
Received: 22 March 2022 | Accepted: 12 August 2022

DOI: 10.1002/jclp.23439

R E S E A R CH AR T I C L E

Hopelessness during and after the COVID‐19
pandemic lockdown among Chinese college
students: A longitudinal network analysis

Yanqiang Tao1 | Haiqun Niu2 | Wenxin Hou1 |

Liang Zhang3 | Ronghua Ying2

1Beijing Key Laboratory of Applied

Experimental Psychology, Faculty of

Psychology, Beijing Normal University,

Beijing, China

2School of Psychology, Nanjing Normal

University, Nanjing, China

3Student Mental Health Education Center,

Northeast Agricultural University,

Harbin, China

Correspondence

Ronghua Ying, School of Psychology,

Nanjing Normal University, 122 Ninghai Rd,

Nanjing 210097, China.

Email: 13951969343@163.com

Abstract

Introduction: In China, recurrent pandemics require fre-

quent city‐wide lockdowns and quarantine actions to

contain the impact of COVID‐19, exposing college students

to psychological problems, including hopelessness. Hence,

the purpose of helping problematic college students

alleviate hopelessness symptoms motivates us to carry

out the present study to explore their interrelationship.

Methods: Hopelessness (i.e., a complex phenomenon with

important clinical consequences, such as depression and

suicidality) was investigated in a large longitudinal sample

of college students (N = 2787; 58.59% female; age

mean±SD = 18.34 ± 0.92) who were recruited during and

after the COVID‐19 lockdown using the Beck Hopeless-

ness Scale (BHS).

Results: Applying the novel approach (i.e., symptom

network analysis), the results indicated that the edge

of #BHS1 (i.e., [NOT] hope‐enthusiasm)–#BHS15 (i.e.,

[NOT] faith‐in‐the‐future) showed the strongest associa-

tion both in Wave 1 and Wave 2. Similarly, #BHS20 (i.e.,

not‐trying) had the highest node expectedinfluence (cen-

trality) in the hopelessness symptoms network both among

Wave 1 and Wave 2. The Network Comparison Test

indicated that the global network strength significantly
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differed between the two time points. As expected, college

students' hopelessness will gradually dissipate with the end

of segregation control. The stability and accuracy indicated

that the network analysis results were trustworthy.

Conclusions: The study findings provide evidence that

central nodes and edges connecting symptoms should be

addressed. Further interventions and treatments that may

target these symptoms are essential to effectively alleviate

the overall hopelessness level among college students.

Theoretical and clinical potential consequences were

discussed in detail.
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1 | INTRODUCTION

Since the breakout of the new coronavirus SARS‐CoV‐2 (COVID‐19) pandemic in late 2019, policy‐makers have

taken strong measures, such as city‐wide lockdowns and quarantines, to control the further spread of the pandemic,

notably in China (Saricali et al., 2020; Tanne et al., 2020). Pfefferbaum and North (2020) emphasized that these

public health policies had a huge psychological cost, including loneliness, boredom, and anxiety (Brooks et al., 2020;

Mertens et al., 2020; Rubin & Wessely, 2020). Although effective methods to prevent COVID‐19 spread are

needed, the emotional health of individuals in quarantine cannot be overlooked.

The proportion of a country's population enrolled in higher education is vital in evaluating that nation's

potential for economic development and achievement. However, given that the group is most prone to mental

health problems (Auerbach et al., 2018), college students have been proven to experience more anxiety, fear, and

worry when public health emergencies occur (Feng et al., 2021). Moreover, the COVID‐19 resurgence made college

students uncertain of their future (Duplaga & Grysztar, 2021). An earlier study indicated that worsening financial

circumstances was the main risk factor for prolonged hopelessness (Haatainen et al., 2003b). For college students,

worsening financial circumstances and strict isolation policies made getting an internship or job difficult. As a result,

suffering from negative emotions (Brooks et al., 2020) coupled with concerns about future career development

(Wang et al., 2020) has caused many psychological problems (e.g., hopelessness) among college students during the

pandemic, which must be taken seriously.

