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The COVID-19 lockdown has significantly disrupted the higher education environment within the Netherlands and led to changes in available study-related resources and study demands of students. These changes in study resources and study demands, the uncertainty and confusion about educational activities, the developing fear and anxiety about the disease, and the implementation of the COVID-19 lockdown measures may have a significant impact on the mental health of students. As such, this study aimed to investigate the trajectory patterns, rate of change, and longitudinal associations between study resources–demands and mental health of 141 university students from the Netherlands before and during the COVID-19 lockdown. The present study employed a longitudinal design and a piecewise latent growth modeling strategy to investigate the changes in study resources and mental health over a 3 month period. The results showed that moderate levels of student resources significantly decreased before, followed by a substantial rate of increase during, lockdown. In contrast, study demands and mental health were reported to be moderate and stable throughout the study. Finally, the growth trajectories of study resources–demands and mental health were only associated before the lockdown procedures were implemented. Despite growing concerns relating to the negative psychological impact of COVID-19 on students, our study shows that the mental health during the initial COVID-19 lockdown remained relatively unchanged.
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INTRODUCTION

The COVID-19 pandemic has resulted in a global health crisis (Ebrahim et al., 2020). Officially declared a pandemic on the 11th of March 2020, it has resulted in more than 48 million confirmed infections and over 1.3 million deaths across 213 countries (World Health Organization (WHO), 2020). During the first wave of the pandemic, 380,000 people within the Netherlands were infected, 15,456 were admitted to hospitals, and 7,576 died due to COVID-19 [National Institute for Public Health and the Environment (RIVM), 2020b]; yet these statistics were said to underestimate the real impact and spread of the disease (Ebrahim et al., 2020). At the start of the pandemic, the Dutch Government’s strategy was primarily focused on containing the spread of the virus and protecting vulnerable groups (Antonides and van Leeuwen, 2020; Dutch Government, 2020; National Institute for Public Health and the Environment (RIVM), 2020a). With an ever-increasing case fatality rate (National Institute for Public Health and the Environment (National Institute for Public Health and the Environment (RIVM), 2020b), the COVID-19 has caused a severe public outcry and led to the implementation of unprecedented measures to prevent infection spread within the Netherlands (Dutch Government, 2020).

These measures ranged from social isolation, quarantine, local and international travel restrictions, border closures, large-scale event cancelations, and business, school, and university closures (Antonides and van Leeuwen, 2020; National Institute for Public Health and the Environment (RIVM), 2020b). This COVID-19 lockdown led to a significant disruption in all business sectors, where organizations were forced to close or radically change their modus operandi (de Haas et al., 2020). Dutch universities were not immune to these disruptions (Meeter et al., 2020). Universities restricted access to buildings, closed libraries, canceled lectures, delayed exams, and restricted access to virtual private networks required for assignments/exams (Maastricht University, 2020; Meeter et al., 2020). Moreover, universities were forced to adopt radically different forms of education (Dutch Government, 2020) where students needed to be taught via e-learning, examinations required online proctoring, contact with lecturers/peers were limited, assignments/examinations had to change, and students were bombarded with conflicting information from various sources (Meeter et al., 2020). These changes in students’ study resources (SR), the increased study demands (SD), the uncertainty and confusion about educational activities, development of fear caused by the ever-increasing COVID-19 infection/mortality rates, and the implementation of lockdown procedures may have a significant impact on their mental health (MH) (Fried, 2020; Roy et al., 2020).

Brooks et al. (2020) suggested that individuals who are kept in isolation/quarantine experience significant psychological distress, and it makes it difficult for individuals to engage in enjoyable social/work/leisure activities. Prolonged home confinement during the COVID-19 pandemic directly affects students’ physical health and MH through a reduction in physical activity, social contact, and exposure to daylight (Meeter et al., 2020; Tull et al., 2020; Wang et al., 2020). During the COVID-19 lockdown in China, people reported to spend more time in bed but paradoxically experienced lower sleep quality (Gao et al., 2020). Experiences of stress, depression, and anxiety also increased during the pandemic (González-Sanguino et al., 2020), which affected students’ motivation and the hours being spent on educational activities (Meeter et al., 2020). Further, social isolation increases loneliness, which directly affects cardiovascular functioning and leads to poor MH outcomes (Leigh-Hunt et al., 2017). To cope with social isolation and loneliness, individuals are drawn toward social media, but exposure has been shown to increases stress, depression, and anxiety during the COVID-19 outbreak in China (Gao et al., 2020). It is therefore not surprising that more than 80% of individuals reported MH problems/needs during the COVID-19 crisis; however, access to MH services have been severely restricted (Roy et al., 2020). Therefore, students may not have the necessary physical, psychological, or social resources needed to cope with the MH challenges associated with the COVID-19 pandemic (Jacobson et al., 2020).

