PLOK. Digital Health

L)

Check for
updates

E OPEN ACCESS

Citation: Pearson ML, Laraway BJ, Elias ER,
Bilousova G, Haendel MA (2026) More
common than we thought: Hypermobile
Ehlers-Danlos Syndrome, comorbidity burden,
and long COVID risk in a national cohort. PLOS
Digit Health 5(11): e0001707. https://doi.
0rg/10.1371/journal.pdig.0001707

Editor: Laura Sbaffi, The University of Sheffield,

UNITED KINGDOM OF GREAT BRITAIN AND
NORTHERN IRELAND

Received: July 23, 2025
Accepted: August 13, 2026
Published: November 5, 2026

Peer Review History: PLOS recognizes the
benefits of transparency in the peer review
process; therefore, we enable the publication
of all of the content of peer review and

author responses alongside final, published
articles. The editorial history of this article is
available here: https://doi.org/10.1371/journal.

pdig.0001707

Copyright: © 2026 Pearson et al. This is an
open access article distributed under the terms
of the Creative Commons Attribution License,

RESEARCH ARTICLE

More common than we thought: Hypermobile
Ehlers-Danlos Syndrome, comorbidity burden,
and long COVID risk in a national cohort

Megan L. Pearson@®'*, Bryan J. Laraway(?, Ellen R. Elias®, Ganna Bilousova',

Melissa A. Haendel?

1 Department of Dermatology, Gates Institute, University of Colorado Anschutz, Aurora, Colorado, United
States of America, 2 Department of Genetics, University of North Carolina at Chapel Hill, Chapel Hill,
North Carolina, United States of America, 3 Department of Pediatrics and Genetics, Children’s Hospital
Colorado, Aurora, Colorado, United States of America

* megan.pearson@cuanschutz.edu

Abstract

Hypermobile Ehlers-Danlos Syndrome (hEDS) is a complex, underdiagnosed con-
nective tissue disorder characterized by widespread symptoms affecting multiple
organ systems. Recent clinical observations suggest that individuals with hEDS may
be at increased risk for persistent symptoms following COVID-19, commonly referred
to as Long COVID. Using data from over 19 million patients across the United States,
we examined associations between hEDS, COVID-19 infection, Long COVID, and
related chronic conditions. We identified just over 25,000 individuals with hEDS and
estimated a prevalence of approximately 1 in 800, which is higher than previously
recognized. Despite similar rates of COVID-19 infection between patients with hEDS
and matched controls, patients with hEDS were nearly three times more likely to
develop Long COVID. This risk was concentrated among patients with hEDS who
also had overlapping conditions commonly seen in post-viral syndromes, including
autonomic dysfunction (POTS), immune dysregulation (MCAS), and chronic fatigue
(ME/CFS). Patients with hEDS also exhibited higher odds of having additional risk
factors for severe or prolonged iliness, including chronic lung and autoimmune condi-
tions, depression, and cerebrovascular disease. A subgroup of patients received their
hEDS diagnosis only after a COVID-19 or Long COVID diagnosis, and this subgroup
was highly enriched for multimorbidity, particularly POTS and MCAS. These findings
establish hEDS as more prevalent than previously recognized and identify a substan-
tially elevated, comorbidity-driven risk of Long COVID in this population. Improved
screening, earlier diagnosis, and integrated care pathways are urgently needed to
support this complex and underserved patient group.
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Author summary

We studied patients with hypermobile Ehlers-Danlos Syndrome (hEDS), a
connective tissue condition affecting joints, skin, and many body systems that

is often overlooked and undiagnosed. During the COVID-19 pandemic, people
with hEDS appeared more likely to develop long-term symptoms after infection,
known as Long COVID. We analyzed health records from millions of U.S. pa-
tients to better understand these outcomes. Patients with hEDS were more likely
to be diagnosed with Long COVID than similar patients without hEDS, despite
similar infection rates. This risk was highest among those who also had chronic
fatigue, immune conditions, or heart rate and blood pressure problems. People
with hEDS also had higher rates of other conditions linked to worse outcomes
after infection, including autoimmune disease, lung disease, and depression. A
subgroup of patients was diagnosed with hEDS for the first time only after having
COVID-19 or Long COVID, with high rates of POTS and MCAS. Our findings
show that hEDS may be more common than previously thought and that people
with hEDS face a substantially higher risk of Long COVID, especially when other
conditions are also present. Greater awareness and earlier recognition of hEDS
could improve care for many patients with complex, long-lasting symptoms.

Introduction

Hypermobile Ehlers-Danlos Syndrome (hEDS) is the most common subtype of the
Ehlers-Danlos Syndromes (EDS), a group of inherited connective tissue disorders
caused by pathogenic variants affecting extracellular matrix components and
collagens [1-3]. Unlike the other 13 EDS subtypes, hEDS is the only subtype with no
known molecular marker and is diagnosed clinically based on skin hyperextensibility,
generalized joint hypermobility, systemic features, family history, and exclusion of
other conditions [2, 4]. hEDS is highly heterogeneous, with multisystem involvement
that can include musculoskeletal pain, gastrointestinal dysmotility, autonomic
dysfunction, and neurocognitive symptoms [5—11]. Fig 1 highlights the range of
symptoms and body systems that can be affected in hEDS, which vary widely across
individuals in severity and combination [11-13].

This complexity contributes to frequent misdiagnosis or diagnostic delays. hEDS
symptoms commonly overlap with better-recognized disorders such as fibromyalgia,
irritable bowel syndrome, and psychiatric or somatic symptom disorders [6-8, 14, 15].
Autonomic features, including dizziness, syncope, and tachycardia, may meet criteria
for postural orthostatic tachycardia syndrome (POTS) [9, 10], while neurocognitive
and affective symptoms are often attributed to anxiety or ADHD. The frequent
co-occurrence in patients with hEDS of mast cell activation syndrome (MCAS), a
poorly defined disorder marked by episodic immunological hypersensitivity and
gastrointestinal symptoms, adds additional diagnostic ambiguity [16—19]. While patients
may present with POTS and MCAS, this does not mean they automatically have a
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Fig 1. hEDS symptoms can affect all body systems. Patients with hEDS can exhibit manifestations in nearly all body systems, making this complex
disorder challenging to characterize and diagnose. Shown is an inclusive list of hEDS manifestations and frequently co-occurring conditions. The multi-
system involvement without an apparent unifying cause frequently leads to diagnostic delays, as the underlying connective tissue disorder is not readily
recognized. Created in BioRender. https:/BioRender.com/8zctb43.

