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Abstract
Objective: Prior evidence has suggested the multisystem symptomatic manifestations of post-acute COVID-19 condition (PCC). Here
we conducted a network cluster analysis of 24 World Health Organizationeproposed symptoms to identify potential latent subclasses of
PCC.

Study Design and Setting: Individuals with a positive test of or diagnosed with SARS-CoV-2 after September 2020 and with at least 1
symptom within �90 to 365 days following infection were included. Subanalyses were conducted among people with �3 different symp-
toms. Summary characteristics were provided for each cluster. All analyses were conducted separately in 9 databases from 7 countries,
including data from primary care, hospitals, national health claims and national health registries, allowing to compare clusters across
the different healthcare settings.

Results: This study included 787,078 persons with PCC. Single-symptom clusters were common across all databases, particularly for
joint pain, anxiety, depression and allergy. Complex clusters included anxiety-depression and abdominal-gastrointestinal symptoms.

Conclusion: Substantial heterogeneity within and between PCC clusters was seen across health-care settings. Current definitions of
PCC should be critically reviewed to reflect this variety in clinical presentation. � 2025 The Author(s). Published by Elsevier Inc. This
is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

With more than 200 post-acute COVID-19 symptoms
being reported in the context of ‘‘long COVID’’, the clin-
ical presentation of post-acute COVID-19 condition
(PCC) is highly variable among affected individuals
[1e6]. While studies estimate that around 1 in 10 [7,8] peo-
ple with COVID-19 develop post-acute symptoms, this new
condition is still poorly understood. PCC can lead to sub-
stantial disruptions in daily functioning, work capacity,
and quality of life. Its symptoms are diverse and often un-
specific, including fatigue, cognitive impairment, and respi-
ratory complaints. Moreover, with as many as 60 million
people potentially affected worldwide, PCC presents not
only a huge burden to affected individuals, but also poses
enormous health-care, economic, and sociopolitical chal-
lenges to the wider society [9].

To enable targeted clinical care and facilitate research,
clinical experts selected a list of 25 relevant symptoms dur-
ing a Delphi process to develop a clinical case definition of
PCC, subsequently published by the World Health Organi-
zation (WHO) [10].

Machine learningmethods including clustering techniques
have been used to identify patterns of associated symptoms in
the approach to identify clinical subgroups of PCC
[11e15,16e18], which can subsequently facilitate targeted
research into potential treatments and optimized care for
affected individuals. However, previous clustering studies
primarily relied on self-reported survey data or prospective
cohorts, which, while rich in clinical detail, are often
context-specific and may not be directly comparable across
populations or health-care settings. [11e15,16e18]. More-
over, the methodological heterogeneity of these studies in
terms of setting, design, symptom definition, and statistical
approach prevents general comparison of clusters across
studies. However, recent studies have illustrated the validity
and relevance of real-world data to study PCC in large popu-
lations [19].

Our study therefore aims to identify and describe symp-
tom clusters of PCC across geographies and healthcare set-
tings through the use of standardized methods and by
leveraging harmonized data mapped to a common format
to facilitate external comparison.
2. Materials and methods

2.1. Data sources

This multinational study used routinely collected, dei-
dentified health-care records from 7 countries and 9 data-
bases, covering a broad range of healthcare settings.
Primary care records were retrieved from the Netherlands
(Integrated Primary Care Information (IPCI) database
[20]) and the UK (Clinical Practice Research Datalink
(CPRD) GOLD [21] and CPRD Aurum [22]). Hospital re-
cords were analyzed from The Health Research Institute
Hospital La Fe (HULAFE, Valencia, Spain), the Parc de
Salut Mar Barcelona Information System (IMASIS [23],
Barcelona, Spain) and the Entrepôt de Donn�ees de Sant�e
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What is new?

Key findings
� Symptom clusters of post-acute COVID-19 condi-

tion (PCC) were consistently identified across mul-
tiple countries and health-care settings. The most
recurrent patterns included (1) anxiety and depres-
sion; (2) gastrointestinal symptoms and abdominal
pain; and (3) respiratory and systemic symptoms
including cough, dyspnea, and fatigue.

What this adds to what is known
� Previous clustering studies on PCC were largely

based on small, self-reported surveys. This study is
the first to use harmonized, large-scale, real-world
data from diverse health-care settings, mapped to
the Observational Medical Outcomes Partnership
Common Data Model, to compare the presence of
similar symptom clusters internationally.

