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1 | INTRODUCTION

Abstract

Objective: The COVID-19 pandemic has confronted young adults with an unprec-
edented mental health challenge. Yet, prospective studies examining protective
factors are limited.

Methods: In the present study, we focused on changes in mental health in a large
sample (N = 685) of at-risk university students, which were measured before and
during the pandemic. Network modeling was applied to 20 measured variables to
explore intercorrelations between mental health factors, and to identify risk and
protective factors. Latent change score modeling was used on a subset of variables.
Results: The main findings indicate that (1) mental health problems increased at
group level, especially depression-anxiety and loneliness; (2) emotional support
during the COVID pandemic was associated with smaller increases in loneliness and
depression-anxiety; (3) COVID-related stress predicted increases in depression-
anxiety; (4) loneliness acted as a bridge construct between emotional support and
changes in mental health.

Conclusion: To mitigate the impact of the COVID-19 pandemic on the mental
health of young adults, is it recommended to focus on interventions that strengthen
internal resources (stress-regulating abilities) and reduce loneliness.

KEYWORDS
at-risk university students, coping, COVID-19 pandemic, loneliness, mental health

Recent research is showing a global stress reactionthat isunrelated to

The coronavirus disease 2019 (COVID-19) outbreak has confronted
humankind with a massive medical and humanitarian crisis. Whilst
initially, priority was given to the medical implications of the novel
coronavirus, soon after mental health implications became a growing
concern (Holmes et al., 2020; Yao et al., 2020; Zhang et al., 2020).

the geographical diffusion of the virus (Nocentini et al., 2021). Young
people appear to be affected in particular by decreased social con-
tacts and increased loneliness (Tasso et al., 2021). A recent nation-
wide survey in France among 70,000 self-selected students indicated
that social isolation and low quality of social relations during lock-

down were among the strongest concurrent predictors of mental
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distress (Wathelet et al., 2020). Yet, this study was cross-sectional
and did not have a comparison with life before the pandemic. This
is important in light of recall biases: during a crisis, pre-crisis life
looks more rosy than it looked at the time (Infurna & Jayawick-
reme, 2019). There are few studies with baseline data pre-COVID-
19, and none of these focused on the impact of the crisis on young
adults (Pan et al.,, 2021; Pinkham et al., 2020; Schéfer et al., 2020). In
this context, experts in the field stress the need to identify protective
or resilience factors in prospective designs, in order to find actionable
links to counter negative effects of the pandemic on mental health
(Holmes et al., 2020; Schafer et al., 2020; Singh et al., 2020; Veer
et al,, 2021).

In the present study, we tested the effects of the lockdown on
students, who had been screened for symptoms of common mental
disorders before the pandemic, in the context of a university-wide
program on student mental health. The aim of this study was
threefold: (i) to investigate changes in mental health from prior to
during the COVID-19 pandemic; (ii) to investigate pathways between
changes in mental health and protective and risk factors, and (iii) to
investigate which protective and risk factors predicted (latent)
changes. We assessed a wide array of mental health variables,
including symptoms of depression, anxiety and substance use, as well
as sleep difficulties, happiness, and loneliness, and health-related risk
and protective factors, such as sensed emotional support, relaxing
and physical activity. To this end, we employed an exploratory
network approach (Borsboom, 2017), supplemented by a latent
change score model (LCSM) within a subset of the variables based on
the network analysis. This combined approach enabled us to answer
two complementary questions. We use the network model to answer
the question of how the different changes predict each other.
Network analysis is a unique tool to investigate the complex multi-
variate pathways and interactions between mental health, risk and
protective factors. Using the LCSM we answer the additional ques-
tion of which potential risk and protective factors predict the (latent)
changes over time. Moreover, in the LCSM we allowed the mental
health variables to predict each other (e.g., predicting A,nxiety from
depressiony4). Both predictors of change and the network of changes
can be used to suggest intervention targets and mechanisms.

To the best of our knowledge, this is the first study that adopted
a network approach to prospective data gathered before and during
the COVID-19 pandemic. The results of this study have the potential
to inform health bodies and policy makers about potentially benefi-
cial interventions, for this and future pandemics, also from a pre-

ventive standpoint.

