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Abstract

The mental health risks of the COVID-19 pan-
demic are magnified for medical profession-
als, such as doctors and nurses. To track con-
versational markers of psychological distress
and coping strategies, we analyzed 67.25 mil-
lion words written by self-identified health-
care workers (N = 5,409; 60.5% nurses, 39.5%
physicians) on Reddit beginning in June 2019.
Dictionary-based measures revealed increas-
ing emotionality (including more positive and
negative emotion and more swearing), social
withdrawal (less affiliation and empathy, more
"they" pronouns), and self-distancing (fewer
"I" pronouns) over time. Several effects were
strongest for conversations that were least
health-focused and self-relevant, suggesting
that long-term changes in social and emotional
behavior are general and not limited to personal
or work-related experiences. Understanding
protective and risky coping strategies used by
healthcare workers during the pandemic is fun-
damental for maintaining mental health among
front-line workers during periods of chronic
stress, such as the COVID-19 pandemic.

1 Introduction

The COVID-19 pandemic has magnified existing
mental health disparities globally. Relative to peo-
ple working in other fields, healthcare workers have
experienced greater exposure to COVID-19 and,
consequently, higher risk of death and illness as
well as more time spent apart from loved ones
during quarantine (Walton et al., 2020). An es-
timated 150,000-200,0000 healthcare workers have
died globally from COVID-19 since the start of
the pandemic, with higher rates of infection for
nurses, women, and workers involved in COVID-
19 screening, and higher mortality rates among doc-
tors (Chutiyami et al., 2021; WHO, 2022). Deaths
and illnesses among healthcare workers have led
to severe understaffing in the hardest-hit areas,
causing widespread overwork and burnout in the

healthcare field (Andel et al., 2022). Healthcare
workers experienced higher rates of depression
and suicide than many other professions before
the pandemic (Kalmoe et al., 2019), and suici-
dality, depression, and anxiety disorders have in-
creased among healthcare workers in the last 2
years (Spoorthy et al., 2020; Young et al., 2021).

Beyond pandemic-related social isolation, per-
sonal health risks, and overwork, healthcare work-
ers additionally cope with feeling responsible for
the deaths and symptoms they witness firsthand in
their patients (Zhang et al., 2020)—experiences ex-
acerbated early in the pandemic by the fact that
healthcare workers were often the only people
permitted to be physically present in patients’ fi-
nal hours (Rabow et al., 2021). For many, the
stress of the pandemic has been aggravated by
widespread skepticism of vaccines and the med-
ical system (Schneider et al., 2021). Others have
reported survivors’ guilt related to having early vac-
cine access, feelings of powerlessness with respect
to limited COVID-19 patient treatment options, and
the chronic stress of having insufficient personal
protective equipment while working, particularly
early in the pandemic (Rabow et al., 2021).

Dealing with chronic stress at the front line of an
epidemic or pandemic requires extraordinary cop-
ing and emotion regulation skills—and, at the same
time, likely compromises the mental health of even
the most resilient nurses and doctors. In this project,
we followed the linguistic trajectories of healthcare
workers’ risky and protective coping strategies over
the course of the pandemic. The following sec-
tions first review past research on risk factors and
resilience evident in language use following com-
munity traumas. We then describe a longitudinal
study tracking social and emotional language used
by several thousand self-labeled nurses and doctors
on Reddit, a popular online social discussion plat-
form, over a baseline period followed by roughly 2
years of the pandemic. Analyses focused on main

76



effects over time and moderator models exploring
how language trajectories varied as a function of
health-relevance, self-relevance, and role (nurse or
physician). Finally, we explore the ethical, theoret-
ical, and practical implications of the findings for
clinical psychology and mental health technology.

1.1 Coping with Shared Trauma over Time

Tracking naturalistic language use on the inter-
net is an effective method of measuring how peo-
ple cope with trauma and experience emotions
over time (Vine et al., 2020). Research has, for
example, used both dictionary-based and open-
vocabulary analyses of online language use (includ-
ing social media, online forums, and search engine
activity) to understand how individuals anticipate
and then cope with traumatic events such as sui-
cide attempts (De Choudhury et al., 2016; Ophir
et al., 2020; Roy et al., 2020), relationship disso-
lution (Seraj et al., 2021), illnesses such as breast
cancer (Verberne et al., 2019) and autoimmune dis-
ease (Jordan et al., 2019), and mental health condi-
tions such as anxiety (Ireland and Iserman, 2018)
and depression (Eichstaedt et al., 2018).