https://doi.org/10.1371/journal.pdig.0001707.g001

diagnosis of hEDS, as these can be co-occurring but are separate conditions. We hypothesize that hEDS is not a single
disorder caused by a single gene mutation, but rather multiple disorders caused by many different genetic variants, which
together give rise to the variable symptoms exhibited by patients with hEDS.
Joint hypermobility, a hallmark of hEDS, often diminishes with age or injury, making recognition more difficult over

time [4, 20—22]. Many systemic manifestations emerge or intensify after key life events such as puberty, pregnancy, or
trauma, transitions often accompanied by hormonal shifts. Notably, approximately 80% of patients with hEDS are female,
and growing evidence suggests a link between hEDS manifestations and hormonal influences, particularly estrogen [23].
These hormonal factors may modulate connective tissue integrity and symptom expression, contributing to sex-based dif-
ferences in prevalence and clinical presentation. Without visible hypermobility or a known genetic marker, clinicians may
not suspect a connective tissue disorder. Diagnosis is often delayed by years, with patients reporting prolonged medical
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odysseys involving multiple specialists and inconsistent care [2, 24—26]. Given this diagnostic complexity, the actual prev-
alence of hEDS is likely underestimated.

Recent reports suggest patients with hEDS may also be at increased risk for post-acute sequelae of SARS-CoV-2
infection (COVID-19), commonly referred to as Long COVID [27-30]. This overlap may be driven by shared pathophys-
iologic features, including immune dysregulation (e.g., MCAS, autoimmunity), chronic inflammation, and dysautonomia
(e.g., POTS). Structural tissue fragility may further predispose patients with hEDS to respiratory and vascular complica-
tions during and after COVID-19. Comorbidities common in hEDS, such as Myalgic Encephalomyelitis/Chronic Fatigue
Syndrome (ME/CFS), chronic pain, and gastrointestinal dysfunction, also align with known Long COVID risk factors.
Anecdotal and clinical observations suggest that SARS-CoV-2 infection may be associated with new or worsening hEDS
symptoms in some patients. We aimed to characterize the prevalence, comorbidity burden, and Long COVID risk associ-
ated with hEDS, and to describe the timing of hEDS diagnosis relative to COVID-19 and Long COVID in this population.

Despite plausible biological and clinical connections, there is a lack of large-scale, population-level studies evaluating
the relationship between hEDS and Long COVID. This study uses electronic health record (EHR) data from the National
Clinical Cohort Collaborative (N3C) COVID-19 Enclave to examine the burden of COVID-19 and Long COVID among
patients with hEDS, characterize key comorbidities, and describe the timing of hEDS diagnosis relative to COVID-19
infection in this population.

Methods
Data source: National Clinical Cohort Collaborative (N3C) COVID-19 enclave

This study utilized Level 2 de-identified data, including date-shifted event timestamps, from the N3C COVID-19 Enclave,
a centralized, harmonized repository of EHRs contributed by more than 80 U.S. clinical institutions [31] (Data Use
Request: RP-582482). All patient dates are uniformly shifted by up to 180 days within each site to protect patient privacy.
As a result, temporal relationships within each patient record are preserved, but cross-patient calendar dates are not
comparable.

The N3C Enclave was established in April 2020 to facilitate national COVID-19 research. It includes three primary
patient groups: (1) individuals tested for SARS-CoV-2; (2) those diagnosed with COVID-19 via laboratory confirmation or
clinical coding; and (3) comparison patients with at least one encounter after January 1, 2020, but no record of COVID-19
infection or exposure [32]. Retrospective data from January 1, 2018, allow evaluation of pre-pandemic health status.

As of the December 2025 data release, the N3C contained over 19.8 million unique patient records. All data are harmo-
nized to the Observational Medical Outcomes Partnership (OMOP) Common Data Model, enabling standardized querying
across demographics, diagnoses, procedures, medications, labs, and clinical observations. Diagnoses from ICD-9/10-CM
codes are mapped to OMOP concept IDs and stored in the condition occurrence table. Concept IDs used for this study
are listed in S1 Table.

IRB

The N3C data transfer to NCATS is performed under a Johns Hopkins University Reliance Protocol # IRB00249128 or
individual site agreements with NIH. The N3C Data Enclave is managed under the authority of the NIH; information can be
found at https://ncats.nih.gov/n3c/resources.

Phenotype definitions and COVID-19/Long COVID classification

We leveraged the N3C Logic Liaison Table to define COVID-19 cases, Long COVID, and related risk conditions [32]. This
curated tool maps clinical phenotypes to OMOP concept sets using standardized inclusion/exclusion criteria. S2 Table
summarizes phenotypes used in this analysis. Long COVID codes were inconsistently used across time and institutions;
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prior to October 2021, B94.8 and non-specific codes were commonly used. As a result, both Long COVID and COVID-19
may be underrepresented in structured data.

Cohort definition: hEDS identification

To identify patients with hEDS, we queried the N3C Data Enclave using OMOP concept IDs mapped to diagnostic codes
for hEDS (Fig 2). In addition to patients explicitly diagnosed with hEDS, we also identified individuals coded with classical
EDS (cEDS), vascular EDS (VEDS), and unspecified EDS. Because cEDS and vEDS are the next most common EDS
subtypes after hEDS and have distinct ICD-to-OMOP mappings, we excluded individuals with these diagnoses to avoid
misclassification. Given that 80-90% of all EDS cases are believed to be hEDS, we included patients with the unspecified
EDS code as suspected hEDS cases. We identified 7,955 patients with a specific hEDS diagnosis and 24,834 patients
with the unspecified EDS code. To ensure data completeness, we excluded patients lacking demographic information,
including age, sex, race, and ethnicity. After filtering, the final diagnosed hEDS group included 7,786 patients, and the sus-
pected hEDS group included 24,031 patients. These two groups were combined to create a final hEDS cohort of 26,108
individuals. To note, 5,709 patients had both unspecified EDS and hEDS coded in their charts. To confirm that cEDS

and vVEDS cases were not inadvertently included in the final cohort, we separately identified patients with those diagno-
ses and retained only those with complete demographic data: 562 cEDS and 570 vEDS patients, respectively. The final
hEDS cohort thus consisted of 25,152 patients. Also of note, only 956 patients had both a diagnosis of cEDS or vEDS

