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Abstract

Importance

Over seven million U.S. adults experience persistent health issues after COVID-19,
known as “long COVID”. Although multiple guidelines recommend the inclusion of
functional status in long COVID diagnostic criteria, more evidence is needed to guide
this recommendation. This study explored the adjusted odds of developing long
COVID by pre-infection symptoms and functional status, and the feasibility of estimat-
ing functional status using health records data.

Design & Methods

Retrospective cohort study of U.S. adults with history of COVID-19 enrolled in a mul-
ticenter national cohort study through July 2022 (All of Us Controlled Tier CDR 7.0),
using diagnostic, procedure, and billing codes from the health record, and baseline
survey responses. The risk of long COVID was estimated using logistic regression
by pre-infection (-5 years) incidences of (a) at least one symptom common in long
COVID, and (b) functional impairment, and adjusted for disease and demographic
characteristics.

Results

N=65,464 met inclusion criteria; n=40,655 had post-infection occurrences of at least
one symptom (long COVID group), n=24,809 had none (recovered). Adjusted odds
ratios of developing long COVID increased with older age, female sex, Black racial
identity, earlier variant, non-vaccination, lower pre-infection self-reported mental and
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according to the All of Us data access framework
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org/hc/en-us/articles/22346176432532-Data-
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cognitive health, and number of pre-infection symptoms. Adjusted odds were not
significantly affected by any single pre-infection symptom, self-rated physical ability,
or EHR-derived indicators of prior functional impairment.

Conclusions

In this model, there were no significant differences in risk of long COVID based

on either pre-infection total incidences of long COVID symptoms (compared to

the average of 4) or pre-infection functional impairment. This suggests that long
COVID was associated with a change from baseline functioning and health, includ-
ing in people with pre-infection incident symptoms and functional impairments. The
impacts of co-occurring pre-infection symptoms requires further investigation. Both
harmonized electronic health records data and patient-reported outcomes contrib-
ute important data for developing the diagnostic utility of functional status changes
in long COVID.

Introduction

Among U.S. adults with a history of SARS-CoV-2 infection, 7.7 to 23 million
experience persistent post-acute symptoms [1] termed “long COVID” [2]. About
7.5% of U.S. adults reported long COVID symptoms in June 2024, and about 5.5%
reported activity limitations as a result [3]. Long COVID is a patient-generated term
for new-onset or exacerbated, and persistent, symptoms and health conditions
after COVID-19 infection [2,4—9]. Common presentations include fatigue, post-
exertional malaise, cognitive impairment, headache, breathing difficulty, muscu-
loskeletal pain or weakness, sleep disturbance, and mood disorder [10] among
many others [11-13]. Long COVID symptoms affect complex and “chosen” activity
patterns (such as productivity and leisure) more dramatically than basic self-care
[14,15] forcing some patients to abandon complex routines and roles in work, fam-
ily, and community life [6,16].

Clinical diagnostic definitions and criteria of long COVID are an urgent and ongo-
ing focus of study [2]. Multiple research initiatives have been launched to study
recovery from COVID-19 in large samples with the goal of identifying unique signa-
tures of symptoms and biomarkers [11,17—21], many using electronic health records
(EHR) data. These studies have marshalled extraordinary amounts of data into vari-
ous phenotypes and diagnostic hallmarks [22], providing vital direction on the disease
and its impact. However, few have included quantifiable indicators of daily functioning
[23], despite early patient reports describing profound impact on daily life [6,24] and
proposed criteria asserting that an impact on daily functioning is a critical diagnostic
component [2,25]. Because most EHR-based phenotyping studies have not included
data on how disability manifests or is treated, their resulting diagnostic classifications
have excluded this diagnostic feature.

Additionally, although post-infection presentations have been thoroughly investi-
gated, studies of pre-infection occurrences of these same symptoms, conditions, and
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functional impairments are limited [26,27]. Concerning symptoms, most studies that explore the emergence of symptoms
and conditions after COVID-19 have not compared this to, nor assessed risk based on, their pre-infection prevalence
[22]. Concerning functional status, pre-infection disability has been found to be associated with a two- [28] to three-fold
[29] increase in long COVID, and pre-infection sense of well-being and mood have also been found to be associated with
long COVID [30]. The meaning and utility of post-infection functional status as a diagnostic criterion requires evidence
of the patterns of functional status that preceded infection, both in people who did and did not develop post-infection
sequelae. Because long COVID includes worsened or exacerbated conditions that were previously well-managed [5], both
pre-infection symptoms and functional status may be relevant to estimating risk of developing long COVID and tailoring
management strategies [22].

The aim of this study is to explore whether pre-infection functional status and pre-infection occurrences of common
long COVID symptoms are associated with development of at least one long COVID symptom, adjusted for demographics
and infection characteristics, in a diverse population-based sample.

Materials and methods
Design and data source

This is a retrospective cohort study of participants enrolled in the U.S. National Institutes of Health All of Us Research Pro-
gram through July 2022 (curated data repository version 7.0), Controlled tier C2022Q4R9 [31] accessed through the All
of Us Researcher Workbench [32] between May 1 2023 and March 3, 2026. All of Us is among the most comprehensive
population-level biobanks in the world [33] enrolling participants from all 50 U.S. States and three territories and over-
recruiting from groups that are historically underrepresented in medical research. Participants share baseline function and
health data through surveys, biospecimens, and release of EHR data which is subsequently scraped every three months.
The scientific question, approaches, and anticipated findings of the first author’s use of these data have been posted for
review by participants and the public on the program’s Research Project Directory. The program and data snapshots can
be viewed at https://www.researchallofus.org/data-tools/.