2 | METHODS

2.1 | Participants and procedures
Data were collected in the context of a large research program, at the
University of Amsterdam (UvAcare), aimed at assessing and

improving student mental health. This program consisted of a mental

health screener (the “Health Check”) with automated tailored feed-
back (Van der Heijde et al., 2015) and a randomized controlled trial
(RCT) testing the effectiveness of an e-health intervention for
depression and anxiety (Klein et al., 2021). For both parts of the
study, ethical approval was obtained. All students of the University of
Amsterdam were invited to take part in the Health Check, through
email invitations, which contained a personalized link to an online
questionnaire in Qualtrics. Written informed consent was obtained
from all subjects. During the first COVID-19 lockdown, students who
had completed the Health Check at an earlier time point and who had
given consent to be re-contacted, and who were not taking part in
the RCT, were invited to fill out the Health Check again. These par-
ticipants were not included in the intervention study, due to one of
the following two reasons: (1) they did not qualify based on the
Health Check (scores were too low in terms of mental health com-
plaints) or (2) they did score above the threshold and did not accept
the invitation to participate in the RCT. In total, 8576 university
students who had filled out the screener before the COVID-19 crisis
were re-invited. Of this group, 807 students (9.4%) filled out the
screener for the second time (see Figure 1).

We added two questionnaires to the regular Health Check to
assess their response to the COVID-19 crisis: a self-composed
“COVID-19 survey” and a questionnaire assessing coping styles.
Data of the second assessment were gathered during the first peak of
the pandemic in the Netherlands, from April 16 until May 13, 2020,
when the Dutch government partly lifted restrictions. Data of the
first assessment were gathered from January 2019 until January
2020, before the first COVID-19 case in the Netherlands (February
27, 2020). Notably, the current sample constitutes a self-selected
group of at-risk students (those who decided to fill out the Health
Check), of whom 51.6% scored above the cut-off for clinical
depression (scores > 16 on the Center for Epidemiological Studies
Depression Scale) or anxiety (scores > 10 on the Generalized Anxiety
Disorder screener) on the first assessment.

2.2 | Materials
A wide array o7f assessments was done prior to and during COVID-
19 (a full list of all variables is available upon request). Depression
was assessed with CES-D (Radloff, 1977), Generalized Anxiety Dis-
order with the GAD-7 (Spitzer et al., 2006). Insomnia was assessed
with the Insomnia Severity Index (Bastien et al., 2001), social anxiety
with the SIAS-6 (Peters et al., 2012), and the brief Mini-Social Phobia
Inventory (Connor et al., 2001), alcohol use with the AUDIT-C (Bush
et al., 1998), loneliness with the DJGLS-11 (de Jong Gierveld &
Kamphuis, 1985), subjective health with the Health Survey—Short
Form (Hays et al., 1993), happiness with the Subjective Happiness
Scale (Lyubomirsky & Lepper, 1999), and stress with three additional
questions. Drug use was assessed only prior to the COVID-19
outbreak using the DAST-10 (Skinner, 1982).

At T2, we administered a self-constructed questionnaire con-

cerning the impact of the COVID-19 pandemic and lockdown, and a
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FIGURE 1 Flow of participants

validated questionnaire assessing coping styles, the CERQ-short
(Garnefski & Kraaij, 2006). The “COVID-questionnaire” included
questions regarding lifestyle (physical activity, relaxing activities),
social interaction (being in a steady relationship, contact with friends,
colleagues, peers and family, emotional support), other activities
(time spent on studies, social media and smartphone), fear of COVID-
19, and current living situation. The current study focused primarily
on mental health in relation to social interaction and lifestyle. Finally,
stress experienced as a result of COVID-19 was assessed with 10
items (e.g., “How often have you experienced stress over the past 2
weeks related to: Taken measures by the government/combining
taking care of family and my studies/changes to my financial situa-
tion, etc.), with a 5-point Likert scale ranging from “never” to “al-
ways”. The items were added to yield a scale ranging from 10 to 50
with higher levels indicating more stress. The internal consistency of
this scale was good (a = 0.85). The questionnaire is available upon
request.

The CERQ-short (Garnefski & Kraaij, 2006) was used to mea-
sure nine coping strategies, for maladaptive strategies: Self-blame,

Other-blame, Rumination, and Catastrophizing, and five adaptive

strategies: Positive refocusing, Planning, Positive reappraisal, Putting
into perspective and Acceptance. For reasons of parsimony, we
combined the subscales into two broad maladaptive and adaptive
coping scales.

