook C. A systematic review of
studies of depression prevalence in university students. J Psychiatr Res.
2013;47:391-400. https://doi.org/10.1016/j.jpsychires.2012.11.015.

. Herbert C, Meixner F, Wiebking C, Gilg V. Regular physical activity,

short-term exercise, mental health, and well-being among university
students: the results of an online and a laboratory study. Front Psychol.
2020;11:509. https://doi.org/10.3389/fpsyg.2020.00509.

El-Gilany AH, Amro M, Eladawi N, Khalil M. Mental health status of
medical students: a single faculty study in Egypt. J Nerv Ment Dis.
2019;207(5):348-54.

Abdallah AR, Gabr HM. Depression, anxiety and stress among first year
medical students in an Egyptian public university. Int Res J Med Med
Sci. 2014;2(1):11-9.

Champion VL, Skinner CS. The health belief model. Health Behav
Health Educ Theory Res Pract. 2008;4:45-65.

Bandura A. Social cognitive theory of self-regulation. Organ Behav
Hum Decis Process. 1991;50(2):248-87.

Prochaska JO, Johnson S, Lee P. The trans theoretical model of behavior
change. In: Shumaker SA, Ockene JK, Riekert KA, editors. The handbook of
health behavior change. Berlin: Springer; 2009. p. 59-83.

Fernandes O, Portugal LCL, Alves RCS, Campagnoli RR, Mocaiber |, David
IPA, Erthal FCS, Volchan E, de Oliveira L, Pereira MG. How you perceive
threat determines your behaviour. Front Hum Neurosci. 2013;7:632.
Honkalampi K, Hintikka J, Tanskanen A, Lehtonen J, Viinaméki H. Depres-
sion is strongly associated with alexithymia in the general population. J
Psychosom Res. 2000;48:99-104. https://doi.org/10.1016/50022-3999(99)
00083-5.

Marchesi C, Brusamonti E, Maggini C. Are alexithymia, depression, and
anxiety distinct constructs in affective disorders? J Psychosom Res.
2000;49:43-9. https://doi.org/10.1016/50022-3999(00)00084-2.

Beck AT. Cognitive therapy and the emotional disorders. London: Pen-
guin; 1979.

Verelst F, Willem L, Beutels P. Behavioural change models for infectious
disease transmission: a systematic review (2010-2015). J R Soc Interface.
2016. https://doi.org/10.1098/rsif.2016.0820.

Spruijt-Metz D, Hekler E, Saranummi N, Intille S, Korhonen |, Nilsen W,
Rivera DE, et al. Building new computational models to support health
behaviour change and maintenance: new opportunities in behavioural
research. Transl Behav Med. 2015;5:335-46. https://doi.org/10.1007/
$13142-015-0324-1.

Herbert, C. An experimental-psychological approach for the develop-
ment of character computing. In: Character computing (pp. 17-38).
Springer, Cham; 2020.

El Bolock A, Abdennadher S, Herbert C. Applications of character com-
puting from psychology to computer science. In: Character computing.
Springer, Cham; 2020. p. 53-71.

35.

36.

37.
38.
39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.
59.

Page 22 of 23

Herbert C, El Bolock A, Abdennadher S. A psychologically driven, user-
centered approach to character modeling. In: Character computing.
Springer, Cham; 2020. p. 39-51.

El Bolock A, Herbert C, Abdennadher S. CCOnto: towards an ontology-
based model for character computing. In: International conference on
research challenges in information science. Springer, Cham; 2020. p.
529-535.

Spielberger CD. State-trait anxiety inventory for adults. 1983.

Lowe B, Kroenke K, Gréfe K. Detecting and monitoring depression with a
two-item questionnaire (PHQ-2). J Psychosom Res. 2005;58(2):163-71.
Bahammam MA. Validity and reliability of an Arabic version of the
state-trait anxiety inventory in a Saudi dental setting. Saudi Med J.
2016;37(6):668.

AlHadi AN, AlAteeq DA, Al-Sharif E, Bawazeer HM, Alanazi H, AlShom-

rani AT, Shugdar RM, AlOwaybil R. An arabic translation, reliability, and
validation of patient health questionnaire in a Saudi sample. Ann Gen
Psychiatry. 2017;16(1):32.

Bradley MM, Lang PJ. Measuring emotion: the self-assessment

manikin and the semantic differential. J Behav Therapy Exp Psychiatry.
1994,25(1):49-59.

Bagby RM, Ayearst LE, Morariu RA, Watters C, Taylor GJ. The Internet
administration version of the 20-item Toronto Alexithymia Scale. Psychol
Assess. 2014;26(1):16.

John OP, Donahue EM, Kentle RL. Big five inventory. J Personal Soc Psy-
chol. 1991 https://doi.org/10.1037/t07550-000.

