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The Emotional Toll of a Pandemic: A Linguistic Analysis of 
Twitter Posts Throughout COVID-19

RESEARCH ARTICLE

Travis A. Kelly

Little research has currently been done focusing on how the COVID-19 pandemic has 
affected the mental and emotional processes of people in the United States. The few 
studies that have been published so far have focused on self-report measures to ana-
lyze the impact. While these publications are a good first step, more research needs to 
be done using methods controlling for the bias often found in self-report data. As very 
little research has been used with naturally occurring data, the present study focuses on 
this approach. The study uses code in R to pull content from Twitter to analyze certain 
emotions based on the linguistic content. Results from this study showed that there is 
a significant change in depression, suicidal ideation, emotional distress, and/or uncer-
tainty in different areas. This includes changes in these categories from one year to the 
next, changes in the way people talk about COVID-19, and changes in the way people 
talk on Twitter during COVID-19 but before vaccine distribution and after vaccine dis-
tribution began in the United States. Implications of this study include the need for in-
creased awareness and further research on how COVID-19 has impacted mental health.
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  The COVID-19 pandemic has affected ev-
eryone in the U.S, whether from shutdowns, so-
cial distancing, mask-wearing, or contracting the 
virus itself. The dangers and uncertainties of the 
COVID-19 pandemic show that more research 
needs to focus on how the pandemic has affected 
people mentally, rather than just physically. The 
goal of the present study is to research how the 
COVID-19 pandemic has affected mental health, 
specifically regarding depression, suicidality, 
emotional distress, and uncertainty. This will be 
accomplished by harvesting naturally occurring 
data from Twitter and linguistically analyzing the 
posts to better assess how the COVID-19 pandem-
ic has changed the lives of those in the United 
States. With the present study, the goal is to find

which emotional stressors have been most affect-
ed by the pandemic to prioritize research, treat-
ment, and preventive measures moving forward.

Mental Distress

 According to Mental Health America 
(MHA), there has been a rise in overall men-
tal illness in the U.S. over the past four years, 
from 18.01% of adults having a mental illness 
in 2017 to 18.07% (+0.060%) in 2018 to 18.57% 
(+0.50%) in 2019, to 19.00% (+0.43%) in 2020 
(MHA State of Mental Health in America Report, 
2017, 2018, 2019, 2020). While mental illness 
itself is a cause for concern, past publications 
have shown that COVID-19 has a strong impact 
specifically on depression, anxiety, and stress 
(Son et al., 2020; Taylor et al., 2020). This calls 
for the need for depression, anxiety, and co-
morbid illnesses to be examined carefully when 
looking at the mental toll of the pandemic.
 Depression. Recent research has shown 
that the COVID-19 pandemic has increased the 
number of people with symptoms of depression
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depression (Taylor et al., 2020; Son et al., 2020; 
MHA, 2020). But what criteria make up the gen-
eral criteria for depression? Depression is often 
clinically diagnosed if one experiences symp-
toms related to a clear change in affect, cogni-
tion, and neurovegetative functions as well as 
inter-episode remissions (American Psychiatric 
Association, 2017). These symptoms are often 
needed to last for at least two weeks straight 
but often last much longer. Additionally, these 
symptoms are needed to be explained above 
and beyond the common symptoms like sad-
ness and/or grief after the death of a loved one. 
 Suicidal Ideation. Suicidal ideation is cur-
rently not a disorder in the DSM-V, the leading 
diagnostic tool for mental disorders. Suicidal ide-
ation is often a symptom of mood and anxiety dis-
orders, and involves one’s intent, plan, or thought 
of ending their own life (Oquendo et al., 2008). One 
disorder that is often related to thoughts of sui-
cide is depression, and a link has been shown be-
tween characteristics of depression and the num-
ber of times one attempts to commit suicide (Gibb 
et al., 2009). This link is important, as it may show 
the need for more research on if suicidal ideation 
has increased because of the COVID-19 pandemic.
 Emotional Distress. Emotional distress 
is related to bereavement and grief and is often 
associated with many different events, including 
a traumatic incident, the death of a loved one, 
or the aftermath of a harsh breakup. For this re-
search, the definition of emotional distress used 
by Brubaker et al. (2012) will be adopted. Their 
definition involves feelings related to experienc-
ing grief and sorrow during mourning and be-
reavement (Brubaker et al., 2012). This definition 
of emotional distress can also be linked to the 
criteria needed for depression, as many symp-
toms of severe emotional distress overlap with 
depression (American Psychiatric Association, 
2017). Since the COVID-19 pandemic has caused 
the death of millions in the United States alone, 
emotional distress is a relevant topic to research.