2.3 | Statistical analysis

Analyses were performed using R version 4.0.2 (R Core Team, 2013)
and SPSS version 27 (IBM SPSS Statistics for Macintosh, 2020).
Participants were included when they had completed at least 75% of
the items of each questionnaire. On the few occasions that less than
25% of items were missing, average item scores were imputed, based
on the group mean for all items. Associations between the main
mental health variables were inspected using Pearson correlation
coefficients. Depression and general anxiety were highly correlated (r
(707) = 0.82, p < 0.001), and combined into an aggregate variable
(a = 0.89 at T1 and 0.87 at T2), as were the measures for social
anxiety and social avoidance (r (711) = 0.63, p < 0.001), which were
also combined (a = 0.89 T1, and 0.90 at T2). The scale scores were
divided by their theoretical maximums, added, and then averaged, so
that people responding no to all items (on both depression and
generalized anxiety) scored O and people responding yes to all items
received a score of 1. Using the norms from the questionnaire
manuals, students were classified as mild, moderate, or severe (or
high vs. low) on key mental health variables, before and during the
pandemic. The significance of the corresponding categorical changes
was assessed with Chi-square tests. Cases were excluded pairwise
(T4, T2) per variable, rendering a total sample size between N = 671
(depression) and N = 683 (generalized anxiety, social avoidance). We
performed exploratory ordinal regression analysis to select variables
from the COVID questionnaire that contributed most to the change
in mental health problems. As dependent variable, we used a com-
posite scale for mental health problems, based on a confirmatory
factor analysis in R. This scale contained the following variables:
depression, generalized anxiety, social anxiety, social avoidance, and
insomnia (please see the description above).

To address aim ii, exploratory network analysis was used to
investigate the multivariate interactions between mental health
variables and protective and risk factors. An edge in the network
represents the unique relationship between two variables, while
controlling for all other variables included in the analysis. We limited
the network to 20 variables, based on the ordinal regression analysis.
Mixed Graphical Model (MGM) was used to estimate the network
(Haslbeck & Waldorp, 2020) including (i) the difference score (T2
minus T1) of depression-generalized anxiety, insomnia, social
anxiety-social phobia, alcohol use, stress, subjective health, happi-
ness, and loneliness, (ii) drug abuse at T1, (iii) stress related to
COVID-19, emotional support, contact with family, contact with
friends, adaptive coping, maladaptive coping, moderate physical ac-
tivity, and relaxing activities at T2, (iv) the demographic variables (i.e.,
age, gender, and international student status) (other combinations

[e.g., generalized anxiety] are included in the supplementary
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materials; see Figures $2-S8 in supporting information S2). LASSO
regularization was used to exclude spurious edges from the network
(Epskamp & Fried, 2018). To this aim, the optimal tuning parameter
was selected minimizing the Extended Bayesian Information Crite-
rion (EBIC) using 0.25 as hyperparameter. (Models estimated with
more and less conservative hyperparameters are shown in the sup-
plementary materials, see Figures S2-S8 in supporting information
S2.) We used multiple imputations, as the estimator is not able to
handle missing data. Our results are based on 10 multiple imputa-
tions using the mice package in R, with the final network showing the
average edge weight of edges that were included in nine out of 10
estimated networks. We only included participants who filled out at
least 50% of the total number of variables included in the network
and at least 50% of the mental health variables. The final sample size
for the network analysis was N = 685. Lastly, the accuracy and
robustness of the edge weights (Borsboom et al., 2018) were eval-
uated by running 1000 bootstrapped samples (Figure S1 in sup-
porting information S1). Network analyses were conducted with the
R packages bootnet and MGM.

To examine the variables directly influencing changes in mental
health in the network in more detail, and to explore which risk and
protective factors predict these changes (aim iii), a latent change
score model (LCSM) was employed on a subset of variables. This
subset of variables was based on the most salient findings from the
network model. The LCSM allows for more fine-tuned analysis of the
correlational structure of change variables, on how well change in
variables can be predicted by exogenous variables, and includes
regression to the mean. This type of structural equation model is
applicable to two-wave longitudinal data and allows us to investigate
multiple predictors of several change variables using a single inte-
grative model (Kievit et al., 2018; McArdle & Grimm, 2010) (for a
detailed description of the LCSM, see supporting information S3).

3 | RESULTS

3.1 | Sample characteristics

Of the participants 70% was female (N = 566). The mean age was
22.5 years (SD = 5.5; range 17-67). Approximately 30% of the
sample indicated to be an international student, of which 56.5% had a
Western European background, 16% an Eastern European back-
ground, 16% was of Asian descent, and 11% came from North or

South America. Most (~70%) were bachelor students.

