1119011

research-article2022

PHJXXX10.1177/22799036221119011Journal of Public Health ResearchGassen et al.

Journal of
Public Health Research

Original Article

Longitudinal changes in COVID-19 concern
and stress: Pandemic fatigue overrides
individual differences in caution

Journal of Public Health Research
2022, Vol. 11(3), 1–10
© The Author(s) 2022
https://doi.org/10.1177/22799036221119011
DOI: 10.1177/22799036221119011
journals.sagepub.com/home/phj

Jeffrey Gassen1, Tomasz J Nowak1, Alexandria D Henderson1,
Sally P Weaver2, Erich J Baker3 and Michael P Muehlenbein1

Abstract
Background: Pandemic fatigue describes a phenomenon whereby individuals experience a decrease in COVID-19
concern over time, despite their risk for infection remaining stable, or even increasing. Individual differences
in the experience of pandemic fatigue may have important implications for people’s adherence to public health
recommendations.
Design and methods: Using data collected from a large community cohort in McLennan County, TX, longitudinal
changes in COVID-19-related concern, stress, and affect across three appointments separated by approximately
4 weeks (July–November 2020) were examined. About 495, 349, and 286 participants completed one, two, and three
appointments, respectively. Changes to stress physiology and local travel over time were also analyzed.
Results: Results of a latent class growth analysis revealed four distinct classes of individuals: (a) low concern, low
stress, (b) moderate concern, moderate stress, (c) moderate concern, low stress, and (d) high concern, high stress.
Despite differences between latent classes in initial levels of concern, stress, and negative affect, levels of each variable
decreased over time for all groups. While this reduction of concern did not coincide with changes in local travel, it
was reflected in heart rate and blood pressure.
Conclusions: Together, these results suggest a general trend of pandemic fatigue in the sample, even for those with
moderate-to-high levels of initial COVID-19 stress and concern. Such findings may provide insights into the expected
challenges of promoting compliance with public health recommendations as the pandemic continues.
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Introduction
Since the beginning of the COVID-19 pandemic,
research has revealed a striking degree of variability
among individuals in pandemic-related vigilance, stress,
and concern.1–5 Such individual differences in psychological responses to the pandemic appear to have important implications for engagement in health-protective
behaviors. That is, people reporting high levels of pandemic-related concern, stress, and anxiety are often
more likely to comply with public health recommendations, such as social distancing and the use of face coverings in public.4,6–9