What is the implication and what should change
now?
� Our findings support previous suggestions to refine

the World Health Organization PCC definition by
considering typical combinations of multiple
symptoms to define clinically meaningful sub-
groups of PCC. Our work provides a scalable
framework for identifying PCC phenotypes that
may support targeted health-care strategies and
future research.

K. L�opez-G€uell et al. / Journal of C
du Languedoc of the Centre Hospitalier Universitaire de
Montpellier (eDOL, Montpellier, France). Adjudicated
medical and pharmacy claims from the US (PharMetrics�
Plus for Academics [24], US) and national health insurance
claims from Estonia (CORIVA, Estonia). Finally, linked
nationwide healthcare registries from Norway
(NLHR@UiO [25], Norway) covering both primary and
secondary care were included.

All contributing databases were previously mapped to
the Observational Medical Outcomes Partnership Common
Data Model (OMOP CDM), allowing for federated network
analyses without sharing patient-level data. More detail on
the participating databases can be found in Supplementary
Tables 1 to 3.

The RECORD guidelines were used for reporting [26].

2.2. Study population

All individuals registered in the participating databases
for at least 365 days, and with a recorded COVID-19 diag-
nosis or positive SARS-CoV-2 test (polymerase chain reac-
tion or Nasopharyngeal Lateral Flow Assay rapid antigen
test) after September 1, 2020 comprised the source popula-
tion. Recording of a COVID-19 infection via diagnosis or
test varied across countries, as seen in Supplementary
Table 2. Those with prior COVID-19 or influenza in the
90 days before entry were excluded. Participants with !
120 days of follow-up were excluded. Follow-up ended at
the earliest of end of observation, death or end of national
testing. Children were not excluded.

Among those, we included people with any of the prede-
fined 25 symptoms listed by the WHO clinical case defini-
tion for PCC [9], including abdominal pain, allergy, altered
smell and/or taste, anxiety, blurred vision, chest pain,
cognitive dysfunction, cough, depression, dizziness, dys-
pnea, fatigue or malaise, gastrointestinal issues, headache,
intermittent fever, joint pain, memory issues, menstrual
problems, muscles spasms or pain, neuralgia, pins and nee-
dles sensation, sleep disorder, tachycardia, postexertional
fatigue and tinnitus and hearing problems. Code lists and
computable phenotypes were developed for each symptom
(using the ’observation’ and ‘condition occurrence’ do-
mains within the OMOP CDM) and reviewed by 3 clinical
experts from PCC clinics [27].

Patients with PCC were identified by at least one record
of those 25 symptoms between 90 and 365 days after the
date of COVID-19 diagnosis or SARS-CoV-2 positive test.
To avoid misclassification of pre-existing conditions, indi-
viduals were only included if the symptom had also not
been recorded in the 180 days prior to their COVID-19
diagnosis.

Secondary analyses included people with �2 or �3
symptoms to capture a narrower definition of PCC.
Supplementary Figure 1 shows database-specific attrition.

2.3. Statistical analyses

2.3.1. Descriptive analyses
Among all people with at least one post-acute COVID-

19 symptom, key characteristics including age, sex and
the number of different symptoms per person were summa-
rized, and the frequency of each individual post-acute
COVID-19 symptom calculated.

No missingness was present for covariates. Absence of a
recorded symptom was considered absence of that
symptom.

2.3.2. Clustering analyses
To retrieve clusters of associated symptoms, we per-

formed latent class analysis (LCA) on individuals with at
least 1 post-acute COVID-19 symptom. LCA is a soft clus-
tering algorithm, which calculates probabilities of
belonging to different clusters and assigns patients to the
one they are most likely to belong to, based on posterior
probabilities [28,29].

We used LCA to derive clusters based on symptoms
occurrence, considering sex and age as additional covari-
ates. We created binary variables for each of the symptoms
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in question among all the patients belonging to the post-
acute COVID-19 cohorts.

Models with 2 to 7 classes and 100 random starts were
fitted. Class selection was based on Bayesian or consistent
akaike information criterion (i.e., BIC or CAIC), classifica-
tion accuracy (ie, mean posterior probability) and clinical
relevance of the cluster characteristics, favoring solutions
with fewer classes where possible [28,30,31]. We imple-
mented the algorithm using the poLCA package [32] in
R, v. 4.2.1.