COVID-19 and Mental Illness
While research regarding how COVID-19 might 
impact mental health is still new and in prog-
ress, our understanding of the effects is starting 
to take form. Son et. al. (2020) conducted a re-
search study where they surveyed college stu-
dents to assess the impact the COVID-19 pan-
demic has had on them. Results from this study 
showed that many college students experienced 
stress, anxiety, and depressive thoughts. These 

symptoms included fear about their health and 
the health of their loved ones, trouble con-
centrating, disruptions in sleep patterns, de-
creased social interactions, and higher concern 
for academic performance (Son et al., 2020). 
 Research by Taylor et al (2020) shows 
that COVID-19 has led many people to exhibit 
stress and anxiety-related responses, including 
fear of becoming infected or encountering the 
virus, disease-related xenophobia (the fear of 
foreigners who might be carrying infection), 
compulsive checking or reassurance seeking 
of possible threats related to the pandemic, 
and traumatic stress symptoms (nightmares or 
intrusive thoughts) related to the pandemic. 
These researchers find these related symptoms 
and then develop a reliable and valid self-report 
scale to help better predict the effects COVID-19 
has had on people. Although this scale is based 
on self-report measures and in turn is at risk of 
having biased responses, it does show the re-
al-world stressors related to the COVID-19 pan-
demic and shows the reliability of COVID Stress 
Syndrome. COVID stress syndrome is an intricate 
circumstance that involves many different types 
of fears, checking and reassurance-seeking, and 
reexperiencing symptoms, along with other 
symptoms related to panic buying or extreme 
avoidance based on COVID-19 fears (Taylor et. 
al., 2020). While research on this syndrome and 
the COVID-19 pandemic are still in the early stag-
es, these results show that there is a lasting im-
pact of the COVID-19 pandemic that may cause 
people severe distress and thus require mental 
health treatment and intervention.  
 Additionally, Lee & Lee (2018) re-
searched how disaster awareness plays an im-
portant role in mental health response. Their 
findings showed that anxiety and depression 
were influenced by the amount of awareness of 
natural and social disasters, the amount of per-
ception with regards to strategies for disaster 
response, and the level of information relating 
to those disasters, concluding that there is an 
important need to provide effective, accurate 
information on disaster response and disaster 
strategies to help prevent anxiety and depres-
sive symptoms related to mental health (Lee 
& Lee, 2018). This research shows the need 
for future studies involving the impact that 
COVID-19 has on worsening mental health.

Linguistic Analysis and Twitter
Mental distress can often be predicted based 
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on the words that one speaks or writes. 
 Linguistic analysis is an important aspect 
of psychological studies using Twitter data as a 
method for research. One popular program used 
to linguistically analyze text is James Pennebak-
er’s Linguistic Inquiry and Word Count (LIWC) 
method. LIWC is a program that analyzes a given 
text and puts them into different categories based 
on the type of word that it is. For example, if the 
word cried showed up in the text being analyzed, 
then LIWC would recognize that word in their dic-
tionary and place it under the category “sadness” 
and “negative emotions” categories (LIWC 2015; 
Pennebaker Conglomerates Inc., 2015). O’Dea et. 
al. (2017) and Wang et. al. (2016) used LIWC to 
linguistically analyze their Twitter data. Examples 
of current linguistic categories in LIWC include:
First-person singular: I, me, mine
Positive emotion: love, nice, sweet
Negative emotion: hurt, ugly, nasty
Anger: hate, kill, annoyed
Leisure: cook, chat, movie
Reward: take, prize, benefit
Health: clinic, flu, pill
 Many recent studies have harvested 
Tweets to study different psychological process-
es. One such study looked at how people ex-
pressed their suicidal behavior on Twitter. This 
study by O’Dea et. al. (2017) harvested Tweets 
that included words that included suicidal behav-
iors (ex: suicide, kill myself, etc.) and then com-
pared them to randomly selected control Tweets 
to analyze the differences in wording. This study 
showed the importance of being able to analyze 
both cases and control Tweets so that one can 
compare the differences between the two. Af-
ter data collection, this study coded each Tweet 
based on the severity of their suicidal risk. The re-
sults from this study showed strongly concerning 
suicide twitter posts have unique linguistic vari-
ables including increased word count, increased 
use of first-person pronouns, and more referenc-
es to death (O’Dea et. al., 2017). Results from this 
study were used to help create the “suicidal ide-
ation” linguistic variable used in the present study.
 Another recent study by Wang et. al. (2016) 
used Twitter to document weekly trends in emo-
tion and stress and to predict the effect that week-
ends off have on one’s ability to recover from work 
stress. This study collected Tweets daily over 18 
months and analyzed the data based on the fac

tors of negative emotion and positive emotion 
so that they can see which times throughout 
the week most people would experience those 
emotions. Results from this study showed that 
there was a “Friday dip” for negative work emo-
tions, a “mid-week dip” on Tuesday-Wednes-
day-Thursday and a “weekend peak” on Friday 
through Sunday for positive emotions, and 
work/money/achievement/health issues have a 
“weekend dip” Friday through Sundays (Wang 
et. al., 2016).These results show the benefit 
of using Twitter for psychological studies to 
better help analyze the emotions on differ-
ent topics, including suicidal behavior, and 
which times of the week people’s emotions 
are more prevalent. Using this analysis can 
be useful for better predicting or preparing 
certain times and methodologies to increase 
efficiency or decrease mental health issues.