Given the radical changes in SR and SD and the potential MH problems associated with the COVID-19 lockdown, it is imperative to understand how such develops over time. It is important to investigate how Dutch university students’ perceptions of SR/SD and MH changed before and during the COVID-19 lockdown.



LITERATURE REVIEW


MH of Students

Understanding the growth trajectory of MH during COVID-19 is imperative to ensure society’s optimal functioning (Zhang and Ma, 2020). MH, defined as “a syndrome of symptoms of positive feelings and positive functioning in life” (Keyes, 2002, p. 207), is an essential factor to consider when governments reflect upon intervention methods to manage/contain the impact of large-scale pandemics like COVID-19. Keyes et al. (2020) argued that MH is a function of emotional (i.e., life satisfaction and positive and negative affect), psychological (i.e., autonomy, environmental mastery, personal growth, positive relations with others, purpose in life, and self-acceptance), and social well-being (i.e., social acceptance, actualization, coherence, contribution, and integration), which refers to more than just the absence of psychopathology. Traditionally, MH was described as a single-lane continuum with psychopathology at the one end and well-being on the other end of the spectrum (Keyes et al., 2020). However, Seligman (2012) argued that the absence of a disease is not an adequate criterion to describe one as being either physically or psychologically healthy. Several studies have shown that individuals could report both high levels of psychopathology (e.g., narcissism) and high levels of life satisfaction (Greenspoon and Saklofske, 2001; Keyes, 2002; Seligman, 2012). Distress/pathology and well-being should therefore be seen as distinct yet interrelated concepts within MH. MH is therefore a state of complete well-being whereby individuals can realize their inherent potential, live out their strengths, are able to cope with normal everyday stressors, and can make a valuable contribution to society (World Health Organization (WHO), 2004, p. 10). In other words, MH is not just about avoiding the conditions that attribute to misery and suffering but rather an active strive toward finding the conditions that lead to happiness and “the good life” (Seligman, 2012).

According to Keyes (2002), MH problems could affect anyone; however, certain population groups are more vulnerable to onset than others. Research suggests that university students are three times more likely to develop MH complaints than the general populous (Auerbach et al., 2016) and is therefore considered a vulnerable group (Ribeiro et al., 2017). Eisenberg et al. (2013) argued that one third of students experience significant MH issues ranging from depression and anxiety to suicidality. These issues stem from stressors such as demanding coursework, time pressure, poor interpersonal relationships with peers/lecturers (Houghton et al., 2012; Basson and Rothmann, 2019; Mertens et al., 2020), social isolation, peer pressure, and study–life imbalances (Bergin and Pakenham, 2015). Studies have shown that students struggle to cope with these demands and, even under “normal” (non-pandemic) circumstances, do not possess the necessary personal resources or SR to buffer against the effects thereof on their MH (Mokgele and Rothmann, 2014). During pandemics, the MH of students could have adverse effects on physical health, life achievement, personal relationships, and life satisfaction as social isolation, fear of infection, and uncertainty take their toll (Lau et al., 2005; Brooks et al., 2020). These MH problems lead to significant impairment in psychological functioning, which negatively affects academic performance, academic throughput, and learning potential (Ebert et al., 2018; Meeter et al., 2020). Although a significant amount of research has been conducted on the antecedents and outcomes of students’ MH, it is unsure which factors and to what extent these would be applicable during the COVID-19 pandemic (Fried, 2020; Mertens et al., 2020).



SD and SR of Students

The SD and SR framework (SDRF: Mokgele and Rothmann, 2014) may act as a functional theoretical framework to explain which factors may influence university students’ MH during the COVID-19 lockdown. This model, drawing from the job–demands–resources model (Demerouti et al., 2000), states that students’ MH is a function of a dynamic interaction between study characteristics (SD and SR) and its (de)energizing and motivational consequences (Mokgele and Rothmann, 2014). This model proposes that the fundamental characteristics of students’ educational experiences at university can be classified into either SD or SR.

SD refer to various factors that require sustained physical/psychological effort over time that may result in stress when such exceeds students’ personal limits (Mokgele and Rothmann, 2014). These factors may include study load, time pressures, and educational volatility (Kember, 2004). When students can balance the demands from university with their inner capacity, they may perform better through optimizing their learning experiences. However, when SD exceed the capacity of the individual, it may lead to negative consequences such as burnout, depression, or anxiety (Lesener et al., 2020).