Hopelessness is defined as the expectation that negative events will occur and/or positive events will not

occur, accompanied by the belief that the person cannot change this gloomy situation (Abramson et al., 1989).

Hopelessness is often reported in major psychopathological conditions, such as depression and schizophrenia

(Cole, 1988; Lysaker et al., 2004). Additionally, hopelessness has been shown to be a key component of depressive

symptoms and present at clinical levels in the general population (i.e., ∼10%; Haatainen et al., 2003b), strongly

linked to anxiety (Kocalevent et al., 2017). Initially, hopelessness developed from learned helplessness theory,

which posits that repeated exposure to uncontrollable and aversive environmental stimuli gradually leads the

individual to believe that the aversive situation is inescapable and that a sense of helplessness ensues regarding the

situation (Seligman & Maier, 1967). Nevertheless, the components of hopelessness are more than helplessness
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(Ratcliffe, 2015), biased future thinking (Roepke & Seligman, 2016), and blocked goal processing (Hadley &

MacLeod, 2010). During adolescent individuation, negative early life experiences may be too severe, causing the

frustration of hope and hopelessness to develop (Liu et al., 2015). For youth, hopelessness (i.e., losing curiosity,

dreams, and aspiration) is a state that cannot be tolerated for more than a short time, which is characterized by a

void and a sense that they do not know anything. The youth may choose to rebel against authority, participate in

gangs and illegal activities, or even use drugs for temporary gratification (Akhtar et al., 2018). Hopelessness is even

associated with early suicide attempts and suicidal thoughts in early adulthood (Troister et al., 2015). Hence, such a

pessimistic attitude toward life (e.g., from college students) warrants considerable therapeutic and research

attention among adolescents (Marchetti, 2018).

As a traditional and standard statistical method, the latent factor approach assumes that observable

psychological components independently generate unobservable factors. On the other hand, this traditional

approach reveals no causality effect on each observable component but simply reflects the underlying latent factor.

As a result, this approach cannot fully capture and elucidate the interactive process among the different

components of complex psychological structures such as hopelessness (Dalege et al., 2016; Schmittmann

et al., 2013).

An alternative approach named network analysis, a novel way to conceptualize psychological phenomena, has

been proposed and widely used to study mental disorders (Afzali et al., 2016; Robinaugh et al., 2020). Compared to

the traditional statistical method, network analysis is a symptom‐oriented method that argues that the mental

structure (e.g., hopelessness) is likely to arise from the interaction among observable indicators (e.g., questionnaire

items) (Borsboom & Cramer, 2013). In this way, researchers can clearly find the extent to which variables belonging

to the same construct are interconnected and how different constructs mutually interact with each other (Blasi

et al., 2021). Additionally, network analysis allows for identifying which nodes are the most central in the network

structure and which edges between nodes function as the main pathways of the network (Marchetti, 2018). In sum,

the network approach offers a different and effective perspective to shed light on complex psychological

structures.

Given the potential psychological problems (e.g., hopelessness) that college students experience under

lockdown conditions, it is necessary to explore hopelessness symptoms during and after the lockdown and to clarify

the specific impact of quarantine on college students' hopelessness. To the best of our knowledge, no longitudinal

studies have compared hopelessness symptoms among Chinese college students using network analysis, which

provides the impetus to carry out this study. Therefore, this longitudinal study investigated the inner structure of

hopelessness and the interactions among its constituent elements among Chinese college students utilizing

network analysis and compared the differences in hopelessness symptoms among college students during and after

the COVID‐19 lockdown. The hypotheses are that (1) the association of the symptom‐to‐symptom relationship

during the lockdown is stronger than that after the lockdown, and (2) the feeling of hopelessness will decrease after

the lockdown.