Current Study
 As demonstrated by the sources listed in 
this review, the need for investigating the im-
pact the COVID-19 pandemic has had on the 
mental health of people in the United States 
is of great importance. Recent studies relating 
to the COVID-19 pandemic have focused on 
using self-report (Taylor et. al, 2020; Taylor et 
al., 2020) or interview/survey measures (Son et 
al., 2020) to identify the impact that COVID-19 
has had on mental health. While the results of 
those studies are extremely important for bet-
ter understanding the common mental distress 
symptoms throughout the pandemic, there is 
still the issue with reliability issues in self-report 
measures that must be studied. The goal of this 
study was to build upon past research related to 
the emotional toll the COVID-19 pandemic has 
had on people in the United States by analyzing 
naturally occurring data harvested from Twit-
ter. According to past research relating to the 
COVID-19 pandemic and its impact on symp-
toms relating to depression, anxiety, and stress 
(Son et al., 2020; Taylor et al., 2020), I decided 
to analyze linguistic categories that have been 
shown to predict depression and emotional 
distress. While these specific linguistic catego-
ries have been used to predict emotional dis-
tress, there is a difference between negative 
emotionality and mental illness. Further study 
is needed on top of linguistic analyses to diag-
nose any mental illness. Additionally, with past 
literature supporting the link between depres-
sion and suicidal ideation (Gibb et al., 2009), I  
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also researched the impact COVID-19 has had 
on suicidality. Lastly, since past research shows 
that having information about a natural disas-
ter helps prevent mental health issues related to 
the disaster (Lee & Lee, 2018), I decided to ana-
lyze the levels of uncertainty related to COVID-19.
 There are five hypotheses for this current 
study. The first hypothesis is that Tweets harvest-
ed from 2019 will display higher linguistic predic-
tors of depression, suicidal ideation, emotional 
distress, and uncertainty compared to Tweets 
harvested from 2018. This hypothesis will help 
examine how the method of using big data and 
Twitter information relates to other forms of re-
search on the rise of mental health in recent years. 
The second hypothesis is that Tweets harvested 
from 2020 will experience higher linguistic pre-
dictors of depression, suicidal ideation, emotion-
al distress, and uncertainty compared to Tweets 
harvested from 2019.  The third hypothesis is that 
Tweets related to the COVID-19 pandemic will 
experience higher linguistic predictors of depres-
sion, suicidal ideation, emotional distress, and 
uncertainty compared to Tweets not mentioning 
the COVID-19 pandemic. The fourth hypothesis 
is that Tweets throughout a year of the COVID-19 
pandemic will experience higher linguistic pre-
dictors of depression, suicidal ideation, emotional 
distress, and uncertainty compared to Tweets a 
year before the COVID-19 pandemic. Lastly, the 
fifth hypothesis is that Tweets during the vaccine 
distribution phase of the COVID-19 pandemic will 
experience lower levels of linguistic predictors of 
depression, suicidal ideation, emotional distress, 
and uncertainty compared to the first phase of 
COVID-19. Vaccines have often been viewed as a 
key factor in the prevention of serious illness or 
transmission of infectious diseases. The creation 
and distribution of a vaccine could bring more 
clarity to the trajectory of COVID-19. There is some-
times increased anticipation for future treatments 
to help one gain more clarity on an illness, so the 
hypothesis is that the vaccine could help relieve 
some mental distress. Because of this, this study 
needs to see how a major change in treatment im-
plementation could impact one’s mental health.

Method
Participants
 Fifty-nine thousand Tweets were harvested 
from Twitter, spanning over three and a half years 
(January 2018- April 2021). These Tweets were 
harvested in batches of 500 at a randomly select

ed time in two-week increments. The data 
came from the public source Twitter and 
was randomly harvested, so no informa-
tion is known on a specific number, demo-
graphic information, and background of 
the participants who created each Tweet.
Data Collection
 The time frame collected for the 
COVID-19 pandemic is from January 2020 – 
March 2021. Data collection was split up into 
different phases. The first phase consisted of 
Tweets harvested two years before the begin-
ning of COVID-19. The second phase consisted 
of Tweets harvested one year before the be-
ginning of COVID-19. The third phase consist-
ed of harvesting Tweets from the beginning of 
COVID-19 until the beginning of vaccine distri-
bution in the United States. Lastly, the fourth 
phase consisted of harvesting Tweets from the 
beginning of vaccine distribution in the United 
States until the date of data collection. There 
were two separate types of Twitter posts being 
harvested for the phases during the COVID-19 
pandemic: COVID-19-related Twitter posts and 
non-COVID-19- related Twitter posts. Other fil-
ters were also applied to filter out any Retweets 
or duplicates so only original Tweets would 
be harvested. Data was collected using a cod-
ing system called R, where code was created 
that created a set of functions and commands 
that used Twitter to randomly collect Tweets 
in each two-week increment. Using the code, 
researchers were able to use Twitter to collect 
Tweets based on if they had certain words in 
each Tweet and when the Tweet was created.
 COVID-19-Related Twitter Posts 
(Cases). Twitter posts referring to COVID-19 
were harvested by refining the search criteria. 
These posts came from the timeframe related 
to phases three and four. Search criteria will 
consist of searching for and harvesting only 
Tweets that have the words “COVID”, “COVID19”, 
“COVID-19”, and/or “coronavirus”. This step en-
sured that our cases will only consist of Tweets 
speaking about the COVID-19 pandemic. 
  Non-COVID-19-Related Twitter Posts 
(Controls). To capture an appropriate control 
sample, the COVID-19-related Twitter posts were 
matched with control posts not speaking of 
COVID-19 based on the same year, the same day 
of the year, and time of day of the Twitter posts 
(to the nearest hour). The first two phases do not 
consist of any Tweets related to COVID-19, so the 
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number of control Tweets were harvested for 
the first two years based on the number of cas-
es harvested during phases three and four, with 
these Tweets being matched based on day and 
time of day (to the nearest minute) of the cases.
Linguistic Analysis
 The present study utilized a popular, well-
known linguistic program known as Linguistic 
Inquiry and Word Count 2015 (LIWC 2015; Pen-
nebaker Conglomerates Inc., 2015). LIWC 2015 
includes the ability to analyze text and has a built-
in dictionary to analyze different linguistic cat-
egories. LIWC reads a text that has been stored 
in a readable, computerized form. The program 
then analyzes each piece of text against a dictio-
nary built into the program. The LIWC dictionary 
identifies which words are associated with a cat-
egory relevant to psychological research (Penne-
baker et al., 2015). After LIWC processes all the 
words in the text, it calculates a percentage of 
total words that match each dictionary category 
in the program. They begin to linguistically ana-
lyze the Tweets, the Twitter data is exported into 
a specific type of text file and then imported into 
the LIWC 2015 software for analysis. Four main 
indexes are being used for the present study. 
 Predicting Depression. To predict de-
pression in Twitter posts, this study created a dic-
tionary in LIWC 2015 based on the results from 
past research (Eichstaedt et al., 2018). This study 
was able to reliably predict depression by taking 
the textual content in Facebook posts and ana-
lyzing which LIWC dictionaries were most reliable 
for predicting depression. This study will create 
an LIWC index based on the results of Eichstaedt 
et al. (2018). The current study’s index focused on 
these five LIWC categories to predict depression:
• First-person singular: First-person singular con-