In contrast, SR refer to enabling factors that promote engagement and guard against the onset of MH problems (Mokgele and Rothmann, 2014). When the external environment lacks resources, students cannot reduce the potentially harmful influence of SD on MH, leading to an inability to perform (Kember, 2004) adequately. However, resource availability enhances study engagement, strengthening MH (Cilliers et al., 2018). Several studies have shown that specific SR (i.e., peer support, lecturer support, growth opportunities, and information availability) may enhance students’ MH (Kember, 2004; Mokgele and Rothmann, 2014). Students’ social and academic inclusion into the university environment is fostered through lectures, discussions with peers, campus involvement, and learning communities (Mokgele and Rothmann, 2014). Therefore, social support mechanisms like these are essential SR needed to promote the MH of students.

The dynamic interaction between SD and SR activates either an (de)energizing or motivational process. Schaufeli and Bakker (2004) argued that when there is a disproportional balance between SD, available resources, and the student’s ability to cope, it leads to mental exhaustion and fatigue, which negatively affects MH. In contrast, when students have sufficient study-related resources, it acts as a buffer against the effect of study-related demands on their MH and leads to engagement and study motivation (Mokgele and Rothmann, 2014). When study engagement is high and psychological distress is low, it leads to positive rates of change in students’ overall MH, which affects their academic performance (Schaufeli and Bakker, 2004). In essence, research has shown that SD causally decrease and SR causally increases experiences of MH of university students (Schaufeli et al., 2002; Robins et al., 2015; Lesener et al., 2020).

However, during pandemics, the experiences of SD and SR may be significantly different from those during “normal times,” given the radical changes in both the external environment and the educational modus (Fried et al., 2020). It is therefore not clear how study characteristics may affect students’ MH and to what extent during times of radical change. Therefore, any intervention being implemented by universities aimed at enhancing the MH of students without understanding how SD/SR affects MH may not yield the desired effects (Van Zyl and Stander, 2019).



Current Study

As such, the present study aimed to investigate the trajectory patterns, rate of change, and longitudinal associations between SR/SD and MH of Dutch students before and during the COVID-19 lockdown. Given the novelty of the situation, no a priori hypotheses could be formulated, except that the COVID-19 lockdown procedures adversely affected the trajectories of SR/SD and MH.



MATERIALS AND METHODS


Research Approach and Procedure

A longitudinal survey-based research design was employed to investigate the longitudinal trajectories and associations of SR/SD and MH within a sample of Dutch university students.1 Participants were enrolled for a master’s level course on research methodology at a Dutch university. Data collection occurred over a 3 month period during the third quartile of the academic year (January to April 2020) and involved the completion of a battery of electronic psychometric assessments weekly for 7 weeks, with a follow-up assessment 1 month later. Questionnaires were distributed electronically through QualtricsTM. Four weekly self-report assessments were conducted before the COVID-19 lockdown procedures were introduced. A fifth assessment took place during the week of lockdown announcements and university closures, which was followed by two weekly assessments directly after. The final assessment occurred 1 month after the seventh assessment.

Before the first assessment, participants were invited to participate in the study via email. Potential participants were informed of the voluntary nature of the study, and the research procedure was explained. In this email, their rights and responsibilities were highlighted and their confidentiality guaranteed, and they were informed that they could withdraw at any time. Participants were also informed that they may request feedback on their data and that upon request, their individual responses would be removed. Further, to ensure anonymity, participants were requested to create a personal identification code which was to be used to link the different data collection processes to each other after completion. To further ensure anonymity, two research partners not associated with the current university managed the distribution of the questionnaires and ensured that any and all potentially identifiable information of participants were removed from the dataset (e.g., metadata and IP addresses). A separate email account was also set up where participants could direct any questions or queries about the study or discuss any problems they may have encountered throughout the process. All guidelines for Ethical Research Practices by the American Psychological Association as well as local legislation were strictly followed.

In order to ensure quality data, a number of attention checks based on the guidelines of Abbey and Meloy (2017) were also implemented in each of the assessment waves. First, two direct queries were mentioned in the instructions of the different subscales of the instruments (e.g., “Please rate item 7 on the scale as Completely Disagree” and “Write the word sky in the textbox and rate it as Absolutely”). Second, the response patterns and completion time were analyzed. A post hoc analysis of the response consistency, pattern of responses, and effort was evaluated as a function of the time it took to complete the assessments (Buchanan and Scofield, 2018). When a participant did not pass the attention checks, their response to the given assessment was removed. In total, 33 records were removed.

Finally, data were captured and stored on a secured (SSL encrypted) server in compliance with the research institution’s data management policy and the General Data Protection Regulation (No. 679 of 2016: Articles 7, 13–22).