Several studies of community coping with
shared traumas—such as the September 11th at-
tacks and natural disasters—have found evidence
of both distress and coping in naturalistic conver-
sational language. Results show a common pat-
tern of increasing affiliative and emotional lan-
guage in the immediate 1-2 weeks after a trau-
matic event followed by a refractory period dur-
ing which such communal coping indicators drop
below baseline, theoretically reflecting social with-
drawal (Cohn et al., 2004; Pennebaker and Harber,
1993; Stone and Pennebaker, 2002). For acute trau-
mas, language typically returns to baseline after
4-6 weeks (Pennebaker and Chung, 2005).

Analyses of social media language use surround-
ing epidemics (e.g., Zika, Ebola) and sociopolitical
movements (e.g., the Arab Spring) have focused
primarily on the transmission of information about
symptoms or events rather than psychological di-
mensions of messages (Hassan Zadeh et al., 2019;
Howard et al., 2011). Previous analyses of psycho-
logical language use during epidemics or disease
outbreaks have typically focused on tracking mark-
ers of distress over short spans of time. For exam-
ple, Tausczik et al. (2012) tracked anxiety language
in tweets about the H1N1 epidemic, revealing that
fears about H1N1 were intense but short-lived, de-

clining within weeks of the initial news about the
disease.

At least one study has used dictionary-based
measures to track coping across the first months of
the COVID-19 pandemic. Based on a large Reddit
sample of people posting in major U. S. city forums,
Ashokkumar and Pennebaker (2021) found that
anxious language spiked and positive emotional,
angry, and analytic language dropped in March
2020. People also referred less to friends and more
to family early in the pandemic. After roughly 6
weeks, these language categories plateaued but re-
mained distinct from pre-pandemic levels in the
previous year. It is unclear whether these patterns
vary as a function of individuals’ life stressors or
will continue to shift over time.

1.2 Linguistic Markers of Distress
Overwork compromises mental health and has
downstream consequences for the quality of in-
dividuals’ close relationships and job performance.
There are several potential indicators of burnout
and work stress that may carry over from the work-
place to online conversations. The clearest linguis-
tic markers of distress and vulnerability to mental
health conditions tend to be self-references (I, me,
my) and negative emotional language, alone and
particularly in combination (Baddeley et al., 2013;
Coppersmith et al., 2015a; Tackman et al., 2019).

Work-related stress has disrupted healthcare
workers’ relationships throughout the COVID-19
pandemic. Long-term quarantining away from
romantic partners and family members due to
frequent exposure to the disease increases lone-
liness and relationship conflict (Murata et al.,
2021). Relationship problems are closely linked
with mental health; for example, breakups and
relationship conflict are common triggers of sui-
cide attempts (Bagge et al., 2013) and depressive
episodes (Monroe et al., 1999). Thus, in tracking
healthcare workers’ conversational language use
over the pandemic, it is critical to target linguistic
markers of affiliation and social behavior.

1.3 Linguistic Markers of Coping
Just as self-directed negativity is a common indica-
tor of psychological distress, the opposite pattern
tends to reflect efforts to gain emotional distance
from personal problems—a tactic that provides re-
lief in the moment but may be risky long term. Re-
search on self-talk and expressive writing has found
that people tend to naturally self-distance, using
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less “I” and more “you,” when recalling negative
events or while discussing stressful events, with
stronger effects for more distressing topics (Dol-
cos and Albarracin, 2014; Kross and Ayduk, 2017).
The same strategy is effective experimentally as
well, with people experiencing less distress when
asked to write about negative life experiences or
personal concerns using self-distancing (e.g., writ-
ing you instead of I). Psychological distance the-
oretically provides an emotional buffer, allowing
people to consider the events that are causing them
distress from the more objective perspective of an
outside observer or friend. Thus, lower first-person
singular pronoun usage may be a healthy emotion
regulation strategy, especially when experiencing
acute distress.