sists of 23 words in the LIWC category. Exam-
ple first-person singular words include “I”, “me”, 
or “mine.”

• Feel (perceptual process): Feel is a category of 
the perceptual process in LIWC that includes 
128 words in the category, including “feels” 
and “touch.”

• Sadness: Sadness is a category in LIWC under 
negative emotions that has 136 words includ-
ed. Examples of words in the sadness category 
are: “crying”, “grief”, and “sad.”

• Negative emotions: The negative emotions 
category in LIWC, which includes words like 
“hurt”, “ugly”, and “nasty”, includes 744 words.

• Cognitive processes: The cognitive processes 

 category in LIWC has a total of 797 
words, including “cause”, “know”, and “ought.”
 Predicting Suicidality. The present 
study predicted suicidality by relying on the re-
sults from O’Dea et al. (2017), which harvested 
suicide-related Twitter posts to linguistically an-
alyze reliable LIWC categories to predict suicid-
ality. The current study will create a suicidality 
index in LIWC using the following five categories:
• Word count: The word count category in LIWC 

2015 counts the number of words in the giv-
en text. Higher word counts were shown to 
be a factor in predicting suicidality (O’Dea et 
al., 2017).

• Dictionary words: The dictionary words cate-
gory in LIWC give a percentage depending 
on how many words in the given text are in 
the dictionary.

• First-person singular: Same as above (under 
Predicting Depression).

• Relativity (time): This category, which includes 
310 words, is focused on how much any giv-
en text refers to words about time, like “end”, 
“until”, or “season.”

• Personal concerns (death): The death category 
in LIWC analyzes how many words in any giv-
en text refer to death. This category includes 
74 words, including “bury”, “coffin”, and “kill,”

 Predicting Emotional Distress. A re-
liable index to predict emotional distress was 
created in the present study by using the results 
found in Brubaker et al. (2012), which used social 
media to code posts relating to emotional dis-
tress and then analyze the text using LIWC. The 
present study created an index in LIWC using the 
following LIWC 2015 categories:
• First-person singular: Same as above (under 

Predicting Depression).
• Adverbs: The adverbs category analyzes and 

creates a percentage based on how many 
adverbs are in the given text. There are 140 
words in this category and examples include 
“really” and “very.”

• Conjunctions: The conjunction category, 
which includes 43 words, describes how 
many conjunctions are in each text, delivered 
as an overall percentage. Examples of words 
in this category are “and”, “but”, or “whereas.”

• Negations: Negations refer to the number of 
words that are meant to negate, such as “no”, 
“not”, and “never.” This category consists of 62 
words.
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• Anger: The anger category in LIWC 2015 recog-
nizes words that project anger. This category 
includes 230 words, including “hate”, “kill”, and 
“annoyed.”

• Word Count: Same as above (under Predicting 
Suicidality).

 Predicting Uncertainty. Uncertainty is 
easily predicted using the LIWC 2015 program. Cer-
tainty is a linguistic category provided in LIWC, so 
the present study compared the levels of certainty 
in each phase to analyze which group is less certain.

