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ABSTRACT

Approximately one-third of adults who have had COVID-19 experience a novel
and disabling multi-system syndrome termed “long COVID”. Long COVID can impair
performance of complex daily routines that are vital to independence (e.g. caregiving, work and
school, and community life). The disability caused by long COVID is expected to cost billions of
dollars of lost wages in the U.S. alone.

Although daily functioning is proposed diagnostic criterion for long COVID, there is
insufficient scientific evidence describing and operationalizing the functional impairments
experienced by people with this disorder (NASEM, 2024). Measures of functional impairment
have not been included in large EMR-based phenotyping studies attempting to develop a
consensus clinical definition of the disorder. Post-infection changes in functional status are not
well-understood, and clinical screening instruments have been found to be non-sensitive to
functionally impactful symptoms such as long COVID brain fog. Because of these gaps,
individuals with long COVID might not be accurately identified or referred for recommended
interventions (Chuang et al., 2023; Venkatesan, 2021).

This research aimed to: (1) describe demographics, pre-infection symptoms and
functional status indicators, and long COVID symptoms (2) identify patterns and predictors of
functional impairment in long COVID, and (3) explore the impact of age on functional status, in
a retrospective cohort study of people with COVID-19 enrolled in the All of Us Research
Program through July 2022. We found that long COVID increased the likelihood of functional
impairment independent of age or pre-infection symptoms, and that this relationship was
complex and multidirectional. We also demonstrated the feasibility of using harmonized medical

records and survey data in the All of Us Research Program to explore daily functioning as both a



il
diagnostic marker and health outcome.
Assessing both pre-illness functional status and post-illness functional status changes can

improve diagnostic accuracy and sensitivity and guide intervention research so that people with

long COVID can return to thriving and meaningful lives.
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Chapter 1. Introduction and Literature Review

Disease history

In late 2019, a novel strain of the severe acute respiratory syndrome — coronavirus type 2
(SARS-CoV-2) was detected in humans in Wuhan, China. The SARS-CoV-2 pathogen proved
highly infectious, spreading rapidly and causing a respiratory illness termed coronavirus disease
2019 (COVID-19). The World Health Organization (WHO) declared it a global pandemic on
March 11, 2020 (World Health Organization). As of the end of January 2025, the WHO
estimated that over seven million people have died from COVID-19 since it emerged (WHO,
2025b).

By July of 2020, reports were surfacing of people who had survived an initial infection
but were experiencing new or ongoing, persistent, and sometimes debilitating symptoms, some
with post-illness rehabilitation needed to prevent disability (Brugliera et al., 2020; Ceravolo et
al., 2020; de Sire et al., 2022). In addition to reports of major neurologic disease during the acute
phase of illness (Ahmed et al., 2020; Julie Helms et al., 2020; J. Helms et al., 2020), clinical
research teams were reporting unresolved multi-system issues emerging after the initial illness in
both hospitalized (Almeria et al., 2020; Higgins et al., 2020) and non-hospitalized (Tenforde et
al., 2020) patients. Recommendations followed to monitor patients for persistent health changes
after illness (Crook et al., 2021; The Lancet, 2020).

However, post-acute monitoring was a low priority for population health and clinical
services that were absorbed with containing spread and treating people with acute illness. Prior
to the development of vaccines and medications, acute COVID-19 illness management and
infection prevention required significant health care resources. Staff were reassigned or

furloughed, facilities converted, and supplies diverted to cover acute COVID-19 care. Emphasis



in this early time was focused on improving survival, and over-taxed health care systems neither
anticipated nor had resources available to address long-term post-illness effects. As a result,
patients were often unable to either access services or convince providers that there was
something wrong with their health (Ladds et al., 2020). To obtain support and advice, people
around the world began connecting with one another on social media (Goértz et al., 2020;
McCorkell et al., 2021). This spontaneous collective began referring to their experience as “long
haul COVID” (later, simply “long COVID”) (Callard & Perego, 2021), and gave rise to the
Patient-Led Research Collaborative for Long COVID (McCorkell et al., 2021). The
Collaborative insisted on recognition of long COVID as a distinct and real phenomenon through
rigorous patient-driven research (e.g. Davis et al., 2021) and has authored impactful and
innovative science to understand long COVID mechanisms and impacts (Al-Aly et al., 2024;
Davis et al., 2021; Thaweethai et al., 2023). Long COVID is now recognized by policy makers,
researchers, health care providers, and the public at large. As vaccines and antiviral treatments
have improved survival and the virus has become endemic, a growing amount of scientific and

clinical attention has shifted to long COVID.

Long COVID definitions, epidemiology, and mechanisms

Definition and terminology

“Long COVID” is a patient-generated term for a chronic systemic health condition
featuring new-onset or exacerbated, and persistent, symptoms and health conditions after
COVID-19 infection (Al-Aly et al., 2024; McCorkell et al., 2021; Mendelson et al., 2020;
NASEM, 2024; Thaweethai et al., 2023). Multiple organ systems may be involved, including
neurologic, gastrointestinal, endocrine, and others (Brannock et al., 2022; Reese et al., 2023;

Zhang et al., 2023). Common presentations include fatigue, post-exertional malaise (profound



and prolonged fatigue lasting days to weeks following exertion (Haunhorst et al., 2024)),
cognitive impairment, headache, breathing difficulty, musculoskeletal pain or weakness, sleep
disturbance, and mood disorder (Crook et al., 2021) among many others (Davis et al., 2021,
Davis et al., 2023; Zhang et al., 2023). Multiple terms for the disorder have been used by
researchers across disciplines. “Chronic Covid-19” was proposed from a virology perspective
(Baig, 2021), retaining an etiological link to the initial infection. “Post-acute Sequelae of
COVID-19 (PASC)” first appeared in 2021 in a preprint of an implementation study (Peluso et
al., 2021). It has since become widely used across disciplines, giving an open-ended allowance to
include any follow-on observations, but stopping short of implying a diagnosis. “Post-acute
COVID-19 syndrome” (PACS; Nalbandian et al., 2021), “post-COVID syndrome” (PCS; Igbal
et al., 2021), and the WHO’s “post-COVID-19 condition” (2025a) explicitly assert that the
sequelae comprise an distinct health condition. Because the original patient-driven term of “long
COVID” continues to be preferred by patients and patient-led advocacy and research groups, the
present work will henceforth use the terms “long COVID symptoms/conditions” to refer to
collections or single conditions and “long COVID” to refer to the syndrome overall.

The clinical diagnostic criteria for long COVID are still evolving (see “Current
Approaches and Gaps in Evidence”). Most definitions include a combination of disease
exposure, temporality, symptom presentation, symptom duration, and disability or decreased
functional status. Common parameters include lab-confirmed SARS-CoV-2 infection (Soriano et
al., 2022), a minimum of three months’ delay from infection onset (NASEM, 2024; Soriano et
al., 2022), a minimum number and duration of symptoms (Soriano et al, 2022), the presence of

some combination of symptoms (Soriano et al, 2022), considerations for special populations



(Soriano et al, 2022), an impact on daily functioning (NASEM, 2024; Soriano et al, 2022) and no

alternative diagnostic explanation (NASEM, 2024; Soriano et al., 2022).

Epidemiology, economic impact, and risk factors

Estimating the prevalence of long COVID is a challenge compounded by the
heterogeneity of outcome and classification, range of quality and availability of public health
data, and rapid evolution of both the virus and its treatment over time. A recent meta-analysis
found pooled global estimates of 36% (95% CI = 33%-40%) and a pooled U.S. estimated
prevalence of about 30% (95% CI 24%-38%), with an 1> measure of 100 (indicating the
maximum possible proportion of true variance and minimum possible proportion of sampling
error (p<0.001)) (Hou et al., 2025). The U.S. Household Pulse Survey posted November 1 2023
estimated that between 7.7 and 23 million U.S. adults experience persistent long COVID
(National Center for Health Statistics, 2024). This was at least 6% of the U.S. adult population, a
percentage that had remained stable on this survey since January 2023 (Ford et al., 2023). Long
COVID affects people of all demographic identities and disease severity (Banic et al., 2022),
resulting in disability during some of the most productive years of life. The ensuing economic
impact of this novel cause of disability in the U.S. is unsustainable; according to a 2022 report,
up to 4 million people were out of work due to long COVID symptoms, which was projected to
result in over $170 billion in lost wages annually (Bach, 2022). Assuming respiratory symptoms
would become the predominant sequelum, Cutler (2022) estimated that the long-term costs of
long COVID would be similar to those of chronic obstructive pulmonary disease, totalling 2.6
trillion dollars per year due to loss of health. The prevalence and impact of long COVID make

research supporting evidence-based diagnosis and interventions critical.



Demographic factors associated with long COVID

Several demographic factors are consistently associated with the development of long
COVID. Most observational studies find approximately 60-70% of their sample to be female,
and female sex has been identified as both an independent risk factor (Jacobs et al., 2023) and
interacting with age to increase risk (Vasilevskaya et al., 2023). Black and Hispanic respondents
have been shown to have higher burdens of SARS-CoV-2 infection and illness severity (Mackey
et al., 2021), long COVID symptoms and conditions (Jacobs et al., 2023; Khullar et al., 2023),
and access to health services post-hospitalization (Cafias et al., 2024). This is reiterated in the
need for higher inclusion of people of color in COVID-19 clinical research (Gilmore-Bykovskyi
et al., 2021). Older age is an independent risk factor for both SARS-CoV-2 infection and severe
iliness, the latter conferring additional risk for long COVID (Tana et al., 2023). However, the
evidence concerning functional status is relatively mixed for this age group. Studies on long
COVID'’s effect on functioning in middle-aged adults is plentiful, but many use assessment of
employment status (Jaywant et al., 2024), absenteeism, or sick leave (Nielsen et al., 2022),
precluding inclusion of older adults. An analysis of the Household Pulse survey data
counterintuitively found that prevalence of self-reported significant activity limitations was
lower in older compared to middle-aged adults (Ford et al., 2023), which the authors postulate
may be due to selection bias. In hospitalized older adults, lower baseline functional status
increased the odds of post-discharge functional limitations (Izaguirre et al., 2023) and functional
limitations were associated with lower health-related quality of life (Shanbehzadeh et al., 2023).
Another analysis of the Household Pulse survey data through 2022 found that long COVID was

twice as prevalent in respondents with pre-existing disabilities (40.6%) compared to those



without (18.9%) (Hall et al., 2024). The evidence suggests that these demographic factors may

moderate long COVID risk.

Mechanisms

The pathophysiology of long COVID is another area of ongoing investigation and many
remaining questions. Early evidence found that SARS-CoV-2 binds to and enters cells via ACE-
2 receptors, which are extensively expressed in organ systems associated with long COVID
symptoms, including cardiopulmonary, gastrointestinal, and central nervous systems (Crook et
al., 2021; Hoffmann et al., 2020). Viral persistence, immune dysregulation, microbiome
dysbiosis, and prothrombotic inflammation have been explored as putative mechanisms (Al-Aly
etal., 2024).

A high-quality systematic review of the evidence on the mechanisms of long COVID
(Diar Bakerly et al., 2024) summarized the available evidence of physical changes associated
with long COVID overall, and with particular symptoms and symptom clusters. In the acute
infection phase, SARS-CoV-2 is associated with immune dysregulation which may contribute to
developing long COVID symptoms, particularly fatigue, positional orthostatic tachycardia
syndrome (POTS), and cognitive dysfunction. Multiple studies have also found viral persistence
outside of the respiratory system; this may lead to sustained T-cell activation and increased
monocyte levels. There is well-established evidence that cytokine-mediated inflammation is
observable and associated with micro and macro vascular insults, endothelial dysfunction, and
clotting issues, which have implications for pain, fatigue, neurocognitive function, and
cardiopulmonary symptoms. Neurocognitive symptoms have been associated with structural
neuronal damage to axons and astrocytes caused by direct entry and binding of the SARS-CoV-2

pathogen in the brain, as well as microbleeds, cerebral hypometabolism and hypoperfusion, and



changes in cerebral blood flow associated with endothelial dysfunction. Links with autoimmune
disorders are of interest but not yet fully established. There is relatively low quality or amount of
evidence on the mechanisms of persistent lung dysfunctions (such as reduced forced expiratory
volume, total lung capacity, and diffusing capacity) associated with respiratory symptoms, gene
expression related to immune function, gut microbiome, and cardiac pathology in non-
hospitalized patients. The authors also noted overall poor to moderate quality of studies, high
risk of bias, and poor reporting of racial and ethnic diversity.

A related interest is the connections between symptom phenotypes (or groupings of
observable patterns) (Newton et al., 2013) and pathophysiologic pathways. A study by Liew and
colleagues (2024) profiled over 300 plasma proteins in n=657 previously hospitalized patients.
They found elevated myeloid inflammation and complement activation markers in participants
with long COVID and specific inflammatory marker profiles in people with (a)
cardiorespiratory, fatigue, and mood symptoms, (b) gastrointestinal symptoms, and (c) cognitive
impairment. Bergamaschi et al (2024) also focused on previously hospitalized patients in whom
immune response markers suggested dysfunction for up to one year in symptomatic participants.
Subjective cognitive changes and “brain fog”, which are particularly concerning for functional
impairment (Vanichkachorn et al., 2021), were associated with hypoperfusion across frontal,
parietal, and temporal cortices (particularly in the right cerebral hemisphere) (Ajéevic et al.,
2023), areas that are crucial in complex executive functions such as task switching, planning,
prospective memory, and focus. Brain fog was also found to be associated with in-vitro
tauopathic signatures at the time of infection in neuronal cells, which may increase the

propensity for later neuropathology (Di Primio et al., 2023). Several non-systematic reviews



have proposed plausible links with additional cerebrovascular (Fekete et al., 2025), vascular

(Shabani et al., 2023) and mitochondrial (Molnar et al., 2024) mechanisms.

Current Approaches to Generating Diagnostic Evidence

Because many long COVID symptoms and conditions overlap and co-occur in other
disorders, a unique challenge and goal of long COVID research has been to determine what
constitutes long COVID, and to classify which patients have long COVID and which do not. A
diagnostic code - IDC-10-U09.9 for “Post COVID Condition, Unspecified” (CDC, 2021) - was
not authorized until more than a year after the first published reports of patients with ongoing
issues (Ladds et al., 2020; Mendelson et al., 2020; The Lancet, 2020). Prior to the uptake of this
diagnostic code, people with long COVID were not labeled with an ICD code that could be
discovered in the electronic health record (EHR) for either clinical care or research purposes.
Without the substance of a measurable differential diagnostic criterion, this diagnostic code is a
diagnosis of exclusion based on symptom presentation only.

Electronic health records have been a major source of data in large studies attempting to
differentiate phenotypes of symptoms and clinical signs that present uniquely in long COVID.
Several U.S. research initiatives have been launched to study recovery from COVID-19 in large
samples, and most make some use of EHR data. The National Institutes of Health’s Researching
COVID to Enhance Recovery (RECOVER) program and its analyses through the National
COVID Cohort Collaborative (N3C) have used both retrospective analysis of EHR data and
prospective data collection to characterize the disorder. Another group within the U.S. Veteran’s
Administration used high through-put modeling to compare the outcomes, drug utilization, and
other characteristics of patients with COVID-19 to those of patients with influenza (Al-Aly et al.,

2021; Bowe et al., 2023). Investigators have developed innovative classification and grouping



approaches to discover patterns of symptoms; these include “big data” methods such as high-
throughput modeling, hierarchical or k-means clustering, survival analysis, and other machine
learning approaches (Brannock et al., 2022; Davis et al., 2021; Gentilotti et al., 2023; Mina et al.,
2023; Prabhakaran et al., 2022; Reese et al., 2023; Zhang et al., 2023). Many have used the
symptom patterns observed using these methods to describe a system of diagnostic
operationalization and coding, attempting empirical discovery of the novel disorder’s various
symptomatic presentations. While these studies have contributed important descriptions of long
COVID, there is varying concurrence between their diagnostic phenotypes. Additionally, there is
a lack of evidence on the relationships between long COVID symptom or condition development

and these same symptoms’ prevalences prior to COVID-19 infection (Thaweethai et al., 2023).

Impact on Daily Functioning: State of the science and measurement considerations.

The WHO and the National Academies of Science, Engineering, and Math (NASEM)
have included an impact on daily functioning (Soriano et al., 2022) or disability (NASEM, 2024)
in their definition of long COVID, and call for research to operationalize and develop
measurements for long COVID-related functional change and disability (NASEM, 2024).
However, the incorporation of daily functioning into definition studies has been applied
heterogeneously if at all. The above-mentioned phenotyping studies using EHR data have
centered predominantly on symptom occurrences. This is a reasonable first step using widely
available data, since symptoms can be assessed easily by patient report, and both symptoms and
laboratory values are uniformly codified and documented in health records. Most EHR-based
phenotyping studies have not included data on how disability manifests (in diagnostic codes) or
is treated (in referral and procedure codes for rehabilitation therapies), so their resulting

diagnostic classifications exclude this important diagnostic feature. (The exception, a study of
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pediatric long COVID or multisystem inflammatory syndrome in children (Lorman et al., 2023),
included EHR functional status observations among all other observations in their machine
learning approach, but did not retain or analyze these observations). Thus, EHR is an untapped
source of data representing functional status change. While the above-mentioned large-scale and
rigorous studies have marshalled an extraordinary amount of data into useful generalizable
phenotypes and diagnostic hallmarks (Thaweethai et al., 2023), data on functional status should
be included for a complete definition and taxonomy of long COVID. If function is not
considered in data-driven definition studies despite being critical to accurate identification and
effective intervention, these definition studies will not fulfill the diagnostic criteria proposed by
the WHO.

Because exclusive use of EHR data presents challenges of detection bias (Deer et al.,
2021; Rando et al., 2021), smaller-scale studies have attempted to address functional status, with
varied effectiveness. A common outcome has been vocational participation (e.g. Brehon et al.,
2022), which limits eligibility as it does not capture change in people who did not work outside
the home prior to infection (e.g. full-time students or family caregivers, retirees, and people on
public assistance such as Medicaid). A 2024 umbrella review by Gutzeit and colleagues (2024)
netted 95 studies mentioning functional impairment, a nearly 100% increase from the previous
review of the topic 18 months prior (Lemhofer et al., 2022). Despite this growth, this review
found that methodological and theoretical limitations persisted in these works. Notably, fewer
than half of the studies reported the instruments used to measure functioning. In the evidence
published since, there have been relatively few studies assessing daily functioning using

standardized measures appropriate for the range of adults with long COVID.
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Several exploratory studies have proposed assessment instruments of daily functioning
based on the WHO’s International Classification of Functioning (ICF) (WHO, 2001) (Badinlou
et al., 2023; Costa et al., 2024; Kdseoglu et al., 2023; Monteiro et al., 2023) or the ICF Checklist
(Ursescu et al., 2024) (See below, “Guiding Theories and Frameworks” for a description of the
ICF). Ursescu and colleagues (2024) conducted a well-designed study of the ClinFIT tool, a
short scale based on the ICF components of body structures, body functions, and daily activities)
in a small sample of 49 post-acute rehabilitation patients. The ClinFIT follows the ICF
Checklist’s scoring on an ordinal scale from 0 (“no problem”) to 4 (“complete problem”). The
authors reported score frequencies in both the sub-acute (4-12 week) and long COVID (>12
week) periods. The sample was recruited from a rehabilitation facility and was primarily
comprised of formerly hospitalized participants with a high prevalence of respiratory symptoms.
Thus, their ICF body structure/function component scores showed many respiratory and related
components (e.g. activity intolerance) and relatively few non-respiratory long COVID
symptoms. This sample did not include individuals with milder COVID-19 illness courses and
did not characterize the tool’s utility within more diverse symptom presentations (such as those
with fatigue, brain fog, abdominal, or mood disturbances).

Following a procedure referred to as “linking”, several teams tested participants with
non-ICF instruments and then re-coded (“linked”) the scores to fit into an ordinal scale of
impairment in each ICF component (Costa et al., 2024; Késeoglu et al., 2023). Costa and
colleagues tested n=52 people with moderate to severe COVID-19 infection and no cognitive
impairment, using existing validated assessment tools for cardiopulmonary functioning (various
clinical metrics), fatigue (Fatigue Severity Scale), mood (Hospital Anxiety and Depression

Scale), and quality of life (European Quality of Life Index). These instruments were chosen
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based on the assumption that they either directly or indirectly assessed aspects of health that
would impact daily functional status as represented in the ICF. Scores from these non-ICF
instruments were then re-coded by two raters to a five-level ordinal scale (or 4 levels for
conditions associate with anxiety) of ICF qualifier (0 = “no deficiency” through 4 = “complete
disability” in matching or analogous ICF codes. “Functioning” was thus primarily framed in
terms of body structures and functions, not performance of daily routines within the contexts and
environments valued by participants. Upon linking, only the cardiopulmonary assessments’
response levels could be matched one-to-one to a 5-level structure; all others required levels to
be dropped, collapsed, or reinterpreted. Inter-rater reliability of the links (not the initial
instrument scores) was reported as non-weighted Cohen’s kappa statistics, falling between 0.57-
0.87. The design and assumptions of this study contained risks to content and construct validity,
assessments of which were not reported. The sample was biased toward people with severe
illness but no cognitive impairments, so does not generalize to a significant proportion of long
COVID symptomatic participants. The other linking study (Koseoglu et al., 2023) administered
the Modified Barthel Index and the Mini-Mental Status Examination. This study dichotomized
the ICF’s ordinal scale from a 0-4 point to a binomial 0 (“no problem”) to 1 (“at least some
problem”) without a description of their rating process. Additionally, the measures they chose
may not have been able to capture more subtle functioning changes. The Barthell Index items
have a four-level ordinal structure which has lower precision than the original ICF checklist, and
the Mini-Mental Status Exam has been shown to have low sensitivity to subtle impairment in
older adults (Arevalo-Rodriguez et al., 2021). These characteristics of the chosen assessment

instruments may have resulted in low discrimination of subtle or relapsing-remitting deficits
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common in long COVID. The authors reported only central tendency and spread of omnibus
tests only, and did not test reliability or validity of this tool.

Badinlou (2023) provided more detailed connections between common long COVID
outcomes and ICF body functions (mental, sensory, organ, and musculoskeletal functions) and
daily activities. However this study was also limited by several design and methodological
issues. Stepwise variable selection was used to choose the relevant items in their scale, an
approach which is susceptible to inflating their model’s discrimination indices and coefficient
betas, inappropriately estimated p-values, and increased residual confounding, among other
issues. These characteristics of stepwise variable selection raise the risk of type 1 error, resulting
in a final scale that may be biased (see Harrell, 2001, pp. 67-69). They did not report assessments
of this bias nor the psychometric properties of their final scoring tool.

Only one study explored the ICF Checklist (Monteiro et al., 2023) and associated the
scores with long COVID symptoms. In a sample of 53 participants, many long COVID
symptoms lacked a one-to-one match, or showed varying matches over time, in the ICF. For
instance the symptom of “dysgeusia” associated with the ICF components of fatigue, pain, and
irritability at 3 months and energy/drive, attention, memory, and emotional function at 6-12
months. This study’s findings reveal the limitations of the ICF checklist’s utility in long COVID.

Across these studies we note a tendency for investigators to focus on body functions and
structures and a lower emphasis on activity limitations within the ICF taxonomy (e.g., Koseoglu
et al., 2023; Ursescu et al., 2024). This further entrenches the disease characterization in
biophysical dimensions without the impact on functional performance as a metric or outcome.
We also noted that the ICF and long COVID symptoms often did not match in these studies,

however their low statistical power and dichotomization of ordinal responses results in some
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difficulty comparing conclusions. Dichotomizing ordinal response scales into binary “can” or
“cannot” levels (Koseoglu et al., 2023; Monteiro et al., 2023) eliminated information about
degrees of change that was available in the item’s original multi-level structure. Because daily
functioning contains broad ranges of both performance and satisfaction, dichotomization may
have resulted in lost definition in variance. Both losses are critical for test-retest reliability,
accurate disease description, and therapeutic intervention planning. Additionally, these changes
make it impossible to include results in future meta-analyses with larger aggregate samples,
which would be necessary for robust conclusions as these samples were relatively small.

Given the exploratory nature and varied quality of many of these studies, we found
support for the National Academies of Sciences, Engineering and Medicine’s assertion (2024)
that rigorous examination of an operational definition of the functional impacts of long COVID,
and subsequent development of a measurement instrument that offers research and clinical

utility, is necessary to advance this evidence.

Measurement Considerations

Among the diagnostic criteria proposed for long COVID, the measurement of “impact on
daily functioning” (National Academies of Sciences Engineering and Medicine, 2024; Soriano et
al., 2022) is distinctive for several reasons. First, long COVID’s impact on daily functioning is
not universally assessed with a uniform instrument among adults who have not had major
disabling health events. Although sensitive, valid, and reliable screening tools exist, they are
typically intended for rehabilitation settings and not included in typical primary care assessment
batteries. Second, valid and reliable tools that are built to capture the range of functioning over
time are critical, because long COVID symptoms frequently follow a relapsing/remitting pattern

(Al-Aly et al., 2024; Davis et al., 2023). Third, daily functioning is distinctive among the
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proposed diagnostic criteria in its non-biological nature. Many of the most common symptoms of
long COVID could result in functional status declines if sufficiently severe. Although some long
COVID symptoms appear to be more strongly associated with disability (e.g. cognition and
fatigue (Vanichkachorn et al., 2021)), from a strictly biological lens it may be argued functional
impairment is a “second-order” effect that would disappear if effective treatments were
developed for the underlying causes of symptoms. However, this presumes that its relationship to
the other diagnostic criteria is unidirectional and causal, which has not been established.
Additionally, its inclusion is consistent with the WHO’s definition of health as not merely the
absence of disease but rather as a physical, mental, and contextual state that allows one to
participate in society (2001). In this framework, change in participation - in the ability to live
their chosen and previously well-managed lives — may be the experience that drives people to
seek care. This makes it one of the most important health outcomes from a patient’s perspective.
Decreased ability to complete daily routines and activities was reported early in the
pandemic by patients and is emphasized in the proposed diagnostic criteria and research
priorities of the WHO and NASEM. Emphasizing the diagnostic importance of daily functioning
in long COVID is in line with the contemporary trend of measuring the impacts of symptoms,
not just their presence, on health and disability. Failing to produce evidence to guide the
assessment of daily functioning leaves current sufferers to wait for the necessarily slow and
gradual pace of biological research to produce a biomedical cure, with no measurement or
importance given to their current state in the meantime. Deficits in daily functional performance
are treatable with Occupational Therapy interventions (AOTA, 2020) which has been
recommended as part of multidisciplinary care for people with long COVID (Crook et al., 2021;

Groff et al., 2021; Rolin et al., 2022; Venkatesan, 2021) especially those with cognitive deficits
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(Watters et al., 2021). Therefore the inclusion of functioning in the definition of long COVID
necessitates an approach to describing the disorder that is aligned with the WHO framework, and

which has not been part of biomedical research for other diseases and disorders.

Guiding Theories, Frameworks, and Approaches

This work focuses on the operationalization of functional status using variables found
within harmonized EHR data. It is informed by theoretical approaches from the study of daily

functioning, lifespan development, population health, epidemiology, and medical informatics.

Daily Functioning

“Daily functioning” refers to the performance of routines and activities in daily life.
Functioning is complex, multi-faceted, and multi-factorial. This work uses the term “functional
status” to denote the degree of functioning on a spectrum from highly effective performance
(high) to reliance on others for care (low). Evidence of functional status within the EHR can be
found in several related EHR observations. The first is the billing codes entered by rehabilitation
service providers for services rendered to improve or restore functional status in individuals who
are experiencing health-related functional status decline. The second type is observation or
diagnostic concepts that correspond to hierarchical vocabularies such as the WHO
classifications. The latter may be triggered and recorded given the services provided by
rehabilitation or other health care service providers. These are based on several related
frameworks of functioning: the WHO International Classification of Functioning (ICF; WHO,

2001) and the Person-Environment-Occupation-Performance model (PEOP; ).

The International Classification of Functioning (ICF)
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The International Classification of Functioning, Disability, and Health (ICF) is the
WHO’s vocabulary for codifying health (Figure 1). It was developed alongside the International
Classification of Disease (ICD) version 9 in recognition of a conceptual shift in defining health
away from strictly symptoms and diseases. The WHO built the ICF around their 1948 definition
of health as “a state of complete physical, mental, and social well-being and not merely the
absence of disease or infirmity.” (WHO, 2001, p. 6). In this framework, ability (or disability)
results from an interaction between environmental affordances/barriers, participation in
activities, body structures and functions, and person factors such as values and context. These
elements are stratified into Parts (Functioning & Disability, and Context), Components (Body
Functions & Structures,, Activities & Participation, Environment, and Person),
Constructs/Qualifiers (Body Functions, Body Structures, Activity Capacity, Activity
Performance, and Contextual Facilitators/Barriers), and Domains & Categories which are the
discrete domains and categories, each scored into Levels on an ordinal scale of function (Figure
1). The ICF “provides a scientific, operational basis for describing, understanding and studying
health and health-related states, outcomes and determinants” by framing a structured relationship
between functioning-related health observations, and symptoms and conditions found in
electronic health records and codified by the International Classification of Diseases, version 10
(ICD-10). Participation in daily routines was thereby codified in the WHO’s definition of health.
Functioning and disability observations in the EHR may be coded within this framework as
companions to the biomedically-derived classification of disease (ICD).

Figure 1

The International Classification of Functioning (ICF)
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The Person-Environment-Occupation-Performance Model: a Systems theory

framework

In its development, the ICF incorporated a prior framework developed by Occupational

Therapists called the Person-Environment-Occupation-Performance model (PEOP; Law et al.,

1996). The PEOP broke down daily functioning into transacting components following a systems

theory-based structure. In this model, functional performance is the output from a complex and

dynamic process between the person (including values and perspectives, abilities, skills, and

physical or mental condition), the task at hand (including characteristics, materials and

demands), and the environment or climate of the work (temporal urgency or allowance, physical

built or natural environment, social supports and cues). Occupational Therapy (OT) addresses

disability through a systems perspective by using peoples’ existing routines for both

performance-based assessment and embedded intervention ("Occupational Therapy practice
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framework: Domain and process (4th ed.)."”, 2020). This provides a unique plan of care for each
person to optimize the fit between the person (abilities, needs, values), their environment (e.g.
tools, built environment, social relationships and other resources) and the interconnected tasks
and routines (or “occupations”) they need to do in order to thrive. The PEOP is distinct from the
ICF in its simpler structure and its emphasis on performance of an occupation (rather than
participation in society) as the outcome. It is used as an organizing structure for OT assessment,
care planning, intervention, and outcome documentation.

The present work uses the ICF’s vocabulary to identify and organize the functional
concepts available in harmonized EHR data. It uses the PEOP as a clinical lens through which to
frame questions and select variables exploring the relationship between person-specific factors
(e.g. symptoms and conditions, disease characteristics, and demographics), their contexts and
tasks (e.g. functional status finding observation codes), and the assistance or independence with

which they carry out their daily routines (in therapeutic procedure billing codes).

Aging and lifespan development

Because age impacts the risks for COVID-19 infection, long COVID symptom
development, and functional impairment, this work explores the relationships of these outcomes
cross-sectionally at different ages. We define “age” as the quantitative measure of accumulated
years alive (measured as years of age), and “aging” as the changes occurring during this
accumulation and the processes underlying these changes. Because years of age is commonly
assessed and available in health research, this work uses the continuous value of years of age as a
proxy for aging, then uses biological and lifespan development theories to guide interpretation of

the findings’ implications for aging.

Biological theories of aging
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Biological theories of aging aim to understand how and why living organisms age.
Generally, these approaches assume that living organisms maintain a balance between cell
regeneration and senescence (death) and that aging represents a loss of this balance, thereby
contributing to decay and eventual expiration of the organism’s viability. Mechanistic
hypotheses have predominantly endorsed either damage- or program-driven processes
underlying this imbalance. Damage theories hold that reactive oxidative species cause
irreversible damage to proteins, which then disrupts protein homeostasis. Damage may
contribute to decreased immune function, which has implications for susceptibility to infectious
diseases such as COVID-19, the body’s ability to recover from illness and cope with
inflammation, and the development of protein-related neurologic tauopathies (da Costa et al.,
2016). Program theories suggest that organisms age through a predictable sequence of decline as
cells expend finite regenerative resources (da Costa et al., 2016; Nakamura et al., 2017) and has
been the basis of studies showing that epigenetic factors (such as environment, social resources,
diet, and physical activity) moderate genetic expression of traits that contribute to longevity and
health (e.g., Akbarian et al., 2013). These epigenetic moderating relationships inform selection of
variables measuring social determinants of health (see below) to include in the present work’s

models.

Lifespan Development and Lifespan Psychology

Whereas biological theories of aging focus on losses occurring within the body, the
theory of lifespan psychology frames aging as an active engagement in regulation of loss,
facilitated by the accumulation of experiences and skills gained over the lifespan (Baltes &
Smith, 2004). An individual achieves adaptive development (and thus aging) through selective

optimization with compensation, making aging an active experience in which the individual’s
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agency and skills interact with their circumstances. For instance, an older adult may select
functional activities or routines to optimize the balance of routines, using resources afforded by
their “culture” (societal context, e.g. health care services, social connectedness) to compensate
for decreases or shifts in other activities. In EHR data or surveys, selective optimization with
compensation may take the form of differences between older and younger individuals in health
care utilization, patterns of diagnosed conditions or observations, or self-rated health and
functional status. Lifespan psychology also outlines the influences of normative (typical or
expected) and non-normative age or historical contexts upon lifespan development, providing a
structure for considering the impact of the COVID-19 pandemic upon the health of different age
groups and the aging process. In this theoretical structure, the COVID-19 pandemic may be
described as both a history-graded influence (experienced by all people living within a given
timespan) and a non-normative influence (events that “disrupt the sequence and rhythm of the
expected life cycle and so generate conditions of uncertainty” (Baltes & Smith, 2004, pp. 126-
129). This framework is used in this work to guide interpretation of age-related and period-
related differences in observations of functional status and health before versus after COVID-19

infection.

Population health: Frameworks for health and statistical inference

The study of the novel and evolving phenomenon of long COVID can benefit from the
statistical power and approximation of population variance offered by large datasets with diverse
demographic, geographic, and health status representation. This work includes variables
contained within the Social Determinants of Health framework, and utilizes regression modeling
as a powerful tool for exploring multiple complex variables’ relationship with an outcome

(Harrell, 2001) with data from the National Institutes of Health All of Us Research Program.
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Social Determinants of Health

As suggested by the evidence above supporting both the biological and lifespan
development theories of aging, the social and environmental contexts in which a person lives can
have enormous impacts on their health. To illustrate the relationships between aging and these
contexts, the U.S. Department of Health and Human Services (DHHS) have formalized a model
called the “Social Determinants of Health”, or SDH (DHHS, 2025), which includes economic
stability, education access and quality, health care access and quality, neighborhood and built
environment, and social and community context. This framework is based on population health
evidence that exposure to distinct and overlapping conditions moderates health across the
lifespan. Longitudinal studies of aging such as the Midlife in the United States Study (MIDUS)
provide data that has revealed the role of psychological, social, and biological factors on
variations in health within and across age cohorts. These studies also demonstrate that many of
the effects of SDOH on health are nested. For instance, neighborhood of residence (the built
environment SDOH), has been found to partially predict chronic health outcomes (Durfey et al.,
2019; Kind & Buckingham, 2018). The built environment is in turn shaped by public policy (the
social and community context SDOH), which impacts health outcomes through such influences
as the remaining effects of “redlining” city planning policies (Mujahid et al., 2021), accessibility
of the built environment (Gell et al., 2015), and exposure to pollution (Paul et al., 2019). SDOH
also account for protective and supporting forces, for instance education and sustained social
engagement which have been found to moderate brain health in later life (Perry et al., 2021;
Wilson & Bennett, 2017). Based on the evidence that SDOH have significant impacts on long

COVID risk and outcomes, the present work uses this framework to organize and select



23

meaningful and available variables to build into multivariable risk models, which will allow

more accurate effect estimation.

Causal and associative inference methods in population health

Many of the phenotyping studies of long COVID have adopted a causal inference
framework. Observational designs, while not randomized, offer approaches that can facilitate
causal inferences; these include establishing temporality between exposure and response, and
identifying sufficient and necessary exposures through estimation of attributable risk and use of
methods that help characterize bias and unmeasured confounding, matching or balancing
samples, and prioritizing accuracy over parsimony when building predictive models (Austin,
2011; Harrell, 2001; Ho et al., 2007; WHO, 2007; Pattanayak et al., 2011; Stuart, 2010). This
work uses some of these approaches to maximize rigor, but is framed from an exploratory,
hypothesis-generating perspective as the evidence on characterizing functional status from EHR-
derived data is not as well-established as that of symptom-driven phenotyping. We therefore
begin this work with minimal prior evidence to incorporate or inform our approaches and
hypotheses. The present work explores temporality and effect estimation between functional
status observations, COVID-19 infection, and long COVID symptoms. We use multivariable
associative and main effects modeling strategies to estimate confounding, effect modification
and interactions, and effect sizes with a restricted set of variables known to influence long

COVID functional outcomes (Harrell, 2001).

