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The COVID-19 outbreak has affected the lives of people across the globe. To investigate the mental impact of COVID-19 and to respond to the call of researchers for the use of unobtrusive and intensive measurement in capturing time-sensitive psychological concepts (e.g., affect), we used big data methods to investigate the impact of COVID-19 by analyzing 348,933 tweets that people posted from April 1, 2020 to April 24, 2020. The dataset covers 2,231 working adults, who are from 454 counties across 48 states in the United States. In this study, we theorize the similarity and dissimilarity between COVID-19 and other common stressors. Similar to other stressors, pandemic severity negatively influenced the well-being of people by increasing negative affect. However, we did not find an influence of pandemic severity on the positive affect of the people. Dissimilar to other stressors, the protective factors for people during COVID-19 are not common factors that make people resilient to stress and they echo the unique experience during COVID-19. Moreover, we analyzed the text content of 348,933 tweets through Linguistic Inquiry Word Count (LIWC) and word cloud analysis to further reveal the psychological impact of COVID-19 and why the protective factors make people resilient to the mental impact of COVID-19. These exploratory analyses revealed the specific emotions that people experienced and the topics that people are concerned about during the pandemic. The theoretical and practical implications are discussed.
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INTRODUCTION

With the recent COVID-19 outbreak, people around the world are facing tremendous physical health threats as well as mental health threats. According to an early 2020 report by CNN, a federal crisis health hotline that provides counseling services for disaster distress had an 891% increase in calls in March compared to the same period a year earlier (Jackson, 2020). Because of the social distancing practice, stay-at-home orders, and fear of getting infected, people are experiencing unusual stress that is likely to influence their well-being. According to the conservation of resources (COR) theory, people have some reservoir of psychological resources, and they are motivated to protect their resources (Hobfoll and Shirom, 2001; Hobfoll, 2002). Resource loss is the main component in the stress process, and COVID-19 is likely to threaten the resources of an individual from many aspects. The pandemic is likely to act as a stressor and decrease the well-being of people (Hobfoll, 2002; Bliese et al., 2017). Well-being is defined as the overall evaluation of life experienced by an individual (Diener, 1984). In this research, we focused on positive affect and negative affect as was suggested by previous studies (Diener, 1984; Kampf et al., 2020; Kramer et al., 2021).

Given the distinctive experience of the pandemic, the factors that protect people from the stress of COVID-19 might be different from what we know from the current theory of stress and well-being (Evans et al., 1987; Parkes, 1994; Ross and Mirowsky, 2002; Kammeyer-Mueller et al., 2009). The experience of the pandemic is atypical to other types of stress (e.g., work stress, family stress, and life event stress). Several studies examined the stress factors during COVID-19. Elbay et al. (2020) found that being married and having a child contributes to lower stress levels among physicians. Higher resilience scores were found to be associated with fewer COVID-19 related worries (Barzilay et al., 2020). In a study of 1,086 participants from the United States, the most reported strategies to manage stress were distraction, active coping, and seeking emotional social support (Park et al., 2020). More empirical studies are needed in this realm to explore what other factors protect people from the stress of a pandemic. Moreover, as studies suggest that the affect of the individuals and their reported well-being fluctuate from time to time (Kuppens et al., 2010; Sun et al., 2020), researchers are calling for more intensive longitudinal measurements to account for time (Kozlowski, 2015). It was suggested that empirical studies should measure time-sensitive variables from text messages, diaries, and even blogs and vlogs, which would help capture time-sensitive psychological construct (Hill et al., 2013).

The big data method is an ideal unobtrusive intensive longitudinal measurement to the understanding of the effect of a global disaster event (e.g., pandemic) on the well-being of people and it is helpful in obtaining a nationwide and diverse sample. Therefore, the purpose of this research is to utilize big data methods to capture the well-being of people, protective factors, and risk factors nationwide. The theoretical perspective and empirical findings offer significant contributions to knowledge about stress and well-being during the pandemic. First, we theorize the similarities and differences between pandemic stress and typical stressors and provide empirical evidence to support our theory. The findings have practical implications for working adults and policymakers to make better decisions in coping with pandemics. Second, the research will extend the understanding of stress and well-being by exploring the impact of COVID-19 on the well-being of working adults. COVID-19 experience is unique in several ways, and we extend the COR theory by exploring the protective factors that are uncommon in stress-coping but effective in certain situations (i.e., during the pandemic). Third, we introduce novel methods to the research of stress and well-being. The measurements of well-being are traditionally self-reported and cross-sectional, and researchers found that affect fluctuates around a baseline (Kuppens et al., 2010), and therefore, the self-reported one-time measurement is insufficient in capturing the well-being of people. We respond to the call of Kozlowski (2015) for more intensive longitudinal measurements of time-sensitive variables (e.g., affect, social connectedness) by collecting data for 24 consecutive days. In this study, we specifically focused on working adults. We did not consider other groups (e.g., students and seniors) in the research because, compared with working adults, they may have different experiences and psychological processes during the pandemic.



MACHINE LEARNING METHODS IN CAPTURING PSYCHOLOGICAL CONCEPTS

Traditionally, well-being variables are measured cross-sectionally or multiple times using self-report surveys (Tourangeau and Rasinski, 1988), but changes are needed. According to affective events theory (AET), within-person variances exist in self-report affect (Weiss and Cropanzano, 1996; Morgeson et al., 2015). Reports of psychological constructs are influenced by daily events and therefore are not static (Morgeson et al., 2015). In support of this view, various studies found that affect and attitudes fluctuate moment by moment (Ilies and Judge, 2002; Gabriel and Diefendorff, 2015) and across time (Boswell et al., 2009; Kuppens et al., 2010; Benedetti et al., 2015; Ritter et al., 2016; Dobrow Riza et al., 2018). Big data from social media, given proper processing, can measure affect unobtrusively and intensively. It is unobtrusive in the sense that, unlike surveys where researchers essentially stop particular individuals to answer a certain question, social media big data flows in naturally as people engage with each other and researchers mostly play a role of observing and recording the behavior of the people. It is intensive in the sense that social media big data flows in around the clock. Careful researchers can easily achieve a sustained study and modeling of an individual for weeks or even months (Wang et al., 2016). The modeling of individual personalities and well-being illustrates this point well. With well-established methods for modeling personalities and sentiment, we passively collected and aggregateed all tweets of the subject during the pandemic to reach a consistent estimate. Considering each tweet as a survey, metaphorically, we essentially surveyed our subjects around the clock (Park et al., 2015). Following the law of large numbers, by taking an average, the results better reflect the characteristics of people than any ordinary survey that captures only a particular moment (Devore, 2015).