Despite the well-established body of work show-
ing that self-distancing can help with emotional
control and distress, decreased first-person singu-
lar pronoun is not an unambiguous sign of effec-
tive coping. In contexts where self-references indi-
cate self-disclosure or self-reflection, using more
“I”—or alternating between “I” and other personal
pronouns—may be healthier. For example, people
with ambiguous sexual self-concepts who used less
first-person singular when discussing their sexu-
ality were more likely to report drinking alcohol
to cope with personal problems (Hancock et al.,
2018). In expressive writing, where people repeat-
edly privately write about their deepest thoughts
and feelings on a distressing topic, individuals tend
to have better long-term mental and physical health
after the writing intervention if their language indi-
cates a perspective shift (moving from high to low
self-references, or vice versa) across sessions (Pen-
nebaker and Chung, 2007; Seih et al., 2008).

Separate research on compassion has found that
discussing others’ suffering in a less emotional,
more socially distant way is associated with bet-
ter mental health and greater likelihood of taking
proactive steps to help the people who are suffering
or need assistance (Buechel et al., 2018; Minis-
tero et al., 2018). That is, people may be better
able to provide assistance if they feel others’ pain
less acutely. These findings dovetail with research
and practice regarding healthcare workers’ bed-
side manner, where the goal is to show humanistic
compassion for patients while maintaining enough
distance to carry out complex and often risky and
painful tasks (Weissmann et al., 2006).

Word category Examples
Function Words

First-person singular ("I") I, me, my
Third-person plural ("they") they, them, their
Negations no, not, never

Affect
Positive emotion lucky, love, happy
Amusement haha, lol, funny
Admiration cool, amazing, best
Negative emotion hate, worry, sad
Disgust creepy, vomit, ugh

Social
Affiliation call, party, together
High empathy ally, rescue, we
Low empathy yourself, asshat, waste
Prosocial help, support, thanks
Swear words dang, fuck, douche

Table 1: Social and emotional language categories
showing significant linear or curvilinear effects over
time. Linguistic categories, affiliation, swear words,
and prosocial are from LIWC-22 (Pennebaker et al.,
2022). Affect categories are from SALLEE (Adams,
2022). High and low empathy are novel lexica adapted
from Sedoc et al. (2020).

1.4 Hypotheses & Analytic Strategy

The current project took a quasi-exploratory ap-
proach, modeling the trajectories of a wide range
of language variables that are theoretically rele-
vant to risky and protective emotions and social
behaviors (see Table 1). The main predictions were
that healthcare workers would show signs of in-
creasing distress (more negativity, less positivity),
social detachment or isolation (more I and they,
fewer social references, less empathetic language),
and social problems (increased conflict and swear-
ing, and decreased prosocial and polite language)
over time. Linear, quadratic, and cubic associa-
tions were tested for all models. Finally, we tested
three moderators for each model: professional role
(nurse or doctor) and two aspects of linguistic con-
text (first-person singular pronouns and references
to health, e.g., medicine, symptom, vaccine).

2 Method

To obtain the initial sample, we first scraped
a large sample of comments and submissions
from medical-themed forums, or subreddits
(r/medicine, 312,357 posts; r/nurses, 14,927 posts;
r/emergencymedicine, 46,019 posts; r/AskDocs,
1,617,327 posts; r/StudentNurse, 191,525 posts),
that appeared to be moderated by healthcare pro-
fessionals and included "flair" indicating users’
real-life qualifications or specializations. Initially,
2,182,155 messages posted between October 2018
and January 2021 were scraped using the Pushshift
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Rank Content M (SD) Function M (SD)
High Empathy
1 love 0.13 (0.98) and 2.03 (1.78)
2 great 0.1 (0.68) are 0.57 (1.14)
3 feel 0.1 (0.45) your 0.4 (1.02)
4 thank 0.09 (0.91) we 0.33 (0.84)
5 help 0.09 (0.67) how 0.26 (0.88)
6 patients 0.08 (0.36) her 0.15 (0.63)
7 hospital 0.07 (0.41) our 0.13 (0.56)
8 home 0.07 (0.4) us 0.1 (0.51)
9 patient 0.07 (0.37) through 0.07 (0.34)
10 life 0.06 (0.49) omg 0.01 (0.62)
Low Empathy
1 time 0.22 (0.69) the 3.29 (2.77)
2 think 0.18 (0.56) in 1.31 (1.7)
3 new 0.14 (0.8) that 0.97 (1.35)
4 going 0.12 (0.46) but 0.62 (0.93)
5 same 0.11 (0.95) be 0.54 (0.97)
6 better 0.09 (0.53) not 0.53 (1.08)
7 thing 0.08 (0.41) if 0.45 (0.78)
8 say 0.08 (0.39) like 0.41 (1.06)
9 lol 0.07 (0.87) one 0.29 (0.97)
10 long 0.07 (0.47) up 0.27 (0.77)

Table 2: Frequency ranks and descriptive statistics for
content and function words in the high and low empathy
lexica. All numbers are % of total words per document
(concatenated messages per user per month).