We chose the LCA algorithm as it allows the testing of
different hypotheses for the distribution of the data using
goodness of fit tests, while accounting for covariates in
the model [33,34].

2.3.3. Summary characteristics for clusters
For each cluster, we reported demographics, vaccination

status, selected comorbidities and healthcare utilization
(outpatient visits and hospitalizations) in the year before
and the month after SARS-CoV-2 infection.

2.3.4. Secondary analyses
We repeated cluster analyses for those individuals with

�2 and � 3 symptoms for all databases that had sufficiently
large sample sizes (ie, �500 patients) in the final cohorts to
be clustered.

In an additional subgroup analysis, a record of ‘‘post-
acute COVID-19’’ (OMOP Extension 705076) was
included as an additional covariate to explore its correlation
with individual symptoms.

We wrote the analytical code for this study in R version
4.2.3 and is available at [https://github.com/oxford-
pharmacoepi/LongCovidStudyathon_W3]. All analyses
were conducted separately for each database in a distrib-
uted manner and compiled by K.L. for this manuscript.
3. Results

3.1. Study population characteristics

A total of 787,078 individuals with PCC were included
out of 3,209,411 eligible COVID-19 participants from nine
databases from 6 European countries and the United States,
with 36,779 people included from Estonia (database COR-
IVA), 344 from France (database eDOL), 258,995 from
Norway (database NLHR@UiO), 84,284 from the
Netherlands (database IPCI), 38,798 from Spain (databases
HULAFE and IMASIS), 234,736 from the United Kingdom
(databases CPRD GOLD and CPRD Aurum), and 133,675
from the United States (database Pharmetrics� Plus for Ac-
ademics). Table 1 summarizes participant characteristics in
each database. Participants with PCC were predominantly
female (except in eDOL), and of median age between 35
and 52 years old, except for hospital databases IMASIS
and eDOL where median age was �60 years old. Most
participants only had one post-acute COVID-19 symptom
recorded, whereas 21% to 51% of participants had at least
two symptoms and 4% to 25% had at least 3 symptoms.

Proportions of individual symptoms in people with at
least 1 recorded symptom (Figure 1), and in a subgroup
of people with at least 2 and at least 3 different symptoms
(Supplementary Figure 2) were estimated in all databases.

While the most common symptoms were generally
different across databases, consistently common symptoms
included abdominal pain, anxiety, gastrointestinal issues or
joint pain.

3.2. Clustering

LCA was used to classify individuals with PCC into
groups based on symptom patterns, for the 3 cohorts of pa-
tients with �1, �2, and �3 recorded symptoms. Most da-
tabases had the best model fit with 4 clusters
(Supplementary Table 4). However, expert clinical review
indicated that the 3-cluster solution yielded more interpret-
able and clinically meaningful groupings without a substan-
tial loss of model fit. Therefore, those were chosen as the
main results for discussion. Results for all other numbers
of clusters are available in the interactive web application:
https://dpa-pde-oxford.shinyapps.io/WP3_Clustering/.

3.3. Clustering among people with PCC

Results for the clusters among people with one or more
post-acute symptoms are presented in Figure 2. The heat-
map with all additional characterization features can be
seen in Supplementary Figure 3. With most people having
only 1 recorded post-acute COVID-19 symptom, many of
the clusters were characterized by single symptoms or at
most a combination of 2 highly prevalent symptoms.
Single-symptom clusters defined by highly prevalent symp-
toms were seen across multiple databases, including ‘‘joint
pain’’ in NLHR@UiO and CPRD GOLD, and ‘‘allergy’’ in
IMASIS, NLHR@UiO and CORIVA.

An ‘‘anxiety, depression’’ cluster was the only multisymp-
tom cluster seen consistently across more than one database
(CPRD Aurum and eDOL). Another multisymptom cluster
included the combination of ‘‘dyspnea, chest pain, fatigue,
gastrointestinal symptoms, tachycardia’’, but this was only
seen in US health claims (PharMetrics� Plus for Academics).

3.4. Clustering among people with at least 3 symptoms

When restricting to the subgroup of people with at least
3 symptoms, eDOL and IMASIS did not have the required
more than 500 individuals to contribute to the analyses.