Participants and Procedure

A census-based sampling strategy was employed to gather data from 174 master students studying at a university in the Netherlands. Data were screened for response quality (Buchanan and Scofield, 2018), which led to the removal of 33 records from the final data set.

The final sample consisted of 141 participants (cf. Table 1). The majority of the participants were male (68.1%), Dutch-speaking (94.3%), Dutch national (94.3%) master students between the ages of 22 and 25 years old (95%).


TABLE 1. Characteristics of participants (n = 141).
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Measures

In each wave, the mean scores of the following instruments were used as indicators of overall SR/SD and MH.

The Study Demands and Resources Scale (Mokgele and Rothmann, 2014) was used to measure the availability of SD and SR. The scale consists of 23 items measuring four specific study resources, namely, peer support (e.g., “When necessary, can you ask fellow students for help?”), lecturer support (e.g., “Can you discuss study problems with your lecturers?”), growth opportunities (“Do your studies offer opportunities for personal growth/development?”), and information availability (“Are you kept adequately up-to-date about issues within the course?”) as well as overall SD (“Do you have too much work to do?”). Participants were requested to reflect upon the preceding week and rate items on a 5-point Likert scale ranging from 1 (“Never”) to 5 (“Always”). The scale showed to be a reliable instrument across all eight time points in this study with Cronbach’s alpha ranging from 0.84 to 0.96.

The Mental Health Continuum Short-Form (Keyes, 2005) was used to measure overall MH. It consists of 14 self-report items, rated on a 6-point Likert scale ranging from 1 (“Never”) to 6 (“Every Day”), that measured emotional, psychological, and social well-being. Participants were requested to reflect upon the preceding week and indicate to what extent they experienced emotional well-being (e.g., “happy”), social well-being (e.g., “that the way in which our society functions, makes sense to you”), and psychological well-being (e.g., “confident to think or express your own ideas and opinions”). The scale was shown to be a reliable instrument across all eight time points in this study with Cronbach’s alpha ranging from 0.89 to 0.93.



Data Analysis

Data were processed with SPSS v.26 (IBM Corporation, 2020) and Mplus v.8.4 (Muthén and Muthén, 1998) with the robust maximum likelihood (MLR) estimator. First, data normality and the internal consistencies were assessed through descriptive statistics. Multivariate normality was established if skewness and kurtosis ranged between -2 and + 2 (Field, 2020). Cronbach’s alpha was used to determine the level of internal consistency at the lower bound limit, where an alpha value larger than 0.80 was deemed to be acceptable (Field, 2020). Further, to determine the presence of common method bias (CMB), Harman’s single-factor approach was employed (Tehseen et al., 2017).

Second, through structural equation modeling (SEM), a series of unconditional latent growth models (LGMs) were estimated to determine the starting point (intercept) and growth trajectories (slopes) of students’ SR, SD, and MH. Mean scores of SR, SD, and MH were created at each time point based on their respective factor scores. These were used as indicators for the LGM. Separate growth models, representing linear, quadratic, and piecewise growth trajectories, were estimated to determine which fitted the data best. For the piecewise LGM, two separate linear growth factors were estimated representing the slopes before (Times 1–4) and after (Times 5–8) COVID-19 lockdown measures were implemented. Time 1 was set as point 0 within the analyses. Time 5 represented the breakpoint/knot and indicated as point 4 in the analyses (Wang and Wang, 2020). The first growth trajectory was constrained to [0, 1, 2, 3, 4, 4, 4, 4] and the second growth trajectory to [0, 0, 0, 0, 0, 1, 2, 6]. Piecewise LGM is particularly useful when wanting to compare the rate of change between two substantial periods of interest (Duncan et al., 2013). Model fit was determined through conventional SEM standards (cf. Table 2 adapted from Kline, 2011 and Wang and Wang, 2020), and fit indices were used to compare competing LGMs.


TABLE 2. Model fit statistics.

[image: Table 2]Finally, two separate sequential piecewise multi-process LGMs were employed to simultaneously model the growth processes of SR and MH as well as SD and MH and to determine the effect of the former’s intercept and rate of change on that of the latter. Here, the intercept and two slopes of SR/SD were regressed on those of MH.



RESULTS


Descriptive Statistics, Internal Consistencies, and CMB

The descriptive statistics and internal consistencies are summarized in Table 3 and showed that SR and SD were not normally distributed (skewness/kurtosis >2; Field, 2016); however, all instruments showed acceptable levels of internal consistency (α > 0.80).