Sample

All of Us participants 18 years of age and older with at least one incidence of any indicator of COVID-19 iliness were
included. Diagnostic indicators were (a) laboratory values for positive PCR, antigen, or antibody test, (b) self-reported
illness assessed from May 2020 through February 2021 with the All of Us COVID-19 Participant Experiences (COPE) sur-
vey, or (c) the ICD-10 code for COVID-19 (U07.7) (S1 Appendix A, Table A.1 in S1 File). In compliance with All of Us data
use agreement policies, investigators transformed date of birth to years of age promptly following import, and collapsed
counts of fewer than 20 to prohibit subgroup membership identification in summary tables.

Long COVID and Recovered participant groups. Participants with COVID-19 history were grouped by whether their
EHR showed at least one diagnosis or observation code from a list of 38 long COVID symptom and condition categories
(see below, “Pre- and post-infection incidences of long COVID symptoms”, and S1 Appendix A, Table A.2 in S1 File) at
least 28 days after first infection. Participants with at least one symptom were classified in the “long COVID” group; the
rest were classified in the “recovered” group. The post-infection interval of 28-days was chosen to capture health and
daily functioning beginning after the presumptive acute infection phase but still within the 90-day timeframe of medical
leave allowable under the U.S. law [34]. While this is sooner post-infection than the 90-day window in other studies [22]
and the WHO proposed diagnostic criteria [25], a shorter interval is of interest to both classification and clinical interests
for targeted rehabilitation services. Because functional impairment is proposed as part of the diagnostic classification,
we wished to characterize long COVID in a timeframe that would be clinically useful in the U.S. for utilizing skilled
rehabilitation for functional impairment. (S1 Appendix Aiin S1 File).
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Data sources and variables

Surveys: Demographics, self-reported health, and self-reported function at study enrollment. A/l of Us
participants provide self-report of their health and daily functional status data through validated self-report measures
from the PROMIS battery and All of Us-designed surveys at enroliment. This study used responses to “The Basics”
(demographics), “Overall Health” (daily functioning and mental/cognitive health) survey from the PROMIS Two-Item Global
Health surveys [35] and the “Covid-19 Participant Experience” (COPE) (self-reported COVID-19 symptoms between May
2020 — February 2021) surveys.

Pre- and post-infection incidences of long COVID symptoms and conditions. Symptoms of long COVID
were chosen a-priori based on the Centers for Disease Control and Prevention’s list of symptoms [9] and emergency
billing code for Post-COVID conditions [36], prior phenotyping and patient-led literature, and the authors’ clinical and
community research experience. These sources yielded a list of 44 symptoms/conditions (“descendent” codes), which
fell under 38 categories (“ancestor” codes) within the All of Us data table structure (S1 Appendix A, Table A.2in S1
File). These 38 ancestor diagnoses were queried for all participants. For each category, the first incidence in the five
years prior to infection signified a pre-infection occurrence, and the first incidence 28 days or more after the infection
signified a post-infection occurrence (long COVID group only) of any symptom under that category. Because proposed
empirical definitions of long COVID include exacerbations or relapses of pre-infection conditions [5,13,22], we queried
“any mention” of the symptoms/conditions in this list (rather than “first mention”). Symptom persistence attributable to
COVID-19 infection was not estimated due to the All of Us data structure and privacy policies. S1 Appendix A in S1 File
reports selection process, rationale, condition categories, and exclusions.

Total number of long COVID symptoms/conditions present prior to infection. From the pre-infection symptom
occurrences, a gross measure of pre-infection symptom burden was computed for each participant by tallying all long
COVID symptom categories with observations. This included all symptoms (e.g., headache, joint pain, cough) and
conditions (ME/CFS, POTS, and post-viral fatigue syndromes) used in cohort discovery.

Infection variants active at time of first infection and vaccination status. A time-bound variable was created to
infer variant exposure at date of first SARS-CoV-2 infection. Periods began and ended around the emergence of major
variants as reported by Markov et al [37]. Our variant periods were “pre-VOC/wild type” from January-November 2020,
“pre-VOC/alpha/beta from November 2020 — April 2021, “alpha/beta/delta” from April-August 2021, “delta” from August-
December 2021, “omicron_BA1-BA2” from December 2021 — April 2022, and “omicron BA2-BA5” from April 2022 —

July 2022 (data release cut-off date). Vaccination was noted as “full series” or “not vaccinated” according to the CDC’s
definition at the time of data cut-off (at least a two-dose primary series of MRNA or at least one dose of all other types)
[38] (Appendix A, Table A.3 in S1 File).

Demographics. Age, sex assigned at birth, race, and ethnicity were included based on evidence that these factors
influence risks for both long COVID [39-42] and functional impairment [43,44]. Level of education was included as a proxy
for social determinants of health due to its impact on access to health-supporting societal resources [45], as financial
concerns [46] and greater unmet social needs [47] have been found to be associated with more numerous and persistent
long COVID symptoms.

Pre-COVID daily functioning. Pre-infection functional status was explored using enrollment surveys and functional
status findings (EHR procedure and diagnostic codes) recorded between January 1, 2015 and four weeks prior to first
infection. Survey responses were queried for self-reported performance of physically demanding daily activities, social
roles, and mental/cognitive health. From the EHR, the incidences of medical billing codes for therapeutic procedures
provided by occupational therapists were tallied [48] (S1 Appendix B in S1 File). Additionally, procedure codes under
the vocabulary hierarchy “Finding of Functional Performance and Activity” were grouped into three levels of presumable
impairment (“None”, “Some”, and “Dependent on others”). (S1 Appendix B. in S1 File).
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Quantitative bias analysis of cohort discovery

Potential cohort bias was examined using non-parametric propensity score matching. Bias was estimated for two possible
classification-based approaches: (a) participant enroliment before first COVID infection (retained for this analysis) versus
after (excluded), and (b) a 90 day symptom start date instead of 28 days (S1 Appendix C in S1 File).

