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Abstract 

The COVID-19 pandemic and its policies 

universally impacted the US population in 2020, 

leading to notable physical and psychological effects. 

This study investigates how political orientation, and 

the topics discussed on social media influenced 

depressive symptoms before and after the peak of the 

COVID-19 pandemic using a sample of Twitter users. 

We trained a machine learning model to classify 

tweets for depressive language and applied 

econometric modeling to examine depressive 

symptoms among Democrats and Republicans in blue 

and red states from Jan. 2019 to Mar. 2023. Our 

findings show that political views and partisan 

policies did not moderate COVID-19's impact on 

depressive symptoms. Instead, the differences in 

discussed topics and personal expectations increased 

depressive symptoms. This research has significant 

implications for policymakers, mental health 

professionals, and social media platforms.  

Keywords: Depressive Symptoms, Political 

Orientations, Crisis Management  

1. Introduction  

The Covid-19 pandemic has been considered a 

traumatic global event that introduced unprecedented 

uncertainty regarding public health and the economy. 

The mental health impact of such a crisis, 

characterized by profound uncertainties, is undeniable. 

A study by Ettman et al. (2020) showed that the rate 

of depression in US adults in all demographic groups 

becomes almost tripled—especially in those with 

financial worries. From a managerial perspective, 

understanding how state policies affect mental health 

after Covid-19 outbreak is crucial. In the United 

States, state governors played a central role in 

implementing and communicating policies to mitigate 

risks associated with Covid-19  (Grossman et al., 

2020; Rao et al., 2020). As states adopted varied 

responses, the pandemic quickly became a partisan 

issue. Initially, Democrats were more concerned about 

infection spread and more likely to take precautionary 

measures, such as wearing masks  (Baccini et al., 

2021; Tyson, 2020; Wang et al., 2021). Later, with 

vaccine availability, Republicans showed hesitancy 

towards vaccination, while Democrats strongly 

advocated for it. This division was intensified by the 

overlap of the pandemic with the 2020 presidential 

election, a period traditionally associated with 

heightened stress for U.S. citizens. The extent to which 

these politically influenced policies impacted mental 

health remains unclear, highlighting the need for 

further investigation into the effects of political 

orientation on mental health during crises. 

Furthermore, the topics discussed in the media likely 

exacerbate or mitigate mental health outcomes such as 

depressive symptoms. This complex interaction 

between political orientation and media content during 

crises like COVID-19 calls for comprehensive 

analysis to understand its effect on mental well-being. 

We thus focused on two central social aspects posited 

as pivotal for one’s mental health in the scientific 

literature: the topics discussed on social media and the 

political affiliations of users. 

Widespread shutdowns after the outbreak made 

social media and online communication vital for 

staying informed and connected. With limited in-

person interactions, many people turn to social media 

to express their feelings and experiences. These 

factors motivated us to study the mental health status 

of people after the outbreak using social media data. 

In this research, we employ user-generated data 

collection. We choose Twitter as the data source due 

to its significant role in crisis information sharing 

(Hughes & Palen, 2009). We first train a machine 

learning model to classify a tweet as indicating 

depressive language (1) or not indicating depressive 

language (0). We then applied our predictive model to 

each tweet of a sample of Twitter users. We define the 

level of depressive symptoms for each user over a 

period of two weeks as the ratio of summation of the 

tweets that are indicated as 1 to the total number of the 
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user’s tweets in that period. Next, we apply 

econometric modeling to study the level of depressive 

symptoms among Democrats and Republicans in blue 

and red states from Jan. 2019 to Mar. 2023. For 

studying the impact of discussed topic, we also 

conduct topic analysis to create the topic related 

variables.  

Our findings indicate that depressive symptoms 

level increases after Covid-19 outbreak. However, 

contrary to our expectation from the literature, our 

results are not conclusive regarding the moderating 

impact of political views on depressive symptoms 

level. Our findings show that the degree to which an 

individual’s discussed topics align with the dominant 

topic among all individuals significantly impacts the 

level of depressive symptoms. Our research 

contributes to the field of information systems, 

healthcare domain, and social studies. The 

contributions are discussed in the Conclusion section.  

2. Related Literature  

Mental Health Prediction via Social Media: High-

speed personal computers and massive use of social 

media apps, such as Twitter, Reddit, and Facebook 

have created a new era for studying psychology. As 

social media has become a major outlet for people to 

express their experiences and emotions, behavioral 

and linguistic cues from social media have enabled 

researchers to predict various psychosocial conditions 

(Kayalvizhi & Thenmozhi, 2022). Since 2013, 

researchers have sought to assess the presence of 

major depression (De Choudhury et al., 2013; Reece 

& Danforth, 2017; Shen et al., 2017; Tsugawa et al., 

2015), suicidality (Burnap et al., 2015; Coppersmith et 

al., 2016), and eating disorders (Chancellor, Mitra, et 

al., 2016; Wang et al., 2017) through social media 

content linguistic indicators. In addition, there are 

research studies exploring related symptomatology, 

such as self-harm (Wang et al., 2017), stress (Lin et 

al., 2017), and the severity of mental 

illness (Chancellor, Lin, et al., 2016) as manifested in 

social media content.   