N3C Patients

n=19.8 M
¢ o }
; Unspecified
2
558 hEDDIaSggg?iiits EDS Patients cEDS Patients VEDS Patients
LSk ” 7 955 (suspected hEDS) n=578 n = 600
& n=7 n = 24,834
@ . Unspecified
é% hEDDlaéggo?ed t EDS Patients cEDS Patients vEDS Patients
u% Z auens (suspected hEDS) n =562 n =570
2 n=7,786 n = 24,031
I |
v
D o Suspected and
e Diagnosed hEDS Otner EDS
Bl . = Subtypes
g£3 Patients N = 956
° n=26,108
— — Propensity
§ES Final hEDS Cohort — Matched
S8 5 n = 25,152 Health Care Utilization Controls
Clinical Site n=25,152

Fig 2. Cohort construction. Patients in the N3C database with a diagnostic code for hEDS were used to construct the cohort. Diagnosed hEDS cases
were identified using the specific condition ID for hEDS, while suspected cases were identified using the condition ID for EDS with unspecified subtype.
Patients with missing values for sex, age, race, or ethnicity were excluded. To minimize inclusion of other EDS subtypes, individuals with diagnostic
codes for classical (cEDS) or vascular EDS (VEDS) were also excluded, yielding a combined hEDS/suspected-hEDS cohort of 26,108 patients, from
which 916 patients with overlapping cEDS/VEDS coding were further removed to produce the final cohort of 25,152 patients. Propensity-matched con-
trols for age, sex, race, ethnicity, healthcare utilization, and clinical site were obtained from the base N3C patient population of 19.8M.

https://doi.org/10.1371/journal.pdig.0001707.9g002
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and an unspecified EDS diagnosis, so only those patients were removed. At the time of analysis, the total N3C population
included approximately 19.8 million patients.

Comorbidity identification and diagnosis dating

We focused on three conditions frequently co-occurring with hEDS and Long COVID: MCAS, POTS, and ME/CFS.
Patients were flagged as positive for each comorbidity if they had = 1 recorded OMOP concept. For each condition, as well
as for hEDS, COVID-19, and Long COVID, the initial diagnosis date was set as the earliest recorded condition start date
for the relevant OMOP concept identifiers. Patients flagged as positive for a condition were required to have a non-null
first diagnosis date for that condition; records that did not meet this criterion were excluded. Diagnosis dates were used
to derive patient-level temporal relationships between hEDS and COVID-19, Long COVID, and comorbid diagnoses,
including whether hEDS occurred before, within six months after, or more than six months after the comparator diagnosis.
Patients may have multiple comorbidities to reflect real-world multimorbidity patterns.

All SQL, R, and Python workflows used for cohort construction, feature extraction, statistical modeling, and survival
analyses were executed as numbered analysis nodes in the N3C Workbench; the complete, versioned codebase is pub-
licly available and archived (Zenodo https://doi.org/10.5281/zenodo.18508715).

Statistical analyses

Prevalence estimation. Prevalence rates were calculated to describe the burden of hEDS, comorbidities, COVID-19
infection, and Long COVID within the study cohort. The denominator included all individuals in the N3C Enclave with at
least one clinical encounter between 2018 and 2025 and complete demographic information. Cases were identified using
OMOP concepts outlined in the cohort construction and comorbid conditions. Point prevalence was calculated as the
proportion of individuals meeting case criteria at any time during the study window with 95 percent confidence intervals. To
calculate a 1-in-X representation, we used the inverse of the point prevalence, with 95 percent confidence intervals.

Propensity score matching. To control for potential confounding by demographic, institutional differences, and
healthcare utilization trends, we constructed a propensity score—matched control cohort using the Matchlt package in R
[33]. One-to-one nearest-neighbor matching without replacement was performed based on age, sex, race, total visits,
and data partner (i.e., contributing clinical site). Matching on data partners was included to mitigate potential bias arising
from variability in diagnostic coding practices and population demographics across institutions. Matching on health care
utilization was performed to assess true differences compared to ascertainment bias. Healthcare utilization was assessed
at the person level using the OMOP visit occurrence table. To reduce bias from multiple encounters recorded on the same
day for a single individual, visits were collapsed into a single per-day visit (similar to other approaches documented in Pfaff
et.al [34]). Distinct visit dates were counted to derive the total number of healthcare encounters, with visit-type-specific
counts for inpatient, outpatient, and emergency department visits based on standard OMOP visit concept identifiers. The
resulting control cohort comprised 25,152 individuals with no recorded diagnosis of EDS, including hEDS, cEDS, VvEDS, or
unspecified EDS subtypes. A table depicting covariate balance between cases and controls is shown in S3 Table.

Odds ratios. We evaluated associations between hEDS and predetermined COVID-associated phenotypes [31]
described above, using conditional logistic regression on propensity-matched data to account for the matched pairs. No
additional covariates were included. For each category, we obtained an odds ratio (OR), 95% confidence interval (Cl),
and Benjamini-Hochberg false discovery rate (FDR) adjusted g-value. The total number of tests was equal to the number
of phenotype categories evaluated in Figs 3 and 7 (N=16, 36, respectively). We controlled the FDR at five percent and
considered categories with g less than 0.05 as significant. The figures display the OR and 95 percent ClI for each category
along with the corresponding FDR g-value.