Ethics statement

Informed consent for sharing EHR and survey data was obtained from all participants by All of Us Health Provider Organi-
zations responsible for participant recruitment and enroliment. IRB oversight was delegated to the All of Us Central IRB.

Analysis

Demographics of the long COVID and recovered groups were graphed and tested for significant difference using Welch’s
t test (normal), Mann-Whitney U test (non-normal), or X? test (categorical). Unadjusted odds ratios were computed for

all variables. Logistic regression was used to model the adjusted odds of developing long COVID based on pre-infection
symptoms/conditions and pre-infection functional status, adjusted for demographics, variant, and vaccination status (S1
Appendix D, Table D.1-D.2, Fig D.1 in S1 File). Data access and analyses were performed in the All of Us Researcher
Workbench, Jupyter notebooks cloud computing environment, using R [49]. Cohort discovery, data cleaning and organi-
zation, and statistical analyses were completed by the first author using R packages “stats” [50], “rms” [51], “corrplot” [52],
and the “tidyverse” suite [53].

Results

104,993 participants met inclusion criteria of at least one COVID-19 iliness. Participants with missing demographic survey
responses (n=21,202) were removed. Further removed were n=16,815 participants who enrolled after their first COVID-19 indi-
cator (allowing use of enroliment questionnaires as pre-infection self-reported baseline functioning and health data); n=1,506
due to non-responses to the social survey questions (permitting these responses to be combined as an ordinal summary scale);
n=>5 participants with erroneous diagnostic codes (concept name and code was for SARS-CoV-2, but the dates of diagnosis
corresponded with previous SARS-type virus outbreaks in the early 2000’s); and n=1 due to an extreme and clinically unlikely
value of 1286 (or 321 hours) for their 5-year CPT billing code total. The final sample was N=65,464 participants, with 40,655
showing at least one post-infection symptom (long COVID group) and 24,809 showing none (recovered group) (Fig 1).

Quantitative bias analysis of cohort discovery

When comparing pre- and post-infection enrollees, non-parametric propensity score matching showed a low match rate
of 45% between pre- and post-infection enrollees (S1 Appendix C, Figs C.1-C.2 in S1 File) suggesting that more recent
enrollees (excluded from this analysis) differed in some demographic and disease characteristics. This may have been
related to programmatic influences on recruitment that affect the sample over time such as adjustments in recruitment to
increase sample diversity or the addition of new study sites in previously under-represented regions or patient popula-
tions, and may indicate that some of these groups are underrepresented in this sample. When classifying participants into
long COVID groups using a 90-day delay from first infection, 7.2% (n=3,032) participants who had been cases at the-28
day classification period moved into the control group, leaving n=38,607 long COVID cases. As none of the original con-
trols were re-classified under the longer lag time, this group showed no differences. The standardized mean differences
between cases and controls using this study’s original 28 day classification timeframe remained substantial (above 0.1).
This indicates that use of a 90-day classification scheme would have changed the group distributions very little. A 28-day
classification of long COVID symptoms was thus retained for these analyses. (S1 Appendix C, Figs (C.3-C.4 in S1 File).
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Enrolled in All of Us, >18 years, with lab, diagnosis, or self-report of COVID-19
N=104,993

22,718 Excluded:

21,202 incomplete demographic
questionnaire responses

16,815 post-COVID enrollees
1,506 missing social survey
responses

5 erroneous diagnostic codes

1 CPT code outlier (likely error).

Enrolled before first COVID-19 infection and completed
demographic and social survey questions

N=65,464
Long COVID group Recovered group
Has = 1 long COVID symptom, No long COVID symptom = 4
= 4 weeks post-infection weeks post-infection
n=40,655 n=24,809

Fig 1. Diagram of the inclusion of participants for final analysis from the available sample of All of Us participants, curated data repository v7,
data through July 1, 2022.

https://doi.org/10.1371/journal.pone.0330793.9001

Model fit

The final model’s moderate R? (0.449) accounted for just under 50% of the total variance. This was not suspected to be
due to bias, as the regularity of the residual plots were satisfactory (S1 Appendix D in S1 File). Multicollinearity among all
variable parameters in the model was assessed using variance inflation factor (VIF) (Appendix D in S1 File). No param-
eters exceeded the chosen threshold of 10. VIF values over 5 were observed for some control variables (Age (6.1), and
Black (5.89) or White race (6.16)). For the primary predictors, variance was slightly inflated for pre-infection functional
status (3.5-3.9), and more so for seven of the pre-infection symptoms’ incidences (5.3-9.5; see Appendix D, Table D.4 in
S1 File). Symptoms’ high VIF may have been caused by their inclusion in the total number of pre-infection incident symp-
toms, which had a VIF score of 6.9 for at least one symptom. The interaction between number of pre-infection symptoms
and years of age was also high (7.29-8.84 for lower numbers of symptoms). These multiplicative and redundant variables
were expected to be collinear with their component variables.

Demographics, variant, and vaccination status

Demographic distributions, and their unadjusted odds ratios and multivariate adjusted odds ratios, are shown in Table 1.
Most participants had their first infection during the pre-variant/wild type period, during which the proportion of long COVID
participants outnumbered that of recovered participants by almost 2—1 (S1 Appendix E, Fig E.1 in S1 File). The Long
COVID participants were older (median 63 (24) versus 60 (28)), and had slightly higher percentages of female and Black
participants than the recovered group. Groups were effectively equivalent in numbers of participants reporting Hispanic/
Latino ethnicity. Adjusted odds of developing long COVID after infection increased with older age. Participants with female
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Table 1. Demographic, functioning, and long COVID disease characteristics and associated odds ratios of developing long COVID in All of Us

participants through July 2022.