The tendency for individuals to exhibit decreases in
pandemic-related vigilance and concern is often referred
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2
to in the scientific literature as “pandemic fatigue” (or
colloquially as “COVID fatigue”).10–14 Pandemic fatigue
is hypothesized to stem from dissatisfaction with pandemic-related uncertainty and protracted disruptions to
normal routines, interpersonal relationships, and economic activity.5,15,22,32,36 Despite a growing number of
studies reporting patterns of pandemic fatigue in diverse
populations,10,16,17 there is still a paucity of research
examining whether certain groups of individuals are
more susceptible to this than others. Also yet to be
explored is whether pandemic fatigue is manifested in
physiological markers of stress, such as blood pressure18,19 and resting heart rate.20–22 Longitudinal studies
are well-suited to redress these gaps and provide novel
insights into the nature of pandemic fatigue.
One useful statistical tool for modeling trajectories of
change over time, and patterns of individual differences
thereof, is latent class growth analysis (LCGA).23–29
LCGA utilizes structural equation modeling to classify
individuals into latent, or unobserved, groups through
the detection of similarities in their initial levels of, and
rates of change in, a variable or set of variables.25 For
example, in a dataset where concern about the government’s response to COVID-19 and anxiety levels are
both measured longitudinally, there may be a subgroup
of individuals reporting high initial concern but low
anxiety, another subgroup with low initial concern and
high anxiety, and yet another subgroup with moderate
levels of both measures. Many other permutations are
also possible, including differences between subgroups
in how these variables change over time, which is of
particular relevance to the study of individual differences in pandemic fatigue. Logistic regression can also
be used to examine factors that predict class
membership.
The current research explored aspects of pandemic
fatigue and travel in longitudinal data collected from a
community cohort between July–November 2020.
Using an LCGA framework, participants were categorized into latent groups based on their self-reported levels of concern about lifting restrictions, stress, and
affect across three appointments separated by approximately 4 weeks each. Data were collected against the
backdrop of consistent increases in COVID-19 cases
and deaths in the county (Supplemental Figure S1).
Accordingly, we interpreted reductions in COVID-19related distress as indicative of pandemic fatigue.
Follow-up analyses were conducted to assess whether
several demographic, health, and risk perception variables emerged as independent predictors of group membership. A final set of exploratory analyses tested
whether physiological markers of stress and frequency
of travel outside of the home changed across the study
using linear mixed effects models.
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Design and methods
Procedure
Data were collected as part of the Waco COVID Survey, a
longitudinal study testing for the presence of anti-SARSCoV-2 immunoglobulin G (IgG) in the sera of asymptomatic participants living in McLennan County, TX.
Additional information about the project and participant
sample, as well as the demographic characteristics of the
county, is available in a previous publication.3 The Waco
COVID Survey was approved and endorsed by the WacoMcLennan County Public Health District, and as a public
health surveillance study, met the exclusion criteria for
institutional review board approval at 45 CFR 46.102(e)
and (l) for all Baylor University researchers, staff, and volunteers. Waco Family Medicine researchers, staff, and volunteers were approved to assist with data collection by the
institutional review board at Ascension Providence
Hospital and Medical Center of Waco, TX. All participants
provided informed consent and were at least 18 years of
age, lived in McLennan County since December 2019,
were fluent in English or Spanish, and did not have any
signs or symptoms of COVID-19 between March 13,
2020, and their dates of participation.
Before their first laboratory visit, participants completed an online intake survey that included questions
about demographics, health, affect, personality, and
COVID-19 risk perceptions and attitudes. At first laboratory
visit, anthropometric and routine physiological measurements were taken, followed by an intravenous blood draw.
Participants who tested negative for anti-SARS-CoV-2 IgG
were invited back for two additional laboratory appointments (each including a blood draw and the same physiological and anthropometric measurements), separated by
approximately 4 weeks. Subjects who developed signs or
symptoms of COVID-19 between appointments, as well as
those who received a positive PCR test during that period,
were excluded from further participation. During the week
preceding each of their follow-up laboratory appointments, participants completed additional questionnaires
that included a subset of items measured in the intake survey. In total, 495 participants completed their first appointment, 349 completed two appointments, and 286 completed
all three appointments.

Materials
Concern about lifting COVID-19 restrictions
To assess concern about lifting COVID-19 restrictions, participants responded to three items using a 7-point scale
(1 = not at all concerned; 7 = very concerned) at each session: (a) “How concerned are you that lifting public restrictions too quickly or early will result in more
COVID-19-related deaths in the United States?”; (b) “How
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Table 1. Intercepts (initial levels) and slopes of each variable by latent class.
Latent class

1. Low concern, low
stress (n = 101)
2. Moderate concern,
moderate stress
(n = 168)
3. Moderate concern,
low stress (n = 190)
4. High concern, high
stress (n = 36)
Sample overall

Concern about lifting
restrictions

Stress

I (SE)

S (SE)

I (SE)

2.98 (0.17)

−0.51 (0.06)***

2.10 (0.07) −0.19 (0.04)*** 1.56 (0.06) −0.08 (0.03)**

5.93 (0.11)

−0.43 (0.07)***

2.83 (0.07) −0.15 (0.03)*** 2.09 (0.06) −0.11 (0.03)*** 2.88 (0.05)

−0.02 (0.04)

5.97 (0.11)