Cumulative incidence analyses. To assess the temporal relationships between diagnoses of hEDS, COVID-19, Long
COVID, and related comorbid conditions, we performed cumulative incidence analyses using Kaplan-Meier estimators.
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Fig 3. Patients with hEDS are more likely to develop Long COVID despite similar rates of COVID-19 infection 3a. Counts of COVID-19 cases
(OMOP Concept ID: 37311061) and Long COVID diagnoses (OMOP Concept ID: 705076) are shown for the hEDS cohort (orange) and matched con-
trols (pink). 3b. Odds ratios (ORs) with 95% confidence intervals were calculated for COVID-19-related diagnoses and medications using phenotype
categories defined in the N3C Enclave (see methods). Multiple testing was addressed using Benjamini-Hochberg false discovery rate correction; q val-
ues are shown in the figure. Patients with hEDS showed increased odds of Long COVID diagnoses and Long COVID clinic visits compared to controls.

https://doi.org/10.1371/journal.pdig.0001707.9g003

Analyses were conducted on a cohort of individuals with known hEDS diagnoses, comorbid symptoms, and COVID-19
confirmed infection history. Dates of initial diagnoses were extracted from clinical records for hREDS, COVID-19, Long
COVID, MCAS, POTS, and ME/CFS. For each analysis, patients lacking a recorded diagnosis date for the index condition
were excluded, and patients without the event of interest were censored at the end of their available follow-up. Due to
Level 2 de-identification, all dates were shifted by up to 180 days per patient per site, though within-patient temporal
order was preserved. Cumulative incidence analyses focused on hEDS diagnosis following COVID-19 or Long COVID,
restricted to patients with documented COVID-19 or Long COVID diagnoses. Patients with hEDS diagnosed prior to

the index condition were excluded. Time to event was defined as the number of days from the first recorded COVID-19
or Long COVID diagnosis to the first hEDS diagnosis or censoring. Kaplan—Meier survival functions were inverted to
estimate cumulative incidence and stratified by comorbidity status (MCAS, POTS, ME/CFS, or no comorbidities). Group-
specific 95% confidence intervals were calculated and plotted. Pairwise differences between strata were assessed

using log-rank tests (S6 Table). Analyses were performed in Python using the lifelines package [35]. S3 Fig presents the
cumulative incidence curves for all patients, including those without recorded COVID-19 or Long COVID diagnoses, to
illustrate the full cohort.

Cox regression. We conducted a Cox proportional hazards sensitivity analysis to evaluate factors associated with
post-COVID documentation of hEDS, as shown in Table 4. Individuals with a documented hEDS diagnosis prior to SARS-
CoV-2 infection were excluded to restrict the cohort to those at risk for post-COVID diagnosis. Time zero was defined as
the date of the first documented COVID-19 infection. The event of interest was the first recorded hEDS diagnosis after the
COVID-19 index date. Follow-up time was calculated in days from the index date to the hEDS diagnosis or administrative
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censoring at the latest available data cut. Indicators of comorbid conditions, including MCAS, POTS, and ME/CFS, were
defined as binary variables reflecting documentation at any time during follow-up and were interpreted as phenotypic
markers rather than time-ordered predictors. A composite indicator reflecting the absence of documented comorbidities
was included as a descriptive reference phenotype. Cox models were fitted with L2 penalization (penalizer=0.1) to ensure
numerical stability. Hazard ratios (HRs) with 95% confidence intervals (Cls) are reported. Analyses were conducted in
Python using the lifelines package [35].

Time series analysis. To evaluate temporal patterns in first hEDS diagnoses relative to COVID-19, we calculated
monthly counts of incident diagnoses for each patient category: hEDS before COVID, hEDS after COVID, and hEDS
never COVID. Monthly counts were normalized to the total number of clinical encounters per month, yielding diagnoses
per 1,000 encounters. Months with fewer than 20 encounters were masked to comply with data suppression requirements.
Trends were visualized using line plots showing both normalized and raw counts over time.

Results
hEDS is more prevalent than previously recorded

As shown in Table 1, we calculated the prevalence of hEDS using both hEDS and unspecified EDS diagnoses together
as one cohort and hEDS diagnoses alone as the other cohort. Using the full hREDS cohort described in the Methods, we
calculated a prevalence of 0.127% or 1 in 788 (95% Cl, 1 in 778, 1 in 798) patients within the N3C Enclave. This rate is
substantially higher than current estimates (~1 in 3,100) [36]but consistent with prior findings in population-based studies,
such as those conducted in Wales [24]. Additionally, we found the prevalence for patients with a specified hEDS diagnosis
to be 1in 2,549 (95% CI 1in 2,494, 1 in 2,607), still higher than previously reported.

hEDS cohort demographics: diagnosed patients are mostly white, non-Hispanic females aged 25-45

Table 2 presents the demographic characteristics of the hEDS cohort. The majority of diagnosed patients were female
(84.21%), White (88.33%), and non-Hispanic (90.53%). Nearly half (48.97%) were aged 26—45. These findings are con-
sistent with previous reports on hEDS epidemiology [24]. A matched control cohort had a similar demographic distribution
based on propensity matching, as shown in S3 Table.

Patients with hEDS have higher Long COVID rates despite similar SARS-CoV-2 infection rates

To assess the relationship between hEDS and COVID-19 outcomes, we first compared rates of documented SARS-CoV-2
infection and Long COVID between patients with hEDS and propensity-matched controls, shown in Fig 3a. Using the
OMOP concept for confirmed COVID-19 infection (ID:37311061), we found that 9,675 (38.4%) individuals in the hEDS
cohort had evidence of COVID-19 in their EHR, compared to 10,370 (41.2%) in the matched control group, indicating sim-
ilar infection rates between the two populations. However, rates of Long COVID were markedly different. Using the OMOP
identifier for Long COVID (ID:705076), 1,008 (4.0%) of patients with hEDS had documentation of Long COVID, compared
to only 359 (1.4%) matched controls, representing a 2.8-fold higher proportion of Long COVID cases than controls.

Table 1. hEDS Prevalence Estimation. We estimated the point prevalence of hEDS within our
database and recorded a 95 percent confidence interval (Cl) by using the number of cases (25,152
and 7,786) with full demographic information. To calculate the 1 in X we took the inverse of the
prevalence calculated.

