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   Changing emotions in the COVID-19 pandemic: A four-wave longitudinal study in the United States and China1   Ying Li c, Shenghua Luan a,b,*, Yugang Li a, Ralph Hertwig c  a CAS Key Laboratory for Behavioral Science, Chinese Academy of Sciences, China  b Department of Psychology, University of the Chinese Academy of Sciences, China  c Centre for Adaptive Rationality, Max Planck Institute for Human Development, Germany     Abstract  Rationale: Tracking the trajectory of people's emotional and behavioral reactions to the COVID-19 pandemic sheds light on how people cope with the emerging crisis, evaluates the impact of emotional reactions on preventive behaviors, and provides insights into how preventive behaviors can be encouraged and maintained in the long term.  Objective: We addressed two related questions: How did emotions change across various stages of the COVID-19 pandemic, and to what extent were preventive behaviors predicted by emotional reactions and information acquisition?  Methods: We conducted a four-wave longitudinal study in the United States and China across four stages of the pandemic: prepandemic, onset of viral outbreak, ongoing risk, and contained risk. We measured emotions, life satisfaction, preventive behaviors, acquisition of COVID-19 related information, and risk perceptions. We used the Emotional Recall Task (ERT) to investigate people's emotions. By allowing people to describe their emotional experience in their own words, the ERT evaluates each individual based on emotions relevant to their personal experience, making it more suitable for a wider range of contexts and social groups.  Results: Boredom, anxiety, fear, and worry were common emotional reactions to the pandemic as it emerged. Surprisingly, participants' emotional experience did not mirror infection and death rates: Instead of negative emotions growing as the virus spread, emotions soon reverted back to normality. This pattern held regardless of whether the viral spread was contained. Consequently, people's preventive behaviors were predicted by fear, anxiety, and worry only at the onset of the viral outbreak. In contrast, actively acquiring information and knowledge about COVID-19 had a more enduring effect on the engagement of preventive behaviors in both countries.  Conclusion: Our research suggests a possible life cycle of emotional reactions towards a pandemic and highlights the importance of  people acquiring information and knowledge about the threat in containing its spread.    Keywords: Pandemic, Emotion, Preventive behavior, Emotion recall task, Boredom      1. Introduction The COVID-19 pandemic has turned people's lives upside down worldwide. Having declared the new coronavirus a public health emergency of international concern on January 30, 2020, the World Health Organization officially declared COVID-19 a pandemic on March 11, 2020 (World Health Organization, 2020a, World Health Organization, 2020b). More than a year later, the virus continued to pose a huge global risk to public health and to disrupt lives on an unprecedented scale. The impacts of the pandemic can be mitigated not only by government policies and regulations, but also by individual emotional and behavioral responses (e.g., actively avoiding social contact out of fear). By examining how people's emotional experience changed over the first year of the pandemic, our study aims to track how the general public reacted to the emerging crisis, to evaluate the consequences of widespread negative emotions on preventive behaviors, and to provide insights into how preventive behaviors can be encouraged and maintained in the long term.
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1.1. Emotions during a pandemic Studies investigating emotional reactions during the COVID-19 pandemic have revealed complex emotional profiles. Unsurprisingly, most studies have found evidence of widespread fear, anxiety, and worry (e.g., Barari et al., 2020; Kleinberg et al., 2020; S. Li et al., 2020). Ahorsu et al. (2020) developed the Fear of COVID-19 Scale to capture fear specific to the context of the pandemic and to identify potential points of intervention for education and prevention programs. Other negative emotions identified as common during the pandemic include stress (Barari et al., 2020; S. Li et al., 2020; Emery et al., 2021), depression (S. Li et al., 2020), anger (Lwin et al., 2020; Stella et al.,  2020), and boredom (Barari et al., 2020). Positive emotions such as trust and hope have also been observed (Stella et al., 2020). Most empirical studies on emotional reactions to the pandemic are cross-sectional in design; longitudinal studies that track the dynamics of emotional responses across different stages of the pandemic are scarce. Yet the public's emotional experience can be expected to reflect changing conditions as the pandemic unfolds, mirroring external factors such as infection rates and government policies. Discrepancies between studies conducted at different stages of the pandemic may simply reflect how emotional reactions changed as the pandemic evolved. This may be why some studies have reported a substantially increased risk to public mental health during the pandemic (Goodwin et al.,  2021; Pierce et al., 2020), while others have found little decrease in reported emotions and life satisfaction (Zacher and Rudolph, 2021).   Furthermore, the emotions researchers identify as prevailing often depend on the affective scale they select for their study.  Almost all self-report affect scales take a checklist approach: Respondents are provided with a predetermined checklist of emotion words and are required to evaluate their emotional experience using the items provided. This approach makes two assumptions: (1) the checklist  covers the full range of emotions for people of all social and cultural groups, and (2) participants are able to describe their emotional experience using the words provided. However, as Y. Li et al. (2020) pointed out, these assumptions often do not hold. For example, the Positive Affect and Negative Affect Schedule (PANAS; Watson et al., 1988), arguably the most frequently used emotion scale, does not include any low-arousal words (such as bored, tired and calm), even though arousal is one of the two primary dimensions of emotion ((Russell, 1980)). Accordingly, the PANAS will not pick up low-arousal emotions that may characterize daily life in a pandemic. Indeed, with the exception of a few studies that either intentionally examined boredom (e.g., Barari et al., 2020; DiGiovanni et al., 2004) or employed an open-ended approach (e.g., Stella et al., 2020), most emotion research conducted during pandemics has failed to identify boredom as a prevailing emotion.  