TABLE 3. Descriptive statistics and Cronbach’s alphas (n = 141).

[image: Table 3]
To determine the presence of CMB, Harman’s single-factor approach was employed. Here, all the items were entered into an unrotated exploratory factor analyses. The principal component analyses showed that no single component could be extracted from each time point and that the common shared variance at each time point was below 35% (Podsakoff et al., 2003). Resultantly, the presence of CMB may be ruled out.



Unconditional LGM

Next, intercept-only, linear, quadratic, and piecewise unconditional LGMs were separately estimated for SR, SD, and MH. Table 4 presents the model fit indicators and shows that the piecewise LGM fitted the data best for SR [χ2(27, N= 141) = 37.04, p = 0.09, Tucker–Lewis index (TLI)/comparative fit index (CFI) = 0.99, root-mean-square error of approximation (RMSEA) = 0.05, standardized root mean square residual (SRMR) = 0.08], SD [χ2(27, N = 141) = 41.49, p = 0.05, TLI = 0.99, CFI = 0.98, RMSEA = 0.06, SRMR = 0.08], and MH [χ2(27, N= 141) = 25.96, p = 0.52, TLI/CFI = 1.00, RMSEA = 0.00, SRMR = 0.05]. Two phases of development for both factors were identified: Phase 1, which is prior to the lockdown procedures (Times 0–4), and Phase 2, which is during lockdown (Times 5–7). The interior knot was set at Time 5.


TABLE 4. Unconditional latent growth model fit statistics, unstandardized means, and variances.

[image: Table 4]Table 5 presents the unstandardized estimates and shows that average starting amount at baseline (i.e., the intercept) was significant for all three factors: SR (ISr = 3.529, SE = 0.04, p < 0.05), SD (ISd = 2.481, SE = 0.05, p < 0.05), and MH (IMh = 4.348, SE = 0.06, p < 0.05). At the start of the semester, students therefore reported above average levels of SR and MH as well as average levels of SD. The variances for all intercepts were significant, indicating interindividual variability. Individual growth trajectories significantly differed from one another around the estimated mean for both factors.


TABLE 5. Unconditional piecewise latent growth model results: unstandardized estimates, means, variances, and t-values.

[image: Table 5]Both mean growth factors (i.e., the slopes) for SR were significant. This implies that prior to the COVID-19 lockdown procedures, SR decreased in a linear fashion (S1Sr = −0.022, p < 0.05). During lockdown, it significantly increased by 0.012 base points every week (S2Sr = 0.012, p < 0.05). In contrast, both latent growth factors for SD (S1Sd = 0.015, p > 0.05; S2Sd = −0.001, p > 0.05) and MH were non-significant (S1Mh = −0.017, p > 0.05; S2Mh = 0.002, p > 0.05). SD and MH, therefore, remained relatively stable before and during the lockdown. The average trajectories for all three factors are graphically presented in Figures 1–3.
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FIGURE 1. Estimated trajectory of study resources before and during the COVID-19 lockdown.
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FIGURE 2. Estimated trajectory of study demands before and during the COVID-19 lockdown.
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FIGURE 3. Estimated trajectory of mental health before and during the COVID-19 lockdown.


The significant covariance between the intercept and slope 1 of SR [Cov(ISr, S1Sr) = −0.256, p < 0.05] as well as intercept and Slope 1 of SD [Cov(ISd, S1Sd) = −0.015, p < 0.05] indicates that the rate of change in SR/SD was significantly negatively related to its initial levels. Those who reported high levels at baseline had a slightly faster rate of decline prior to the lockdown measures. Further, a significant covariance between Slope 1 and Slope 2 of SD [Cov(S1Sd, S2Sd) = −0.002, p < 0.05] was found. This implies that the rate of change in SD before the lockdown was negatively associated with the rate of change after the lockdown.

All the remaining covariances between slopes and intercepts in the SR, SD, and MH models were non-significant (p > 0.05). During lockdown, levels of SR were therefore not dependent upon the reported mean at baseline, and the rate of change in MH (before and after) was not dependent upon its initial value. Finally, the rate of change in SD during lockdown was not dependent upon its initial levels.



Sequential Piecewise Multi-Process LGM

Two separate sequential piecewise multi-process LGMs were estimated. First, the association between SR and MH and thereafter the association between SD and MH were estimated.