There are primarily two approaches to taking social media data, as psychological data and coding them into psychological variables. One such approach is machine learning, which includes methods such as regression and Latent Dirichlet Allocation (Schwartz et al., 2013; Park et al., 2015), support vector machine (Hutto and Gilbert, 2015), long short-term memory, convolutional neural network (Wang et al., 2017; Husseini Orabi et al., 2018), cross autoencoder (Lin et al., 2014), and the more recently introduced transformer-based pre-trained language models (Zhang et al., 2020). The other is rule-based modeling, which includes the widely used Linguistic Inquiry Word Count (LIWC) and the sentiment analysis tool VADER (i.e., Valence Aware Dictionary and sEntiment Reasoner). LIWC is based on polarity and assigns about 4,500 words into 76 different psycholinguistic variables. VADER builds on top of LIWC and includes a much larger corpus with around 7,500 words.1 In addition, VADER develops valence for its corpus such that each word in the corpus carries not only a polarity but also an intensity. In this study, we use both machine-learning-based models and rule-based models. The methods have been tested thoroughly and are well established in the psychology community (e.g., LIWC) and computer science community (e.g., VADER and personality estimation).



THEORY AND HYPOTHESES DEVELOPMENT


The Influence of COVID-19 on Well-Being

COVID-19 is similar to other stressors, in that it brings about cognitive, physical, and emotional stress, and is likely to decrease the well-being of people. It is evident that COVID-19 has dramatically changed the lifestyles of people and has induced a multitude of stress into the lives of working adults. We theorize that COVID-19 is likely to decrease the well-being of people because it stresses them out emotionally, cognitively, and physically (de Jonge and Dormann, 2006; Bliese et al., 2017). First of all, the more severe the pandemic is, the higher the emotional stress there would be. When there are more diagnosed cases in the area of an individual, there is a higher possibility that a person will get infected, and therefore, the strain is higher. If an area is highly infected, people may fear going out in their free time and cannot get relaxed. Breaks, relaxation, socialization activities, and vacations are necessary for people to get detached from work, generate positive emotions, and recover from work (Fritz and Sonnentag, 2006; Trougakos et al., 2008; Kim et al., 2018). However, COVID-19 and stay-at-home orders have rendered these activities impossible. When people cannot get rested and recover from work, they are more likely to feel depressed and emotionally exhausted (Dunford et al., 2012; Bliese et al., 2017). When people stay at home for a long time, they are also likely to generate negative emotions and experience “cabin fever” (Clair et al., 2021). From a cognitive perspective, people make a large number of decisions every day. The pandemic adds more uncertainty into life and may increase cognitive loading for working adults. People who work from home need to adjust to a new work style and learn to work through new technologies (e.g., Zoom and Webex). Leaders and executives also need to make decisions in the uncertain environment of the pandemic. From a physical perspective, the pandemic may increase the physical burden. People need to frequently wash their hands. They need to protect themselves when they go out and disinfect themselves after they come back home. Accordingly, the more severe the pandemic is, the more stress people are likely to experience. It will negatively influence the well-being of people and make people experience more negative emotions and less positive emotions.


Hypothesis 1a: Pandemic severity in an area is positively related to working adults’ negative emotions.

Hypothesis 1b: Pandemic severity in an area is negatively related to working adults’ positive emotions.
 



Protective Factors During the Pandemic

COVID-19 is dissimilar to other stressors, in that people need to keep social distance, which changes lifestyles and brings about many experiences that are not typical in our life (Centers for Disease Control and Prevention, 2020). COVID-19 is a type of virus that is highly contagious from person to person, and therefore, one primary measure that many countries adopt to slow its spread is social distancing (World Health Organization, 2020). According to Centers for Disease Control and Prevention (2020) guidelines, people are recommended to stay 6 feet apart from each other, not gather in groups, and stay out of crowded places. Moreover, many countries and many states in the United States introduced stay-at-home order (Mervosh et al., 2020). The social distancing rules and stay-at-home orders bring major life changes in many aspects for millions of people. First of all, people cannot interact in person with friends and colleagues, who they usually interact with. Second, families and couples are forced to stay together for a long time, and conflicts (e.g., work-family conflicts, relationship conflicts) are likely to arise. Third, it forces many working adults to work from home, which is likely to blur the boundary between work and life and introduce more problems. Previous research suggests that the relationship between stress and well-being depends on a series of individual attributes and environmental factors (Parkes, 1990; Bliese et al., 2017). Individual differences such as demographics (Ross and Mirowsky, 2002), personality (Evans et al., 1987; Parkes, 1994), and self-esteem (Kammeyer-Mueller et al., 2009) influence how people perceive strain in stressful situations. However, the life experiences during the pandemic are unprecedented, which may make some factors that are not so important in common stress coping particularly important during the pandemic time. Based on the above rationale, we propose that some factors might serve as protective factors to protect people from the psychological impact of COVID-19, and some other factors may serve as stressors that will combine with COVID-19 to strengthen the negative impact.

Based on the Big Five personality theory, we propose that working adults who are conscientious, open to new experiences, and agreeable might be more resistant to the mental impact of COVID-19. First of all, conscientiousness reflects the extent to which people are responsible and organized (Barrick and Mount, 1991). Previous research found that conscientiousness is a personal characteristic resource for stress coping because they will plan and prevent themselves from maladaptive coping (Vollrath and Torgersen, 2000). Therefore, conscientious people might be more planful in coping with COVID-19 and, hence, less negatively impacted. Moreover, conscientious people are usually more engaged in work (Barrick and Mount, 1991), and they can immerse themselves in work and other meaningful activities. Therefore, they might be more detached from the number of newly diagnosed cases, increased death toll, and other negative information from the media and, consequently, experience less stress from the pandemic.

Second, people who are high in openness may also be less impacted by COVID-19. Openness reflects the extent to which people are willing to accept new experiences (Barrick and Mount, 1991). People, who have low levels of openness, are conventional and they dislike changes and resist new experiences (McCrae and John, 1992). Previous research suggests that openness is not a strong protective factor for people to cope with stress (Vollrath and Torgersen, 2000). However, we propose that openness might be a strong personal characteristic resource for coping with COVID-19 stress. The pandemic has brought dramatic life changes to people, and they are forced to change their life routines. COVID-19 rendered many activities impossible, and people need to adapt to life changes by exploring new ways to do things and finding new activities to re-enrich their life. Therefore, people who are high in openness might be more open to the life changes that COVID-19 brings about and, therefore, mighht be more resistant to the mental threat of the pandemic.

Moreover, people who are high in agreeableness may also be less impacted by COVID-19. Agreeableness reflects the degree of friendliness, social conformity, and compliance (Barrick and Mount, 1991). During the pandemic, people are forced to stay with their partners or families for a long time and relationship conflicts are likely to arise. According to a survey of 1,200 couples, 40% of couples reported that, as a result of social distancing, they spent more than 20 extra hours per week together; only 18% of them were satisfied with their communication (Sternlicht, 2020). People who are low in agreeableness have little interest in the problems of others and do not care how other people feel (McCrae and John, 1992); they might have more relationship conflicts with others during quarantine life and, therefore, are more psychologically impacted by COVID-19. Therefore, we argue that agreeableness might be a personal characteristic resource for people to be resistant to the psychological impact of the pandemic. Accordingly, we have the following hypotheses:


Hypothesis 2a: Conscientiousness moderates the relationship between pandemic severity and working adults’ well-being; the negative impact is weaker for individuals who have higher levels of conscientiousness.

Hypothesis 2b: Agreeableness moderates the relationship between pandemic severity and working adults’ well-being; the negative impact is weaker for individuals who have higher levels of agreeableness.

Hypothesis 2c: Openness moderates the relationship between pandemic severity and working adults’ well-being; the negative impact is weaker for individuals who have higher levels of openness.
 