API (https://github.com/pushshift/api). Doctors
and nurses were categorized via regular expres-
sion searches over the flair text of these mes-
sages, searching for commonly used phrases and
acronyms used by medical professions (e.g., MD,
M.D., MBBS for doctors; Nurse, PCCN, Nursing,
NP, LPN, CAN, RN, R.N., BSN for nurses). A
total of 2,585 doctors and 4,138 nurses were identi-
fied. Next, we downloaded all available comments
and posts from the 6,723 self-labeled doctors or
nurses on Reddit, totaling over 1.25 million texts,
beginning in June 2019. The start date was selected
in order to establish baseline norms for the sample,
providing roughly 6 months of data from before
the virus began spreading globally and 9 months
before the WHO declared a pandemic.

Texts were concatenated by user and then by
month, excluding months containing fewer than
100 words. We also excluded months for which
fewer than 50% of the words were recognized by
our dictionaries; given that over half of conversa-
tional language typically consists of function words
(“stop words” such as pronouns and articles), texts
containing half or more words that were not cap-
tured by our lexica are unlikely to be conversational
English. Finally, we excluded months in which all
punctuation made up 50% or more of the text (indi-
cating, e.g., ASCII art). The final dataset included
5,409 unique users (n = 3,271 or 60.5% nurses; n

= 2,138 or 39.5% medical doctors) and 67,247,147
words (M = 1,090, SD = 2,355, median = 434 words
per user per month).

For mixed-effects regression modeling, we
regressed language markers on time (linear,
quadratic, and cubic effects), including random
slopes for time, nested within authors, and specify-
ing an autocorrelation structure of order 1 (corAR1)
to account for the non-independence of adjacent
(lag-1) months; all models used the nlme pack-
age (Pinheiro et al., 2021) and were plotted with
splot (Iserman, 2022) in R version 4.2.0 (R Core
Team, 2022). To simplify the time variable and
make the regression coefficients more interpretable,
we transformed months into quarters and then as-
signed each quarter a sequential number, starting
with Q3 2019 as sequence 0 and ending with Q1
2022 as sequence 11. We then squared and cubed
the sequence variable to create the polynomial pre-
dictors.

All references to statistical significance below
use an adjusted p-value threshold rather than the
traditional .05 in order to partly account for inflated
false discovery rates, or Type I errors, due to multi-
ple comparisons. Mixed-effects regression models
tested effects for 30 language variables, each of
which were explored in mixed-effects regression
models including six tests (three linear and poly-
nomial effects and three moderators). Thus, the
corrected α level is .00028 using the Bonferroni
method, a conservative but intuitive correction that
is suitable for exploratory analyses in large sam-
ples (VanderWeele and Mathur, 2019).

Data collection methods and analytic strategies
were approved by internal ethical review at Recep-
tiviti, Inc. and meet federal guidelines for exempt
research under the U. S. Department of Health and
Human Services’ (2017) revised Common Rule.
Consistent with the Reddit API’s User Agreement,
all quantitative data are available online, and we
will not profit from the use of these data.

Deidentified data, the high and low empathy lex-
ica we developed, and R code for downloading indi-
viduals’ messages can be accessed via the project’s
Open Science Framework (OSF) page.1

2.1 Language Measures

LIWC and SALLEE. Texts were analyzed us-
ing the latest version of the Linguistic Inquiry and

1https://osf.io/scmb7/?view_only=
53e8bd3359b3460a907d19f5cb5a0ef6
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Word category Linear β Quadratic β Cubic β
Function Words

I -0.09 -0.18 0.18
They -0.03 0.42 -0.30
Negations 0.01 0.25 -0.20

Affect
Emotionality -0.1 0.55 -0.39
Positive emo. -0.12 0.58 -0.42
Amusement -0.05 0.41 -0.28
Admiration -0.14 0.59 -0.43
Negative emo. 0.01 0.13 -0.09
Disgust -0.09 0.41 -0.27