1.2. Subjective well-being during a pandemic Judging one's subjective well-being involves retrospectively evaluating one's life. People often use pleasantness of emotional experience to inform their judgments of well-being (Larsen, 1989), leading to observed correlations between well-being and emotion experience (Y. Li et al., 2020). For example, Y. Li et al. (2020) measured emotion and subjective well-being in an American sample using a variety of popular scales and found that the correlations (Pearson's r) between an emotion scale and a well-being scale range between 0.60 and 0.70. However, emotion is not the only source of information people use to evaluate their life. Kahneman and Riis (2005) proposed that the belief that ongoing negative emotions are temporary and will be compensated in the future alleviates the impact of negative emotions on subjective well-being. Suh et al. (1998), meanwhile, found that social approval is important to how people in collectivistic cultures evaluate their own well -being. Very few studies have tracked subjective well-being across various stages of the COVID-19 pandemic. Most longitudinal studies surveying well-being compared well-being in the early pandemic stage with prepandemic well-being, and the findings are mixed. For example, Kivi et al. (2020) found that despite an increased experience of pandemic-related negative emotions, older Swedish adults reported stable life satisfaction; Recchi et al. (2020) found improved well-being amongst the vast majority of French people who had not been infected by the virus; and Zacher and Rudolph (2021) reported that the well-being of German participants remained stable between December 2019 and March 2020, but decreased slightly from March to May 2020. With a year-long four-wave longitudinal design, our study is well-positioned to provide a more complete picture of the impact of the pandemic on subjective well-being. We expect that people's evaluations of their well-being should be relatively stable and resilient to the emerging crisis, and therefore that the pandemic should have a weaker impact on subjective well-being than on emotional experience.  1.3. Negative emotions and preventive behaviors Dread of infection tends to trigger negative emotional responses. Such responses can be adaptive because they often motivate people to adopt preventive behaviors in order to alleviate the negative emotions. Previous research on health behavior has shown that feeling fear or anxiety can either reduce engagement in risky behaviors, such as alcohol consumption (Kaplow et al., 2001) and aggression (Patrick et al., 2009), or promote preventive behaviors, such as cancer screening (Decruyenaere et al., 2000) and H1N1 vaccination (M. Li et al., 2012; van der Weerd et al., 2011). Most studies that investigated whether emotional reactions to the COVID-19 pandemic motivate preventive behaviors focused on fear alone or with its co-occurring emotions (e.g., anxiety and worry). They found that fear accounts for individual differences in preventive behaviors to varying extents (e.g., Harper et al., 2020; Pakpour and Griffiths, 2020). That said, negative emotions do not always prompt preventive behaviors. For example, DiGiovanni et al. (2004) found that boredom was the main reason for breaking quarantine rules during the 2003 SARS outbreak in Toronto, Canada. Concerns that boredom could be the culprit behind violations of preventive behavioral code have also been raised by academics and policy makers during the COVID-19 pandemic (e.g., Harvey, 2020; Martarelli and Wolff, 2020). When examining the role of negative emotions in preventive behaviors, it is therefore important to analyze discrete negative emotions separately rather than grouping them together under a general term such as emotional distress. This is because emotions, even experienced with similar valences, can differ from each other in terms of cause and function, and consequently may motivate distinct or opposing behaviors. For example, fear and anxiety are likely to result from perceived risk of infection and may motivate preventive behaviors to reduce the risk, while boredom is more likely caused by prolonged social isolation and may reduce motivation to engage in preventive behaviors.   1.4. Information acquisition and preventive behaviors Living in prolonged fear and anxiety is costly to well-being. As the pandemic continues, negative emotions may fade away, along with the preventive behaviors they motivate. However, preventive behaviors can also be prompted through information acquisition. Instead of instinctively avoiding danger out of fear, people may engage in preventive behavior as a result of being well-informed of the situation and being able to identify why these behaviors are necessary. Indeed, while a variety of factors have been identified to explain individual differences in health behavior, including demographics, personality, social influence, emotion, and cognitive factors (Adler and Matthews, 1994), i t is cognitive factors—for instance, beliefs and attitudes—that appear to mediate other factors’ impacts on health behavior (Conner and Norman, 1998). Research on the COVID-19 pandemic also suggests the importance of cognitive factors: Preventive behavior has been found to be
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associated with perceived risk (e.g., Y. Li et al., 2021; Jose et al., 2021; Yıldırım et al., 2021), conspiracy beliefs (Romer and Jamieson, 2020), deliberate moral reasoning (Oosterhoff and Palmer, 2020; Pfattheicher et al., 2020), exposure to misinformation (Lee et al., 2020), and belief in the effectiveness of preventive behaviors (Clark et al., 2020). A key element underlying all these cognitive factors is information acquisition, which empowers people to exercise their own agency and make informed decisions. Interventions that enlist human cognition (“boosting”; Hertwig and Grüne-Yanoff, 2017) may have a stronger and more enduring influence on behavior compared to interventions that modify aspects of the choice architecture to subtly direct people's intuitive 