Schmitt DP, Allik J, McCrae RR, Benet-Martinez V. The geographic distribu-
tion of Big Five personality traits: patterns and profiles of human self-
description across 56 nations. J Cross Cult Psychol. 2007,38(2):173-212.
Rees A, Nicholson N. The twenty statements test. Essential guide to
qualitative methods in organizational research. 2004. p. 86-97.
Pennebaker JW, Francis ME, Booth RJ. Linguistic inquiry and word count:
LIWC 2001. Mahway Lawrence Erlbaum Assoc. 2001;71(2001):2001.
GuoY, Graber A, McBurney RN, Balasubramanian R. Sample size and sta-
tistical power considerations in high-dimensionality data settings: a com-
parative study of classification algorithms. BMC Bioinform. 2010;11(1):447.
Vabalas A, Gowen E, Poliakoff E, Casson AJ. Machine learning algorithm
validation with a limited sample size. PLoS ONE. 2019;14(11):e0224365.
Julian LJ. Measures of anxiety: state-trait anxiety inventory (STAI), beck
anxiety inventory (BAI), and hospital anxiety and depression scale-anxiety
(HADS-A). Arthritis Care Res. 2011;63(Suppl. 11):467-72.

Auerbach RP, Alonso J, Axinn WG, Cuijpers P, Ebert DD, Green JG, et al.
Mental disorders among college students in the world health organiza-
tion world mental health surveys. Psychol Med. 2016;46:2955-70. https://
doi.org/10.1017/50033291716001665.

Auerbach RP, Mortier P, Bruffaerts R, Alonso J, Benjet C, Cuijpers P, et al.
WHO world mental health surveys international college student project:
prevalence and distribution of mental disorders. J Abnorm Psychol.
2018;127:623-38. https://doi.org/10.1037/abn0000362.

January J, Madhombiro M, Chipamaunga S, Ray S, Chingono A, Melanie
A. Prevalence of depression and anxiety among undergraduate university
students in low- and middle-income countries: a systematic review
protocol; 2018. https://systematicreviewsjournalbiomedcentral.com/artic
les/10.1186/513643-018-0723-8. Accessed 29 June 2020.

Stock C, Kuck N, Miseviciene |, Guillén-Grima F, Petkeviciene J, Aguinaga-
Ontoso |, Krdmer A. Differences in health complaints among university
students from three European countries. Prev Med. 2003;37:535-43.
Andrews G, Hobbs MJ, Borkovec TD, Beesdo K, Craske MG, Heimberg RG,
Rapee RM, Ruscio AM, Stanley MA. Generalized worry disorder: a review
of DSM-IV generalized anxiety disorder and options for DSM-V. Depress
Anxiety. 2010;27:134-47. https://doi.org/10.1002/da.20658.

World Health Organization. Physical activity; 2020. https://www.who.int/
dietphysicalactivity/pa/en/. Accessed 29 June 2020.

Wagner DD, Heatherton TF. Self-regulatory depletion increases emotional
reactivity in the amygdala. Social Cogn Affect Neurosci. 2013;8:410-7.
https://doi.org/10.1093/scan/nss082.

Hoyle RH. Personality and self-regulation: trait and information-process-
ing perspectives. J Pers. 2006;74(6):1507-26.

Diener E, Diener C. Most people are happy. Psychol Sci. 1996;7(3):181-5.
Herbert C, Junghofer M, Kissler J. Event related potentials to emotional
adjectives during reading. Psychophysiology. 2008;45:487-98. https://doi.
0rg/10.1111/}.1469-8986.2007.00638 x.


https://doi.org/10.1080/09638237.2018.1470319
https://doi.org/10.1080/09638237.2018.1470319
https://doi.org/10.1016/j.jpsychires.2012.11.015
https://doi.org/10.3389/fpsyg.2020.00509
https://doi.org/10.1016/S0022-3999(99)00083-5
https://doi.org/10.1016/S0022-3999(99)00083-5
https://doi.org/10.1016/S0022-3999(00)00084-2
https://doi.org/10.1098/rsif.2016.0820
https://doi.org/10.1007/s13142-015-0324-1
https://doi.org/10.1007/s13142-015-0324-1
https://doi.org/10.1037/t07550-000
https://doi.org/10.1017/S0033291716001665
https://doi.org/10.1017/S0033291716001665
https://doi.org/10.1037/abn0000362
https://systematicreviewsjournal.biomedcentral.com/articles/10.1186/s13643-018-0723-8
https://systematicreviewsjournal.biomedcentral.com/articles/10.1186/s13643-018-0723-8
https://doi.org/10.1002/da.20658
https://www.who.int/dietphysicalactivity/pa/en/
https://www.who.int/dietphysicalactivity/pa/en/
https://doi.org/10.1093/scan/nss082
https://doi.org/10.1111/j.1469-8986.2007.00638.x
https://doi.org/10.1111/j.1469-8986.2007.00638.x

Herbert et al. BMC Psychol (2021) 9:90

60.