Results
 A total of five hypotheses were tested. Lev-
ene’s test was conducted for each analysis. A Lev-
ene’s test is often used to check the assumption 
that the variances were equal for each sample or 
the homogeneity of variance. A non-significant 
result (p-value of greater than 0.05) indicates that 
there is the assumption of homogeneity of vari-
ance is met. A significant result (p-value of less than 
0.05) indicates the assumption of homogeneity of 
variance is violated. With a t-test, Levene’s test tells 
us whether or not we should interpret the test for 
equal variances assumed or not. The first hypoth-
esis proposed was that Tweets collected during 
2019 would have higher linguistic predictors of de-
pression, suicidal ideation, emotional distress, and 
uncertainty compared to Tweets harvested during 
2018. This hypothesis tests the results from Men-
tal Health America showing an increase in mental 
illnesses from 2018 to 2019 (MHA State of Men-
tal Health in America Report, 2019). Levene’s test 
was significant for suicidality, F (1, 25498) = 4.36, p 
= 0.037, emotional distress, F (1, 25498) = 14.03, p 
< 0.001, and uncertainty, F (1, 25498) = 10.37, p = 
0.001, but not for depression, F (1, 25498) = 1.39, p = 
0.239, indicating that the sampling variances were 
significantly different for suicidality, emotional dis-
tress, and uncertainty. Independent samples t-tests 
were conducted to see if there were significant dif-
ferences in suicidality, emotional distress, uncer-
tainty, and depression in Tweets from 2019 and 
Tweets from 2018. Adjusted t-values were reported 
for suicidality, emotional distress, and uncertainty. 
Tweets harvested from 2019 showed significantly 
higher levels of emotional distress (M = 0.03, SD= 
2.94) compared to Tweets harvested from 2018 (M 
= -0.11, SD = 2.86), t (25495.18) = -3.79, p < 0.001, 
d = -0.05. Tweets harvested from 2019 showed sig-
nificantly lower levels of uncertainty (M = -0.03, SD 
= 1.15) compared to Tweets harvested from 2018 
(M = 0.00, SD = 1.02), t (25318.45) = 2.00, p = 0.045, 
d = 0.03. Tweets harvested from 2019 showed no 

significant change in levels of depression (M = 
0.18, SD = 2.80) compared to Tweets harvested 
from 2018 (M = 0.20, SD = 2.92), t (25498) = 0.41, 
p = 0.685, d = 0.00. Additionally, Tweets harvest-
ed from 2019 showed no significant change in 
levels of suicidality (M = -0.08, SD = 2.66) com-
pared to Tweets harvested from 2018 (M = -0.13, 
SD = 2.59), t (25494.69) = -1.40, p = 0.162, d = 
-0.02 (Figure 1).
 The second hypothesis proposed was 
that Tweets collected during 2020 would have 
higher linguistic predictors of depression, suicid-
al ideation, emotional distress, and uncertainty 
compared to Tweets harvested during 2019. This 
hypothesis tests the results from Mental Health 
America showing an increase in mental illnesses 
from 2019 to 2020 (MHA State of Mental Health 
in America Report, 2020).  Levene’s test was sig-
nificant for suicidality, p = 0.320, indicating that 
the sampling variances were significantly differ-
ent for suicidality and emotional distress. Inde-
pendent samples t-tests were conducted to see 
if there were significant differences in suicidality, 
emotional distress, uncertainty, and depression 
in Tweets from 2020 and Tweets from 2019. Ad-
justed t-values were reported for suicidality and 
emotional distress. Tweets harvested from 2020 
showed significantly lower levels of suicidality (M 
= -0.21, SD = 2.70) compared to Tweets harvest-
ed from 2019 (M = -0.08, SD = 2.66), t (25427.17) 
= 3.83, p < .001, d = 0.05. Tweets harvested from 
2020 showed significantly lower levels of emo-
tional distress (M = -0.06, SD = 3.02) compared 
to Tweets harvested from 2019 (M = -0.03, SD 
= 2.94), t (25386.33) = 2.48, p = 0.013, d = 0.03. 
Tweets harvested from 2020 showed no signifi-
cant change in levels of depression (M = 0.15, SD 
= 2.87) compared to Tweets harvested from 2019 
(M = 0.18, SD = 2.80), t (25499) = 0.83, p = 0.406, d 
= 0.01. Additionally, Tweets harvested from 2020 
showed no significant change in levels of uncer-
tainty (M = -0.02, SD = 1.16) compared to Tweets 
harvested from 2019 (M = -0.03, SD = 1.15), t 
(25499) = -0.83, p = 0.409, d = -0.01 (Figure 2).
 The third hypothesis proposed was that 
Tweets collected during a year of COVID-19 
would have higher linguistic predictors of de-
pression, suicidal ideation, emotional distress, 
and uncertainty compared to Tweets harvested a 
year before COVID-19. Although like hypothesis 
two, this hypothesis tests a time frame of a year 
beginning with the first case of COVID-19 in the 
United States (January 21, 2020 – January 21, 
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2021) and compares it to the year before this date 
(January 21, 2019 – January 20, 2020). Levene’s test 
was significant for emotional distress, F (1, 26498) = 
17.25, p < 0.001 and suicidality, F (1, 26498) = 9.23, 
p = 0.002, but not for depression, F (1, 26498) = 
1.68, p = 0.195 and uncertainty, F (1, 26498) = 0.55, 
p = 0.460 indicating that the sampling variances 
were significantly different for emotional distress 
and suicidality. Independent samples t-tests were 
conducted to see if there were significant differ-
ences in suicidality, emotional distress, uncertain-
ty, and depression in Tweets in a year of COVID-19 
and Tweets in a year before COVID-19. Adjusted 
t-values were reported for emotional distress and 
suicidality. Tweets harvested from a year of COVID 
showed significantly lower levels of suicidality (M 
= -0.20, SD = 2.71) compared to Tweets harvested 
from a year prior to COVID (M = -0.09, SD = 2.65), t 
(26491.19) = -3.17, p = 0.002, d = -0.04. Tweets har-
vested from a year of COVID showed no significant 
change in levels of emotional distress (M = -0.03, 
SD = 3.04) compared to Tweets harvested from the 
year prior (M = 0.01, SD = 2.93), t (26497.96) = -1.18, 
p = 0.239, d = -0.01. Tweets harvested from a year 
of COVID showed no significant change in levels 
of depression (M = 0.18, SD = 2.91) compared to 
Tweets harvested from the year prior (M = 0.17, SD 
= 2.78), t (26498) = 0.33, p = 0.740, d = 0. Tweets 
harvested from a year of COVID showed no signifi-
cant change in levels of uncertainty (M = -0.02, SD = 
1.16) compared to Tweets harvested from the year 
prior (M = -0.03, SD = 1.15), t (26498) = 0.68, p = 
0.499, d = 0.00 (Figure 3).
 The fourth hypothesis proposed was that 
Tweets mentioning COVID-19 would have higher 
linguistic predictors of depression, suicidal ide-
ation, emotional distress, and uncertainty com-
pared to Tweets not mentioning COVID-19. Tweets 
were randomly harvested in batches of 500 in two-
week increments from the first case of COVID-19 
in the United States on January 21, 2020 until the 
end of data collection on April 19, 2021. Levene’s 
test was significant for depression, F (1, 32998) = 
1744.91, p < 0.001, suicidality, F (1, 32998) = 378.55, 
p < 0.001, emotional distress, F (1, 32998) = 1375.59, 
p < 0.001, and uncertainty, F (1, 32998) = 323.89, 
p < 0.001, indicating that the sampling variances 
were significantly different. Independent samples 
t-tests were conducted to see if there were signif-
icant differences in suicidality, emotional distress, 
uncertainty, and depression in Tweets mentioning 
COVID-19 and Tweets not mentioning COVID-19. 
Adjusted t-values were reported. Tweets harvested