Social
Affiliation 0.18 -0.63 0.42
High empathy 0.22 -0.66 0.42
Low empathy -0.06 0.47 -0.34
Prosocial 0.15 -0.45 0.27
Swear words -0.07 0.47 -0.32
Question marks 0.01 -0.45 0.34

Table 3: Standardized β from the polynomial mixed-
effects regression model controlling for role (doctor or
nurse) and including linear, quadratic, and cubic se-
quence (time) effects, random slopes for time within au-
thors, and random intercepts for authors. I = first-person
singular pronouns, they = third-person plural pronouns,
emo. = emotion. Bold = two-tailed p ≤ .0003.

Word Count, LIWC-22 (Pennebaker et al., 2022;
Boyd et al., 2022) and a sentiment analysis frame-
work, SALLEE (Syntax-Aware LexicaL Emotion
Engine; Adams 2022). LIWC is a widely used
and well-validated dictionary-based text analysis
tool that outputs the percentage of words in a given
text that fall into one or more of several dozen
grammatical (e.g., pronouns, articles), psychologi-
cal (e.g., emotions, drives), and topical (e.g., work,
health) categories. SALLEE is dictionary-based
as well, providing fine-grained measures of spe-
cific emotions (e.g., curiosity, surprise, disgust)
and summary affective states (e.g., emotionality,
positive emotion) in addition to using syntax-based
logic allowing words adjacent to emotion terms
(e.g., swear words, negations, and intensifiers) to
influence category weights (Adams, 2022).

Empathy lexica. The high and low-empathy
lexica were both adapted from the data-driven em-
pathy dictionary developed by Sedoc et al. (2020),
which was initially trained on a gold-standard em-
pathic reaction corpus (Buechel et al., 2018). For
the revised dictionaries, we first took words in the
highest and lowest-weighted quartiles of Sedoc et
al.’s (2020) empathy dictionary. We then removed
person and place names (e.g., Abuja, Charles; ex-
cepting names used synonymously with low or high
empathy, such as Bundy and Gandhi, respectively),
low-frequency misspellings (e.g., entraprenerur-
ship), numerals, and other words that appeared

Figure 1: Low empathy language (% of total words) as
a function of first-person singular pronoun ("I") usage.
Error bars are standard errors.

to be highly contextual or time-specific. Removal
judgments were made by the authors, with disagree-
ments resolved through discussion. Wildcards were
added sparingly to capture additional word variants
where it was safe to do so (e.g., ambulance*), and
missing British English spellings (e.g., analyse)
were added. Finally, we separated content and
function words in order to explore whether effects
were robust across both types of words. The final
revised dictionaries included 4,059 words (2,105
low empathy, 1,954 high empathy).

Changes to the original empathy dictionary (Se-
doc et al., 2020) were not intended not to improve
measurement accuracy; rather, we aimed to in-
crease interpretability and generalizability, with
the long-term goal of making the lexica accessible
to clinicians and mental health care providers. As
in the original dictionary, high empathy words in
the revised lexica focused primarily on suffering
(e.g., ravaged, hurt, lost) using expressive (e.g.,
emotions, feel), prosocial language (e.g., provide,
reunite), whereas low empathy language included
unemotional or technical words (e.g., acknowledge,
result) and disagreeable or insensitive language
(e.g., idgaf, trashy). For examples used in the cur-
rent sample, see Table 2. The two dictionaries were
moderately negatively correlated, r = -.278.

3 Results

Regression results were consistent with our hy-
potheses with a few notable exceptions. Both effect
sizes and AIC comparisons indicated that cubic
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models were the best fits for the data, and quadratic
models were always a better fit than linear models,
based on the ∆AIC > 2 criterion. The standard
pattern was an approximately flat line at baseline
followed by relatively sharp changes over the first
year of the pandemic followed by another plateau
or period of more gradual change in the same di-
rection (see Table 3), similar to the overall patterns
found by Ashokkumar and Pennebaker (2021).

For the social language categories, doctors
and nurses both showed increasing rates of low-
empathy words (a pattern that was strongest for less
self-referential language; see Figure 1), swearing
(Figure 2), and social detachment (more "they" pro-
nouns, Figure 3) over the course of the pandemic.
In parallel, healthcare workers showed decreasing
rates of words reflecting or referring to social har-
mony and social engagement (high-empathy, proso-
cial, affiliation, and question marks) over time.2

Figure 2: LIWC social categories (affiliation, prosocial,
question marks, swear words) with significant polyno-
mial effects over time.