−0.46 (0.06)***

1.95 (0.05) −0.15 (0.03)*** 1.45 (0.03) −0.06 (0.02)*** 3.64 (0.07)

0.02 (0.03)

6.30 (0.24)

−0.13 (0.12)

3.59 (0.13) −0.25 (0.07)*** 3.14 (0.13) −0.11 (0.10)

0.11 (0.09)

5.34 (0.07)

−0.44 (0.03)***

2.40 (0.03) −0.15 (0.02)*** 1.80 (0.03) −0.08 (0.01)*** 3.23 (0.03)

S (SE)

Negative affect

Positive affect

I (SE)

I (SE)

S (SE)

3.42 (0.07)

2.36 (0.13)

S (SE)
0.13 (0.03)***

0.04 (0.02)*

I: intercept, with time centered at baseline such that intercepts reflect group means at Session 1; S: linear time slope; SE: standard error.
*p < .05, **p < .01, ***p < .001.

concerned are you that lifting public restrictions too quickly
or early will result in more COVID-19-related deaths in
McLennan county?”; and (c) “How concerned are you that
lifting public restrictions will not happen quickly enough?”
Items were combined into mean composites (session 1:
α = 0.88; session 2: α = 0.89, session 3: α = 0.88).

Stress and affect
Participants responded to the short-form Perceived Stress
Scale (PSS-4) (Herrero and Meneses, 2006)30 at each time
point using a 5-point scale. Mean composites were
formed, each of which yielded good reliability (session 1:
α = 0.80; session 2: α = 0.83, session 3: α = 0.82). Higher
scores indicated greater perceived stress.
Positive and negative affect were assessed at each time
point using the Positive and Negative Affect Schedule
(5-point Likert-type scale) (Watson et al., 1988).31 Mean
composites for positive and negative affect were computed; all yielded good reliability (positive: session 1:
α = 0.90; session 2: α = 0.91, session 3: α = 0.92; negative:
session 1: α = 0.88; session 2: α = 0.86, session 3: α = 0.89).

Physiological measures
At each session, participants’ forehead temperature was
measured twice using a forehead thermometer (EXERGEN
TAT-5000). Data analyzed in the current research included
averages of these two measurements at each session. After
sitting for several minutes, blood pressure (systolic and
diastolic) and pulse (beats per minute) were measured in
triplicate using automatic upper arm blood pressure monitors (OMRON HEM-907XL and BP785N). Averages of
these measurements were analyzed.

Travel behavior
At the first session, participants reported how many times
they left their home each week during Texas’s shelter-in-place

order (March 13–May 1, 2020). Specifically, they were
asked how often they left to (a) buy essential supplies, (b)
go to a friend’s house, (c) go to a gas station, (d) go to a
liquor store, (e) pick up food from a restaurant, and (f) go to
a public park. At each subsequent session, participants were
asked how often each week, on average, they left their
home for these reasons in the month prior to their
appointment.

Class membership
Data were collected on several demographic, personality,
health, and risk perception variables that may covary with
COVID-19 attitudes, stress, and affect. These included
age, sex, body mass index (BMI), race and ethnicity, education, whether the participant had health insurance,
whether the participant worked as a first responder or
healthcare worker, risk tolerance, germ aversion and perceived infectability,32 pathogen disgust,33 perceived
COVID-19 knowledge, perceived risk of becoming
infected with the SARS-CoV-2 virus, and perceived risk
of experiencing severe COVID-19 disease if infected. We
tested whether each of these variables predicted membership in the latent classes. See Supplemental Materials for
more information about these variables.