mentioning COVID-19 showed significantly low-
er levels of depression (M = -0.49, SD = 1.55) 
compared to Tweets harvested not mention-
ing COVID-19 (M = 0.20, SD = 2.93), t (25032.79) 
= -27.08, p < 0.001, d = -0.30. Tweets harvest-
ed mentioning COVID-19 showed significantly 
higher levels of suicidality (M = 0.38, SD = 2.24) 
compared to Tweets harvested not mentioning 
COVID-19 (M = -0.21, SD = 2.71), t (31864.80) = 
21.51, p < 0.001, d = 0.24. Tweets harvested men-
tioning COVID-19 showed significantly higher 
levels of emotional distress (M = 0.10, SD = 2.22) 
compared to Tweets harvested not mention ing 
COVID-19 (M = -0.03, SD = 3.06), t (30133.62) = 
4.58, p < 0.001, d = 0.05. Tweets harvested men-
tioning COVID-19 showed significantly high-
er levels of uncertainty (M = 0.04, SD = 0.61) 
compared to Tweets harvested not mentioning 
COVID-19 (M = -0.02, SD = 1.16), t (24928.40) = 
6.06, p < 0.001, d = 0.07 (Figure 4).
 The final hypothesis proposed was that 
Tweets collected during COVID-19 but before 
vaccine distribution would have higher linguis-
tic predictors of depression, suicidal ideation, 
emotional distress, and uncertainty compared to 
Tweets collected during COVID-19 but after vac-
cine distribution. Tweets were harvested during 
COVID-19 beginning on the date of the first re-
ported case in the United States on January 21, 
2020, and finished on December 13, 2020, the 
day before vaccine distribution began. Tweets 
were then harvested during vaccine distribution 
beginning on December 14, 2020, until data col-
lection ended on April 19, 2021. Levene’s test was 
significant for depression, F (1, 32998) = 18.05, p 
< 0.001, suicidality, F (1, 32998) = 11.09, p = 0.001 
and emotional distress, F (1, 32998) = 20.13, p < 
0.001, but not for uncertainty, F (1, 32998) = 0.18, 
p = 0.675, indicating that the sampling varianc-
es were significantly different for depression, 
suicidality, and emotional distress. Independent 
samples t-tests were conducted to see if there 
were significant differences in suicidality, emo-
tional distress, uncertainty, and depression in 
Tweets collected during COVID-19 but before 
vaccine distribution and Tweets collected during 
COVID-19 but after vaccine distribution. Adjust-
ed t-values were reported for all but uncertainty. 
Tweets harvested during COVID-19 but before 
vaccine distribution showed significantly lower 
levels of depression (M = -0.18, SD = 2.35) com-
pared to Tweets harvested after vaccine distribu-
tion began (M = -0.06, SD = 2.41), t (18556.44)
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 = 4.06, p < 0.001, d = 0.05. Tweets harvested during 
COVID-19 but before vaccine distribution showed 
significantly lower levels of suicidality (M = 0.03, 
SD = 2.47) compared to Tweets harvested during 
COVID-19 but after vaccine distribution (M = 0.21, 
SD = 2.59), t (18195.48) = 5.84, p < 0.001, d = 0.07. 
Tweets harvested during COVID-19 but before vac-
cine distribution showed significantly lower levels 
of emotional distress (M = -0.02, SD = 2.64) com-
pared to Tweets harvested during COVID-19 but 
after vaccine distribution (M = 0.17, SD = 2.73), t 
(18446.63) = 5.91, p < 0.001, d = 0.07. Tweets har-
vested during COVID-19 but before vaccine dis 
tribution showed no significant change in levels 
of uncertainty (M = 0.01, SD = 0.94) compared to 
Tweets harvested during COVID-19 but after vac-
cine distribution (M = 0.01, SD = 0.91), t (32998) = 
0.06, p = 0.956, d = 0.00 (Figure 5).