The first sequential piecewise multi-process LGM, presented in Figure 4, aimed to determine the association between the initial state and growth trajectories of SR and MH fitted the data adequately [χ2(113, N= 141) = 195.00, TLI/CFI = 0.95, RMSEA = 0.07 (CI:0.054–0.088), SRMR = 0.07]. At baseline, the initial state of SR (ISr) was positively associated with mean intercept of MH (IMh) (β = 0.45, SE = 0.10). Higher initial levels of SR therefore influenced initial levels of MH. Further, the rate of change in SR (S1Sr) prior to the COVID-19 lockdown procedures predicted the rate of change in MH (S1Mh) in the same phase (β = 0.69, SE = 0.18). This implies that if the rate of change in SR increased before the lockdown procedures, it would positively affect the rate of change in MH.


[image: image]

FIGURE 4. Sequential piecewise multi-process latent growth model: study resources and mental health.


Further, the covariance between the intercept and pre-lockdown slope of SR indicates that the rate of change in SR is dependent upon its initial position. Higher reported levels in SR is associated with a faster decline before lockdown [Cov(ISr, S1Sr) = −0.25, SE = 0.09].

No association between the intercepts and rate of change in SR post lockdown and between the intercepts and slopes of MH could be established. After lockdown, both SR and MH changed at different rates and in different directions. Where MH stays relatively stable before and after lockdown (IMh = 4.348, p < 0.05, S1Mh = −0.017, S2Mh = 0.002, p > 0.05), SR was reported to increase after lockdown (ISr = 3.529, S2Sr = 0.012, p < 0.05).

The second sequential piecewise multi-process LGM, presented in Figure 5, aimed to determine whether the association between the initial state and growth trajectories of SD and MH fitted the data adequately [χ2(112, N= 141) = 217.75, TLI/CFI = 0.95, RMSEA = 0.08 (CI:0.066–0.098), SRMR = 0.07]. At baseline, the initial state of SD (ISd) was not significantly associated with mean intercept of MH (IMh) (β = −0.14, SE = 0.10; p = 0.233). Initial levels of SD therefore did not influence initial levels of MH. Further, the rate of change in SD (S1Sd) prior to the COVID-19 lockdown procedures was negatively associated with the rate of change in MH (S1Mh) (β = −0.51, SE = 0.14) during the same phase. This implies that if the rate of change in SD increased before the lockdown procedures, it would negatively affect the rate of change in MH.
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FIGURE 5. Sequential piecewise multi-process latent growth model: study demands and mental health.


The covariance between the intercept and pre-lockdown slope of SD indicates that the rate of change in SD is dependent upon its initial position. Higher reported levels of SD is associated with a faster decline before lockdown [Cov(ISd, S1Sd) = −0.35, SE = 0.10].

No association between the intercepts and rate of change in SD post-lockdown and between the intercepts and slopes of MH could be established. After lockdown, both SD and MH changed at different rates and in different directions. Where MH stayed relatively stable before and after lockdown (IMh = 4.350, p < 0.05, S1Mh = −0.018, S2Mh = 0.003, p > 0.05), SD was reported to decrease significantly after lockdown (ISd = 2.480, S2Sd = −0.006, p < 0.05).



DISCUSSION

The study employed piecewise LGM to investigate the developmental trajectories and longitudinal association of students’ SR, SD, and MH before and during the COVID-19 lockdown at a Dutch university in the Netherlands. The results showed that moderate levels of SR significantly decreased before, followed by a substantial rate of increase during, the lockdown. In contrast, both SD and MH were reported to be moderate and stable throughout the study. Finally, the growth trajectories of SR and MH were associated only before the lockdown.


Growth Trajectories in SR, SD, and MH

The results showed that study-related resources significantly decreased before and increased during the lockdown. Perceptions of available study-related resources are known to fluctuate throughout a semester/course (Basson and Rothmann, 2019; Mtshweni, 2019). At the beginning of a semester/course, students report an abundance of available SR; however, this starts to dwindle as students progress throughout the semester (Cheng, 2020; Landow, 2006; Mtshweni, 2019). As SD (e.g., workload and time pressure) naturally increase throughout a semester/course, students perceive a decline in the available social study-related resources (peer/lecturer support) needed to effectively cope (Landow, 2006; Waight and Giordano, 2018). Further, given that universities are not adequately staffed to manage high student volumes, educational programs become highly structured with limited lecture contact and access to study-related information (Jack et al., 2018). In turn, this impedes students’ autonomy and distracts from opportunities to grow (Mokgele and Rothmann, 2014). This rate of decline was in line with our findings before the lockdown procedures were announced and implemented. In contrast to our expectations, the findings show that perceptions of available SR increased during the COVID-19 lockdown. This may be due to the university increasing communication frequency relating to how COVID-19 would affect education and how its consequences would be managed (cf. Maastricht University, 2020; Technical University of Eindhoven (Tu/e), 2020). The COVID-19 lockdown resulted in courses being taught online, which meant students might have experienced more autonomy in attending to educational activities (e.g., viewing video lectures at their own leisure), having closer contact with lecturers via email or discussion forums, and having the opportunity to negotiate assignment deadlines. Traditionally, university courses are highly structured, and formal communication pertaining to study content and educational matters is within the classroom setting (Landow, 2006). However, given the change to online educational means, the boundaries around and access to lecturers and study-related information were removed.