Results from clustering among people with at least 3
different symptoms are illustrated in Figure 3. The heatmap
with all additional characterization features can be seen in
Supplementary Figure 3. Clusters combining ‘‘anxiety,
depression’’, ‘‘abdominal pain, gastrointestinal issues’’
and ‘‘cough, dyspnea, fatigue, joint pain, chest pain’’ were

https://github.com/oxford-pharmacoepi/LongCovidStudyathon_W3
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Table 1. Summary characteristics of people with PCC

Database name Country, region Health-care setting N ‡2 symptoms ‡3 symptoms Median age Sd age Sex female

CORIVA Estonia, nationwide Claims, prescriptions 36,779 10,414 (28.3%) 2791 (7.6%) 42.9 13.6 23,747 (64.6%)

CPRD Aurum UK, nationwide Primary care 217,236 61,486 (28.3%) 16,853 (7.8%) 40.4 19.9 139,467 (64.2%)

CPRD GOLD UK, nationwide Primary care 17,500 4153 (23.7%) 1013 (5.8%) 44.4 14.8 11,371 (65.0%)

eDOL France, Montpellier Secondary care 344 NA NA 62.2 24.4 145 (42.0%)

HULAFE Spain, Valencia Secondary care 35,587 12,773 (35.9%) 4293 (12.1%) 42.4 15.3 22,159 (62.3%)

IMASIS Spain, Barcelona Secondary care 3211 911 (28.4%) NA 61.0 12.7 1698 (52.9%)

IPCI Netherlands, nationwide Primary care 84,284 18,061 (21.4%) 3759 (4.3%) 40.4 13.6 52,864 (62.7%)

NLHR@UiO Norway, nationwide National health Registries

(primary secondary care)

258,995 62,337 (24.1%) 14,534 (5.6%) 35.1 19.1 154,688 (59.7%)

Pharmetrics� Plus

for Academics

USA, nationwide Claims 133,675 68,202 (51.0%) 33,701 (25.2%) 52.2 13.1 78,725 (58.9%)

PCC, post-acute COVID-19 condition; CPRD, clinical practice research datalink; IPCI, Integrated Primary Care Information; HULAFE, The
Health Research Institute Hospital La Fe; IMASIS, Parc de Salut Mar Barcelona Information System; NA, nonavailable data.

Clinical characteristics and demographics of study population by database.
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identified across almost all databases. Table 2 summarizes
multisymptom clusters with their baseline characteristics.

Clusters were labeled based on the most prevalent symp-
tom patterns. In Figure 3, harmonized labels such as ‘‘Anx-
ietyeDepression’’ (AD), ‘‘GastrointestinaleAbdominal’’
(GA), and ‘‘RespiratoryeFatigueePain’’ (RFP) were used
to facilitate comparability across databases.

The cluster characterized by ‘‘anxiety, depression’’ had the
highest percentage of women, was seenmost often in the third
decade of life, and sometimes included symptoms like head-
ache, joint pain (HULAFE), fatiguemalaise and headache (IP-
CI) and fatiguemalaise, headache and allergy (NLHR@UiO).

The ‘‘abdominal pain, gastrointestinal issues’’ cluster
was seen most often in the third and fourth decades of life
and accompanied by additional symptoms such as intermit-
tent fever, cough and allergy in one case (HULAFE).

The last cluster, characterized by ‘‘cough, dyspnea, fatigue
malaise, joint pain, chest pain’’, was more prevalent in males,
most common in patients in their fifth or sixth decade of life,
and accompanied by tachycardia inPharmetrics�Plus forAc-
ademics and the PCC diagnosis code in CPRD Aurum.

A description of the different clusters per database for
people with at least 3 symptoms can be found in
Supplementary Table 5, and for people with at least 2
different symptoms in Supplementary Figure 4. All results
are available in an interactive web application [https://dpa-
pde-oxford.shinyapps.io/WP3_Clustering/].
4. Discussion

4.1. Summary of key results

This is to our knowledge the first and largest interna-
tional study reported to date on post-COVID-19 symptoms.
While others have endeavored to describe PCC symptom
clusters before [11e15,16e18], this is the first paper to
offer results across multiple databases and countries and
with a harmonized framework. Here, we identified different
patterns of symptoms associated with PCC using latent
class models and subsequently characterized the derived
clusters across a large network of nine different databases
from 7 countries and over 700,000 patients.