Long COVID Symptoms | Recovered P OR AOR (99% Cl), P
N=65464 n=40655 n=24809
Age (mean (SD)) 61.07 (16.03) 57.73 (16.81) | <2.2e-16
Age (median (IQR)) 63 (24) 60 (28) <2.2e-16
25 0.54 (0.43, 0.69),<0.000 |0.68 (0.60, 0.78),<0.000
35 0.64 (0.59, 0.70),<0.000 |0.76 (0.69, 0.83),<0.000
45 0.73 (0.68, 0.79),<0.000 |0.84 (0.79, 0.89),<0.000
55 0.94 (0.87, 1.02) 0.06 0.93 (0.91, 0.95),<0.000
62 1 1
75 1.09 (1.02, 1.17),<0.000 | 1.14 (1.09, 1.20),<0.000
85 1.21(1.12,1.31),<0.000 | 1.27 (1.17, 1.38),<0.000
Sex assigned at Birth (%) <2.2e-16
Female 27230 (65.4) 15571 (61.5) 1.18 (1.13,1.2),<0.000 |1.08 (1.02, 1.14),<0.000
Male 14403 (34.6) 9754 (38.5) 1 1
Race (%) <2.2e-16
Asian 989 (2.4) 999 (3.9) 0.62 (0.55, 0.69), 0.000 |0.92(0.79, 1.1), 0.14
Black or African American 9311 (22.4) 4822 (19.0) 1.20 (1.14, 1.26), 0.000 | 1.12(1.04, 1.2),<0.0
Middle Eastern or North African 293 (0.7) 201 (0.8) 0.89 (0.70, 1.13), 0.21 1.03 (0.76, 1.4), 0.78
More than one population 805 (1.9) 536 (2.1) 0.93 (0.80, 1.07), 0.93 1.01 (0.84, 1.2), 0.91
White 30241 (72.6) 18774 (74.1) 1 1
Ethnicity (%) 0.0002
Hispanic or Latino 458 (2.3) 701 (2.8) 0.83 (0.73, 0.94),<0.000 |0.88 (0.74, 1.03), 0.035
Education (%) <2.2e-16
Advanced Degree 9722 (23) 7230 (29) 0.79 (0.76, 0.83),<0.000 | 0.97 (0.91, 1.03), 0.197
College or college grad 21425 (52) 12661 (51) 1 1
High School/GED 7043 (17) 3658 (14) 1.14 (1.07, 1.21),<0.000 | 0.96 (0.89, 1.03), 0.131
Some High School 1592 (4) 851 (3) 1.11 (0.98, 1.24), 0.02 0.85 (0.73, 0.98), 0.003
Less than high school 328 (<1) 143 (<1) 1.35(1.05, 1.76), 0.002 | 0.97 (0.70, 1.34), 0.798
No Answer 545 (1) 266 (1) 1.21 (0.99, 1.47), 0.01 1.03 (0.81, 1.32), 0.725
Variant of Concern <2.2e-16
Pre-VOC/wild type 21632 (52.0) 7575 (29.9) 1 1
Pre-VOC, alpha, and beta 10138 (24.3) 6446 (25.4) 0.55 (0.52, 0.58),<0.000 |0.61 (0.57, 0.65),<0.000
alpha, beta, and delta 3317 (8.0) 1922 (7.6) 0.60 (0.55, 0.65),<0.000 |0.48 (0.44, 0.53),<0.000
delta 3538 (8.5) 2945 (11.6) 0.42 (0.39, 0.46),<0.000 | 0.32 (0.29, 0.35),<0.000
omicron BA1-BA2 2629 (6.3) 3615 (14.3) 0.25 (0.24, 0.27),<0.000 |0.17 (0.15, 0.18),<0.000
omicron BA2-BA5 385 (0.9) 2829 (11.2) 0.05 (0.04, 0.05),<0.000 |0.02 (0.02, 0.02),<0.000
Vaccination with full primary series(1) (%) < 0.001
Vaccinated 2415 (5.9) 795 (3.2) 1 1

Not Vac cinated

38240 (94.1)

24014 (96.8)

1.91 (1.71, 2.13),<0.000

1.48 (1.29, 1.69),<0.000

Table 1 Legend: Distributions, central tendency, spread, unadjusted odds ratios and adjusted odds ratios of sample demographics, variant at first infec-

tion, and vaccination status.

“OR” = odds ratio; “CI” = confidence interval; “AOR” = Adjusted odds ratio.

Notes: 1. Full primary series as defined by CDC National Healthcare Safety Network Up To Date Guidance for surveillance, for June — September 2022.

https://doi.org/10.1371/journal.pone.0330793.t001
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biological sex and Black or African American racial identity showed slightly higher odds. Adjusted odds were also higher
with earlier variant at first infection, decreasing over each subsequent variant period. Non-vaccination with full primary
series was associated with 48% (1.29, 1.69) higher odds (p<0.000). The small 4.9% proportion of this sample that had
received any combination of vaccines considered to be the full vaccination series by data cut-off resulted in sparse and
unevenly distributed counts when stratified by the primary factors. The relative timing of vaccination and variant exposures
are graphed in S1 Appendix E, Fig E.2. in S1 File)

Pre-infection daily functioning

EHR-recorded billing code indicators of daily functioning showed higher proportions of pre-infection performance difficulty
(10% vs. 4%) and dependence on others for care (6% vs. 2%) in the long COVID group. In baseline functional surveys,
participants in the long COVID group more frequently selected lower ratings on physical activity ability, social score, and
mental health. However, when adjusted for demographics and pre-infection symptom occurrences, a “good”, or moderate,
level of self-rated mental/cognitive health was the only indicator that was associated with increased odds of developing
long COVID (Table 2). This was also evident in the interactions between these indicators and age; neither self-rated nor

Table 2. Pre-infection daily functioning and associated odds ratios of developing long COVID in All of Us participants through July 2022.