Phenotyping using health records data

“Phenotyping”, in general, is the analysis of patterns of observable traits in a living

organism (Robinson, 2012). Often applied in genetics and genome-wide association studies
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(GWAS) (Newton et al., 2013), phenotyping can be applied to explore patterns of any observable
variable. Generally, the EHR-based phenotyping studies of long COVID have aimed to identify
grouping of symptoms or biomarkers (laboratory test values) among people with post-COVID-
19 health changes to differentiate long COVID as (a) a true clinical syndrome from non-
presentation or other viruses such as influenza (Al-Aly et al., 2021) and (b) consisting of various
and potentially distinct presentations (phenotypes). Data of interest include symptoms and
conditions (Gentilotti et al., 2023; Gonzalez Aleman et al., 2024; Kitsios et al., 2024; Mina et al.,
2023; Prabhakaran et al., 2022; Reese et al., 2023; Thaweethai et al., 2023; Zhang et al., 2023),
laboratory measures of putatively important biomarkers (Deer et al., 2021; Erlandson et al.,
2024), and heath or medical outcomes and drug utilization (Al-Aly et al., 2021). Long COVID
investigators often report the results of data-reduction techniques that group occurrences of
symptoms or laboratory values using similarity metrics or distance. These include high-
dimensional analysis, high-throughput linear modeling such as least absolute shrinkage (LASSO)
(e.g., Thaweethai et al., 2023), cluster analyses (Davis et al., 2021), survival analysis (Davis et
al., 2021), principal components analysis (e.g., Gentilotti et al., 2023), and latent class analyses
(e.g., Kitsios et al., 2024). The phenotyping literature also provides guidance for navigating
potential sources of bias and limitations inherent in electronic health records research (Newton et
al., 2013). The present work reviews the long COVID phenotyping literature as a starting point
for variable selection and methodological and interpretive guidance in seeking patterns of
symptom and functional impairments, and employs correlation matrix-based unsupervised

hierarchical clustering with clinical expertise validation as the primary phenotyping approach.
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Objective

This work explores EHR-derived indicators of functional status as an outcome and risk
factor for long COVID in people with a history of COVID-19 infection enrolled in the All of Us
Research Program. This includes building a cohort using All of Us researcher tools,
characterizing the sample’s demographic and disease distributions, extracting and testing EHR-
and survey-based indicators of functional status, and modeling main effects of demographic and
disease factors on functional status. This work will describe long COVID in the All of Us study,
and is an initial step in characterizing functional status from EHR data in a population-based
sample by exploring and reporting reproducible quantitative approaches to functional status
phenotyping in persons with a history of SARS-CoV-2 infection. Ultimately, this research will
aid in diagnostic accuracy and treatment so that people with long COVID may return to

meaningful activities and optimal health.
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Chapter 2. Specific Aims
Aim 1
Compare the baseline demographics, daily function, and disease characteristics between
participants with and without long COVID symptoms in a diverse population-based sample of
people with COVID-19 enrolled in the All of Us Research Program.

This analysis describes the demographics and long COVID symptoms in the All of Us
Research Program through July 2022 (curated data release version 7). This informs hypothesis-
generation by identifying variables to be included in associative and predictive models to
identify risk factors for long COVID symptoms and functional change.

Aim 2
Characterize risk factors and predictors of decreased functional status in people with versus
without at least one symptom of long COVID in the All of Us Research Program.

Hypothesis 1: After adjusting for sociodemographic factors, disease factors, and
symptoms, female sex and older age will predict different functional status. This is based on the
evidence that age increases the likelihood of comorbidities that affect overall health status which
may contribute to functional decline, and given the higher prevalence of long COVID symptoms
in women and middle to older adults that has been reported consistently in other population-
based samples.

Aim 3
Compare the risk factors and predictors of post-infection functional status changes in older
adults versus younger adults with and without at least one symptom of long COVID in the All of

Us Research Program.
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Hypothesis 1: Older age will be associated with poorer functional outcomes, adjusted for
demographics, infection variant, and pre-infection functional indicators and symptom
prevalence.

Hypothesis 2: In people with at least one long COVID symptom/condition, functional
status will be most strongly associated with symptom clusters entailing cognition and fatigue

compared to other symptom clusters.
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Chapter 3. Methods

Design and data source

This was a retrospective cohort study of participants enrolled in the U.S. National
Institutes of Health All of Us Research Program through July 2022 (curated data release version
7.0)(National institutes of Health, 2022-2025; Ramirez et al., 2022). All of Us is a national
biobank including functional status data and is one of the world’s most comprehensive
population health datasets (Zeng et al., 2024). All of Us recruits participants from all 50 U.S.
States and three territories. The program utilizes community-relevant recruitment methods to
over-recruit from geographic and demographic groups that are under-represented in medical and
health research. Participants share their baseline function and health data through surveys,
biospecimens, and the release of EHR data (the latter subsequently scraped every three months).
These data are then harmonized under the Observational Medical Outcomes Partnership
Common Data Model (OMOP-CDM) (Observational Health Data Sciences and Informatics,
2024) using the hierarchical Athena standard medical vocabulary and coding of all conditions
(Odysseus Data Services, 2023). This ensures consistency across data collection sites and
regions, and comparability with billing and treatment codes. The program, data snapshots, and

data methods can be viewed at https://www.researchallofus.org/data-tools/.

Sample

This work included All of Us participants 18 years of age and older with at least one
incidence of any indicator of COVID-19 illness. Disease indicators were (a) laboratory values for
positive PCR, antigen, or positive antibody test, (b) self-reported illness consistent with COVID-

19 reported on the 2021-2022 All of Us COVID-19 Participant Experiences (COPE) survey, or


https://www.researchallofus.org/data-tools/
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(c) the ICD-10 code for COVID-19 (U07.7) (See Table 1 or Appendix A). Informed consent for
sharing electronic health records and survey data was obtained from all participants by their
respective All of Us Health Provider Organizations, which are responsible for participant
recruitment and enrollment. All Health Provider Organization partners delegated IRB oversight
to the All of Us Central IRB.

Table 1

Identification of cohort: COVID-19 illness indicators

Name Concept Id  |Vocab Code |Roll-up [Item
Count Count
2019-ncov coronavirus, sars-cov-2/2019-ncov (40218804 HCPCS |U0002 |0 1,020

(covid-19), any technique, multiple types or
subtypes (includes all targets), non-cdc

2019-nCoV Coronavirus, SARS-CoV-2/2019-|704058 HCPCS |U0004 |0 1
nCoV (COVID-19), any technigque, multiple
types or subtypes (includes all targets), non-
CDC, making use of high throughput
technologies as described by CMS-2020-01-R

Infectious agent detection by nucleic acid 704059 HCPCS |U0003 |0 1,143
(DNA or RNA); severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2)
(Coronavirus disease [COVID-19]), amplified
probe technique, making use of high
throughput technologies as described by
CMS-2020-01-R

Influenza virus A and B and SARS-CoV-2 36660845 LOINC |LP4189 [985 0
(COVID-19) and SARS-related CoV RNA 68-6

panel

Influenza virus A and B and SARS-CoV-2 36661384 LOINC |95380-21|0 985

(COVID-19) and SARS-related CoV RNA
panel - Respiratory specimen by NAA with
probe detection

Influenza virus A and B and SARS-CoV-2 36661218 LOINC |LP4192 {985 0
(COVID-19) and SARS-related CoV RNA 90-4
panel | Respiratory specimen | Microbiology
Panels



https://databrowser.researchallofus.org/ehr/labs-and-measurements/40218804
https://databrowser.researchallofus.org/ehr/labs-and-measurements/704058
https://databrowser.researchallofus.org/ehr/labs-and-measurements/704059
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660845
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661384
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661218
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Influenza virus A and B and SARS-CoV-2  [36661376 LOINC |95422-2 0 330

(COVID-19) RNA panel - Respiratory

specimen by NAA with probe detection

Measurement of Severe acute respiratory 756055 OMOP |OMOP4|0 384

syndrome coronavirus 2 (SARS-CoV-2) Extension (873969

Measurement of Severe acute respiratory 37310258 SNOMED|1.24046 |0 263

syndrome coronavirus 2 antibody E+15

SARS-CoV-2 (COVID-19) 36662140 LOINC |LP4175 92,959 |0
40-4

SARS-CoV-2 (COVID-19) Ab 36661733 LOINC |LP4179 (9,362 0
14-1

SARS-CoV-2 (COVID-19) Ab 723480 LOINC |94661-6 |0 3,037

[Interpretation] in Serum or Plasma

SARS-CoV-2 (COVID-19) Ab [Presence] in [586515 LOINC |94762-2 |0 1,146

Serum or Plasma by Immunoassay

SARS-CoV-2 (COVID-19) Ab 586522 LOINC |94769-7 |0 309

[Units/volume] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) Ab | Serum or 36661221 LOINC |LP4186 |4,130 0

Plasma | Microbiology 84-9

SARS-CoV-2 (COVID-19) Ab panel 36661883 LOINC |LP4181 |2 0
22-0

SARS-CoV-2 (COVID-19) Ab panel - Serum (706179 LOINC |94504-8 |0 2

or Plasma by Immunoassay

SARS-CoV-2 (COVID-19) Ab panel | Serum (36661105 LOINC |LP4192 |2 0

or Plasma | Microbiology Panels 86-2

SARS-CoV-2 (COVID-19) Ag 36661764 LOINC |LP4180 |1,262 0
19-8

SARS-CoV-2 (COVID-19) Ag [Presence] in |723477 LOINC |94558-4 |0 1,222

Respiratory specimen by Rapid immunoassay

SARS-CoV-2 (COVID-19) Ag [Presence] in (36032419 LOINC |96119-3/|0 40

Upper respiratory specimen by Immunoassay

SARS-CoV-2 (COVID-19) Ag | Respiratory 36660801 LOINC |LP4186 |1,222 0

specimen | Microbiology 93-0

SARS-CoV-2 (COVID-19) Ag | Upper 36033457 LOINC |LP4209 |40 0

respiratory specimen | Microbiology 31-0

SARS-CoV-2 (COVID-19) clade 1620066 LOINC |LP4227 |47 0
36-1

SARS-CoV-2 (COVID-19) clade [Type] in  [36033653 LOINC |96896-6 |0 47

Specimen by Molecular genetics method



https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661376
https://databrowser.researchallofus.org/ehr/labs-and-measurements/756055
https://databrowser.researchallofus.org/ehr/labs-and-measurements/37310258
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36662140
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661733
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723480
https://databrowser.researchallofus.org/ehr/labs-and-measurements/586515
https://databrowser.researchallofus.org/ehr/labs-and-measurements/586522
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661221
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661883
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706179
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661105
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661764
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723477
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36032419
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660801
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033457
https://databrowser.researchallofus.org/ehr/labs-and-measurements/1620066
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033653
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SARS-CoV-2 (COVID-19) clade | XXX | 1618285 LOINC |LP4274 |47 0

Microbiology 06-6

SARS-CoV-2 (COVID-19) IgA 36662109 LOINC |LP4184 |167 0
30-7

SARS-CoV-2 (COVID-19) IgA | Serumor 36660931 LOINC |LP4186 |167 0

Plasma | Microbiology 85-6

SARS-CoV-2 (COVID-19) IgA Ab 723473 LOINC  |94562-6 |0 167

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgG 36661886 LOINC |LP4179 |5,025 0
15-8

SARS-CoV-2 (COVID-19) IgG | Serum or  |36661046 LOINC |LP4186 {3,500 0

Plasma | Microbiology 88-0

SARS-CoV-2 (COVID-19) IgG | Serum, 36660768 LOINC |LP4186 {2,090 0

Plasma or Blood | Microbiology 89-8

SARS-CoV-2 (COVID-19) IgG Ab 723474 LOINC |94563-4 |0 2,920

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgG Ab 706181 LOINC |94507-11|0 2,090

[Presence] in Serum, Plasma or Blood by

Rapid immunoassay

SARS-CoV-2 (COVID-19) IgG Ab 706177 LOINC  |94505-5|0 749

[Units/volume] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgG+IgM 36661646 LOINC |LP4179 |991 0
56-2

SARS-CoV-2 (COVID-19) IgG+IgM | Serum |36660914 LOINC |LP4186 |991 0

or Plasma | Microbiology 90-6

SARS-CoV-2 (COVID-19) IgG+IgM Ab 723479 LOINC  |94547-7 |0 991

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgM 36661975 LOINC |LP4179 |396 0
16-6

SARS-CoV-2 (COVID-19) IgM | Serum or 36661274 LOINC |LP4186 |299 0

Plasma | Microbiology 91-4

SARS-CoV-2 (COVID-19) IgM | Serum, 36660777 LOINC |LP4186 |97 0

Plasma or Blood | Microbiology 92-2

SARS-CoV-2 (COVID-19) IgM Ab 723475 LOINC |94564-2 |0 275

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgM Ab 706180 LOINC |94508-9 |0 97

[Presence] in Serum, Plasma or Blood by
Rapid immunoassay
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SARS-CoV-2 (COVID-19) IgM Ab 706178 LOINC |94506-3 |0 37

[Units/volume] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) lineage 1619966 LOINC |LP4227 |17 0
39-5

SARS-CoV-2 (COVID-19) lineage 36033652 LOINC |96895-8 |0 17

[Identifier] in Specimen by Molecular

genetics method

SARS-CoV-2 (COVID-19) lineage | XXX | (1618914 LOINC |LP4274 |17 0

Microbiology 05-8

SARS-CoV-2 (COVID-19) N gene 36661396 LOINC |LP4175 |1,151 0
99-0

SARS-CoV-2 (COVID-19) N gene [Presence] (715272 LOINC |94760-6 |0 36

in Nasopharynx by NAA with probe detection

SARS-CoV-2 (COVID-19) N gene [Presence] (757678 LOINC |95409-9 |0 9

in Nose by NAA with probe detection

SARS-CoV-2 (COVID-19) N gene [Presence] |706161 LOINC |94533-7 |0 671

in Respiratory specimen by NAA with probe

detection

SARS-CoV-2 (COVID-19) N gene [Presence] |586524 LOINC |94756-4 |0 468

in Respiratory specimen by Nucleic acid

amplification using CDC primer-probe set N1

SARS-CoV-2 (COVID-19) N gene | 36660752 LOINC |LP4187 |36 0

Nasopharynx | Microbiology 02-9

SARS-CoV-2 (COVID-19) N gene | Nose |  [36660970 LOINC |LP4191 |9 0

Microbiology 79-9

SARS-CoV-2 (COVID-19) N gene | 36661286 LOINC |LP4187 |1,107 0

Respiratory specimen | Microbiology 03-7

SARS-CoV-2 (COVID-19) ORFlab region [36661401 LOINC |LP4179 |1,267 0
06-7

SARS-CoV-2 (COVID-19) ORFlab region (723478 LOINC |94559-2 |0 1,265

[Presence] in Respiratory specimen by NAA

with probe detection

SARS-CoV-2 (COVID-19) ORFlab region [723464 LOINC |94639-2 |0 2

[Presence] in Specimen by NAA with probe

detection

SARS-CoV-2 (COVID-19) ORF1lab region| (36661250 LOINC |LP4187 |1,265 0

Respiratory specimen | Microbiology 06-0

SARS-CoV-2 (COVID-19) ORF1lab region| (36661194 LOINC |LP4187 |2 0

XXX | Microbiology 07-8

SARS-CoV-2 (COVID-19) RdRp gene 36661801 LOINC |LP4175 |3,774 0

98-2
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SARS-CoV-2 (COVID-19) RdRp gene 706160 LOINC |94534-5|0 3,764

[Presence] in Respiratory specimen by NAA

with probe detection

SARS-CoV-2 (COVID-19) RdRp gene 706173 LOINC ]94314-2 |0 18

[Presence] in Specimen by NAA with probe

detection

SARS-CoV-2 (COVID-19) RdRp gene | 36660902 LOINC |LP4187 |3,764 0

Respiratory specimen | Microbiology 08-6

SARS-CoV-2 (COVID-19) RdRp gene | XXX 36660887 LOINC |LP4187 |18 0

| Microbiology 09-4

SARS-CoV-2 (COVID-19) RNA 36661507 LOINC |LP4175 (89,445 |0
41-2

SARS-CoV-2 (COVID-19) RNA [Cycle 586528 LOINC |94745-7 |0 1

Threshold #] in Respiratory specimen by

NAA with probe detection

SARS-CoV-2 (COVID-19) RNA [Presence] 723476 LOINC ]94565-9 |0 2,005

in Nasopharynx by NAA with non-probe

detection

SARS-CoV-2 (COVID-19) RNA [Presence] 586526 LOINC ]94759-8 0 273

in Nasopharynx by NAA with probe detection

SARS-CoV-2 (COVID-19) RNA [Presence] (706163 LOINC  |94500-6 |0 63,160

in Respiratory specimen by NAA with probe

detection

SARS-CoV-2 (COVID-19) RNA [Presence] (715261 LOINC |94822-4 |0 107

in Saliva (oral fluid) by Sequencing

SARS-CoV-2 (COVID-19) RNA [Presence] [706170 LOINC  [94309-2 |0 27,394

in Specimen by NAA with probe detection

SARS-CoV-2 (COVID-19) RNA | 36661317 LOINC |LP4186 |2,274 0

Nasopharynx | Microbiology 94-8

SARS-CoV-2 (COVID-19) RNA | 36661115 LOINC |LP4186 |63,160 0

Respiratory specimen | Microbiology 95-5

SARS-CoV-2 (COVID-19) RNA | Saliva | 36660966 LOINC |LP4186 |107 0

Microbiology 96-3

SARS-CoV-2 (COVID-19) RNA | XXX | 36661244 LOINC |LP4186 [27,394 |0

Microbiology 98-9

SARS-CoV-2 (COVID-19) RNA panel 36661522 LOINC |LP4175 |5,080 0
39-6

SARS-CoV-2 (COVID-19) RNA panel - 706158 LOINC |94531-1/0 1,342

Respiratory specimen by NAA with probe

detection

SARS-CoV-2 (COVID-19) RNA panel - 706169 LOINC |94306-8 |0 3,740

Specimen by NAA with probe detection
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SARS-CoV-2 (COVID-19) RNA panel | 36661036 LOINC |LP4192 |1,342 0

Respiratory specimen | Microbiology Panels 88-8

SARS-CoV-2 (COVID-19) RNA panel | XXX|36660924 LOINC |LP4192 |3,740 0

| Microbiology Panels 89-6

SARS-CoV-2 (COVID-19) S protein RBD  [36031734 LOINC |96603-6 |0 476

neutralizing antibody [Presence] in Serum or

Plasma by sVNT

SARS-CoV-2 (COVID-19) sequencing and (1620099 LOINC |LP4227 |40 0

identification panel 40-3

SARS-CoV-2 (COVID-19) sequencing and  [36033651 LOINC |96894-1 0 40

identification panel - Specimen by Molecular

genetics method

SARS-CoV-2 (COVID-19) sequencing and |1618441 LOINC |LP4275 |40 0

identification panel | XXX | Microbiology 24-6

Panels

SARS-CoV-2 (COVID-19) spike protein 36033856 LOINC |LP4212 |476 0

receptor binding domain (RBD) 35-5

SARS-CoV-2 (COVID-19) spike protein 36033858 LOINC |LP4212 |476 0

receptor binding domain (RBD) neutralizing 34-8

antibody

SARS-CoV-2 (COVID-19) spike protein 36033625 LOINC |LP4218 |476 0

receptor binding domain (RBD) neutralizing 40-2

antibody | Serum or Plasma | Microbiology

SARS-CoV+SARS-CoV-2 (COVID-19) 36661687 LOINC |LP4187 |1,075 0
74-8

SARS-CoV+SARS-CoV-2 (COVID-19) Ag (36661520 LOINC |LP4187 |1,075 0
62-3

SARS-CoV+SARS-CoV-2 (COVID-19) Ag [757685 LOINC |95209-3|0 1,075

[Presence] in Respiratory specimen by Rapid

immunoassay

SARS-CoV+SARS-CoV-2 (COVID-19) Ag | (1618075 LOINC |LP4276 {1,075 0

Respiratory specimen | Microbiology 54-1

COPE Survey (Any version): In the past 1332898 9,138

month, have you been sick for more than one

day with a new illness related to COVID-19

or flu-like symptoms?: Yes

COVID-19 37311061 SNOMED (8405390(17,384  |17,384
06

Lower respiratory infection caused by SARS- 3663281 SNOMED 8.8053E |1,663 0

CoV-2 +17
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Symptom-based classification of long COVID symptomatic vs. recovered participants

Participants with COVID-19 history were grouped by whether their EHR showed at least

one diagnosis or observation code contained in a list of long COVID symptoms and conditions

(Table 2). Participants were classified as “symptomatic” if they had at least one entry in the EHR

of any of these, entered at least 28 days after their first incidence of any COVID-19 infection

indicator; the rest were classified as “recovered”, having no EHR entry of these sequelae codes

following their first COVID-19 infection. Several empirical definitions of long COVID include

exacerbations or relapses of pre-infection conditions (Al-Aly et al., 2024; Davis et al., 2021;

Thaweethai et al., 2023). Therefore we queried any mention of the symptoms/conditions in our

list, rather than first mention. This broad inclusion reflects the absence of a single symptom-

driven indicator of long COVID’s differential diagnosis, and the reports that many patients’ long

COVID experience includes exacerbated or increased symptoms of previously-diagnosed

disorders. Appendix A reports the long COVID sequelae codes and selection process.

Table 2. Long COVID symptoms/conditions used in cohort discovery and classification

OMOP
Standard Concepts Concept ID | Source Vocab Code String collapsed
Abdominal pain 200219 Standard | SNOMED 21522001 "abdominal"
Anxiety 441542 Standard | SNOMED 48694002 "anxiety", "anxi*"
Chest pain 77670 Standard | SNOMED 29857009 "chest", "cardiac"
Chronic fatigue "chronic fatigue”,
432738 Standard | SNOMED 52702003 "myalgic
syndrome I
encephalomyelitis
Cognitive disorder "cognitive"
(collapsed into 40480615 | Standard | SNOMED 443265004 "ne?Jroco r;itive"
“impaired cognition”) 9
Cognitive function [not collapsed
finding (collapsed into | 4162723 Standard | SNOMED 373930000 psed,
" ; e heterogeneous]
impaired cognition”)
Cough 254761 Standard | SNOMED | 49727002 cough”, “clearing

throat"
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Deprgssnon screening | 762504 Standard | SNOMED 4.28181E+14 "depre§S|o:1 '

positive screening

Depressive disorder 440383 Standard | SNOMED 35489007 "depress!ve",
depression

Depressive episode 3656234 Standard | SNOMED 871840004

Diarrhea 196523 Standard | SNOMED 62315008 "diarrhea", "diarrheal"

Disorder of 443431 Standard | SNOMED | 386804004 | "men*

menstruation

Disturbance in sleep

behavior (collapsed 4204989 Standard | SNOMED 53888004 "sleep"

into “Sleep”)

Dizziness 4223938 | Standard | SNOMED | 404640003 ..\‘ffrfi'g:f‘s , dizzy”,
n " oox n

Dyspnea 312437 Standard | SNOMED 267036007 "dysppea", pnea:,
gasping
"eruption", "acne*",
"rash", "eruption”,
"erythroderma”,
"exanthematous",

Eruption 140214 Standard | SNOMED | 271807003 [Fox-Fordyce®,
rocacea", "Keratin™",
"pityriasis",
"psoriasis",
"psoriatic”,
"dermatitis"

Fatigue 4223659 Standard | SNOMED 84229001 "asthenia"

Fever 437663 Standard | SNOMED 386661006 "fever", "*pyrexia"

Finding of pattern of
" %M

menstrual cycle 4095940 | Standard | SNOMED | 248968007 | ,Mmenstrv™

(collapsed into amenorrhea

“menstrual disorder”)

Finding of sexual

function 4041277 Standard | SNOMED 118202007

Headache 378253 Standard | SNOMED 25064002 "headache", "head"
"cognitive",

Impaired cognition 443432 Standard | SNOMED 386806002 "impairment",
"behavioral"

Irregular

periods(collapsed into | 196168 Standard | SNOMED 80182007

“menstrual disorder”)

Joint pain 77074 Standard | SNOMED 57676002 "arthralgia", "joint"
[do not collapse]

Lightheadedness 4297376 Standard | SNOMED 386705008 "malaise and
fatigue", "fatigue"

Loss of sense of smell | 4185711 Standard | SNOMED 44169009

Loss of taste 4289517 Standard | SNOMED 36955009
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https://databrowser.researchallofus.org/ehr/conditions/4185711
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Malaise (under
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“Lightheadedness” 4272240 Standard | SNOMED 367391008

heirarchy)

Muscle fatigue 4214612 Standard | SNOMED 80449002 "muscle”
"myalgia*"', "pain",
"muscle”,
"pleurodynia”,

Muscle pain 442752 Standard | SNOMED | 68962001 .,;!bms't's o
ibromyalgia",
"polymyalgia”,
"claudication",
"migraine"
"pleurodynia",
"myalgia", "pain",

Musculoskeletal chest | ;155930 | Standard | SNOMED | 281245003 "Scyapglalgiaf?',

pain "Xiphodynia",
"syndrome"

Palpitations 315078 Standard | SNOMED 80313002 "heart", "palpitations"
sk e n

Paraesthesia 4236484 Standard | SNOMED 91019004 " esthgswt',“. "
sensation”, "pins’,

OMOP
Post-acute COVID-19 | 705076 Standard . OMOP5160861 | U09.9
Extension

Postural orthostatic

tachycardia syndrome

(POTS) 4159659 SNOMED 371073003 (No hierarchy)

Postviral fatigue 4202045 | Standard |SNOMED | 51771007

syndrome

Sleep disorder "sleep*", "dream",

(collapsed into 435524 Standard | SNOMED 39898005 "*somnia",

“Sleep”) "somnolence"

Tachycardia 444070 Standard | SNOMED 3424008 "tachycardia*"

An initial symptom list was compiled of post-COVID sequelae that were found across

multiple phenotyping studies (e.g., Al-Aly et al., 2021; Zhang et al., 2023). These were collapsed

into diagnostically-related groups according to the Observational Medical Outcomes Partnership

— Common Data Model (OMOP-CDM) harmonized data vocabulary (Observational Health Data

Sciences and Informatics, 2024; Odysseus Data Services, 2023). This list was then cross-checked

with sequelae listed by the CDC (Centers for Disease Control and Prevention, 2023), reports

from the patient-led research collaborative (Davis et al., 2021), and author and co-author
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https://databrowser.researchallofus.org/ehr/conditions/orthostatic%20tachycardia
https://databrowser.researchallofus.org/ehr/conditions/4202045
https://databrowser.researchallofus.org/ehr/conditions/435524
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knowledge of patient experience encountered in a long COVID follow-up clinic and a
community-based study of long COVID. The final list consisted of 44 symptom/sequelae
ancestor categories. Using the All of Us Data Browser and Researcher Workbench, all EHR
entries of each symptom concept code for our sample were queried singly to create a concept set
incorporating all descendent codes contained within that symptom or condition code. This was
performed iteratively for each of the 44 sequelae. These were then arranged and reduced to
contain one incidence of the code per person; long COVID symptomatic group incidences were
indexed to the earliest mention of the code recorded 28 days or longer after their COVID
infection. Additionally, the pre-COVID incidence of all symptoms was obtained for all
participants, being the first mention of the code documented from five years to 28 days prior to
infection. These datasets were then joined one by one in alphabetical order to the main dataset.
Appendix A details these processes.

The queried diagnostic categories in Table 2 contained 1,013 discrete descendent
diagnostic concepts. Descendent concepts containing attributions to specific (non-COVID-19)
diseases (e.g., “cancer-related fatigue”, “memory impairment due to multiple sclerosis”) were
retained for several reasons. First and most broadly, there is probable variation in how post-
COVID pathophysiology interacts with other diseases processes; therefore, the potential for these
health outcomes to develop or worsen in the setting of other premorbid diagnoses could not be
assumed to be independent of the physical toll of COVID recovery, and some outcomes may
have been potentiated by this toll. Second, the increased precision of having all types of a given
diagnostic category provided opportunities for future analysis that would not be possible had
their diagnostic variations been removed or collapsed. Third and finally, incident counts of many

outcomes attributed to diseases other than COVID-19 were often found to be small, necessitating
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collapse into other categories for statistical analysis and All of Us reporting rules and exerting
little or negligible pull on the presentation in a large dataset.

The post-infection interval of 28-days before first symptom occurrence was chosen to
capture health and daily functioning beginning after the presumptive acute infection phase but
still within 90 days post-infection. A 28-day window is sooner post-infection than the 90-day
window used in other studies (e.g. Thaweethai et al., 2023) and the WHO proposed diagnostic
criteria (Soriano et al., 2022). However, a shorter interval is of clinical interest for targeted
rehabilitation services because it reveals the prevalence of functional status indicators and
symptom burden within the 90-day timeframe that is allowable under the U.S. Family Medical
Leave Act (1993). Because functional impairment is proposed as part of this diagnostic
classification, we wished to characterize long COVID in a timeframe that would be clinically
useful in the U.S. for utilizing skilled rehabilitation following acute infection as the indexing
event. After importing every incidence of the condition codes, we removed concepts that were
not applicable to long COVID (e.g. developmental disorders) or were redundant (covered under
other concept hierarchies).

After importing every incidence of the condition codes we removed concepts that were
redundant (covered under other concept hierarchies). For instance, under the “Cognition” and
“Impaired Cognition” concept, “Normal Cognition” was removed to match the presumptive
absence of impairment in other participants with no data value (N/A). Also removed were
psychological concepts from the Diagnostic and Statistical Manual (American Psychiatric
Association, 2013). DSM concepts for psychological functioning also appeared in the “Finding

of functional performance and activity” concept. These were removed, retaining this variable’s
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concepts that aligned with the ICF’s components of function. Box 1 shows the concepts
removed.

Box 1

Standard concept names of descendent conditions removed from cognition and functional

findings ancestor condition categories



“Cognitive concepts removed”

Normal cognition

Suicidal behavior

Delusion of persecution

Homicidal thoughts

Worried

Anxiety about body function or health

Suicidal intent

Delusions

Thoughts of violence

Deficient knowledge of preconception health practices
Cognitive developmental delay

Below average intellect

Paranoid delusion

Anxiety about treatment

Thoughts of self harm

Has access to planned means of suicide

Repetitive routines

Obsessional thoughts

Planning suicide

Dangerous and harmful thoughts

Low intelligence

Grinding teeth

Human immunodeficiency virus infection with cognitive impairment
Suicidal

Suicidal thoughts

Mood-congruent delusion

Paranoid ideation

Attention deficit hyperactivity disorder

Attention deficit hyperactivity disorder, predominantly inattentive type
Child attention deficit disorder

Undifferentiated attention deficit disorder

Attention deficit hyperactivity disorder, predominantly hyperactive impulsive
type

Attention deficit hyperactivity disorder, combined type
Hyperkinetic conduct disorder

Developmental coordination disorder

“Finding of functional performance and activity” concepts removed

Attention deficit hyperactivity disorder

Attention deficit hyperactivity disorder, predominantly inattentive type
Child attention deficit disorder

Undifferentiated attention deficit disorder

Attention deficit hyperactivity disorder, predominantly hyperactive impulsive
type

Attention deficit hyperactivity disorder, combined type

Hyperkinetic conduct disorder

Developmental coordination disorder

Developmental disorder of motor function

Developmental delay in fine motor function

Hyperkinesis with developmental delay

Ineffective breathing pattern

Adjustment to life threatening illness

Difficulty coping

Lack of exercise

Gets no exercise
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Variables

Infection variants active at time of first infection

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.(2023) 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-BAS” from April 2022 — July 2022 (data release cut-off date).

Demographics

Age, sex assigned at birth, race, and ethnicity were included. Education level was
included as a proxy for the impact of social determinants of health due to its impact on access to
health-supporting societal resources (U.S. Department of Health and Human Services: Office of
Disease Prevention and Health Promotion, 2025), as financial concerns (Case et al., 2022) and
greater unmet social needs (Eligulashvili et al., 2024) have been found to be associated with

more numerous and persistent long COVID symptoms.

Number of long COVID symptoms/conditions present before and after infection

For each participant, a gross measure of pre-infection symptom burden was computed by
tallying all long COVID symptom categories with at least one incidence in the EHR between 28
days and five years prior to first COVID infection. This included all symptoms (e.g. headache,
joint pain, cough) and conditions (ME/CFS, POTS, and post-viral fatigue syndromes) used in
cohort discovery. For long COVID symptomatic participants only, an additional tally was

computed for the post-infection period.



43

Functional status indicators

This included self-reported daily functioning at enroliment (Aim1), and EHR-derived
procedure and diagnostic codes between January 1, 2015 to four weeks prior to first infection (all

aims) as follows:

Self-reported daily functioning and health (aim 1 only):

Long COVID has been shown to affect complex and “chosen” activity patterns, such as
productivity and leisure, more dramatically than basic self-care (Carter et al., 2022; Nielsen et
al., 2022). We explored these in Aim 1 through participant responses on the “Overall Health”
survey taken at enrollment to assess self-reported performance of physically demanding daily

activities, social roles, and mental/cognitive impact on performance.

Occupational therapy billing and procedure codes:

For each participant, a tally was computed of the number incidences of medical billing codes
for therapeutic procedures provided by occupational therapists and occupational therapy
evaluation codes reflecting level of complexity of the evaluation. Occupational therapy is the
therapeutic discipline designated by the Centers for Medicare and Mediaid Services (CMS) to
address deficits in daily performance, making it the most specific discipline for addressing
functional performance impairments (CMS, 2020). CMS maintains codes and definitions for
clinicians to record the medical necessity of services and procedures in the medical record. The
codes that record evaluation by an occupational therapist are cataloged under the CPT code
directory. These codes only occur in the medical record of a patient with concerns for
“performance deficits (i.e., relating to physical, cognitive, or psychosocial skills) that result in

activity limitations and/or participation restrictions” (CMS, 2020, emphasis added). This
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indicator of functional status is therefore highly specific — it is not documented for a person who
does not report concern for and/or present with functional performance deficits. Three codes are
available to document the complexity of the clinician’s evaluation to determine performance
deficits and the therapeutic plan of care. These reflect the level of complexity of functional
change from baseline, and are “Low” (97165), “Medium (97166), and “High” (97167). One
additional code to document the need for re-evaluation (97168) frequently used when the patient
has a decrease in status (due to, e.g., surgical procedure, poor prognosis, and/or complication of
medical conditions). CMS language delineating these code definitions can be found in Appendix

B.

“Finding of functional performance and activity” codes

The procedure codes under the vocabulary hierarchy “Finding of Functional Performance
and Activity” were used (Appendix B). These codes include observations documented by
rehabilitation and respiratory therapy providers. For modelling, we collapsed these into a
multinomial variable with three categories roughly corresponding to ranges of functional
impairment that may be inferred from these codes. The three levels of presumed severity were 0
= “No functional performance difficulty”, 1 = “Some functional performance difficulty”, and 2 =
“Severe functional performance difficulty” or “Dependent on others for care”). We noted that
this hierarchy includes ‘function’ concepts corresponding to current and former classification
schemes from the Diagnostic and Statistical Manual of Psychological Disorders (American
Psychiatric Association, 2013), which were removed based on their correspondence to a different
functional framework, redundancy with the mood and cognitive functioning symptom variables,
or inappropriateness as a predictor for the current question.

Code for grouping and filtering these observations is reported in Appendix B.
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Quantitative bias analysis of cohort discovery

Non-parametric propensity score matching with the “Matchit” R package was used to
explore between-group balance of factors which could affect the development of long COVID
(Stuart, 2010). Results from these analyses were used to report bias in the sample, and for
interpretation of findings and directions for future work. Matching was not done as this was

superfluous to the descriptive aims of these studies. Results are reported in Appendix C.

Analysis

Cohort discovery, cleaning, data wrangling, and statistical analyses were completed in
Jupyter cloud computing notebooks, using R versions 4.4.1-2. Regression model fitting followed
established processes (Andersen & Skovgaard, 2010; Harrell, 2001) for binomial logistic
regression (Aim 1), and ordinal probit logistic regression (Aims 2 and 3). This process began
with a complex model including all candidate variables with prior evidence of effect on risk for
long COVID or functional status change, continuous variables fitted with natural (restricted)
cubic splines, and interaction terms for each aim’s predictors of interest. This was followed with
an iterative, non-automated process comparing the starting model to subsequent models with
simplified fits of predictors considered important as potential main effects or confounders. The
Bayesian Information Criterion (BIC) delta was the main decision guide, with consideration also
given to likelihood ratio tests for non-nested models. Model fit was checked by plotting residuals
on continuous variables, checking predictor collinearity, and checking assumptions of ordinality
for Aims 2 and 3 models. For poorly fitting models, adjustments were made based on the model
fit checks, then this process was repeated (as noted in the individual paper supplementals).
Modelling and hypothesis testing were completed using the rms package (Harrell, 2024). The

covariates and their sources for each aim are tabulated in Appendix D.



R packages “stats” (R Core Team and contributors worldwide, 2025), “rms” (Harrell, 2024),
“corrplot” (Wei, 2021), and the “tidyverse” suite (Hadley Wickham, 2019) were used. Data
analysis was performed in the All of Us Researcher Workbench, Jupyter notebooks cloud

computing environment, using R programming language (R Core Team, 2022).
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Chapter 4. Manuscript 1

Associations of Demographics, Pre-infection Functional Status, and Pre-infection Symptom
Burden With Developing Long COVID: A Retrospective Cohort Study From the All of Us

Research Program.
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ABSTRACT

Over seven million U.S. adults experienced “long COVID”, or persistent health issues after
COVID-19. Multiple guidelines suggest including functional status in long COVID diagnostic
criteria. Few population studies have explored associations between pre-infection functional

status and long COVID.

DESIGN & METHODS. Retrospective cohort study of associations between pre-infection
functional status, pre-infection occurrences of long COVID symptoms, and demographics, with
>1 long COVID symptom post-infection. Health records and survey responses of participants
with history of COVID-19 enrolled the All of Us Research Program through July 2022 were

analyzed.

RESULTS. N = 66,971 participants were included. 25,332 had no record of post-COVID
symptoms (recovered group) and 41,639 had at least one symptom (long COVID group). The
long COVID group was older (median 63 vs. 60), more frequently female (65% versus 61%) or
Black (22% versus 19%), and had higher pre-infection prevalence of common long COVID
symptoms (median 6 vs. 1). The adjusted odds of developing long COVID symptoms increased
with years of age, female sex, lower functional status and lower self-reported mental health, and

having had more symptoms prior to first COVID-19 infection (within 99% confidence limits).

CONCLUSIONS AND IMPLICATIONS. Greater pre-illness symptom and functional burden,
female sex, and older age increased risk of long COVID. There were different associations with
health record-derived versus self-reported functional indicators. Thorough assessment of pre-

infection functioning and symptoms may enhance care for people with long COVID.
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Among U.S. adults with a history of SARS-CoV-2 infection, 7.7 to 23 million experience
persistent post-acute symptoms! 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.®
Long COVID is a patient-generated term for new-onset or exacerbated, and persistent, symptoms
and health conditions after COVID-19 infection.?*® Common presentations include fatigue,
post-exertional malaise, cognitive impairment, headache, breathing difficulty, musculoskeletal
pain or weakness, sleep disturbance, and mood disorder’ among many others.!%!? Long COVID
symptoms affect complex and “chosen” activity patterns (such as productivity and leisure) more
dramatically than basic self-care.'*!'* Thus, the disability from long COVID forces some people

to abandon complex routines and roles in work, family, and community life.%!