The COR theory states that people have some reservoir of psychological resources, which are a combination of capacities for fulfilling central needs (Hobfoll and Shirom, 2001; Hobfoll, 2002). As human beings, we need to experience a sense of belongingness and attachment to others (Ryan and Deci, 2017). Because of the stay-at-home order and social distancing practice during the pandemic, the need for people for connection might be undermined. We, therefore, propose that social connectedness should be an important resource during the COVID-19 period. In this context, social connectedness is defined as the extent to which people are connected to their social relationships (Ashida and Heaney, 2008). Connecting to families and friends helps people feel socially and emotionally connected, which is a strong protector against mental health consequences of life stress (Cobb, 1976; Ashida and Heaney, 2008). Moreover, connecting to family and friends makes social support more available, which should also make people more resistant to the psychological impact of COVID-19. Accordingly, we have the following hypothesis.


Hypothesis 3: Social connectedness moderates the relationship between pandemic severity and working adults’ well-being.
 



Other Stressors

Resource loss is the main component in the stress process, and therefore, people are motivated to protect their resources, obtain new resources, and minimize resource loss (Hobfoll, 1989). When other stressors are combined with COVID-19 and further threaten the resources of an individual, people are more likely to have a decreased level of well-being. We, therefore, propose that age and having kids are two stressors that might strengthen the psychological impact of COVID-19.

Demographics also influence the extent to which people are sensitive to stress (Mirowsky and Ross, 1995; Ross and Mirowsky, 2002). First of all, we suggest that the pandemic is likely to stress older people more than younger people because older people are “at higher risk for developing more serious complications from COVID-19 illness” (Centers for Disease Control and Prevention, 2020). Accordingly, we have the following hypotheses:


Hypothesis 4: Age moderates the relationship between pandemic severity and working adults’ well-being; the negative impact is stronger as age increases.
 

During the pandemic, some people also experience increased levels of family responsibility, which is especially true for people with kids. For working parents, COVID-19 may increase their housework demands greatly because they need to take care of children and provide meals for them, which normally are the job of daycare centers or schools. Meanwhile, this increased level of work-family conflict also serves as an extra stressor for them. Therefore, working adults who have kids may face even more challenging situations than people with no kids. Accordingly, we have the following hypothesis, a question, and the overall model is shown in Figure 1.

[image: Figure 1]

FIGURE 1. Hypothesized model.


Research Question: Does having kids moderates the relationship between pandemic severity and working adults’ well-being?



Method

To increase the variance of pandemic severity, we need to obtain a sample where people are from as many locations as possible. We adopted a social media approach (i.e., Twitter), and we obtained a random sample of 2,231 working adults who are from 454 counties across 48 states in the US. Specifically, we used Twitter API to collect tweets posted between April 1, 2020 and April 24, 2020 with a maximum capacity of 200 tweets per user. As was discussed earlier, this study focuses on working adults, which is one of the largest groups of the whole population. The psychological impact of COVID-19 on other groups of people, despite the importance, is not of our main interests. To identify working adults, we developed an intuitive coding scheme based on the Twitter profile description of users: we aggregate all profile descriptions of users, calculate the most frequent 600 words, select occupations among them, and scan through each description of the user and label it as True if it contains one of the occupations and False if it is otherwise. We identified 37 most common occupations, including a journalist, engineer, teacher, manager, lawyer, and doctor. The people we retained in our sample meet all of our selection criteria (i.e., working adults, having a profile picture, located in the United States, and posting more than five tweets during the defined period). In total, there were 348,933 tweets in the dataset.

Twitter users normally do not disclose their demographics. However, they may use a selfie or a group photo as their profile image. To obtain the demographics, we chose to use the profile image as the source of inferring demographics. We applied the computer vision API from Face++ to analyze the profile images of Twitter users to obtain the estimates of age and gender.2 To increase the precision of our inference method, we inferred the demographics if there was only one intelligible face in the picture. The inference for gender is binary. Non-binary gender cannot be reached using Face++. The gender and age inferred by analyzing could be a potential bias, which, however, could be alleviated with the state-of-the-art performance of Face++ on demographics inference (Jung et al., 2018) and the large sample size. The results showed that 41.4% of the sample were female and 58.6% were male. About 8.1% of the sample were between 18 and 24 years old, 22.1% of the sample were between 25 and 34 years old, 23.9% of the sample were between 35 and 44 years old, 21.9% were between 45 and 54 years old, 15.2% were between 55 and 64 years old, and 8.6% were above 65 years old.

Using the 2013 NCHS Urban-Rural Classification Scheme for Counties (2014), we classified the counties into three groups based on the population size. The results showed that 97.03% were from the metropolitan areas, 2.82% were from the micropolitan areas, and the rest were from the noncore area.



Measurement


Personality

We obtained estimates of the Big Five personality characteristics from the Personality Insights of IBM,3 which include agreeableness, conscientiousness, extraversion, consciousness, and openness. The IBM Personality Insights service applies data analytics algorithms to extract estimates of personality characteristics from textual inputs (Gou et al., 2014; ElSherief et al., 2018). In this case, we aggregated each tweet of the user into a single textual input to estimate the personality characteristic of the user, as commonly done in the literature (e.g., Hu et al., 2016).



Pandemic Severity

We retrieved the locations of the users (i.e., city and state) from their profiles. We used the python uszipcode package to retrieve the county given the city and state.4 The county label was then used to map each user to the number of confirmed COVID-19 cases and deaths at the county level on April 16, 2020.5 In this way, we were able to compute the number of confirmed cases and confirmed deaths at the county level for everyone.



GDP Per Capita

The county-level GDP data comes from the Bureau of Economic Analysis. The county-level population GDP data comes from the New York Times. We divided GDP by population to calculate the GDP per capita.6



Having Kids

We identified users who showed evidence that they are either fathers or mothers. In tweets, we performed a regular expression search for patterns, including “my/our (1–20) year old,” “my/our … X,” and “I have … X” where X represents words that stand for kids, including “boy(s),” “girl(s),” “kid(s),” and “child(ren).” In descriptions, we searched for keywords indicating the role of a parent, including “mother,” “father,” “mom,” and “dad”; we excluded users whose descriptions contain “grandpa/grandfather” or “grandma/grandmother” to make sure that the set is approximately void of seniors whose children are economically self-sufficient. Following this procedure, we labeled 462 out of 2,231 (20.7%) users in the dataset as having kids and the rest as not explicitly having kids.



Social Connectedness

We gathered signals on social connectedness from LIWC.7 LIWC is a “transparent text analysis program that counts words in psychologically meaningful categories” (Tausczik and Pennebaker, 2010). In this case, we aggregated the tweets of a user and retrieved the family and friend scores of the user from LIWC. According to the development manual of LIWC, the family includes 118 words (e.g., daughter, dad, and aunt) that talk about family; the friend includes 95 words (e.g., buddy, friend, and neighbor) that talk about friends (Pennebaker et al., 2015). Higher scores in family and friend dimensions mean that someone talks about family members or friends more frequently (Pennebaker et al., 2015), making them good proxies for social connectedness.