Contrary to our predictions, first-person singular
pronouns (e.g., I, me, my) decreased over the first
year of the pandemic and then plateaued at a rel-
atively low level (Figure 4). Nurses in particular
used markedly less “I” (5.2% to 4.2%) from base-
line to early 2022. Doctors’ first-person singular
usage was lower than nurses’ at baseline (3.9%),
perhaps reflecting physicians’ relatively higher sta-
tus (Kacewicz et al., 2014).

2For high empathy, effects were parallel and the conclu-
sions of hypothesis tests were identical when function words
were removed from the lexicon. For low empathy, results were
not significant after removing function words, all t < |2|.

Figure 3: Other-focused pronouns over time. We =
first-person plural, they = third-person plural, she/he =
third-person singular.

The emotional language results were partly con-
sistent with our predictions. As expected, emo-
tionality and some negative emotions (namely dis-
gust) increased over time. However, most nega-
tive emotion categories did not change significantly
over time (e.g., sadness, fear). More surprisingly,
overall positive emotional language increased over
time, with amusement and admiration showing the
strongest effects for specific emotions (Figure 5).
Amusement is a low-frequency category (M = 0.71,
SD = 1.62; 56.6% of months had 0% amusement)
but showed robust quadratic and cubic effects.

Results for words referring to politeness and con-
flict from LIWC-22 were nonsignificant, despite
showing the predicted trends (increasing conflict
and decreasing politeness over time), both ps > .10,
ts < |3|. Those categories’ low base rates (M =
0.32% and 0.24%, respectively) may have limited
our ability to detect subtle shifts over time.

3.1 Moderation by Health and Self-Relevance

For most variables, effects were not moderated
by whether the conversations focused on health.
There were a few exceptions: for swearing, posi-
tive emotions, and disgust, effects were strongest
for conversations that were not about health. That
is, changes in healthcare workers’ language over
time do not appear to be driven by online discus-
sions of COVID-19 or challenges in their jobs as
nurses and doctors; rather, linguistic changes were
most evident in casual conversations about inter-
ests or hobbies, suggesting that the coping strate-
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gies that people have developed in response to the
exigencies of the pandemic are carrying over into
everyday conversations.

Moderation by self-referential language (I, me
and my usage) was mixed. The overall pattern
was for effects to be stronger for negative cate-
gories (negations, negative emotions, low empathy)
when people were not talking about their own ex-
periences; conversely, effects were strongest for
positive or prosocial categories (affiliation, posi-
tive emotion, and high empathy) when people were
talking about themselves. Such patterns are consis-
tent with the self-protective tendency to distance
oneself from negativity (Ayduk and Kross, 2010).
People may feel more comfortable venting (e.g.,
expressing disgust) when not talking about them-
selves.

Figure 4: LIWC first-person singular pronoun usage (%
of total words) as a function of role.

3.2 Additional Analyses
Early Pandemic Spikes. Many of the plots show
deviations at the start of the pandemic followed by
linear or flat patterns. First-person singular pro-
nouns dipped sharply in March 2020 followed by a
return to near baseline and then a gradual decrease
over time. Affiliation language spiked in the first
month of the pandemic, followed by a slow linear
decline. Although there was no overall linear or
curvilinear effect for first-person plural pronouns,
there is a clear spike at the start of the pandemic
where "we" increases and other pronouns drop be-
fore quickly returning to near baseline (Figure 3).
Sadness and fear spiked in the same month, de-
clined, and then increased gradually in the follow-
ing months.

Word-Level Analyses. To better understand the
results from the most data-driven (and thus least im-
mediately intuitive) dictionaries, high and low em-
pathy, we examined word-level frequencies. Table
2 shows that the most frequently used low-empathy
content words are not rude or callous per se, but
seem to reflect a degree of detachment (e.g., lol,
things, week, think). Low empathy function words
had some overlap with LIWC’s composite analytic
language category, including an article (the), imper-
sonal pronouns (that, there), and prepositions (up,
in)—all of which reflect more formal, categorical
thinking—as well as negations (no, not, never).