3.2 | Selection of variables

Variables not directly related to mental health were excluded, such
as study satisfaction. From the COVID questionnaire, we selected
variables related to health-related activities and social relationships.

Based on an exploratory ordinal regression analysis, variables with no

relation to (change) in psychopathology were discarded, such as
“being in a steady relationship” and “fear of contracting COVID".

3.3 | Severity rates for key mental health variables
Overall, mental complaints increased from T1 to T2 (Table 1). At T2,
55.3% scored above threshold for likely clinical depression, compared
to 48.7% at T1 (X2 [1, N = 671] = 209.60; p < 0.001). Roughly 3%
more participants experienced clinically significant generalized anxi-
ety during COVID (X2 [9, N = 683] = 296.37; p < 0.001). At T2, 2.1%
of the participants experienced clinically severe insomnia compared
tonone at T1 (X2 [6, N = 680] = 263.16; p < 0.001). Roughly 5% more
people experienced social anxiety at T2 compared to T1 (X2 [1,
N = 679] = 272.95; p < 0.001). Loneliness increased with 7% (X2 [9,
N = 679] = 394.45; p < 0.001). Interestingly, social avoidance and
alcohol use decreased (social avoidance: X2 [1, N = 683] = 181.67;
p < 0.001; alcohol use, men: X2 [1, N = 207] = 32.56; p < 0.001;
alcohol use, women: X2 [1, N = 504] = 140.61; p < 0.001).

3.4 | Network analysis

The network analysis (Figure 2) showed a cluster of mental health
change scores (T2 - T1) and a cluster of “influencing factors” and
demographics. In the mental health cluster, depression-anxiety was
the most central node, connected to all other mental health change
scores except for alcohol use (which was disconnected). Three
“influencing factors” could be identified as direct predictors of change
in mental health: emotional support during COVID-19, COVID-
related stress, and adaptive coping during COVID-19. First, more
contact with friends and family during COVID-19 was associated
with higher emotional support, which was associated with a smaller
increase in loneliness, which was in turn associated with smaller in-
creases in depression-anxiety and social anxiety. Second, adaptive
coping emerged as protective factor, with high scores being associ-
ated with smaller decreases in happiness, which predicted smaller
increases in mental health problems (particularly depression-anxi-
ety), and smaller decreases in physical health. Third, COVID-related
stress came out as a risk factor for mental health problems: higher
COVID-related stress was associated with larger increases in
depression-anxiety, which was in turn associated with larger in-
creases in other mental health symptoms including stress and
insomnia. Interestingly, the protective and risk factors were related
to each other. For example, emotional support was positively asso-
ciated with adaptive coping and negatively associated with COVID-
related stress. This implies that emotional support during COVID-
19 could affect mental health along these two additional pathways,
while adaptive coping and COVID-related stress could influence the
degree of emotional support one receives and perceives. Further-
more, higher physical activity was associated with both higher

adaptive coping and emotional support, suggesting that maintaining
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TABLE 1 Severity levels of mental
health variables at T1 (before the
COVID-19 pandemic) and T2 (during the
COVID-19 pandemic)

Target variable

Depression

Generalized anxiety

Insomnia

Social anxiety

Social avoidance

Alcohol use (males)

Alcohol use (females)

Drug use

Loneliness

physical activity also plays a role in mental health. Maladaptive
coping predicted larger COVID-related stress, and vice versa.
There were also two indirect pathways including “international

»

student” and “gender”. International students scored higher on mal-
adaptive coping, and experienced more COVID-related stress, thus
rendering them at risk for elevated levels of depression-anxiety.
Women experienced more emotional support and scored higher on
adaptive coping, but also on COVID-related stress, which in turn was

negatively associated with emotional support.

WILEY__| %°%?