Well-Being

We estimated the positive affect and negative affect of a user using the open-source sentiment analysis tool VADER. VADER is a lexicon and rule-based model developed by researchers from the Georgia Institute of Technology (Hutto and Gilbert, 2015). Similar to personality estimates, we aggregated the tweets of a user into a single text, applied VADER, and retrieved its scores for positive and negative emotions. Positive scores and negative scores represent the proportions of text that fall in each sentiment category. For example, “this book is good” has a positive score of 0.492 and a negative score of 0. “Staying at home all day makes me so sad.” has a positive score of 0 and a negative score of 0.333.8 Recall that the metric for pandemic severity is based on confirmed COVID-19 cases and deaths on April 16, 2020. So here, we focused exclusively on tweets posted between April 16, 2020 and April 24, 2020 as input to estimate the well-being of a person.

Recall that one of the advantages of the study is intensive measurement. In this study, we re-emphasize our point using Figure 2. On the left, we plot the positive emotion for each day between April 16, 2020 and April 23, 2020 for 20 users that we randomly sample from the dataset. Days, when a person does not post a tweet, are not plotted. One immediately notices the sizable fluctuation exhibited by virtually all users, which in part reflects the daily changes in mood of an individual. Selecting any day as the measurement would cause a significant measurement error. By contrast, using intensive measurement, we observe each individual for a sustained period of time and estimate their emotion with all the data points from an entire week. By the law of large numbers, our measurement is less prone to measurement error than sampling any random day.

[image: Figure 2]

FIGURE 2. Positive affect fluctuates on a daily basis, highlighting the necessity of intensive measurement. Note. On the left, it shows the daily estimated positive affect for 20 randomly sampled users. On the right, it shows the averaged results for the same 20 users.






RESULTS


Hypotheses Testing

We used SPSS 25.0 to perform descriptive analysis and regressions, and we used the SPSS PROCESS Macro (Hayes, 2018) to test the moderation hypotheses. Table 1 reports the means, SDs, and correlations of all the studied variables.



TABLE 1. Means, SDs, and correlations.
[image: Table1]

As shown in Table 2, after we controlled for gender and county-level GDP per capita, confirmed cases in the county significantly predicted negative affect (Model 1: b = 0.07, SE = 0.03, p = 0.018) but did not significantly predict positive affect (Model 3: b = 0.04, SE = 0.04, p = 0.29). When we used the number of deaths in the county as a predictor, deaths significantly predicted negative affect (Model 2: b = 1.55, SE = 0.67, p = 0.02), but similarly, deaths did not significantly predict positive affect (Model 4: b = 0.51, SE = 0.87, p = 0.56). Thus, hypothesis 1a was supported, but hypothesis 1b was not supported.



TABLE 2. The main effect of pandemic severity on the well-being of working adults.
[image: Table2]

To further explore what negative emotions that pandemic led to, we dived into the LIWC analysis for these 2,231 working adults in the dataset. As shown in Figure 3, we found out that, in areas where the pandemic threat was low, people were more concerned about risk; in areas where the pandemic threat was high, people were more concerned about death and expressed more anger; in areas where the pandemic threat was moderate, people showed more anxiety.

[image: Figure 3]

FIGURE 3. Exploration of categories of negative emotions. Note. We divided the case numbers by percentiles into three groups, low-risk group (fewer than 564 cases), medium-risk group (between 564 cases and 2,085 cases), and high-risk group (higher than 2,085 cases).


Since the main effect of pandemic severity on negative affect was significant, we further tested the moderation effect of hypothesized moderators on this relationship. Because the correlation between confirmed cases and confirmed deaths was high (r = 0.951, p < 0.001), and the effect of cases and deaths on negative affect were similar, we only tested the moderation effects using confirmed cases representing the pandemic severity. In SPSS PROCESS Macro, we set bootstrap estimates at 5,000 times for the construction of 95% bias-corrected CIs.

We utilized Model 1 to examine the added variance of the interaction term. As shown in Table 3, the interaction term of cases and openness was significant (b = −0.418, SE = 0.153, p = 0.007), and the interaction term of cases and conscientiousness was marginally significant (b = −0.163, SE = 0.099, p = 0.10). The interaction term of cases and agreeableness (b = −0.044, SE = 0.104, p = 0.67), age (b = −0.001, SE = 0.002, p = 0.677), and having kids (b = −0.102, SE = 0.075, p = 0.174) were not significant. The interaction term of cases and family connectedness was also significant (b = −0.085, SE = 0.033, p = 0.011), but the interaction term of cases and friend connectedness (b = −0.081, SE = 0.05, p = 0.108) was not significant. Therefore, Hypotheses 2a and 2b were supported. Hypothesis 3 was partially supported (i.e., the family was supported while the friend was not). Hypotheses 2c and 4 were not supported. For Question 1, having kids was not a significant moderator of the relationship between the pandemic severity and well-being.



TABLE 3. Moderation effects on the relationship between confirmed cases on the negative affect of working adults (N = 2,231).
[image: Table3]

As shown in Table 4, we examined a simple slope to further explore the nature of significant interactions. For each moderator, we computed the simple slopes at “high” (1 SD above the mean), “moderate,” and “low” levels of hypothesized moderators (Aiken and West, 1991). When the 95% bias-corrected CI excludes zero, there is a statistically significant effect. As illustrated in Figure 4, for openness, the influence of pandemic severity on negative affect was significant at low levels (point estimate = 0.136, 95% CI: 0.0008–0.2156) and moderate levels (point estimate = 0.058, 95% CI: 0.0035–0.1132) of openness, but the effect was not significant at high levels (point estimate = −0.019, 95% CI: −0.0947–0.0563) of openness. As illustrated in Figure 4, for conscientiousness, the influence of pandemic severity on negative affect was significant at low levels (point estimate = 0.097, 95% CI: 0.0213–0.1729) of conscientiousness, but the effect was not significant at moderate levels (point estimate = 0.046, 95% CI: −0.0086 to 0.1008) and high levels (point estimate = −0.005, 95% CI: −0.0861–0.0763) of conscientiousness. As illustrated in Figure 4, for family connectedness, the influence of pandemic severity on negative affect was significant at low levels (point estimate = 0.087, 95% CI: 0.0249–0.1483) and moderate levels (point estimate = 0.060, 95% CI: 0.0022–0.1173) of family connectedness, but the effect was not significant at high levels (point estimate = −0.014, 95% CI: −0.0951–0.0670) of family connectedness.



TABLE 4. Relationship between confirmed cases on the negative affect of working adults at different levels of hypothesized moderators (N = 2,231).
[image: Table4]
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FIGURE 4. Moderating effect of openness, conscientiousness, and family connectedness on the relationship between confirmed cases and negative affect. Note. X-axis: confirmed cases in 1,000 s. Y-axis: range between 0 and 10.