responses (“nudging”; Thaler and Sunstein, 2009). Graphic warning labels on cigarettes, for instance, are meant to nudge peop le into quitting smoking or never taking it up in the first place, by invoking strong negative emotions toward smoking. One question, however, is whether preventive behavior is more persistent and causes less reactance when motivated by information acquisition than by temporarily strong but transient emotions. Due to a lack of longitudinal studies, the extent to which informed cognit ion and emotional reactions predict preventive behaviors during a pandemic remains unclear. In the present study, we investigate two questions: How did emotions change across various stages of the COVID-19 pandemic, and to what extent were preventive behaviors predicted by emotional reactions and information acquisition? We took an exploratory approach to the first question without a priori expectation. Based on prior research on behavioral intervention and health behavior, we expected that compared to emotional experience, intake of information related to COVID-19 may have a larger and more enduring effect on preventive behavior. Due to their cross-sectional design and reliance on emotion checklists that may not be suitable for the context of a pandemic, previous studies are limited in their ability to examine the full range of emotions and their behavioral impact throughout a pandemic. To address these limitations, we used the Emotional Recall Task (ERT; Y. Li et al., 2020), an open-ended affect scale that allows people to use their own words to describe their emotional experience, and conducted a four-wave longitudinal study that spanned the first year of the COVID-19 pandemic (February 2020 to January 2021). Because the ERT evaluates each individual based on emotions relevant to their idiosyncratic experience, it is more suitable for a wider range of contexts and social groups.  2. Methods  2.1. Study design We used a four-wave survey design to track people's emotions as the COVID-19 pandemic unfolded, and to examine the extent to which preventive behaviors were predicted by emotional reactions and information acquisition. We administered the survey simultaneously to participants living in the United States and China (Fig. 1A). The first wave of data collect ion took place February 13–17, 2020, when China was experiencing the full force of the pandemic but only 15 cases of infection had been reported in the United States. The spread of the virus was subsequently largely contained in China, but took off exponentially in the United States. We collected the second wave of data on April 5–9, 2020, the third on July 9–13, 2020, and the fourth on December 22, 2020–January 8, 2021, when vaccinations for the coronavirus were starting to become available to the public in both countries. In China, there was little increase in the numbers of infection cases and deaths between Wave 1 and Wave 4, with the exception of a one-off revision of the numbers of deaths in early April. In the United States, the number of infections increased dramatically, from around 300,000 in 

 
Fig. 1. (A) Accumulated confirmed COVID-19 infections and deaths caused by COVID-19 in the United States and China from January 22, 2020 to February 1, 2021. (B) Mapping between the four waves of data collection and the four stages of the pandemic. Data retrieved from https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases
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Wave 2 to around 19 million in Wave 4. Our four waves thus cover four stages of the pandemic (Fig. 1B): prepandemic (United States: Wave 1), onset of viral outbreak (United States: Wave 2, China: Wave 1), ongoing risk (United States: Waves 3 and 4), and contained ri sk (China: Waves 2, 3, and 4).  2.2. Participants The U.S. sample was recruited through Amazon Mechanical Turk. The Chinese sample was recruited through advertisements on WeChat (a social media platform) and by a professional survey company (LangHe Tech). For Waves 1–3, we aimed to have 1000 participants from the United States and 2000 from China in each wave. Anticipating that a proportion of respondents would fail our quality checks (see Appendix Section 1), we intentionally oversampled. For Wave 4, we only targeted participants who had completed Waves 1–3; thus, those who completed Wave 4 completed all four waves of our survey. Table 1 shows the numbers of participants who responded in each wave (total sample size) and who provided qualified responses (valid sample), as well as the gender and age distributions in each valid sample. Because al l questions in our survey were forced-response questions, there were no missing data in our datasets, with one exception: In Wave 1, a few questions were mistakenly not set to forced-response, leading to missing values for seven participants. We excluded these participants from subsequent analyses.  2.3. Measures Participants were asked to report their feelings, thoughts, perceptions, and behaviors in the week before the survey. The key variables of relevance to the present study are introduced below. A full list of survey questions can be found at: https://osf.io/834qs/.  2.3.1. Emotional experience The ERT (Y. Li et al., 2020) used in our study asked participants to freely choose any five words to describe their emotional  experience over the past week. We limited the number of words to five because Y. Li et al. (2020) showed that increasing the reported number of emotions beyond five provided little improvement in predicting related constructs such as depression, anxiety, and measures of well -being. We elicited emotions in general rather than emotions specifically related to COVID-19 in order to avoid evoking responses based on participants' knowledge of the 
disease (e.g., “COVID-19 is killing people, so I should report ‘scared’ even though I felt perfectly safe”). After describing their emotional experience during the past week, participants rated how frequently they had experienced each emotion and how pleasant it had been (valence). We computed the general affective state as the average valence score of the five emotion words, weighted by 