2 | METHODS

2.1 | Participants

Participants were recruited through online advertisements using a social media platform (i.e., WeChat). Before

collecting the baseline data sets, all of them met the criteria of living in school accommodations and getting at least

1 month in a mandatory school lockdown. Hence, we obtained the first wave of data from 6710 college students

during the COVID‐19 pandemic lockdown from September 26 to September 30, 2021. The second wave of data

from 3731 college students was collected at the same university from December 23 to December 27, 2021, after

the closure management was lifted. The total valid data size was 2787 (male, N = 1154; female, N = 1633; age
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mean±SD = 18.34 ± 0.92) after matching the two waves of data. All subjects were informed of the study's purpose and

signed an electronic informed consent form before participation. The research was examined and approved by the

ethics committee of Beijing Normal University (Reference number: 202112220084).

3 | MEASURES

3.1 | Beck Hopelessness Scale (BHS)

The BHS consists of 20 items (Beck et al., 1974), 11 of which are negative (e.g., “My future seems dark to me”) and 9 of

which are positive (e.g., “I look forward to the future with hope and enthusiasm”). All items are rated as 1 or 0, indicating

“yes” and “no” statements, respectively. The total scale score varies from 0 to 20, with higher values suggesting a stronger

sense of hopelessness.We did not reverse items to guarantee access to the network's core symptoms in the present study.

Excellent reliability has been reported for the BHS in Chinese studies (Ma et al., 2020; Zhang et al., 2015). In

this study, Cronbach's α coefficients for Wave 1 and Wave 2 were 0.81 and 0.84, respectively.

3.2 | STATISTICAL ANALYSIS

3.2.1 | Item check

First, all BHS items were analyzed for mean, standard deviation (SD), kurtosis, skewness, and polychoric

correlations. The informativeness of each item was evaluated by means of the SD (Mullarkey et al., 2019).

According to the manual, if the polychoric correlation between “A” and other items differed statistically in 25% of

the cases, we judged that the two items measured the same feature/symptom (i.e., redundancy) (Jones, 2021). The

item redundancy test was performed with the R package “networktools 1.3.0” (Jones, 2021).

3.2.2 | Network estimation

Second, we used the Ising model to estimate the network following current guidelines (van Borkulo et al., 2014).

The Ising model evaluated network structures based on binary data, which can be considered a sequence of

pairwise associations among binary variables after taking the confounding effects of all other associations into

account. This method used logistic regression in combination with model selection based on a goodness‐of‐fit index

to detect associations between nodes. The network models were regularized using enhanced least absolute

shrinkage and selection operation to reduce the number of spurious edges and increase network comprehensibility

(eLASSO) (Ravikumar et al., 2010). This approach yielded a sparse network model that was more intelligible than the

original. The extended Bayesian information criterion was used to identify a model (Foygel & Drton, 2010). We used

the package “bootnet” to fit the binary network (Epskamp et al., 2018).

Nodes represent symptoms in network analysis, whereas edges represent connections between nodes. Partial

correlation analysis was used to determine the relationship between two nodes while controlling the interference of other

nodes. Green edges indicate positive correlations, whereas red edges suggest negative correlations. Three major centrality

indices (i.e., betweenness, closeness, and strength) need to be reported in network analysis. Previous research has shown

that assessments of closeness and betweenness are unreliable in determining nodes' importance (Bringmann et al., 2019).

Hence, strength was chosen as the metric in the current study. Moreover, traditional indices such as strength centrality

may not accurately predict node influence on a network containing both positive and negative edges. Robinaugh et al.

(2016) demonstrated that expectedInfluence is a more appropriate index in such cases.
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3.2.3 | Estimation of network accuracy and stability

To assess the robustness of the results, three procedures were adopted to examine the accuracy and stability of the

network model (Epskamp et al., 2018). First, the accuracy of edge weights was estimated by computing confidence

intervals (CIs) using the nonparametric bootstrapping method. The observations in the data were then randomly

resampled to create new data sets from which the 95% CIs were calculated. Larger CIs indicated less precise

estimations of the edges, whereas smaller CIs indicated more trustworthy networks (Epskamp et al., 2018).

Second, with subset bootstraps, the correlation stability coefficient (CS‐C) was used to assess the stability of

the centrality indices (i.e., strength and expectedInfluence) (Costenbader & Valente, 2003). If the centrality indices

of the nodes did not change significantly after excluding a portion of the sample in the data set, the network

structure could be considered stable.