Results
Latent class determination
The latent class growth analysis was conducted using
MPlus statistical software.34 Data analysis plan and additional information about the LCGA is available in the
Supplemental Materials. The results of the multivariate
LCGA yielded an optimal four class solution
(Supplemental Table S1 for results of LCGA; Table 1 for
slopes and intercepts by class; Supplemental Figure S2 for
individual slopes). Based on patterns of responding
among these groups, we henceforth refer to Class 1
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Table 2. Descriptive statistics for predictors of latent class membership.
Variable

Age (years)
Sex (female) (%)
Body mass index (kg/m²)
Hispanic (%)
Education (1–10)
Has insurance (%)
First responder/healthcare worker
(%)
General risk tolerance (1–7)
Germ aversion (1–7)
Perceived infectability (1–7)
Pathogen disgust (1–7)
Perceived COVID-19 knowledge
(1–7)
Perceived risk for COVID-19
infection (1–7)
Perceived risk for severe
COVID-19 (1–7)

Class 1

Class 2

Class 3

Class 4

Predicted
class
membership

Moderate concern,
Low concern, low stress moderate stress
(n = 168, 116, 94)
(n = 101, 76, 62)

Moderate concern,
low stress
(n = 190, 137, 113)

High concern, high
stress (n = 36, 20,
17)

45.76 (14.29)
46.5
27.69 (5.45)
8.9
5.71 (1.97)
97.0
28.7

40.79 (12.93)
67.9
28.75 (6.52)
18.0
5.87 (2.08)
92.3
39.9

48.92 (14.50)
66.8
29.28 (6.59)
24.2
6.00 (2.10)
94.2
39.5

34.03 (8.45)
63.9
32.73 (6.65)
30.6
5.86 (2.09)
86.1
17.1

*
*

4.39 (1.55)
4.23 (1.14)
2.69 (1.22)
4.35 (1.54)
5.93 (0.91)

3.40 (1.64)
5.37 (1.07)
3.42 (1.24)
4.62 (1.34)
6.13 (0.97)

3.50 (1.76)
5.17 (0.95)
2.85 (1.20)
4.66 (1.22)
6.20 (0.90)

2.83 (1.92)
5.56 (1.20)
3.53 (1.17)
5.23 (1.12)
5.81 (1.14)

*
*
*

3.94 (1.71)

4.35 (1.45)

3.84 (1.56)

4.25 (1.78)

2.95 (1.47)

3.81 (1.46)

3.65 (1.46)

4.50 (1.50)

*
*
*

*

Shown here for continuous variables are means and standard deviations (parentheses).
*
Indicates that the variable significantly predicted likelihood of belonging in a class relative to the reference class (Class 3) in a multinomial logistic regression analysis.

Table 3. Logistic regression analysis for demographic predictors of latent class membership.
Variable
Age
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Sex
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
BMI
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Hispanic
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Education
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Has insurance
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
First responder or healthcare worker
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)

b

SE

t

p

OR

CIs

−0.02
−0.07
−0.19

0.01
0.02
0.04

−1.55
−5.07
−4.54

0.12
<0.001
<0.001

0.98
0.93
0.83

(0.95, 1.01)
(0.90, 0.96)
(0.76, 0.90)

0.76
−0.05
0.97

0.36
0.31
0.50

2.11
−0.17
1.92

0.04
0.86
0.06

2.13
0.95
2.63

(1.06, 4.29)
(0.52, 1.74)
(0.98, 7.07)

−0.05
−0.03
0.03

0.03
0.03
0.05

−1.46
−1.06
0.53

0.15
0.29
0.60

0.96
0.97
1.03

(0.90, 1.02)
(0.52, 1.74)
(0.94, 1.12)

−1.50
−0.91
−0.25

0.54
0.36
0.67

−2.78
−2.55
−0.38

0.01
0.01
0.71

0.22
0.40
0.78

(0.08, 0.64)
(0.20, 0.81)
(0.21, 2.89)

−0.25
−0.05
0.16

0.09
0.08
0.18

−2.90
−0.69
0.92

<0.001
0.49
0.36

0.78
0.95
1.18

(0.66, 0.92)
(0.82, 1.10)
(0.83, 1.67)

1.13
0.27
−0.22

0.81
0.71
1.05

1.40
0.37
−0.21

0.16
0.71
0.83

3.10
1.30
0.80

(0.64, 15.00)
(0.32, 5.27)
(0.10, 6.26)