experienced frequency. This score compressed respondents’ complex emotional experience onto a single dimension of valence  

(unpleasant–pleasant), thus permitting comparison across individuals. In addition, we asked participants to rate the extent to which each reported emotion was related to COVID-19. We used the ERT to measure emotion instead of affect scales with a checklist approach for the following reasons. First, the ERT has been shown to have good convergent validity and test-retest reliability (Y. Li et al., 2020). Second, it does not rely on the problematic assumption that a list of emotions developed on American populations is suitable for capturing the emotions of people with vastly different cultural backgrounds (see Jackson et al., 2019 for cultural variations in emotion semantics). Third, by letting participants evaluate the pleasantness of the emotions they list, the ERT makes it possible for the same words to take on different meanings for different individuals (e.g., thrill could feel more positive to younger adults than to older adults). Lastly, the ERT does not directly compare emotions across individuals due to the complexity and high-dimensional nature of emotions (Tugade et al., 2004); instead, the ERT compares people on valence, the primary and universal dimension of emotion (Russell, 1980). As a personalized affect scale with an emotion word list that varies according to each individual's idiosyncratic experience, the ERT is able to get the valence score from a more relevant sample of emotions than other popular  emotion scales with a predetermined emotion checklist (e.g., the PANAS).  2.3.2. Life satisfaction We measured subjective well-being by one question that asked participants to report how satisfied they were with their life in general on a 7-point response scale. Cheung and Lucas (2014) show that such single-item measures of life satisfaction are highly correlated with longer life-satisfaction scales (Diener et al., 1985).  2.3.3. Preventive behaviors Participants were asked how frequently they had engaged in each of four preventive behaviors in the week before the survey: social distancing, avoiding meeting people, handwashing, and wearing a mask. We did not administer the behavioral questions in Wave 1; instead, in Wave 2 we asked participants to recall their behaviors in mid-February 2020 (time of Wave 1).  2.3.4. Information acquisition We examined how people accessed information about COVID-19. Specifically, we asked participants to report the amount of time they spent on acquiring COVID-19-related news per day (information-acquisition behavior), to indicate the valence of the COVID-19-related information to which they were exposed (emotional valence of acquired information), and to self-report their knowledge about COVID-19 (outcome of processed information).  2.3.5. Risk perception We asked participants to assess the probability that they would contract COVID-19 in a multiple-choice question that included the following options: below 1%, 1–5%, 5–10%, 10–20%, 20–50%, 50–70%, 70–90%, and above 90%.  2.3.6. Demographic and personal data Last, we collected demographic information, including age, gender, education, political affiliation (U.S. samples only), and whether participants personally knew anyone infected by COVID-19. We did not ask for political affiliation in the Chinese samples because the country has been governed by the same party since 1949.  2.4. Ove view of analysis We first explored how emotions and well-being changed across the COVID-19 pandemic using three analyses: We summarized emotion words people produced in the ERT with a network analysis in each wave, 
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examined the trends of emotion valence, life satisfaction, and perceived risk as the pandemic evolved, and identified discrete emotions specific to life during the pandemic. We then examined whether acquisition of pandemic-related information had a greater and more enduring effect on preventive behavior than did emotions. Furthermore, leveraging the within-individual longitudinal design, we tested possible causal relationships among emotion, information acquisition, and preventive behavior with cross-lagged panel models. All results presented below are based on the overlap samples (i.e., participants taking part and providing qualified responses in all four waves). The within-individual analysis provides greater statistical power and removes concerns that observed changes may arise from changes in the demographics across different waves. In addition, we have also conducted analysis on the whole sample where within-person repeated measure is not required; the results are highly consistent with those based on the overlap samples (see details in Appendix Section 3). Study data, analysis code, and supplementary materials can be found at https://osf.io/6x2bv/.  3. Results  3.1. Emotional profiles Across the four waves, the 236 American participants produced 646 unique emotion words in the ERT, and the 665 Chinese partic ipants produced 1948 unique emotion words (see Appendix Table S1 for a frequency table of recalled emotion words). Most words are not present in traditional emotion scales. For example, the 20 emotions on the PANAS scale (Watson et al., 1988) represent only 10.5% of all  words produced by our American participants and 7.1% of all words produced by our Chinese participants (computed by taking the sum of number of times PANAS words were mentioned in the ERT divided by number of all emotion words produced in the ERT). Western or individualistic  cultures value and experience high-arousal emotions (e.g., excited and enthusiastic) more than low-arousal emotions (e.g., calm and relaxed), whereas the opposite holds for Eastern or collectivistic cultures (see Lim, 2016 for a review). The smaller coverage of PANAS emotion words in the Chinese sample may reflect the fact that the PANAS was initially developed on American samples and does not include any low-arousal emotions. We used the ERT data to map out the emotional profiles of the Chinese and the American participants across the four waves (Fig. 2). The ERT data are represented in an experiential co-occurrence network, where nodes represent emotions reported in the ERT and the edges connecting nodes are weighted by the number of