Clinical diagnostic definitions and criteria of long COVID are an urgent and ongoing
focus of study.? Multiple research initiatives have been launched to study recovery from COVID-
19 in large samples with the goal of identifying phenotypes (or groups) of symptoms and

biomarkers,'%!6-2!

many using electronic health records (EHR). These rigorous studies have
marshalled an extraordinary amount of data into various phenotypes and diagnostic hallmarks,*
providing vital direction on the disease and its impact. However, few have included quantifiable
indicators of daily functioning,*® despite early patient reports describing profound impact on
daily life®** and several proposed criteria asserting that an impact on daily functioning is a
critical diagnostic component.>?* The World Health Organization’s (WHO) working list of core
criteria to define long COVID stipulated that the impact on activity participation should be
included in diagnosis.?®> The National Academies of Sciences, Engineering and Medicine have

recently reiterated that functional impairment could be a key element in disease definition, and

called for research into its operationalization and measurement.? Because most EHR-based
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phenotyping studies do not include data on how disability manifests or is treated, their resulting

diagnostic classifications exclude this diagnostic feature.

Additionally, although post-infection presentations have been thoroughly investigated,
studies of pre-infection occurrence of these same symptoms, conditions, and functional
impairments are limited.!%?® Most studies that explore the emergence of symptoms and
conditions after COVID-19 have not compared this to their pre-infection prevalence.?
Additionally, pre-infection disability due to chronic health issues has been found to be associated
with an over two-fold increase in long COVID.?” Because long COVID includes worsened or
exacerbated conditions that were previously well-managed, pre-infection symptoms and
functional status may be relevant to both estimating risk of developing long COVID and tailoring

management stra‘[egies.22

The primary aim of this study is to compare demographic characteristics, pre-infection
functional status, and pre-infection occurrences of some of the most common long COVID
symptoms between participants with and without long COVID in a diverse population-based
sample of people with COVID-19 enrolled in the All of Us Research Program through July 1,
2022. Our secondary aim is to estimate the adjusted odds of developing at least one long COVID
condition based on (a) demographics, (b) pre-infection daily functioning, and (c) the number of

long COVID symptoms/conditions occurring prior to infection.

METHODS
Design and data source

This is a retrospective cohort study of participants enrolled in the U.S. National Institutes
of Health 4// of Us Research Program through July 2022 (curated data repository version 7.0),

Controlled tier C2022Q4R9,® accessed through the All of Us Researcher Workbench.?’ A1l of Us
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is among the most comprehensive population-level biobanks in the world.*° Participants come
from all 50 U.S. States and three territories, and are over-recruited from groups that are
historically underrepresented in medical research. They share their baseline function and health
data through surveys, biospecimens, and release of EHR data which is subsequently scraped
every three months. 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 illness were included. Diagnostic indicators were (a) laboratory values
for positive PCR, antigen, or positive antibody test, (b) self-reported illness consistent with
COVID-19 reported on the 2021-2022 All of Us COVID-19 Participant Experiences (COPE)
survey, or (c) the ICD-10 code for COVID-19 (U07.7). Informed consent for sharing EHR and
survey data was obtained from all participants. A// of Us Health Provider Organizations
responsible for participant recruitment and enrollment delegated IRB oversight to the All of Us

Central IRB.

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 symptoms and conditions.
Participants were classified in the “long COVID” group if they had at least one entry of any of
these entered at least 28 days after their first COVID-19 infection; the rest were classified in the
“recovered” group, having no EHR entry of these sequelae codes following their first COVID-19
infection. Proposed empirical definitions of long COVID include exacerbations or relapses of

pre-infection conditions.>!!*?> Therefore “any mention” of the symptoms/conditions in this list


https://www.researchallofus.org/data-tools/
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was included, rather than “first mention”. For the present analysis, the first entry of each code
was the indexing incidence. Symptom persistence could not be determined from the A/l of Us

data structure. Appendix A reports the long COVID sequelae codes and selection process.

Data sources and variables

Surveys: Demographics, self-reported health, and self-reported function at study enrollment.
All of Us participants provide self-report of their health and daily functional status data

through validated self-report measures from the PROMIS battery and A4/l of Us-designed surveys

at enrollment. This study used responses to “The Basics” (demographics), “Overall Health”

(daily functioning and mental health) and “Covid-19 Participant Experience” (COPE) (self-

reported COVID-19 symptoms between May 2020 — March 2021) surveys.

Long COVID symptoms and conditions.

Indicators of possible long COVID were chosen a-priori based on the Centers for Disease
Control and Prevention’s list of symptoms®! and emergency billing code for Post-COVID
conditions,*? prior phenotyping and patient-led literature, and the authors’ clinical and
community research experience. These sources yielded a broad list of 44 conditions or condition
categories (“descendent” codes), which fell under 38 condition categories (“ancestor” codes)
within the A/l of Us data table structure. These 38 broad ancestor diagnoses were queried for all
participants. For each diagnostic category, we retained the first incidence in the five years prior
to infection (pre-infection occurrence) and the first incidence 28 days or more after the infection
(post-infection occurrence). (The latter designated a participant as “long COVID” or
“Recovered”.) Selection process and rationale, condition categories, and exclusions are reported

in Appendix A.

Total number of long COVID symptoms/conditions present prior to infection
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For each participant, a gross measure of pre-infection symptom burden was computed by
tallying all long COVID symptom categories with at least one incidence in the EHR between 28
days and five years prior to tirst COVID infection. 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
We created a time-bound variable 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.>?

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-BAS5” from April 2022 — July 2022 (data release cut-off date).

Demographics

Age, sex assigned at birth, race, and ethnicity were included. In addition we included
education level as a proxy for the impact of social determinants of health due to its impact on
access to health-supporting societal resources *4, as financial concerns®> and greater unmet social
needs*® have been found to be associated with more numerous and persistent long COVID

symptoms.

Pre-COVID daily functioning

Pre-infection functional status was indicated with self-reported daily functioning in two
ways: enrollment surveys and functional status findings recorded in EHR procedure and
diagnostic codes between January 1, 2015 to four weeks prior to first infection. Survey responses

were queried for self-reported performance of physically demanding daily activities, social roles,
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and mental/cognitive impact on performance. From the EHR, the incidences of medical billing
codes for therapeutic procedures provided by occupational therapists were tallied (Occupational
therapy is the therapeutic discipline designated by CMS to address deficits in daily performance,
making it a highly specific discipline for indicating functional impairment.)*’ Additionally,
procedure codes under the vocabulary hierarchy “Finding of Functional Performance and
Activity”, entered before the first COVID infection, were grouped into three levels of

presumable severity (“No functional performance difficulty”, “Some functional performance

difficulty”, and “Dependent on others for care”). (Appendix B.)

Quantitative bias analysis of cohort discovery
Potential cohort bias was examined using non-parametric propensity score matching.
Bias was estimated for (a) participant enrollment before first COVID infection (retained for this

analysis) versus after (excluded) (see Appendix C).

Analysis

Demographic variables were graphed to visually assess distribution, and tested for
significance using Welch’s ¢ test (normal), Mann-Whitney U test (non-normal), or X test
(categorical). Unadjusted odds ratios were computed for pre-COVID baseline survey responses
on acquired demographics, social and financial variables, and daily functioning. Binomial
logistic regression with a logit link function was used to model the odds of developing at least
one long COVID symptom, based on demographics, COVID variant, and pre-infection presence
of long COVID symptoms/conditions and daily functioning. Linearity, interaction terms, and
residual fit were assessed according to established procedures **. All odds were computed in
relation to the mean or median for continuous covariates, or the category with the largest

representation for categorical covariates. The model specification process and final fit statistics
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are described in Appendix D. Data access and analysis was performed in the 4/l of Us
Researcher Workbench, Jupyter notebooks cloud computing environment, using R programming
language.*® Cohort discovery, data cleaning and organization, and statistical analyses were
completed by the first and second author in Jupyter cloud computing notebooks, using R

packages “stats”,*® “rms”,*! “corrplot”,*’ and the “tidyverse” suite.*’

RESULTS

104,992 participants met inclusion criteria of at least one COVID-19 illness. 21,201
participants with missing demographic survey responses were removed, and an additional five
participants who had erroneous diagnostic codes in their EHR (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). For the present analysis, participants who enrolled after their first COVID-
19 indicator were also removed; this allowed use of enrollment questionnaires as pre-infection
self-reported baseline functioning and health data. The final sample was N = 66,971 participants,
with 41,639 showing at least one symptom (long COVID group) and 25,332 showing no EHR

record of post-COVID symptoms (recovered group).

Quantitative bias analysis of cohort discovery
Pre- versus post-infection enrollment exhibited 45% overlap; this relatively low match suggests
that these two groups may be different across one or more important population parameters, potentially

due to programmatic influences on recruitment (discussed in Appendix C).

Demographics
Demographic distributions are shown in Table 1. The majority of this sample 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 to 1.long COVID
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participants were about 3 years older (median 63 (24) versus 60 (28)), and had slightly higher
percentages of female sex, female gender, and Black or African American participants than

recovered participants. Groups were effectively equivalent in Hispanic/Latino ethnicity.

[Insert Table I about here]

Pre-infection daily functioning

EHR-recorded billing code indicators of daily functioning are displayed in Figure 1. The
long COVID group had a higher proportion of difficulty with daily functioning 10% vs. 4%) and
dependence on others for care 6% vs. 2%) than the recovered group (Table 1). Figure 1 illustrates

the functional observations.

[Insert Figure 1 about here]

Pre-infection prevalence of long COVID symptoms and conditions

The range of pre-infection symptoms with any occurrence was 0-23. The long COVID
group had a higher median number of pre-infection symptoms of long COVID (6(6) vs. 1(4),
Table 1, Figure 2). The distributions and proportions of the number of participants with any
observations under these broad categories prior to infection are shown in Table 2 and Figure 3.

There were no pre-infection observations of POTS, PVFS, ageusia, and anosmia.

[Insert Figure 2 about here]

[Insert Table 2 about here]

[Insert Figure 3 about here]

Correlations were computed to test the symptom categories for collinearity (Appendix E).

There were no correlations above 0.53. Moderate to low correlations were found between
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depression and anxiety (*r* = 0.53), abdominal pain with both diarrhea (*r* = 0.32) and chest
pain (*r* = 0.32), dyspnea with both chest pain (*r* = 0.4) and cough (*r* = .33), ME/CFS and
fatigue (*r* = 0.34), musculoskeletal and generic chest pain (*r* = 0.33), and sleep and
depression (0.31). Correlations between long COVID symptoms were computed and grouped
using first principal component analysis (Figure 4). The strongest groupings were (a) joint pain,
sleep, functional performance difficulty, cognition, anxiety, and depression; (b) abdominal pain,
diarrhea, fever, tachycardia, cough, chest pain, dyspnea, palpitations, dizziness and headache.
Fatigue was observed to have a moderate correlation across both groups. Menstrual dysfunction
and sexual dysfunction had the lowest correlations with the rest of the variables. ME/CFS was

moderately correlated with fatigue only.

[Insert Figure 4 about here]

Adjusted odds of developing long COVID >1 symptom or condition

Adjusted odds are reported in Table 3. See Appendix D for model fitting process.

[Insert Table 3 about here]

Age, race, ethnicity, and sex assigned at birth

Odds of long COVID increased with years of age. Compared to the mean of 62 years,
younger participants had about 0.72 (0.67-0.77) odds at age 25 and 0.94 (0.93-0.95) odds at age
55. By contrast, older participants’ odds were 1.12 (1.09-1.15) at age 75, and 1.23 (1.18-1.28) at
age 85. Slightly lower odds were seen for male sex (0.95, 0.89-0.99 P=0.008) and Hispanic or
Latino ethnicity (0.85, 0.72-0.99, P=0.008). Race was not significant in this model (all

confidence intervals crossed 1.0).

Pre-infection functional and health status
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Odds were higher for people who rated their mental health and cognitive functioning as
“Good” (1.19, 1.09-1.31) or “Poor” (1.23, 1.00-1.50) compared to “Excellent”. Odds were also
higher for those who had severe functional impairments per EHR codes (1.51, 1.28-1.79), but
were not significant for less severe impairment. Self-rated ability to perform physical daily
activities, social role performance and satisfaction, and the total occupational therapy billing

units in the 5 years prior to infection, were also non-significant.

Pre-infection occurrence of long COVID symptoms/conditions

Odds and log likelihood increased significantly and dramatically with increasing number
of pre-infection symptoms. We contrasted the odds for the median (four) with the minimum,
maximum, and quartiles. Lower odds were seen for people with zero symptoms (0.08, 0.07-0.08)
and one symptom (0.19, 0.18-0.20). The odds increased substantially at the third quartile of
seven symptoms (1.73, 1.65-1.80) and dramatically at the maximum of 23 symptoms (34.62,

24.94-48.09).

DISCUSSION

This retrospective cohort study is the first examination of long COVID among
participants in the A// of Us Research Program. To our knowledge, it is also the first population-
level study to explore the prevalence of pre-infection occurrences of long COVID symptoms and

functional status levels, and their associations with developing post-COVID symptoms.

We found that some pre-existing functional impairment indicators were associated with
increased risk of developing long COVID symptoms. Interestingly, we noted different strength
and directions of associations from the self-reported versus EHR-derived functional status

indicators. Lower pre-infection self-rated mental health/cognition was associated with
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developing long COVID, while ability to perform physical daily activities was not. This was
somewhat surprising since most of the concepts contained in the “Finding of Functional Status
and Activity” code hierarchy describe physical (e.g. motor and mobility) performance and
relatively few cognitive or behavioral observations. This discrepancy could be due to different
latent constructs being measured, or under-detection of slight or moderate functional decreases in
EHR data.** Because self-reported functional impairments in long COVID are sometimes

dismissed® or not measured with instruments validated with this population,*>-4¢

exploring change
from pre- to post-infection using instruments with face validity to the patient experience may
provide more accurate insights. The findings of the present study provide evidence that poor

cognition/mental health and some daily functioning limitations may interact with one another to

increase risk for long COVID.

This exploration of the pre-infection incidences of symptoms and conditions common in
long COVID revealed several significant insights. First, the distribution of these conditions
relative to one another are remarkably similar between long COVID participants and
asymptomatic participants; with a few exceptions of very slight magnitude, the conditions that
were more prevalent in participants who later developed long COVID symptoms were also more
prevalent in participants who later recovered, and vice-versa. 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 at least one long COVID symptom/condition. Second, we
noted several conditions with high pre-infection prevalence: joint pain was the most frequently
observed (62% of long COVID participants and 30% of recovered participants), followed by
chest and abdominal pain, sleep disturbance, mood disorders, cough, and dyspnea. By contrast,

several of the cardinal long COVID symptoms displayed lower pre-infection prevalences in both
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groups, and greater differences between the long COVID and recovered groups; these included
fatigue (34% of long COVID participants and 13% of asymptomatic participants), cognition
(12% and 4%), and ME/CFS (5% and 2%). This supports the proposed criterion that
exacerbations of pre-infection conditions, in addition to those newly developed, must be
understood in order to define and treat long COVID. Further, this may suggest that some health
conditions feature mechanistic links that potentiate later development of long COVID conditions,
such as autoimmune or cardiac systemic reactions to SARS-CoV-2 infection.’ Elucidating pre-
infection condition incidence may provide direction for the growing body of mechanistic

research.

These results are consisted with literature suggesting that long COVID can include
exacerbations, decompensations, and increased impact of prior health conditions.>'??? In the
current study, many (but not all) participants who developed long COVID experienced pre-
infection health issues found in long COVID phenotypes, with symptomatic participants having
a wide range of medical histories and pre-infection burden. Although risk of post-infection
symptoms increased dramatically with the number of pre-infection symptoms, participants with
no EHR record of prior symptoms also developed long COVID. Thus prior symptom burden,
although associated with increased risk, was neither necessary nor sufficient to support a singular
causal link. Nevertheless, the assessment of pre-infection health, including the presence and
interactions between ongoing health needs, should be considered in research and clinical
management of post-infection symptom presentations. A future analysis of long COVID
participants could explore pre- versus post-infection changes in symptom and condition
distribution, repeated versus new conditions, and dimensional reduction to explore and compare

phenotypes.
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The finding that earlier periods of first infection increased the likelihood of developing
symptoms (Appendix E) calls for additional context and exploration. The opportunities to
develop symptoms would presumably increase with time. This dataset’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, there is some evidence, if not
consensus, that vaccination against COVID-19 has some protective effect against long COVID
symptoms.'®*’ Thus, both the calendar time at first infection and the availability of vaccines
starting in 2021 may have influenced the number of people who developed symptoms in our
sample. The significance of time since infection and vaccination may be explored in a future

analysis.
Limitations

This analysis contains several limitations. First, retrospective studies using EHR data are
limited by detection bias.**** In A4l of Us, several sources of clinically relevant functional and
disease severity data are unavailable, and we were unsuccessful in finding proxies for severity of
infection or long COVID symptoms. Admitting diagnoses and narrative notes (where functional
status is often described) are suppressed in A/l of Us for privacy. This precluded connections
between incidences of COVID-19 and hospitalizations, and did not allow use of language
learning models or other text-to-data methods of data extraction. Medication with Remdesivir,
used in acute treatment, was also explored as proxy for disease severity. The cut-oft date for this
All of Us data set predated FDA approval of Remdesivir by about six months. We found that
about 800 participants had been prescribed remdesivir, presumably 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; thus, Remdesivir was not used as a
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proxy for illness severity. Prospective studies using tools that measure disease and symptom

severity, as well as the patient experience, continue to be critical.

CONCLUSION

The pre-infection baseline symptoms and functional statuses of participants in A/ of Us
with COVID-19 infection are varied and associated with post-infection status. Advancing age,
pre-infection self-reported mental and cognitive health, EHR observations indicating severe
functional impairment, and the number of long COVID symptoms occurring prior to infection,
all increased the odds of at least one symptom after infection. The relationships between age and
functioning and the changes from pre-infection to post-infection for people with post-COVID

symptoms are areas of future study.
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TABLES

Table 1. Demographic, functioning, and long COVID disease characteristics in All of Us

participants through July 2022.
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Long COVID Recovered (No long | 7est, P
participants COVID symptoms)
n (total 66,971) 41639 25,332
age (mean (SD)) 61.07 (16.03) 57.73 (16.81) t=-25.406, df =
51519, P<2.2e-16 [-
3.68, -3.00]
age (median (IQR)) 63 (24) 60 (28) W=467263123, P <
2.2e-16
Total number of pre-pandemic | 6.11 (3.96) 2.45 (2.94) =-136.83, df =
symptoms of long COVID 64375, P<2.2e-16 [-
(mean (SD)) 3.73, -3.59]
Total number of pre-pandemic | 6 (6) 1(4) W =224992918, P-
symptoms of long COVID value < 2.2e-16
(median (IQR))
X2 =6438.3,df=5, P
Variant of Concern <2.2e-16
Pre-VOC/wild type | 21632 (52.0) 7575 (29.9)
Pre-VOC, alpha, and beta | 10138 (24.3) 6446 (25.4)
alpha, beta, and delta | 3317 ( 8.0) 1922 (7.6)
delta | 3538 ( 8.5) 2945 (11.6)
omicron BA1-BA2 | 2629 ( 6.3) 3615 (14.3)
omicron BA2-BA5 | 385 (0.9) 2829 (11.2)
Gender (%) X2=106.78,df=4, P
<2.2e-16
Female | 27120 (65.1) 15504 (61.2)
Gender Identity: Additional | 37 (0.1) 21 (0.1)
Options
Gender Identity: Non Binary | 76 (0.2) 57(0.2)
Gender Identity: Transgender | 47 (0.1) 25(0.1)
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Male | 14359 (34.5) 9725 (38.4)
Sex assigned at Birth (%) X2 =106.35,df=2, P
<2.2e-16
Female | 27230 (65.4) 15571 (61.5)
Male | 14403 (34.6) 9754 (38.5)
Race (%) X2=222.18,df=4, P
<2.2e-16
Asian | 989 (2.4) 999 (3.9)
Black or African American | 9311 (22.4) 4822 (19.0)
Middle Eastern or North | 293 ( 0.7) 201 ( 0.8)
African
More than one population | 805 ( 1.9) 536 (2.1)

White

30241 (72.6)

18774 (74.1)

Ethnicity (%)

X2*=13.997,df=1,
P=10.0001831

Not Hispanic or Latino

40681 (97.7)

24631 (97.2)

Pre-infection functional 41639 25,332
performance diagnostic codes
No Functional Performance
Difficulty | 34718 (83) 23985 (95)
Some Functional Performance
Difficulty | 4240 (10) 949 (4)
Dependent on Others for Care | 2681 (6) 398 (2)
Pre-infection OT CPT codes 0 00 W = 466262838, P <

billed (median(IQR))

2.2e-16

* = Run with Yeats' continuity correction




Table 2. Pre-infection prevalence of common post-COVID symptoms and conditions in A/l of Us

participants through July 2022.
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PASC symptom/condition group Asymptomatic % Long %
participants (of COVID(of
25,332) 41,639)

Abdominal 5237 21 18803 45
Anxiety 4148 16 17717 43
Chest Pain 5054 20 19400 47
Cognition 1117 4 5131 12
Cough 3977 16 15833 38
Depression 3634 14 16639 40
Diarrhea 2076 8 9273 22
Dizziness 2398 9 10388 25
Dyspnea 3308 13 14670 35
Fatigue 3339 13 14172 34
Fever 1390 5 5537 13
Functional Performance 1368 5 6946 17
Headache 2603 10 11051 27
Joint Pain 7626 30 25675 62
ME/CFS (Chronic Fatigue) 430 2 2228 5
Menstrual Disorder 1475 6 4304 10
Muscle Pain 1253 5 6528 16
Musculoskeletal Chest Pain 648 3 3220 8
Palpitations 1469 6 6308 15
Paresthesia 1169 5 5111 12
Positional Orthostatic Tachycardia 0 0 0 0
Syndrome (POTS)

Post-viral Fatigue Syndrome 0 0 0 0
Rash 2965 12 11488 28
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Sexual Dysfunction 231 1 847 2
Sleep 3902 15 18241 44
Smell 36 0 158 0
Tachycardia 1225 5 4946 12
Taste 0 0 0 0

Table 3. Adjusted odds of developing at least one long COVID symptom by baseline health and

functioning status in A/l of Us participants through July 2022.

Contrast | Lower | Upper | Z P (>|z]) Y | lower | upper
Age
25 0.72 0.67 0.77 | -13.49 | <0.000 079 | 0.77] 0.81
35 0.79 0.75 0.82 | -13.49 | <0.000 0.80| 0.79| 0.82
45 0.86 0.83 0.88 | -13.49 | <0.000 0.82| 0.80| 0.83
55 0.94 0.93 0.95 | -13.49 | <0.000 0.83| 0.82| 0.84
62 1.00 1.00 1.00 0.84| 0.83| 0.85
75 1.12 1.10 1.15| 13.49 | <0.000 0.85| 0.84| 0.86
85 1.23 1.18 1.28 | 13.49 | <0.000 0.86| 0.85| 0.88
Race
White 1.00 1.00 1.00 0.84| 0.83| 0.85
Black of African
American 1.06 0.99 1.14 2.25 0.02]| 0.85| 0.83| 0.86
Asian 0.90 0.78 1.04| -1.85 0.06 | 0.82| 0.80| 0.8
Middle Eastern or
North African 1.00 0.74 1.36 0.01 099 0.84| 0.79| 0.88
More than one
population 0.98 0.81 1.18 | -0.27 0791 0.84| 0.81| 0.86
Sex assigned at birth
Female 1.00 1.00 1.00 0.84| 0.83| 0.85
Male 0.95 0.89 1.00| -2.65 0.01| 0.83]| 0.82| 0.84
Ethnicity
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Not Hispanic or

Latino 1.00 1.00 1.00 0.84| 0.83] 0.85
Hispanic or Latino 0.85 0.72 1.00| -2.65 001|081 0.79| 0.84
Variant
Pre VOC 1.00 1.00 1.00 0.84| 0.83| 0.85
Pre VOC, alpha, beta 0.61 0.57 0.65 | -19.54 | <0.000 0.76 | 0.74| 0.78
Alpha, beta, delta 0.48 0.44| 0.53] -19.32 | <0.000 0.72| 0.69| 0.74
delta 0.33 0.30 0.36 | -32.74 | <0.000 0.63| 0.61| 0.66
Omicron BA1-BA2 0.17 0.16 0.19 | -50.91 | <0.000 047 | 045| 0.50
Omicron BA2-BA5 0.02 0.02 0.03 | -61.11 | <0.000 0.10| 0.09| 0.2
Approximate functional level based on *""Finding of Functional Performance or Activity"
code
No Functional
Performance
Difficulty 1.00 1.00 1.00 0.84| 0.83| 0.85
Some Functional
Performance
Difficulty 0.93 0.82 1.04| -1.66 0.10| 0.83]| 0.81| 0.8
Dependent on Others
for Care 1.51 1.28 1.79 6.42 0.00] 0.89| 0.87] 0.90
Number of long COVID symptoms/conditions present prior to infection (Quartiles)
0 0.08 0.07 0.08 | -82.83 | <0.000 029 | 0.27] 0.31
1 0.19 0.18 0.20 | -91.66 | <0.000 050 | 048] 0.52
4 1.00 1.00 1.00 0.84| 0.83] 0.85
7 1.73 1.65 1.80 | 24.80 | <0.000 090| 089 | 0.91
23 34.62 | 24.93| 48.09 | 21.14 | <0.000 099 | 0.99| 1.00
Self-rated ability to complete physical daily activities
Completely 1.00 1.00 1.00 0.84| 0.83| 0.85
Mostly 1.04 0.97 1.12 1.51 0.13]084| 0.83| 0.86
Moderately 1.03 0.94 1.13 0.87 0.39] 084 0.83| 0.86
A little 0.95 0.84 1.06 | -1.23 022 083| 0.81] 0.85
Not at all 0.81 0.63 1.04 | -2.21 0.03| 0.81| 0.77| 0.85
No Answer 1.02 0.73 1.44 0.17 0.86]084| 0.79] 0.88
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Self-rated social role performance and satisfaction (composite)

2 1.04 0.95 1.15 1.15 025|084 0.83| 0.86

3 1.03 0.94 1.12 0.77 0441 084| 0.83] 0.85

4 1.00 1.00 1.00 0.84| 0.83] 0.85

5 1.06 0.97 1.15 1.68 0.09] 0.85| 0.83| 0.86

6 1.00 0.91 1.10 0.11 091]084| 0.82] 0.85

7 0.96 0.85 1.08 | -0.88 0.38] 083 0.81] 0.85

8 1.03 0.90 1.19 0.58 056|084 0.82| 0.86

9 0.95 0.77 1.16 | -0.70 049 ] 083 0.80| 0.86

10 0.81 0.62 1.06 | -1.98 0.05]081| 0.76| 0.85
Self-rated mental health (mood and cognitive function)

Excellent 1.00 1.00 1.00 0.83| 0.82| 0.84

Very Good 1.06 0.98 1.15 2.04 0.04 ] 084| 0.83] 0.85

Good 1.19 1.09 1.31 4,98 | <0.000 0.85| 0.84| 0.87

Fair 1.11 0.99 1.25 2.29 0.02] 0.84| 0.83| 0.86

Poor 1.23 1.00 1.50 2.62 0.01] 086 0.83| 0.88

Pre-infection total CPU's billed

0 1.00 1.00 1.00 0.84| 0.83| 0.85

5 1.00 0.99 1.01 0.76 0.45]0.84| 0.83] 0.85

20 1.01 0.97 1.05 0.76 045]084| 0.83] 0.85

80 1.05 0.89 1.24 0.76 0.45] 0.85| 0.82| 0.87

700 1.53 0.36 6.39 0.76 045|089 | 0.66| 0.97
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ABSTRACT

BACKGROUND: Impaired performance of daily routines and activities is experienced by some people with long
COVID (symptoms and conditions persisting after recovery from COVID-19 infection). Functional impairment has
been recommended as a diagnostic criterion for long COVID, but few population-level studies have explored its
prevalence and risk factors using EHR data. This study aimed to estimate functional status using standard medical
concepts, and to identify main effects for functional impairment after COVID-19 infection by demographic, health,
and disease factors. We hypothesized that long COVID symptoms, female sex, and older age would increase risk for
post-infection functional impairment after adjusting for sociodemographic and disease factors.

METHODS: This cohort study of participant data in the All of Us Research Program through July 2022 explored
functional status in participants with versus without >1 common long COVID condition or symptom. We report
descriptive statistics and standard mean differences in functional impairment indicators found in the EHR from an
ordinal probit logistic regression model.

FINDINGS: N=83,786 participants met inclusion criteria, with 52,349 long COVID symptomatic participants and
31,437 asymptomatic (recovered). The most significant contributors to the likelihood of functional impairment were
lower pre-infection functional status (X?=3610-4) older age (X?: 655-6), earlier SARS-CoV-2 variant (X2: 602-8),
and presence of pre-infection symptoms (X2: 441-0). Having >1 long COVID symptom was associated with greater
functional impairment (X2: 387-2) even after adjusting for older age and pre-infection symptoms (25 year-old SMD:
0-49, 99% ClI: 0-35-0-59, p <0.000, versus 75 year-old SMD: 0-16, 99% CI: 0-11 — 0-22, p < 0.000). Female sex
showed a small effect for slightly better functioning compared to males (X2: 49-7, SMD: -0-1, 99% CI: -0-13 - -
0-06, p < 0.000).

INTERPRETATION: Having at least one long COVID symptom after infection was associated with functional
impairment even after adjusting for years of age and number of pre-infection symptoms. Sex showed a negligible
effect. Pre- and post-illness presence of long COVID symptoms and levels of daily functioning should be assessed

as part of long COVID evaluation and care planning.

FUNDING: This work was supported by a T32 training grant to the first author from 2021 (5TL1TR002375-05) to
2023 (2TL1TR002375-06) through the University of Wisconsin-Madison School of Medicine and Public Health,

and through a data processing grant from the University of Wisconsin-Madison Occupational Therapy Program. The



75

All of Us Research Program is supported by the National Institutes of Health, Office of the Director: Regional
Medical Centers: 1 OT2 0D026549; 1 OT2 OD026554; 1 OT2 0D026557; 1 OT2 OD026556; 1 OT2 OD026550; 1
OT2 OD 026552; 1 OT2 OD026553; 1 OT2 OD026548; 1 OT2 OD026551; 1 OT2 OD026555; IAA #: AOD 16037;
Federally Qualified Health Centers: HHSN 263201600085U; Data and Research Center: 5 U2C OD023196;
Biobank: 1 U24 OD023121; The Participant Center: U24 OD023176; Participant Technology Systems Center: 1
U24 0D023163; Communications and Engagement: 3 OT2 OD023205; 3 OT2 OD023206; and Community

Partners: 1 OT2 OD025277; 3 OT2 OD025315; 1 OT2 OD025337; 1 OT2 OD025276.



76

RESEARCH IN CONTEXT PANEL

Evidence before this study

Functional impairment — decreased ability to perform daily routines — is both an outcome and a proposed diagnostic
marker of long COVID (persistent health issues after COVID-19 infection). However, its prevalence and risk factors
have not been studied in large population-level datasets.

Added value of this study

In a sample of 83,786 participants in the All of Us Research Program, having at least one long COVID symptom
increased risk for functional impairment, even when adjusting for years of age and pre-infection occurrences of long
COVID symptoms. Pre-infection functional impairments and infection during earlier COVID-19 variants also had
large effects. Female sex was mildly associated with better functional status.

Implications of all the available evidence

Pre- and post-infection functional status may be under-represented in electronic medical records, and should be
assessed as part of evaluation and care planning. More evidence is needed to validate instruments for measuring the

functional status changes experienced by people with long COVID symptoms and conditions.
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BACKGROUND

Long COVID is the experience of new or worsening health conditions and symptoms that persist for
months or years after recovery from coronavirus 2019 (COVID-19), the illness caused by the novel 2019 strain of
severe acute respiratory virus (SARS-CoV-2).1? Prevalence estimates vary, with global cumulative incidence
estimated at ~409 million adults,® and pooled estimates at ~34% of COVID-19 survivors.* In the U.S., long COVID
affects 29-32% of COVID-19 survivors,* or about 6-7% of the total adult population.®

The symptoms and health conditions of long COVID can be sufficiently severe to cause disability in work,
education, community, and family life. At the last availability of population surveillance data for the U.S., about
5.5% of U.S. adults reported having long COVID that limited their activity.® The prevalence of persistent disability
appeared to be increasing year-over-year at that time, suggesting unaddressed functional impairment. This increases
vulnerability to financial insecurity, isolation, and loss of social structures that support health®” particularly for
people with pre-existing disability.® Long COVID can occur regardless of COVID-19 severity® and may contribute
to disability during the most productive years of life. The ensuing economic impact of this novel cause of disability
is unsustainable; in 2022, an estimated 4 million U.S. adults were out of work due to long COVID symptoms,
projected to result in over $170 billion in lost wages annually.® In the same time period, people with long COVID
had excess healthcare utilization and cost.!* The prevalence and economic impact of long COVID create a critical
need to understand the extent and degree of disability in this population.

Functional impairment is both a known health outcome and a proposed diagnostic marker of long COVID.
The National Academies of Science, Engineering and Medicine have recommended that an operational definition of
functioning, and a corresponding measurement instrument with research and clinical utility, is needed to advance the
science and clinical treatment of long COVID.*? This recommendation aligns with the World Health Organization’s
proposed diagnostic criteria for long COVID, which includes assessment of the impact of symptoms/conditions on
daily activities.*® Although there is accumulating evidence showing the detrimental effects of long COVID on
functional status, it is primarily from single-center studies with varying operational definitions.'* In diagnostic
research, rigorous high-throughput studies have synthesized large amounts of symptom data into proposed
generalizable phenotypes and diagnostic hallmarks,%>2° with variation in their phenotypic findings.*?* However,
most of these studies have not included data on how disability manifests (in diagnostic codes) or is treated (in

referral and procedure codes for rehabilitation therapies). Consequently, the resulting diagnostic classifications lack
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evidence characterizing the prevalence, severity, and diagnostic utility of functional status, leading to incomplete
taxonomies of the disorder. To build on this research, indicators of post-infection functional status should be
incorporated into data-driven definitions.

This study aimed to (a) estimate functional impairment after COVID-19 infection using standard medical
concepts found in EHR billing and diagnostic codes, and (b) identify main effects for lower functional status after
COVID-19 infection by demographic, health, and disease factors among participants in in the All of Us Research
Program. We hypothesized that having long COVID symptoms following infection, female sex, and older age would
be associated with higher likelihood of post-infection functional impairment after adjusting for sociodemographic
and disease factors. This is given that age increases likelihood of comorbidities and overall health status that may
contribute to functional decline, and given the higher prevalence of long COVID symptoms in women and middle to

older adults that has been reported consistently in other population-based samples.*

METHODS

Design and data source

This retrospective cohort study analyzed EHR data from participants enrolled in the U.S. National Institutes
of Health All of Us Research Program through Julyl, 2022 (curated data repository version 7.0, CR2022Q4R9).22 All
of Us is a national biobank with participants from 50 U.S. states and three territories. Participants’ functional and
health data is shared through EHR data, released at baseline and every three months thereafter, and harmonized. All
of Us utilizes community-relevant recruitment methods to over-recruit from geographic and demographic groups
that are under-represented in medical and health research. The program, data snapshots, and data methods can be

viewed at https://www.researchallofus.org/data-tools/. See Appendix A.

Sample

This study included All of Us participants who (a) were 18 years of age and older, (b) responded to
demographic survey questions, and (c) had at least one incidence of any indicator of COVID-19 illness. Indicators
included codes for positive PCR, antigen, or positive antibody test, self-reported illness consistent with COVID-19
reported on the 2021-2022 All of Us COVID-19 Participant Experiences (COPE) survey, and the ICD-10 COVID
diagnostic code U07.7. The first infection was the indexing incidence for this study. (Appendix A, Table S.A.1.)

Informed consent for sharing EHR and survey data was obtained from all participants by All of Us Health Provider


https://www.researchallofus.org/data-tools/
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Organizations responsible for participant recruitment and enrollment. All sites delegated Institutional Review Board
(IRB) oversight to the All of Us Central IRB.
Demographics

We included the demographic variables of age, sex assigned at birth, race, and ethnicity, and the social
factor of education level (expressed as “highest grade completed”) based on evidence of differences in risks for long
COVID or functional impairment (see Appendix A for full rationale.)
Long COVID status

Participants were grouped into one of two long COVID categories. Participants were classified as “long
COVID symptomatic” if their EHR showed at least one incidence of at least one diagnosis or observation code
entered at least 28 days after their first incidence of any COVID-19 infection indicator. Participants with no post-
infection symptoms were classified as “recovered”. Indicators of possible long COVID were chosen a-priori based
on the Centers for Disease Control and Prevention’s list of symptoms,?® the emergency billing code for “Post-
COVID Condition, Unspecified”, U07.7,% prior phenotyping and patient-led literature,-21521:2527 and the authors’
clinical and community-level research experience (Appendix A, Table S.A.2). The first entry of each code was the
indexing incidence.
Pre- and post-infection burden of long COVID symptoms and conditions

Diagnosis codes and dates of entry were included within two time periods: 5 years to 28 days prior to first
infection (pre-infection symptoms) and 28 days or longer after infection (post-infection symptoms; also used as the
long COVID cohort indicator). For each period, the total number of symptom/condition categories with at least one
incidence were summed to indicate symptom burden. Because the definition of long COVID from the Patient-Led
Research Collaborative includes exacerbations or relapses of pre-infection conditions,*327 we queried “any
mention” of the symptoms/conditions in the list. The post-infection interval of 28-days before first symptom
occurrence was chosen to capture health and daily functioning beginning after the presumptive acute infection phase
but still within 90 days post-infection. A 90-day timeframe is also the U.S. Family Medical Leave Act’s mandated
leave period, and is thus a clinically important period for working-aged adults’ utilization of skilled rehabilitation
prior to returning to work. Appendix A reports the long COVID sequelae codes and selection process.