To further explore why these moderators (e.g., openness, conscientiousness, and family connectedness) are important during the pandemic, we generated a word cloud to explore the differences between people who are high and low in these variables. As shown in Figure 5, we found that people who are high in family connectedness talked about more things that are relaxing (e.g., sunglasses, sale, wedding, ramen, prom, vibe, photo, couch, and romance) while people who are low in family connectedness have a completely different focus (e.g., POTUS, leadership, Illinois, crash hospitals, economy, market, and industry). People who are high in openness are concerned about general politics and news (e.g., Washington, governors, Cuomo, Jersey, POTUS, policy, information, administration, American, and Fauci) while those who are low in openness are concerned about life change details (e.g., paycheck, earnings, grief, curbside, dow, mortgage, and stay home, save lives) that is likely to raise anxiety. People who are high in conscientiousness are concerned about the progress of the pandemic outbreak (e.g., total, cases, outbreak, breaking, officials, coronavirus, Colorado, and nursing) and talk more about work (e.g., clients, firm, businesses, inbox, customers, and workshop) while those who are low in conscientiousness are concerned more about entertainment (e.g., album, film, computer, game, joke, videos, and TikTok) instead of pandemic progress, and they use more emotional words (e.g., oh, nope, omg, yeal, crap, damn, and lol).
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FIGURE 5. Differences in language usage between groups low in family connectedness and high in family connectedness (top), groups low in openness and high in openness (middle), and groups low in conscientiousness and high in conscientiousness (bottom). Note: The word cloud on the left shows words that are more frequently used by users low in family connectedness/openness/conscientiousness. Larger words represent a sharper contrast with users high in the construct. The word cloud on the right displays words more frequently used by those high in the construct. Larger words represent a sharper contrast with users low in family connectedness (e.g., words in the top right figure are used more frequently by people high than low in family connectedness; sunglasses are talked about 10 times more). For family connectedness, we used tweets from 1,325 users with a family connectedness score equal to 0 and 205 users whose family connectedness score was higher than 1 as per our corpus. For openness, we used tweets from 294 users with an openness score smaller than 0.6 and 775 users whose openness score is higher than 0.9 as per our corpus. For conscientiousness, we used tweets from 608 users with a conscientiousness score smaller than 0.2 and 412 users whose conscientiousness score is higher than 0.75 as per our corpus.





DISCUSSION

Using big data methods, we randomly selected people nationwide from Twitter and provided support that COVID-19 is similar to common stressors, in that it decreases the well-being of people. In general, our findings support the hypothesis that the pandemic severity relates to the well-being of working adults. Specifically, confirmed cases and confirmed deaths in the county positively influence the negative affect of working adults, but they do not significantly predict the positive affect of working adults. The results suggest that COVID-19 makes people experience more negative emotions, but it does not decrease the positive emotions of people, which is consistent with previous research that negative affect and positive affect are independent (Diener and Emmons, 1984). In this exploratory analysis, we found that, compared to those who were from low-risk counties, people in medium-risk counties experienced more anger, expressed more anxiety, and talked more about death. People in high-risk counties (more than 2,085 confirmed cases), expressed more anger and were more concerned about death than the other two groups, but they expressed less anxiety than people in medium-risk counties. Accordingly, people are likely to feel anxious, scared, and angry because of COVID-19, but the stress from COVID-19 does not prevent people from experiencing positive emotions from life. As previous research suggested that positive affect has an adaptational function during chronic stress (Folkman and Moskowitz, 2000), people during the pandemic might generate positive affect to help them adapt to life changes.

Moreover, this study also shows how COVID-19 is dissimilar to typical stressors by exploring the protective factors that play important roles during the pandemic. According to the distinctive features of pandemic experiences, we hypothesized that some factors might serve as protective factors while some other factors might act as stressors. In support of our view, we found that openness, conscientiousness, and social connectedness moderate the relationship between the pandemic severity and negative affect. Specifically, working adults who are high in openness, who are high in conscientiousness, and who are socially connected are more resistant to the negative psychological impact of COVID-19. First of all, COVID-19 is novel to everyone, and the life changes during COVID-19 are unprecedented. In this specific time, willingness to embrace change is important for people to be less psychologically impacted, making openness a characteristic resource. Working adults who are high in openness are open to new experiences (Barrick and Mount, 1991), and therefore, it is likely that they are more acceptive to the changes of life and are well adapted to the new lifestyles. The word cloud exploratory analysis was in support of our view. Specifically, we found that people who were low in openness were concerned more about life change details such as a paycheck, curbside pickup, and mortgage, while people who were high in openness cared more about politics and news that are distal to life details. It is likely that people who were high in openness were more accepting of life changes and were less bothered by life change details and, therefore, were less mentally impacted by the pandemic.

Second, the pandemic forces people to adapt to new work styles and lifestyles, making conscientiousness an important characteristic resource for working adults. Working adults who are high in conscientiousness, who are dependable, who are organized will plan ahead to prevent themselves from maladaptive coping (Vollrath and Torgersen, 2000). Therefore, conscientious people might be more planful in coping with COVID-19, and therefore, be less negatively impacted. Moreover, conscientious people are usually more engaged in work (Barrick and Mount, 1991), and they can immerse themselves in work and other meaningful activities. In support of our view, in the word cloud analysis, we found that people who were high in conscientiousness were concerned more about the progress of pandemic outbreaks and work-related issues. On the contrary, people who were low in conscientiousness were more concerned about entertainment, and they used more emotional words which made them seem unprepared and unorganized. Accordingly, during the pandemic, working adults who are high in conscientiousness closely monitor the pandemic progress, which might make them more planful and more prepared in coping with the pandemic; moreover, they can engage themselves in work or other meaningful activities, which may enable them to be less psychologically impacted by the pandemic.

Third, the pandemic, social distancing practices, and stay-at-home orders enlarge the physical distances between people and might threaten the need for connectedness among people. In support of our hypothesis, we found that social connectedness was important during the pandemic. Interestingly, the results suggest that family connectedness buffers the negative psychological impact of the pandemic while friend connectedness does not. Feeling connected to others is beneficial for well-being (Houltberg et al., 2011). During the pandemic, family connectedness could fulfill a need for relatedness, making people feel more emotionally supported and less isolated and, therefore, buffer the psychological influence of the pandemic. In the word cloud exploration, we found that people who were high in family connectedness also talked more about things that are relaxing such as sunglasses, sale, couch, and prom, which suggest that people who were family connected were able to engage in relaxing activities and therefore more resistant to the mental impact of COVID-19.

The research suggests that people may be able to adopt some measures to be more psychologically resistant to COVID-19. While personalities are usually considered to be static, people could still change personality through a self-regulation process (Hennecke et al., 2014). With that being said, people can consider the value of being more open and conscientious, and they can regulate their cognition and behaviors accordingly. Working adults can intentionally change the way they think of current situations and be more open and receptive to changes. Working adults could try to engage themselves more in work and other activities, and therefore, become more psychologically detached from the pandemic. Moreover, this research addresses the importance of family connectedness. Working adults could try to communicate with family members (e.g., parents, children, and extended family members) more frequently to increase family connectedness.



LIMITATIONS

Despite several strengths, such as using big data methods and collecting data nationwide, this study has several limitations worth noting. First, even though we controlled for some important variables (i.e., county-level GDP per capita and gender) in the analysis, there were some other factors that we were unable to identify (e.g., ethnicity, individual-level socioeconomic status) and, therefore, left uncontrolled. For example, a CDC official report suggested that the impact of COVID-19 on people is different by race (Smith et al., 2021). Specifically, Hispanic, Black, and Indian Americans have more disproportionate COVID-19 incidents, hospitalization, and mortality than White people (Smith et al., 2021). Moreover, socioeconomic status also influences the impact of COVID-19 such that the poor are likely to experience more difficulties during COVID-19 (Raut et al., 2020). Future research may take ethnicity and socioeconomic status into consideration when studying the psychological impact of COVID-19 on people.