participants who reported experiencing both emotions. The network exhibits a clear structure, with emotions more likely to be experienced together clustered in the same neighborhood. The U.S. Wave 1 network shows the public's emotional profile in the prepandemic stage. It comprises two balanced clusters of emotions: positive emotions centered around happy and negative emotions centered around tired. At the onset of the viral outbreak (Wave 2 in the United States, Wave 1 in China), the patterns of emotion in both countries were similar—both were dominated by negative emotions such as bored, anxious, and worried. Feelings of boredom were more common in the Chinese sample (reported by 41% of participants) than in the U.S. sample (21%),  likely reflecting the psychological impact of the strict quarantine and lockdown policies in China. In addition, whereas there was a clear divide between positive and negative emotions in the U.S. sample, in the Chinese sample two positive emotions appeared around the negative emotion cluster: hopeful and moved. The relevance ratings of these two emotions (i.e., the extent to which each emotion was caused by the pandemic) showed that they were closely associated with the pandemic (hopeful: 5.9 out of 7; moved: 6.5 out of 7). In the Chinese sample, the emotional profiles in Waves 2–4 were 

  Fig. 2. Responses in the ERT (Emotional Recall Task) visualized as experiential co-occurrence networks. Each node represents an emotion word reported in the ERT. Node size is proportional to number of people reporting the given emotion. Color denotes the valence of emotion on a continuous scale from negative (red) to positive (blue). The edges connecting two nodes are weighted by the proportion of participants who reported both emotions. To ensure readability, we present only those emotions reported by at least 4% of a sample in each wave. The four most frequently reported emotions are shown below each network, along with the proportions of participants reporting them. Cumulative numbers of infections on the first date of data collection in each wave are shown in the yellow boxes. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

https://osf.io/6x2bv/
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both similar to each other and markedly different from that in Wave 1. A cluster of positive emotions began to emerge in Wave 2, when the risk of infection was well contained in China, and the two most frequently reported emotions changed from bored and worried to happy and calm. With relatively few newly diagnosed cases and domestic travel restrictions being lifted in most places, the circumstances in China had improved markedly from April 2020, accompanied by a brightening of public emotions. In contrast, the United States experienced an exponential increase in infections that put citizens at even greater risk  in Waves 3 and 4. One might therefore expect the emotional states of U.S. participants to continue to be dominated by negative emotions such as wor ry, anxiety, or anger—possibly to an even greater extent than in Wave 2. However, we found that in Waves 3 and 4, the U.S. sample's emotional profiles had largely reverted back to what we had observed in Wave 1: a large cluster of positive emotions.  3.2. Changes in emotional valence, life satisfaction, and perceived personal risk We integrated participants' emotional experience into a single affective valence score by calculating the mean valence of reported emotions, weighted by experienced frequency, and examined how this score changed over the waves (Fig. 3A). This procedure allowed us to project participants’ complex and high-dimensional emotional experience (as visualized in Fig. 1) onto a single dimension of valence ranging from very unpleasant to very pleasant. Although this measure discards much of the detailed information assessed by the ERT, it facilitates interindividual and intergroup comparisons along a primary and universal dimension of emotion (Barrett, 2006). In each country, a repeated-measures ANOVA showed that time (wave) had a small but significant effect on emotional valence: F(3, 1964) = 28.5, p < 0.001, η2 = 0.02 for China; and F(3, 669) = 40.0, p < 0.001, η2 = 0.06 for the United States. Note that η2 is a measure of effect size, and Cohen (1988) suggested that η2 between 0.02 and 0.13 represents a small effect, between 0.13 and 0.26 a median effect, and larger than 0.26 a large effect. We also conducted six pairwise t-tests to make post-hoc comparisons between ERT scores in any two waves. We found that in the Chinese sample, affective states improved between Waves 1 and 2 (t[664] = 8.89, Bonferroni-adjusted p < 0.001), and remained stable from Wave 2 to Wave 4 (t[664] = −2.04, Bonferroni-adjusted p = 0.25). In the U.S. sample, in contrast, affective states became much more negative at the outbreak of the pandemic from Wave 1 to Wave 2 (t[233] = −9.60, Bonferroni-adjusted p < 0.001), but recovered substantially from Wave 2 to Wave 4 (t[233] = 7.94, Bonferroni-adjusted p < 0.001) despite the soaring infection numbers. The improved emotional experience after the outbreak of the pandemic may be explained by the decreasing influence of the pandemic on participants' emotions as it persisted. Fig. 3B shows how the self-reported relevance of participants' emotions to the COVID-19 pandemic (i.e., the extent to which the emotions were caused by the pandemic) changed across the four waves. In both countries, participants' emotions were affected greatly by the pandemic at the onset of the viral outbreak (Wave 1 in China, Wave 2 in the United States). After tha t, however, the pandemic's influence declined steadily, regardless of whether the viral spread was contained (China) or accelerating (United States). Recall that emotional experience is closely related to, yet distinct from, subjective well-being (life satisfaction). Whereas emotional experience reflects people's mental states in a specific time and context (here, during the pandemic), life satisfaction represents how people th ink about their lives in general (Kahneman and Riis, 2005). Changes in life satisfaction can therefore differ from changes in the daily emotions that people experience over time. We found that compared to emotional valence, life satisfaction fluctuated with a much smaller magnitude across the four