SARS-CoV-2 Variant exposure
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To approximate the variant exposure at the date of the indexing SARS-CoV-2 infection, a ‘variant period’
variable was created. Periods began and ended around the emergence of major variants as reported by Markov et
al.? Fi9-3 Resultant 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
(this dataset’s cut-off date). See Appendix A for all long COVID condition concept codes queried.

Functional status

Evidence of functional status was obtained from EHR procedure and diagnostic codes in the EHR. As for
symptoms (above), these were queried within pre- and post-infection time periods: Between 28 days and 5 years
prior to the first infection starting as early as January 1, 2015 (pre-infection function) and >28 days after first
infection (post-infection function). Observations were imported for (a) occupational therapy (OT) evaluation billing
codes (low, moderate, and high complexity, and re-evaluation), and (b) the EHR observation “Finding of Functional
Performance and Activity” (OMOP Code 4089214, SNOMED code 248536006). OT evaluation was chosen as an
indicator because it is the therapeutic discipline designated by CMS to address deficits in daily performance, making
it the most specific discipline for functional performance deficits.?® OT evaluations are billed according to the level
of evaluation complexity required to assess the patient’s functional status relative to their prior or baseline status.
Ordinal score values were assigned to each evaluation level, giving 1 = Low Complexity, 2 = Moderate Complexity,
and 3 = High Complexity. The Re-Evaluation code is typically billed in the case of concerns for a decline in
functioning in a patient already receiving OT services. Thus this code often implies an increase in complexity from
either low to moderate or moderate to high. Based on this usage and exploratory correlations, re-evaluation was
collapsed into the “moderate” level of complexity. EHR observations under “Finding of Functional Performance and
Activity” were filtered for rehabilitation or participation concepts aligned with the WHO International Classification
of Functioning, Disability, and Health (ICF)% describing level of independence and/or characteristics of observable
daily activity performance. Presumptive severity of functional impairment was then inferred in consultation between
the first author and clinical experts, and given the hierarchy 0 = No impairment, 1 = some impairment, 2 = severe
impairment. These ordinal levels of OT evaluation and functional performance finding were summed to create pre-
and post-infection daily functional status scores, expressed as a 6-level ordinal variable (0O = no impairment, 6 =

severe impairment). See Appendix B.
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Analysis

Demographics were graphed to visually assess distribution and tested using Welch’s t test (normal), Mann-
Whitney U test (non-normal), or X?test (categorical). Missingness in symptom and functional status observations
(no incidence of that observation) was presumed to indicate a lack of medical need. Distributions of long COVID
symptoms/conditions and functional impairments were tallied and graphed as proportions of the sample. An ordinal
probit logistic regression model was fitted for main effects on the probability of mean functional status level by
demographic, variant, long COVID status, and functional status factors. The probit link function was chosen for this
ordinally-structured functional status outcome to frame the underlying continuous distribution of functional
performance, which is not naturally binned into categorical levels. This permitted interpretation of a latent mean
difference in functional status levels given changes in covariate values or levels®® and is thus appropriate to ranges
of possible functional performance observations contained within and above the levels inferred from the EHR-
derived indicators. Model linearity, interaction terms, and residual fit were assessed with established procedures.*
Variables included in the regression model were chosen a-priori based on the available literature. Covariate details
(rationale, structure, and data sources) and model fitting process are reported in Appendix D.

Data analysis was performed in the All of Us Researcher Workbench Jupyter notebooks cloud computing
environment, using R programming language. Cohort discovery, data cleaning, organization, transformation, and
statistical analyses were completed by the first and second author using R versions 4.3.0-4.3.3, packages “stats”,

“tidyverse”, and “rms”. (See Appendix A).

FINDINGS

Demographic, symptom, and functional status summary statistics

A total of N=83,786 participants met inclusion criteria, with n=52,349 long COVID symptomatic
participants (having at least one long COVID symptom), and n=31,437 recovered participants (Figure 1). Long
COVID symptomatic participants had a higher mean age (60-51 + 24 versus 57-53 + 28 years), and higher
proportions of female (64-8% versus 61-6%) and black or African-American (20-2% versus 17-5%) participants, as
well as lower educational attainment (maximum of high school/GED in 16-9% versus 14-3%; maximum of an

advanced degree in 24-2% versus 29-2%). This group also had higher proportions of infections early in the
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pandemic (51-8% versus 30-8%), and lower functional status scores both pre- and post-infection (“0” or
“unimpaired” at 83% versus 93-2%, and 86-8% versus 96-7%, resp.).

Pre-infection occurrences of the long COVID symptoms used in cohort discovery were computed for both
groups (Table 2, Figure 2). Post-infection occurrences were computed for the long COVID symptomatic group only
(Table 2). Long COVID symptomatic participants had a higher median number of pre-infection symptom
occurrences (5 £5) than recovered participants (1 +4) (Table 1). There were no recorded incidences under the
categories of ageusia, anosmia, muscle fatigue, positional orthostatic tachycardia syndrome, or post-viral fatigue
syndrome, either before or after infection. The most common symptom (both pre- and post-infection) was joint pain.

Following infection, long COVID symptomatic participants had a mean of 3-61 + 3-0 post-COVID
symptoms. The diagnostic code for “Post COVID condition” was used in only 309 (0.5%). A correlation matrix of
post-infection symptoms found very low to moderate unsquared Pearson’s R correlations (Table 3). The highest-
correlated symptoms were depression with anxiety (0.42), chest pain with musculoskeletal chest pain (0.31) and
dyspnea (0.30), fatigue with ME/CFS (0.30), abdominal pain with diarrhea (0.24), and dyspnea with cough (0.21).
Main effects model ANOVA and adjusted standard mean differences

Figure 3 shows the ANOVA results of each variable’s contribution to omnibus main effects. Table 4
reports standard mean differences in functional impairment by covariates and interactions. At a 99% confidence
level (p < 0.0001), significant main effects for greater mean functional impairment were found for all variables and
interaction terms except ethnicity (OR: -0-32, 99% ClI: -0-15- -0-09, p < 0.5).

Long COVID symptomatic participants showed a strong moderate effect for greater functional impairment
after infection compared to recovered participants (X? = 2240.6, SMD: 0-20, 99% CI: 0-16-0-25, p < 0.000). Age
also demonstrated a moderate main effect (X?= 655-58) when considered alone. Compared to age 65, mean
impairment at 25 years of age was lower (SMD: -0-38, 99% CI: -0-43 - -0-34, p < 0.000) whereas at age 85 it was
greater (SMD: 0-24, 99% CI: 0-21-0-27, p < 0.000).

Similarly, the number of pre-infection incident long COVID symptoms and conditions had a moderate to
large effect on post-infection functional status (X? = 440-95). Compared to participants with the sample median of
four prior symptom categories, participants with one symptom (first quartile) showed slightly better functional status

(SMD: -0.08, 99% ClI: -0-13 - -0-04, p = 0.001) whereas those with seven symptoms (third quartile) showed poorer
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(SMD: 0-10, 99% CI: 0-08-0-11, p < 0.0000), and those with the maximum of 23 symptoms showed significantly
more impairment (SMD: 0-74, 99% CI: 0-64-0-83, p < 0.0000).

In a three-way interaction between years of age, long COVID group, and number of pre-infection
symptoms, the differences between symptomatic and recovered participants grew smaller when both years of age
and number of pre-infection symptoms was greater. Among participants with no pre-infection record of any
common long COVID symptoms, symptomatic participants of all ages still showed greater mean impairment than
recovered participants; however, this difference was largest for younger participants and smallest for older. For long
COVID symptomatic participants with no pre-infection symptoms, those at 25 years of age had a larger mean
difference in functioning (SMD: 0-73, 99% CI: 0-62-0-84, p < 0.000) than those at 75 years of age (SMD: 0-44,
99% CI: 0-36-0-51, p < 0.000). This relationship was also observed among participants with up to 7 prior symptoms
(the third quartile), with all numbers trending closer together (SMD values nearer to 0). This pattern showed that
greater pre-infection health burden and higher age both narrowed the functional impairment differences between
participants of different long COVID status.

Female/intersex participants exhibited slightly lower mean impairment (better function) than males (SMD:
-0-10, 99% CI: -0-13 - -0-06, p < 0.000), however this effect size was small.

The largest main effect found was for pre-infection functional level (X?= 3610.44). Compared to
participants with no indicators of pre-infection functional impairment, post-infection functional impairment was
higher for those with ‘some’ pre-infection impairment (SMD: 0-0.74, 99% CI: 0-69-0-79, p < 0.000) and highest for
those with ‘severe’ pre-infection impairment (SMD: 1-23, 99% ClI: 1-17-1-29, p < 0.000). Interaction terms for this
variable with age and long COVID group were tested and found to contribute to greater error and poorer model fit
with these data; thus, these were not analyzed. A large main effect was also found for variant during first infection
(X?=602-84). Black or African American participants showed moderately higher mean functional impairment
compared to White participants (SMD: 0-18, 99% CI: 0-14-0-22, p <0.000). Impairment was very slightly higher for
participants with high school or GED level of education (compared to college-educated) (SMD: 0-06, 99% CI: 0-01-

0-10, p <0.001). Hispanic or Latino ethnicity was non-significant SMD: -0-32, 99% CI: -0-15-0-09, p < 0.5).

INTERPRETATION

This retrospective cohort study of harmonized U.S. population EHR data from the All of Us Research

Program is among the first studies to examine functional impairment related to long COVID at the population-level,
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as well as one of the first studies exploring long COVID in All of Us. This study aimed to estimate functional status
using standard medical concepts of EHR observations, and to identify main effects for functional impairment after
COVID-19 infection by demographic, health, and disease factors. In our model, our hypotheses that long COVID
symptoms and older age would be associated with lower functional status were supported. Both showed positive
main effects for greater functional impairment when contrasted singly. Additionally, both age and pre-infection
prevalence of long COVID symptoms reduced the functional status difference between long COVID groups. Our
hypothesis that female sex would be associated with post-infection functional status was not supported, and the
difference between male and female or intersex participants’ likelihood was very small.

Our findings that older age and long COVID increased the likelihood of experiencing functional
impairment are consistent with the growing body of research.**3%32 The finding that prior symptom burden resulted
in larger differences between younger participants than older ones has several potential interpretations. First, we did
not control for all-cause mortality, as this was not available in All of Us at the time this data was queried.
Considering our high proportion of symptomatic participants with early-wave infections combined with higher
mortality among older adults in early waves,* it is reasonable to assume that younger participants were more likely
than older participants to survive severe infections, and thus have subsequent opportunities for assessment and
treatment functional deficits. Second, pre-infection symptom burden may suggest greater overall health burden,
which may in turn have increased the potential for functional impairment independent of long COVID status.

Although the single largest effect size was from pre-infection functional status, interaction terms with this
variable resulted in inferior model fit indices with these data. Several sources of noise and imprecision in this
study’s functional outcome variable may have contributed to this. We built an ordinal representation of functional
status by concatenating two other variables expressing different but related observations. Although both contributing
variables were ordinal (making an additive combination sensible), assumptions were made about the middle levels
to arrive at this structure. In the OT evaluation codes, collapsing “Re-evaluation” into the “Moderate” level
introduces potential variance from differences between participants moving from low to moderate complexity and
those moving from moderate to high. Similarly, the “Finding of Functional Performance and Activity” EHR
observation contains only observation concepts, but no modifiers for severity. We thus inferred the two extremes
(“None”, “Severe”) from codes that were highly likely to fall into such extremes, then grouped all that remained into

amiddle “Some” level. Both variables satisfied the assumptions of ordinality, and upon model fit testing we found
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adequate evidence that the combined variable had relatively parallel slopes. Nonetheless, the middle values should
be interpreted as very general indicators. This illustrates the challenges inherent in EHR-based inference, and
emphasizes the need for standardized, scalable, sensitive, and reliable functional impairment measurement
instruments that can be documented within or in addition to existing EHR vocabularies.

This study’s cohort displayed different characteristics compared to some COVID-19-specific cohort
studies. The long COVID symptomatic group was proportionally much larger than the recovered group, which is
comparable to some phenotyping studies®” but higher than others® and recent pooled prevalence in the U.S. of
about 30%.* This study’s long COVID symptomatic participant assignment - based on just one or more symptom -
may err on the side of sensitivity over specificity, particularly since this dataset that is not specific to COVID-109.
Without the ability to directly ask participants about persistent post-COVID symptoms, severity, and functional
performance, and with only 0.5% utilization of the Post-Covid Condition CMS emergency billing code (compared to
26% in the prospectively-designed RECOVER and N3C cohorts)*® validation tools for this classification scheme
were limited. The demographic distributions were overall consistent with prior studies, although there were not
enough observations from some underrepresented racial and ethnic groups to gain insight into their risk for post-
COVID functional impairment. By contrast, compared to prospective studies that assessed functional status directly
using validated measures,*43* this sample showed a lower than expected prevalence of functional impairment in long
COVID symptomatic participants, which may be an underestimate of the true prevalence in this sample. Long
COVID has been shown to affect cognitively- and physically-complex areas such as productivity and leisure more
dramatically than basic self-care®? so many patients may not appear to need treatment or be served within the typical
referral pathway to rehabilitation services despite serious difficulty performing complex activities.®® As a result,
these individuals would not be represented in our use of occupational therapy evaluation codes as an indicator of
functional status. Additionally, there was lower than expected representation of long COVID conditions that are
particularly disabling, with only 14% prevalence of cognitive impairment, no incidences of positional orthostatic
tachycardia syndrome (POTS), and no diagnostic code in the data structure for post-exertional malaise (PEM). All
three of these are reported to be prevalent and debilitating in long COVID.1-318.27.3637 Additionally, All of Us does
not include narrative notes, where functional data is often recorded; this results in an inability to process text
discovery of this source of data in the health record. Finally, it was not possible in the present analysis to

characterize severity of infection, nor level of medical care required, as links between encounters and conditions
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(e.g., admitting diagnoses) are suppressed in All of Us for privacy. The relative contributions of under-assessment
versus overly-sensitive group assignment are questions for future analyses. Taken together, these results suggests
that the lack of a clear framework for assessing complex functional limitations specific to long COVID results in
little guidance for clinicians, limited structure in the EHR to record functional status observations, and increased
potential for underutilization of rehabilitation therapies.38°

This study demonstrated that EHR-derived indicators of functional status are available and feasible for use
in large population datasets. These findings and processes may be used to increase the accurate and timely
identification of long COVID and its impact on functional status. Based on our finding that both long COVID
symptoms and pre-infection functional status increased the likelihood of post-infection functional impairment, we
echo the recommendations of the WHO and NASEM to operationalize functioning, validate assessment tools, and
integrate the assessment of functional status into both the evolving data-driven definitions and the clinical
intervention workflows for people affected by long COVID symptoms and conditions.
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TABLES

Table 1. Demographic, disease, and functional status characteristics, by group

88

Recovered (n=31437) Long COVID
symptomatic
(n=52349)
Mean / % SD
Age (mean, SD) 57.53 28 60.51 24 t=-25.159, df = 63845, p-value <
2.2e-16
Sex at birth (n, %) X2=92.052, df = 2, p-value < 2.2e-
Female or Intersex | 19360 61.6 33945 64.8 >
Male | 12077 38.4 18404 352
Race (n, %) X2 =245.45, df =4, p-value <2.2¢-
Asian | 1241 3.9 1239 2.4 >
Black or African American | 5508 17.5 10574 20.2
Middle Eastern or North African | 246 0.8 367 0.7
More than one population | 692 2.2 1066 2
White | 23750 75.5 39103 74.7
Ethnicity = Not Hispanic or Latino (n, %) 30548 97.2 51069 97.6 X2=11.259,df=1, p-value =
0.0007922
Education level (n, %) X2=315.9, df =8, p-value < 2.2e-
Advanced Degree | 9193 29.2 665 242 -
College Graduate | 8473 24.6 12639 24.1
Some College | 7721 24.6 15151 28.9
High School/GED | 4493 14.3 8833 16.9
Some High School | 1024 33 1915 37
Middle School | 147 0.5 340 0.6
Elementary | <50 <1.0 <50 <0.1
No Formal Education | <50 <1.0 <50 <1.0
No Answer | 364 1.2 756 1.4
Variant (n, %) X2 =7454.8, df = 5, p-value <
2.2e-16
Pre-VOC | 9694 30.8 27123 51.8
Pre-VOC/alpha/beta | 7904 25.1 13057 249
Alpha/beta/delta | 2580 8.2 4352 8.3
Delta | 3890 12.4 4365 8.3
Omicron/BA1/BA2 | 4319 13.7 3028 5.8
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Omicron/BA2/BAS | 3050 9.7 424 0.8
Total number of long COVID symptoms NA NA 3.61 3 NA
(mean, SD)
Total number of long COVID symptoms occurring prior to infection (median, IQR) W =1362791538, p-value <2.2e-16
1 4 5 5
Functional performance level (1) (n, %) X2=1799.4, df =2, p-value < 2.2e-
No Performance Difficulty | 30615 97.4 46156 88.2 e
Some Functional Performance Difficulty | 580 1.8 3848 74
Severe Functional Performance Difficulty | 242 0.8 2345 4.5
Post-infection OT Evaluation level (n, %) X2=126.82, df = 4, p-value < 2.2e-
Low complexity | 136 0.4 711 1.4 e
Moderate complexity | 89 0.3 268 1.0
High complexity | <50 <0.1 <50 <0.1
Re-evaluation | <50 <0.01 <50 <0.1
None | 31184 99.2 51289 98
Pre-infection functional score (n, %) X2 =1804.5, df =5, p-value <
2.2e-16
0 | 29295 93.2 43443 83
1| 1383 4.4 5262 10
2 | 608 22 3377 6.5
3163 0.2 219 0.4
4| <50 <0.1 <50 0.1
51 <50 <0.1 <50 <0.1
Post-infection functional score (n, %) X2 = 2240.5, df = 4, p-value <
2.2e-16
0 | 30391 96.7 45432 86.8
1| 674 2.1 4093 7.8
2 | 335 1.1 2617 5
3135 0.3 169 0.3
4 | <50 <0.1 <50 <0.1
5] <50 <0.1 <50 <0.1
Days from first infection to "Finding of Functional Performance and Activity" code X2=0,df=1, p-value=1
90 days or fewer | 269 1491
Past 90 days | 571 4717

Table 2. Comparison of symptom frequency pre- and post-infection, shown by group
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Symptoms after
Symptoms within 5 years preceding first infection infection
Long COVID symptomatic Long COVID

Recovered participants participants symptomatic participants

n % n % n %
Abdominal 6106 7.29 22653 27.04 13439 20.07
Anxiety 4805 5.73 21635 25.82 17870 26.68
Chest Pain 5795 6.92 23228 27.72 14541 21.71
Cognition 4592 5.48 18774 2241 9528 14.23
Cough 4133 493 20084 23.97 15709 23.46
Depression 2378 2.84 11108 13.26 6260 9.35
Diarrhea 2773 3.31 12426 14.83 6712 10.02
Dizziness 3841 4.58 17338 20.69 12252 18.29
Dyspnea 3881 4.63 16970 20.25 11345 16.94
Fatigue 1600 1.91 6522 7.78 3545 5.29
Fever 2980 3.56 13240 15.80 5676 8.48
Headache 1260 1.50 6057 723 3874 5.78
Joint Pain 9006 10.75 31093 37.11 20968 31.31
Loss of Smell 0 0.00 0 0.00 0 0.00
Loss of Taste 0 0.00 0 0.00 0 0.00
ME/CFS 496 0.59 2685 3.20 1304 1.95
Menstrual Disorder 1712 2.04 5338 6.37 2365 3.53
Muscle Fatigue 0 0.00 0 0.00 0 0.00
Muscle Pain 1450 1.73 7783 9.29 3848 5.75
Musculoskeletal Chest Pain 746 0.89 3848 4.59 1907 2.85
Palpitations 1671 1.99 7578 9.04 4365 6.52
Paraesthesia 1365 1.63 6170 7.36 3233 4.83
Post-COVID condition, NOS NA NA NA NA 309 0.46
Post-viral Fatigue Syndrome 0 0.00 0 0.00 0 0.00
POTS 0 0.00 0 0.00 0 0.00
Rash 3444 4.11 13745 16.40 7381 11.02
Sexual Dysfunction 268 0.32 1063 1.27 515 0.77
Sleep 4717 5.63 22029 26.29 18419 27.50
Tachycardia 1397 1.67 5831 6.96 3759 5.61




Table 3. Post-infection symptom correlation matrix
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abdominal 100 010 0.18 009 009 024 011 013 012 014 012 006 0.06 0.03 010 010 0.07 0.07 007 0.02 0.06 006 0.14
anxiety 010/ 100 0.09 0.06 042 010 0.07 006 010 0.06 011 013 003 0.04 0.06 007 0.05 0.06 006 003 0.05 0.15 0.10
chest pain 0.18 0.09 1.00 0.14 008 011 0.16 030 014 011 0.14 008 0.09 0.04 -0.01 011 031 015 008 0.00 0.05 010 0.16
cough 008 006 0.14 100 007 0.08 0.07 021 012 015 014 003 0.06 0.03 002 009 0.05 005 005 0.00 0.04 007 0.09
depression 0.08/ 042 0.09 0.07 100 011 0.08 008 012 0.06 011 016 0.05 0.04 004 008 0.05 001 005 0.02 0.04 018 0.09
diarrhea 024 010 0.11 0.08 011 100 010 012 014 014 010 007 0.06 0.03 002 008 0.04 005 005 000 0.07 008 012
dizziness 0.11 007 016 0.07 008 010 100 015 017 0.07 013 008 006 0.05 001 006 0.05 014 009 000 0.05 0.08 0.10
dyspnea 013 006 030 021 008 012 015 100 019 014 010 007 0.05 0.06 -0.01 0.08 0.04 014 007 -0.01 0.04 015 0.19
fatigue 012 010 0.14 012 012 014 017 019 100 014 013 010 0.08 030 002 010 0.06 0.08 010 002 0.07 014 0.11
fever 014 006 011 015 006 014 007 014 014 100 009 004 0.03 0.04 002 008 0.04 004 004 001 0.06 004 017
headache 012 011 014 014 011 010 013 010 013 0.09 100 007 0.07 006 005 012 0.06 0.07 010 0.02 0.04 0.08 0.08
cognition 0.06 0.13 0.08 0.03 016 0.07 0.08 007 010 0.04 0.07 100 0.04 0.04 -001 005 0.03 002 004 0.00 0.03 0.09 0.06
joint pain 0.06 0.03 0.09 0.06 005 0.06 006 005 0.08 0.03 007 004 1.00 0.04 -002 012 0.08 0.03 009 001 0.05 0.09 0.03
me cfs 0.03 004 0.04 003 0.04 003 005 006 030 004 006 004 0.04 100 002 0.05 003 004 005 002 0.03 006 0.03
menstruation 010 0.06 -0.01 0.02 0.04 0.02 001 -0.01 002 002 005 -0.01 -0.02 0.02 2100 0.02 002 002 002 006 0.04 -0.03 0.03
muscle pain 010 007 011 009 0.08 0.08 006 0.08 010 008 012 005 0.12 005 002 100 009 005 009 005 0.05 007 0.05
msk chest pain 007 005 031 005 0.5 004 005 0.04 006 004 006 003 0.08 003 002 0.09 2100 003 005 001 0.03 004 0.04
palpitations 007 006 015 005 0.01 0.05 014 014 008 004 007 002 0.03 004 002 0.05 003 100 006 001 0.04 004 0.14
paraesthesia 007 0086 0.08 005 0.05 005 009 007 010 004 010 004 0.09 005 002 0.09 005 006 100 001 0.05 006 0.04
sexual function 002 003 0.00 000 0.02 000 000 -0.01 002 001 002 000 0.01 002 006 005 001 001 001 100 0.01 000 0.00
rash 0.06 005 0.05 004 0.04 007 005 0.04 007 006 004 003 0.05 003 004 0.05 003 004 005 001 100 003 0.05
sleep 0.06 015 010 007 0.18 0.8 008 015 014 004 0.08 009 0.09 0.06 -0.03 0.07 004 0.04 006 000 0.03 100 0.06
tachycardia 014 010 016 009 0.09 012 010 019 011 017 0.08 006 0.03 003 003 0.05 004 014 004 000 0.05 006 100
post COVID NOS 002 003 0.04 006 0.03 002 002 007 005 001 004 003 0.01 005 001 003 001 003 003 001 0.01 003 0.03
Table 4. Adjusted standardized mean differences in functional status by model covariates
SMD Std. Lower Upper VA P (0.01)
Erro
r
Group: Long COVID symptomatic participants
Long COVID symptomatic participants (compared to asymptomatic | 0.20 0.03 0.16 0.25 8.20 <0.0000
participants)
Age
Long COVID symptomatic participants at age cuts compared to sample mean (62 years)
25| 0.38 0.02 0.43 0.34 22.00 <0.0000
35| 0.28 0.01 0.32 0.25 20.00 <0.0000
451 0.18 0.01 0.20 0.15 20.00 <0.0000
55 | 0.07 0.00 0.08 0.06 20.00 <0.0000
62 | 0.00 0.00 0.00 0.00 NA
75 | 0.14 0.01 0.12 0.15 20.00 <0.0000
85 | 0.24 0.01 0.21 0.27 20.00 <0.0000
Sex (compared to male)
Female/Intersex | 0.10 0.01 0.13 0.06 7.00 <0.0000

i
28 post COVID NOS

0.04
0.06
0.03
0.02
0.02
0.07
0.05
0.01
0.04
0.03
0.01
0.0
0.01
0.03
0.01
0.03
0.03
0.01
0.01
0.03
0.03
1.00
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Race (compared to white)
Black or African American | 0.18 0.02 0.14 0.22 10.80 0.0000
Asian | 0.17 0.05 0.30 0.03 3.20 0.0013
Middle Eastern or North African | 0.11 0.09 0.34 0.13 1.20 0.2389
More than One Population | 0.08 0.05 0.21 0.06 1.40 0.1558
Ethnicity
Hispanic or Latino | 0.32 0.05 0.15 0.09 0.68 0.5000
Highest grade completed (compared to Some college or college grad)
Less than high school | 0.02 0.07 0.17 0.20 0.27 0.7879
Some high school or GED | 0.06 0.02 0.01 0.10 3.39 0.0007
Some college or college grad | 0.00 0.00 0.00 0.00 NA NA
Advanced degree | 0.14 0.02 0.18 0.09 8.22 0.0000
Variant, compared to pre-VOC
Pre-VOC/alpha/beta | 0.15 0.02 0.19 0.11 9.10 <0.0000
Alpha/beta/delta | 0.21 0.03 0.27 0.14 8.30 <0.0000
delta | 0.31 0.03 0.38 0.25 12.40 <0.0000
Omicron/BA1/BA2 | 0.52 0.03 0.60 0.44 17.10 <0.0000
Omicron/BA2/BAS | 0.99 0.07 1.16 0.82 15.20 <0.0000
Pre-infection symptom totals (by quartiles)
0| 0.08 0.02 0.13 0.04 3.40 0.0006
1] 0.07 0.02 0.10 0.03 3.80 0.0001
4| 0.00 0.00 0.00 0.00 NA NA
71 0.10 0.01 0.08 0.11 15.20 0.0000
23 | 0.74 0.05 0.64 0.83 15.20 0.0000
Pre-infection functional performance level (from OMOP code 4089214), compared to no impairment
Some | 0.74 0.02 0.69 0.79 38.00 <0.0000
Severe | 1.23 0.02 1.17 1.29 55.00 <0.0000
Three-way interaction: Long COVID group, age, and prior symptom burden
Long COVID symptomatic participants with no prior symptoms compared to asymptomatic participants, at age cuts:
251 0.73 0.06 0.62 0.84 13.00 <0.0000
45 | 0.61 0.04 0.53 0.69 15.00 <0.0000
65 | 0.50 0.04 0.43 0.56 14.00 <0.0000
75 | 0.44 0.04 0.36 0.51 12.00 <0.0000
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Long COVID symptomatic participants with 7 prior symptoms compared to asymptomatic participants, at age cuts:

251 045 0.05 0.35 0.56 8.60 <0.0000
45| 0.34 0.04 0.27 0.41 9.50 <0.0000
65 | 0.22 0.03 0.17 0.27 8.20 <0.0000
75 | 0.16 0.03 0.11 0.22 5.60 <0.0000
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FIGURES

Figure 1.

Cohort diagram
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Figure 2.

Pre-infection prevalence of symptoms in each group
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Figure 3.

Main effects X? of covariates on the outcome of functional status impairment
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Abstract

BACKGROUND AND OBJECTIVES: Long COVID is a global health challenge that
can cause disability and loss of health-promoting roles and routines. Older adults are at
particularly high risk, however there is little evidence from health records data connecting long
COVID symptoms and risk factors to functional outcomes in older adults. We hypothesized that
older age would be associated with greater functional impairment after adjusting for long
COVID symptoms. Our secondary exploratory hypothesis is that symptom clusters that include
cognition and fatigue will be associated with greater functional impairment.

DESIGN AND METHODS: Retrospective cohort study using data from the All of Us Research
Program. Participants with history of COVID-19 were classified as long COVID symptomatic
(at least one long COVID symptom 28 days after infection) or recovered (no symptoms after
infection). Descriptive statistics for demographics, exploratory hierarchical cluster analysis of
symptoms, and an ordinal probit regression model for main effects on level of functional
impairment after COVID-19 were computed.

RESULTS: Long COVID symptomatic participants tended to be older (mean 65.1% vs.
57.53%), and were more frequently female (64.8% vs. 61.6%) and Black (20.2% vs. 17.5%).
Post-infection functional impairment was greater in older-aged (X?=675.62) and long COVID
symptomatic participants (X?=353.32). The differences in mean functional status between cases
and controls were greater at younger-aged (at 25 years of age SMD: -0.60, 99% CI: -0.70 - -0.50,
p <0.000) compared to older-aged participants (85 years of age SMD: 0.37, 99% CI: 0.31 — 0.43,
p < 0.000). Large and significant main effects were also found for pre-illness functioning

(X?=3637.87), infection variant (X?=596.66), and number of pre-COVID symptoms (X?=395.51).
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The symptom cluster containing fatigue and cognition was most strongly correlated with post-
infection functional impairment (0.26).

DISCUSSION AND IMPLICATIONS: Both older age and long COVID symptoms both
independently increased the likelihood of post-infection functional impairment, even when
controlling for other risk factors. The post-COVID infection assessment and care of older adults
should include measurement of functional change from pre-infection baseline using instruments

that are able to detect functional status changes in older people.

KEYWORDS
Older adult, Long COVID, Functional status, Functional performance and activity, Activities of

daily living.
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Introduction

Long COVID — persistent exacerbations or new onset of health conditions following a
COVID-19 infection (Al-Aly et al., 2024) — has become a global health challenge affecting about
30% of adults who have had COVID-19 (Hou et al., 2025). Long COVID symptoms can be
severe enough to cause disability by decreasing functional status (the ability to perform daily
activities and routines). For this reason, functional status has been proposed as a diagnostic
criterion of this evolving disorder (National Academies of Sciences Engineering and Medicine,
2024; Soriano et al., 2022).

Older adults may be at particularly high risk for functional impairment in long COVID.
Older age is an independent risk factor for SARS-CoV-2 infection (Hou et al., 2025), as well as
severe COVID-19 which confers additional risk for long COVID (Tana et al., 2023). In addition,
older age is associated with functional impairment in the general population (Chatterji et al.,
2015), and older adults who were hospitalized for COVID-19 have shown high proportions of
poor functional status both before and after illness (Izaguirre et al., 2023). Long COVID related
disability affects complex and “chosen” activities such as leisure, social, volunteer/paid work,
and family or household activities (Carter et al., 2022; Nielsen et al., 2022), and participation in
complex activities is associated with lower risk for functional impairment (Kail & Carr, 2017).
Thus, Long COVID-related functional impairment may potentiate risk for poorer future health
outcomes in older adults.

Despite these associations, the evidence concerning the impact of long COVID on
functional status is relatively mixed for older adults. Studies of long COVID’s effect on
functioning in middle-aged adults are comparatively plentiful. Many studies measure functional

status using assessments of employment status (Jaywant et al., 2024), absenteeism, or sick leave



103

(Nielsen et al., 2022). Although these are important outcomes, they may not reflect the functional
impairments among adults who are retired, caregiving for family, or volunteering. Selection and
reporting biases are other potential confounders. For instance, in analysis of U.S. Census Bureau
Household Pulse survey data, the prevalence of self-reported activity limitation was lower in
older compared to middle-aged adults (Ford et al., 2023), a counterintuitive finding which the
authors postulate may have been due to selection bias. In hospitalized older adults, lower
baseline functional status increased the odds of post-discharge functional limitations (Izaguirre et
al., 2023) and functional limitations were associated with lower health-related quality of life in
older adults (Shanbehzadeh et al., 2023). In a sample of veterans, frailty - a related but distinct
construct to functional status - was 1.54 times more likely in older adults with long COVID than
matched recovered participants (Seligman et al., 2024).

In addition to the variation in functional presentation, long COVID symptoms themselves
may present differently in older adults compared to middle or younger adults. The above-
mentioned veterans study found that the most common symptoms among older vets were fatigue,
anemia, gait abnormality, muscle fatigue, and arthritis (Seligman et al., 2024). While symptom
prevalences vary somewhat across studies (Hou et al., 2025), gait abnormality, anemia, and
arthritis are not the most prevalent in studies that do not stratify by age. Conversely, symptoms
and conditions that are consistently found to be highly prevalent are missing from this list,
notably cognitive dysfunction and pain which more common among older people in the general
population. This may be due to known assessment challenges contributing to under-detection of
cognitive dysfunction (Cahan et al., 2024; Prabhakaran et al., 2022; Schild et al., 2024; Verveen

et al., 2024) or patients’ use of compensatory strategies (De Vito et al., 2024). This discrepancy
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suggests that data-driven definitions and phenotypes should consider differences in presentation
by age for optimal accuracy and clinical utility.

Age-related differences in symptom presentation have also been under-reported in many
large-scale studies that have aimed to identify diagnostic frameworks of long COVID. The aims
of EHR-based phenotyping studies of long COVID have been to identify subtypes that
differentiate long COVID as (a) a true clinical syndrome from non-presentation or other viruses
such as influenza (Al-Aly et al., 2021) and (b) various presentations of symptoms and conditions
(Gentilotti et al., 2023; Gonzalez Aleman et al., 2024; Kitsios et al., 2024; Mina et al., 2023;
Prabhakaran et al., 2022; Reese et al., 2023; Thaweethai et al., 2023; Zhang et al., 2023),
laboratory measures of putatively important biomarkers (Deer et al., 2021; Erlandson et al.,
2024), and medical outcomes and drug utilization (Al-Aly et al., 2021). These studies have
reported phenotypes, but not their relationships with functional status.

The primary aim of this study is to compare the likelihood of post-infection functional
status changes in older versus younger adults with and without long COVID symptoms in a
population-level dataset. We hypothesize that older age will be associated with greater functional
impairment after adjusting for long COVID symptoms. Our secondary exploratory hypothesis is
that symptom clusters that include cognition and fatigue will be associated with greater

functional impairment.

Materials and Methods

Design and data source

This was a retrospective cohort study of participants enrolled in the U.S. National
Institutes of Health All of Us Research Program through July 2022 in the Controlled Tier of

curated data release version 7.0 (National institutes of Health, 2022-2025). All of Us is a
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longitudinal cohort study recruiting participants from all 50 U.S. States and three territories.
Participants share their health information through surveys, biospecimens, and EHR data
transfer. EHR data is taken at baseline and subsequently every three months. All EHR
observations in All of Us are harmonized and structured according to the Observational Medical
Outcomes Partnership — Common Data Model (Observational Health Data Sciences and
Informatics, 2024; Odysseus Data Services, 2023). This ensures consistency across data
collection sites and regions, and comparability with billing and treatment codes (see Appendix
A). All of Us utilizes community-relevant recruitment methods to over-recruit from geographic
areas and demographic groups that are under-represented in medical and health research. The
program, data snapshots, and data methods can be viewed at

https://www.researchallofus.org/data-tools/. (Appendix A.)

Sample

We included All of Us participants 18 years of age and older with at least one incidence
of any indicator of COVID-19. COVID-19 indicators included lab results, self-reported illness
consistent with COVID-19, and the ICD-10 COVID diagnostic code U07.7. Informed consent
for sharing electronic health records and survey data was obtained from all participants their
respective All of Us Health Provider Organizations responsible for participant recruitment and
enrollment. All sites delegated IRB oversight to the All of Us Central IRB.

Participants were then grouped into two long COVID groups. Participants were classified
as “long COVID symptomatic” if they had at least one incidence of at least one of 38 broad long
COVID symptom/condition categories, entered at least 28 days after their first incidence of the
COVID-19 infection indicators. Participants with no post-infection symptoms were classified as

“recovered”. The definition of long COVID from the Patient-Led Research Collaborative
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includes exacerbations or relapses of pre-infection conditions (Al-Aly et al., 2024; Davis et al.,
2021; Thaweethai et al., 2023), therefore we queried “any mention” of the symptoms/conditions
in our list. The post-infection interval of 28-days before first symptom occurrence was chosen to
capture health and daily functioning beginning after the presumptive acute infection phase but
still within 90 days post-infection. Because the present analysis explores functional impairment
as part of this diagnostic classification, this shorter delay was selected to characterize functional
changes in the setting of long COVID within a timeframe that would be clinically useful in the
U.S. for utilizing skilled rehabilitation. Appendix A reports disease indicators, long COVID

sequelae, and selection process.

Long COVID symptoms and conditions.