Second, we used novel methods in collecting our data, and some biases may exist in capturing the variables of interest. For example, for the variable “having kids,” we identified whether people have kids by scanning through their tweets and finding language patterns. We identified 21% of the people in our sample as explicitly having kids. However, there were some parents, who never mentioned their kids on Twitter, not identified as having kids in our data. Therefore, the variable of having kids might not be of high accuracy and it may explain why we did not find a significant moderation effect of having kids in the relationship between pandemic severity and the well-being of individuals. Moreover, to measure demographic variables, we only retained people who have a profile picture with an intelligible face, which might be another source of bias in our study.



CONCLUSION

Using big data methods, this research investigated the mental impact of COVID-19 on 2,231 working adults nationwide by analyzing 348,933 tweets that people posted from April 1, 2020 to April 24, 2020. We found that the pandemic severity predicted the negative affect of working adults rather than the positive affect. Moreover, the relationship was moderated by personality traits (i.e., openness and conscientiousness) and social connectedness (i.e., family connectedness), which means that people who are conscientious, who are open to new experiences, and who are connected to family are more resistant to the psychological impact of COVID-19.
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FOOTNOTES

1Here words should be interpreted in the broader sense, as they include emoticons, acronyms and initialisms as well.

2To estimate age and gender attributes, we use the computer vision API by Face++ at https://www.faceplusplus.com/

3For IBM’s Personality Insight service, please see https://cloud.ibm.com/docs/personality-insights?topic=personality-insights-about#models-index

4uszipcode is an open-source program (https://pypi.org/project/uszipcode/).

5The data we used for confirmed cases and deaths was from the New York Times. For viewing and downloading the original data files, please visit https://github.com/nytimes/covid-19-data

6Bureau of Economic Analysis: https://www.bea.gov/data/gdp/gdp-county-metro-and-other-areas. New York Times: https://github.com/nytimes/covid-19-data

7To experiment with the program, please visit https://liwc.wpengine.com/

8For the VADER’s documentation and demo, please visit https://github.com/cjhutto/vaderSentiment



REFERENCES

 Aiken, L. S., and West, S. G. (1991). Multiple Regression: Testing and Interpreting Interactions. Thousand Oaks, California: Sage Publications, Inc.

 Ashida, S., and Heaney, C. (2008). Differential associations of social support and social connectedness with structural features of social networks and the health status of older adults. J. Aging Health 20, 872–893. doi: 10.1177/0898264308324626

 Barrick, M. R., and Mount, M. K. (1991). The big five personality dimensions and job performance: a meta-analysis. Pers. Psychol. 44, 1–26. doi: 10.1111/j.1744-6570.1991.tb00688.x

 Barzilay, R., Moore, T. M., Greenberg, D. M., DiDomenico, G. E., Brown, L. A., White, L. K., et al. (2020). Resilience, COVID-19-related stress, anxiety and depression during the pandemic in a large population enriched for healthcare providers. Transl. Psychiatry 10, 1–8. doi: 10.1038/s41398-020-00982-4

 Benedetti, A. A., Diefendorff, J. M., Gabriel, A. S., and Chandler, M. M. (2015). The effects of intrinsic and extrinsic sources of motivation on well-being depend on time of day: the moderating effects of workday accumulation. J. Vocat. Behav. 88, 38–46. doi: 10.1016/j.jvb.2015.02.009

 Bliese, P. D., Edwards, J. R., and Sonnentag, S. (2017). Stress and well-being at work: a century of empirical trends reflecting theoretical and societal influences. J. Appl. Psychol. 102, 389–402. doi: 10.1037/apl0000109 

 Boswell, W. R., Shipp, A. J., Payne, S. C., and Culbertson, S. S. (2009). Changes in newcomer job satisfaction over time: examining the pattern of honeymoons and hangovers. J. Appl. Psychol. 94, 844–858. doi: 10.1037/a0014975 

 Centers for Disease Control and Prevention (2020). Coronavirus Disease 2019 (COVID-19). Available at: https://www.cdc.gov/coronavirus/2019-ncov/need-extra-precautions/older-adults.html (Accessed May 19, 2021).

 Clair, R., Gordon, M., Kroon, M., and Reilly, C. (2021). The effects of social isolation on well-being and life satisfaction during pandemic. Humanit. Soc. Sci. Commun. 8:28. doi: 10.1057/s41599-021-00710-3 

 Cobb, S. (1976). Social support as a moderator of life stress. Psychosom. Med. 38, 300–314. doi: 10.1097/00006842-197609000-00003 

 de Jonge, J., and Dormann, C. (2006). Stressors, resources, and strain at work: a longitudinal test of the triple-match principle. J. Appl. Psychol. 91, 1359–1374. doi: 10.1037/0021-9010.91.5.1359 

 Devore, J. (2015). Probability and Statistics for Engineering and the Sciences. Cengage Learning. Belmont: Duxbury Press.

 Diener, E. (1984). Subjective well-being. Psychol. Bull. 95, 542–575. doi: 10.1037/0033-2909.95.3.542 

 Diener, E., and Emmons, R. A. (1984). The independence of positive and negative affect. J. Pers. Soc. Psychol. 47, 1105–1117. doi: 10.1037/0022-3514.47.5.1105 

 Dobrow Riza, S., Ganzach, Y., and Liu, Y. (2018). Time and job satisfaction: a longitudinal study of the differential roles of age and tenure. J. Manag. 44, 2558–2579. doi: 10.1177/0149206315624962

 Dunford, B. B., Shipp, A. J., Boss, R. W., and Angermeier, I. (2012). Is burnout static or dynamic? A career transition perspective of employee burnout trajectories. J. Appl. Psychol. 97, 637–650. doi: 10.1037/a0027060 

 Elbay, R. Y., Kurtulmuş, A., Arpacıoğlu, S., and Karadere, E. (2020). Depression, anxiety, stress levels of physicians and associated factors in Covid-19 pandemics. Psychiatry Res. 290:113130. doi: 10.1016/j.psychres.2020.113130 

 ElSherief, M., Nilizadeh, S., Nguyen, D., Vigna, G., and Belding, E. (2018). “Peer to peer hate: Hate speech instigators and their targets,” in International AAAI Conference on Web and Social Media (ICWSM); June 25-28, 2018.

 Evans, G. W., Palsane, M. N., and Carrère, S. (1987). Type A behavior and occupational stress: a cross-cultural study of blue-collar workers. J. Pers. Soc. Psychol. 52, 1002–1007. doi: 10.1037/0022-3514.52.5.1002 

 Folkman, S., and Moskowitz, J. T. (2000). Positive affect and the other side of coping. Am. Psychol. 55, 647–654. doi: 10.1037/0003-066X.55.6.647 

 Fritz, C., and Sonnentag, S. (2006). Recovery, well-being, and performance-related outcomes: the role of workload and vacation experiences. J. Appl. Psychol. 91, 936–945. doi: 10.1037/0021-9010.91.4.936 

 Gabriel, A. S., and Diefendorff, J. M. (2015). Emotional labor dynamics: a momentary approach. Acad. Manag. J. 58, 1804–1825. doi: 10.5465/amj.2013.1135

 Gou, L., Zhou, M., and Yang, H. (2014). “KnowMe and shareMe: Understanding automatically discovered personality traits from social media and user sharing preferences,” in ACM Conference on Human Factors in Computing Systems (CHI); April 26-May 1, 2014.