61.

62.

63.

64.

65.

66.

Herbert C, Kissler J, Junghdfer M, Peyk P, Rockstroh B. Processing of emo-
tional adjectives: evidence from startle EMG and ERPs. Psychophysiology.
2006;43:197-206. https://doi.org/10.1111/}.1469-8986.2006.00385 x.
Watson LA, Dritschel B, Obonsawin MC, Jentzsch I. Seeing yourself in

a positive light: brain correlates of the self-positivity bias. Brain Res.
2007;1152:106-10.

Dodds PS, Clark EM, Desu S, Frank MR, Reagan AJ, Williams JR, Mitchell L,
et al. Human language reveals a universal positivity bias. Proc Natl Acad
Sci USA. 2015;112:2389-94. https//doi.org/10.1073/pnas.1411678112.
Hayes N, Joseph S. Big 5 correlates of three measures of subjective well-
being. Personal Individ Differ. 2003;34(4):723-7.

Jylhd P, Isometsa E. The relationship of neuroticism and extraversion to
symptoms of anxiety and depression in the general population. Depress
Anxiety. 2006;23(5):281-9.

Jorm AF, Christensen H, Henderson AS, Jacomb PA, Korten AE, Rodg-

ers B. Predicting anxiety and depression from personality: is there a
synergistic effect of neuroticism and extraversion? J Abnorm Psychol.
2000;109(1):145.

Karsten J, Penninx BW, Riese H, Ormel J, Nolen WA, Hartman CA. The state
effect of depressive and anxiety disorders on big five personality traits. J
Psychiatr Res. 2012,46(5):644-50.

Page 23 of 23

67. Stachl C, Pargent F, Hilbert S, Harari GM, Schoedel R, Vaid S, Buhner M.
Personality research and assessment in the era of machine learning. Eur J
Personal. 2019;34(5):613-31.

68. Azucar D, Marengo D, Settanni M. Predicting the Big 5 personality traits
from digital footprints on social media: a meta-analysis. Personal Individ
Differ. 2018;124:150-9.

69. Singh C. Using data analysis and machine learning for studying and
predicting depression in users on social media. Doctoral dissertation,
Carleton University; 2020.

70. Marouf AA, Ashrafi AF, Ahmed T, Emon T. A machine learning based
approach for mapping personality traits and perceived stress scale of
undergraduate students. Int J Mod Educ Comput Sci. 2019;11(8):42.

71. TanderaT, Suhartono D, Wongso R, Prasetio YL. Personality prediction
system from facebook users. Procedia Comput Sci. 2017;116:604-11.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://doi.org/10.1111/j.1469-8986.2006.00385.x
https://doi.org/10.1073/pnas.1411678112

	How do you feel during the COVID-19 pandemic? A survey using psychological and linguistic self-report measures, and machine learning to investigate mental health, subjective experience, personality, and behaviour during the COVID-19 pandemic among univers
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Methods
	Aim of this online survey study
	Participants
	Study sample, survey drop-out and missing data
	Measures: survey items and questionnaires
	Mental health: anxiety (traitstate), current depressive symptoms (last 2 weeks)
	Threat perception, feelings, and perceived difficulties in emotion perception during the COVID-19 pandemic
	Worries about health and perceived changes in behaviour during the COVID-19 pandemic
	Personality and self-concept
	Hypotheses
	Mental health: anxiety (trait and state) and current depressive symptoms
	Threat perception, feelings, and difficulties in emotion perception
	Worries about health, perceived changes in behaviour during the COVID-19 pandemic
	Personality and self-concept
	Descriptive analyses and statistics
	Correlational analysis
	Linguistic analysis of self-concept and feelings
	Machine learning (exploratory analysis)


	Results
	Descriptive data analytics
	Mental health: anxiety (trait and state) and depressive symptoms
	Threat perception, feelings, and difficulties in emotion perception
	Worries about health

	Behaviour: health
	Behaviour: social distancing and learning
	Linguistic self-concept and self-descriptions of current feelings
	Personality: Big Five
	Automated data analytics, machine learning (exploratory)

	Discussion
	Mental health among university students
	Threat perception and perceived difficulties in emotion perception
	Worries about health and health behaviour during the COVID-19 pandemic
	Learning behaviour during the COVID-19 pandemic
	Self-concept and personality of university students, and machine learning

	Limitations
	Conclusion
	Questionnairesurvey

	Acknowledgements
	References