The list of long COVID symptoms was selected a-priori based on the Centers for Disease
Control and Prevention’s list of symptoms (Centers for Disease Control and Prevention, 2023)
and emergency billing code for “Post-COVID Condition, Unspecified”, U07.7,(2021) prior
phenotyping and patient-led literature (Al-Aly et al., 2021; Appel et al., 2024; Davis et al., 2021;
Davis et al., 2023; Deer et al., 2021; Gentilotti et al., 2023; Markov et al., 2023; Prabhakaran et
al., 2022; Reese et al., 2023; Silva-Passadouro et al., 2024; Thaweethai et al., 2023; Zhang et al.,
2023), and the authors’ clinical experience and community-based research. Diagnosis codes and
dates of entry were included within two time periods: 5 years to 28 days prior to first infection
(pre-infection symptoms) and 28 days or longer after infection (post-infection symptoms; also
used as the long COVID cohort indicator). For each period, the total number of
symptom/condition categories with at least one incidence were summed to indicate symptom

burden. Because the definition of long COVID from the Patient-Led Research Collaborative
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includes exacerbations or relapses of pre-infection conditions,*3?’

we queried “any mention” of
the symptoms/conditions in the list. The first entry of each code was the indexing incidence.
Our selection process and rationale, condition categories, and exclusions are reported in

Appendix A.

Infection variants active at time of first infection

We created a time-bound variable 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.(2023, Fig. 3a) Resultant 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-BAS5” from April 2022 — July 2022 (the data

release cut-off date for All of Us curated data release 7).

Daily functioning indicators

We obtained evidence of daily functioning from EHR procedure and diagnostic codes
entered between 28 days and 5 years prior to the first infection starting as early as January 1,
2015 (pre-covid function) and >28 days after first infection (post-covid function). The indicators
imported were (a) occupational therapy (OT) evaluation billing codes (low, moderate, and high
complexity, and re-evaluation), and (b) observations under the EHR coding hierarchy “Finding
of Functional Performance and Activity”. OT evaluation was chosen as an indicator because it is
the therapeutic discipline designated by the U.S. Centers for Medicare and Medicaid Services
(CMS) to address deficits in daily performance, making it the most specific discipline for

functional performance deficits (Centers for Medicare and Medicaid Services, 2020). The
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complexity levels were given the ordinal values of 0 = no observation, 1 = low complexity, 2 =
moderate complexity or re-evaluation, and 3 = high complexity. The “Finding of Functional
Performance and Activity” observations were filtered for rehabilitation or participation concepts
aligned with the WHO International Classification of Functioning, Disability, and Health (ICF)
(2001) to describe level of independence and/or characteristics of observable daily activity
performance, as documented in rehabilitation and/or acute care encounters. Presumptive severity
of functional impairment was then inferred in consultation between the first author and clinical
experts, and given the ordinal levels 0 = No impairment, 1 = some impairment, 2 = severe
impairment. These two EHR variables were summed to pre- and post-infection daily functional
status as a 0-5 level ordinal variable. Functional status indicator descriptions, definitions, and

classification codes are reported in Appendix B.

Model variable selection

All variables for modelling were chosen a-priori based on the available literature. In
addition to age we included sex assigned at birth, race, and ethnicity, as these are associated with
long COVID risk (Jacobs et al., 2023; Khullar et al., 2023; Tana et al., 2023; Vasilevskaya et al.,
2023) and its relationship with functional status (Ford et al., 2023; lzaguirre et al., 2023). We
included education level, expressed as “highest grade completed” due to its impact on the
lifespan, health, and access to health-supporting societal resources such as income and health
insurance (U.S. Department of Health and Human Services: Office of Disease Prevention and
Health Promotion, 2025). These have been found to be associated with differences in number
and persistence of symptoms and decreased quality of life after COVID-19 infection (Case et al.,
2022; Eligulashvili et al., 2024). The covariates and their data sources are tabulated in Appendix

D.
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Analysis

This study used population health and phenotyping analysis approaches. Demographics
were graphed to visually assess distribution, and tested using Welch’s t test (normal), Mann-
Whitney U test (non-normal), or X?test (categorical). Distributions of long COVID
symptoms/conditions and functional impairments were tallied and graphed as proportions of the
sample. Groupings of long COVID symptoms in long COVID symptomatic were explored using
hierarchical cluster analysis with Spearman’s rho (P). An ordinal probit logistic regression model
for main effects was fitted for the probability of decreased mean functional status. Model
linearity, interaction terms, and residual fit were assessed with established procedures (Harrell,
2001). Data analysis was performed in the All of Us Researcher Workbench, Jupyter notebooks
cloud computing environment, using R programming language (R Core Team, 2022). Cohort
discovery, cleaning, dataset building, and statistical analyses were completed by the first and
second author in Jupyter cloud computing notebooks, using R versions 4.3.0 - 4.4.3. We used R
packages “stats” (R Core Team and contributors worldwide, 2025), “rms” (Harrell, 2024), and

the “tidyverse” suite (Hadley Wickham, 2019).

Results

Demographics

After removing participants who did not respond to demographic questions, the
analyzable sample was N=83,786, with n=52,349 participants having at least one long COVID
symptom (long COVID symptomatic) and n=31,437 recovered participants (Figure 1).
Distributions of our demographic, variant, and functional status pre- and post-infection are

presented in Table 1. Compared to recovered participants, the long COVID symptomatic group
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had a higher mean age (65.51 versus 57.53 years), and higher proportion of female/intersex
(64.8% versus 61.6%) and black or African-American (20.2% versus 17.5%) participants. The
symptomatic group had a higher proportion of infections in the pre-variant time period (51.8%
versus 30.8%; Appendix E), and greater mean number of symptoms prior to infection, at 5.83
(SD 3.98) in symptomatic versus 2.30 (SD 2.86) in recovered participants. A lower proportion of
long COVID symptomatic participants had advanced degrees (24.2%, versus 29.2% of recovered
participants). The groups were not meaningfully different in proportions of Hispanic/Latino
ethnicity. Among long COVID symptomatic participants, the mean number of long COVID
symptoms after infection was 3.61 (SD 2.72).

[Insert Table 1 about here]

[Insert Figure 1 about here]

Indicators of functional status suggested a higher burden of functional impairment among
long COVID symptomatic both pre- and post-infection. Pre-infection functional performance
indicators showed some impairment in 9.5% of long COVID symptomatic (compared to 3.8% of
recovered participants) and severe functional impairment in 5.8% (compared to 1.8%);
X?=1799.4). Pre-infection OT evaluations, although infrequent overall, were more frequent
among long COVID symptomatic (X?=83786) as was higher pre-infection functional impairment

(X2=83786).

Model adjusted standardized mean differences in functional impairment

The final model was fitted with variables noted above, with interaction terms between
long COVID group with age and pre-infection number of symptoms. The ANOVA omnibus test

showing each covariate’s contribution to the overall main effect is displayed in Appendix D,
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Table S.C.3, Figure S.C.1. Adjusted standard mean differences in functional impairment are
tabulated in Table 2.

[Insert Table 2 about here]
Main effects and interactions of age and long COVID group

Both age and long COVID increased the likelihood of poorer functional status. Older age
increased the degree of functional impairment in both symptomatic and recovered participants
(X? = 685.5). Among cases, compared to the age mean of 62 years, 85 year olds had greater
impairment (SMD: 0.26, 99% CI: 0.23 — 0.30, p < 0.000) and 25 year olds had less impairment
(better functional status: SMD: -0.42, 99% CI: -0.48 - -0.39, p < 0.000). In recovered participants
the trend was similar, however a greater spread was noted between the younger (SMD: -0.60,
99% CI: -0.70 - -0.50, p <0.000) and older-aged groups (SMD: 0.37, 99% CI: 0.31 -0.43,p <
0.000). Long COVID symptomatic participants also showed increased functional impairment as
a whole compared to recovered participants (X2 = 345.1, SMD: 0.34, 99% CI: 0.31 —0.38, p <
0.000).

The interaction between long COVID status and age was explored by contrasting Long
COVID symptomatic participants with recovered participants at each age cut (X? = 16.02).
Compared to recovered participants, symptomatic participants at younger ages showed greater
difference in average impairment than at older ages. For instance, at age 25 the standard mean
difference between groups was 0.52 (99% ClI: (0.39, 0.65), p < 0.000), whereas at age 85 the
difference was smaller at 0.23 (99% CI: 0.16, 0.31, p <0.000). These differences in degree
notwithstanding, older participants with long COVID symptoms were still more likely to
experience functional impairment than their recovered peers (Figure 2).

[Insert Figure 2 about here]
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Main effects for pre-infection functional status

The largest effect size in this model was contributed by pre-infection functional status (X?
= 3656.3). Among symptomatic participants, post-infection functional status was substantially
worse given some prior impairment (SMD: 0.74, 99% CI: 0.69, 0.79, p < 0.000) and nearly twice
that level given severe prior impairment (SMD: 1.23, 99% ClI: 1.18, 1.29, p < 0.000). The
predicted probability of post-infection functional impairment was greater at each age cut. In this
model, 85 year-olds with no prior impairment were as likely as 35 year-olds with some
impairment to experience post-infection impairments. A similar overlap was observed between
some and severe impairment age groups, with 65 year-olds with some impairment being about as
likely to experience post-infection functional impairment as 25 year-olds with severe
impairment. This also exhibits progressively greater spread in probability between youngest to
oldest ages at increasing levels of prior functional impairment (Figure 3).

[Insert Figure 3 about here]

Main effect of pre-infection symptom burden

The number of symptoms experienced prior to the first COVID-19 infection had a
moderate effect on post-infection functioning (X? = 373.9). Compared to the median of 4
symptoms, post-infection functional status was better for participants with one prior symptom
(first quartile; SMD: -0.14, 99% CI: -0.159 - -0.122, p < 0.000) and worse for participants with
seven prior symptoms (third quartile; SMD: 0.11, 99% CI 0.091, 0.119, p < 0.000). Greater years
of age increased the probability of post-infection functional impairment at all prior symptom
levels through about 15 symptoms (above which the intervals overlapped). 85 year olds with no
prior symptom burden were as likely to develop post-infection functional impairment as 25 year-

olds with 12-15 symptoms or 45 year-olds with 9-11 symptoms (Figure 4).



113

[Insert Figure 4 about here]

Long COVID symptoms and symptom clusters (symptomatic group)

Among long COVID symptomatic participants, the incidence of each long COVID
symptom category was computed (Table 3 and Figure 5). The most frequently observed
conditions were joint pain (31.31%), sleep disturbance (27.5%), and anxiety (26.68%). Several
of the most commonly-reported symptoms in other literature were less frequent in this sample,
including fatigue (14.56%) and cognition (5.8%). There were no observations of POTS, PVFS,
muscle fatigue, loss of smell, or loss of taste.

[Insert Table 3 about here]

[Insert Figure 5 about here]

Figure 6 shows the results of a hierarchical cluster analysis with groupings made off of
first-order branches. Where necessary to divide very large clusters, clinically relevant or similar
sub-clusters were divided at second-order branches. These clusters were
Fatigue/Cognition/Sleep/Mood (n= 35428), Paraesthesias/Headache/Pain/Chest pain (n=31960),
Respiratory/Abdominal pain/Fever/Tachycardia (n= 28645), Dizziness/Palptiations/Skin rash
(n=15487), and reproductive/menstrual dysfunction (n=2793) (Appendix E). Correlations
between each cluster and the post-infection functional status score showed that the largest cluster
(Fatigue/Cognition/Sleep/Mood) was the most strongly correlated at 0.26 (Table 4). Data
reduction methods and resulting cluster compositions are expanded in Appendix E.4.

[Insert Figure 6 about here]

[Insert Table 4 about here]



114

Discussion

This retrospective cohort study of participants in the All of Us Research Program study
was among the first to investigate the likelihood of post-infection functional status changes
associated with long COVID in a population-level dataset. This was also the first study to use All
of Us Research Program data to explore the incidences of long COVID symptoms, symptom-
driven phenotypes of long COVID, and their correlations with functional status.

Our hypothesis that older age would be associated with greater functional impairment
was supported, both before and after adjusting for long COVID symptoms. The interaction
between age and long COVID status revealed an intriguing difference across age groups, as
younger participants with long COVID symptoms showed larger functional impairment
differences (compared to recovered participants) than older adults, and these between-group
differences decreased as age increased. In other words, while the risk of functional impairment
was increased independently by both years of age and long COVID status, the functional status
difference between symptomatic and recovered participants was smaller — but still of moderate
strength - at older ages. There are several factors not represented in these data that may have
contributed to this. First, at the time this dataset was built there was no variable showing all-
cause mortality. Thus, deaths were not accounted for, and it is highly likely that older aged
participants had more deaths after their COVID-19 infections relative to younger ages (Hou et
al., 2025; Tana et al., 2023). This would pre-empt later referrals to the rehabilitation services that
billed the functional observations used in this study. Additionally, older adults may under-report
functional status changes (Ford et al., 2023) or attempt to compensate for cognitive impairments
(De Vito et al., 2024) rather than present for care. If this was true of the older adults in this

sample, they would then appear less impacted by functional impairment which could bias the
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standardized mean differences towards the null. Finally, it is possible that the differences
observed at older age cuts were smaller not because these participants were less impaired but
rather because older adults overall are more likely to have already experienced lower functional
status (Chatterji et al., 2015), resulting in a floor effect on this difference. Baseline status
notwithstanding, long COVID symptomatic participants in this study were more impaired than
recovered participants at all ages, with moderate to high effect sizes. Together, these findings
reveal that the relationships between functional status, age, and long COVID are complex and
multi-factorial, and that older adults may experience a different impact of other function- and
disease-related factors than younger or middle-aged adults.

Our secondary exploratory hypothesis was also supported: The hierarchical cluster
analysis of post-infection symptoms found that the cluster containing cognition and fatigue
(along with sleep, mood, and chronic fatigue syndrome) was the most strongly correlated with
functional impairment. This is consistent with evidence that many complex daily activities are
cognitively demanding (Marks et al., 2023; Rog et al., 2014), and that cognition and fatigue are
strongly associated with disability in long COVID (Vanichkachorn et al., 2021). We note that the
cluster compositions found in this study are similar to several other large data-driven
phenotyping studies (for instance, fatigue with cognition (Gentilotti et al., 2023; Thaweethai et
al., 2023), joint, muscle or other pain (Gentilotti et al., 2023), and respiratory (Gentilotti et al.,
2023)). This suggests that these clusters, though exploratory, have concurrent validity with
previously identified symptom-driven phenotypes.

There were substantial differences in the incidences of several of the most common long
COVID symptoms. These include fatigue, cognitive impairment, and muscle pain, as well as

conditions such as chronic fatigue syndrome and postural orthostatic tachycardia syndrome.
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Compared to a recent meta-analysis of pooled data which found that the most common symptom
was memory problems (11%) followed by muscle weakness, breathlessness, and dyspnea (Hou
et al., 2025), these data showed only 5.8% prevalence of cognitive impairment of any kind. We
also found no incidences of either positional orthostatic tachycardia syndrome or post-viral
fatigue syndrome, and no diagnostic code for the particularly debilitating symptom of post-
exertional malaise (Haunhorst et al., 2024) which has been named as a long COVID research
priority (Al-Aly et al., 2024; Patient-led Research Collaborative for Long COVID, 2024).

There are several interpretations of these discrepancies in symptom prevalence suggestive
of low assessment sensitivity and age-related differences in symptom presentation. First, the
markedly lower prevalence of cognitive impairment may be a result of low sensitivity of
common neuropsychological screening tools to the cognitive impairments experienced in long
COVID ‘brain fog’, even in patients who report that their cognitive changes led to loss of
employment and social roles (Cahan et al., 2024; Pihlaja et al., 2023; Verveen et al., 2024).
Because a positive test result on an assessment instrument is required in order for a diagnostic
code entered into an individual’s health record (and hence discovered in EHR data), and
considering our finding of comparatively lower prevalence of cognitive impairment compared to
many other studies, it is possible that our EHR-based design may underestimate the incidence of
the cognitive issues experienced by people with long COVID. Thus, lower measurement
sensitivity may have contributed to cognition being particularly affected by the propensity for
detection bias in EHR-based phenotyping methods (Newton et al., 2013). Conversely, the
comparatively high prevalence of joint pain may have stemmed from the relatively high mean
age in this sample of 64 and the higher prevalence of arthritis in this age cohort, which was

found to be the fifth most-common symptom in a sample of older adults (Seligman et al., 2024).
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This reinforces the vital need to for clinical assessment to capture detailed and meaningful data
on the functional impacts of symptoms on the patient’s ability to perform daily life routines.

Several additional characteristics of electronic medical research data must be considered
in interpreting these findings. Unlike RECOVER (National Institutes of Health, 2023), N3C
(Reese et al., 2023) ORCHESTRA (Gentilotti et al., 2023), All of Us is not specific to long
COVID. The health records data used in this study represents care provided, documented, and
billed for “in the wild”. Although this brings with it the challenge of lower precision of disease-
specific data and confounding from unmeasured but meaningful factors such as participants’
subjective report of symptom severity, it offers the ecological validity of showing the care that
was actually delivered in a large national sample. Our long COVID case classification of “at
least one long COVID symptom or condition” after COVID-19, though used in other studies
(Hou et al., 2025), yielded a somewhat unexpectedly high prevalence of 62% which is more than
two times higher than recent pooled estimates of around 30% (Hou et al., 2025). Without the
benefit of participants’ subjective report of change after COVID infection, our data lacked a
‘gold standard’ against which to validate this classification scheme. Thus there may have been a
high proportion of false positives, classifying as “symptomatic” some participants whose
symptoms and conditions were not attributable to their COVID infection.

Conversely, our estimate of the incidence of functional change after COVID-19 may be
an underestimate, particularly for small changes in daily functioning from baseline. This is
because functioning was inferred from clinical observations that are often documented in the
health record during an acute or sub-acute inpatient rehabilitation course. In ambulatory,
primary, and short-stay acute encounters, daily functioning may be less likely to have been

measured and documented in this coding taxonomy, as patients may present weeks or months
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after infection and appear healthy enough to return home without further assessment. Quantified
results would then not be recorded in the health record, precluding the detection of the true
variance of long COVID-related functional change across age cohorts. This underscores the
diagnostic need for valid and reliable measurement instruments of functional change in
individuals with long COVID across ages (NASEM, 2024) as well as age-indexed phenotyping
approaches. Between a highly sensitive case/control classifier and a highly specific outcome
indicator, the true prevalence of functional impairment in All of Us participants with long

COVID may, in reality, be much higher than these findings suggest.

Directions for future work

This study revealed several important questions for future inquiry. First, our models were
built as exploratory main effects models as this study is among the first to explore an EHR-
derived composite functional status variable constructed from other EHR observations. Building
and validating predictive models for the outcome of functional impairment would allow the
application of a causal inference framework to these data and comparison of the model’s
performance in other cohorts. Second, the exploratory symptom phenotypes found here could be
more fully developed as validated phenotypic models, calibrated to respond to differences in age
or other demographic characteristics, and incorporated into multivariable models to gain greater
insight into their relationships with functional status. Third, as All of Us is a longitudinal dataset,
future data releases will provide opportunities to update these findings, incorporating increased
precision of long COVID diagnosis and risk factors as the evidence evolves. Fourth, this study’s
classification of participants as having long COVID versus having recovered was based on a list
of symptoms and conditions chosen a-priori from other studies. Utilizing high-throughput and

high-dimensional data methods to find patterns across the health record would contribute new
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information on the relationships between symptoms and functional status to the growing
literature on this novel disorder. Finally, these findings reinforce the need for psychometric
validation of the measurement tools for functional performance used to characterize the impact
of long COVID on daily life. Without a standard measure that is valid and reliable across age
groups, post-COVID general functional decline in older adults may be overlooked, under-
prioritized, or masked by similar observations related to aging (Chatterji et al., 2015).
Conclusion

Age and long COVID symptoms both independently increased functional impairment
following COVID-19, however older adults with long COVID may present with more subtle
differences. Older adults with long COVID symptoms may experience functional decline that is
independent of the functional decline associated with normal aging, and should be carefully
assessed for change from baseline. Choosing and validating instruments that can detect
functional status changes in older individuals is critical to both the diagnostic accuracy of long
COVID and for referral to rehabilitation services so that older adults with long COVID can
return to healthy and engaged lives.
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Tables

Demographic, disease, and functional distributions
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Recovered Long COVID
(n=31437) symptomatic
(n=52349)
Age (mean, SD) 57.53 |28 60.51 |24 t=-25.159, df = 63845, p-
value <2.2e-16
Total number of long NA NA 3.61 3 NA
COVID symptoms (mean,
SD)
Total number of long COVID symptoms occurring prior to t=-301.5, df = 52818, p-
infection (mean, SD) value <2.2e-16
2.30 2.86 5.83 3.98
variant (n, %) X2 =7454.8,df =5, p-
value <2.2e-16
pre VOC | 9694 | 30.8 27123 | 51.8
pre VOC alpha beta | 7904 | 25.1 13057 | 24.9
alpha beta delta | 2580 | 8.2 4352 | 8.3
delta | 3890 | 12.4 4365 | 8.3
omicron BA1 BA2 | 4319 13.7 3028 | 5.8
omicron BA2 BAS5 | 3050 | 9.7 424 0.8
sex_at birth (n, %) X2=92.052,df =2, p-
value <2.2e-16
Female or intersex | 19360 | 61.6 33945 | 64.8
Male | 12077 | 38.4 18404 | 35.2
Race (n, %) X2 =245.45,df=4, p-
value <2.2e-16
Asian | 1241 | 3.9 1239 |24
Black or African American | 5508 17.5 10574 | 20.2
Middle Eastern or North | 246 0.8 367 0.7
African
More than one population | 692 2.2 1066 |2
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White | 23750 | 75.5 39103 | 74.7
Ethnicity = Not Hispanic or | 30548 | 97.2 51069 | 97.6 X2=11.259,df=1, p-
Latino(1) (n, %) value = 0|.OOO7922‘
Pre-infection functional performance level (2) X2=1799.4, df=2, p-
(n, %) value <2.2e-16
No Performance Difficulty | 29665 | 94.4 44328 | 84.7
Some Functional | 1204 3.8 4966 9.5
Performance Difficulty
Severe Functional | 568 1.8 3055 | 5.8
Performance Difficulty
Education level (n, %) X2=315.9,df =4, p-
value <2.2e-16
Advanced Degree | 9193 | 29.2 665 242
College (some or graduate) | 16194 | 51.5 27790 | 53.1
High School (some or GED) | 5517 17.5 10748 | 20.5
Less than high school | 169 0.5 390 0.7
No Answer | 364 1.2 756 1.4
Pre-COVID OT evaluation level of complexity X2 =83786,df =1, p-
value <2.2e-16
None | 30996 | 98.6 51052 | 97.5
Low complexity | 261 0.8 862 1.6
Moderate complexity | 128 0.4 328 0.6
High complexity | 40 0.1 61 0.1
Re-evaluation | <40 <0.1 46 0.1
Post-infection functional score (n, %) X2 =283786,df =1, p-
value <2.2e-16
0130391 |96.7 45432 | 6.8
1]674 2.1 4093 | 7.8
2335 1.1 2617 |5
3| <40 <0.1 169 0.3
4 | <40 <0.1 <40 0.1

Notes: 1 = Pearson's Chi-squared test with Yates' continuity correction. 2 = Inferred from
"Finding of Functional Performance and Activity" (OMOP Code 4089214, SNOMED code

2485360006)
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Adjusted standard mean differences in likelihood of post-infection functional impairment
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‘ SMD ‘ Std. Error ‘ Interval ‘ Z-score | p
Age, compared to mean (62 years)
Long COVID symptomatic
251-0.42 |0.02 (-0.481, -0.368) -19.00 | <0.000
351-0.31 ]0.02 (-0.351, -0.269) -19.00 | <0.000
451-0.20 |0.01 (-0.22,-0.169) -19.00 | <0.000
55 1-0.08 |0.00 (-0.091, -0.070) -19.00 | <0.000
65 1 0.03 0.00 (0.030,0.039) 19.00 <0.000
7510.15 0.01 (0.129, 0.169) 19.00 <0.000
851026 [0.01 (0.229, 0.299) 19.00 <0.000
Recovered
251-0.60 |0.04 (-0.695, -0.503) -16.00 | <0.000
35[1-044 ]0.03 (-0.507, -0.367) -16.00 | <0.000
451-0.28 |0.02 (-0.319, -0.231) -16.00 | <0.000
55 1-0.11 [0.01 (-0.132, -0.095) -16.00 | <0.000
65 | 0.05 0.00 (0.041, 0.056) 16.00 <0.000
7510.21 0.01 (0.177, 0.244) 16.00 <0.000
8510.37 10.02 (0.313,0.432) 16.00 < 0.000
Female sex (compared to male)
Female | -0.097 | 0.01 (-0.13, -0.061) -7.00 p <-0.000
Race (compared to largest group, white)
Black | 0.18 0.02 (0.14, 0.221) 10.90 p <0.0000
Asian | -0.17 | 0.05 (-0.30, -0.029) -3.10 p=0.0017
Middle Eastern.North African | -0.10 | 0.09 (-0.33, 0.132) -1.10 p=0.2640
More than one | -0.07 | 0.05 (-0.21, 0.064) -1.40 p=0.1661
Ethnicity (compared to larges group, Non-Hispanic)
Hispanic or Latino | -0.03 | 0.05 (-0.15, 0.093) -0.59 p=0.56
Education level (compared to largest group, Some College or Graduate)
Less than HS | 0.02 | 0.07 (-0.162, 0.207) 0.31 p=0.7577
HS/GED | 0.06 | 0.02 (0.013, 0.100) 3.37 p =0.0008
Advanced Degree | -0.14 | 0.02 (-0.183, -0.095) -8.17 p <0.0000
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Infection variant

pre-VOC | 1.61 0.11 (1.34, 1.89) 15.1 p <0.000
1.47 10.11 (1.19, 1.75) 13.6 p <0.000
1.41 0.11 (1.13, 1.69) 12.9 p <0.000
1.31 0.11 (1.02, 1.59) 11.9 p <0.000
1.10 | 0.11 (0.82, 1.39) 9.9 p <0.000
0.63 0.12 (0.31, 0.95) 5.1 p <0.000
Long COVID symptomatic compared to Recovered participants
Long COVID symptomatic | 0.34 | 0.02 (0.31, 0.38) 19.0 p <0.0000
Pre-infection functional status
Some | 0.02 (0.69, 0.79) 39.0 p <0.000
Severe | 0.02 (1.18, 1.29) 55.0 p <0.000
Pre-infection symptom totals (compared to median=4)
0]-0.14 |0.01 (-0.159, -0.122) -19.0 p <0.000
1]-0.11 |0.01 (-0.119, -0.091)-19.00 | -19.0 p <0.000
710.11 0.01 (0.091, 0.119) 19.0 p <0.000
2310.67 10.03 (0.578, 0.756) 19.0 p <0.000
Long COVID symptomatic compared to recovered participants, at each age cut
2510.52 ]0.05 (0.39, 0.65) 10.4 <0.000
351047 10.04 (0.37,0.57) 12 <0.000
451042 10.03 (0.35, 0.50) 14.5 < 0.000
5510.38 ]0.02 (0.32,0.43) 17.8 < 0.000
65 | 0.33 0.02 (0.28, 0.38) 18.2 < 0.000
7510.28 10.02 (0.23, 0.34) 12.8 < 0.000
8510.23 0.03 (0.16, 0.31) 7.8 <0.000
Group by Sex
Female Long COVID symptomatic | 0.00 0.00 (0.000, 0.000) 0.0 NA
Male Long COVID symptomatic | -0.10 | 0.01 (-0.13, -0.061) -0.7 2 <0.000
Female Recovered | -0.34 | 0.02 (-0.39, -0.296) -19.0 p <0.000
Male Recovered | -0.44 | 0.02 (-0.50, -0.381) -19.0 p <0.000




Table 3
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Long COVID symptom/condition frequencies and percentages among long COVID symptomatic

Symptom %

joint pain 20968 31.31
sleep 18419 27.50
anxiety 17870 26.68
depression 15709 23.46
chestpain 14541 21.71
abdominal 13439 20.07
dyspnea 12252 18.29
fatigue 11345 16.94
cough 9528 14.23
rash 7381 11.02
dizziness 6712 10.02
diarrhea 6260 9.35
headache 5676 8.48
palpitations 4365 6.52
cognition 3874 5.78
muscle pain 3848 5.75
tachycardia 3759 5.61
fever 3545 5.29
paraesthesia 3233 4.83
menstruation 2365 3.53
msk chest pain 1907 2.85
me cfs 1304 1.95
sexual function 515 0.77
post COVID NOS 309 0.46
loss of smell 0 0.00
loss of taste 0 0.00
muscle fatigue 0 0.00
pots 0 0.00
pvfs 0 0.00




Table 4.

Correlations of symptom clusters with post-infection functional level.
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Dizzy, Respiratory, Pain, paraesthesia, [Fatigue,
palpitations, [abdominal, fever,|headache, chest cognition, sleep,
Reproductive |skin tachycardia ain mood
Postcovid
functional
score -0.03 0.09 0.20 0.19 0.26
Reproductive [0.03 0.04 0.01 0.03
Dizzy/
palpitations/
skin 0.17 0.16 0.12
Respiratory/
abdominal/fever/
tachycardia 0.24 0.20
Paraesthesia/
headache/pain/
chest pain 0.17
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Figures

Figure 1

Cohort flow diagram
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Figure 2. Predicted probability of functional impairment by long COVID status and age.
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Figure 3
Predicted probability of post-infection functional impairment, by pre-infection functional

status and age.

<

S severe 000000 age
S ® 25
© ® 35
S @ 45
L Some 00000060 ® 55
S ® 65
s ® 75
e ® 85
$ None & 95
o

(a1

0.0 0.2 0.4 0.6

Probability of Functional Impairment



130

Figure 4
Predicted probability of post-infection functional impairment, by age and pre-infection
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Figure 5

Frequency of long COVID symptoms and conditions among long COVID symptomatic
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Figure 6

Long COVID symptom/condition clusters
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Chapter 7. Conclusion

This series of retrospective cohort studies using data from the All of Us Research
Program demonstrated the feasibility of using functional status indicators in the EHR as a health
outcome in population-level datasets. This was the first attempt to define functional status from
EHR data in people with long COVID, and resulted in a reproducible quantitative approach for
exploring functional status in large health datasets. Together, these findings showed that long
COVID and functional impairment have complex and multi-directional relationships, and
suggest a clinical picture of long COVID that encompasses varying degrees of risk from pre-
infection health and functioning.

This innovative use of these standard medical codes in multivariable models allowed us
to show that long COVID was independently associated with lower functional status both before
and after COVID-19 infection, even when adjusting for years of age and prior symptom burden.
Using temporal indexing, we established a multidirectional relationship between long COVID
and functional status, revealing that lower functional status is both a risk factor and an outcome
of long COVID. Additionally, this approach permitted functional status to be analyzed for
correlations with symptom phenotypes generated through hierarchical cluster analysis,
demonstrating through a combination of machine learning and associative inference that
functional status is strongly related to symptom-driven phenotypic presentation. Finally, it
allowed us to disentangle the effects of age from those of long COVID, showing that older adults
with long COVID can experience functional decline beyond that which may be expected in the
course of normal aging.

Additionally, this work addressed gaps in the literature on the prevalence and impact of

pre-infection occurrence of common long COVID symptoms and conditions (Al-Aly et al., 2024;
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Thaweethai et al., 2023). This knowledge may be used to tailor long COVID interventions more
specifically for people with prior history of conditions that worsen after COVID infection, such
as revising management strategies of pre-infection conditions or proactively referring to
rehabilitation services. This knowledge may also help guide inquiry on mechanisms of long
COVID development.

We identify several indications of validity of these results. First, the finding that long
COVID symptoms were associated with poorer functioning are consistent with numerous smaller
or single-center studies (Banic et al., 2022; Jacobson et al., 2021; Monteiro et al., 2023;
Shanbehzadeh et al., 2023; Vanichkachorn et al., 2021), suggesting that both our symptom-
driven cohort classification and the EHR-derived functional indicators were reasonable initial
approximations of true long COVID and functional status. Second, although the functional
concepts we started with did not always express degree of functional status, the variables built
from them demonstrated evidence of ordinality and good model fit, allowing confident
discernment of functional status in this large dataset. Finally, our exploratory phenotyping
procedure generated symptom subgroups that were similar to those reported in other large cohort
studies such as RECOVER (Thaweethai et al., 2023) and ORCHESTRA (Gentilotti et al., 2023).

Interpretation of our findings requires consideration of the range and manner of
assessment and coding of functioning in the health record. The EHR-derived functional status
indicators did not always converge with self-reported functional status (aim 1): Some survey
items were associated with EHR-derived functional levels (mental health and cognition), but
others were not (satisfaction with and performance of social roles, and physical ability to
perform daily tasks). There are several potential sources of these differences. First and most

fundamentally, it may simply reflect that the perspective of a clinician observer (whose
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documented observations populated the EHR variables) is different from a patient-participant
(whose experiential self-report is represented in survey data). Participants giving different ratings
in different domains is consistent with findings that self-reported functional status often does not
correlate across domains of function (Grimmer et al., 2013).

It may additionally signify that the EHR-measured constructs are different from one
another, as well as from patient report. For instance, functional performance in the “Finding of
Functional Performance and Activity” concept was often expressed as deficits in body structures
and body functions (which were not correlated with patient report of physical ability), but
relatively infrequently as deficits in activity participation (WHO, 2001). Physical performance
skills are fairly straight-forward to measure, thus it is not surprising that functional status in long
COVID studies has often been inferred by component skills or aptitudes of body structures and
functions (e.g. mobility (Owen et al., 2025), fatigue, and mood (Costa et al., 2024)). However,
this approach has generated conflicting findings. For instance, a study of survivors of severe
illness requiring extracorporeal membrane oxygenation found that, at 6 months, 73.7% were
independent in daily life while at the same time 52.6% had cognitive impairments (Guenther et
al., 2023). These findings should preclude one another, as full independence includes cognitively
complex tasks and routines (Alosco et al., 2012; Baum et al., 2008; Marks et al., 2020).

A complete representation of functioning includes performance of daily routines within
the contexts and environments valued by participants (Gutzeit et al., 2024; Law et al., 1996;
WHO, 2001) which may underlie participants’ self-ratings. In the All of Us EHR data, contextual
and environmental influences may have been more strongly represented by the occupational
therapy evaluation codes than by the activity codes. The occupational therapy evaluation level of

complexity is the result of assessment of function as a multifactorial concept inclusive of context
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and meaning in addition to observable skills (AOTA, 2020; Law et al., 1996; World Health
Organization, 2001). Thus, a greater range of influences on performance may have been assessed
in the OT codes compared to the functional activity codes compared to the more skills-focused
“Finding of functional performance and activity” codes, and these may have aligned better with
patient report. The ecological validity of the approach piloted in this work would be strengthened
with longitudinal self-report data, as this could reflect the range of functional independence and
the fluctuating course of many long COVID symptoms. Both self-report and clinical
observations may be needed to obtain full and detailed data on the changes in daily life
experienced by people with long COVID.

Detection bias must be considered in large cohort studies, these included. We found
evidence of under-detection of cognitive impairment among people with at least one long
COVID symptom in these data (aim 3). Given prior literature showing high false positive rates
and low sensitivity of neuropsychological screening tools in people with long COVID (Cahan et
al., 2024; Prabhakaran et al., 2022; Schild et al., 2024; Verveen et al., 2024), this finding
supports the need for cognitive screening tools that are validated for use in people with brain fog
and have good concurrent validity with subjective cognitive decline (Kirchberger et al., 2023;
Schaap et al., 2022). Assessments that use functional cognition (Marks et al., 2021a, 2021b;
Marks et al., 2023) or performance-based (Puente et al., 2014) approaches (which aim to
estimate the relative contribution of cognitive abilities to successful daily functioning) have been
found to be more sensitive to cognitive impairment than neurocognitive tools. Because long
COVID brain fog has shown a pronounced impact on daily routines (Alim-Marvasti et al., 2024;
Schaap et al., 2022), assessments that focus on the contributions of cognition to functional

performance may be optimal (Watters et al., 2021). This is an area of emerging study.
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Directions for future work

The ability to quantify and model functional status using standard medical concepts used
in the EHR is significant, and provides a foundation for several opportunities to advance the
research on functional status as a health outcome in long COVID and beyond. Within long
COVID, the ability to incorporate EHR-derived functional status indicators in future large
population-level studies of long COVID could improve diagnostic accuracy and definition of the
disorder. In these data, phenotyping methods could be further applied to develop aim 3’s
exploratory subgroup analysis into a deeper exploration of symptom subtypes inclusive of
functioning, and to explore age-specific phenotypes of long COVID symptoms. In addition to
yielding insights for long COVID, this data-driven method may also be used to characterize
functional status impacts from other diseases or within normal aging. One example (with
similarities to brain fog) is mild cognitive impairment (MCI) in older adults. Older adults with
MCI often show only small or non-significant differences in many cognitive screening tests
(Petersen, 2004). Thus, functional status assessment has been recommended as part of MCI
diagnostic assessment (Petersen et al., 2018). Our functional outcomes were compiled from
separate procedure and ICD-10 diagnostic codes, which are widely used in EHR documentation
and could thus be replicated in other EHR-based studies. Functional status is a central element in
the WHO definition of health, and the methods piloted herein provide a means to estimate
functioning retrospectively without requiring scores on the ICF checklist. This opens
opportunities to strengthen our understanding of outcomes in neurologic, cardiac, and aging
research and clinical care at population scale, which in turn may inform targeted and effective
interventions and health policies. Outside of All of Us, work is underway to test and develop

assessments of long COVID symptoms and conditions such as brain fog, post-exertional malaise,
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and performance of complex daily routines; these works are critical to optimal clinical care and
would eventually contribute to more accurate EHR data on this disorder and subsequent
population-level cohort studies.
Conclusions

In summary, this novel use of EHR-derived functional status observations demonstrated
how high-quality harmonized EHR data can be used to detect differences in functional status as
an outcome of long COVID and combined with symptom data to refine the data-driven
definitions of this disorder. | applied this innovative variable using multivariable regression
methods to reveal that functional status is both a risk factor and an outcome of long COVID.
This work contributed a reproducible and scalable quantitative approach for including functional
status in large-scale studies examining the definitions and outcomes of long COVID, with
potential applications in the study of other disease outcomes. Valid and reliable assessment tools
that identify impairments from long COVID are essential for accurate diagnosis, definition, and
clinical care, so that people with long COVID can return to optimal health and chosen life

routines.
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Appendix A. Long COVID symptoms discovery and analysis

All of Us Research Program data structure

All EMR observations in All of Us are harmonized and structured according to the Observational
Medical Outcomes Partnership — Common Data Model (OMOP-CDM; Observational Health Data Sciences
and Informatics, 2024; Odysseus Data Services, 2023). This ensures consistency across data collection sites
and regions, and comparability with billing and treatment codes. All of Us utilizes community-relevant
recruitment methods to over-recruit from geographic and demographic groups that are under-represented in
medical and health research. The program, data snapshots, and data methods can be viewed at
https://www.researchallofus.org/data-tools/.