 Hayes, A. F. (2018). Methodology in the Social Sciences. Introduction to Mediation, Moderation, and Conditional Process Analysis: A Regression-Based Approach. 2nd Edn. New York, NY: Guilford Press.

 Hennecke, M., Bleidorn, W., and Denissen, J. (2014). A three-part framework for self-regulated personality development across adulthood. Eur. J. Personal. 28, 289–299. doi: 10.1002/per.1945

 Hill, A., White, M., and Wallace, C. (2013). Unobtrusive measurement of psychological constructs in organizational research. Organ. Psychol. Rev. 4, 148–174. doi: 10.1177/2041386613505613

 Hobfoll, S. E. (1989). Conservation of resources: a new attempt at conceptualizing stress. Am. Psychol. 44, 513–524. doi: 10.1037/0003-066X.44.3.513 

 Hobfoll, S. E. (2002). Social and psychological resources and adaptation. Rev. Gen. Psychol. 6, 307–324. doi: 10.1037/1089-2680.6.4.307

 Hobfoll, S. E., and Shirom, A. (2001). “Conservation of resources theory: applications to stress and management in the workplace,” in Handbook of Organizational Behavior. ed. R. T. Golembiewski (Marcel Dekker) 57–80.

 Houltberg, B. J., Henry, C. S., Merten, M. J., and Robinson, L. C. (2011). Adolescents’ perceptions of family connectedness, intrinsic religiosity, and depressed mood. J. Child Fam. Stud. 20, 111–119. doi: 10.1007/s10826-010-9384-5

 Hu, T., Xiao, H., Nguyen, T. T., and Luo, J. (2016). “What the language you tweet says about your Occupation,” in AAAI International Conference on Weblogs and Social Media (ICWSM), Cologne, Germany; May 17-20, 2016.

 Husseini Orabi, A., Buddhitha, P., Husseini Orabi, M., and Inkpen, D. (2018). “Deep learning for depression detection of twitter users,” in Proceedings of the Fifth Workshop on Computational Linguistics and Clinical Psychology: From Keyboard to Clinic; June 1-6, 2018. 88–97.

 Hutto, C. J., and Gilbert, E. (2015). “VADER: A parsimonious rule-based model for sentiment analysis of social media Text,” in Proceedings of the 8th International Conference on Weblogs and Social Media (ICWSM); June 1-4, 2014.

 Ilies, R., and Judge, T. A. (2002). Understanding the dynamic relationships among personality, mood and job satisfaction: a field experience sampling study. Organ. Behav. Hum. Decis. Process. 89, 1119–1139. doi: 10.1016/S0749-5978(02)00018-3

 Jackson, A. (2020). A Crisis Mental-Health Hotline Has Seen An 891% Spike in Calls. CNN. Available at: https://www.cnn.com/2020/04/10/us/disaster-hotline-call-increase-wellness-trnd/index.html (Accessed May 18, 2021).

 Jung, S. G., An, J., Kwak, H., Salminen, J., and Jansen, B. (2018). “Assessing the Accuracy of Four Popular Face Recognition Tools for Inferring Gender, Age, and Race,” in Proceedings of the International AAAI Conference on Web and Social Media (Vol. 12, No. 1); June 25-28, 2018.

 Kammeyer-Mueller, J., Judge, T. A., and Scott, B. A. (2009). The role of core self-evaluations in the coping process. J. Appl. Psychol. 94, 177–195. doi: 10.1037/a0013214 

 Kampf, P. H., Hernández, A., and González-Romá, V. (2020). An ultra-short measure of positive and negative affect: the reduced affective well-being scale (RAWS). Rev. Psicol. Organ. 20, 1257–1266. doi: 10.17652/rpot/2020.4.10

 Kim, S., Park, Y., and Headrick, L. (2018). Daily micro-breaks and job performance: general work engagement as a cross-level moderator. J. Appl. Psychol. 103:772. doi: 10.1037/apl0000308 

 Kozlowski, S. (2015). Advancing research on team process dynamics: theoretical, methodological, and measurement considerations. Organ. Psychol. Rev. 5, 270–299. doi: 10.1177/2041386614533586

 Kramer, A. C., Neubauer, A. B., Scott, S. B., Schmiedek, F., Sliwinski, M. J., and Smyth, J. M. (2021). Stressor anticipation and subsequent affective well-being: a link potentially explained by perseverative cognitions. Emotion doi: 10.1037/emo0000954 [Epub ahead of print]

 Kuppens, P., Oravecz, Z., and Tuerlinckx, F. (2010). Feelings change: accounting for individual differences in the temporal dynamics of affect. J. Pers. Soc. Psychol. 99, 1042–1060. doi: 10.1037/a0020962 

 Lin, H., Jia, J., Guo, Q., Xue, Y., Li, Q., Huang, J., et al. (2014). “User-Level Psychological Stress Detection From Social Media Using Deep Neural Network,” in Proceedings of the 2014 ACM Conference on Multimedia; November 3-7, 2014. 507–516.

 McCrae, R. R., and John, O. P. (1992). An introduction to the five-factor model and its applications. J. Pers. 60, 175–215. doi: 10.1111/j.1467-6494.1992.tb00970.x 

 Mervosh, S., Lu, D., and Swales, V. (2020). See Which States and Cities Have Told Residents to Stay at Home. The New York Times. Available at: https://www.nytimes.com/interactive/2020/us/coronavirus-stay-at-home-order.html (Accessed May 19, 2021).

 Mirowsky, J., and Ross, C. E. (1995). Sex differences in distress: real or artifact? Am. Sociol. Rev. 60, 449–468. doi: 10.2307/2096424

 Morgeson, F. P., Mitchell, T. R., and Liu, D. (2015). Event system theory: an event-oriented approach to the organizational sciences. Acad. Manag. Rev. 40, 515–537. doi: 10.5465/amr.2012.0099

 Park, C. L., Russell, B. S., Fendrich, M., Finkelstein-Fox, L., Hutchison, M., and Becker, J. (2020). Americans’ COVID-19 stress, coping, and adherence to CDC guidelines. J. Gen. Intern. Med. 35, 2296–2303. doi: 10.1007/s11606-020-05898-9 

 Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Kosinski, M., Stillwell, D. J., et al. (2015). Automatic personality assessment through social media language. J. Pers. Soc. Psychol. 108, 934–952. doi: 10.1037/pspp0000020 

 Parkes, K. R. (1990). Coping, negative affectivity, and the work environment: additive and interactive predictors of mental health. J. Appl. Psychol. 75, 399–409. doi: 10.1037/0021-9010.75.4.399 

 Parkes, K. R. (1994). Personality and coping as moderators of work stress processes: models, methods and measures. Work Stress. 8, 110–129. doi: 10.1080/02678379408259984

 Pennebaker, J. W., Boyd, R. L., Jordan, K., and Blackburn, K. (2015). The Development and Psychometric Properties of LIWC2015. Austin, TX: University of Texas at Austin.