Long COVID Symptoms | Recovered |OR AOR (99% ClI), P
N=65464 n=40655 n=24809
Pre-infection functional performance difficulty (%)
None 33933 (83.5) 23494 (94.7) |1 1
Some 4106 (10.1) 926 (3.7) 3.07 (2.79, 3.38),<0.000 | 1.01(0.63, 1.63),<0.9585
Severe or dependent 2616 (6.4) 389 (1.6) 4.65 (4.05, 5.38),<0.000 | 1.41 (0.85,2.31),<0.078
Total CPT units billed 5yrs-28 days prior to infection
mean(sd) 4.45 (17.78) 2.06 (10.22)
0 30325 (77.1) 21282 (85.8) |1 1
5 4263 (10.5) 1618 (6.5) 1.85(1.71, 2.00),<0.000 | 1.00 (0.99, 1.0), 0.23
20 3601 (8.9) 1183 (4.8) 2.14 (1.95, 2.34),<0.000 |0.98 (0.94, 1.0), 0.23
80+ 2138 (5.3) 656 (2.6) 2.29 (2.04, 2.57),<0.000 | 0.93(0.79, 1.1), 0.23
To what extent are you able to carry out your everyday physical activities?
Completely 21470 (52.8) 16608 (66.9) | 1.00 1.000
Mostly 7715 (19.0) 3821 (15.4) |1.56 (1.47, 1.65),<0.000 | 1.04 (0.97, 1.13),<0.140
Moderately 6415 (15.8) 2542 (10.2) |1.95(1.83,2.09),<0.000 |1.02 (0.93, 1.12),<0.590
Alittle 4123 (10.1) 1451 (5.8) 2.20 (2.02, 2.39),<0.000 | 0.94 (0.84, 1.06),<0.211
Not at all 661 (1.6) 254 (1.0) 2.01 (1.66, 2.44),<0.000 | 0.83 (0.65, 1.06),<0.050
No Answer 271 (0.7) 133 (0.5) 1.58 (1.20, 2.08),<0.000 | 1.00 (0.71, 1.41),<0.998
In general, how would you rate your mental health, including your mood and your ability
to think?
Excellent 8057 (19.8) 6092 (24.6) | 1.00 1.000
Very Good 13078 (32.2) 8950 (36.1) | 1.10(1.04, 1.17),<0.000 | 1.04 (0.96, 1.12), 0.235
Good 11924 (29.3) 6286 (25.3) | 1.43 (1.35, 1.52),<0.000 | 1.14 (1.04, 1.25),<0.000
Fair 6009 (14.8) 2781 (11.2) |1.63(1.52,1.76),<0.000 | 1.02 (0.91, 1.15), 0.612
Poor 1279 (3.1) 545 (2.2) 1.77 (1.55, 2.04),<0.000 | 1.11 (0.90, 1.36), 0.206
No Answer 308 (0.8) 155 (0.6) 1.50 (1.16, 1.95),<0.000 | 0.97 (0.70, 1.33), 0.776

Table legend. Unadjusted and adjusted odds ratios of having at least one long COVID symptom after infection by pre-infection functional performance
indicators (EHR observations, number of Occupational Therapy treatment units billed, and self-rated physical performance of daily routines and mental/

cognitive health.)

“OR” = odds ratio; “CI” = confidence interval; “AOR” = Adjusted odds ratio.
“OT” = Occupational Therapy; “CPT” = Current Procedure Terminology.

https://doi.org/10.1371/journal.pone.0330793.t002
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EHR-derived physical independence was a significant predictor of long COVID at any age (S1 Appendix E, Tables E.1 —
E.2 in S1 File). (An interaction between age and self-reported mental health was not run due to indications of poor model

fit with this term (S1 Appendix D in S1 File)).

Pre-infection occurrences of common long COVID symptoms and conditions

The range of pre-infection occurrences of common long COVID symptoms was between 0 and 23. The long COVID group
had a higher median number of pre-infection symptoms (6(6) vs. 1(4), Table 3). The proportions of the number of partic-
ipants with any observations under these broad categories prior to infection are shown in Fig 2 and Table 3. There were

Table 3. Pre-infection occurrence of common long COVID symptoms, and association with development of long COVID.

Long COVID Recovered OR AOR (99% CI), P
Symptoms

Total number of pre-pandemic symptoms of long COVID | 6.11 (3.96) 2.45 (2.94)

(mean (SD))

Total number of pre-pandemic symptoms of long COVID | 6 (6) 1(4)

(median (IQR))
0 0.13 (0.12, 0.14),<0.000 |0.15 (0.04, 0.62), 0.009
1 0.47 (0.44, 0.51),<0.000 |0.39(0.13, 1.13), 0.083
4 1.00 1.00
7 2.13(1.99, 2.27),<0.000 | 1.58 (0.55, 4.59), 0.398