Mental Health and Politics: Many factors such as 

race, income, age, and politics impact individuals’ 

mental health (Napier & Jost, 2008). Political views 

are also associated with subjective wellbeing. The 

literature has shown that political liberals overall 

experience less happiness and life satisfaction—than 

political conservatives (Lench et al., 2019; Schlenker 

et al., 2012). The reason behind this difference is 

 
1 Since Mar. 2020 is the period when the outbreak was officially 

recognized as a global health crisis, we have chosen Feb. 2020 as 
the reference point. 

mostly attributed to ideological and personality 

differences such as a sense of certainty and control, 

rather than other factors, such as demographic factors 

(Newman et al., 2019; Van Hiel & De Clercq, 2009; 

Vargas‐Salfate et al., 2018). Politicized stressors, such 

as mass shootings, can increase the gap in the 

wellbeing of individuals from different parties by 

having bigger negative impacts on the well-being of 

Democrats (Sharkey & Shen, 2021). The study by 

(Bock & Schnabel, 2022) is perhaps the most complete 

research on studying mental health of Republicans and 

Democrats during Covid-19. Their findings show that 

Democrats experienced a substantially greater 

increase in distress in response to the pandemic than 

Republicans. However, their research consists of 

cross-sectional data and is limited to only the 

beginning of the pandemic. Our research overcomes 

this gap by focusing the behavior of a sample of 

individuals in a longer period, till the vaccination has 

been almost completed.  

3. Covid-19 and Depressive Symptoms   

Covid-19 has been considered a traumatic event due to 

its significant physical and psychological harms to 

many people in the world  (Cafaso, 2017). Stay-at-

home advisories or shelter-in-place policies to prevent 

the spread of Covid-19 affected at least 96% of the U.S 

population (Mervosh et al., 2020), and disrupted the 

daily living for most affected people.  A study by 

Ettman et al. (2020) showed that the rate of depression 

in US adults in all demographic groups becomes 

almost tripled—especially in those with financial 

worries—and the rise is much higher than after 

previous major traumatic events.  Therefore, we argue 

that the depression level increases after Covid-19 

outbreaks, i.e. after Feb 20201 

H1: Following the COVID-19 outbreak in February 

2020, the prevalence of depressive symptoms 

increased among individuals. 

The response to the pandemic was highly 

politicized. It is not surprising that similar to other 

important societal events, Covid-19 raised different 

opinions between Republicans and Democrats during 

its different phases (Zahry et al., 2023). In the 

beginning of the pandemic, early Spring 2020,  while 

Democrats were more worried about the spread and 

high rates of infection, Republicans believed that the 

Covid-19 risk is overstated (Tyson, 2020). With 

regards to controlling the spread of Covid-19,  

Republican governors were significantly slower than 

democratic governors to adopt mask wearing and stay-

(https://www.washingtonpost.com/nation/interactive/2021/coronav

irus-timeline/) 
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at-home orders (Baccini et al., 2021; Wang et al., 

2021). Democrats were more likely than Republicans 

to change their travel and gathering plans and stocking 

up on supplies (Hamel et al., 2020).  Green et al. 

(2020) showed that the frequent discussion of 

Democrats during Covid-19 was mainly focused on its 

threats to public health, while Republicans placed 

greater emphasis on businesses. Overall, Democrats, 

on average, have displayed more concern for the virus.  

As discussed in section 2 the literature has shown that 

political liberals overall experience less happiness or 

life satisfaction—than political conservatives, and 

politicized stressors can increase the gap in the 

wellbeing of individuals from different parties by 

having bigger negative impacts on the well-being of 

Democrats (Sharkey & Shen, 2021). We thus expect 

that early in pandemic, i.e. from Mar. 2020 until the 

COVID vaccine news becomes available in Dec. 

2020,2 Democrats’ level of depressive symptoms 

would be higher than that of Republicans. 

H2: Early in the pandemic (from Mar. 2020 till Nov. 

2020), Democrats experience higher levels of 

depression compared to Republicans. 

With the arrival of Covid-19 vaccines in late 

2020, (Dec. 2020) republicans were hesitant for 

vaccination, while the Democrats were those who 

highly encouraged using the vaccine. A study using 

vaccine-related tweets by professional Twitter 

accounts showed that republican and democratic 

legislators used different language in their Twitter 

conversations about vaccination during the Covid-19 

era, leading to increased political polarization of 

vaccine-related tweets (Engel-Rebitzer et al., 2022). 