Identification of cohort: COVID-19 illness indicators

Name Concept Id Vocab Code Roll-up Item
Count Count
2019-ncov coronavirus, sars-cov-2/2019- 40218804 HCPCS u0002 |0 1,020

ncov (covid-19), any technique, multiple
types or subtypes (includes all targets), non-
cdc

2019-nCoV Coronavirus, SARS-CoV- 704058 HCPCS u0004 |0 1
2/2019-nCoV (COVID-19), any technique,
multiple types or subtypes (includes all
targets), non-CDC, making use of high
throughput technologies as described by
CMS-2020-01-R

Infectious agent detection by nucleic acid 704059 HCPCS uooo3 |0 1,143
(DNA or RNA); severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2)
(Coronavirus disease [COVID-19]),
amplified probe technique, making use of
high throughput technologies as described by
CMS-2020-01-R

Influenza virus A and B and SARS-CoV-2 |36660845 LOINC LP41896 (985 0
(COVID-19) and SARS-related CoV RNA 8-6

panel

Influenza virus A and B and SARS-CoV-2 36661384 LOINC 95380-2 |0 985

(COVID-19) and SARS-related CoV RNA
panel - Respiratory specimen by NAA with
probe detection

Influenza virus A and B and SARS-CoV-2 |36661218 LOINC LP41929 (985 0
(COVID-19) and SARS-related CoV RNA 0-4

panel | Respiratory specimen | Microbiology

Panels

Influenza virus A and B and SARS-CoV-2 |36661376 LOINC 95422-2 |0 330

(COVID-19) RNA panel - Respiratory
specimen by NAA with probe detection



https://www.researchallofus.org/data-tools/
https://databrowser.researchallofus.org/ehr/labs-and-measurements/40218804
https://databrowser.researchallofus.org/ehr/labs-and-measurements/704058
https://databrowser.researchallofus.org/ehr/labs-and-measurements/704059
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660845
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661384
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661218
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661376
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Measurement of Severe acute respiratory 756055 OMOP OMOP48|0 384

syndrome coronavirus 2 (SARS-CoV-2) Extension |73969

Measurement of Severe acute respiratory 37310258 SNOMED |1.24046E |0 263

syndrome coronavirus 2 antibody +15

SARS-CoV-2 (COVID-19) 36662140 LOINC LP41754 192,959 0
0-4

SARS-CoV-2 (COVID-19) Ab 36661733 LOINC LP41791 (9,362 0
4-1

SARS-CoV-2 (COVID-19) Ab 723480 LOINC 94661-6 |0 3,037

[Interpretation] in Serum or Plasma

SARS-CoV-2 (COVID-19) Ab [Presence] in |586515 LOINC 94762-2 |0 1,146

Serum or Plasma by Immunoassay

SARS-CoV-2 (COVID-19) Ab 586522 LOINC 94769-7 |0 309

[Units/volume] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) Ab | Serumor  |36661221 LOINC LP41868 4,130 0

Plasma | Microbiology 4-9

SARS-CoV-2 (COVID-19) Ab panel 36661883 LOINC LP41812 |2 0
2-0

SARS-CoV-2 (COVID-19) Ab panel - 706179 LOINC 94504-8 |0 2

Serum or Plasma by Immunoassay

SARS-CoV-2 (COVID-19) Ab panel | Serum|36661105 LOINC LP41928 |2 0

or Plasma | Microbiology Panels 6-2

SARS-CoV-2 (COVID-19) Ag 36661764 LOINC LP41801 |1,262 0
9-8

SARS-CoV-2 (COVID-19) Ag [Presence] in 723477 LOINC 94558-4 |0 1,222

Respiratory specimen by Rapid

immunoassay

SARS-CoV-2 (COVID-19) Ag [Presence] in |36032419 LOINC 96119-3 |0 40

Upper respiratory specimen by Immunoassay

SARS-CoV-2 (COVID-19) Ag | Respiratory 36660801 LOINC LP41869 |1,222 0

specimen | Microbiology 3-0

SARS-CoV-2 (COVID-19) Ag | Upper 36033457 LOINC LP42093 (40 0

respiratory specimen | Microbiology 1-0

SARS-CoV-2 (COVID-19) clade 1620066 LOINC LP42273 |47 0
6-1

SARS-CoV-2 (COVID-19) clade [Type] in  |36033653 LOINC 96896-6 |0 47

Specimen by Molecular genetics method

SARS-CoV-2 (COVID-19) clade | XXX | 1618285 LOINC LP42740 |47 0

Microbiology 6-6

SARS-CoV-2 (COVID-19) IgA 36662109 LOINC LP41843 |167 0

0-7



https://databrowser.researchallofus.org/ehr/labs-and-measurements/756055
https://databrowser.researchallofus.org/ehr/labs-and-measurements/37310258
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36662140
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661733
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723480
https://databrowser.researchallofus.org/ehr/labs-and-measurements/586515
https://databrowser.researchallofus.org/ehr/labs-and-measurements/586522
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661221
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661883
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706179
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661105
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661764
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723477
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36032419
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660801
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033457
https://databrowser.researchallofus.org/ehr/labs-and-measurements/1620066
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033653
https://databrowser.researchallofus.org/ehr/labs-and-measurements/1618285
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36662109
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SARS-CoV-2 (COVID-19) IgA | Serum or  |36660931 LOINC LP41868 |167 0

Plasma | Microbiology 5-6

SARS-CoV-2 (COVID-19) IgA Ab 723473 LOINC 94562-6 |0 167

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgG 36661886 LOINC LP41791 |5,025 0
5-8

SARS-CoV-2 (COVID-19) IgG | Serum or  |36661046 LOINC LP41868 |3,500 0

Plasma | Microbiology 8-0

SARS-CoV-2 (COVID-19) IgG | Serum, 36660768 LOINC LP41868 2,090 0

Plasma or Blood | Microbiology 9-8

SARS-CoV-2 (COVID-19) IgG Ab 723474 LOINC 94563-4 |0 2,920

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgG Ab 706181 LOINC 94507-1 |0 2,090

[Presence] in Serum, Plasma or Blood by

Rapid immunoassay

SARS-CoV-2 (COVID-19) IgG Ab 706177 LOINC 94505-5 |0 749

[Units/volume] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgG+IigM 36661646 LOINC LP41795 {991 0
6-2

SARS-CoV-2 (COVID-19) IgG+IgM | 36660914 LOINC LP41869 |991 0

Serum or Plasma | Microbiology 0-6

SARS-CoV-2 (COVID-19) IgG+IgM Ab 723479 LOINC 94547-7 |0 991

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgM 36661975 LOINC LP41791 (396 0
6-6

SARS-CoV-2 (COVID-19) IgM | Serum or 36661274 LOINC LP41869 |299 0

Plasma | Microbiology 1-4

SARS-CoV-2 (COVID-19) IgM | Serum, 36660777 LOINC LP41869 |97 0

Plasma or Blood | Microbiology 2-2

SARS-CoV-2 (COVID-19) IgM Ab 723475 LOINC 94564-2 |0 275

[Presence] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) IgM Ab 706180 LOINC 94508-9 |0 97

[Presence] in Serum, Plasma or Blood by

Rapid immunoassay

SARS-CoV-2 (COVID-19) IgM Ab 706178 LOINC 94506-3 |0 37

[Units/ivolume] in Serum or Plasma by

Immunoassay

SARS-CoV-2 (COVID-19) lineage 1619966 LOINC LP42273 |17 0
9-5

SARS-CoV-2 (COVID-19) lineage 36033652 LOINC 96895-8 |0 17

[Identifier] in Specimen by Molecular
genetics method



https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660931
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723473
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661886
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661046
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660768
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723474
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706181
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706177
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661646
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660914
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723479
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661975
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661274
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660777
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723475
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706180
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706178
https://databrowser.researchallofus.org/ehr/labs-and-measurements/1619966
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033652
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SARS-CoV-2 (COVID-19) lineage | XXX | (1618914 LOINC LP42740 |17 0

Microbiology 5-8

SARS-CoV-2 (COVID-19) N gene 36661396 LOINC LP41759 |1,151 0
9-0

SARS-CoV-2 (COVID-19) N gene 715272 LOINC 94760-6 |0 36

[Presence] in Nasopharynx by NAA with

probe detection

SARS-CoV-2 (COVID-19) N gene 757678 LOINC 95409-9 |0 9

[Presence] in Nose by NAA with probe

detection

SARS-CoV-2 (COVID-19) N gene 706161 LOINC 94533-7 |0 671

[Presence] in Respiratory specimen by NAA

with probe detection

SARS-CoV-2 (COVID-19) N gene 586524 LOINC 94756-4 |0 468

[Presence] in Respiratory specimen by

Nucleic acid amplification using CDC

primer-probe set N1

SARS-CoV-2 (COVID-19) N gene | 36660752 LOINC LP41870 |36 0

Nasopharynx | Microbiology 2-9

SARS-CoV-2 (COVID-19) N gene | Nose | |36660970 LOINC LP41917 |9 0

Microbiology 9-9

SARS-CoV-2 (COVID-19) N gene | 36661286 LOINC LP41870 (1,107 0

Respiratory specimen | Microbiology 3-7

SARS-CoV-2 (COVID-19) ORF1ab region |36661401 LOINC LP41790 (1,267 0
6-7

SARS-CoV-2 (COVID-19) ORF1ab region (723478 LOINC 94559-2 |0 1,265

[Presence] in Respiratory specimen by NAA

with probe detection

SARS-CoV-2 (COVID-19) ORF1ab region (723464 LOINC 94639-2 |0 2

[Presence] in Specimen by NAA with probe

detection

SARS-CoV-2 (COVID-19) ORF1ab region | |36661250 LOINC LP41870 |1,265 0

Respiratory specimen | Microbiology 6-0

SARS-CoV-2 (COVID-19) ORF1ab region | |36661194 LOINC LP41870 |2 0

XXX | Microbiology 7-8

SARS-CoV-2 (COVID-19) RdRp gene 36661801 LOINC LP41759 |3,774 0
8-2

SARS-CoV-2 (COVID-19) RdRp gene 706160 LOINC 94534-5 |0 3,764

[Presence] in Respiratory specimen by NAA

with probe detection

SARS-CoV-2 (COVID-19) RdRp gene 706173 LOINC 94314-2 |0 18

[Presence] in Specimen by NAA with probe

detection

SARS-CoV-2 (COVID-19) RdRp gene | 36660902 LOINC LP41870 (3,764 0

Respiratory specimen | Microbiology 8-6

SARS-CoV-2 (COVID-19) RdRp gene | 36660887 LOINC LP41870 |18 0

XXX | Microbiology 9-4



https://databrowser.researchallofus.org/ehr/labs-and-measurements/1618914
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661396
https://databrowser.researchallofus.org/ehr/labs-and-measurements/715272
https://databrowser.researchallofus.org/ehr/labs-and-measurements/757678
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706161
https://databrowser.researchallofus.org/ehr/labs-and-measurements/586524
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660752
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660970
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661286
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661401
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723478
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723464
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661250
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661194
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661801
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706160
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706173
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660902
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660887
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SARS-CoV-2 (COVID-19) RNA 36661507 LOINC LP41754 89,445 0
1-2
SARS-CoV-2 (COVID-19) RNA [Cycle 586528 LOINC 94745-7 |0 1
Threshold #] in Respiratory specimen by
NAA with probe detection
SARS-CoV-2 (COVID-19) RNA [Presence] (723476 LOINC 94565-9 |0 2,005
in Nasopharynx by NAA with non-probe
detection
SARS-CoV-2 (COVID-19) RNA [Presence] |586526 LOINC 94759-8 |0 273
in Nasopharynx by NAA with probe
detection
SARS-CoV-2 (COVID-19) RNA [Presence] |706163 LOINC 94500-6 |0 63,160
in Respiratory specimen by NAA with probe
detection
SARS-CoV-2 (COVID-19) RNA [Presence] |715261 LOINC 94822-4 |0 107
in Saliva (oral fluid) by Sequencing
SARS-CoV-2 (COVID-19) RNA [Presence] |706170 LOINC 94309-2 |0 27,394
in Specimen by NAA with probe detection
SARS-CoV-2 (COVID-19) RNA | 36661317 LOINC LP41869 (2,274 0
Nasopharynx | Microbiology 4-8
SARS-CoV-2 (COVID-19) RNA | 36661115 LOINC LP41869 63,160 0
Respiratory specimen | Microbiology 5-5
SARS-CoV-2 (COVID-19) RNA | Saliva| |36660966 LOINC LP41869 |107 0
Microbiology 6-3
SARS-CoV-2 (COVID-19) RNA | XXX | 36661244 LOINC LP41869 27,394 0
Microbiology 8-9
SARS-CoV-2 (COVID-19) RNA panel 36661522 LOINC LP41753 |5,080 0
9-6
SARS-CoV-2 (COVID-19) RNA panel - 706158 LOINC 94531-1 |0 1,342
Respiratory specimen by NAA with probe
detection
SARS-CoV-2 (COVID-19) RNA panel - 706169 LOINC 94306-8 |0 3,740
Specimen by NAA with probe detection
SARS-CoV-2 (COVID-19) RNA panel | 36661036 LOINC LP41928 (1,342 0
Respiratory specimen | Microbiology Panels 8-8
SARS-CoV-2 (COVID-19) RNA panel | 36660924 LOINC LP41928 |3,740 0
XXX | Microbiology Panels 9-6
SARS-CoV-2 (COVID-19) S protein RBD 36031734 LOINC 96603-6 |0 476
neutralizing antibody [Presence] in Serum or
Plasma by sVNT
SARS-CoV-2 (COVID-19) sequencing and |1620099 LOINC LP42274 |40 0
identification panel 0-3
SARS-CoV-2 (COVID-19) sequencing and |36033651 LOINC 96894-1 |0 40

identification panel - Specimen by Molecular
genetics method



https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661507
https://databrowser.researchallofus.org/ehr/labs-and-measurements/586528
https://databrowser.researchallofus.org/ehr/labs-and-measurements/723476
https://databrowser.researchallofus.org/ehr/labs-and-measurements/586526
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706163
https://databrowser.researchallofus.org/ehr/labs-and-measurements/715261
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706170
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661317
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661115
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660966
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661244
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661522
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706158
https://databrowser.researchallofus.org/ehr/labs-and-measurements/706169
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661036
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36660924
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36031734
https://databrowser.researchallofus.org/ehr/labs-and-measurements/1620099
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033651
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SARS-CoV-2 (COVID-19) sequencing and 1618441 LOINC LP42752 |40 0

identification panel | XXX | Microbiology 4-6

Panels

SARS-CoV-2 (COVID-19) spike protein 36033856 LOINC LP42123 |476 0

receptor binding domain (RBD) 5-5

SARS-CoV-2 (COVID-19) spike protein 36033858 LOINC LP42123 |476 0

receptor binding domain (RBD) neutralizing 4-8

antibody

SARS-CoV-2 (COVID-19) spike protein 36033625 LOINC LP42184 |476 0

receptor binding domain (RBD) neutralizing 0-2

antibody | Serum or Plasma | Microbiology

SARS-CoV+SARS-CoV-2 (COVID-19) 36661687 LOINC LP41877 1,075 0
4-8

SARS-CoV+SARS-CoV-2 (COVID-19) Ag |36661520 LOINC LP41876 |1,075 0
2-3

SARS-CoV+SARS-CoV-2 (COVID-19) Ag |757685 LOINC 95209-3 |0 1,075

[Presence] in Respiratory specimen by Rapid

immunoassay

SARS-CoV+SARS-CoV-2 (COVID-19) Ag ||1618075 LOINC LP42765 |1,075 0

Respiratory specimen | Microbiology 4-1

COPE Survey (Any version): In the past 1332898 9,138

month, have you been sick for more than one
day with a new illness related to COVID-19
or flu-like symptoms?: Yes

COVID-19 37311061 SNOMED |84053900|17,384 17,384
6

Lower respiratory infection caused by 3663281 SNOMED |8.8053E+|1,663 0

SARS-CoV-2 17

Symptom-based classification of long COVID groups: Symptomatic vs. Recovered

An initial list of sequelae was compiled from phenotyping studies (e.g., Al-Aly et al., 2021; Zhang et
al., 2023). This list was then cross-checked with sequelae listed by the CDC (Centers for Disease Control and
Prevention, 2023), reports from the patient-led research collaborative [e.g. Davis et al], and co-author
knowledge of patient experience encountered in a long COVID follow-up clinic. These were collapsed into
diagnostically-related groups as organized under the Athena Health Observational Medical Outcomes
Partnership — Common Data Model (OMOP-CDM) harmonized data vocabulary (Observational Health Data
Sciences and Informatics, 2024; Odysseus Data Services, 2023). Athena is a hierarchical compendium of
health concepts (e.g. diagnoses, observations, medications) organized into tree-like branching relationships.
Distinct “descendent” concepts branch off of broad categories of “ancestor” concepts. The final list consisted
of 44 symptom/sequelae ancestor categories.

Using the All of Us Data Browser and Researcher Workbench, each symptom concept code was
queried singly to create a concept set incorporating all occurrences of all descendent codes contained within
that symptom for each participant with at least one COVID-19 infection.

These were then arranged by date of recording. Two occurrences were then selected; the first
occurrence between 28 days and 5 years prior to the first COVID infection (pre-infection incidence) and the
first code 28 days or more after the first COVID infection (post-infection incidence, marking a participant as a
long COVID symptomatic group member). This was performed iteratively for each long COVID symptom


https://databrowser.researchallofus.org/ehr/labs-and-measurements/1618441
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033856
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033858
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36033625
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661687
https://databrowser.researchallofus.org/ehr/labs-and-measurements/36661520
https://databrowser.researchallofus.org/ehr/labs-and-measurements/757685
https://databrowser.researchallofus.org/ehr/labs-and-measurements/1618075
https://databrowser.researchallofus.org/ehr/conditions/37311061
https://databrowser.researchallofus.org/ehr/conditions/3663281
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dataset individually, creating one dataset for each symptom containing only the first pre- and post-infection (if
any) incidences for each participant. These datasets were then joined one by one in alphabetical order to the
main dataset, using person ID number as the foreign key.
The post-infection interval of 28-days before first symptom occurrence was chosen to capture health
and daily functioning beginning after the presumptive acute infection phase but still within 90 days post-
infection. A 28-day window is sooner post-infection than the 90-day window in other studies(Thaweethai et
al., 2023) and the WHO proposed diagnostic criteria.(Soriano et al., 2022) However, a shorter interval is of
clinical interest for targeted rehabilitation services because it reveals the prevalence of functional status
indicators and symptom burden within the 90-day timeframe that is allowable under the U.S. law ("29 USC
Ch. 28: Family and Medical Leave Act," 1993). Because functional impairment is proposed as part of this
diagnostic classification, we wished to characterize long COVID in a timeframe that would be clinically useful
in the U.S. for utilizing skilled rehabilitation.
The list of queried diagnostic categories is in Table S.A.1. Under these categories were 1,013 discrete
descendent diagnostic concepts. We chose not to remove descendent concepts containing attributions to
specific (non-COVID-19) diseases (e.g., “cancer-related fatigue”, “memory impairment due to multiple
sclerosis”), resulting in an attribution-agnostic grouping. This was for several reasons. First and most broadly,
there is probable variation in how post-COVID pathophysiology interacts with other diseases processes;
therefore the possibility of development or worsening of these health outcomes in the setting of other
premorbid diagnoses could not be assumed to be independent of the physical toll of COVID recovery, and
some outcomes may have been potentiated by this toll. Second, the increased granularity of having all types of
a given diagnosis provided opportunities for future analysis that would not be possible had we removed or
collapsed their diagnostic variations. Third and finally, we found the patient counts of many diagnostically-
attributed outcomes were small (fewer than n=50), necessitating collapse into other categories for statistical
analysis and All of Us reporting rules, and exerting little or negligible pull on the symptoms’ effect given the

size of this dataset.

Table S.A.1. Long COVID symptoms/conditions used in Cohort discovery and classification

OMOP
Standard Concepts Concept ID Source Vocab Code String collapsed
Abdominal pain 200219 Standard SNOMED 21522001 "abdominal"
Anxiety 441542 Standard | SNOMED 48694002 "anxiety", "anxi*"
Chest pain 77670 Standard | SNOMED 29857009 "chest", "cardiac"
Chronic fatigue \chronic fatigue”,
432738 Standard | SNOMED 52702003 "myalgic
syndrome e
encephalomyelitis
Cognitive disorder "cognitive"
(collapsed into 40480615 Standard | SNOMED 443265004 “negroco r;itive"
“impaired cognition”) 9
Cognitive function [not collapsed
finding (collapsed into | 4162723 Standard | SNOMED 373930000 psed,
o ; o heterogeneous]
impaired cognition”)
Cough 254761 Standard | SNOMED | 49727002 (Sough”, “elearing
Deprgssmn screening 762504 Standard | SNOMED 4.28181E+14 ||depre§S|o|? '
positive screening
Depressive disorder 440383 Standard SNOMED 35489007 "jepress!ve W
epression
Depressive episode 3656234 Standard | SNOMED 871840004
Diarrhea 196523 Standard SNOMED 62315008 "diarrhea", "diarrheal"
Disorder of 443431 Standard | SNOMED | 386804004 "™men*

menstruation



https://databrowser.researchallofus.org/ehr/conditions/200219
https://databrowser.researchallofus.org/ehr/conditions/441542
https://databrowser.researchallofus.org/ehr/conditions/77670
https://databrowser.researchallofus.org/ehr/conditions/432738
https://databrowser.researchallofus.org/ehr/conditions/40480615
https://databrowser.researchallofus.org/ehr/conditions/4162723
https://databrowser.researchallofus.org/ehr/conditions/254761
https://databrowser.researchallofus.org/ehr/conditions/762504
https://databrowser.researchallofus.org/ehr/conditions/440383
https://databrowser.researchallofus.org/ehr/conditions/3656234
https://databrowser.researchallofus.org/ehr/conditions/196523
https://databrowser.researchallofus.org/ehr/conditions/443431

Disturbance in sleep
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behavior (collapsed 4204989 Standard | SNOMED 53888004 "sleep"

into “Sleep”)

Dizziness 4223938 | Standard | SNOMED | 404640003 ..3:;;;2?5 , "dizzy",

Dyspnea 312437 Standard | SNOMED | 267036007 \dyspnea’’, "“pnea’,
gasping
"eruption", "acne*",
"rash", "eruption",
"erythroderma",
"exanthematous",

Eruption 140214 Standard | SNOMED 271807003 "Fox-Fordyce",
"rocacea", "Keratin*",
"pityriasis",
"psoriasis", "psoriatic",
"dermatitis"

Fatigue 4223659 Standard | SNOMED 84229001 "asthenia"

Fever 437663 Standard | SNOMED 386661006 "fever", "pyrexia"

Finding of functional

performance and

activity 4089214 Standard | SNOMED 248536006

Finding of pattern of

TSI 67 4095940 | Standard | SNOMED | 248968007 menstru’ %,

(collapsed into amenorrhea

“menstrual disorder”)

Finding of sexual

function 4041277 Standard | SNOMED 118202007

Headache 378253 Standard SNOMED 25064002 "headache", "head"
"cognitive",

Impaired cognition 443432 Standard | SNOMED 386806002 "impairment",
"behavioral"

Irregular periods

(collapsed into 196168 Standard | SNOMED 80182007

“menstrual disorder”)

Joint pain 77074 Standard | SNOMED 57676002 "arthralgia", "joint"
[do not collapse]

Lightheadedness 4297376 Standard | SNOMED 386705008 "malaise and fatigue”,
"fatigue”

Loss of sense of smell 4185711 Standard SNOMED 44169009

Loss of taste 4289517 Standard | SNOMED 36955009

Malaise (under

“Lightheadedness” 4272240 Standard | SNOMED 367391008

heirarchy)

Muscle fatigue 4214612 Standard SNOMED 80449002 "muscle"
"myalgia*", "pain",
"muscle",

Muscle pain 442752 Standard | SNOMED 68962001 "pleurodynia”,
"fibrositis",

"fibromyalgia",



https://databrowser.researchallofus.org/ehr/conditions/4204989
https://databrowser.researchallofus.org/ehr/conditions/4223938
https://databrowser.researchallofus.org/ehr/conditions/312437
https://databrowser.researchallofus.org/ehr/conditions/140214
https://databrowser.researchallofus.org/ehr/conditions/4223659
https://databrowser.researchallofus.org/ehr/conditions/437663
https://athena.ohdsi.org/search-terms/terms/4089214/graph?fullscreen=false&levels=10&standardsOnly=false&zoomLevel=4
https://databrowser.researchallofus.org/ehr/conditions/4041277
https://databrowser.researchallofus.org/ehr/conditions/378253
https://databrowser.researchallofus.org/ehr/conditions/443432
https://databrowser.researchallofus.org/ehr/conditions/196168
https://databrowser.researchallofus.org/ehr/conditions/77074
https://databrowser.researchallofus.org/ehr/conditions/4297376
https://databrowser.researchallofus.org/ehr/conditions/4185711
https://databrowser.researchallofus.org/ehr/conditions/4289517
https://databrowser.researchallofus.org/ehr/conditions/4214612
https://databrowser.researchallofus.org/ehr/conditions/442752
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"polymyalgia",
"claudication",
"migraine”
"pleurodynia”,
“myalgia“, "pain",

M;izc“'“ke'eta' chest | 4092930 | Standard | SNOMED | 281245003 "Scapulalgia",

P "Xiphodynia",
"syndrome"

Palpitations 315078 Standard | SNOMED 80313002 "heart", "palpitations"
LLLLES H n

Paraesthesia 4236484 Standard | SNOMED | 91019004 . esthesia’,
sensation’, "pins’,

OMOP
Post-acute COVID-19 705076 Standard . OMOP5160861 | U09.9
Extension

Postural orthostatic

tachycardia syndrome

(POTS) 4159659 SNOMED 371073003 (No hierarchy)

Postviral fatigue 4202045 | Standard | SNOMED | 51771007

syndrome

Sleep disorder 'sleep™, "dream’,

P . " ~ | 435524 Standard SNOMED 39898005 "*somnia",

(collapsed into “Sleep”) " "
somnolence

Tachycardia 444070 Standard | SNOMED 3424008 "tachycardia™"

After importing every incidence of the condition codes, concepts were removed that were not
applicable to long COVID diagnosis, or were redundant (covered under other concept hierarchies).

Under the “Cognition” and “Impaired Cognition” concept, “Normal Cognition” was removed to match
the presumptive absence of impairment in other participants with no data value (N/A). Psychological concepts

from the DSM series were also removed. Filters were run as follows:

filter(!(standard_concept_name %in% c('Normal cognition',
'Suicidal behavior',
'Delusion of persecution',
'Homicidal thoughts',

health practices’,

'"Worried',

'Anxiety about body function or health',
'Suicidal intent',

'Delusions’,

'Thoughts of violence',
'Deficient knowledge of preconception

'Cognitive developmental delay’,
'Below average intellect’,
'Paranoid delusion’,
'Anxiety about treatment’,
'Thoughts of self harm’,
'Has access to planned means of suicide’,
'Repetitive routines’,
'Obsessional thoughts',
'Planning suicide’,
'Dangerous and harmful thoughts',



https://databrowser.researchallofus.org/ehr/conditions/4092930
https://databrowser.researchallofus.org/ehr/conditions/4236484
https://databrowser.researchallofus.org/ehr/conditions/705076
https://databrowser.researchallofus.org/ehr/conditions/orthostatic%20tachycardia
https://databrowser.researchallofus.org/ehr/conditions/4202045
https://databrowser.researchallofus.org/ehr/conditions/435524
https://databrowser.researchallofus.org/ehr/conditions/444070
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'Low intelligence’,

'Grinding teeth’,

'"Human immunodeficiency virus infection
with cognitive impairment’,

'Suicidal’,

'Suicidal thoughts’,

'Mood-congruent delusion',

'Paranoid ideation’

)))
Cognition %>%
filter(standard_concept_name != "Attention deficit hyperactivity disorder" &
standard_concept_name != "Attention deficit hyperactivity disorder,
predominantly inattentive type" &
standard_concept_name != "Child attention deficit disorder" &
standard_concept_name != "Undifferentiated attention deficit disorder" &
standard_concept_name != "Attention deficit hyperactivity disorder,
predominantly hyperactive impulsive type" &
standard_concept_name != "Attention deficit hyperactivity disorder,
combined type" &
standard_concept_name != "Hyperkinetic conduct disorder" &
standard_concept_name != "Developmental coordination disorder™)

Under the “Finding of Functional Performance and Activity” concept, psychological concepts from
the DSM series and developmental diagnoses were removed as follows:
functional_performance %>%

filter(standard_concept_name != "Attention deficit hyperactivity disorder" &
standard_concept_name != "Attention deficit hyperactivity disorder,
predominantly inattentive type" &
standard_concept_name != "Child attention deficit disorder" &
standard_concept_name != "Undifferentiated attention deficit disorder" &
standard_concept _name != "Attention deficit hyperactivity disorder,
predominantly hyperactive impulsive type" &
standard_concept_name != "Attention deficit hyperactivity disorder,
combined type" &
standard_concept_name != "Hyperkinetic conduct disorder" &
standard_concept_name != "Developmental coordination disorder" &
standard_concept_name != "Developmental disorder of motor function" &
standard_concept_name != "Developmental delay in fine motor function" &
standard_concept_name != "Hyperkinesis with developmental delay" &
standard_concept _name != "Ineffective breathing pattern"” &
standard_concept_name != "Adjustment to life threatening illness" &
standard_concept_name != "Difficulty coping" &
standard _concept_name != "Lack of exercise" &

standard_concept_name != "Gets no exercise")
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Appendix B. Functional Status Indicators

S.B.1. Occupational therapy evaluation — Centers for Medicare and Medicaid codes.

The Centers for Medicare and Medicaid Services (CMS) maintains codes and definitions for clinicians to
record the medical necessity of services and procedures in the medical record. The codes that record evaluation
by an occupational therapist are cataloged under the CPT code directory and are 97165-97168 (see below).
These codes only occur in the medical record of a patient with concerns for “performance deficits (i.e., relating
to physical, cognitive, or psychosocial skills) that result in activity limitations and/or participation
restrictions” (CMS, 2020, emphasis added). This indicator of functional status is therefore highly specific — it
is not documented for a person who does not report concern for and/or present with functional performance
deficits.

Three codes are available to document the complexity of the clinician’s evaluation to determine
performance deficits and the therapeutic plan of care. One additional code documents the need for re-
evaluation, frequently used when the patient has a decrease in status (due to, e.g., surgical procedure, poor
prognosis, and/or complication of medical conditions). CMS defines these as follows:

97165: Occupational therapy evaluation, low complexity, requiring these components:

An occupational profile and medical and therapy history, which includes a brief history including review of
medical and/or therapy records relating to the presenting problem; ..., requiring these components:

An occupational profile and medical and therapy history, which includes a brief history including review of
medical and/or therapy records relating to the presenting problem; An assessment(s) that identifies 1-3
performance deficits (ie, relating to physical, cognitive, or psychosocial skills) that result in activity limitations
and/or participation restrictions; and Clinical decision making of low complexity, which includes an analysis
of the occupational profile, analysis of data from problem-focused assessment(s), and consideration of a
limited number of treatment options. Patient presents with no comorbidities that

affect occupational performance. Modification of tasks or assistance (eg, physical or verbal) with
assessment(s) is not necessary to enable completion of evaluation component. Typically, 30 minutes are spent
face-to-face with the patient and/or family.

97166 Occupational therapy evaluation, moderate complexity, typical time with patient 45

minutes, Occupational therapy evaluation, moderate complexity, typical time with patient's family 45
minutes, Occupational therapy evaluation, moderate complexity, requiring these components:

An occupational profile and medical and therapy history, which includes an expanded review of medical
and/or therapy records and additional review of physical, cognitive,... , Occupational therapy evaluation,
moderate complexity, typical time with patient and family 45 minutes, OCCUPATIONAL THERAPY EVAL
MOD COMPLEX 45 MINS, Occupational therapy evaluation, moderate complexity, requiring these
components: An occupational profile and medical and therapy history, which includes an expanded review of
medical and/or therapy records and additional review of physical, cognitive, or psychosocial history related to
current functional performance; An assessment(s) that identifies 3-5 performance deficits (ie, relating to
physical, cognitive, or psychosocial skills) that result in activity limitations and/or participation restrictions;
and Clinical decision making of moderate analytic complexity, which includes an analysis of

the occupational profile, analysis of data from detailed assessment(s), and consideration of several treatment
options. Patient may present with comorbidities that affect occupational performance. Minimal to moderate
modification of tasks or assistance (eg, physical or verbal) with assessment(s) is necessary to enable patient to
complete evaluation component. Typically, 45 minutes are spent face-to-face with the patient and/or family.

97167 Occupational therapy evaluation, high complexity, requiring these components:

An occupational profile and medical and therapy history, which includes review of medical

and/or therapy records and extensive additional review of physical, cognitive, or psychosocial history related
to current functional performance; An assessment(s) that identifies 5 or more performance deficits (ie, relating
to physical, cognitive, or psychosocial skills) that result in activity limitations and/or participation restrictions;
and Clinical decision making of high analytic complexity, which includes an analysis of the patient profile,
analysis of data from comprehensive assessment(s), and consideration of multiple treatment options. Patient
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presents with comorbidities that affect occupational performance. Significant modification of tasks or
assistance (eg, physical or verbal) with assessment(s) is necessary to enable patient to

complete evaluation component. Typically, 60 minutes are spent face-to-face

w..., Occupational therapy evaluation, high complexity, typical time with patient and family 60

minutes, Occupational therapy evaluation, high complexity, requiring these components:

An occupational profile and medical and therapy history, which includes review of medical

and/or therapy records and extensive additional review of physical, cognitive, or ps... | [Health Care Activity] -
[Therapeutic or Preventive Procedure], Occupational therapy evaluation, high complexity, typical time with
patient 60 minutes, Evaluation of occupational therapy established plan of care, typically 60

minutes, TYPICALLY, 60 MINUTES ARE SPENT FACE-TO-FACE WITH THE PATIENT AND/OR
FAMILY.

97168 Re-evaluation of occupational therapy established plan of care, requiring these components: An
assessment of changes in patient functional or medical status with revised plan of care; An update to the

initial occupational profile to reflect changes in... | [Health Care Activity] - [Therapeutic or Preventive
Procedure], Occupational therapy re-evaluation of established plan of care, typical time with patient 30
minutes, Re-evaluation of occupational therapy established plan of care, typically 30

minutes, Occupational therapy re-evaluation of established plan of care, typical time with patient and family 30
minutes, Re-evaluation of occupational therapy established plan of care, requiring these components: An
assessment of changes in patient functional or medical status with revised plan of care; An update to the

initial occupational profile to reflect changes in condition or environment that affect future interventions and/or
goals; and A revised plan of care. A formal reevaluation is performed when there is a documented change in
functional status or a significant change to the plan of care is required. Typically, 30 minutes are spent face-to-
face with the patient and/or family.
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S.B.2. “Finding of functional performance and activity” codes

These codes include observations documented by rehabilitation and respiratory therapy providers, or
based on evaluation findings by the providers. For modelling, these were collapsed into a multinomial variable
with three categories roughly corresponding to ranges of functional impairment that may be inferred from
these codes. These categories were as follows:

1. “No functional performance impairment” was given for normal” or “independent” findings, as
well as all participants with “NA” values indicating no need for medical care for or observations
of functional impairment.

2. “Some functional performance impairment” was given for codes that may have been documented
for a range of functional levels. For instance “Dependence on wheelchair” could be true of a
person with acute change in mobility that affects their daily functioning profoundly, and could
also be true of a person who had mastered wheelchair mobility and performed their daily routines
without assistance. This suggests the important caveat for interpretation that this level has high
heterogeneity and low resolution for small increments of difference in level of performance.

3. “Dependent on others for care” was given for codes which explicitly describe dependence (e.g.
“Bed-ridden”) and those typically only given in critical care settings (e.g. respiratory dependence
codes).

The following dplyr code was used to group these observations:

dplyr::mutate(pre_functional_performance_dx = forcats::fct_na_value_to_level
(pre_functional_performance_dx, "None")) |>
dplyr::mutate(pre_functional_performance_dx_factor =
fct_collapse(pre_functional performance_dx,
"No Functional Performance Difficulty" = c("None",
"Get up and go test - normal",
"Exercises regularly"),
“Some Functional Performance Difficulty" = c(
"Difficulty walking",
"Reduced mobility",
"Impaired mobility",
"Physical activity finding",
"Dependence on supplemental oxygen",
"Wheelchair bound",
"Caregiver role strain",
"Dependence on wheelchair",
“Finding related to ability to mobilize",
"Finding related to ability to move",
"Finding of functional performance and

activity",
"Disorders of attention and motor
control”,
"Walking disability",
"Activity exercise pattern”,
"Finding related to ability to cope with
pain",

"Difficulty producing voiced sounds",
"Loss of voice",
"Activity intolerance”,
"Fine motor impairment"),
"Dependent on Others for Care" = c(
"Dependence on aspirator”,
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"Dependence on enabling machine or
device",
"Dependence on respirator",
"Bed-ridden",
"Dependence on respiratory device",
"Dependence on ventilator”,
"Unable to mobilize"))) |>
dplyr::mutate(pre_functional_performance_dx_factor =
fct_relevel(pre_functional_performance_dx_factor,
“"No Functional Performance Difficulty",
"Some Functional Performance Difficulty",
"Dependent on Others for Care"))
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Appendix C: Sensitivity analysis for Quantitative bias analysis of cohort discovery

(Aim 1 only)

Enrollment pre- vs. post-first infection:

Balance between the two groups’ distributions of factors which could affect the development of long
COVID was assessed using non-parametric propensity score matching in the Matchlt R package. The binary
outcome of pre-illness versus post-illness enrollment was regressed on COVID variant, primary demographics
of race and sex at birth, and the socioeconomic variable of education level. To ensure a match was attempted
for all cases, matching without replacement was used. A generalized linear model with logit link functions was
fitted with ‘nearest’ matching. Model fit was assessed with standardized difference in means and plots.
Model:
match <- matchit(enrollment_date ~ variant + race + sex_at_birth + Highest_grade_completed,

data = full_data2, method = "nearest", distance = "glm",

ratio =1,

replace = FALSE)

Result

Pre-infection enrollees were fitted as the control (n=16815) compared to post-infection fitted as cases
(n=66971). Most of the sample enrolled prior to their earliest indication of COVID-19. For the unmatched
samples, substantial standard mean differences (>0.1) were seen for overall distance (0.32), later omicron
variant period (B2-B5) (0.15), Black or African American (0.2331) and White (-0.2056) race, and having
completed some or all of high school (0.1174). After balancing, standard mean differences generally increased
(grew further from zero), indicating that a good balance on these covariates between pre- and post-illness
enrollees could not be achieved.