When clustering among people with PCC, as defined by
WHO, those clusters were dominated by single isolated
symptoms, for instance, joint pain or clinically related
symptoms such as anxiety and depression. These are prev-
alent in the general population and might not necessarily be
characteristic or differential for PCC. Among these individ-
uals, observed clusters may reflect artifacts of coding con-
ventions, documentation frequency, and symptom
reporting, rather than true clinical subtypes.

Clusters identified among people with multiple symp-
toms; however, showed substantially more complex multi-
symptom patterns. Given that the majority of PCC patients
present multiple symptoms, these are also richer and more
meaningful from a clinical viewpoint. Among those, some
specific clinical subgroups were observed across multiple da-
tabases, and were characterized by mental health-related
symptoms, gastrointestinal issues or respiratory symptoms,
sometimes associated with fatigue. These patterns of symp-
toms align with the previous literature and clinical presenta-
tion of people seeking specialist care for PCC [35].

4.2. Results in context

While our study is the first to directly compare subgroups
of people with PCC across countries and health-care set-
tings, previous studies also applied clustering to identify
symptom patterns. Gottlieb et al [11] used latent class ana-
lyses to identify phenotypes of PCC based on survey data
among 4505 people with COVID-19 in the United States
during 3- and 6 months following their SARS-COV-2 infec-
tion. Four distinct clusters were identified: 1 with almost no
symptoms, 1 with tiredness/headache/musculoskeletal is-
sues, 1 with loss of taste and smell, and 1 with ‘‘many symp-
toms across multiple systems’’. Similar studies were
conducted using survey data from prospective cohort studies

https://dpa-pde-oxford.shinyapps.io/WP3_Clustering/
https://dpa-pde-oxford.shinyapps.io/WP3_Clustering/


Figure 1. Post-acute COVID-19 symptoms and OMOP Extension post-COVID condition recorded after COVID-19 infection per database. The
concept ‘‘OMOP Extension post-COVID condition diagnosis’’ refers to the OMOP Extension code 705076. CPRD, Clinical Practice Research Data-
link; IPCI, Integrated Primary Care Information; HULAFE, The Health Research Institute Hospital La Fe; IMASIS, Parc de Salut Mar Barcelona
Information System; NLHR@UiO, Norwegian Linked Health Registries at University of Oslo; OMOP, Observational Medical Outcomes Partnership;
PCC, post-acute COVID-19 condition.
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among 233 and 497 people presenting at PCC clinics in
Ireland and Japan. Using a hierarchical clustering approach,
Kenny et al [13] identified 3 clusters of symptoms domi-
nated by pain (joint pain, myalgia, headache), cardiovascu-
lar symptoms (eg, chest pain, shortness of breath and
palpitations), and a ‘‘substantially smaller number of
concomitant symptoms’’, while Tsuchida and colleagues
[12] described 5 clusters based on self-reported symptoms
dominated by ‘‘fatigue’’, ‘‘fatigue/cardiovascular symp-
toms/forgetfulness’’, ‘‘fatigue/headache/mental health



Figure 2. Proportion of symptoms per cluster (right) and their characteristics (left) for the contributing databases, for the cohorts of people with one
or more symptoms postinfection. Color gradients represent relative frequency of each symptom per cluster, standardized row-wise to highlight dif-
ferences in pattern rather than raw frequency. For sex, blue represents male percentage and pink represents female percentage. CPRD, Clinical
Practice Research Datalink; IPCI, Integrated Primary Care Information; HULAFE, The Health Research Institute Hospital La Fe; IMASIS, Parc
de Salut Mar Barcelona Information System; NLHR@UiO, Norwegian Linked Health Registries at University of Oslo; OMOP, Observational Medical
Outcomes Partnership; PCC, post-acute COVID-19 condition. (For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)

7K. L�opez-G€uell et al. / Journal of Clinical Epidemiology 185 (2025) 111867
issues/forgetfulness’’, ‘‘hair loss’’ and ‘‘taste and smell dis-
orders’’. Other studies included additional markers on top of
persisting symptoms for their clustering approach, for
instance, COVID-19 disease severity [14], comorbidity
burden [14,16], symptoms at inclusion [14,16], hospitaliza-
tion data [16] and quality of life [14] to characterize clusters
by the number of symptoms and disease severity [14,16],
and impact on daily living activities [16].