The CS‐C represented the maximum proportion of samples that could be removed so that the correlation

between the original centrality indices could be at least 0.7 with a 95% probability (Epskamp et al., 2018). In general,

the CS‐C should be greater than 0.25 and preferably greater than 0.5. The difference between the two strength

indices was then considered significant if the 1000‐bootstrap 95% nonparametric CIs did not include zero.

Furthermore, predictability was calculated using the R package mgm (version 1.2–12) (Haslbeck & Waldorp, 2020),

reflecting how well all of a node's neighbors predict a specific node.

3.2.4 | Comparison of the network structure across two waves

The Network Comparison Test (NCT) was used, a permutation test that evaluates the difference between two

networks (i.e., during the COVID‐19 pandemic lockdown vs. after the COVID‐19 pandemic lockdown). As

previously recommended (Wang et al., 2020), the NCT was conducted with 1000 permutations. This procedure

assessed the global network strength by comparing the absolute sum of all edge weights between the networks.

Next, the edge weight distributions within each network were compared to characterize the network's structure.

After controlling for multiple tests (Holm–Bonferroni correction of p values), the differences in strength for each

edge were compared between the two networks. The R package “NetworkComparisonTest” 2.2.1 was used to run all

of the tests (van Borkulo et al., 2022).

4 | RESULTS

4.1 | Descriptive statistics and item check

First, item informativeness (i.e., the item's SD) and item redundancy were assessed. No items were found to be

poorly informative (i.e., 2.5 SD below the mean level of informativeness) or redundant with other items (i.e., fewer

than 25% of statistically different correlations). Supporting Information: Tables S1 and S2 show the mean, SD,

skewness, and kurtosis of hopelessness symptoms measured by the BHS in Waves 1 and 2, respectively.

4.2 | Network structure and centrality measures analysis

The networks of the symptoms of hopelessness during and after the lockdown are shown in Figure 1 and

Supporting Information: Figure S1, and the corresponding partial correlation matrix is presented in Supporting

Information: Tables S3 and S4.
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Across Wave 1, the edge of #BHS1 (i.e., [NOT] hope‐enthusiasm)–#BHS15 (i.e., [NOT] faith‐in‐the‐future)

showed the strongest association, followed by the edge of #BHS6 (i.e., [NOT] expect‐to‐succeed)–#BHS19 (i.e.,

[NOT] better‐future) and the edge of #BHS11 (i.e., unpleasantness‐ahead)–#BHS12 (i.e., not‐getting). Similarly, the

edge of #BHS1 (i.e., [NOT] hope‐and‐enthusiasm)–#BHS15 (i.e., [NOT] faith‐in‐the‐future) revealed the strongest

association across Wave 2, followed by the edge of #BHS11 (i.e., unpleasantness‐ahead)–#BHS12 (i.e., not getting)

and #BHS16 (i.e., giving‐up‐on‐wanting)–#BHS20 (i.e., not‐trying).

In Supporting Information: Tables S1 and S2, Figure S1, Figures 1 and 2, #BHS20 (i.e., not‐trying) had the

highest node expectedInfluence (centrality) in the hopelessness symptoms network among Wave 1 college

students, followed by #BHS11 (i.e., unpleasantness‐ahead), #BHS12 (i.e., not‐getting), and an average of 85.69% of

the variance could be potentially accounted for by each node's neighbors (Mpredictability = 0.857 ± 0.092). Similar to

Wave 1, #BHS20 (i.e., not‐trying) had the highest node expectedInfluence (centrality) in the hopelessness

symptoms network amongWave 2 college students, followed by #BHS11 (i.e., unpleasantness‐ahead), #BHS12 (i.e.,

not‐getting), and an average of 85.84% of the variance could be potentially accounted for by each node's neighbors

(M predictability = 0.858 ± 0.088).