Further, perceptions of study-related demands were relatively stable both before and during the COVID-19 lockdown. No statistically significant changes in these perceptions were reported; however, a slight increase was observed before lockdown and a slight decrease after lockdown. This implies that students did not perceive a difference in study load, time pressure, or study volatility throughout the quartile. This contrasts with the findings of Lesener et al. (2020) who argued that SD increase significantly throughout a given educational period (quartile/semester/course) where the peak is experienced just before the exam. This is a known trend within the tertiary educational environment as students start off within the first week of a course with relatively low SD but need to complete several educational activities (e.g., class tests, assignments, presentations, and interim exams) in short succession of one another (cf. Schaufeli et al., 2002; Salanova et al., 2010; Cilliers et al., 2018). This leads to a compounded increase in study-related demands over time (Salanova et al., 2010). As this trend was not fully observed within the current sample, several contextual factors may play an explanatory role. The increased perceptive availability of student-related resources (e.g., information availability, lecturer support, peer support, and growth opportunities) after the lockdown procedures were implemented may have affected the growth trajectories of experienced study-related demands. The SD and SR model argues that SR availability moderates the impact that SD has on negative individual and study-related outcomes (Cilliers et al., 2018; Lesener et al., 2020). In other words, when students’ have sufficient study-related resources, it decreases the potential impact that SD has on their engagement, academic performance, and/or MH (Mokgele and Rothmann, 2014; Cilliers et al., 2018; Lesener et al., 2020).

Finally, the results showed that MH stayed relatively stable throughout the first weeks of the COVID-19 outbreak, which differs from other studies during pandemics. Where others found pandemics like SARS to have precipitated psychological distress (Lau et al., 2005; Brooks et al., 2020), our results show that MH did not significantly change before/during the COVID-19 outbreak. These findings are in line with the findings of both Fried (2020) and Zhang and Ma (2020), who reported that most participants’ MH, in their respective studies, was not negatively affected during the COVID-19 outbreak. Students may be spending more time resting/relaxing and exercising as well as receiving more social support from friends/families (Zhang and Ma, 2020). Fried (2020) also reported that during the first 2 weeks of the COVID-19 lockdown in the Netherlands, students’ level, frequency, and quality of social engagements did not change. Further, students may also start to take more care of their MH needs and have more time to engage in relaxing leisure activities or pursuing new hobbies (Lades et al., 2020). These positive aspects may have offset the potential negative impact of the lockdown on students’ MH (Ebrahim et al., 2020).



Association Between Trajectories of SR and MH

Within this sample, the growth trajectories of study-related resources and MH were shown to be associated only before lockdown procedures. The average level of study-related resources at baseline was significantly related to the initial state of MH. When students perceive that they have adequate levels of study-related resources at the beginning of the course, it may positively affect the initial levels of their MH (Cilliers et al., 2018). Similarly, the rate of change in both outcomes was positively related before the lockdown procedures. The growth trajectory of study-related resources before lockdown could, therefore, lead to a faster rate of change in MH. This is in line with the tenet of the SD and SR framework (Lesener et al., 2020). Under normal conditions, elevated levels of SR activate a motivational process that increases engagement with study-related content (Lesener et al., 2020). This in turn leads to an increase in MH (Salanova et al., 2010; Basson and Rothmann, 2019). However, during lockdown, study-related resources and MH developed independently and at their own pace.

Further, only the growth trajectories of SD were associated with those of MH before lockdown procedures were implemented. No other direct associations could be established. This implies that when SD increased before the lockdown, it negatively affected MH changes (Lesener et al., 2020). However, given the significant changes in the external environment, both SD and MH stayed relatively the same throughout the assessment period. Therefore, it would seem as though the contextual changes brought on by the COVID-19 lockdown and its impact on the educational system altered the way students perceived the associations between SD, SR, and MH.