Cohort (N) Prevalence (95% Cl) 1in X (95% ClI)
hEDS +Unspecified EDS (25,152) 0.127% (0.125% - 0.129%) 1in788 (1in778-1in 798)
Only hEDS (7,786) 0.039% (0.038% - 0.040%) 1in 2,549 (1in 2,494 - 1 in 2,607)

https://doi.org/10.1371/journal.pdig.0001707.t001
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Table 2. hEDS Cohort Demographics. hEDS patient population in N3C is majority white, non-
Hispanic, females, with an age range of 25-45 primarily. American Indian or Alaska Native =Al/AN.
Native Hawaiian or Other Pacific Islander=NH/PI.

hEDS Cohort Demographics ‘ n = 25,152 (%)
Sex

Female 21,180 (84.21)
Male 3,214 (12.78)
Other/Unknown 758 (3.01)
Ethnicity

Non-Hispanic 22,770 (90.53)
Hispanic 1,381 (5.49)
Other/Unknown 1,001 (3.98)
Race

White 22,218 (88.33)
Other/Unknown 1,778 (7.07)
Black 686 (2.73)
Asian 257 (1.02)
Al/AN 175 (0.7)
NH/PI 38 (0.15)

Age

0-17 2,009 (7.99)
18-25 3,857 (15.33)
26-35 6,975 (27.73)
36-45 5,342 (21.24)
46-55 3,496 (13.9)
56-65 2,040 (8.11)
66-75 1,052 (4.18)
76-100 381 (1.51)

https://doi.org/10.1371/journal.pdig.0001707.t002

We then assessed COVID-19-related outcomes and treatments across both groups (Fig 3b). All odds ratios were
evaluated using conditional logistic regression, with multiple testing controlled using Benjamini—Hochberg false discovery
rate correction. Odds ratio (OR) estimations confirmed that patients with hEDS had substantially higher odds of receiving
a Long COVID diagnosis (OR = 2.88, 95% CI: 2.55-3.26) and attending a Long COVID specialty clinic (OR = 2.98, 95%
Cl: 2.18-4.08). While the odds of having a confirmed COVID-19 diagnosis were not elevated in patients with hEDS (OR
=0.89, 95% CI: 0.86-0.92; q 6.4 &%), the odds of being classified as a “possible COVID-19 case” based on symptoms or
testing history were substantially higher (OR = 2.93, 95% CI: 2.44-3.51).

Treatment-related data revealed increased odds for the use of COVID antiviral therapies among patients with hEDS.
Specifically, the odds of receiving Paxlovid were over 2 times higher in patients with hEDS than controls (OR = 2.05, 95%
Cl:1.89-2.21). In contrast, patients with hEDS had significantly lower odds of Remdesivir use (OR = 0.63, FDR=3.2e-

6), positive PCR test (OR = 0.69, FDR<1e-10), positive antibody test (OR = 0.69, FDR <1e-10), pneumonia following
COVID-19 (OR = 0.66, FDR=2.1e-6), and death (OR = 0.43, FDR<1e-10). All the associations described above remain
statistically significant after the FDR correction. These results suggest that while patients with hEDS are not more likely to
contract COVID-19 than matched controls, they are substantially more likely to develop post-acute sequelae, to receive
targeted antiviral therapies, and to seek specialized care for Long COVID.
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Timing of hEDS diagnosis relative to COVID-19 infection

To understand how COVID infection rates related to hEDS diagnosis in our cohort, we grouped the hEDS patients into
timing categories: those diagnosed before COVID-19, more than 6 months after COVID-19, or within 6 months after
COVID-19, as shown in Table 3. While most hEDS patients had a diagnosis prior to a COVID-19 infection (63%), a sub-
stantial fraction was diagnosed after COVID-19 (27%). In this group, COVID-19 may act as a trigger for clinical recogni-
tion. The 10% of patients diagnosed with hEDS within six months of a COVID-19 infection likely represent a subgroup with
increased diagnostic acceleration, spikes in healthcare utilization, and Long COVID workups.

Temporal trends in first hEDS diagnoses across the COVID-19 pandemic

Next, we wanted to assess temporal trends of hEDS diagnoses in relation to COVID infection and how this changed over
time during the COVID-19 pandemic. In raw counts, distinct temporal patterns were observed across COVID-19 exposure
groups (Fig 4a). The first recorded hEDS diagnoses among patients whose diagnosis occurred before COVID-19 infec-
tion declined over time, while diagnoses following COVID-19 infection increased. Patients without documented COVID-19
consistently accounted for the largest number of hREDS diagnoses, with counts remaining relatively stable early in the
study period and gradually declining thereafter. When stratified by Long COVID status, similar directional patterns were
observed, although absolute diagnosis counts were substantially lower (Fig 4b).

To assess the extent to which these temporal shifts could be explained by changes in healthcare utilization during the
pandemic, hEDS diagnoses were normalized to encounter frequency. After adjustment, hEDS diagnosis rates per 1,000
encounters remained consistent over time and showed no meaningful differences by COVID-19 timing or Long COVID
status. Despite varying raw count trajectories across groups, encounter-adjusted diagnosis rates did not increase over
time following COVID-19 or Long COVID.

Patients with hEDS are more likely to receive a diagnosis after COVID-19 and Long COVID when comorbid
conditions are present

Next, we aimed to assess whether patients with immune (MCAS), autonomic (POTS), or fatigue-related (ME/CFS)
comorbidities had significant effects on the timing of hEDS diagnosis when COVID-19 infection or Long COVID devel-
oped. Among patients with hEDS who experienced COVID-19 or Long COVID (N=9,675 and 1,008, respectively), the
likelihood of receiving an hEDS diagnosis was highest in those with autonomic dysfunction (POTS) or immune dysregu-
lation (MCAS), followed by those with chronic fatigue (ME/CFS). Kaplan-Meier curves (Fig 5a—5b) show that patients with
POTS or MCAS reached a considerably higher cumulative incidence of hEDS diagnosis after infection, whereas ME/CFS
was associated with a more moderate increase. Log-rank tests showed significant differences between ME/CFS and all
other groups (p<0.001), while differences between POTS and MCAS were not statistically significant (p>0.1). Detailed
day-specific cumulative incidences and all pairwise log-rank p-values are provided in S6 Table. Patients with hEDS but

Table 3. Diagnostic Timing of hEDS Diagnosis and COVID-19 Infection. Among 9,445 individuals
with both hEDS and COVID-19 infection, 63% of them had a documented hEDS diagnosis prior to
COVID-19 infection, while 27% received their first hREDS diagnosis after infection, including 10%
within six months. *This number differs from the total calculated COVID positive hEDS patients
because some are missing infection dates and therefore not captured in this calculation.