In addition, #BHS18 (i.e., uncertain‐future) had the highest node strength (centrality) in the hopelessness

symptoms network among Wave 1 college students, whereas #BHS15 (i.e., [NOT] faith‐in‐the‐future) had

the highest node strength (centrality) in the hopelessness symptoms network among Wave 2 college

students.

4.3 | Network accuracy and stability

In Figure 3, the case‐dropping bootstrap procedure showed that the CS coefficients ranged from 0.67 to 0.75

across the four groups. The results of the nonparametric bootstrap procedure revealed that most comparisons

among edge weights, node strength, and node expectedInfluence were statistically significant (Supporting

Information: Figures S2–S4). Additionally, bootstrapped 95% CIs were narrow, representing edges that were

trustworthy.

Moreover, we checked the variability by correlating this sample's strength, expectedInfluence, and

predictability. First, strength (rs = 0.83 [0.62; 0.93]), expectedInfluence (rs = 0.91 [0.77; 0.96]) and predictability

(rs = 0.97 [0.92; 0.99]) were highly correlated across the two waves of data sets. InWave 1, strength (rs = 0.47 [0.04;

0.76]) and expectedInfluence (rs = 0.48 [0.05; 0.76]) were positively correlated with predictability. However,

strength (rs = 0.39 [−0.07; 0.71]) and expectedInfluence (rs = 0.30 [−0.17; 0.65]) were not correlated with

predictability in Wave 2.

F IGURE 1 Network structures for the 20 items of the Beck Hopelessness Scale. (a) Wave 1. (b) Wave 2.
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4.4 | Network and symptom mean level comparisons across sex and two waves

The NCT is a permutation test to investigate invariance in different network characteristics. First, we compared the

network models and network centrality indices between male (N = 1154) and female (N = 1633) participants at two

time points. There were no significant sex differences in network global strength (males: 46.86 vs. females: 52.61;

global strength difference (S)= 5.75, p = 0.42) or distribution of edge weights (M = 1.07, p = 0.74) at Wave 1 (all

p> 0.05 after Holm–Bonferroni corrections) (Supporting Information: Figure S6). Similarly, there were no significant

F IGURE 2 The strength and expectedInfluence (centrality) value (raw scores) of the hopelessness symptoms
among Wave 1 and Wave 2. The core symptoms identified in this study are indicated by a blue dashed line (top
three). The case‐dropping bootstrap procedure showed that the CS‐C of the centrality indices (i.e., strength and
expectedInfluence) was 0.67 and 0.75 both in wave 1 (Part A of Figure 3) and wave 2 (Part B of Figure 3).
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sex differences in network global strength (males: 454.13 vs. females: 56.38; global strength difference (S)= 2.25,

p = 0.79) or distribution of edge weights (M = 1.34, p = 0.32) at Wave 2 (Supporting Information: Figure S7). Second,

we compared the network models and network centrality indices between the two waves. As shown in Figure 4

(left panel), the bootstrap value of the maximum difference in any edge weight (1000 permutations) was not

significantly different (M = 1.17, p = 0.24). The right panel in Figure 4 indicates the bootstrap value of the difference

in global network strength, with a significant difference (network strength amongWave 1 participants: 62.9; among

Wave 2 participants: 77.3; S= 14.4, p = 0.000). The Holm–Bonferroni corrected p values were all >0.05, indicating

the absence of significant differences, except for #BHS14 (i.e., not‐working‐out) (p < 0.000).

4.5 | Covariate (age and sex) network structures across two waves

Previous studies found that age and sex were associated with the clinical features of hopelessness (Haatainen

et al., 2003a). Hence, after controlling for the basic sociodemographic characteristics (i.e., sex and age), the network

model and local structure indices were re‐estimated (Supporting Information: Figure S5). Compared with the

F IGURE 3 The x‐axis indicates the percentage of cases of the original sample included at each step. The y‐axis
indicates the average of correlations between the centrality indices from the original network and the centrality
indices from the networks that were re‐estimated after excluding increasing percentages of cases. (a) Wave 1.
(b) Wave 2.