Long COVID symptom/condition group
Joint Pain 25675 (62) 7626 (30) 3.74 (3.58, 3.91), 0.00 1.32(0.83, 2.12), 0.12
Chest Pain 19400 (47) 5054 (20) 3.20 (3.34, 3.68), 0.00 1.03 (0.65, 1.65), 0.86
Abdominal 18803 (45) 5237 (21) 3.17 (3.02, 3.33), 0.00 1.07 (0.67, 1.71), 0.72
Sleep 18241 (44) 3902 (15) 4.29 (4.07, 4.52), 0.00 1.53 (0.96, 2.46), 0.02
Anxiety 17717 (43) 4148 (16) 3.80 (3.61, 3.99), 0.00 1.36 (0.85, 2.19), 0.09
Depression 16639 (40) 3634 (14) 3.99 (3.79, 4.21), 0.00 1.31(0.82, 2.10), 0.14
Cough 15833 (38) 3977 (16) 3.31(3.15, 3.49), 0.00 1.09 (0.68, 1.74), 0.64
Dyspnea 14670 (35) 3308 (13) 3.64 (3.44, 3.45), 0.00 1.14 (0.71, 1.82), 0.48
Fatigue 14172 (34) 3339 (13) 3.42(3.23, 3.61), 0.00 1.13(0.70, 1.81), 0.51
Rash/Skin/Hair 11488 (28) 2965 (12) 2.86 (2.70, 3.04), 0.00 1.27 (0.79, 2.04), 0.19
Headache 11051 (27) 2603 (10) 3.16 (2.97, 3.36), 0.00 0.99 (0.62, 1.59), 0.97
Dizziness 10388 (25) 2398 (9) 3.19 (3.00, 3.40), 0.00 1.04 (0.65, 1.67), 0.83
Diarrhea 9273 (22) 2076 (8) 3.22 (3.01, 3.45), 0.00 1.07 (0.67, 1.72), 0.70
Muscle Pain 6528 (16) 1253 (5) 3.60 (3.31, 3.92), 0.00 1.16 (0.72, 1.87), 0.41
Palpitations 6308 (15) 1469 (6) 2.91 (2.69, 3.15), 0.00 1.15(0.71, 1.85), 0.45
Fever 5537 (13) 1390 (5) 2.63 (2.45, 2.88), 0.00 0.90 (0.56. 1.44), 0.55
Cogpnition 5131 (12) 1117 (4) 3.03 (2.78, 3.32), 0.00 1.01 (0.63, 1.64), 0.94
Paraesthesia 5111 (12) 1169 (5) 2.88 (2.64, 3.14), 0.00 1.09 (0.68, 1.76), 0.64
Tachycardia 4946 (12) 1225 (5) 2.68 (2.46, 2.92), 0.00 0.86 (0.53, 1.38), 0.40
Menstrual Disorder 4304 (10) 1475 (6) 1.87 (1.73, 2.03), 0.00 1.07 (0.67, 1.73), 0.70
Musculoskeletal Chest Pain 3220 (8) 648 (3) 3.20 (2.87, 3.60), 0.00 1.09 (0.67, 1.78), 0.64
ME/CFS (Chronic Fatigue) 2228 (5) 430 (2) 3.33(2.90, 3.83), 0.00 1.04 (0.63, 1.72), 0.83
Sexual Dysfunction 847 (3) 231 (1) 2.26 (1.86, 2.75), 0.00 0.99 (0.60, 1.68), 0.99

Table legend: Percent of participants with versus without long COVID with at least one pre-infection occurrence of common long COVID symptoms, with
unadjusted and adjusted odds ratios of developing long COVID given each symptom/condition.

“OR” = odds ratio; “CI” = confidence interval; “AOR” = Adjusted odds ratio.

https://doi.org/10.1371/journal.pone.0330793.t003
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fewer than 500 incidences of anosmia with sparse cells by group, so this symptom was not included in the model. There
were no pre-infection observations of POTS, PVFS, or ageusia.

Compared to the median number of four pre-infection occurrences of any common long COVID symptom/condition,
having zero incidences was associated with 85% lower adjusted odds of long COVID (p=0.009), with no significant
differences for higher symptoms totals. This was also observed across ages in interactions between symptom totals and
age (S1 Appendix E, Table E.3 in S1 File). Long COVID cases showed between three to five times greater prevalence
of every pre-infection symptom/condition (Fig 2). None of these symptoms were significant predictors of long COVID in
the adjusted model (Table 3) (sleep disturbance was the only symptom category that approached significance (p=0.02)),
however ME/CFS, joint pain, and several others demonstrated high variance inflation factors (S1 Table D.4 in S1 File)
indicating possible underestimation of their effects (S1 Appendix D in S1 File).

Pearson’s R correlations were then computed to assess the pre-infection symptom categories for correlation (S1
Appendix E, Table E.4 in S1 File) and grouped by first principal components analysis (Fig 3). No strong clusters of
symptoms were observed, supporting fitting symptoms individually. Depression and anxiety had the highest correlation
(r=0.53). Moderate to low correlations were found between abdominal pain and both diarrhea (r=0.32) and chest pain
(r=0.32), dyspnea with both chest pain (r=0.4) and cough (r=0.33), ME/CFS and fatigue (r=0.34), musculoskeletal and
generic chest pain (r=0.33), and sleep and depression (0.31).

Discussion

This retrospective cohort study is among the first examinations of long COVID among participants in the All of
Us Research Program. To our knowledge, it is also the first population-level study to explore the relationships
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Pre-infection conditions

O ———— —,

10 20 30
Percent (of 65,464)
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Fig 2. Proportion of each group with pre-infection incidences of common long COVID symptoms. A histogram with side-by-side light (long COVID
group) and dark (recovered group) bars. Shows the differences in the proportion of each group experiencing each long COVID symptoms before infec-
tion (between 5 years and 28 days). The Y axis plots the symptoms or conditions from most-frequently observed (joint pain) to least (sexual dysfunction);
the X axis plots the proportion with any observation of a symptom.

https://doi.org/10.1371/journal.pone.0330793.9002
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Fig 3. Pre-infection symptom/condition correlations grouped by first principal components analysis. Heat map of first principal components
analysis of pre-infection symptom correlations reported in Appendix E Table E.4. Green colors indicate positive correlations (maximum =moderate
correlation between anxiety and depression, R=0.53) and purple indicate negative correlations. Darker colors indicate stronger correlation, whereas
paler colors indicate weaker. White indicates no correlation (menstrual disorder with dyspnea, R=0.00). This heatmap shows a lack of clear and distinct
groupings of pre-infection symptoms.

https://doi.org/10.1371/journal.pone.0330793.9003

between pre-infection occurrences of long COVID symptoms and functional status levels, and their associations with
developing post-COVID symptoms.