Timing Group N=9,445* (%)
hEDS within 6 months after COVID-19 933 (10)
hEDS more than 6 months after COVID-19 2547 (27)
hEDS before COVID-19 5965 (63)

https://doi.org/10.1371/journal.pdig.0001707.t003
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First hEDS diagnoses over time relative to COVID (adjusted for encounters)
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Fig 4. Monthly first hEDS diagnoses over time (adjusted per encounters+raw counts). To assess diagnostic rates of hEDS relative to COVID-19
infection, we assessed both raw counts and per-encounter frequency (per 1,000 encounters) over time. 4a shows the first hEDS diagnosis relative to
COVID-19 infection (after, before, never). 4b shows the first hEDS diagnosis relative to the development of Long COVID (after, before, never). When
adjusted for encounter frequency, there is no change in hEDS diagnosis rate based on COVID-19 infection status or Long COVID development.

https://doi.org/10.1371/journal.pdig.0001707.9004

without these comorbidities had substantially lower cumulative incidence. These patterns suggest that overlapping symp-
tom syndromes contribute to diagnosis risk, but POTS and MCAS appear to be the strongest factors driving faster or more
frequent hEDS identification. Overall, these results indicate that the elevated likelihood of an hEDS diagnosis following
COVID-19 or Long COVID is concentrated among patients with comorbid POTS or MCAS, rather than occurring uniformly
across the hEDS population.

To statistically evaluate these findings, we also performed a Cox proportional hazards sensitivity analysis restricted
to individuals without hEDS prior to COVID-19 infection. We found that documented POTS and MCAS were associated
with significantly higher hazards of subsequent hEDS diagnosis (HR 2.95, 95% CI 2.65-3.28; HR 2.06, 95% CI 1.82-2.33,
respectively). ME/CFS was not independently associated with post-COVID hEDS diagnosis (HR 1.08, 95% CI 0.97 - 1.19).
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Fig 5. Cumulative incidence plots show that patients with hEDS have a higher likelihood of receiving a diagnosis after an acute post-viral
infection with complications when comorbidities are present. Cumulative incidence plots demonstrate that patients with hEDS face an increased
chance of receiving a diagnosis following an acute post-viral infection and experience a greater risk of complications when comorbid conditions are
present. Panels show the cumulative incidence of receiving an hEDS diagnosis after COVID-19 infection (5a) or Long COVID (5b). Time is measured in
days from the index event, COVID-19 diagnosis, and the cumulative incidence was estimated using the Kaplan-Meier method. Shaded regions represent
95% confidence intervals.

https://doi.org/10.1371/journal.pdig.0001707.9005

Absence of documented comorbidities correlated with a lower hazard of hEDS diagnosis during follow-up (HR 0.43, 95% CI
0.39 - 0.48). These results align with the cumulative incidence patterns shown by the Kaplan-Meier curves, indicating that
autonomic dysfunction and immune dysregulation are the primary factors driving accelerated hEDS diagnosis following
COVID-19, while chronic fatigue alone does not significantly increase diagnostic likelihood (Table 4).

Long COVID is more common in patients with hEDS who also have comorbid MCAS, POTS, and ME/CFS

To explore the connection between common comorbidities and Long COVID in patients with hEDS, we examined the
prevalence and co-occurrence of MCAS, POTS, and ME/CFS among hEDS patients who developed Long COVID and
compared these patterns to their overall occurrence in the hEDS population (Fig 6, S5 Table). Among hEDS patients who
developed Long COVID, POTS was the most prevalent comorbidity (42.7%), followed by ME/CFS (42.0%) and MCAS
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Table 4. Cox Proportional Hazards Sensitivity Analysis. Hazard ratios were estimated using Cox
proportional hazards models adjusted for all listed covariates. HR>1 indicates higher hazard of
post-COVID hEDS diagnosis.

Covariate Hazard Ratio (HR) 95% CI p-value
MCAS 2.06 1.82-2.33 <0.005
POTS 2.95 2.65-3.28 <0.005
ME/CFS 1.08 0.97-1.19 0.15
No Comorbidities 0.43 0.39-0.48 <0.005

https://doi.org/10.1371/journal.pdig.0001707.t004

(25.3%) (Fig 6a). Multimorbidity was common in this group. MCAS and POTS co-occurred in 19.3% of Long COVID

cases, MCAS and ME/CFS in 14.1%, and POTS and ME/CFS in 21.8%. Notably, 11.9% of hEDS patients with Long

COVID had diagnoses of all three conditions. When compared to the overall prevalence of these comorbidities in the
entire hEDS cohort (Fig 6b), patients with Long COVID showed a significant increase in both individual comorbidities
and multi-system overlap. Although MCAS, POTS, and ME/CFS were present in the broader hEDS population, their

co-occurrence was substantially less frequent outside of the Long COVID subgroup.

We also assessed these patterns among COVID-19—positive hEDS patients regardless of Long COVID status and
found similar, though less significant, enrichment of comorbidities (S1 Fig). This suggests that a higher burden of multisys-
tem comorbidities is more strongly linked to the progression to Long COVID rather than to SARS-CoV-2 infection alone.
In contrast, these comorbid conditions were rare among control patients without hEDS, irrespective of Long COVID status
(Fig 6b). ME/CFS was the only condition observed in more than 20 control patients, affecting about 4% of controls, while
all other single or combined comorbidity patterns were infrequent. Among control patients with Long COVID, 22.8% had a
diagnosis of ME/CFS.

Together, these results indicate that Long COVID in hEDS is characterized by a high load of autonomic, immune, and
fatigue-related comorbidities, with significant multimorbidity enrichment compared to the broad hEDS population, high-
lighting a role for multisystem vulnerability in post-viral sequelae.

hEDS is associated with elevated risk factors for Long COVID and severe infection

To determine whether patients with hEDS are more susceptible to clinical conditions that increase the risk for severe
COVID-19 outcomes and Long COVID, we compared ORs for various conditions between the hEDS cohort and matched
controls using conditional logistic regression with Benjamini—Hochberg false discovery rate correction (Fig 7a). Patients
with hEDS exhibited significantly increased odds for several diagnostic categories previously associated with worse
outcomes after COVID-19 infection. All associations described below remain statistically significant after FDR correction
(9<0.05).