Level TL(N) T1(%) T2(N) T2 (%) X* p
Low 344 51.3 300 447 209.6 <0.001
High 327 48.7 371 55.3
Total 671 100 671 100
No anxiety 218 319 199 29.1 296.37 <0.001
Mild anxiety 236 34.6 235 344
Moderate anxiety 139 204 150 22.0
Severe anxiety 90 13.2 99 14.5
Total 683 100 683 100
No insomnia 339 49.9 345 50.7 263.16 <0.001
Subthreshold insomnia 243 357 240 353
Moderate insomnia 98 144 81 11.9
Severe insomnia 0 0 14 21
Total 680 100 680 100
Low 510 75.1 478 704 27295 <0.001
High 169 249 201 29.6
Total 679 100 679 100
Low 494 723 511 748 181.67 <0.001
High 189 27.7 172 25.2
Total 683 100 683 100
Low 179 86.5 187 90.3 3256 <0.001
High 28 135 20 9.7
Total 207 100 207 100
Low 427 84.7 464 92.1 140.61 <0.001
High 77 153 40 7.9
Total 504 100 504 100
Low 634 88.3
High 84 11.7
Total 718 100
Not lonely 292 430 244 35.9 39445 <0.001
Moderately lonely 292 43.0 316 46.5
Severely lonely 69 10.2 89 13.1
Very severely lonely 26 3.8 30 4.4
Total 679 100 679 100
3.5 | Latent change score analysis

The LCSM analysis on a subset of important variables in the network,
showed the largest increases in loneliness and depression-anxiety
(see Figure 3). Experienced emotional support during COVID-19
was the strongest (negative) predictor of changes in loneliness
(B = —-0.46; p < 0.001), whereas COVID-related stress was the
strongest (positive) predictor of changes in depression-anxiety
(B = 0.42; p < 0.001). Only one variable at T1 predicted a (latent)
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FIGURE 2 The network model. Dashed edges represent negative associations, while solid edges represent positive associations. Edge
width and saturation were scaled based on the maximum edge found in the network (r = 0.34), which is comparable to the strongest edge
found in a meta-analytic network analysis of post-traumatic stress disorder symptoms (Isvoranu et al., 2021). Thus, wider and brighter edges
indicate stronger connections. A pre-defined algorithm (Spring) was used to define the layout, but nodes 15 and 16 were manually placed

slightly lower to avoid unclear visualization:

Adaptive_Coping_during = adaptive coping (e.g., positive refocusing) during the pandemic
Contact_Family_during = frequency of contact with family during the pandemic per day/week
Contact_Friends_during = frequency of contact with friends during the pandemic per day/week
COVID_Stress during = level of subjective COVID-related stress experienced during the pandemic

Drugs_pre = drug use prior to COVID-19 pandemic (T1)

Emotional_Support_during = level of experienced emotional support during the pandemic
Maladaptive_Coping_during = maladaptive coping (e.g., rumination) during the pandemic

Physical_Activity_during = frequency of moderate (max. 30 min) physical activities per week during the pandemic
Relax_Activity_during = frequency of relaxing activities per week during the pandemic

change variable: More happiness at T1 predicted a change in loneli-
ness at T2 (B = —0.11; p < 0.05), indicating either less increase or
more decrease in loneliness for individuals who reported to be
happier before the pandemic (coefficient not displayed in Figure 3).

4 | DISCUSSION

This study investigated the effects of the COVID-19 pandemic in
vulnerable, mentally at-risk students, by examining how various as-
pects of mental health and lifestyle changed and interacted. Impor-
tantly, this is the first study reporting the impact of the COVID-19

pandemic on changes in mental health in vulnerable young adults,
who had been assessed prior to the pandemic. Generalized anxiety,
depression, and loneliness increased during the first months of the
pandemic, compared to before the outbreak. This is in line with
recent data from another prospective study, showing a general in-
crease in symptoms during the first lockdown in the Netherlands,
except in individuals with severe or chronic mental disorders (Pan
et al.,, 2021). Changes in depression-anxiety were most central, and
related to changes in loneliness and happiness. Emotional support as
well as COVID-related stress were the most robust predictors of
changes in mental health. These findings also correspond with

findings from other studies conducted during the pandemic, showing
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FIGURE 3 Latent Change Score Model. Circles (nodes) represent latent change scores, and the squares represent predictors of latent
change scores. Colored circles, in contrast to white circles, indicate a significant change from T1 to T2. The direction of this effect is indicated
through the depth of color. Blue and red colors reflect positive and negative effects, respectively. White colored circular nodes show non-
significant changes. Lines with arrow heads indicate predictive effects while lines without arrow heads visualize correlations between change
variables (change correlation parameters). Only lines with significant effects are shown and lines with coefficients smaller than 0.1 have no
coefficient displayed. All displayed estimates are standardized. adapt = adaptive coping during COVID-19; DA = composite of the change in
depression + generalized anxiety; EmoSup = emotional support during COVID-19

that perceived social support (Veer et al., 2021), and not feeling alone
(Fried et al, 2021) may serve as protective factors. Our results
showing that specific identified factors could either protect against,
or put people at risk for, mental complaints, could provide a sound
“counter-narrative” to media reports of a sharp increase in mental
health across all subgroups in the general population (Shevlin
et al., 2021). The impact of the COVID-19 pandemic on mental health
seems much more heterogeneous than often assumed, and research
should therefore prioritize the identification of at-risk subgroups
(Holmes et al., 2020). We think that our findings meet this call.