−0.88
−0.31
−1.83

0.43
0.31
0.89

−2.04
−1.01
−2.07

0.04
0.31
0.04

0.41
0.73
0.16

(0.18, 0.97)
(0.40, 1.34)
(0.03, 0.91)

Shown here are unstandardized regression coefficients (b), standard errors (SE), t-values (t), p-values (p), odds ratios (OR), and confidence intervals for the ORs (CIs).
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Figure 1. Longitudinal trajectories for physiological measures separated by latent class: low concern, low stress (Class 1),
moderate concern, moderate stress (Class 2), moderate concern, low stress (Class 3), and high concern, high stress (Class 4).
Systolic blood pressure (BP) shown in panel (a), diastolic BP in (b), pulse in (c), and forehead temperature in (d).

(n = 101) as the “Low Concern, Low Stress” category,
Class 2 (n = 168) as the “Moderate Concern, Moderate
Stress” category, Class 3 (n = 190) as the “Moderate
Concern, Low Stress” category, and Class 4 (n = 36) as
the “High Concern, High Stress” category. For all comparisons, the largest class (Moderate Concern, Low
Stress; Class 3) was the reference group.
For the sample, overall, concern about lifting pandemic restrictions significantly decreased across time,
b = −0.44, SE = 0.03, t = −14.32, p < 0.001, as did negative affect, b = −0.08, SE = 0.01, t = −6.05, p < 0.001, and
stress, b = −0.15, SE = 0.02, t = −10.06, p < 0.001. In
comparison, positive affect slightly increased, b = 0.04,
SE = 0.02, t = 1.98, p = 0.047.
Similar changes were observed for all latent classes
over time (Table 1). That is, all groups exhibited a
decrease in stress across the study, and all but the High
Concern, High Stress category reported a decrease in
concern and negative affect. Together, these results suggest that even though the four latent classes varied considerably in their mean levels of concern and distress,
these variables tended to decrease at a similar rate over
time for each group.

Predictors of class membership
See Table 2 for descriptive statistics stratified by latent
class. Logistic regression was used to test predictors of
class membership. Regarding demographic characteristics
(Table 3), results revealed that the Moderate Concern,
Moderate Stress class, and High Concern, High Stress
class were younger on average. The Low Concern, Low
Stress class contained more men than the reference class,
and also reported lower education. Those in both the Low
Concern, Low Stress and Moderate Concern, Moderate
Stress classes were also less likely to identify as Hispanic
than those in the Moderate Concern, Low Stress reference
class. Healthcare workers were more likely to be in the
Moderate Concern/Stress classes.
Furthermore, individuals in the High Concern, High
Stress class reported lower general risk tolerance than the
reference class, as well as higher perceived risk for severe
COVID-19-related illness if infected (see Table 4 for full
statistics). The Low Concern, Low Stress class had lower
germ aversion scores and lower perceived risk for severe
COVID-19 compared to the reference group. The Moderate
Concern, Moderate Stress class only differed from the reference class in that they reported higher general perceived
infectability.
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Table 4. Logistic regression analysis for risk perception predictors of latent class membership.
Variable
General risk tolerance
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Germ aversion
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Perceived infectability
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Pathogen disgust
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Perceived COVID-19 knowledge
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Perceived risk for COVID-19 infection
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)
Perceived risk for severe COVID-19
Low concern, low stress (Class 1)
Moderate concern, moderate stress (Class 2)
High concern, high stress (Class 4)

b

SE

t

p

OR

CIs

0.19
−0.04
−0.58

0.10
0.09
0.25

1.91
−0.52
−2.28

0.06
0.60
0.02

1.21
0.96
0.56

(1.00, 1.48)
(0.81, 1.13)
(0.34, 0.92)