With vaccines, Democrats were able to regain some of 

the normalcy and connections they lost in isolation 

(Bock & Schnabel, 2022). However, in this stage, 

Republicans experience more loss, and this might have 

led them to gradually accept Covid-19 as a threat. 

Furthermore, the later phase of the pandemic 

coincided with the presidential election period. The 

literature indicates that engaging in various forms of 

political activism – including online – which peaks in 

an election year, can promote wellbeing, and that the 

victorious party's members typically experience 

improved mental well-being (Dwyer et al., 2019). 

Consequently, we argue that the election victory 

would lead to a reduction in depressive symptoms 

among Democrats, potentially making their levels of 

depressive symptoms equal to or lower than those of 

Republicans. 

Therefore, while early in the pandemic, 

Democrats could have experienced more distress than 

 
2 Based on the U.S. Food and Drug Administration (FDA) 
vaccine announcement press release. 

Republicans, later in the pandemic with the arrival of 

the vaccines and the results of the election, the 

disparity in depression levels between Democrats and 

Republicans should decrease or disappear. 

H3: Following the introduction of the Covid-19 

vaccines (From Dec. 2020 till the end of the panel) and 

the outcome of the presidential election, the level of 

depressive symptoms among Democrats decreases, 

resulting in a convergence of depression levels 

between Democrats and Republicans. 

According to value congruence theory, 

individuals experience better psychological well-

being when their personal beliefs and values align with 

their social and political environment (Veage et al., 

2014).  Applying this theory, we expect that 

Democrats residing in blue states will exhibit lower 

levels of depressive symptoms compared to 

Democrats in red states. This expectation arises from 

the alignment of political leadership and policies in 

blue states with the preferences and values of 

democratic individuals. In blue states, the political 

climate, policies, and rhetoric are more likely to reflect 

democratic ideals, thereby creating a more supportive 

and affirming environment for democratic residents. 

Conversely, in red states, where the political landscape 

is predominantly republican, Democrats may 

experience a discordance between their personal 

beliefs and the prevailing political environment, 

potentially leading to higher levels of depressive 

symptoms. This alignment, or lack thereof, between 

individual political preferences and the broader state 

political context is a critical factor in influencing 

psychological well-being, as posited by congruence 

theory. 

H4: Early in the pandemic (From Mar. 2020 till 

Nov.2020), Democrats experience higher levels of 

depressive symptoms compared to Republicans; this 

effect is more pronounced in red states compared to 

blue states. 

H5: Following the introduction of the Covid-19 

vaccines and the outcome of the presidential election, 

(From Dec. 2020 till the end of the panel) the level of 

depressive symptoms among Democrats decreases, 

resulting in a convergence of depressive symptoms 

levels between Democrats and Republicans; this effect 

is more pronounced in blue states compared to red 

states. 

Furthermore, the relationship between a user’s 

topics of discussion on online social media platforms 

and depressive symptoms has been studied 

extensively. More specifically, extant research has 

found a negative effect of echo chambers, 
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characterized as closed loops of information with a 

lack of diverse perspectives, on mental health (Liu et 

al., 2024). At the same time, value congruence theory 

indicates that one’s alignment with their social 

environment when it comes to values and beliefs 

positively impacts wellbeing (Veage et al., 2014). We 

thus hypothesize that individuals whose tweets align 

with the dominant topic discussed by others 

experience lower depressive symptoms levels. The 

variable “Topic index”, which will be obtained from 

the topic analysis, captures this alignment: it equals 1 

if a user’s biweekly dominant theme matches the 

overall dominant theme, and 0 if it diverges. 

H6: individuals whose tweets align with the dominant 

topic discussed by others, i.e. individuals with higher 

level of the topic index variable, experience lower 

depressive symptoms levels. 

4. Methodology  

To test the hypotheses, we employed user-generated 

data collection. Twitter was selected as the data source 

due to its significant role in crisis information sharing 

(Hughes & Palen, 2009) and political discourse 

(Yaqub et al., 2017) with respect to online users’ 

communication during the Covid-19 pandemic. In this 

section, we first train a model for classifying each 

tweet in our dataset as containing depressive language 

or not. Then, we present our data schema. Finally, we 

propose an econometric model to study the level of 

depressive symptoms in the period of Jan. 2019 till 

Mar. 2023.  