F IGURE 4 Comparison of network properties between Wave 1 and Wave 2 participants
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original network in Wave 1, an almost identical network was obtained with respect to edge magnitude (r = 0.66

[0.56; 0.76]), strength (r = 0.93 [0.83; 0.97]) and expectedInfluence (r = 0.57 [0.17; 0.81]) for the hopelessness

network structure. Similarly, an almost identical network was obtained with respect to edge magnitude (r = 0.62

[0.52; 0.72]), strength (r = 0.62 [0.25; 0.83]), and expectedInfluence (r = 0.30 [−0.16; 0.66]) for the hopelessness

network structure in Wave 2.

5 | DISCUSSION

The results of this study involved 2787 participants who provided complete responses both during and after the

COVID‐19 epidemic lockdown in China. Network analysis was used to understand the structure of hopelessness

and how it was altered in two different situations, complementing prior studies that used the latent factor approach.

Several findings are noteworthy.

First, the results of this study showed that #BHS1 (i.e., [NOT] hope‐enthusiasm) was most strongly associated

with #BHS15 (i.e., [NOT] faith‐in‐the‐future) in both Wave 1 and Wave 2, and the strength of the association

increased following the quarantine measures. According to the developmental trajectory (Mac Giollabhui

et al., 2018), negative life events throughout adolescence are associated with increased hopelessness and a

decrease in future orientation. This implies that whether in quarantine or not, once college students feel hopeless

about the future, they will lose their vision for it, and vice versa. That is, the negative impact of this epidemic on

college students is profound and lasting (Li et al., 2021), leading them to lose the confidence to imagine the future

as they did previously. Thus, mindfulness can be used to alleviate negative psychological effects (Saricali

et al., 2020), as mindful awareness could help reduce rumination among college students, regardless of whether

they are in lockdown.

In addition, #BHS6 (i.e., [NOT] expect‐to‐succeed) was closely related to the thoughts of #BHS19 (i.e., [NOT]

better‐future) inWave 1. InWave 2, #BHS11 (i.e., unpleasantness‐ahead) was more closely correlated with #BHS12

(i.e., not‐getting). Developing cognitive functions enhances adolescents' reasoning capability in analyzing the

probable causes and implications of negative life experiences, while cognitive bias leads adolescents to biased

attribution, resulting in a sense of hopelessness throughout their adolescence (Steinberg, 2005). Because college

students do not know when the threat of COVID‐19 will remit even after the lockdown (Blasi et al., 2021), the

conflict between their inner desire for freedom and peer interaction and the reality that they must obey the rules

(e.g., quarantine, self‐isolation, switching to online teaching) makes them gradually think that their future is nothing

more than this. Such negative future expectations may reduce the capability to imagine specific and detailed future

scenarios (Marchetti, 2018). Hence, even when the lockdown was lifted, college students still lacked the capability

to be ambitious about their future. Cognitive behavioral therapy may be a good choice (Stallard et al., 2010)

because rectified cognitive reasoning may help adolescents prevent, potentially avoid, or solve stressful life events

(Steinberg, 2005).

Moreover, as seen from the expectedInfluence index, the network structure analysis revealed that the top

three central items of the network were #BHS20 (i.e., not‐trying), #BHS11 (i.e., unpleasantness‐ahead), and

#BHS12 (i.e., not‐getting) (ordered by centrality) in both waves, indicating that the typical symptoms were

superficially similar during and after the lockdown. Nevertheless, it is worth noting that the expectedInfluence value

of nodes (top three) in Wave 2 was smaller than that in Wave 1, which means that individuals under lockdown

conditions had a stronger sense of hopelessness than when they were not locked down. Taken together, the above

findings suggest that despite a certain level of negative thoughts, the level of hopelessness among college students

decreases once social restrictions are eased, possibly because they feel less fearful after the lockdown (Blasi

et al., 2021). Additionally, the results implied that these three nodes constituted the “backbone” of the hopelessness

network evidence, which was inconsistent with Marchetti's research on the general population in Germany (2018),

suggesting that #BHS16 (i.e., giving‐up‐on‐wanting) and #BHS19 (i.e., [NOT] better‐future) were the two most
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central items in the hopelessness network. This difference may be caused by various factors, including culture,

samples, and the outbreak of the COVID‐19 pandemic (Kazan Kızılkurt et al., 2021; Stewart et al., 2005). Overall, it

is necessary to focus on the specific roles played by specific network components (Mullarkey et al., 2019).