New Case Rates. Monthly global new case
rates (cases per million; Hannah Ritchie and Roser
2020) were largely uncorrelated with the language
variables of interest in this study. In mixed-
effects models regressing new case rates onto lan-
guage variables, none met a p < .001 cut-off.
The strongest effect was for first-person singu-
lar pronouns, quadratic effect β = .013, 95% CI
[0.005,0.021], SE = .004, p = .002. However, con-
trolling for new case rates as a covariate did not
affect the conclusions for any models involving
changes in first-person singular over time.

Figure 5: SALLEE emotions (amusement, admiration,
disgust, and anger) that increased over time. All cubic
effects except for anger are significant, p < .001; anger
showed a nonsignificant but positive trend.

4 Discussion

The online conversational language of doctors and
nurses over the course of the pandemic shows a co-
herent picture of people coping with chronic stress
by self-distancing (fewer first-person singular pro-
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nouns) and adopting a more socially detached per-
spective (less empathic and affiliative language). At
the same time, healthcare workers did not seem to
be eschewing emotions; rather, emotional language
increased over time, including more references to
disgust and positive emotions in general.

The emotional effects should be qualified by the
standard caveats of any language-based sentiment
analysis: Affective words, when categorized cor-
rectly, indicate that a person is attending to and
talking about an emotion—which sometimes but
not always correlates with their emotional state at
the time of speaking or writing (Sun et al., 2020;
Eichstaedt et al., 2021). Thus, increases in positive
emotional language may reflect emotion regulation
attempts or coping strategies more than improve-
ments in well-being or mood. What is most striking
is not that positive emotional language increased
near the end of our sample—which could be ex-
plained by decreasing case rates and a slow return
of pre-pandemic freedom in much of the world—
but that positive emotionality only dropped notably
during the first month of the pandemic and did not
decrease again during later spikes in global case or
mortality rates (Figure 6). Indeed, post hoc anal-
yses show that positive emotional language corre-
lated weakly with global new case rates per million,
r = .015. That pattern may support the supposition
that positive language shifts reflected coping strate-
gies (such as positive reframing) rather than overall
well-being (Robbins et al., 2019).

Figure 6: SALLEE composite positive and negative
emotions. Only positive emotion showed significant
linear, quadratic, and cubic effects; negative emotion is
shown for context.

First-person singular pronouns (e.g., I, me, my)
decreased across the pandemic, a pattern that was
starker for nurses than for doctors. "I"-words typ-
ically indicate vulnerability to psychological dis-
tress (i.e., neuroticism or trait negative affectivity;
Tackman et al. 2019) and mental health concerns
related to affect dysregulation, including depres-
sion (Bucur et al., 2021; Holtzman et al., 2017),
anxiety (Brockmeyer et al., 2015; Shen and Rudz-
icz, 2017), eating disorders (Coppersmith et al.,
2015a), and suicidality (Coppersmith et al., 2015b;
Stirman and Pennebaker, 2001). Although the re-
sults were inconsistent with general psychologi-
cal distress, a pattern of decreasing first-person
singular pronoun usage is consistent with using
self-distancing as a self-regulation strategy during
periods of chronic stress. People tend to naturally
decrease "I" pronouns as a means of distancing
themselves from distress and downregulating neg-
ative emotions (Ayduk and Kross, 2010; Dolcos
and Albarracin, 2014). Coupled with less empa-
thetic language over time, however, decreased "I"
rates may represent an adaptation to chronic stress
that helps preserve mental stability in the moment
but leads to stress dysregulation and interpersonal
problems in the future, after the period of severe
stress has passed (Ellis et al., 2017).

4.1 Potential Applications

Occupational burnout has intensified throughout
the pandemic, particularly for jobs that entail regu-
lar risk of exposure to the virus that causes COVID-
19. The healthcare field has been among the most
affected (Alrawashdeh et al., 2021), with women in
particular experiencing more intense and debilitat-
ing burnout (Sriharan et al., 2021), as in other pro-
fessions, partly as a result of gender inequality in
the distribution of family responsibilities and house-
hold chores while working from home (Malisch
et al., 2020). Being able to unobtrusively profile
work-related stress or burnout in available texts
(e.g., internal chats, emails) could help employ-
ers direct mental health resources to employees at
risk of mental health crises before their symptoms
become severe or their work is affected.