4.1. Depression Detection Model 

The data for our classification model development 

comprises a total of 28,304 pre-classified social media 

posts obtained from two high-quality corpora sourced 

from the work of (Yates et al., 2017) and Kaggle. We 

reserved a random sample of 22,643 tweets (80 

percent of the total dataset) for training, including 

validation. The remaining 5,661 tweets were set aside 

for testing the model. These corpora were nearly 

perfectly balanced, thus minimizing the potential 

influence of class imbalance on the model's 

performance. To train a depression predictor, we 

developed a machine learning model to classify tweets 

as indicating depressive language (1) or not (0). After 

comparing the performance of several transformer-

based models, including BERT, DistilBERT, and 

RoBERTa, we selected the latter, also known as 

"Robustly optimized BERT", a transformer-based 

machine learning technique developed by Meta’s AI 

team (Liu et al., 2019). The technique is optimized for 

more efficient training and has exhibited superior 

performance on numerous natural language processing 

tasks, especially on social media data, outperforming 

the original BERT model (Devlin et al., 

2018).Following the recommendations from the 

original BERT study (Devlin et al., 2018), we 

conducted a grid search to determine the optimal 

learning rate and batch size for the model. The grid 

search sought to optimize for both accuracy and loss, 

yielding an optimal learning rate of 3e-5 and a batch 

size of 64. The model was trained over four epochs, in 

conjunction with the recommendations in the original 

BERT study (Devlin et al., 2018). Validation was 

carried out on the test set, with the precision, recall, 

and F1-score metrics calculated for both depressed and 

non-depressed classes. 

The model achieved an accuracy rate of 98% 

during the training phase with a validation accuracy of 

93 percent. In the testing phase, the model maintained 

a strong performance with an accuracy of 93%. The 

model's performance was robust, as indicated by the 

high precision, recall, and F1 scores – all with values 

of 93 percent. Precision represents the proportion of 

positive identifications that were correct. The high 

precision score for both depressed and non-depressed 

classes indicate a low rate of false positives. Recall, or 

sensitivity, indicates the proportion of actual positives 

that were correctly identified. The high recall scores 

suggest that the model was successful in correctly 

identifying most of the relevant cases. The F1 score is 

the harmonic mean of precision and recall and 

provides a singular metric that balances the two 

considerations. The strong F1 scores for both classes 

indicate that the model balanced precision and recall 

effectively. These steps ensured a robust 

methodological approach to identifying signs of 

depression in social media posts, contributing to the 

growing literature on mental health detection through 

natural language processing and machine learning 

methods (Coppersmith et al., 2014; De Choudhury et 

al., 2013).  

4.2. Data Schema 

Twitter Sample: Using the platform’s researcher v2 

API, we systematically collected all tweets posted 

between Jan. 2019 and Mar. 2023 from all platform 

users who had mentioned the phrases “as a Republican 

I” or “as a Democrat I” respectively in at least one of 

their tweets. This search, after manually screening the 

resulting data for false positives (e.g., instances where 

a Twitter user was referring to someone other than 

themselves or the post was meant in jest) yielded a 

final sample of 1,196 unique users self-identifying as 

Republicans and 1,757 users self-identifying as 

Democrats.  

Dependent Variable: We first used the pretrained 

classifier developed in section 4.1 to label each tweet 
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in our sample as either containing depressive language 

(1) or not (0). Our dependent variable for testing 

hypotheses, Depressive symptoms level, is defined as 

the ratio of the summation of the number of tweets 

containing depressive symptoms per user in each 

biweekly period by the total number of tweets the user 

posted in that period. The bi-weekly analysis serves to 

ameliorate the problems inherent in prohibitively short 

user-generated pieces of texts as is the case with 

tweets. Specifically, the prior literature recommends 

analyzing a minimum of 500 words at a time to ensure 

more reliable readings of the underlying affect and 

emotion of a piece of text (Eichstaedt et al., 2018). 

Covid-19 Policy-Related Variables: To construct the 

Covid-19 related policies, we incorporated data from 

the Covid-19 US State Policies3 database and merged 

it with our original dataset. This allowed us to track 

the implementation of specific state-level policies, 

including stay-at-home orders and non-essential 

business closures.  

Topic-Related Variables: To study the impact of the 

discussed topics on the level of depressive symptoms, 

we developed two variables Topic entropy and Topic 

index using topic analysis.  The variable Topic entropy 

shows the extent to which topics discussed by an 

individual vary over time. The variable Topic index 

captures the deviation of the dominant topic discussed 

by the user from the overall dominant topic discussed 

by all individuals. In the following, we discuss how 

these two variables are created.  