4.1 | Practical and clinical implications

In terms of the implementation of our findings, the observed path-
ways point to actionable nodes including coping, and emotional
support, and their respective impact on happiness, and loneliness. In
particular, effective interventions to enhance emotional support and
to strengthen adaptive coping would seem important. For example, it
seems relevant to proactively develop strategies during a pandemic
to promote bringing young people together within the applied
restrictions. In particular, sharing emotional experiences appears to
be a pivotal factor in countering loneliness and thus alleviating the
impact of the pandemic and lockdown. Our findings also suggest that
enhancing “internal resources” (such as being able to accept or
positively re-appraise events, or to put things into perspective) can

mitigate the impact of stress on mental health. This is especially

relevant, given that the lockdown limits external resources, such as
seeking emotional support and physical exercise. Importantly, a
recent brief intervention for adolescents has shown promising results
in creating a “growth mindset” (Schleider & Weisz, 2016, 2018),
which warrants further study in students. Our study also indicates
that increasing happiness could become part of intervention
strategies, also from a preventive standpoint regarding future
pandemics. Increasing well-being, apart from a focus on psychopa-
thology, can have advantageous effects (Meulenbeek et al., 2015).
Finally, maintaining physical activity during the COVID-19 pandemic
was associated with more adaptive coping and increased emotional
support, suggesting a role for exercise in mitigating the negative
consequences of the pandemic, in line with a large review on lifestyle
factors in psychiatry (Firth et al., 2020).

4.2 | Strengths and limitations

A major strength of this paper is that we compared individuals before
and during COVID-19, enabling us to estimate how symptoms and
related health behaviors changed during the pandemic, while
focusing on young adults. Moreover, we used network approaches to
detect pathways between mental health variables. Applying a
network analysis to a wide array of variables allowed us to find
actionable nodes and pathways, which we think is a good showcase
for what a network analysis can contribute to much-needed knowl-

edge during an unforeseen crisis.
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The results of this study have to be interpreted within the
context of several limitations. First, the sample constitutes a self-
selected sample of at-risk university students, who were willing to
complete the survey twice. About 10% of the original respondents
completed our COVID-survey, which could not be representative of
the total student population. Comparing those who responded to
our invitation during the COVID-19 pandemic with those who
responded to the original survey (explicitly excluding those in the
current sample that responded twice) (N > 8500) yielded no sig-
nificant differences concerning depression or generalized anxiety.
This suggests that responders to the COVID-19 survey could be
considered a representative sample of the students that normally
respond to our survey. Obviously, the results cannot be generalized
to general student populations (people without complaints are un-
likely to fill out a mental health screener). Second, our COVID-19
questionnaire was ad hoc. Third, in the LCSM, our predictors were
assessed at T2 (during the pandemic), which limits the possibility to
draw causal inferences. On a related note, due to the sudden nature
of the pandemic, we did not pre-register our study. Fourth, as an-
alyses are correlational, all pathways in the network could go both
ways, precluding definite conclusions about directionality. Fifth, we
selected variables from a large battery of measures to explore re-
lationships that were deemed meaningful, which may have caused us
to miss other relevant associations. Sixth, it should be noted that the
sample size may not have been sufficient to detect all edges in the
network. Seventh, the trends observed in this study could be reex-
amined over longer periods, to obtain more information beyond the
initial emotional impact of the COVID-19 pandemic. Finally, we did
not include any information on racial/ethnic identification in this
paper.

4.3 | Conclusions

The present study on effects of the COVID-19 lockdown in vulner-
able students, showed that mental health problems increased during
the first lockdown period after the COVID-19 outbreak. Results
indicated higher levels of emotional support and adaptive coping as
important protective factors, while COVID-related stress was a risk
factor for increases in depression-anxiety and related mental health
problems. Interventions could focus on increasing stress-regulating
abilities, emotional support, well-being/happiness, and on reducing

loneliness.
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