Discussion
 There were many significant differences 
found in our analyses, some supporting our hy-
potheses and others not. Results from 2018 and 
2019 Tweets showed that 2019 had higher levels 
of emotional distress, lower levels of uncertainty, 
and no change in depression or suicidality. These 
results of an increase in emotional distress support 
our first hypothesis, while the results from depres-
sion, suicidality, and uncertainty do not support our 
hypothesis. Results from 2019 and 2020 showed 
that 2020 Tweets had lower levels of suicidality and 
emotional distress and no significant change in de-
pression and uncertainty. All these results were in-
consistent with our second hypothesis. The results 
testing the third hypothesis showed that Tweets 
collected during a year of COVID-19 showed low-
er levels of suicidality compared to Tweets collect-
ed the year before COVID-19. Results also showed 
no significant change in emotional distress, de-
pression, and uncertainty. These results did not 
support our third hypothesis. The three hypothe-
ses comparing Tweets from 2018 to 2019, 2019 to 
2020, and the year before COVID-19 to the year of 
COVID-19 were used to compare Mental Health 
America’s (2019, 2020) results of an increase in 
mental illness in the United States. Possible expla-
nations for these results could be that not enough 
data was collected from Twitter to fully analyze the 
mental health changes over three years, as a small 
sample size was collected compared to the other 
big data studies, and the overall number of Tweets 
over these three years.  
 Results testing the fourth hypothesis of 
comparing COVID-19 Tweets and non-COVID-19

Tweets showed the COVID-19 Tweets had lower 
levels of depression compared to non-COVID-19 
Tweets. Results also showed higher levels of sui-
cidality, emotional distress, and uncertainty in 
COVID-19 Tweets compared to non-COVID-19 
Tweets. The results with suicidality, emotion-
al distress, and uncertainty all supported our 
hypothesis. The depression results were the 
opposite of our hypothesis. One possible rea-
son for the depression results being opposite 
could be the linguistic variable used to calcu-
late depression. The categories of the first-per-
son singular, feel, sadness, negative emotion, 
and cognitive processes could all be less useful 
when talking about COVID-19 in Tweets. For ex-
ample, one might not be speaking in the first 
person as much (because they are focusing on 
talking about COVID-19) and might be speaking 
more matter-of-factly about COVID-19, which 
does not use as much feeling, sadness, or neg-
ative emotions. Further studies need to be done 
on this idea. The results for the last hypothesis 
showed that Tweets harvested during COVID-19 
before vaccine distribution showed lower levels 
of depression, suicidality, and emotional distress 
compared to Tweets harvested after vaccine 
distribution. Results also showed no change in 
uncertainty. These results did not support our 
hypothesis, as depression, suicidality, and emo-
tional distress all increased during vaccine distri-
bution. One possible explanation for this could 
be an increase in stress regarding things such as: 
worry about how/when vaccines will be read-
ily available when lockdowns/mask mandated 
will end, etc. These worries or disappointments 
might increase levels of suicidality, depression, 
and emotional distress during this time because 
of the lack of information on when things will “go 
back to normal.” Future research should focus on 
different emotional changes and survey groups 
in the population on their feelings about vaccine 
distribution. 
Implications
 There were many implications from the 
current study. The results show that there have 
been multiple changes in mental health during 
COVID-19, especially when talking directly about 
COVID-19. The increase in suicidality, uncer-
tainty, and emotional distress while discussing 
COVID-19 has implications on how talking about 
the pandemic could affect individuals mentally, 
and more research should be conducted about 
how talking about COVID-19 could impact peo
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ple. More research needs to be conducted to fully 
understand the major mental health issues caused 
by the COVID-19 pandemic. Another implication 
of the current study has to do with the integration 
of big data with psychology. Data mining provides 
an important avenue to explore in the field of psy-
chology, as it allows researchers to collect a much 
larger amount of data in a short amount of time 
compared to other data collection methods (case 
studies, self-reports, lab experiments, etc.). While 
data mining has its limitations, it provides a good 
alternative to self-report methods where there is 
often a personal bias that comes with individual 
self-reporting. Big data and data mining provide an 
invitation for the field of psychology to implement 
it and open up a new area of research that hasn’t 
yet come close to being fully explored.
Limitations
 There were some pitfalls and limitations 
of this research, specifically relating to using data 
mining for this research. While data mining helped 
provide a higher sample size compared to other 
methods of data collection, it limited the amount 
of participant information that came with the data 
being collected, so there was no way to see how 
different demographic information, such as gen-
der, ethnicity, nationality, and age, impacted the 
results of this research. Demographic information 
can be an important aspect of research, especial-
ly when looking for potential differences in mental 
distress during COVID-19. If there is a difference in 
results based on demographic information, then 
this could have impacted the results of the study. 
There could be a difference in how one has react-
ed to COVID-19 based on their demographics, but 
future research is needed where demographic in-
formation can be collected along with other data. 
Another limitation of the current research study 
is that it did not consider more nuanced uses of 
Tweets (sarcastic Tweets, using slang, etc.). LIWC is 
a tool used to analyze Tweets, but a downside of 
the program is that it doesn’t take into account the 
nuance involved in language. Tweets like this that 
need more context to fully understand the mean-
ing behind them could be an important area of 
study when analyzing the linguistics of the Tweets. 
As data mining and Twitter information improve 
and adapt, future research should be able to collect 
more information on the participants along with 
the data.
Future Research
 This introductory research study can help 