Topic Analysis: Prior literature cites topic analysis, 

and more specifically, adopting a computational 

approach to identifying latent topics of conversation 

known as topic modeling, as among the most effective 

ways to analyze social media communication. It is 

even more important when political identity or coping 

with crises are concerned (Deng et al., 2020; Stromer-

Galley & Martinson, 2009). However, research also 

finds that purely computational approaches to topic 

modeling such as latent Dirichlet allocation (LDA) 

(Blei et al., 2003) often lead to “bad topics” such as 

collapsing two or more themes in one topic and 

reduplicative or nonsensical topics (Deng et al., 

2020). To overcome this challenge, for analyzing the 

topics discussed by the Twitter users in our sample, we 

deployed a novel human-in-the-loop approach that 

combines traditional LDA topic modeling (Blei et al., 

2003) with human expert coding and state-of-the-art 

transformer deep learning techniques in a two-phase 

method. In the first phase, we applied an LDA model 

to the text data to examine the word distributions in the 

 
3 StatePolicies.com 

resulting topics. One major limitation of LDA, 

particularly for short-text documents like tweets, is its 

lack of context consideration; words are treated as 

stand-alone tokens rather than in relation to their 

surrounding words. To address this, we examined the 

word distributions and independently constructed lists 

of discursive themes, such as "political figures", 

"health-related issues", and "local government." After 

reconciling differences between the coding schemas, 

we identified 19 distinct themes, which were then 

incorporated into a zero-shot transformer model in 

Python (Xian et al., 2018) to label each user’s bi-

weekly collection of tweets. A major advantage of 

zero-shot machine learning over topic models such as 

LDA is its ability to leverage advanced pre-trained 

large language models such as BERT which take into 

consideration the context of each token, thereby 

providing superior performance (Sivarajkumar & 

Wang, 2022). 

The variable Topic entropy is a measure adapted 

from the so-called Shannon entropy metric, a key 

indicator of divergence in information theory (Lin, 

1991). It takes on smaller values if a person’s tweets 

focus primarily on one theme and greater values if 

there is a more even distribution of themes. The 

variable Topic index is constructed as follows. Based 

on the score distributions of the 19 themes, we 

identified the highest-scoring theme in each user’s 

biweekly period as the "dominant theme" for that 

entry. We then aggregated the dominant themes for all 

users in each bi-weekly period to identify the overall 

dominant themes. The binary variable Topic index 

denotes whether a given user's biweekly dominant 

theme coincided with the overall dominant theme (=1) 

or diverged from it (=0). 

4.3. Specifications for Hypotheses Testing 

We apply Equation 1 to test hypothesis 1. In this 

equation, 𝐷𝑉𝑖𝑡  represents the dependent variable 

Depressive symptoms level defined for user i at bi-

week period t.  𝑈𝑖 shows user fixed effect which 

controls for any time-invariant user level variables.  

𝑋𝑖𝑡−1 is the vector of time-varying user level variables4 

at time t-1, and  𝛽1 captures their corresponding 

coefficients. Finally, 𝛼1 and 𝜀1𝑖𝑡  represent the 

intercept and error terms, respectively. In this 

equation,  𝐷𝑘 represents the dummy variable 

indicating the year-month where K is from Jan. 2019 

till Mar. 2023 and Feb. 2020 is the reference point, and 

𝜃1𝑘 captures corresponding coefficients. These 

coefficients show the direction and the extent to which 

4 Time-varying user level variables that are included in all models 

are as follows: Total tweets, Average number of likes, Topic entropy 
and Topic index.  
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the average of the depressive symptoms level in each 

month is different relative to Feb. 2020.  

𝐷𝑉𝑖𝑡 = 𝛼1 + ∑ 𝜃1𝑘𝐷𝑘

𝑀𝑎𝑟.  2023

𝑘=𝐽𝑎𝑛.  2019 (𝑘≠𝐹𝑒𝑏.  2020)

+ 𝑈𝑖 + 𝑋𝑖𝑡−1𝛽1 +  𝜀1𝑖𝑡 

 

(1) 

 

To test hypotheses 2 and 3, we develop the model 

according to Equation 2. In this equation, 𝐷𝑒𝑚𝑖  is a 

binary variable which is 1 if user i is Democrat and is 

0 if user i is Republican.  𝛾2𝑘 denotes the coefficients 

of the interaction terms and captures the extent to 

which Democrats experience higher level of 

depressive symptom compared to Republicans relative 

to Feb. 2020. The rest of the notations are defined as 

Equation 1. We apply this equation separately for the 

individuals located in the blue states and the red states 

to test hypotheses 4 and 5.  

𝐷𝑉𝑖𝑡

= 𝛼2 + ∑ 𝜃2𝑘𝐷𝑘

𝑀𝑎𝑟 2023

𝑘=𝐽𝑎𝑛 2019 (𝑘≠𝐹𝑒𝑏 2020)

+ ∑ 𝛾2𝑘𝐷𝑘 ∗ 𝐷𝑒𝑚𝑖

𝑀𝑎𝑟 2023

𝑘=𝐽𝑎𝑛 2019 (𝑘≠𝐹𝑒𝑏 2020)

 

 

+𝑈𝑖 + 𝑋𝑖𝑡−1𝛽2 +  𝜀2𝑖𝑡 

 

(2) 

5. Results and Discussion   

We cleaned our sample for analysis through the 

following steps. First, we excluded users with missing 

state data. Next, we removed users with fewer than 

five tweets within a two-week period from that period. 