Few studies have assessed cluster reproducibility in the
context of PCC. Reese et al [17] used k-means clustering on
data from the National COVID Cohort Collaborative (N3C)
in 6 US hospitals and identified 6 clusters: ‘‘multisystem/labo-
ratory’’, ‘‘pulmonary’’, ‘‘neuropsychiatric’’, ‘‘cardiovascular’’,
‘‘pain/fatigue’’, and ‘‘Multisystem/pain’’. Generalizability of
clusters was subsequently assessed by assigning patients from
other health-care centers to clusters based on high semantic
similarity of symptoms recorded in original patients, and results
were reproducible across systems. Similarly, Zhang et al [17]
validated phenotype subgroups among people with PCC, sug-
gesting 4 clusters consistent across 2UShealth databases: ‘‘car-
diac/renal’’, ’’respiratory/sleep/anxiety’’, ‘‘musculoskeletal/
nervous system’’, and ‘‘digestive/respiratory system’’. More
recent studies report again similar clusterswith different hierar-
chical clusteringmethodologies [15]. However, no comparison
has been conducted across different countries and health-care
settings.
During the pandemic, health-care policies and access
varied across countries, with substantial differences be-
tween hospital and outpatient populations. In 2021, a large
meta-analysis [35] comprising 1.2 million people from 22
countries suggested that clinical symptoms for as much as
51%, 60% and 35% of people with post-COVID-19 condi-
tions fit one of 3 PCC clusters: persistent fatigue with body
pain and mood swings, ongoing respiratory problems, or
cognitive problems. However, those clusters were defined
based on reporting frequency in previous studies, and not
directly derived from data.

Several clusters identified in our study are consistent
with previous literature, with ‘‘pain’’ and ‘‘mental health is-
sues’’ being commonly reported, and many clusters being
associated with some degree of fatigue or tiredness
[36,37]. Moreover, our subgroup analysis including the
‘‘post-acute COVID-19 condition’’ diagnosis code as an
additional symptom showed its association with a cluster
characterized by cough, dyspnea and fatigue in CPRD Au-
rum. It is likely that this relates to the most common pre-
sentation in specialized clinics.

4.3. Strengths and limitations

This study has several strengths. We conducted a multida-
tabase, international network study including data from
different health-care settings and including a large number



Figure 3. Proportion of symptoms per cluster (right) and their characteristics (left) for the contributing databases, for the cohorts of people with 3 or
more symptoms postinfection. Color gradients represent relative frequency of each symptom per cluster, standardized row-wise to highlight differ-
ences in pattern rather than raw frequency. ‘‘AD’’ refers to the Anxiety-Depression cluster, ‘‘GA’’ to the Gastrointestinal issues-Abdominal pain one,
and ‘‘RFP’’ to the set of Respiratory-Fatigue-Pain symptoms. For sex, blue represents male percentage and pink represents female percentage.
CPRD, Clinical Practice Research Datalink; IPCI, Integrated Primary Care Information; HULAFE, The Health Research Institute Hospital La Fe;
IMASIS, Parc de Salut Mar Barcelona Information System; NLHR@UiO, Norwegian Linked Health Registries at University of Oslo; OMOP, Obser-
vational Medical Outcomes Partnership; PCC, post-acute COVID-19 condition. (For interpretation of the references to color in this figure legend, the
reader is referred to the Web version of this article.)
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of people with PCC. The main differences between previous
studiesmight be explained by themethodological heterogene-
ity, including study populations, settings, post-acute COVID-
19 definition and clustering methods. We used a single stan-
dardizedmethodological approach including a consistent defi-
nition of PCC, and statistical analyses, increasing the
robustness and comparability across datasets. The use of a
recognized common data model, OMOP CDM [38,39], al-
lowed for federated analyses using the same code, shared in
line with open science practises. This minimized further the
bias in the process and maximized reproducibility. The
outstanding similarity between the results of the similarCPRD
GOLD and CPRDAurum, in terms of the cluster solutions at-
tained, databases reassure the robustness of the results.