set a foundation and trajectory for future re-
search. Results showed that there are some dif-
ferences in the way that people on Twitter talk 
with regard to COVID-19, often resulting in more 
language relating to suicidal ideation, emotional 
distress, and uncertainty.
 Future research should focus on these re-
sults with a larger sample size from Twitter. An-
other focus should be on testing why depression 
might be decreasing when discussing COVID-19 
on Twitter instead of the increase seen with the 
other linguistic variables. Lastly, future research 
should focus on the general opinion of vaccine 
distribution in the United States, as it seems to 
have increased levels of depression, emotional 
distress, and suicidality compared to before vac-
cine distribution. In all, there are many different 
future approaches needed to better study the 
overall effects that COVID-19 has had on the 
overall population.
 To summarize, the current study uses big 
data and data mining to collect Tweets and LIWC 
to linguistically analyze the Tweets. This study in-
tegrates the ideas of big data and data mining 
into psychological research to discover how the 
COVID-19 pandemic has impacted mental health. 
The current study provides results showing that 
various aspects of the COVID-19 pandemic have 
played a negative role in mental health. The 
pandemic itself seems to have played a role in 
the overall outlook on mental health, but also 
just discussing COVID-19 seems to have played 
a role in negatively impacting different mental 
health issues or symptoms. There seems to also 
be some difficult responses to vaccine distribu-
tion and the overall outlook after vaccines start-
ed to be distributed. The COVID-19 pandemic 
has created a difficult environment in the world, 
and the pandemic has brought a worrying level 
of mental distress at a time when mental health 
issues were already increasing at an alarming 
rate. There needs to be more research on how 
COVID-19 has impacted individuals mentally be-
cause of how broad of an impact the pandemic 
has had across the globe.
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Figure 1

2018 vs. 2019 Tweets

Note. This figure illustrates the difference in suicidality, depression, emotional distress, and uncer-
tainty in 2018 compared to 2019, which was described in hypothesis one.
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Figure 2

2019 vs. 2020 Tweets

Note. This figure illustrates the difference in suicidality, depression, emotional distress, and un-
certainty in 2019 compared to 2020, which was described in hypothesis two.
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Figure 3

Year Of vs. Year Prior Tweets

Note. This figure illustrates the difference in suicidality, depression, emotional distress, and un-
certainty during a year of COVID-19 (January 21, 2020 – January 21, 2021) compared to the year 
before COVID-19 (January 20, 2019 – January 20, 2020, which was described in hypothesis three.



4 5

Figure 4

COVID vs. Non-COVID Tweets

Note. This figure illustrates the difference in suicidality, depression, emotional distress, and uncer-
tainty in 2018 compared to 2019, which was described in hypothesis one.
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Figure 5

Vaccine vs. Non-Vaccine Period Tweets

Note. This figure illustrates the difference in suicidality, depression, emotional distress, and un-
certainty during COVID-19 before vaccine distribution (January 21, 2020 – December 13, 2020) 
compared to Tweets collected after the beginning of vaccine distribution (December 14, 2020 
– April 19, 2021), which was described in hypothesis five.  
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Appendix A

Coding Used in R to 

Pull Tweets

#install.packages(“devtools”)

devtools::install_github(“kevintaylor/rtweet”)

install.packages(rtweet)

# load twitter library - the rtweet library is recommended now over twitteR

library(rtweet) 

setwd(“/Users/travi/Desktop/R Files”) #Set your WD to where your data is and where you 

want the eventual CSV to save to 

app_name <- “TKelly Research”

consumer_key <- “********” #in the quotes, put your API key 

consumer_secret <- “**********” #in the quotes, put your API secret token

access_token <- “************************* #in the quotes, put your API key 

access_secret <- “******************” #in the quotes, put your API secret token 

## create token

#token2 <- rtweet_user(consumer_key, consumer_secret)

token2 <- create_token(app_name, consumer_key, consumer_secret)

#create

## print token

token2

token3 <- “******************************”

## save token to home directory

path_to_token <- file.path(path.expand(“~”), “.twitter_token.rds”)

saveRDS(token2, path_to_token)

## create env variable TWITTER_PAT (with path to saved token)

env_var <- paste0(“TWITTER_PAT=”, path_to_token)

## save as .Renviron file (or append if the file already exists)

cat(env_var, file = file.path(path.expand(“~”), “.Renviron”), 

    fill = TRUE, append = TRUE)

## refresh .Renviron variables

readRenviron(“~/.Renviron”)
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#Pulls the twitter data

tweet_df <- search_fullarchive((“(-Covid -Covid19 -Covid-19 -Coronavirus) (lang:en) 

(-is:retweet)”), n = 100,

                               fromDate = “201001010000”, toDate = “201801131214”,

                               env_name = “Testing”, 

                               token = token2)

tweet_df

#Covid OR Covid19 OR Covid-19 OR Coronavirus

#”-Covid AND -Covid19 AND -Covid-19 AND -Coronavirus”

x<-plain_tweets(tweet_df )

x

write_as_csv(x, “BEFORECOVID0518.csv”) #Writes the tweets into a  CSV document. Saves it 

to your specified WD.

#And He said unto me: It is done.