Our cleaned sample, which has 182225 records, is a 

panel of users in bi-weekly periods from Jan. 2019 to 

Mar. 2023. Note that the panel is unbalanced, as some 

users are excluded in certain periods. 2733 distinct 

users remained in the cleaned sample from which 1624 

are Democrats, and 1109 are Republicans. Tables 1 

and 2 show descriptive statistics of the data.The results 

obtained from Equation 1 are presented in Table 3. 

Figure 1 presents the values 𝜃1𝑘 obtained from 

Equation 15. The bars on all figures show the standard 

errors. Figure 1 shows an increase in the level of 

depressive symptoms after Covid-19 outbreak. This 

finding supports H1. The effect diminishes after a few 

months, likely because people have adapted to the new 

situation. Figure 1 also shows a big jump in the 

 
5 We estimate all equations using procedure proc genmod in the 

SAS software. The Ordinary Least Squares (OLS) is used to 

estimate the parameters. 

depression level after Jan. 2021. A possible 

explanation could be election-related post-traumatic 

stress (Fraser et al., 2023). 

 
Table 1. Descriptive statistic of the dependent 

variable in sample of study 

State 

Color 

Political 

affiliation 

of Users 

No of 

Observations 
Mean STD 

Blue Republicans 26163 0.37 0.21 

Democrats 52002 0.36 0.19 

Purple6 Republicans 17276 0.40 0.21 

Democrats 29029 0.38 0.19 

Red Republicans 25892 0.39 0.20 

Democrats 31893 0.37 0.19 

 
Table 2. Descriptive statistic of the time-varying 

user-level variables 

Variable Mean STD 

Tota tweets 122.77 356.85 

Average retweet count 0.90 18.77 

Average number of views 34.07 2392.97 

Average number of likes 5.83 123.99 

Topic entropy 3.93 0.38 

Topic index 0.30 0.46 

 

 

 
Figure 1. Changes in depression symptoms level 
relative to Feb 2020, obtained from Equation 1 

 

The results obtained from Equation 2 (for the entire 

sample) are presented in Table 2. Figure 2.a presents 

the values 𝛾2𝑘 obtained from Equation 2 for the entire 

sample. The resultant trend shows that while after 

Covid-19 outbreak Democrats are more depressed 

than Republicans, the difference is not higher than 

before the outbreak. Therefore, H2 is not supported. In 

addition, later in the pandemic after arrival of vaccines 

and presidential election period, the difference 

between Democrats and Republicans became even 

more, which does not support H3. Further, Figures 2.b 

and 2.c show that the difference between Democrats 

and Republicans is even more in the blue states than 

6 State color, classified as blue/Democrat, purple/mixed, or 

red/Republican, was determined by political affiliation based on the 

governor’s political party and whether the state senate or state house 
shared the same party (blue/red) or not (purple). 
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that of the red states7. Thus, we have not found 

supporting results for H4 and H5.  

 

 
2.a.  

 
2.b 

 

 
2.c. 

 
Figure 2. The vertical line denotes the month right 
before Covid-19 outbreak (i.e. Feb 2020). The Y-
axis shows the estimated coefficients of the 
interaction term obtained from Equation 2. Figure 
2.a shows the difference in depressive symptoms 
level between Democrats and Republicans relative 
to Feb 2020 in the entire sample. Figure 2.b shows 
the difference in depressive symptoms level 
between Democrats and Republicans relative to 
Feb 2020 in blue states. Similarly, Figure 2.c 
corresponds to the red states.  

 

One potential explanation for the counterintuitive 

finding that self-declared Democrats’ depressive 

symptoms increased following the favorable 

Presidential election outcome in Nov. 2020 can be 

based on expectancy theory. Expectancy theory 

highlights the expectations gap, which is the 

discrepancy between public expectations specifically 

regarding the Covid-19 control and presidential 

performance (Waterman et al., 2014). This gap which 

exists regardless of party affiliation (Jenkins-Smith et 

al., 2005), along with the collective uncertainty 

following the Jan. 6 Capitol attack (Rudden, 2021), 

likely impacted Democrats’ depressive symptoms. 

Additionally, election-related post-traumatic stress, 

stemming from the vitriolic rhetoric and deepened 

political polarization during the 2020 election cycle, 

can be cited as a further contributor to the heightened 

depressive symptoms among liberal Twitter users 

 
7 The table of the results corresponding to the blue states and red 

states are available upon the request. 

(Fraser et al., 2023). Our estimation results obtained 

from equations show that the time-varying user level 

variable Topic index as defined in section 4.2 has a 

significant negative impact on depressive symptoms 

level in all models; this support H6.   