These associative findings of pre-infection status contribute several insights into the evolving understanding of the risks
of long COVID. Having a greater number of incident long COVID symptoms before infection, and having poorer functional
status, were both associated with significantly higher unadjusted odds. However, in the full model with all covariates held
at their most-frequently observed values, these effects were much smaller or negligible. Only older age, Black or African
American racial identity, female biological sex, earlier variant period at first infection, non-vaccination status, and moderate
self-rated mental or cognitive health before infection were associated with increased odds of long COVID. The demo-
graphic findings of this study are consistent with other large studies that have found higher prevalence of long COVID
among people of older age [40] and female biological sex [39,40,42]. Our finding of greater likelihood of long COVID
among Black or African Americans partially aligns with other analyses of odds differences by race [39,41]. This interpreta-
tion should be considered cautiously, as we found considerable differences in distributions of race and education between
this sample, all of whom joined the study prior to their first infection, and those who joined after their first infection.

This was the first study exploring the role of pre-infection functional status in a large dataset, and is strengthened by the
use of both a valid and reliable survey [35] and clinician-documented EHR data sources [54]. We noted different unad-
justed strengths and directions of associations from the self-reported versus EHR-derived functional status indicators (with
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moderate pre-infection self-rated mental health/cognition being associated with developing long COVID, while ability to
perform physical daily activities was not). This was notable since many of the concepts contained in the “Finding of Func-
tional Status and Activity” code hierarchy describe physical (e.g., motor and mobility) performance, with comparatively few
cognitive or behavioral observations. Furthermore, in the adjusted odds, the EHR-derived diagnostic codes (pre-infection
symptoms/conditions) for cognitive and mood disorders were also non-significant.

We propose several potential explanations for this discrepancy. First, it is likely that different latent constructs are mea-
sured by clinical observations encoded in the EHR compared to participant self-report on surveys. Self-report measures
yield data on the respondent’s experience or perspective, whereas EHR indicators are likely derived from an external
observer’s observations, often scored from structured tests or biometrics. The latter, as noted above, are predominant in
this dataset’s “Finding of Functional Status and Activity” observation code, and are used in many other studies of func-
tional status as an outcome of long COVID. However, physical functions are not the only contributor to functioning. In
its International Classification of Functioning and Health (ICF), the WHO encodes functioning as the combined effect of
body, context, and task factors on the ability to participate in daily life [55]. A study of pre-pandemic mental health and
well-being indicators found similar discrepancies [30]. The concurrence between survey and EHR data in All of Us has
also been found to vary widely for different diagnostic categories [56], so it is possible that there is a range of concurrence
for functional status data in All of Us as well. Thus, self-report may provide data in this context that cannot be measured
by clinical tools. Second, there is potential for under-detection of slight or moderate functional decreases in EHR data [57]
particularly as functional status is rarely measured outside of acute or geriatric care contexts [58]. Third, systemic and
payor barriers to obtaining mental health care services (and the resulting lack of diagnostic indications in the EHR) may
have contributed to missingness of mental and cognitive health codes in the EHR. It is particularly important to consider
differences between self-report and clinical observation data in persons with long COVID, as self-reported functional
impairments in long COVID are sometimes dismissed in clinical settings [6] or measured with instruments that haven’t
been validated with this population [59—61]. Exploring the concurrence of survey and EHR findings further is an excellent
question for a future analysis. These findings reinforce the importance of collecting and using patient report alongside
EHR data to provide comprehensive descriptions of pre- and post-illness risk and change [62].

This exploration of the pre-infection incidences of symptoms and conditions common in long COVID showed several
insights. First, the distributions of these conditions relative to one another were remarkably similar between long COVID
and recovered participants; with a few exceptions of slight magnitude, the conditions that were more prevalent in partici-
pants who later developed long COVID were also more prevalent in participants who later recovered. However, there was
a striking difference in the proportion of each group experiencing each symptom, often twice as high or more in those who
later developed post-infection long COVID symptoms. Despite this difference in incidence, no single symptom contributed
significantly to higher adjusted odds of long COVID; only sleep disorders approached significance. From a diagnostic
perspective, this aligns with patient-led research findings that long COVID is a change in health status from pre-infection
including both new and exacerbated symptoms and conditions compared to pre-COVID, and that symptom presentation
can vary widely between individuals [5,13,22]. Many (but not all) participants who developed long COVID experienced
pre-infection health issues found in long COVID phenotypes, with a wide range in the number of symptoms. Conversely,
although the risk of long COVID was lower with no pre-infection symptoms, it was not eliminated.

The low correlations between most of these symptoms and weak groupings using first principal components suggest
that, while some symptoms do appear more likely to co-occur, these do not suggest strong patterns of pre-infection symp-
tom incidence in this sample. The exception was a moderate correlation between anxiety and depression, two of the most
common [63] and frequently co-occurring [64] mental health conditions among U.S. adults, which may reflect the increas-
ing prevalence of both disorders in recent years and during the pandemic in particular [65,66]. It is important to note
that, although the adjusted associations between prior symptoms and long COVID were non-significant (except at zero
symptoms) in this study, the model’s variance inflation factors provide evidence that some symptoms’ odds ratios may
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have been underestimated. These results suggest that assessment of pre-infection health, including the presence of and
interaction between ongoing health needs, should be considered in research and clinical management of long COVID, as
previously effective management strategies may require adjustment. A future analysis could explore pre- versus post-
infection changes in symptom and condition distribution, exacerbations versus new conditions, and dimensional reduction
to explore and compare phenotypes.