waves (Fig. 3C): Repeated-measures ANOVA tests showed that although time also had a statistically significant effect on life satisfaction in both countries, the effect size (η2) is far below 0.02, Cohen's recommended threshold for small effects (1988): F[3, 1932] = 3.4, p = 0.02, η2 = 0.001 for China; and F[3, 669] = 6.5, p < 0.001, η2 = 0.003 for the United States. This suggests that life satisfaction is much more resilient than emotion to the impact of the pandemic. Lastly, given that laypeople's risk perceptions are better predicted by their emotional reactions to a risk situation than by mortality statistics (Slovic, 1987), it is unsurprising that changes in personal risk perception (i.e., estimated probability of getting infected oneself) do not mirror changes in infection or mortality rates (Fig. 3D). Repeated-measures ANOVA tests showed a significant difference in perceived risks across the four waves: F[3, 1865] = 27.0, p < 0.001, η2 = 0.015 for the Chinese sample, and F[3, 624] = 137.7, p < 0.001, η2 = 0.186 for the American sample. Post-hoc comparisons showed that the difference is explained mostly by changes from Wave 1 to Wave 2: Chinese participants' risk perception decreased significantly from Wave 1 to Wave 2, then remained stable, while American participants' risk perception increased dramatically from Wave 1 to Wave 2, then remained stable (see Appendix Section 4 for detailed results of the statistical tests).  3.3. Prototypical emotions in the pandemic We next identified the emotions most specific to COVID-19—in other words, emotions reported more frequently when the pandemic had the largest impact on emotional experience and less frequently in other times. COVID-19-specific emotions can be identified by looking for emotions whose frequencies changed the most between the onset of viral 

 Fig. 3. Changes in emotional valence, relevance of reported emotions to the COVID-19 pandemic, life satisfaction, and perceived risk across the four waves of data collection. Values shown in the figure are sample means, and error bars represent standard errors of the means. Displayed ranges for emotional valence and life satisfaction were chosen so that the center, indicated by a gray horizontal line, reflects the middle point of the respective scale (emotional valence: 1–9; life satisfaction:1–7). W: Wave.
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outbreak and the time when the pandemic has the least emotional impact (United States: Wave 1, China: Wave 4; Fig. 3B). Fig. 4 shows the 10 emotions most specific to COVID-19 and how their frequencies changed from Wave 1 to Wave 4. The frequencies were adjusted to Wave 1, so the figure shows Chinese participants' emotions gradually recovering from the onset of viral outbreak (Wave 1) and American participants’ emotions being hit by the viral outbreak (Wave 2) then recovering. The profiles of pandemic-specific emotions at the time of national viral outbreak are highly similar in the two countries: We found increased frequencies of negative emotions such as scared, worried, and anxious, accompanied by decreased frequencies in positive emotions such as happy and excited. The pandemic also made participants in both countries less busy and tired, but more bored. After the initial outbreak, the emotions of American participants in Waves 3 and 4 had almost, though not completely, returned to their prepandemic state (Wave 1). In China, 
participants’ emotional profile was largely stable from Wave 2 onward, with the exceptions of the continuously decreasing feeling of bored and the rising feelings of tired and busy. Furthermore, from Wave 2 on, there was barely any change in the proportion of Chinese participants who reported feeling of scared, arguably the most typical response to a pandemic, implying that fear levels had returned to normality in China. Similarly, in Waves 3 and 4, the proportions of U.S. participants reporting feeling of scared also reverted to the level observed in Wave 1, before the hit of the pandemic.  3.4. What predicts preventive behavior: emotion or information acquisition? Fear and worry have been shown to motivate preventive behaviors during pandemics (Harper et al., 2020; M. Li et al., 2012; van der Weerd et al., 2011). But what happens when these emotions fade away? Fig. 5 shows that—similar to the changes in emotions observed over the course of the pandemic—changes in preventive behaviors did not fully mirror the severity of the pandemic, particularly in the United States. Chinese 
participants’ engagement in preventive behaviors generally decreased across the four waves. This makes sense, given that relatively few new cases had been reported in China since Wave 1. American participants, on the other hand, increased their engagement in preventive behaviors from Wave 1 to Wave 2, but then reduced them from Wave 2 to Wave 4 despite the rising risk of infection. The one exception is wearing a mask, which continued to increase over time, likely because a gradually larger number of U.S. states, counties, and cities had mandated mask-wearing in public. However, preventive behaviors may be motivated by factors other than public policy. One such factor is people's cognitive understanding of potential risks. Equipping decision makers with knowledge about potential risks has been found to improve their choices in areas such as financial planning, food choices, and medical decisions (Hertwig and Grüne-Yanoff, 2017). In a series of regression models (Table 2), we tested how a collection of variables, including acquisition of COVID-19-related information, affected engagement in preventive behaviors. In each wave, we regressed the averaged response of the four preventive behaviors onto three emotions: fear/anxiety, worry, and boredom (the valence of ERT was not included, because it was highly correlated with fear/anxiety and worry), and three aspects of pandemic-related knowledge and information: information acquisition (time spent on COVID-10-related news per day), emotional valence of acquired information (self-rated valence of the information acquired), and two possible outcomes of processed information (self-rated knowledge about COVID-19 and perceived personal risk). We selected fear/anxiety, worry, and boredom based on our analysis of emotional reactions most specific to the pandemic (Fig. 4). 