There is, however, some heterogeneity across databases,
which can be explained by underlying heterogeneity be-
tween geographies and health-care settings. A further limita-
tion is that routinely collected data do not include
information on the severity of individual symptoms. Simi-
larly, the validity of recording of symptoms in such data is
subject to misclassification and incompleteness, as informa-
tion is collected in actual health-care settings by multiple
health-care professionals. Furthermore, the motivation to
report PCC might vary across settings. This makes it harder
to compare clusters both within and across databases.
Additionally, given the nonspecific nature of many symp-
toms (eg, fatigue, headache, anxiety), some observed pat-
terns may reflect common health-care-seeking behavior
rather than distinct PCC subtypes. The absence of a control
population limits causal attribution. This study is, therefore,
descriptive in nature. Finally, we did not assess clustering
patterns specifically among children. However, the observed
age distributions, in terms of median and standard deviation
per cluster and country, suggest that the number of children
included in the analysis was very small.
4.4. Implications and recommendations for future
research

PCC is a debilitating illness that afflicts individuals in
their forties, incurring a substantial economic cost [40].
Health-care systems must be well-prepared to address the
needs of millions of patients. Accurately estimating the
number of affected individuals is essential for effective
resource planning.

While the WHO definition of PCC proves useful, it is
inevitably subject to develop over time given new research
findings and does not consider a minimum number of
symptoms. The identification of large single-symptom clus-
ters characterized by highly common symptoms suggests



Table 2. Summary of the 3-cluster solution for the �3 symptoms cohorts across contributing databases.

CLUSTER 
DESCRIPTION

CORIVA CPRD Aurum CPRD GOLD HULAFE IPCI Pharmetrics® 
Plus for 

Academics 

NLHR@UiO 

Anxiety 
Depression 

N 530 (19%) 

Age 37 (sd 15) 

Male 13% 

N 5056 (30%) 

Age 36 (sd 16) 

Male 23% 

N 334 (33%) 

Age 38 (sd 15) 

Male 27% 

N 2182 (51%) 

Age 47 (sd 13) 

Male 20% 

+ headache, joint 
pain

N 1396 (39%) 

Age 35 (sd 15) 

Male 23% 

+ fatigue malaise,
headache

These two clusters 

are approximately 

merged in this 

database. 

N 4197 (29%) 

Age 34 (sd 13) 

Male 27% 

+ fatigue malaise,
headache, allergy 

Gastrointestinal 
issues
Abdominal pain

N 4382 (26%) 

Age 40 (sd 19) 

Male 27% 

N 263 (26%) 

Age 47 (sd 19) 

Male 24% 

N 816 (19%) 

Age 19 (sd 13) 

Male 38% 

+ intermittent fever, 
cough, allergy

N 1324 (37%) 

Age 37 (sd 17) 

Male 24% 

N 5091 (35%) 

Age 26 (sd 12) 

Male 22% 

Cough
Dyspnoea
Fatigue
Joint pain
Chest pain

N 7415 (44%) 

Age 53 (sd 19) 

Male 32% 

+ OMOP 
Extension post-
COVID-19 code 

N 416 (41%) 

Age 58 (sd 20) 

Male 30% 

N 8425 (25%) 

Age 61 (sd 15) 

Male 48% 

+ tachycardia

N 5246 (36%) 

Age 54 (sd 15) 

Male 44% 

CPRD, clinical practice research datalink; IPCI, integrated primary care information; HULAFE, Hospital Universitario La Fe; IMASIS, Parc de
Salut Mar Barcelona Information System; NLHR@UiO, Norwegian Linked Health Registries at University of Oslo; OMOP, observational medical
outcomes partnership.

In green, clusters found in the respective database. In orange otherwise.
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that the WHO definition of long COVID needs refining,
with the inclusion of more than 1 co-occurring symptom.

Identifying symptom patterns can support tailored treat-
ments and provide insights into identifying potential
diverse pathogenic mechanisms.
5. Conclusion

This large-scale international study included more than
787,000 persons with PCC from 7 countries, and found both
single and complex symptom clusters, mainly ‘‘anxiety and
depression’’; ‘‘gastrointestinal issues and abdominal pain’’;
and ‘‘cough, dyspnea, fatigue, joint, and chest pain’’.

Single-symptom clusters likely reflect symptoms with
high prevalence in the general population as well as com-
mon complications of COVID-19. Current definitions for
PCC should therefore be critically reviewed and refined
where needed to reflect the multiplicity of symptoms and
variety in clinical presentations of PCC. While descriptive
in nature, the multisymptom patterns found support the
design of targeted management strategies.
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