Among the most striking associations were diagnoses categorized under sequelae of infectious disease, most
commonly coded using B94.8, which was frequently used to document post-viral complications including early Long
COVID, and were more common in the hEDS group (OR = 2.41; 95% CI: 1.90-3.05). Patients with hEDS were also
substantially more likely to have diagnoses of rheumatologic diseases (OR = 2.09; 95% CI: 1.97-2.21) and autoimmune
disorders (OR = 2.05; 95% CI:1.94-2.15), both of which have been associated with increased risk of post-viral syndromes
and pro-inflammatory responses to infection.

Chronic lung diseases were significantly elevated among patients with hEDS (OR = 1.96; 95% CI:1.88-2.04), as were
cerebrovascular disease (OR = 1.11; 95% Cl:1.03-1.20; q=9.8 10-%), potentially reflecting underlying connective tissue
fragility in vascular and pulmonary systems. Psychosocial and treatment-related risk factors also showed increased odds,
including depression (OR = 2.23; 95% Cl:2.15-2.32) and systemic corticosteroid use (OR = 2.10; 95% CI: 2.02-2.19). A
smaller but not statistically significant elevation was observed for thalassemia (OR = 1.63; 95% ClI: 1.02-2.61; g=0.069).
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Fig 6. Higher prevalence of comorbid conditions in patients with hEDS who develop Long COVID. Prevalence rates are reported for commonly
recognized comorbid conditions in hEDS (25,152) and in those developing Long COVID (1,008) as well as controls (25,152) and (359), respectively.
Prevalence rates for condition combinations are also shown. To protect patient confidentiality, counts fewer than 20 are listed as <20 or left blank. The
prevalence of comorbid conditions is higher in patients with hEDS who develop Long COVID, indicating that having these comorbidities may be risk
factors for developing Long COVID.

https://doi.org/10.1371/journal.pdig.0001707.9006

Finally, peptic ulcers were significantly elevated in patients with hEDS (OR = 1.54; 95% ClI: 1.39-1.70). In contrast, several
traditional risk factors for COVID-19 severity, such as diabetes, hypertension, liver disease, HIV, and cancer, did not show
significant enrichment among patients with hEDS.
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Conditional ORs of hEDS Cohort for Other Health Conditions
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Fig 7. Patients with hEDS have increased odds related to COVID-19 categories. (7a) Odds ratios (ORs) with 95% confidence intervals (Cls) are
shown for COVID-19-related diagnostic categories and known risk factors for severe infection in patients with hEDS compared to matched controls.
Multiple testing was addressed using Benjamini—-Hochberg false discovery rate correction; FDR-adjusted q values are shown in the figure. Patients with
hEDS demonstrated elevated odds for several infectious and chronic conditions, as well as commonly co-occurring hEDS conditions. (7b—e) Raw counts
of top contributing diagnoses within selected enriched categories are shown: (7b) rheumatologic disease, (7¢) immunocompromised/autoimmunity,

(7d) chronic lung disease, and (7e) cerebrovascular disease. All patient counts fewer than 20 are reported as “<20” to protect confidentiality. Additional
contributing conditions are shown in S4 Fig.

https://doi.org/10.1371/journal.pdig.0001707.9g007

To further characterize the source of elevated odds, we examined condition-level data to identify the specific diagnoses
that most strongly contribute to each risk category (Fig 7b—e). The sequelae of infectious disease were primarily linked
to ICD code B94.8, with 233 patients with hEDS having this code versus 97 controls. The rise in rheumatologic disease
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among patients with hEDS was largely driven by Sjogren’s syndrome (1,078 hEDS vs. 214 controls), rheumatoid arthritis
(807 vs. 493), and systemic lupus erythematosus (680 vs. 246), along with contributions from thoracic spondylosis and
psoriatic arthritis. In the autoimmunity category, autoimmune thyroiditis (1,284 vs. 505) and immunodeficiency disorders
(1,204 vs. 870) were the most prevalent. The increased odds of chronic lung disease were largely due to asthma and
chronic obstructive pulmonary disease (COPD). For cerebrovascular disease, carotid artery obstruction and cerebral
aneurysms were among the most common diagnoses.

These findings reveal that patients with hEDS carry a heightened burden of pre-existing conditions linked to worse viral
outcomes and suggest a greater biological vulnerability to severe infection and persistent post-viral syndromes such as
Long COVID. Additional condition-level details are available in S4 Fig.

Discussion

In this study, we found that the prevalence of hEDS in the N3C cohort is approximately 1 in 800 individuals, which is
higher than earlier estimates, though this may reflect both growing clinical awareness of hEDS and characteristics of

the N3C cohort. To our knowledge, this represents the first large-scale, multi-site characterization of hEDS in the United
States using real-world EHR data. Clinical validation through chart review was not possible, limiting interpretation; false
positives or misclassifications could occur due to rule-out diagnoses being coded as confirmed, post-2017 criteria expan-
sion, or diagnostic substitution during the Long COVID era. Future research should include chart-based validation to
confirm these findings. Given the complexity and under-recognition of hEDS, the true prevalence is likely even higher,
reinforcing the need for increased clinical awareness, diagnostic support tools, and further prevalence studies in other
populations. Further characterization of the hEDS cohort revealed a common demographic profile of White, non-Hispanic
females between the ages of 25—45, consistent with prior studies [24]. While this may reflect actual patterns of disease
distribution, it might also indicate disparities in access to specialty care and diagnosis. More research is needed to under-
stand demographic differences in symptom presentation, care-seeking behavior, and clinical recognition, as well as to
identify and support underserved populations who may be at risk for missing diagnoses.

In examining the relationship between hEDS, COVID-19, and Long COVID, we found that while rates of confirmed
COVID-19 infection were similar between patients with hEDS and matched controls, patients with hEDS exhibited signifi-
cantly higher odds of Long COVID diagnoses and Long COVID-related clinic visits. Despite similar rates of acute infection,
patients with hEDS were nearly three times more likely to receive a Long COVID diagnosis, indicating that hEDS elevates
risk specifically for the post-acute phase of illness rather than for infection itself. We also observed elevated use of ICD-10
code B94.8, “sequelae of infectious disease,” in patients with hEDS, which was widely used as a proxy for Long COVID
prior to the release of a dedicated Long COVID code (U09.9) in late 2021. However, this code was also often applied to
pre-existing post-viral symptoms, highlighting limitations of code-based inference. Further follow-up of the timing of this
diagnostic code is necessary to reach a definitive conclusion. Overall, these findings establish that patients with hEDS
carry a substantially elevated burden of Long COVID relative to matched controls, a pattern that holds whether cases are
identified through the dedicated Long COVID code or the broader B94.8 sequelae code.