Fear and anxiety were grouped together because they are highly related: “Anxiety can be defined as unresolved fear” when avoiding danger is not possible (Epstein, 1972, p. 311). We also controlled for demographic factors, including age, gender, education, whether anyone in the participant's social network had been infected, and political affiliation (United States only).  In contrast, time spent on acquiring pandemic-related information predicted more engagement in preventive behaviors from Wave 2 to Wave 4 in both countries. In terms of the two measures on the outcomes 

 Fig. 4. Changes in reported frequencies of COVID-19-specific emotions from Wave 1 to Wave 4. The frequency of each emotion word is shown relative to its reported frequency at Wave 1; thus, a value of 10% indicates that compared to Wave 1, the word was reported by an additional 10% of participants. Color denotes the mean valence of an emotion as rated by participants. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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 Fig. 5. Mean reported engagement in four preventive behaviors. Error bars represent standard errors of the means. W: Wave. 
of information acquisition, self-rated knowledge level about COVID-19 predicted increased preventive behaviors in the Chinese sample across all waves, but not in the U.S. sample, whereas higher perceived personal risk predicted more engagement in preventive behaviors in the U.S. sample, but had no effect in the Chinese sample. The perceived valence of pandemic-related information, meanwhile, had little or no effect on preventive behaviors, suggesting that there is no need to actively evoke negative emotions when informing the public. Lastly, Bruine de Bruin et 
al.‘s finding (2020) that Democrats were more engaged in preventive behaviors than Republicans was replicated. Note that the regression coefficients of political affiliation are fairly large, suggesting that recommendations about health behavior during the COVID-19 pandemic must consider this political reality. Lastly, we explored the possible causal relationships between emotion and preventive behavior, as well as those between information acquisition and preventive behavior. To this end, we conducted a series of cross-lagged panel model (CLPM) analyses. CLPM is often deemed as the best method to infer causal precedence of one variable over another when experiment manipulation is not possible (Newsom, 2015). It is worth noting that CLPM only informs Granger-causality — that is, past values of X1 should contain information that helps predict X2 above and beyond the information contained in past values of X2 alone — but is not sufficient to prove true causality because it cannot rule out a third factor that accounts for the relationship between X1 and X2. The CLPM results shown in Fig. 6 include all statistically significant within- and cross-wave relationships between two variables, controlled for age, gender, and education level. We also performed CLPM analyses including all three variables. The main results are consistent with those from the two-variable models. The CLPM analyses show that there were no stable causal relationships between emotional valence and preventive behavior in each country, but there was a fairly consistent one between information acquisition and preventive behavior in both countries: Acquiring more information predicted more engagement in preventive behavior from Wave 1 to Wave 2, but the direction of influence was reversed in the next waves—that is, engaging in preventive behavior predicted more information acquisition in Waves 3 and 4. This complex relationship shows that information acquisition and preventive behavior could reinforce each other, sustaining the positive relationship between the two as the pandemic progresses. In sum, despite some cross-cultural differences, a convergent pattern emerged: Acquiring and processing COVID-19 relevant information had a more enduring effect on engagement in preventive behaviors than did the experience of negative emotions.  4. Discussion In a four-wave longitudinal study conducted in China and the United States, we tracked changes in people's emotional profiles over the first year of the COVID-19 pandemic and explored how emotion, information acquisition, and other factors predicted preventive behaviors. We found that emotional reactions and preventive behaviors did not always mirror infection and death rates. At the time of initial domestic  outbreak of the pandemic, both Chinese and U.S. participants experienced strong negative emotions and actively engaged in preventive behaviors. Subsequently, however, people from both countries started to revert back to prepandemic states, reporting fewer negative emotions and preventive behaviors (except for mask wearing for U.S. participants, see Figs. 3 and 5). Regression and CLPM analyses suggest  that emotion played only a weak and inconsistent role in predicting preventive behaviors, whereas actively acquiring information about COVID-19 had a much more enduring effect (see Table 2 and Fig. 6). Our results highlight the importance of knowledge and information in containing the spread of the virus: Its effect is more sustainable, and it does not necessarily lead to psychological distress. Reducing the impact of false information is therefore crucial, especially considering that increasing numbers of people now get their news from social media (Newman et al., 2020), where false information spreads faster than truth (Vosoughi et al., 2018). Keeping the public informed is especially important after the initial shock of the outbreak, as negative emotions  and their impact on preventive behavior begin to subside. The dissociation between emotions, preventive behaviors, and infection rates observed in the United States, where the pandemic showed no 