6. Conclusions  

Based on the analysis of Twitter data spanning from 

Jan. 2019 to Mar. 2023, this study provides valuable 

insights into the relationship between political views, 

social media discourse, and depressive symptoms after 

Covid-19 outbreak. Our findings indicate: Covid-19 

outbreak increases depressive symptoms in general, 

the political orientation of individuals and the policies 

implemented by governors do not significantly 

moderate the impact of Covid-19, and the divergence 

in discussed topics on social media and individuals’ 

expectations played a crucial role in impacting 

depressive symptoms. This underscores the 

importance of considering social factors, rather than 

solely political and policy-related ones, in 

understanding mental health during global crises.  

Our contributions are threefold. First, this study 

advances the field of information systems by 

examining mental health through extensive topic 

analysis of user-generated content on social media. 

Our proposed prediction tool can be integrated into 

any social media platform to monitor the mental health 

of its users. Unlike most studies on mental health 

during COVID-19, which are limited to the early 

stages of the pandemic and rely primarily on sentiment 

analysis or surveys, our research spans a more 

extended period from Jan. 2019 to Mar. 2023. This 

comprehensive approach allows for a more nuanced 

understanding of depressive symptoms over time. 

Furthermore, we ensure a balance between machine 

efficiency and human expertise by developing a 

unique human-in-the-loop approach to data analysis 

through the integration of a state-of-the-art 

algorithmic architecture with expert human analysis 

and synthesis. Second, our research contributes to the 

healthcare domain by developing a model for 

predicting individuals’ depressive symptoms via 

Twitter. Predicting depression via social media makes 

depression diagnosis more prompt compared to the 

traditional way. In the U.S approximately two-thirds 

of all cases of depression are undiagnosed (Wamala et 

al., 1999). Undiagnosed and thus untreated depression 

can worsen the quality of life and workplace 

productivity. Our proposed tool not only can be used 

on its own to identify depression signs among those 
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who may not visit physicians, it also can be 

incorporated in therapists’ offices to provide 

additional information. Third, our study contributes to 

the area of social studies by showing that the 

disparities in the policies and different views on a 

crisis do not moderate its impact on individuals’ 

mental health. In fact, it is the dissimilarity in 

discussed topics that increases the level of depressive 

symptoms, not how people discuss them or their views 

on these topics.  

Future research should further explore these 

dimensions to better inform public health and 

communication strategies aimed at mitigating the 

adverse mental health effects of similar crises in the 

future. This study is not without limitations. For 

instance, individuals who openly declare their political 

orientation on social media, as in our sample, may 

differ from those who don’t, potentially skewing the 

results toward more politically active, vocal, or 

extreme users. Additionally, our focus on Twitter, a 

platform with a predominantly younger, urban user 

base, may limit the generalizability of the findings. 

Future research should consider using multiple 

platforms for a broader understanding of depressive 

symptoms online. Finally, while our computational 

approach offers a faster method for detecting 

depressive symptoms, it is meant to complement, not 

replace, scientific diagnostic tools for depression.  

 
Table 3. Results Obtained from Equation 1 

Variable Coefficient Standard 
Errors 

P-value 

1-Jan-198 -0.0046 0.0034 0.183 

1-Feb-19 0.0085 0.0028 0.0023 

1-Mar-19 0.013 0.0028 <.0001 

1-Apr-19 0.0086 0.0028 0.002 

1-May-19 0.0115 0.0028 <.0001 

1-Jun-19 0.0128 0.0028 <.0001 

1-Jul-19 0.0012 0.0028 0.6694 

1-Aug-19 0.0209 0.0028 <.0001 

1-Sep-19 0.017 0.0028 <.0001 

1-Oct-19 -0.0001 0.0028 0.9771 

1-Nov-19 0.0093 0.0028 0.0008 

1-Dec-19 0.0058 0.0028 0.0366 

1-Jan-20 0.0014 0.0028 0.6224 

1-Feb-20 0 0 0 

1-Mar-20 0.0092 0.0027 0.0008 

1-Apr-20 0.0216 0.0027 <.0001 

1-May-20 0.0248 0.0028 <.0001 

1-Jun-20 0.0209 0.0027 <.0001 

1-Jul-20 0.0159 0.0027 <.0001 

1-Aug-20 0.0042 0.0027 0.1253 

 
8 Reported effect size for each date in this column are corresponding 

to 𝜃1𝑘 in Equation 1.  Each effect captures the extent to which the 

average of the depressive symptoms level in each month is different 
relative to Feb. 2020. 