In addition, this study also provides an analysis of the strength index, another common index used to identify

the most central nodes, for reference. The results showed a completely different picture, which was reflected in

that viewing the future as vague and uncertain (i.e., #BHS18) was the most central item in the network in Wave 1,

while lacking faith and trust in the future (i.e., #BHS15) was the most central item in Wave 2. The fact that the

central nodes are different due to the adoption of different indices suggests that the expectedInfluence index is

more appropriate than the strength index for predicting node influence in a network containing both positive and

negative edges (Robinaugh et al., 2016).

Finally, the analysis in this study pointed to no difference in the intensity between edges during and after the

lockdown, while there were differences in the global network strength, with a higher global value inWave 2 than in

Wave 1. The increase in global values seems to underline more feelings of hopelessness after the lockdown.

However, it is understandable that the present study did not reverse items to ensure the network's core symptoms

when the expectedInfluence index was selected, and more than half of the nine positive items showed higher

strength values in Wave 2, especially for #BHS15. Thus, the global value in Wave 2 may drop significantly if these

items are reverse‐scored. It can be boldly assumed that the higher global strength value in Wave 2 than that in

Wave 1 is probably caused by the unreversed #BHS15.

From this point of view, the increase in global value may indicate that college students felt less hopeless after

the lockdown. Another change that should not be ignored is the difference in the values of the top central nodes in

the two waves. As mentioned above, the strength value of #BHS15 increased inWave 2, while the value of #BHS18

in Wave 2 decreased, suggesting less uncertainty about the future when college students are no longer

quarantined. In line with this, a previous study showed that measures implemented to control the outbreak

inevitably disrupted routine life and led to uncertainty (Tang et al., 2020). Such a sense of uncertainty could cause

individuals to feel overwhelmed and impair their ability to manage negative emotions (Blasi et al., 2021). However,

once the lockdown was lifted, college students could regain freedom and more interpersonal communication, which

improved their mental states and caused less uncertainty (Xiao, 2020).

Several strengths characterize the current study. First, the first two‐wave analysis on COVID‐19‐related

hopelessness among college students in China may add evidence to the multitude of previous cross‐sectional

surveys. Second, a large sample was used to detect hopelessness's constituent components, and the reported

findings are likely to be generalized to the adult student population. Third, by applying the network approach, this

study helped to clarify the sense of hopelessness that occurs in the context of the pandemic lockdown and

postlockdown.

In addition to these strengths, several limitations should be noted. First, although this study is highly

informative on how hopelessness changed during the lockdown and postlockdown restrictive measures, it must be

acknowledged that the network analyses do not define the causal associations between hopelessness and other

factors. For instance, future research could further explore the relationship between depressive symptoms and

hopelessness since the latter is an important precursor symptom of depression. The approach of cross‐lagged panel

networks (Funkhouser et al., 2021), which conducts regularized regressions for each variable at Time 1 and Time 2

(autoregression) and for one variable at Time 1 predicts a different variable at Time 2 (cross‐lagged), could be used

to examine the hopelessness transformation process deeply. Second, the study did not use a random population

sample, and hence, the parameters may vary from one sample to another. Future studies on more extensive and

representative samples across multiple time points are needed.

In conclusion, by applying network analysis, this study was the first to explore the complicated structure of

hopelessness symptoms on a large college student scale during the COVID‐19 pandemic. The results revealed that

the thoughts of giving up on trying (#BHS20) and unpleasant expectations for the future (#BHS11), along with the

belief that I cannot get what I want (#BHS12), are the top three central nodes both during and after the lockdown.
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Furthermore, edges connecting symptoms should also be addressed when central symptoms are identified. The

findings suggested that targeting interventions to these symptoms is important to effectively alleviate the overall

hopelessness level in college students.
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