sign of abating by the end of 2020, could be caused by what Slovic (2007) called “psychic numbing”—a widely observed phenomenon that affective responses to tragedies do not increase proportionally to human mortality. The discrepancy between the urge to protect individual lives and emotional indifference to mass suffering has become embedded in the information landscape that shapes people's understanding of the world: An analysis of around 100,000 news articles and social media posts that mentioned death found that events involving larger numbers of deaths often received less attention and were discussed in less negative and less emotional language (Bhatia et al., 2021). I t is possible that, over time, people who learn about the pandemic from news reports become less sensitive to the soaring numbers of COVID-19 deaths and infections and consequently less likely to take actions to protect themselves and others. Another reason for the dissociation could be that maintaining strong negative emotions over an extended period is simply too costly to wel l-being. Unpleasant feelings generally motivate actions or thoughts anticipated to avoid those feelings (Epstein, 1994). While the decrease in negative emotions observed in China could be explained by the concurrent decrease in the risk of contracting the virus, the decrease in negative emotions in the United States, where a high level of risk persisted, suggests the importance of ind ividuals’ coping strategies. For instance, avoiding fear and anxiety may be achieved by a shift in cognition (e.g., re-evaluating the risk of infection as less dreadful than originally thought) or by engaging in preventive behaviors to increase a sense of self-efficacy and reduce personal risk. These could be the drivers behind the reduction in perceived personal risk in the U.S. sample from
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 Wave 2 to Wave 4. Although U.S. participants were more likely to wear masks from Wave 2 on, their compliance with social distancing and avoiding meeting other people declined. This may be attributed to the unusually intense feeling of boredom during the lockdown, which motivated behaviors inconsistent with isolation. The decline in preventive measures other than wearing a mask may also be the result of risk compensation (e.g., Hedlund, 2000; Peltzman, 1975; Wilde, 1982), a phenomenon in which people respond to a perceived risk reduction brought about by a safety intervention (e.g., wearing a safety belt) by increasing related risk behaviors (e.g., driving faster). Wilde (1982) provided a psychological explanation that he termed “risk 
homeostasis”: People can tolerate a certain amount of risk; thus, if an intervention (e.g., mask wearing) reduces overall perceived risk, they would feel more comfortable taking other risks (e.g., meeting with friends) that would return them to their tolerated risk level. Viewing our results from the perspectives of risk homeostasis and risk compensation, the stable risk perception in the U.S. sample in Waves 3 and 4 (Fig. 3D) may represent a tolerable level of risk within which individuals vary their practice of preventive behaviors. Mask wearing may be seen as a license to exercise less discipline in other behaviors, such as social distancing and meeting in groups. In addition to the empirical findings, our study also demonstrated the advantages of the ERT in capturing a wide range of emotional experiences in the context of a pandemic. In contrast to affect scales, which depend on a predetermined checklist of emotions, the ERT al lows participants to describe their experience in their own words and evaluate their affective states on a personalized basis. This makes it possible for the ERT to identify emotions that may not be experienced as frequently in nonpandemic settings (e.g., boredom and hopefulness) and therefore tend to be neglected by affect scales designed for nonspecific situations (see Figs. 2 and 4).  4.1. Limitations Our goal in this study was to identify a general pattern of changes in emotional and behavioral responses as a pandemic unfolds. However, caution must be taken in generalizing our findings to other social groups. Because our research was conducted online with nonrepresentative samples, we may have systematically excluded groups who had neither the time nor the resources to complete an online survey—for instance, medical practitioners, families of infected patients, people with no Internet access, or undocumented immigrants. These groups may be more susceptible to posttraumatic stress symptoms (e.g. Wu et al., 2009) and would likely experience a different range of emotions and exhibit different behaviors during a pandemic.  5. Conclusion During the COVID-19 pandemic, people's emotions are not simply mirroring the spread of the virus. Emotional and behavioral responses observed at one point in the pandemic should not be assumed to be generalizable to another. Through four waves of data collection in two countries that cover four stages of the pandemic (prepandemic, onset of viral outbreak, ongoing risk, and contained risk), we tracked the trajectory of people's psychological and behavioral reactions to the pandemic and highlighted the importance of acquiring information and knowledge about the virus in containing its spread. A pandemic of the scale of COVID-19 is rare, yet it is inevitable that further pandemics will follow. Understanding how humans react to the current crisis is an essential step in preparing for the next.  Credit author statement Ying Li, Shenghua Luan: Conceptualization, data collection, analysis, draft preparation, revision. Yugang Li: data collection , analysis. Ralph Hertwig: Conceptualization, draft preparation, revision.
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 Fig. 6. Results of four cross-lagged panel models, all controlled for age, gender, and education level. Single-headed arrows indicate either autoregressive effects for the same variable between two waves or cross-lagged effects for one variable predicting another between adjacent waves, and double-headed arrows indicate correlations between two variables within the same wave. Only statistically significant relationships (p < 0.05) are shown in the figure. Model fits from top to bottom: χ2 (12) = 54.86, p < 0.001, CFI = 0.97, RMSEA = 0.07, and SRMR = 0.04; χ2 (12) = 105.36, p < 0.001, CFI = 0.89, RMSEA = 0.18, and SRMR = 0.07; χ2 (12) = 75.16, p < 0.001, CFI = 0.96, RMSEA = 0.09, and SRMR = 0.04; and χ2 (12) = 32.83, p < 0.001, CFI = 0.98, RMSEA = 0.09, and SRMR = 0.03. 
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