 

1-Sep-20 -0.0009 0.0027 0.733 

1-Oct-20 -0.0074 0.0027 0.0063 

1-Nov-20 -0.002 0.0027 0.4714 

1-Dec-20 0.0221 0.0028 <.0001 

1-Jan-21 0.0065 0.0027 0.0173 

1-Feb-21 0.0425 0.0028 <.0001 

1-Mar-21 0.0565 0.0028 <.0001 

1-Apr-21 0.076 0.0028 <.0001 

1-May-21 0.0622 0.0028 <.0001 

1-Jun-21 0.0644 0.0029 <.0001 

1-Jul-21 0.0726 0.0029 <.0001 

1-Aug-21 0.0647 0.0028 <.0001 

1-Sep-21 0.0768 0.0029 <.0001 

1-Oct-21 0.0778 0.0029 <.0001 

1-Nov-21 0.0843 0.0029 <.0001 

1-Dec-21 0.08 0.0029 <.0001 

1-Jan-22 0.0699 0.0028 <.0001 

1-Feb-22 0.0572 0.0029 <.0001 

1-Mar-22 0.0543 0.0028 <.0001 

1-Apr-22 0.0731 0.0029 <.0001 

1-May-22 0.0695 0.0029 <.0001 

1-Jun-22 0.054 0.0029 <.0001 

1-Jul-22 0.0694 0.0029 <.0001 

1-Aug-22 0.05 0.0029 <.0001 

1-Sep-22 0.0597 0.0029 <.0001 

1-Oct-22 0.0661 0.0029 <.0001 

   <.0001 

1-Nov-22 0.058 0.0029 <.0001 

1-Dec-22 0.0692 0.0029 <.0001 

1-Jan-23 0.0731 0.0029 <.0001 

1-Feb-23 0.0701 0.003 <.0001 

1-Mar-23 0.0658 0.0037 0.183 

Topic Index -0.006 0.0007  

 
Table 4. Results Obtained from Equation 2 

Variable Coefficient Standard 
Errors 

P-value 

1-Jan-199 0.0052 0.0071 0.463 

1-Feb-19 0.0118 0.0058 0.0403 

1-Mar-19 0.0103 0.0057 0.0733 

1-Apr-19 0.0029 0.0057 0.6161 

1-May-19 0.011 0.0057 0.0549 

1-Jun-19 0.0113 0.0057 0.0494 

1-Jul-19 0.0087 0.0057 0.1286 

1-Aug-19 -0.0013 0.0057 0.8188 

1-Sep-19 0.0021 0.0057 0.7163 

1-Oct-19 0.0102 0.0057 0.0716 

1-Nov-19 0.0135 0.0057 0.0174 

1-Dec-19 0.0081 0.0057 0.156 

1-Jan-20 0.0083 0.0057 0.1446 

1-Feb-20 0 0  

1-Mar-20 0.0051 0.0056 0.3645 

1-Apr-20 0.0144 0.0056 0.0104 

1-May-20 0.0148 0.0057 0.0091 

1-Jun-20 0.0109 0.0056 0.0536 

1-Jul-20 0.0077 0.0056 0.1734 

1-Aug-20 0.0099 0.0056 0.0784 

9
 Reported effect size for each date in this column are corresponding 

to 𝛾2𝑘 in Equation 2. Each effect captures the extent to which 

Democrats experience higher level of depressive symptom 
compared to Republicans relative to Feb. 2020. 
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1-Sep-20 0.002 0.0056 0.7206 

1-Oct-20 0.012 0.0056 0.033 

1-Nov-20 0.0221 0.0056 <.0001 

1-Dec-20 0.021 0.0057 0.0002 

1-Jan-21 0.0239 0.0056 <.0001 

1-Feb-21 0.0232 0.0057 <.0001 

1-Mar-21 0.023 0.0058 <.0001 

1-Apr-21 0.0327 0.0058 <.0001 

1-May-21 0.0132 0.0058 0.0235 

1-Jun-21 0.0169 0.0059 0.0042 

1-Jul-21 0.0283 0.0059 <.0001 

1-Aug-21 0.0364 0.0059 <.0001 

1-Sep-21 0.0213 0.0059 0.0003 

1-Oct-21 0.0155 0.0059 0.0085 

1-Nov-21 0.0238 0.0059 <.0001 

1-Dec-21 0.0185 0.0059 0.0018 

1-Jan-22 0.0173 0.0059 0.0031 

1-Feb-22 0.0302 0.0059 <.0001 

1-Mar-22 0.0198 0.0058 0.0007 

1-Apr-22 0.021 0.0059 0.0004 

1-May-22 0.019 0.0059 0.0012 

1-Jun-22 0.0232 0.0059 <.0001 

1-Jul-22 0.0208 0.0059 0.0004 

1-Aug-22 0.0139 0.0059 0.0183 

1-Sep-22 0.0174 0.0059 0.0033 

1-Oct-22 0.0184 0.0059 0.0017 

1-Nov-22 0.0177 0.0059 0.0026 

1-Dec-22 0.0292 0.006 <.0001 

1-Jan-23 0.0246 0.006 <.0001 

1-Feb-23 0.0217 0.0061 0.0004 

1-Mar-23 0.0185 0.0076 0.0147 

Topic Index -0.0059 0.0007 <.0001 
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