The finding that earlier periods of first infection increased the likelihood of developing long COVID calls for additional
context and exploration. Presumably, the opportunities to develop symptoms should have increased with time. This data-
set’s cut-off date of July 2022 left little time for people in the last variant period to develop symptoms, and we did not control
for time from first infection to first symptom. Additionally, we found that SARS-CoV-2 vaccination was associated with lower
risk, consistent with other evidence from the same or similar time periods [27,67]. However, we also found that the vaccina-
tion rate in this sample is lower than purpose-built COVID-19 cohort studies of the same period [27] which limited analysis.
A future study could explore potential explanations for this such as differences in vaccination rates between regions or
among the underrepresented groups from which All of Us purposefully over-samples, concurrence of drug encounters with
self-reported vaccination (in the All of Us Minute Survey through early 2022), participant perspectives on vaccines (Min-
ute Survey), or other systemic factors. Due to the relatively crude definition with which we were able to model these data,
we could not determine the relationships between the date at first infection, the timing between vaccination and infection,
the availability of vaccines starting in 2021, or the development of long COVID symptoms while retaining power to detect
differences in risk by exposures of functional status and pre-infection symptom incidences, which were the primary focus of
the present study. This relationship requires further examination beyond the scope of the present work. Growing evidence
suggests that vaccination has complex period-cohort interactions affecting both infection and long COVID, potentially modi-
fied by number of doses, time since last dose (waning), infection timing relative to vaccination, boosting status, and biotech-
nological platform (e.g. MRNA, inactivated spike protein) [68—70]. (For an excellent summary of these challenges during
the time period of this analysis, see Brannock et al, 2023 [27].) This important factor could be explored using a matched
sub-sample of the present study’s sample, or in a future analysis of a later All of Us curated data repository in which more
participants have had vaccination exposures and when the population has spent more time in COVID-19’s endemic phase.

Limitations

This study has several limitations that impact interpretation. First, retrospective studies using EHR data are limited by
detection bias [54,57], a design aspect that could have affected this study in several ways. Several sources of relevant
functional and disease severity data are unavailable in All of Us, and we were unsuccessful in finding proxies for severity
of infection or long COVID symptoms. Detection bias may also have impacted classification of the outcome, particularly
given our classification based on single incidences rather than persistence of symptoms. Second, the Recovered group
may not be a complete representation. A challenge across population-based studies of COVID-19 is the difficulty ver-
ifying that participants without COVID-19 diagnostic and lab indicators were truly unexposed, particularly when using
retrospective EHR data. It is possible that many participants who were not selected for this sample based on EHR evi-
dence of COVID-19 infection had, in reality, been ill with the virus but were not identifiable as such because they did not
report their iliness or present for care, or experienced their first infection when the COPE survey was not administered so
could not self-report their illness. Heterogeneity of health care delivery practices, documentation and measurement may
have also reduced precision in the estimation of the primary predictor. These challenges are difficult to overcome with-
out longitudinal patient report or other indices of symptom severity pre- versus post-infection, which is a limitation of the
All of Us data compared to COVID-19 specific biobanks. Additionally, we were unable to estimate infection severity, an
important factor in post-infection outcomes. Admitting diagnoses and narrative notes (where functional status and patient
report of symptom severity are often described) are suppressed in All of Us for privacy, which precluded connections
between incidences of COVID-19 and hospitalizations and the use of text-to-data methods of data extraction. Presciption
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of Remdesivir, used in acute treatment, was also explored as proxy for disease severity. The cut-off date for this All of Us
data set predated FDA approval of Remdesivir by six months. About 800 participants had been prescribed remdesivir, pre-
sumably for experimental or off-label treatment. This relatively small number was insufficient to make inferences across
the sample, and may have been confounded by access to clinical trials. Finally, we did not include several biomedical

risk factors known to increase risk for long COVID such as cardiovascular disease, diabetes, and BMI. This was done to
avoid over-parameterizing the model and retain power to detect differences in functional status as the primary predictor of
interest. Due to their relationship with long COVID development, the biobehavioral relationships between these conditions
and functional status should be more deeply explored in future investigations with these data. Subsequent examinations
of long COVID in these data could improve precision by combining collinear variables (e.g., using data reduction methods
such as first principal components or hierarchical cluster analyses) or by weighting post-infection symptom occurrences

if the symptom was also present prior to infection. Prospective studies using tools that measure disease and symptom
severity, symptom or functional status change over time, and patient experiences, continue to be critical.

Conclusions

In this model, neither pre-infection total incidences of long COVID symptoms (compared to the average of 4) nor
pre-infection functional impairment increased risk of developing long COVID symptoms after infection. Long COVID was
more likely for participants with self-reported moderate mental or cognitive health prior to infection, older age, female sex,
Black racial identity, earlier variant at time of first infection, and non-vaccinated status. It was less likely for participants
with no common long COVID symptoms occurring before infection. No single long COVID symptom prior to first infection
affected the odds of long COVID after adjusting for demographics, disease factors, and functional status, however the
impact of co-occurring symptoms requires further investigation. Functional status indicators exist in harmonized elec-
tronic health records data and have the potential to reveal the functional impacts of long COVID and improve diagnostic
efficiency, but should be interpreted with caution and considered alongside self-report of function when available. Areas
of future study include developing the diagnostic utility of functional status assessment, uncovering the relationship
between long COVID-related functional changes and ageing, and tracking functional status changes from pre-infection to
post-infection for people with post-COVID symptoms.
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