Overlaps between the treated pre-infection (‘control’) and post-infection (‘treated’) groups is
visualized in Figure C.1. There is about 45% overlap between the matched post-infection cases and the
matched pre-infection controls; this relatively low match overall indicates that propensity score matching is not
appropriate for these data. This suggests that these two groups may be different across one or more important
population parameters, which 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 populations.

Fig. C. 1.
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Highest_grade_completedSome College or College Graduate -0.0585

Highest_grade_completedLess than HS 0.0209
Highest_grade_completedSome High School or GED 0.1174
Summary of Balance for Matched Data:

Std. Mean Diff.
distance 1.8529
variantalpha_beta_delta -0.2505
variantdelta -0.0863
variantomicron_BA1_BA2 0.2084
variantomicron_BA2_BA5 0.8219
variantpre_VVOC -0.1422
variantpre_VOC _alpha_beta -0.1691
raceAsian -0.0957
raceBlack or African American 1.6786
raceMiddle Eastern or North African -0.0361
raceMore than one population -0.1499
raceWhite -1.4552
sex_at_birthFemale 0.0908
sex_at_birthMale or Intersex -0.0908
Highest_grade_completedHighest Grade: Advanced Degree -0.3692

Highest_grade_completedSome College or College Graduate -0.2197

Highest_grade_completedLess than HS

0.1560

Highest_grade_completedSome High School or GED 0.6181
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Appendix D. Model Fitting Notes.

Aim1
Summary of final fit

The optimal model balance between R? and BIC delta (smaller value) was found for an additive model
with linear fits for age and pre-infection CPT unit count and a restricted cubic spline with four knots for pre-
infection prevalence of long COVID symptoms. For this paper’s aim, parsimoniousness was favored over
accuracy for a simple descriptive model.

Final Model Fit Indices

Model Likelihood Discrimination Rank Discrim.

Ratio Test Indexes Indexes

Obs 65464 LR chi2 25359.80 R2 0.437 C 0.845
FALSE 24809 d.f. 40 R2(40,65464)0.321 Dxy 0.691
TRUE 40655 Pr(> chi2) <0.0001 R2(40,46221.3)0.422 gamma  ©.691
max |deriv| 5e-09 Brier 0.153 tau-a  0.325

Aim 1 Model fitting procedure

Model fitting processes recommended by Harrell (2001) and Andersen & Skovgaard (2010) were
followed for binomial logistic regression with a logit link function for continuous, ordinal, and nominal
variables (Table S.D.1). First, a large model was fitted including all variables found in prior literature to be
related to long COVID risk or outcomes. This was fitted with natural (restricted) cubic splines for continuous
variables, and interaction terms for age with baseline survey responses for performance of physical daily
activities and mental/cognitive health, as well as approximate baseline level of functional impairment per EMR
entries of “Finding of Functional Activity and Performance” (see Table S.A.1). Modelling and hypothesis
testing was completed using the rms package (Harrell, 2024). Using n/15 or n/20 observations per regression
coefficient as a guide, we found degrees of freedom in our starting model, indexed to the smaller control
group, to be N=25,332, yielding 25,332/20 = 1,266 degrees of freedom.

Table D.1
Aim 1 Variables for model
Type Covariate Sources
Demographics Age Self-reported “Basics” survey responses at
Sex at birth enrollment
Race
Ethnicity EMR
Acquired Education (highest level completed) Self-reported “Basics” survey responses
demographics/SDH

SARS-CoV-2 Variant | The calendar period between the starts Self-report of symptoms on the COPE surveys
of major variants of concern in which
the first infection occurred. EMR condition and measurement codes

(SNOMED, OMOP, and ICD-10 vocabularies).
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Pre-infection health
and symptoms

Pre-infection total number of long
COVID symptom categories with at
least one incidence*

Self-Reported mental health and
cognition

Self-Reported ability to perform
physically-demanding daily activities

Self-Reported social role performance
and satisfaction (composite score
summing two ordinal items, values
2(~excellent)-10(~very poor)

Self-reported “Overall Health” survey responses
at enrollment

EMR condition codes (SNOMED, OMOP, and
ICD-10 vocabularies).

Pre-infection daily
Functioning

Pre-infection total number of
occupational therapy codes™

Incidences of at least one pre-infection
functional performance finding
diagnostic codes*, collapsed into three
levels.

EMR condition and procedure codes
(SNOMED, OMOP, and ICD-10 vocabularies).

Note. * = Entered in EMR between January 1, 2020 and four weeks before first infection date.

Initial full model




initial full <- rms::1lrm(sx_notebook group == "case" ~

variant +

rcs(age,7) +

sex_at_birth +
race +

ethnicity +

Highest_grade_completed +

rcs(pre_infection _sx total,4) +

rcs(cpt_total_precovid,5) +
pre_functional performance_dx_factor +
social scale +
Rate_your_mental_health +
Can_you_complete_daily activities +
rcs(age,7):Can_you_complete_daily activities +
rcs(age,7):Rate_your_mental health +
rcs(age,7):pre_functional_performance_dx_factor,
data = temp3, y=TRUE, x=TRUE)

Structured model tests of complexity

We tested the initial full model against simplified models with reduced spline knots. The best fitting
spline structures were seven for age, four for pre-infection number of symptoms, and six for pre-infection

number of CPT billing units.

Table D.2

Aim 1 continuous variable spline reductions:
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Model LR R2 C-index/ | ABIC Decision
AUC
Initial full 25467.72 0.439 0.846 -- --
(reference)
Age knot reductions
Age 6 knots | 25457.67 0.438 0.846 121.50 The R2 value for the reduced fit
is 0.006 lower than the initial
model, and the delta BIC is
significantly lower than 0(+/-10)
indicating the original model’s
BIC is the smaller of the two and
the R2 difference is
significant. Retain 4 knots for
pre_infection_sx_total.
Age 5 knots | 25435.11 0.438 0.846 230.48
Age 4 knots | 25413.74 0.438 0.846 340.66
Pre-infection total number of symptoms
Sx 3 knots | 25053.11 0.433 0.844 -9.84 The R2 value for the reduced fit

is 0.006 lower than the initial
model, and the delta BIC is




165

significantly lower than 0(+/-10)
indicating the original model’s
BIC is the smaller of the two and
the R2 difference is

significant. Retain 4 knots for
pre_infection_ sx total.

Pre-infection total number of therapy billin

units

CPT 6 knots | 25470.98

0.438

0.846

-6.75

CPT 4 knots | 25464.41

0.438

0.846

6.57

CPT 3 knots | 25463.85

0.438

0.846

16.18

The R2 values across these

models are equivalent to the
model with fewer age splines and
are 0.001 point lower than the
initial full model. The BIC delta
provides strong evidence that the
3-knot model is a better

fit. Reduce to 3 knots for cpt
total.

Spline-corrected model:

initial_full_3 <- rms::1lrm(sx_notebook_group == "case" ~

variant +
rcs(age,4) +
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +
rcs(pre_infection_sx_total,4) +
rcs(cpt_total _precovid,3) +
pre_functional performance_dx_factor +
social_scale +
Rate_your_mental_health +
Can_you_complete_daily activities +
rcs(age,4):Can_you_complete_daily activities +
rcs(age,4):Rate_your_mental health +
rcs(age,4):pre_functional performance dx_factor,
data = temp3, y=TRUE, x=TRUE)

Assumptions of linearity

There is very strong evidence that linear fits for both age and CPT code count are better fits for these
data. However, this further reduces the R2 value. We proceeded to test additivity assumptions with both.

Table D.3

Aim 1 models without spline functions:

| Model

| LR test X* [ Df R2 [p

| AUC [ABIC | Decision
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Initial full 3 | -- -- 0.438 | -- 0.846 | -- --
(reference)

Age linear | 38.89 26 0.437 | 0.049 0.845 | 224.21 There is strong evidence
that a linear function is a
better fit for age.

Symptoms | 1982.493 1979.02 | 0.409 | 2.0 0.837 | -1958.79 | Sx linear is a much

linear poorer fit.

CPT codes | 1.04 1.0 0.438 | 0.31 0.846 | 9.07 There is moderate

linear evidence that a linear
function is a better fit for
CPT codes.
Age AND | 39.98 27 0.437 | 0.05 0.845 | 233.22
CPT linear

Checking interaction terms: comparing to additive models
We started with two models that removed all interaction terms, one with all splines retained

and one model with linear fits for age and CPT counts (as indicated in linearity tests above). The second (linear

age and CPT) model with no interactions had the larger difference of the two (BIC delta 111.53 vs. 98.54)
indicating a smaller BIC and better fit to the data for the model with more linear parameters. Models with
linear fits for age and CPT units plus dropped single interaction terms were then compared to the model with
all interactions and linear fits for age and CPT codes. All were significant for better fits without the interaction
terms. The largest BIC delta was thus found for a linear fit for age and CPT count, and no interaction terms.
This is the model going forward.

Table D.4

Aim 1 testing dropped interaction terms:

Model LR R2 C-index/ | ABIC Decision
AUC
Initial full 4 25369.69 0.437 0.846 - -
(reference)
Additive only (omit all interactions)
No interaction | 25377.22 0.437 0.845 98.54
terms, all splines
retained
No interactions, | 25359.80 0.437 0.845 111.53 This BIC delta is the largest,
linear age and CPT and favors the additive model
with no interaction terms and
linear fits for both age and
CPT codes. This will be our
model going forward.
Drop age*self-rated | 25366.00 0.437 0.845 46.90
physical activity
Drop age*self-rated | 25364.92 0.437 0.845 45.81
mental health
Drop | 25368.27 0.437 0.845 18.81
age*functional
performance EMR
code
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Full model check:

Revised working model:

Initial full 5 <- rms::1lrm(sx_notebook group == "case" ~
variant +
age +
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +
rcs(pre_infection_sx_total,4) +
social_scale +
Rate_your_mental_health +
Can_you_complete_daily activities +
pre_functional performance_dx_factor +
cpt_total precovid,
data = temp3, y=TRUE, x=TRUE)

Test for main effects

# aiml_no_int_linear

An alternative model was fitted with main effects for all demographics, pre-infection total number of
symptoms, and pre-infection functional performance factor. The model with main effects had a higher R2
(0.447), BUT a BIC delta of -1170.39 giving extremely strong evidence that the main effects model is a much

poorer fit for these data. The model ‘initial full 5’ is the final model for analysis.
Final fitted model:

final_fit <- rms::lrm(sx_notebook_group == "case" ~
variant +
age +
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +
rcs(pre_infection_sx_total,4) +
social scale +
Rate_your_mental_health +
Can_you_complete daily activities +
pre_functional performance_dx_factor +
cpt_total precovid,
data = temp3, y=TRUE, x=TRUE)



Model fit checks

Residual fits on continuous variables

Figure D.1
Aim 1 residual fit of age
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Aim 1 residual fits of total number of occupational therapy CPT units billed in five years preceding

infection
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Aim 1 residual fits of total number of long COVID symptom/condition types occurring prior to infection
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Aim 1 probability of developing symptoms after infection, by age

2.2

2.04

1.4+

124

30

Table D.5

Final Model Fit Indices

Obs
FALSE
TRUE

max |deriv]|

Table D.6

60
age

65464

24809

40655

5e-09

20

Model Likelihood
Ratio Test

LR chi2 25359.80
d.f. 40

Pr(> chi2) <@.0001

Aim 1 ANOVA omnibus test of effects

Discrimination
Indexes

R2 0.437
R2(40,65464)0.321
R2(40,46221.3)0.422

Brier 0.153
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Rank Discrim.

Indexes
C 0.845
Dxy 0.691

gamma 0.691

tau-a 0.325



Model fit ANOVA

variant

age
sex_at_birth
race
ethnicity

Highest_grade_completed
pre_infection_sx_total

Nonlinear
social_scale

Rate_your_mental_health
Can_you_complete_daily_activities
pre_functional_performance_dx_factor

cpt_total_precovid
TOTAL

Chi-Square
5744.3010
182.0550
7.0171
9.3608
7.0007
10.4879
11316.3800
1950.3980
11.4296
29.2189
10.8828
46.6759
0.5775
15793.2100

d.f.

R N OOl O N WA R AR R O

N
o

0.0000
0.0000
0.0081
0.0527
0.0081
0.0330
0.0000
0.0000
0.1785
0.0000
0.0538
0.0000
0.4473
0.0000
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Appendix D. Model Fitting (cont.)

Aim 2.

Summary of final model

Probit Ordinal Regression Model

orm(formula = postcovid_functional_score ~ group + variant +
age + sex_at_birth + race + ethnicity + Highest_grade_completed +
pre_functional_performance_level + precovid_eval _cpt + rcs(pre_infection_sx_total,
3) + group:rcs(pre_infection_sx_total, 3) + group:age, data = temp2,
x = TRUE, y = TRUE, family = probit)

Frequencies of Responses

%] 1 2 3 4 5
75823 4767 2952 204 35 5
Model Likelihood Discrimination Rank Discrim.
Ratio Test Indexes Indexes
Obs 83786 LR chi2 10983.52 R2 0.227 rho 0.323
Distinct VY 6 d.f. 28 R2(28,83786) 0.123
Median Y 1 Pr(> chi2) <0.0001 R2(28,21671.4) 0.397
max |deriv| @.003 Score chi2 10503.29 [Pr(Y>=median)-0.5| ©.409

Pr(> chi2) <@.ee01
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D.1. Aim 2 Model fitting procedure

We followed model fitting processes recommended by Harrell(2001) for a main effects model using
an ordinal probit regression model for the composite outcome of post-infection functional status (OT
evaluation CPT level + EMR code for functional findings inferred level). Natural (restricted) cubic splines
were used for continuous variables, and interaction terms for age with long COVID group and approximate
baseline level of functional impairment per EMR entries of “Finding of Functional Activity and Performance”
(see Table S.A.1). Modelling and hypothesis testing was completed using the rms package.(Harrell, 2024)

1. Variables of interest

Demographics of age, sex assigned at birth, race, and ethnicity were all included, as evidence suggests
that these may moderate long COVID risk(Jacobs et al., 2023; Khullar et al., 2023; Vasilevskaya et al., 2023)
and its relationship with functional status.(Ford et al., 2023; Izaguirre et al., 2023) Education level, expressed
as “highest grade completed”, was a proxy for the impact of social determinants of health due to its
relationship with access to other health-supporting societal resources,(U.S. Department of Health and Human
Services: Office of Disease Prevention and Health Promotion, 2025) which have been found to associate with
more numerous and persistent symptoms and quality of life after infection.(Case et al., 2022; Eligulashvili et

al., 2024)
Table D.1.

Variables for model 1: Full sample post-infection functional status

Type Covariate Sources Modifier, mediator,
or confounder?

Demographics Age Self-reported “Basics”

Sex at birth survey responses at

Race enrollment

Ethnicity

EMR

Acquired Education (highest level Self-reported “Basics”
demographics/SDH completed) survey responses

SARS-CoV-2 Variant

The calendar period
between the starts of major
variants of concern in
which the first infection
occurred.

Self-report of symptoms on
the COPE surveys

EMR condition and
measurement codes
(SNOMED, OMOP, and
ICD-10 vocabularies).

Pre-infection
indicators of daily
functioning

Occupational therapy
evaluation code, level of
complexity (0 =no
evaluation, 4 = high
complexity).

Incidences of at least one
pre-infection functional
performance finding
diagnostic codes*,
collapsed into three levels
(0 = No difficulty, 1 =
Some difficulty, 2 = Severe
difficulty).

EMR condition and
procedure codes (SNOMED,
OMOP, and ICD-10
vocabularies).
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Note. * = Entered in EMR between January 1, 2020 and four weeks before first infection date.

Table S.D.2.

Variables for model 2: Cases’ post-infection functional status

Type Covariate Sources Confounder, mediator,
or moderator?
Demographics Age Self-reported “Basics” survey
Sex at birth responses at enrollment
Race
Ethnicity EMR
Acquired Education (highest level | Self-reported “Basics” survey
demographics/SDH completed) responses

SARS-CoV-2 Variant

The calendar period
between the starts of
major variants of concern
in which the first
infection occurred.

Self-report of symptoms on
the COPE surveys

EMR condition and
measurement codes
(SNOMED, OMOP, and ICD-
10 vocabularies).

Pre-infection
indicators of daily
functioning

Occupational therapy
evaluation code, level of
complexity (0 =no
evaluation, 4 = high
complexity).

Incidences of at least one
pre-infection functional
performance finding
diagnostic codes*,
collapsed into three
levels (0 = No difficulty,
1 = Some difficulty, 2 =
Severe difficulty).

EMR condition and procedure
codes (SNOMED, OMOP,
and ICD-10 vocabularies).




174

Symptoms Pre-infection number of | EMR condition and

long COVID symptoms measurement codes
(SNOMED, OMOP, and ICD-
Post-infection number of | 10 vocabularies).

long COVID symptoms

Hierarchical cluster of
symptoms

Note. * = Entered in EMR between January 1, 2020 and four weeks before first
infection date.

Aim 2 Primary demographics

Age, sex assigned at birth, race, and ethnicity were included. Older age is an independent risk factor
for SARS-CoV-2 infection, as well as severe illness which confers additional risk for long COVID.(Tana et al.,
2023) However, the evidence concerning functional status is relatively mixed for this age group. Studies on
long COVID’s effect on functioning in middle-aged adults is plentiful, but many use assessment of
employment status,(Jaywant et al., 2024) absenteeism, or sick leave,(Nielsen et al., 2022) precluding inclusion
of older adults. An analysis of the Household Pulse survey data counterintuitively found that prevalence of
self-reported significant activity limitations was lower in older compared to middle-aged adults,(Ford et al.,
2023) which the authors postulate may be due in part to selection bias. In hospitalized older adults, lower
baseline functional status increased the odds of post-discharge functional limitations (Izaguirre et al., 2023)
and functional limitations were associated with lower health-related quality of life.(Shanbehzadeh et al., 2023)
Female sex appears to increase risk. Most observational studies’ samples are approximately 60-70% female,
and female sex has been identified as both an independent risk factor(Jacobs et al., 2023) and interacting with
age to increase risk.(Vasilevskaya et al., 2023) Black and Hispanic respondents have been shown to have
higher burdens of SARS-CoV-2 infection and illness severity,(Mackey et al., 2021) long COVID symptoms
and conditions,(Jacobs et al., 2023; Khullar et al., 2023) and lower access to health services post-
hospitalization.(Cafas et al., 2024) This reiterates the need for higher inclusion of people of color in COVID-
19 clinical research overall.(Gilmore-Bykovskyi et al., 2021) The evidence suggests that these demographics
all may moderate long COVID risk, thus we have included them in our model.

Aim 2 Detailed iterative model fitting

Initial full model

The general approach was to fit a complex model and test reductions systematically. The first model
fitted age with 5-knot restricted (natural) cubic splines to allow for non-linear effects, and a less-flexible fit for
pre-infection symptom totals due to the small range of values in this variable (0-23). Interaction terms were
included for group (case vs. control) with variables we found were related to development of long COVID
symptoms in a previous analysis. These were: number of pre-infection incidences of long COVID
symptoms/conditions, and age (also fitted with a 5-knot spline function, as above). An interaction term was
also included for group with race as a potential modifier of group membership, based on the above literature
review’s findings of increased prevalence and risk for long COVID among some racial groups.

Starting model:

initial full <- orm(postcovid_functional score ~
group +
variant +
rcs(age, 5)+
sex_at_birth +
race +
ethnicity +
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Highest_grade completed +
pre_functional_performance_level +
precovid eval cpt +
pre_infection_sx_total +
group:pre_infection_sx_total +
group:rcs(age,5) +
group:race,

data = temp2, y=TRUE, x=TRUE, family=probit)

S.D.3. Structured model tests of complexity

The initial (full) model was then against models with reduced or increased spline knots and linear fits
for age and pre-infection symptom incidences. The Bayesian Information Criterion (BIC) was chosen as the
estimator of error, computed consistently following the convention “starting model — revised model” with the
effective sample size given by:

N - /N2 * (n12 + n22 + n33... nk®)
With n ~ number of people in each category of the Y outcome variable functional impairment score. For this
sample, this is
83786 - 1/83786"2 * (7582313 + 476773 + 27073 + 3073 + 145"3 + 323 + 5"\3)

=21,672
Continuous variable spline reductions:
Model R2 LRX2 |df |p A BIC Decision
Initial full 0.218
Age knot changes and linearity
Age 4 knots | 0.218 14.7537 | Superior to starting model
Age 6 knots | 0.218 -15.0069 | Inferior to starting model.

There is sufficient evidence that age has a
non-linear relationship to functional
impairment scores, and that a 4-knot
spline function is the optimal fit for these
data. Reduce the number of age spine
knots to 4.

Age linear | 0.217 | 43.1439 | 6.0 | 1.092396e-07 16.7588 | There is very strong evidence that age has
a linear relationship with decreasing
functional status. The reduction in R2
value is relatively small. Compare 4-
knot model with linear model for age.

Age 4 knots - 37930 | 4.0 | 1.158426e-07 | 2.0051 There is strong evidence that the linear fit
Age linear for age is better than the 4-knot fit for
age. Retain a linear fit for age.

Total number of symptoms: splines versus linearity (starting model)

Sx 3 knots | 0.218 | 57.478 |2 3.301803e-13 37.5105 | Superior to initial model

Sx 4 knots | 0.219 | 71.982 | 4 8.881784e-15 31.9836 | Superior to initial model

Sx 5 knots | 0.219 | 83.294 | 6 7.771561e-16 | 23.3878 | Superior to initial model. There is very
strong evidence that all spline fits for pre-
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infection symptoms are superior to the
linear fit for symptoms. A 4-knot spline
function shows the best balance between
higher R2 and lower BIC. Retain 4 knot
spline for pre-infection symptom total.

Updated working model:

Initial full3 <- orm(postcovid functional score ~
group +

variant +

age+
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +

pre_functional performance_level +

precovid_eval cpt +

rcs(pre_infection_sx_total,4) +
group:rcs(pre_infection_sx_total,4) +
group:age +
group:race,

data = temp2, y=TRUE, x=TRUE, family=probit)

Interaction terms vs. additive fits: Checking fit of interaction terms

Testing dropped interaction terms:

Model

R2

A BIC

Decision

Initial full, 4 knots for
pre-infection sx, linear
fit for age

0.219

Removal of interaction terms singly

A) No interactions | 0.217 | -26.3249 | Inferior to reference model
B) Drop group:pre- | 0.217 | -41.3902 | Inferior to reference model
infection sx
C) Drop group:age | 0.218 | -17.8004 | Inferior to reference model
D) Drop group:race | 0.219 | 39.3950 Superior to reference model.
E) Keep group:sx only | 0.218 | 21.0484 Superior to reference model
F) Keep group:age | 0.217 | -2.0660 Inferior to reference model
only
G) Keep group:race | 0.217 | -62.2329 | Inferior to reference model. Compare the two superior models,
only D and E.
D-E -18.3467 Retain model D, interaction terms for group:pre-infection

symptoms and group:age. Remove interaction term for
group:race.

Updated working model:
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initial full4 <- orm(postcovid_functional score ~
group +
variant +
age+
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +
pre_functional_performance_level +
precovid_eval cpt +
rcs(pre_infection_sx_total,4) +
group:rcs(pre_infection_sx_total,4) +

group:age,

data = temp2, y=TRUE, x=TRUE, family=probit)

Test for main effects

ANOVA Ominbus test for main effects

Chi squared df
group (Factor+Higher Order Factors) 391.0134148 5 0.00000
All Interactions 103.1507891 4 0.00000
variant 591.843768 5 0.00000
age (Factor+Higher Order Factors) 665.7164734 2 0.00000
All Interactions 27.7132192 1 0.00000
sex_at_birth 49.7932121 1 0.00000
race 144.84467 4 | 0.00000
ethnicity 0.4560198 1 0.49949
Highest_grade_completed 104.2958233 4 | 0.00000
pre_functional performance level 3435.861828 2 0.00000
precovid eval cpt 135.9875407 4 0.00000
pre_infection_sx_total (Factor+Higher Order Factors) 441.0799817 6 0.00000
All Interactions 70.6259405 3 0.00000
Nonlinear (Factor+Higher Order Factors) 70.2685761 4 0.00000
group * pre_infection_sx_total (Factor+Higher Order Factors) 70.6259405 3 0.00000
Nonlinear 69.7063713 2 0.00000
Nonlinear Interaction : f(A,B) vs. AB 69.7063713 2 0.00000
group * age (Factor+Higher Order Factors) 27.7132192 1 0.00000
TOTAL NONLINEAR 70.2685761 4 | 0.00000
TOTAL INTERACTION 103.1507891 4 | 0.00000
TOTAL NONLINEAR + INTERACTION 104.4265401 6 0.00000
TOTAL 9217.414313 | 30 0.00000
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Importance of single predictors in the full model

X
ethnicity  |® 0.5 0.499
sex_at_birth . 49.8 0.000
Highest_grade_completed . 104.3 0.000
precovid_eval_cpt . 136.0 0.000
race - 144.8 0.000
group . 391.0 0.000
pre_infection_sx_total . 441.1 0.000
variant - 591.8 0.000Q
age . 665.7 0.000
pre_functional_performance_level . 3435.9 0.000

0 1000 2500
X’ — df

Caption: Computed by partial Wald X2 minus the predictor degrees of freedom Wald X2 values, including
contributions from all higher-order effects.

Alternative Aim 2 models with main effects were then fitted for the five largest contributors from this
omnibus test: Pre-infection functional performance level, age, variant at first infection, pre-infection symptom
total, and group (case vs. control).

Model R2 A BIC Decision

Model D, 4 knots for 0.219
pre-infection sx, linear
fit for age

Main effects models compared to working model

ME disease, | 0.221 -320.7993 | Inferior to prior model, too much noise.
demographics, and
pre-infection
functioning

Demographic main | 0.219 | -0.2589 Very slightly not as good
effects

Disease and pre- | 0.221 | -89.7853 Inferior to prior model
infection sx main
effects
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Pre-infection

functional status

0.219

-64.1966

Inferior to prior model.

As groups, demographic, disease/pre-infection symptom, and pre-
infection functional status did not show main effects in these data.
Retain the current model.

3. Check model assumptions

Residual plots vs. fitted values and individual predictors
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Aim 2 Ordinal structure of the outcome “postcovid_functional score”

The assumption of ordinality was compared for three different link functions: a proportional odds
model (logit link function), probit ordinal model (probit link function) and a cumulative odds model (log-log
link function) (Table S.D.3.a, Figure S.D.3.c. The logit structure exhibited non-parallelism with multiple
crossing slopes. The probit model exhibited a parallel ordinal structure in the lower values discontinuously
with the upper values, treating the middle value (4) as centroid. The clog-log linking function exhibited a
parallel structure, but large distances between low levels and diminishing distances between higher levels.

Ordinal factor level slopes for logit, probit, and c-log-log link functions

Link function

Level of impairment

Slope

logit

2

-4.44




logit 3 -4.67
logit 4 -2.56
logit 5 -3.02
logit 6 -4.02
logit 7 -5.6
probit 2 -2.55
probit 3 -2.36
probit 4 -0.99
probit 5 -1.06
probit 6 -1.22
probit 7 -1.47
cloglog 2 -2.38
cloglog 3 -1.8
cloglog 4 -0.59
cloglog 5 -0.59
cloglog 6 -0.6
cloglog 7 -0.65

Proportional odds and parallelism assumptions

180
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4. Aim 2 assumptions are not met, consider modifications:

Sources of non-parallelism of Y were explored by running Pearson’s R correlations on scored levels of
the two component variables (eval CPT level and functional diagnostic code level). This revealed that there
were very low correlations between the eval CPT score and the computed Y score. The levels of eval CPT
were then expanded, which showed low frequency and high variance for the Re-evaluation code as its own
level (between low and moderate complexity). In clinical usage, this code is used when a patient with an
established OT plan of care has a change in medical status that is suspected to increase risk for decreased
functional status. It is never used to determine whether a patient is improving — this is done as part of
treatment, not evaluation. This was thus collapsed it into the moderate complexity level to cover variance in
patients who moved from either low to moderate or from moderate to high. This resulted in higher correlations
amongst the component and calculated Y variables (Figure S.D.E.).



Y component correlations with different scores for Re-evaluation
Approach 1: Re-eval as level 2 (between low and moderate complexity)
function eval cpt Y{function + eval cpt)

functional_performance_score 1 0.06272065 0.8595293
postcovid_eval_cpt_score 0.06272065 1 0.5639905
postcovid_functional_score 0.85962926 0.5639905 1

Approach 2: Re-eval collapsed with moderate complexity eval
function eval cpt Y{function + eval cpt)

functional_performance_score 1 0.08691601 0.9331793
postcovid_eval_cpt_score 008691601 1 0.3964496
postcovid_functional_score 093317932 0.39644956 1

Plot of Pearson's R correlations for the components of .
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Aim 2 Corrections: Steps above were repeated with revised eval CPT scoring.

Revised continuous variable spline reductions:

Model R2 LRX2 |[df |p A BIC Decision

Initial full 0.227

Age knot changes and linearity

Age 4 knots | 0.227 14.630 Superior to starting model

Age 6 knots | 0.227 -14.800 | Inferior to starting model

Age linear | 0.226 | 43.8 6.0 | 8.010116e-08 16.079 There is very strong evidence that age has
a linear relationship with decreasing
functional status. The reduction in R2
value is relatively small. Compare 4-
knot model with linear model for age.

Age 4 knots - 38.49 4.0 | 8.891920e-08 1.448 There is strong evidence that the linear fit
Age linear for age is slightly better than the 4-knot fit
for age. Retain a linear fit for age.

Total number of symptoms: splines versus linearity (starting model), compared to linear fit for age.

Sx 3 knots | 0.277 | 60.65 2 6.750156e-14 | 40.685 Superior to initial model

Sx 4 knots | 0.227 | 74.59 4 2.442491e-15 34.653 Superior to initial model

Sx 5 knots | 0.227 | 85.61 6 2.220446e-16 | 25.709 Superior to initial model. There is very
strong evidence that all spline fits for pre-
infection symptoms are superior to the
linear fit for symptoms. A 4-knot spline
function shows the best balance between
higher R2 and lower BIC. Retain 3 knot
spline for pre-infection symptom total.

Updated working model:

aim2_sx3 <- orm(postcovid_functional_score ~
group +
variant +
age+
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +
pre_functional performance_level +
precovid eval cpt +
rcs(pre_infection_sx_ total,3) +
group:rcs(pre_infection_sx total,3) +
group:age +
group:race,

data = temp2, y=TRUE, x=TRUE, family=probit)



Interaction terms vs. additive fits: Checking fit of interaction terms

Testing dropped interaction terms:

184

Model R2 LRX2 |df |p A BIC Decision
Working model: 3 0.227
knots for pre-infection
sx, linear fit for age
Removal of interaction terms singly
A) No interactions | 0.225 | 95.09 7 0.00000 -25.199 Inferior to reference model
B) Drop group:pre- | 0.226 | 60.38 2 7.738254e-14 | -40.413 Inferior to reference model
infection sx
C) Drop group:age | 0.226 | 27.28 1 1.757541e-07 | -17.299 Inferior to reference model
D) Drop group:race | 0.227 | 0.61 4 0.9621039 39.327 Superior to reference model.
E) Keep group:sx only | 0.226 | 28.75 5 2.599843e-05 | 21.173 Superior to reference model
F) Keep group:age | 0.226 | 60.93 6 2.919043e-11 | -1.023 Inferior to reference model
only
G) Keep group:race | 0.225 | 93.94 3 0.00000 -63.939 Inferior to reference model.
only Compare the two superior
models, D and E.
D-E 28.14 1 1.129663e-07 | -18.15 Retain model D, interaction

terms for group:pre-infection
symptoms and group:age.
Remove interaction term for
group:race.

Updated working model:

initial full4 <- orm(postcovid_functional_score ~
group +

variant +

age+
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +

pre_functional_performance_level +

precovid eval cpt +
rcs(pre_infection_sx_total,3) +
group:rcs(pre_infection_sx_total,3) +
group:age,
data = temp2, y=TRUE, x=TRUE, family=probit)

Tests for main effects

Table. ANOVA for omnibus test of main effects:




group (Factor+Higher Order Factors)

All Interactions

variant

age (Factor+Higher Order Factors)

All Interactions

sex_at_birth

race

ethnicity

Highest_grade_completed
pre_functional_performance_level
precovid_eval_cpt

pre_infection_sx_total (Factor+Higher Order Factors)
All Interactions

Nonlinear (Factor+Higher Order Factors)
group * pre_infection_sx_total (Factor+Higher Order Factors)
Nonlinear

Nonlinear Interaction : f(A,B) vs. AB

group * age (Factor+Higher Order Factors)
TOTALNONLINEAR

TOTALINTERACTION

TOTALNONLINEAR + INTERACTION

TOTAL

Figure. Importance of single predictors in the full model

Chi-Square d.f. P

387.1959022
91.4111135
602.8423192
655.5834171
27.5188613
49.7071047
139.6198776
0.4647575
102.4576338
3610.444541
125.2557289
440.9543006
59.1378487
58.6603361
59.1378487
58.0444781
58.0444781
27.5188613
58.6603361
91.4111135
92.7698488
9401.654956

B OMNRPRRPRPPALRNMNNMMNMAEAEDMNMMMRLRAERLRRLRDNDOOWD

N
(o]
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0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.49541
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
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X
ethnicity  |e 0.5 0.495
sex_at_birth . 49.7 0.000
Highest_grade completed . 102.5 0.000
precovid_eval_cpt L] 125.3 0.000
race . 139.6 0.000
group bd 387.2 0.000
pre_infection_sx_total . 441.0 0.000
variant L] 602.8 0.000
age . 655.6 0.000
pre_functional_performance_level . 36104 0.000

T T 1 T
0 1000 3000

X’ — df

Computed by partial Wald X2 minus the predictor degrees of freedom Wald X2 values, including
contributions from all higher-order effects.

Alternative models with main effects were fitted for the five largest contributors from this omnibus
test: Pre-infection functional performance level, age, variant at first infection, pre-infection symptom total, and
group (case vs. control). We found no evidence for main effects for groupings of similar variables, so
proceeded to model assumption tests with initial_full4 (model D).

Model R2 A BIC Decision

Model D, 3 knots for 0.229
pre-infection sx, linear
fit for age

Main effects models compared to working model

Demographic main | 0.227 | -0.0599 Slightly inferior to reference model
effects

Disease and pre- | 0.229 | -46.546 Inferior to reference model
infection sx main

effects
Pre-infection | 0.227 | -64.979 Inferior to reference model. Test model assumptions on model
functional status D.

3. Check model assumptions

Residual plots vs. fitted values and individual predictors
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Ordinal structure of the outcome “postcovid_functional score”

We explored the outcome variable fitted as a proportional odds model (logit link function), probit
ordinal model (probit link function) and a cumulative odds model (log-log link function) by comparing the
slope at each ordinal level (Table S.D.#, Figure S.D.#). The logit structure again exhibited non-parallelism.
The probit model exhibited a parallel ordinal structure for all but the highest level of severity. The clog-log
linking function exhibited a parallel structure, again with large distances between low levels, and diminishing
distances plus some overlap between higher levels.
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Ordinal factor level slopes for logit, probit, and c-log-log link functions

Link function Level of impairment | Slope

logit 2 -4.48
logit 3 -4.72
logit 4 -3.27
logit 5 -3.85
logit 6 -5.68
probit 2 -2.57
probit 3 -2.39
probit 4 -1.19
probit 5 -1.17
probit 6 -1.49
cloglog 2 -2.42
cloglog 3 -1.82
cloglog 4 -0.68
cloglog 5 -0.58
cloglog 6 -0.66

Figure S.D.D. Proportional odds and parallelism assumptions
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Compared to the previous model, this second Aim 2 model with recalculated outcome levels has a
higher R2, improved metrics of parallelism, and a slightly higher omnibus X2 value for main effects. We note
that parallelism continues to be elusive for some levels of the outcome. The trend in middle levels towards 0
may be an indicator of noise in the middle level of either contributing variable — the eval CPT with both
moderate and re-evaluation complexity codes, and the functional status finding with a wide potential range of
actual daily activity impairment which we cannot disambiguate from the available data. This is an important
consideration in the use of EMR-based proxy indicators - it gets us in the neighborhood, but not to a precise
address. Additional attempts to improve the model’s fit to these data could include transformations of the
outcome for constant variance, or fitting more specific models for non-constant variance. These were not
attempted. This was adopted as the final model as the best-fitting attempt.