Study Limitations

Despite the novelty of this study, it does present with several limitations. First, given that the COVID-19 lockdown was unexpected and occurred during the study, no pandemic-specific explanatory mechanisms which could have affected the growth trajectories could be measured/controlled. However, the study shows how perceptions of SD, SR, and MH changed from before to during the COVID-19 lockdown. Second, participants in this study originated from a single cohort of students from a university in the Netherlands that comprised mainly males. This limits the generalizability of the findings outside of the given context. Given that the assessments of this study occurred before and during the first COVID-19 lockdown, it would not be possible to collect additional data from other institutions to enhance generalizability. The results may look different for academic institutions in under-resourced institutions. Third, the direction of the effects from SR to MH is based on literature, and analyzing the reciprocal relationships was beyond the scope of this paper. Finally, the paper focused on modeling group-level changes and did not include specific inter-individual differences.



Recommendations for Future Research

The findings, design, and context of this study also provide a foundation for future research. First, it would be valuable to determine students’ experiences of the lockdown and its impact on MH through focus groups or individual interviews. Second, it is suggested that the “during the pandemic” component of the study be replicated in other European countries and that such be contrasted with more developing countries. Third, an evaluation of the usefulness or effectiveness of newly introduced teaching methods and approaches during the pandemic would be valuable. Finally, it is suggested that future research focus on developing and evaluating educational interventions to enhance students’ MH during the pandemic.



CONCLUSION

Despite growing concerns relating to the negative psychological impact of COVID-19 on students, our study shows that no changes in MH were reported during the first lockdown. The university’s measures to manage the impact of the lockdown procedures increased perceptions as to the available study-related resources; but none of the measures or online education processes increased demands. Our study, albeit limited in scope, shows that society’s concern as to the adverse effects of COVID-19 on MH of students may be ill founded in some situations.
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FOOTNOTES

1The original study was planned to investigate the longitudinal trajectories of the conditions and utility of mental health and academic performance of students throughout the quartile. The aim was to determine the effectiveness of a new study programme and the associated impact thereof on their mental health.
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S2 0.000 (0.00) 0.68 0.50 0.002* (0.00) 2.28 0.02 0.001 (0.00) 0.42 0.68

*Statistically significant (o < 0.05).
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Comparison

LL UL
Study resources
MO. Interceptonly  86.02 27  0.00 0.92 0.91 0.13 0.12 283.25 333.38 0.096 0.155 M3 vs. MO —-27.94* 0 0.07
M1. Linear 9222 31 0.00 0.91 0.92 0.12 0.1 279.40 317.74  0.091 0.147 M2 vs. M1 =57.77* -4 0.06
M2. Quadratic 3745 27 009 098 0.98 0.05 0.08 226.15 276.28  0.000 0.090 M3 vs. M2 —0.41 0 0.01
M3. Piecewise 37.04 27 0.09 099 099 0.05 0.08 221.92 271.26 0.000 0.089 M3 vs. M1 —-84.93* -4  0.07
Study demands
M4. Interceptonly 78.62 27 0.00 0.95 094 0.12 0.09 991.78 1041.91 0.087 0.147 M7 vs.M4 —37.13* 0 0.04
M5. Linear 85.14 31 0.00 094 0.9 0.11 0.09 990.30 1,028.63 0.083 0.140 M6 vs. M5 -35.84* —4  0.03
M6. Quadratic 49.30 27  0.01 0.98 0.98 0.08 0.08 962.46 1,012.59 0.041 0.110 M7 vs. M6 —7.81 0 0
M7. Piecewise 4149 27 0.05 099 0.98 0.06 0.08  954.65 1,004.79 0.016 0.097 M7 vs. M5 -43.65* -4  0.03
Mental health
M8. Intercept only  47.71 27 0.01 0.97 097 0.07 0.09 1,411.09 1,461.22 0.037 0.107 M11 vs. M8 —11.96* 0 0.03
M. Linear 38.31 31 0.17 099 0.99 0.04 0.06 1,389.98 1,428.31 0.000 0.079 M10 vs. M9 -10.10" -4 0.00
M10. Quadratic 2725 27 045 099 0.99 0.01 0.05 1,383.35 1,433.48 0.000 0.066 M11 vs. M10 -1.29 0 0.01
M11. Piecewise 2596 27 052 1.00 1.00  0.00 0.05 1,382.16 1,432.29 0.000 0.063 M11 vs. M9 —11.75* -4 0.01

Y2, chi-square; df. degrees of freedom; TLI, Tucker-Lewis index; CFI, comparative fit index; RMSEA, root-mean-square error of approximation; SRMR, standardized root
mean square residual; AIC, Akaike information criterion; BIC, Bayes information criterion; LL, lower level; UL, upper level; *statistically significant (o < 0.05); I, intercept;
S1, linear slope; S2, quadratic slope or Piece 2 slope; Ax2, Satorra-Bentler scaled chi-square difference test. Underfined values = Best Fitting Model.
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