 Raut, A., Ankar, R., and Sakharkar, S. (2020). The poor and the pandemic: COVID-19. J. Clin. Diagn. Res. 14, 7–9. doi: 10.7860/JCDR/2020/45425.14248

 Ritter, K., Matthews, R. A., Ford, M. T., and Henderson, A. A. (2016). Understanding role stressors and job satisfaction over time using adaptation theory. J. Appl. Soc. Psychol. 101, 1655–1669. doi: 10.1037/apl0000152 

 Ross, C. E., and Mirowsky, J. (2002). Age and the gender gap in the sense of personal control. Soc. Psychol. Q. 65, 125–145. doi: 10.2307/3090097

 Ryan, R. M., and Deci, E. L. (2017). Self-Determination Theory: Basic Psychological Needs in Motivation, Development, and Wellness. New York, NY: Guilford Press.

 Schwartz, H., Eichstaedt, J., Kern, M., Dziurzynski, L., Ramones, S., Agrawal, M., et al. (2013). Personality, gender, and age in the language of social media: the open-vocabulary approach. PLoS One 8:e73791. doi: 10.1371/journal.pone.0073791 

 Smith, A. R., DeVies, J., Caruso, E., Radhakrishnan, L., Sheppard, M., Stein, Z., et al. (2021). Emergency department visits for COVID-19 by race and ethnicity - 13 States, October-December 2020. MMWR Morb. Mortal. Wkly Rep. 70, 566–569. doi: 10.15585/mmwr.mm7015e3 

 Sternlicht, A. (2020). Couples in Quarantine: Only 18% Are Satisfied With Their Communication During Coronavirus Pandemic. Forbes. Available at: https://www.forbes.com/sites/alexandrasternlicht/2020/04/23/couples-in-quarantine-only-18-are-satisfied-with-their-communication-during-coronavirus-pandemic/#3f87c3fa5807 (Accessed May 19, 2021).

 Sun, J., Schwartz, H. A., Son, Y., Kern, M. L., and Vazire, S. (2020). The language of well-being: tracking fluctuations in emotion experience through everyday speech. J. Pers. Soc. Psychol. 118, 364–387. doi: 10.1037/pspp0000244 

 Tausczik, Y. R., and Pennebaker, J. W. (2010). The psychological meaning of words: LIWC and computerized text analysis methods. J. Lang. Soc. Psychol. 29, 24–54. doi: 10.1177/0261927X09351676

 Tourangeau, R., and Rasinski, K. A. (1988). Cognitive processes underlying context effects in attitude measurement. Psychol. Bull. 103, 299–314. doi: 10.1037/0033-2909.103.3.299

 Trougakos, J. P., Beal, D. J., Green, S. G., and Weiss, H. M. (2008). Making the break count: An episodic examination of recovery activities, emotional experiences, and positive affective displays. Acad. Manag. J. 51, 131–146. doi: 10.5465/amj.2008.30764063

 Vollrath, M., and Torgersen, S. (2000). Personality types and coping. Pers. Individ. Differ. 29, 367–378. doi: 10.1016/S0191-8869(99)00199-3

 Wang, Y., Feng, Y., Hong, Z., Berger, R., and Luo, J. (2017). How Polarized Have We Become? A Multimodal Classification Of Trump followers and Clinton followers. 440–456.

 Wang, Y., Luo, J., Niemi, R., Li, Y., and Hu, T. (2016). “Catching fire via "Likes": Inferring topic preferences of Trump followers on Twitter,” in Proceedings of the Tenth International AAAI Conference on Web and Social Media; May 17-20, 2016. 719–722.

 Weiss, H. M., and Cropanzano, R. (1996). “Affective events theory: A theoretical discussion of the structure, causes and consequences of affective experiences at work,” in Research in Organizational Behavior: An Annual Series of Analytical Essays and Critical Reviews. Vol. 18. eds. B. M. Staw and L. L. Cummings (Amsterdam, Netherlands: Elsevier Science/JAI Press), 1–74.

 World Health Organization (2020). Coronavirus Disease 2019 (COVID-19). Available at: https://www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public (Accessed April 30, 2020).

 Zhang, Y., Lyu, H., Liu, Y., Zhang, X., Wang, Y., and Luo, J. (2020). Monitoring depression trends on twitter during the covid-19 pandemic: observational study JMIR infodemiology (in press). 


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Zhang, Wang, Lyu, Zhang, Liu and Luo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpsyg-12-681091-g005.jpg
rety rs*ot ‘pr'oc'e‘s’s(

cu

wisconsin

potusg;

wn
+
ce
=L
7 O:
Q_

r»mlrm)ii

2 ades

1€ ship

&vidence)

Ul @ Sdycators
q medium likes

¢

=)
Sl
spulte,, o
S elonmusk

te (O

&

inforum
r

s ide

mychec tesla
Sunglasses
marketdwg

retweets

stayhomesavelivesclots
maga inchell
aket
2 U

apper
omg
film ?
tes

u(_l(é

lol I

wsort%ﬁlte

tf

briankoppelman
i

sale
stunglasses

mothers

lissa

canpaign 2 TAC K

g §*read it
Cien gopjersey
o oStudy depar tment
Qi Qe
%;U“fevhorr
increasel: U0 S € m)jc,_‘wm,“‘,
1nformat10n

washington

administration

icymi
colorado:

: ifiCnA
“total govv,
tbreaking.i
retweets

narylan






OPS/images/fpsyg-12-681091-t001.jpg
Mean SD  Gender  Age  Cases Deaths Positive Negative Openness Conscientiousness Agreeableness Friend Family

affect  affect Connectedness  connectedness
Gender 0.41 0.49
Age 436 14.2 -0.002
Cases 3317 4758 0012
Deaths 130 209 -0.002
Positive affect 0.137 0086  0.078™ 0013
Negative affect 0.073 0066 0016 0.044
Openness 0.80 018 -0.170" 0016
Conscientiousness ~ 0.43 0.29 0.040 -0.057 0.094"
Agreeableness 0.32 0.26 0.304" p -0.046 ~0.127" 0.486™
Friend 0.247 054  -0041  -0052 0029 0.022 -0013 -0.028 0.015
connectedness
Family 0.326 0.90 0040  -0.026 0.013 0.002 0109 0030  -0.044' 0.037 0.065" -0.001
connectedness
Kids 021 0.41 0092  0045° -0053 -0052° 0037  -0022  -0.014 0.008 0.059" -0.011 0.058"

n=2,231; Gender: 0 =

e, 1 = female; Kids: 0= o kids, 1 = having kids. °p < 0.05; “p < 0.01; *“p < 0.001.
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5,000 bootstrap samples.
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n = 2,231; values are unstandardized coefficients with SEs in parentheses; cases are re-scaled to 1,000 cases.

. 'p < 0.05; *p <0.001.
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Cases are rescaled to 1,000 cases. °p < 0.05; “p < 0.01;

“p < 0.001. 'p < 0.10.
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