Aim 2 Final Model Fit Indices
Probit Ordinal Regression Model

orm(formula = postcovid_functional_score ~ group + variant +
age + sex_at_birth + race + ethnicity + Highest_grade_completed +
pre_functional_performance_level + precovid_eval_cpt + rcs(pre_infection_sx_total,
3) + group:rcs(pre_infection_sx_total, 3) + group:age, data = temp2,
x = TRUE, y = TRUE, family = probit)

Frequencies of Responses
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Model Likelihood Discrimination

Ratio Test Indexes
Obs 83786 LR chi2 10983.52 R2 0.227 rho
Distinct Y 6 d.f. 28 R2(28,83786) 0.123
Median Y 1 Pr(> chi2) <@.0001 R2(28,21671.4) 0.397
max |deriv| 0.003 Score chi2 10503.29 |Pr(Y>=median)-0.5| 0.409
Pr(> chi2) <0.0001
Aim 2 Final model omnibus test: ANOVA
Table. ANOVA for omnibus test of main effects:
Chi-Square

group (Factor+Higher Order Factors) 387.1959022
All Interactions 91.4111135
variant 602.8423192
age (Factor+Higher Order Factors) 655.5834171
All Interactions 27.5188613
sex_at_birth 49.7071047
race 139.6198776
ethnicity 0.4647575
Highest_grade_completed 102.4576338
pre_functional_performance_level 3610.444541

precovid_eval_cpt

pre_infection_sx_total (Factor+Higher Order Factors)
All Interactions

Nonlinear (Factor+Higher Order Factors)

group * pre_infection_sx_total (Factor+Higher Order Factors)
Nonlinear

Nonlinear Interaction : f(A,B) vs. AB

group * age (Factor+Higher Order Factors)
TOTALNONLINEAR

TOTALINTERACTION

TOTALNONLINEAR + INTERACTION

TOTAL

Figure. Importance of single predictors in the full model

125.2557289
440.9543006
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58.6603361
91.4111135
92.7698488
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Appendix D. Model fitting notes (cont.)

Aim 3.

Summary of final model:
Probit Ordinal Regression Model

orm(formula = postcovid_functional_score ~ group + variant +

age + sex_at_birth + race + ethnicity + Highest_grade_completed +
pre_functional_performance_level + precovid_eval cpt + pre_infection_sx_total +
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age:group + age:pre_infection_sx_total, data TRUE,
y = TRUE, family = probit)
Frequencies of Responses
0 1 2 3 4
75823 4767 2952 204 40
Model Likelihood Discrimination Rank Discrim.
Ratio Test Indexes Indexes
Obs 83786 LR chi2 10936.75 R2 0.226 rho 0.322
Distinct Y 5  d.f. 26 R2(26,83786) 0.122
Median Y 1 Pr(> chi2) <0.0001 R2(26,21671.4) 0.396
max |deriv| @.01 Score chi2 10441.16 [Pr(Y>=median)-0.5| ©.409
Table S.C.3. ANOVA Ominbus test for main effects
Chi-Square d.f. P
group (Factor+Higher Order Factors) 353.3241362 2 0.00E+00
All Interactions 16.027218 1 6.24E-05
variant 596.6582331 5 0.00E+00
age (Factor+Higher Order Factors) 675.6251241 3 0.00E+00
All Interactions 50.3965182 2 1.14E-11
sex_at_birth 49.7459816 1 1.75E-12
race 140.8009372 4 0.00E+00
ethnicity 0.3484231 1 5.55E-01
Highest_grade_completed 101.5273826 4 0.00E+00
pre_functional performance_level 3637.874228 2 0.00E+00
precovid_eval_cpt 126.337028 4 0.00E+00
pre_infection_sx_total (Factor+Higher Order Factors) 395.5065605 2 0.00E+00
All Interactions 17.317028 1 3.16E-05
group * age (Factor+Higher Order Factors) 16.027218 1 6.24E-05
age * pre_infection_sx_total (Factor+Higher Order
Factors) 17.317028 1 3.16E-05
TOTAL INTERACTION 50.3965182 2 1.14E-11
TOTAL 9396.457913 26 0.00E+00
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Figure S.C.1. Importance of single predictors in the full model

XE
ethnicity  |e 0.3 0.571
sex_at_birth . 49.2 0.000
Highest_grade_completed . 100.0 0.000
precovid_eval_cpt . 126.3 0.00C0
race . 139.7 0.000
group - 354.1 0.000
pre_infection_sx_total . 373.9 0.000
variant . 593.9 0.000
age . 685.5 0.000
pre_functional_performance_level . 3656.3 0.000

T T T 1

0 1000 3000
x* - df

Computed by partial Wald X2 minus the predictor degrees of freedom Wald X2 values, including
contributions from all higher-order effects.

S.C.1. Model fitting procedure

We followed model fitting processes recommended by Harrell (2001) for a main effects model using
an ordinal probit regression for the odds of levels of post-infection functional status (OT evaluation CPT level
+ inferred level from EMR code “Finding of functional performance and activity”). We fitted two main effects
models; one among the entire sample, and one among only cases that explored symptom clusters as a
covariate). The first was fitted with natural (restricted) cubic spline functions for continuous variables, and
interaction terms for age with long covid status, pre-infection functioning score, and pre-infection number of
long COVID symptoms. Modelling and hypothesis testing was completed using the R package rms (Harrell,
2024). For use of the Bayesian Information Criterion in model fitting, the effective sample size given by:

N - 1/N? * (n12 + n2% + n33... nk3),
with n ~ number of people in each category of the Y outcome variable functional impairment score. For this
sample, this is
83786 - 1/83786"2 * (7582373 + 47673 + 29523 + 2043 + 40"3)
=21,671

1. Variables of interest
Aim 3 Variables for model 1: Full sample post-infection functional status

Type Covariate Sources Modifier, mediator,
or confounder?

Demographics Age Self-reported “Basics”
Sex at birth survey responses at
Race enrollment
Ethnicity

EMR
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Acquired
demographics/SDH

Education (highest level
completed)

Self-reported “Basics”
survey responses

SARS-CoV-2 Variant

The calendar period
between the starts of major
variants of concern in
which the first infection
occurred.

Self-report of symptoms on
the COPE surveys

EMR condition and
measurement codes
(SNOMED, OMOP, and
ICD-10 vocabularies).

Pre-infection
indicators of daily
functioning

Occupational therapy
evaluation code, level of
complexity (0 =no
evaluation, 4 = high
complexity).

Incidences of at least one
pre-infection functional
performance finding
diagnostic codes*,
collapsed into three levels
(0 =No difficulty, 1 =
Some difficulty, 2 = Severe
difficulty).

Pre-COVID functional
performance score (sum of
above tow variables,
analogous score to the
outcome variable)

EMR condition and
procedure codes (SNOMED,
OMOP, and ICD-10
vocabularies).

Note. * = Entered in EMR between January 1, 2020 and four weeks before first infection date.

Covariate variables for model 2: Cases’ post-infection functional status

demographics/SDH

completed)

résponses

Type Covariate Sources Confounder, mediator,
or moderator?
Demographics Age Self-reported “Basics” survey
Sex at birth responses at enrollment
Race
Ethnicity EMR
Acquired Education (highest level | Self-reported “Basics” survey
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SARS-CoV-2 Variant

The calendar period
between the starts of
major variants of concern
in which the first
infection occurred.

Self-report of symptoms on
the COPE surveys

EMR condition and
measurement codes
(SNOMED, OMOP, and ICD-
10 vocabularies).

Pre-infection
indicators of daily
functioning

Occupational therapy
evaluation code, level of
complexity (0 =no
evaluation, 4 = high
complexity).

Incidences of at least one
pre-infection functional
performance finding
diagnostic codes*,
collapsed into three
levels (0 = No difficulty,
1 = Some difficulty, 2 =
Severe difficulty).

Pre-COVID functional
performance score (sum
of above tow variables,
analogous score to the
outcome variable)

EMR condition and procedure
codes (SNOMED, OMOP,
and ICD-10 vocabularies).

Symptoms

Pre-infection number of
long COVID symptoms

Post-infection number of
long COVID symptoms

Hierarchical cluster of
symptoms

EMR condition and
measurement codes
(SNOMED, OMOP, and ICD-
10 vocabularies).

Note. * = Entered in EMR between January 1, 2020 and four weeks before first

infection date.

Primary demographics

Included were age, sex assigned at birth, race, and ethnicity. Older age is an independent risk factor
for SARS-CoV-2 infection, as well as severe illness which confers additional risk for long COVID (Tana et al.,
2023). However, the evidence concerning functional status is relatively mixed for this age group. Studies on

long COVID’s effect on functioning in middle-aged adults is plentiful, but many use assessment of
employment status (Jaywant et al., 2024), absenteeism, or sick leave (Nielsen et al., 2022), precluding
inclusion of older adults. An analysis of the Household Pulse survey data counterintuitively found that

prevalence of self-reported significant activity limitations was lower in older compared to middle-aged adults

(Ford et al., 2023), which the authors postulate may be due in part to selection bias. In hospitalized older

adults, lower baseline functional status increased the odds of post-discharge functional limitations (Izaguirre et
al., 2023) and functional limitations were associated with lower health-related quality of life (Shanbehzadeh et
al., 2023). Female sex appears to increase risk. Most observational studies’ samples are approximately 60-70%
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female, and female sex has been identified as both an independent risk factor (Jacobs et al., 2023) and
interacting with age to increase risk (Vasilevskaya et al., 2023). Black and Hispanic respondents have been
shown to have higher burdens of SARS-CoV-2 infection and illness severity (Mackey et al., 2021), long
COVID symptoms and conditions (Jacobs et al., 2023; Khullar et al., 2023), and lower access to health
services post-hospitalization (Cafas et al., 2024). This reierates the need for higher inclusion of people of color
in COVID-19 clinical research overall (Gilmore-Bykovskyi et al., 2021). The evidence suggests that these
demographics all may moderate long COVID risk, thus we have included them in our model.

Upon running X2 analyses on all variables in the model, correlation matrices on the functional
variables, and the initial full model on all variables, there were nine warnings for sparse diagonal matrices. By
process of single-variable elimination, the pre-covid functional performance score was accountable for these
errors. This summed score was removed but its component variables were retained (OT evaluation CPT codes
and approximate functional level). Finally the highest levels of impairment in the outcome variable were
collapsed into one due to the highest level of impairment having only 5 individuals.

Aim 3 Model fitting process

Initial full model

We began with a model fitting age with 5-knot restricted (natural) cubic splines to allow for non-linear effects,
and a less-flexible fit for pre-infection symptom totals due to the small range of values in this variable (0-23).
We included interaction terms for age with variables we found were related to development of long COVID
symptoms in a previous analysis. These were: long COVID status, pre-infection functional performance level
(computed as the outcome but prior to infection) and the number of pre-infection incidences of long COVID
symptoms/conditions. We also included an interaction term for group with race as a potential modifier of
group membership per prior literature findings of increased prevalence and risk for long COVID among some
racial groups.

Starting model:
initial_full <- orm(postcovid_functional_score ~
group +
variant +
rcs(age, 6)+
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +
precovid_functional_score +
pre_infection_sx_total +
rcs(age, 6):group +
rcs(age, 6):precovid functional score +
rcs(age, 6):pre_infection_sx_ total,
data = temp2, y=TRUE, x=TRUE, family=probit)

Structured model tests of complexity

We tested the initial full model against models with reduced or increased spline knots and linear fits
for age and pre-infection symptom incidences. Because we had a lower number of covariates and larger sample
size for this analysis, we computed both Akaike and Baysian Information Criteria (AIC and BIC, resp) as
estimators of error, prioritizing the BIC for decisions at the above-computed effective sample size of 21,671.
All deltas were computed following the convention “starting model fit — revised model fit”; negative delta
values indicated that the starting fit was favorable, and positive values that the revised fit was favorable.

Continuous variable spline reductions:
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Model R2 LR df p A BIC AAIC Decision (per BIC)
X2
Initial full | 0.227 0 0 Working model
Age 6
knots
Age knot reductions and linearity
Age5 | 0.227 | 5.36 5 0.3728922 44.553 4.635 Superior to BIC to 6-knot
knots fit, non-significant
Age4 | 0.227 | 20.57 | 10 0.02431437 79.269 -0.568 Superior BIC to 6-knot fit,
knots non-significant
Age linear | 0.226 | 57.05 | 20 2.018505e-05 | 142.627 | -17.048 | Superior BIC to 6-knot fit,

reduced R2 by 0.001.
Because age is an
important variable in the
present analysis, I will
absorb the loss of R2
predictive value to give it
more flexibility. Retain a
linear fit for age.

Total number of symptoms: splines versus linearity (starting model)

Sx 3 knots | 0.228 | 4.50 6 0.6087582 -55.40 -7.50 Inferior to linear fit
Sx 4 knots | 0.228 | 10.84 | 12 0.5429363 -108.97 -13.16 Inferior to linear fit
Sx 5 knots | 0.228 | 22.69 | 18 0.2027991 -157.02 -13.31 Inferior to linear fit. Retain

linear fit for pre-infection
symptoms.

Updated working model:
Intial_full2 <- orm(postcovid_functional_score ~

Interaction terms vs. additive fits: Checking fit of interaction terms

group +
variant +

age+

sex_at_birth +

race +
ethnicity +

Highest_grade_completed +
pre_functional performance level +

precovid eval cpt +
pre_infection_sx_total +

age:group +

age:pre_functional_performance_level +
age:pre_infection_sx_total,
data = temp2, y=TRUE, x=TRUE, family=probit)




Table S.C.5. Testing dropped interaction terms:
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Model R2 A BIC A AIC Decision
Initial full2 0.226 0 0 Working model
Removal or inclusion of interaction terms singly
A) No interactions | 0.225 | 64.02 4.00 | 4.131140e-13 | -24.09 -56.02 Inferior to
working model
B) Drop age:group | 0.226 | 1.81 10.00 | 2.082877e-05 | -8.13 -16.11 Inferior to
working model
C) Drop age:prior | 0.226 | 12.58 2.00 | 0.00185652 7.39 -8.59 Slightly better
functioning than working
model
D) Drop age:prior | 0.226 | 5.72 1.00 | 0.01678475 4.26 -3.72 Slightly better
symptoms than working
model, non-
significant
E) Keep only | 0.223 | 181.14 | 4.00 | 0.0000 -141.21 -173.14 | Inferior to
age:group working model
F) Keep only | NA NA NA NA -180.34 -180.34 | Inferior to
age:prior working model
funcitoning
G) Keep only | NA NA NA NA -142.60 -174.54 | Inferior to
age:prior working model.
symptoms There is strong

evidence that
interactions
between age and
group & prior
symptoms are
appropriate to
include in this
model. Remove
age:prior
functioning
interaction.

Note: NA for non-
nested models

Updated working model:

Initial full3 <- orm(postcovid functional score ~
group +
variant +
age+
sex_at_birth +
race +
ethnicity +
Highest_grade_completed +
pre_functional performance level +
precovid eval cpt +



pre_infection_sx_total +
age:group +

age:pre_infection_sx_total,

data = temp2, y=TRUE, x=TRUE, family=probit)

Test for main effects

ANOVA Ominbus test for main effects
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Chi-Square df.

group (Factor+Higher Order Factors) 353.3241362 2 0.00E+00

All Interactions 16.027218 1 6.24E-05
variant 596.6582331 5 0.00E+00
age (Factor+Higher Order Factors) 675.6251241 3 0.00E+00

All Interactions 50.3965182 2 1.14E-11
sex_at_birth 49.7459816 1 1.75E-12
race 140.8009372 4 0.00E+00
ethnicity 0.3484231 1 5.55E-01
Highest_grade_completed 101.5273826 4 0.00E+00
pre_functional_performance_level 3637.874228 2 0.00E+00
precovid_eval _cpt 126.337028 4 0.00E+00
pre_infection_sx_total (Factor+Higher Order Factors) 395.5065605 2 0.00E+00
All Interactions 17.317028 1 3.16E-05
group * age (Factor+Higher Order Factors) 16.027218 1 6.24E-05
age * pre_infection_sx_total (Factor+Higher Order
Factors) 17.317028 1 3.16E-05
TOTAL INTERACTION 50.3965182 2 1.14E-11
TOTAL 9396.457913 26 0.00E+00

Figure S.C.1. Importance of single predictors in the full model
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Computed by partial Wald X2 minus the predictor degrees of freedom Wald X2 values, including
contributions from all higher-order effects.

We fitted alternative models with main effects for the five largest contributors from this omnibus test:
Pre-infection functional performance level, age, variant at first infection, pre-infection symptom total, and

group (case vs. control).

Model R2 A BIC A AIC Decision
Working model 0226 |0
Main effects models:
For prior functioning | 0.223 | -144.07 -152.05
Forage | 0.223 | -144.07 -152.05
For variant | 0.226 | 0 0
For prior symptoms | 0.226 | 0 0
For long COVID | 0.226 | 0 0 We did not find evidence of a main effect as a
case/control modeling parameter. Test model assumptions
with current model.

Check model assumptions

Residual plots vs. fitted values and individual predictors

Figure S.C.2. Age

Figure S.C.3. Pre-infection symptoms
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Ordinal structure of the outcome “postcovid_functional score”

We explored the outcome variable fitted as a proportional odds model (logit link function), probit
ordinal model (probit link function) and a cumulative odds model (log-log link function) by comparing the
slope at each ordinal level using rms:poma (Table S.C.#, Figure S.C.F). The logit structure exhibited non-
parallelism with multiple crossing slopes. The probit model exhibited a grossly parallel relationship between
levels of the outcome. The clog-log linking function also exhibited a parallel structure, with large distances
between low levels and diminishing distances between higher levels. All link functions resulted in slightly
lower slopes at the highest level than the second-highest level, which may have been due to low counts in the
highest level of severity. An alternative fitting approach may be to assess unequal variances and use weighted
least squares if variances are not found to be independent and identically-distributed.

Ordinal factor level slopes for logit, probit, and c-log-log link functions

Level of Slope (compared to

Link impairment 0=no impairment)

logit 1 -4.5
logit 2 -4.78
logit 3 -3.32
logit 4 -3.92
probit 1 -2.59
probit 2 -2.42
probit 3 -1.2
probit 4 -1.19
c log-log 1 -2.44
c log-log 2 -1.84
c log-log 3 -0.68
c log-log 5 -0.59

Proportional odds cut points of covariates at each level of outcome
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Final model:

Probit Ordinal Regression Model

orm(formula =

postcovid_functional_score ~ group + variant +

age + sex_at_birth + race + ethnicity + Highest_grade_completed +
pre_functional_performance_level + precovid_eval _cpt + pre_infection_sx_total +

age:group + age:pre_infection_sx_total, data =

y = TRUE, family = probit)

Frequencies of Responses

0 1

75823 4767 2952

2 3 4
204 40

Model Likelihood

Ratio Test
Obs 83786 LR chi2 10936.75
Distinct Y 5 d.f. 26
Median Y 1 Pr(> chi2) <0.0001

max |deriv|

0.01

Score chi2 10441.16
Pr(> chi2) <0.0001

temp2, x = TRUE,
Discrimination
Indexes
R2 0.226 rho
R2(26,83786) 0.122
R2(26,21671.4) 0.396
|Pr(Y>=median)-0.5| 0.409

Rank Discrim.

Indexes
0.322
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Appendix E. Expanded results.

Figure S.E.1.
Infections over time, by long COVID group.
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abdominal
anxiety
chestpain
cough
depression
diarrhea
dizziness
dyspnea
fatigue

fever
headache
cognition
joint_pain
me_cfs
menstruation
muscle_pain
msk_chest_pain
palpitations
paraesthesia
sexual_function
rash

sleep

tachycardia

Table S.E.1.
Correlation matrix of pre-infection symptoms
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abdomina amxiety  chestpain cough depressior diarrhea  dizziness dyspnea  fatigue  fever headache cognition joint_pain me_cfs  menstruat muscle_p: msk_ches! palpitatior paraesthe: sexual_fur rash sleep
1.00 0.25 032 023 0.25 032 0.22 0.25 0.23 0.19 0.27 0.13 0.24 0.09 0.16 0.19 0.14 0.15 0.14 0.07 0.18 0.20
0.25 1.00 0.24 0.18 0.53 0.20 0.19 0.19 0.22 0.12 0.24 022 021 0.09 013 0.16 0.12 0.14 0.12 0.07 017 029
032 0.24 1.00 0.29 0.23 0.22 0.27 0.40 0.24 0.18 0.28 0.16 0.28 0.09 0.05 0.20 033 0.22 0.16 0.04 0.16 0.25
023 0.18 029 1.00 0.19 0.20 0.20 033 0.22 0.24 0.22 012 0.26 0.08 0.04 0.17 011 0.13 012 0.03 0.18 021
0.25 0.53 023 0.19 1.00 0.20 0.19 0.20 0.23 0.12 0.24 0.26 023 0.10 011 0.16 011 0.10 0.12 0.06 0.16 031
032 0.20 022 0.20 0.20 1.00 0.20 0.21 0.21 0.20 0.21 0.12 0.18 0.08 0.06 0.15 0.11 0.11 0.11 0.04 0.16 0.18
0.22 0.19 027 0.20 0.19 0.20 100 025 0.26 0.14 0.27 0.15 021 0.10 0.04 0.16 0.10 0.21 0.15 0.04 0.14 020
0.25 0.19 0.40 033 0.20 0.21 0.25 1.00 0.26 0.20 0.23 0.14 0.22 0.09 0.00 0.17 0.12 0.21 0.13 0.01 0.14 027
0.23 0.22 0.24 0.22 0.23 0.21 0.26 0.26 1.00 0.17 0.22 0.16 0.24 0.34 0.07 0.21 0.12 0.17 017 0.05 0.18 0.26
0.19 0.12 0.18 024 0.12 0.20 0.14 020 0.17 100 0.17 0.09 012 0.05 0.04 0.12 0.08 0.09 0.07 0.02 012 012
0.27 0.24 0.28 022 0.24 0.21 0.27 0.23 0.22 0.17 1.00 017 021 0.08 0.12 0.21 0.13 0.15 0.16 0.06 0.16 0.20
0.13 0.22 0.16 012 0.26 0.12 0.15 0.14 0.16 0.09 0.17 1.00 013 0.07 0.01 0.10 0.06 0.06 0.09 0.02 0.09 0.17
0.24 021 028 0.26 0.23 0.18 0.21 022 0.24 012 021 013 1.00 0.10 0.04 0.23 0.15 0.14 0.17 0.05 019 028
0.09 0.09 0.09 0.08 0.10 0.08 0.10 0.09 0.34 0.05 0.08 0.07 0.10 1.00 0.05 0.11 0.06 0.07 0.09 0.03 0.08 013
0.16 0.13 0.05 0.04 011 0.06 0.04 0.00 0.07 0.04 0.12 0.01 0.04 0.05 1.00 0.05 0.04 0.05 0.05 0.10 0.11 0.02
0.19 0.16 0.20 017 0.16 0.15 0.16 017 0.21 012 021 0.10 023 011 0.05 100 0.16 0.11 0.16 0.06 0.14 018
0.14 0.12 033 0.11 0.11 0.11 0.10 0.12 0.12 0.08 0.13 0.06 0.15 0.06 0.04 0.16 1.00 0.08 0.10 0.03 0.10 0.12
0.15 0.14 022 013 0.10 0.11 0.21 0.21 0.17 0.09 0.15 0.06 0.14 0.07 0.05 0.11 0.08 1.00 0.10 0.03 0.10 013
0.14 0.12 0.16 012 0.12 011 0.15 013 0.17 0.07 0.16 0.09 017 0.09 0.05 0.16 0.10 0.10 100 0.03 011 0.14
0.07 0.07 0.04 0.03 0.06 0.04 0.04 0.01 0.05 0.02 0.06 0.02 0.05 0.03 0.10 0.06 0.03 0.03 0.03 1.00 0.05 0.04
0.18 0.17 0.16 018 0.16 0.16 0.14 0.14 0.18 012 0.16 0.09 019 0.08 011 0.14 0.10 0.10 011 0.05 100 0.15
0.20 0.29 025 021 031 0.18 0.20 027 0.26 0.12 0.20 017 028 0.13 0.02 0.18 012 0.13 0.14 0.04 0.15 1.00
0.17 0.16 021 0.16 0.15 0.17 0.16 0.24 0.14 0.20 0.17 0.11 011 0.04 0.06 0.10 0.08 0.18 0.07 0.02 0.10 012
Table S.E.2.
Aim 1 Full adjusted odds
Contrast | Lower | Upper | Z Pr(>|z| | yhat lower | upper

Age

25

0.72

0.67

0.77

-13.49

<0.000

0.79

0.77

0.81

35

0.79

0.75

0.82

-13.49

<0.000

0.80

0.79

0.82

45

0.86

0.83

0.88

-13.49

<0.000

0.82

0.80

0.83

55

0.94

0.93

0.95

-13.49

<0.000

0.83

0.82

0.84

62

1.00

1.00

1.00

0.84

0.83

0.85

75

1.12

1.10

1.15

13.49

<0.000

0.85

0.84

0.86

85

1.23

1.18

1.28

13.49

<0.000

0.86

0.85

0.88

Race

White

1.00

1.00

1.00

0.84

0.83

0.85

Black of african
American

1.06

0.99

1.14

2.25

0.02

0.85

0.83

0.86

Asian

0.90

0.78

1.04

-1.85

0.06

0.82

0.80

0.85

Middle Eastern or
North African

1.00

0.74

1.36

0.01

0.99

0.84

0.79

0.88

More than one
population

0.98

0.81

1.18

-0.27

0.79

0.84

0.81

0.86

Sex assigned at
birth

Female or Intersex

1.00

1.00

1.00

0.84

0.83

0.85

tachycardi
017
0.16
0.21
0.16
0.15
0.a7
0.16
0.24
0.14
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Male

0.95

0.89

1.00

-2.65

0.01

0.83

0.82

0.84

Ethnicity

Not Hispanic or
Latino

1.00

1.00

1.00

0.84

0.83

0.85

Hispanic or Latino

0.85

0.72

1.00

-2.65

0.01

0.81

0.79

0.84

Variant

pre_ VOC

1.00

1.00

1.00

0.84

0.83

0.85

pre_VOC alpha be
ta

0.61

0.57

0.65

-19.54

<0.000

0.76

0.74

0.78

alpha beta_delta

0.48

0.44

0.53

-19.32

<0.000

0.72

0.69

0.74

delta

0.33

0.30

0.36

-32.74

<0.000

0.63

0.61

0.66

omicron BA1 BA
2

0.17

0.16

0.19

-50.91

<0.000

0.47

0.45

0.50

omicron BA2 BA
5

0.02

0.02

0.03

-61.11

<0.000

0.10

0.09

0.12

Approximate
functional level
based on "Finding
of Functional
Perforamance or
Activity" code

No Functional
Performance
Difficulty

1.00

1.00

1.00

0.84

0.83

0.85

Some Functional
Performance
Difficulty

0.93

0.82

1.04

-1.66

0.10

0.83

0.81

0.85

Dependent on
Others for Care

1.51

1.28

1.79

6.42

0.00

0.89

0.87

0.90

Number of long
COVID
symptoms/conditio
ns present prior to
infection
(Quartiles)

0

0.08

0.07

0.08

-82.83

<0.000

0.29

0.27

0.31

1

0.19

0.18

0.20

-91.66

<0.000

0.50

0.48

0.52

4

1.00

1.00

1.00

0.84

0.83

0.85

7

1.73

1.65

1.80

24.80

<0.000

0.90

0.89

0.91

23

34.62

2493

48.09

21.14

<0.000

0.99

0.99

1.00
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Self-rated ability
to complete

physical daily

acitivties

Completely 1.00 1.00 1.00 0.84 0.83 0.85

Mostly 1.04 0.97 1.12 1.51 0.13 0.84 0.83 0.86

Moderately 1.03 0.94 1.13 0.87 0.39 0.84 0.83 0.86

A little 0.95 0.84 1.06 -1.23 0.22 0.83 0.81 0.85

Not at all 0.81 0.63 1.04 -2.21 0.03 0.81 0.77 0.85

No Answer 1.02 0.73 1.44 0.17 0.86 0.84 0.79 0.88

Self-rated social

role performance

and satisfaction

(composite)

2 1.04 0.95 1.15 1.15 0.25 0.84 0.83 0.86

3 1.03 0.94 1.12 0.77 0.44 0.84 0.83 0.85

4 1.00 1.00 1.00 0.84 0.83 0.85

5 1.06 0.97 1.15 1.68 0.09 0.85 0.83 0.86

6 1.00 0.91 1.10 0.11 0.91 0.84 0.82 0.85

7 0.96 0.85 1.08 -0.88 0.38 0.83 0.81 0.85

8 1.03 0.90 1.19 0.58 0.56 0.84 0.82 0.86

9 0.95 0.77 1.16 -0.70 0.49 0.83 0.80 0.86

10 0.81 0.62 1.06 -1.98 0.05 0.81 0.76 0.85

Self-rated mental

health (mood and

cognitive function)

Excellent 1.00 1.00 1.00 0.83 0.82 0.84

Very Good 1.06 0.98 1.15 2.04 0.04 0.84 0.83 0.85

Good 1.19 1.09 1.31 4.98 <0.000 | 0.85 0.84 0.87

Fair 1.11 0.99 1.25 2.29 0.02 0.84 0.83 0.86

Poor 1.23 1.00 1.50 2.62 0.01 0.86 0.83 0.88

Pre-infection total

CPU's billed

0 1.00 1.00 1.00 0.84 0.83 0.85
1.00 0.99 1.01 0.76 0.45 0.84 0.83 0.85

20 1.01 0.97 1.05 0.76 0.45 0.84 0.83 0.85
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80 1.05 0.89 1.24 0.76 0.45 0.85 0.82 0.87
700 1.53 0.36 6.39 0.76 0.45 0.89 0.66 0.97

S.E.3. Unadjusted odds of developing long COVID given self-rated functional performance

Table S.B.3 shows pre-COVID self-reported functional and health status of the two groups, and the
odds of developing at least one long COVID symptom after infeciton. There were significant differences
between groups in all questions, with participants’ odds of developing PASC symptoms generally increasing
as their ratings of overall health and daily functioning decreased. The largest difference was in those who
selected lower ratings of their ability to perform their social roles (twice as likely, X?=632.5, p < 0.001). In
carrying out daily physically demanding daily activities, compared to those who said they could “Completely”
carry out these activities, participants who rated their pre-infection ability any less than "Completely” were
about 2 times more likely to develop long COVID symptoms (X?=1383.1, p < 0.001). Participants were more
likely to develop post-acute conditions who selected lower rating of social role satisfaction (10-89% more
likely, X?=418.5, p < 0.001), and mental health, mood and cognition (13-100% more likely, X?=522.5, p <
0.001).

Table S.E.3. Pre-infection self-rated health and daily functioning — Unadjusted odds

Question & P-
response OR values
In general, please rate how well you carry out your usual social roles*. X2 =632.5
Mid Fisher

control | case | Total estimate | lower | upper | point MLE Wald X2
Excellent 7735 (10178 | 17913 1.00
Very Well 9413 | 14267 | 23680 115 1.10 1.21 0.000 0.000 0.000
Well 5302 | 10611 | 15913 152 | 144 1.60 0.000 0.000 0.000
Fair 2054 | 4884 6938 181 ] 1.68 1.94 0.000 0.000 0.000
Poorly 468 | 1088 1556 177 | 155 2.02 0.000 0.000 0.000
No Answer 360 611 971 129 | 1.10 151 0.000 0.000 0.000

In general, how would you rate your satisfaction with your social activities and

relationships? X2=418.5
Mid Fisher
control | case | Total estimate | lower | upper | point MLE Wald X2

Excellent 5402 | 7670 13072 1.00

Very Well 9255 | 13362 22617 1.02| 0.97 1.07 0.454 0.454 0.454
Well 6579 | 11710 | 18289 1.25] 1.19 1.32 0.000 0.000 0.000
Fair 2925 | 6251 9176 151 141 1.61 0.000 0.000 0.000
Poorly 846 | 2048 2894 1.70 | 154 1.89 0.000 0.000 0.000
No Answer 325 598 923 130 | 1.10 1.53 0.000 0.000 0.000
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X2 =

To what extent are you able to carry out your everyday physical activities? 1383.1

Mid Fisher

control | case | Total estimate | lower | upper | point MLE Wald X2

Completely 16773 | 21740 | 38513 1.00
Mostly 3902 | 7860 | 11762 155 | 148 1.64 0.000 0.000 0.000
Moderately 2594 | 6572 9166 195| 184 2.07 0.000 0.000 0.000
A little 1488 | 4237 5725 220 | 2.04 2.37 0.000 0.000 0.000
Not at all 263 692 955 203 | 171 241 0.000 0.000 0.000
No Answer 312 538 850 133 ] 113 1.57 0.000 0.000 0.000
In general, how would you rate your mental health, including your mood and your ability
to think? X2 =522.5

Mid Fisher

control | case | Total estimate | lower | upper | point MLE Wald X2

Excellent 16773 | 21740 | 38513 1.00
Very Good 3902 | 7860 | 11762 111 1.05 1.16 0.000 0.000 0.000
Good 2594 | 6572 9166 143 ] 135 151 0.000 0.000 0.000
Fair 1488 | 4237 5725 1.64 | 153 1.75 0.000 0.000 0.000
Poor 263 692 955 179 | 158 2.02 0.000 0.000 0.000
No Answer 312 538 850 133 1.13 1.57 0.000 0.000 0.000

Note. Odds ratios were computed with mid-point median-unbiased estimation (midpoint) and maximum
likelihood estimation (Fisher MLE), and unconditional maximum likelihood estimation (Wald Chi-squared).
Confidence intervals were calculated using exact methods for midpoint and Fisher estimates, and normal
approximation for the Wald X2. For each baseline survey response level, the odds and OR's of later having >=
1 long COVID symptom/condition/sgeuelum after COVID-19 infection. Reference levels are the group with
the most participants unless otherwise noted. All computations were rounded to three digits.

A sub-cohort of this study’s sample enrolled in the study after questions were added to the survey
regarding ability to perform complex daily routines (Table S.B.4). Among those who were administered this
survey, the odds of developing post-acute symptoms increased for those with difficulty performing basic self
care (OR 1.48-2.12, X?=288.2, p < 0.001), doing errands in the community alone (OR 1.47-1.94, X?=311.6, p
< 0.001), and cognitive difficulty (OR 1.48-1.88, X?=332.5, p < 0.001). The majority of non-respondents in
these items represent participants who enrolled and took this survey prior to the addition of these questions.
This timing reflects potential differences between these two groups, with eventual cases making up a higher
proportion of the non-responders.

Table S.B.4. Pre-infection self-rated activities of daily living (when available) — Unadjusted odds.

Question & response

OR

P-values

|

Because of a physical, mental, or emotional condition, do you have difficulty dressing or bathing?

X2 =
288.2
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Mid Fisher Wald
control | case Total estimate | lower | upper | point MLE X2
No 7167 9406 16573 1.00
Yes 252 587 839 1.77 1.48 2.12 0.000 0.000 | 0.000
Survey not
administere
d 17913 | 31646 49559 1.35 1.29 1.40 0.000 0.000 | 0.000
Total 25332 | 41639 66971
Because of a physical, mental, or emotional condition, do you have difficulty doing errands alone X2 =
such as visiting doctor's office or shopping? 311.6
Mid Fisher Wald
control | case Total estimate | lower | upper | point MLE X2
No
Difficulty 6978 9034 16012 1.00
Have
Difficulty 430 939 1369 1.69 1.47 1.94 0.000 0.000 | 0.000
Survey not
administere
d 17924 | 31666 49590 1.36 131 1.42 0.000 0.000 | 0.000
Because of a physical, mental, or emotional condition, do you have serious difficulty concentrating, | X2 =
remembering or making decisions? 332.5
Mid Fisher Wald
control | case Total estimate | lower | upper | point MLE X2
No 6745 8598 15343 1.00
Yes 612 1303 1915 1.67 1.48 1.88 0.000 0.000 | 0.000
Survey not
administere
d 17975 | 31738 49713 1.39 1.33 1.45 0.000 0.000 | 0.000

S.E.4. Post-infection long COVID symptom groupings: Data reduction approaches

To explore symptom groupings in cases, several data reduction techniques were tested: exploratory
factor analysis (EFA), first principle components analysis (PCA) and hierarchical cluster analysis (HCA). The
symptoms/conditions with no observations were first removed: these were loss of smell, loss of taste, muscle
fatigue, positional orthostatic tachycardia syndrome (POTS), and post-viral fatigue syndrome (PVFS). Then a
correlation matrix was computed using Spearman’s rho. From this, EFA procedures were run for three, four,
and five factor loadings, based on similar k symptom clusters found in prior literature. All models tested were
found to have negative eigenvalues for multiple variables, suggesting that EFA was not suitable to these data.
PCA was then computed on Pearson’s R correlation coefficients using stats::princomp and plotted with
corrplot. Figure S.A.1 exhibits the low to moderate range and relatively weak groupings of PCA correlations
from this matrix. Finally, all symptom observations were converted to binary (1=any observation, 0=no
observation) values, and ran a hierarchical cluster analysis on the squared correlations, using Spearman’s tho
as the similarity measure (Figure S.A.2.). The resulting clusters were then grouped based first on their primary
branching, then large clusters were split by similar Spearman’s rho values (Table S.A.2). The final clusters are
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similar to clinical presentations known to the authors, and overlapped with previously found symptom groups
using clustering methods. Based on this concurrence, this was the grouping used in subsequent modeling.

Figure S.E.2. Distribution of number of long COVID symptoms in the symptomatic group.
Distribution of long COVID symptoms/conditions

0.15-

0.10-

Density

0.05-

0.00-
5 10 15 20
Number of long COVID symptoms/conditions

Figure S.E.3. Correlogram of first principal components analysis using Pearson’s R correlation
coefficient.
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Table S.B.5. Selected clusters based on hierarchical cluster analysis dendogram.

Cluster

Variables

Score (sum of observations
within the cluster)

Reproductive

Sexual dysfunction +
Menstrual dysfunction

0-2

Dizzy palp_skin

Dizziness +
Palpitations +
Rash

0-3

Resp _abd fever tachy

Cough +

Dyspnea +
Abdominal pain +
Diarrhea +

Fever + tachycardia

paraesthesia_ha pain_chest

Paraesthesias +

Headache +

Muscle pain +

Joint pain +

Chest pain +
Musculoskeletal chest pain

fatigue cog sleep_mood

Fatigue +
ME/CFS/Chronic fatigue
syndrome +

Cognitive dysfunction +
Sleep dysfunction +
Anxiety +

Depression

0-6
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