−1.04
0.11
−0.02

0.17
0.15
0.34

−5.97
0.73
−0.05

<0.001
0.47
0.96

0.35
1.12
0.98

(0.25, 0.50)
(0.83, 1.51)
(0.51, 1.90)

0.03
0.31
0.33

0.17
0.12
0.29

0.16
2.49
1.13

0.87
0.01
0.26

1.03
1.36
1.39

(0.74, 1.44)
(1.07, 1.74)
(0.78, 2.47)

0.08
−0.07
0.66

0.16
0.12
0.35

0.52
−0.58
1.89

0.60
0.56
0.06

1.09
0.93
1.94

(0.80, 1.48)
(0.74, 1.18)
(0.98, 3.86)

−0.26
0.11
−0.61

0.21
0.17
0.31

−1.25
0.66
−1.96

0.21
0.51
0.05

0.77
1.12
0.54

(0.51, 1.16)
(0.80, 1.57)
(0.29, 1.00)

0.03
0.14
−0.02

0.12
0.10
0.21

0.27
1.35
−0.07

0.79
0.18
0.94

1.03
1.15
0.99

(0.82, 1.29)
(0.94, 1.41)
(0.65, 1.49)

−0.29
0.17
0.74

0.13
0.13
0.23

−2.17
1.32
3.24

0.03
0.19
<0.001

0.75
1.19
2.10

(0.58, 0.97)
(0.92, 1.53)
(1.34, 3.30)

Shown here are unstandardized regression coefficients (b), standard errors (SE), t-values (t), p-values (p), odds ratios (OR), and confidence intervals
for the ORs (CIs).

Class differences in physiological changes

Class differences in travel

Longitudinal changes in physiology and travel were analyzed using linear mixed-effects models in R.35 See
Supplemental Materials for full statistics. For systolic
blood pressure, results revealed a significant main effect
of time, b = −1.03, SE = 0.41, t = −2.54, p = 0.01, indicating that, for the sample as a whole, participants experienced a modest decrease in systolic blood pressure over
the course of the study. Similar decreases were found for
diastolic blood pressure, b = −1.11, SE = 0.29, t = −3.86,
p < 0.001, pulse, b = −1.51, SE = 0.32, t = −4.71,
p < 0.001, and forehead temperature, b = −0.10, SE = 0.5,
t = −2.08, p = 0.04. Together, these results indicate that
like concern about lifting pandemic restrictions, negative affect, and self-reported stress, physiological correlates of stress declined across study sessions for the
sample. These effects were largely uniform across
classes, with only minimal differences observed among
the four groups (Figure 1).

Only minimal changes in average weekly trips were
reported across the study period. While these behaviors
did not consistently differ across classes, those in the Low
Concern, Low Stress group did tend to report more visits
to friends’ houses, b = 0.66, SE = 0.20, t = 3.40, p < 0.001,
and trips to the liquor store, b = 0.19, SE = 0.07, t = 2.59,
p = 0.01, than the reference group (Figure 2).

Discussion
The current research examined the landscape of differences in COVID-19 concern and stress, as well as patterns of pandemic fatigue, in a large community,
longitudinal cohort. For the study sample overall, concern about lifting pandemic restrictions, negative affect,
and self-reported stress decreased across the three study
sessions (separated by approximately 4 weeks each),
while positive affect increased. Considering these
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Figure 2. Longitudinal trajectories for travel measures separated by latent class: low concern, low stress (Class 1), moderate
concern, moderate stress (Class 2), moderate concern, low stress (Class 3), and high concern, high stress (Class 4). The y-axis
represents typical number of reported trips of that type in an average week.