Before translating our findings to clinical or in-
dustrial/organizational practice, it will be necessary
to disentangle which long-term or acute changes
in language use are helpful or harmful. Some of
healthcare workers’ linguistic changes over time
may be beneficial in the short-term but have long-
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term costs. For example, as already noted, self-
distancing decreases distress in the moment (Kross
and Ayduk, 2017) but may have long-term psy-
chological costs (Hancock et al., 2018), parallel
to the psychological and social toll of keeping ma-
jor life secrets (Tausczik et al., 2016), refusing to
discuss conflicts with romantic partners (Laursen
and Hafen, 2010), or avoiding thoughts about trau-
matic experiences (Pennebaker, 1989, 2018). In-
deed, people who use less authentic language (a
composite measure that includes "I" pronouns) tend
to be perceived as less likable and credible in so-
cial and entrepreneurial contexts, likely because
first-person singular pronouns are a necessary part
of self-disclosure and intimacy (Markowitz et al.,
2022). Therefore, increasing self-distancing over
time may lead to social and occupational fallout.
Further research should confirm which linguistic
markers of chronic stress may be harmful before
implementing any language-based intervention.

4.2 Limitations

As with many archival samples of naturalistic con-
versations online, the current sample is limited by
a lack of information about the users. It is not pos-
sible to verify each user’s healthcare work experi-
ence, nor can we conclusively assess demographic
characteristics or personality traits that may clarify
or qualify our findings. Reddit users are diverse and
global, but tend to skew American, young, and mas-
culine (Gjurković et al., 2021). Although language-
based models can estimate such individual differ-
ences (Eichstaedt et al., 2021), linguistic cues to
mental health such as negative self-focus (Badde-
ley et al., 2013) are often confounded with gender,
age, and culture. For example, younger people
and women tend to use "I" more (Pennebaker and
Stone, 2003; Tausczik and Pennebaker, 2010), and
negative affect is less stigmatized in East Asian
than in Western cultures (Park et al., 2020).

The results are also limited by the relatively
short baseline period. Using a longer 1 or 2-year
pre-pandemic sample would have more appropri-
ately accounted for seasonality, i.e., cyclical pat-
terns over time operating independently of but
sometimes confounded with the variables of in-
terest (Brendstrup et al., 2004).

Finally, our conclusions are limited by the rel-
atively narrow focus on doctors and nurses. Cop-
ing strategies and emotional experiences over the
course of the pandemic may differ for people in

other workplaces (e.g., restaurants, public tran-
sit) who share doctors’ and nurses’ experiences
with high-infectivity work environments and under-
staffing. However, we provisionally assume that
doctors’ and nurses’ language patterns represent a
microcosm of the global pandemic response, with
people in all professions potentially showing the
same linguistic changes over time to the degree that
their lives have been disrupted by COVID-19.

4.3 Ethics and Privacy
Research on social media language is fraught with
ethical ambiguity. All messages we analyzed are
public, and Reddit norms encourage anonymity.
Yet social media users often fail to realize the de-
gree to which others may be able to triangulate per-
sonal information from messages they have posted
online (Mneimneh et al., 2021). Furthermore, peo-
ple who are comfortable disclosing private thoughts
and feelings in a familiar online community may be
less sanguine about researchers reading and repub-
lishing their messages. That is, despite the public
nature of Reddit, users may have reasonably ex-
pected relative privacy (believing only fellow sub-
reddit subscribers would see their messages) while
writing.

To respect the individuals in this sample, texts
and usernames will only be shared pending ethi-
cal review of the proposed research (see Bender
et al. 2020). All deidentified, quantitative data are
available at the OSF link referenced above.

4.4 Conclusion
Dictionary-based analyses of a large naturalistic,
longitudinal sample of healthcare workers’ on-
line conversations revealed psychological strengths
and vulnerabilities among people working in high-
risk positions on the front lines of the COVID-
19 pandemic. Understanding how people cope—
adaptively and otherwise—with chronic stress can
help to calibrate mental health treatment for not
only doctors and nurses, but also other high-risk
professions (Aulisio and May, 2020). In the work-
place, such treatment improvements may decrease
burnout, mitigate staffing shortages, and improve
healthcare quality, thus lightening the global health-
care burden (Gandi et al., 2011). In terms of both
theory and practice in clinical psychology, gain-
ing a clearer picture of everyday coping strategies
offers an opportunity to check and in some cases
reject inaccurate assumptions about how chronic
stress affects social and emotional behavior.
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