findings alongside the general increases in COVID-19
cases, hospitalizations, and deaths locally, statewide,
and globally during this period suggests the development of a general pandemic fatigue among many study
participants. This interpretation is further supported by
the longitudinal stress physiology measurements which
revealed decreases in blood pressure, pulse, and forehead temperature across the study.
Regarding the four latent classes extracted by the
LCGA, the largest group reported moderate concern about
restrictions, but low levels of stress. That pandemic restrictions were at the forefront of many community members’
minds, yet most did not have direct interactions with
COVID-19 illness (i.e. all had remained asymptomatic),
may explain why a large portion reported some concern
about restrictions, yet low levels of stress and negative
affect. The possibility that this low reported experience
with COVID-19-related issues influenced patterns of pandemic fatigue should be considered when interpreting the
results of the current research.
Regarding age and other predictors of class membership,
one surprising set of findings revealed that the Moderate
Concern, Moderate Stress and High Concern, High Stress

groups were younger than the reference group. Moreover,
the High Concern, High Stress group, despite being younger
on average than the reference class, also had higher perceived risk for severe COVID-19 disease. These findings
identify a unique group of individuals who, although younger
and thus likely to have a relatively low risk for severe
COVID-19 disease compared to older individuals, expressed
high levels of concern and stress throughout the study, as
well as high perceived risk for serious illness if infected.
Elevated COVID-19 anxiety in younger adults compared to
older adults has been previously documented.3,36
Also of interest is that the individuals working in
healthcare settings or as first responders tended to have
moderate levels of concern and stress. This finding may
reflect habituation that occurs in such contexts. That is,
although SARS-SoV-2 exposure risk is higher in healthcare settings, day-to-day exposure to COVID-19 cases,
hospitalization, and/or deaths may cause a desensitization
to these situations over time.37 Another possible explanation is that variability in SARS-CoV-2 exposure is just
higher in the general population relative to people working
in healthcare. For example, people working outside of
healthcare settings (compared to those working in
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healthcare) may be more likely to have either high (e.g.
person has a close relative seriously ill with COVID-19) or
low (e.g. person does not know anyone who was infected)
SARS-CoV-2 exposure, increasing their representation in
the High Concern, High Stress and Low Concern, Low
Stress classes, respectively.
As with any study, there are limitations to consider
when interpreting and generalizing the results of the current research. First, the study participants were not randomly selected from McLennan County’s population, and
the current sample reported higher level of education and a
more Democratic political lean than county averages.3
Further, less than 20% of the sample reported being
Hispanic or Latina/Latino members, which is lower than
county population estimates (https://www.census.gov/
quickfacts/mclennancountytexas). Accordingly, the current results cannot be interpreted as representative of
McLennan County as a whole.
Additionally, it is possible that patterns of pandemic
fatigue found in the current research, especially the decline
in blood pressure and pulse, were influenced by participants’ habituation to the study site.38 However, that a continued decrease in some of these markers was observed
from the second to third session (in addition to the decrease
from the first to second session) seems to suggest these
results cannot merely be reduced to familiarity with the
study’s setting and personnel. Lastly, while the presence of
pandemic fatigue is inferred from the general decreases in
concern and stress found in the current research, we did
not directly ask participants if they felt that they were
experiencing this phenomenon, nor did we explicitly measure changes in compliance with health recommendations.
Future research might benefit from examining whether
individuals’ perceptions of experiencing pandemic fatigue
are consistent with psychological, biological, and behavioral markers of concern and stress.
Another potentially fruitful direction for future research
would be to examine whether there are hormonal and
immunological correlates of pandemic fatigue. It may be
particularly interesting to explore any immunological
shifts that co-occur with changes in COVID-19-related
stress, as these may have implications for vaccine responsiveness and susceptibility to severe illness.39,40
In sum, the current research revealed changes in psychological and physiological markers of stress over time
that were consistent with the development of pandemic
fatigue. While latent class-based differences in concern,
stress, and negative affect did explain some variance in
patterns of pandemic fatigue, levels of each decreased in
nearly all groups identified by the LCGA. The current
project builds on a wealth of recent research examining
psychological and behavioral changes throughout the current pandemic and may lay the groundwork for future
research to further explore how these shifts are manifested
in physiological, immunological, and hormonal markers.
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