We also found that patients with hEDS were more likely to receive Paxlovid but significantly less likely to receive Rem-
desivir and had lower odds of pneumonia and death following COVID-19. This pattern is consistent with earlier outpatient
antiviral treatment preventing progression to more severe iliness, differences in provider prescribing practices, or the
relative accessibility of oral versus intravenous therapies. Paxlovid became available in late 2021, as awareness of Long
COVID risk increased, so clinicians may have preferentially prescribed it to patients with known chronic conditions such
as hEDS. Further investigation into hospitalization and ICU admission rates would help clarify these patterns.

Increases in hEDS diagnoses during the COVID-19 pandemic raise the question of whether these trends reflect true
changes in disease recognition or are an artifact of increased healthcare utilization. Although raw diagnosis counts
showed different patterns over time across COVID-19 exposure groups, encounter-adjusted hEDS diagnosis rates
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remained stable and did not vary by COVID-19 or Long COVID status. This stability indicates that COVID-19 exposure did
not alter the probability of receiving an hEDS diagnosis at any given clinical encounter. The increase in raw counts among
post-COVID patients is therefore driven by encounter volume rather than a shift in diagnostic yield per visit, which specif-
ically argues against a model in which clinicians became more likely to diagnose hEDS at a given visit following COVID-
19. This does not, however, distinguish between passive healthcare-seeking unrelated to hEDS and symptom-driven
care-seeking in patients whose hEDS was biologically triggered or worsened by COVID-19, since both pathways would
produce the same pattern of increased encounter volume without a corresponding rise in per-visit diagnostic yield. Distin-
guishing definitively between these explanations would require additional studies in future work. Residual bias related to
encounter type, referral patterns, or coding practices also cannot be excluded.

Comorbid conditions commonly observed in hEDS, including MCAS, POTS, and ME/CFS, were significantly more
prevalent in patients with hEDS with Long COVID than in those without. While these comorbidities were less common in
patients with hEDS who contracted COVID-19 compared to those who did not, some COVID-19 infections might have
gone unrecorded due to home testing or incomplete charting. Notably, cumulative incidence analyses revealed that hEDS
diagnoses were more likely to occur after a COVID-19 or Long COVID diagnosis, particularly among patients with MCAS
and POTS. Taken together with the comorbidity enrichment noted above, this suggests that MCAS and POTS mark a sub-
group of patients with hEDS who are both more likely to be diagnosed following infection and more likely to develop Long
COVID, consistent with these conditions conferring added vulnerability to prolonged post-viral iliness.

Nearly all patients with hEDS with MCAS who were later diagnosed with hEDS received that diagnosis after a COVID-
19 infection, as did most patients with comorbid POTS. This pattern is consistent with a growing body of evidence that
hypermobile connective tissue disorders predispose individuals to immune dysregulation through mast cell activation and
to autonomic instability through dysautonomia, both of which can be provoked or worsened by viral infection and could
prompt clinical recognition of an underlying, previously unidentified connective tissue disorder [37]. It is equally consis-
tent with an ascertainment pathway, in which patients already managing MCAS- or POTS-related symptoms have more
frequent contact with the healthcare system following infection, increasing the likelihood that a pre-existing but uncoded
hEDS presentation is captured in the record. Conversely, the cumulative incidence of COVID-19 or Long COVID after an
hEDS diagnosis was lower, suggesting that while hEDS does not appear to increase susceptibility to infection, it raises the
risk of developing prolonged post-viral complications.

In addition to vulnerabilities specific to Long COVID, we observed significantly higher odds for a variety of chronic
conditions in the hEDS cohort, including rheumatologic disease, autoimmune disease, chronic lung disease, cerebrovas-
cular disease, depression, systemic corticosteroid use, and peripheral vascular disease. Peptic ulcers, which are less
commonly reported in hEDS, were also significantly elevated and may reflect a true comorbidity, coding artifact, or mis-
classification, and further investigation is needed. Thalassemia showed a similar direction of effect (OR = 1.63, 95% ClI:
1.02—-2.61) but did not remain statistically significant after FDR correction (q=0.069) and should not be interpreted as an
established association. The increased use of systemic corticosteroids is also notable because they may negatively affect
the integrity of the connective tissue; such treatments may precede hEDS diagnosis or exacerbate undiagnosed symp-
toms, leading to a diagnostic investigation, though causal interpretation is speculative.

Limitations

Misclassification is an inherent limitation of registry-based analyses of hEDS. Dysautonomia, POTS, MCAS, and nonspe-
cific EDS codes may be inconsistently or incorrectly recorded as hEDS, especially during periods of healthcare disruption
such as the COVID-19 pandemic. Additionally, differences in coding practices between institutions and incomplete longitu-
dinal documentation can lower diagnostic accuracy, even when using established code-based definitions.

COVID-19 infection rates declined over time, consistent with population-level trends related to vaccination, prior
immunity, and changes in testing practices. Identification of Long COVID is inherently dependent on prior SARS-CoV-2
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infection; however, COVID-19 infections may be under-ascertained or inconsistently documented in EHR data, particularly
for early-pandemic or externally tested cases. This likely results in misclassification and underestimation of Long COVID
incidence.

Certain rare diagnoses, such as vertebral tuberculosis, were identified in the dataset but are not shown in figures or
analyses. Upon review, these codes originated from multiple clinical sites with no consistent pattern, and the observed
associations were implausibly high considering how rare vertebral tuberculosis is in the U.S. We believe these entries are
likely coding errors or misclassifications (e.g., lower back pain coded as vertebral tuberculosis). Because we cannot inter-
pret these data reliably, they were excluded from the figures and analyses, which highlights a limitation of relying solely on
diagnosis codes.

The comparable condition analyses are limited, as the selection of alternative disorders is restricted by both sample
size and co-occurrence with hEDS. Future work is needed to validate findings using larger or more diverse comparator
groups. Chart-level validation of hEDS diagnoses and a comparator cohort unrelated to connective tissue pathology
would be required to formally separate the biological-unmasking and ascertainment explanations for our timing
findings. Separately, several protective-direction associations in the matched comparison itself including lower odds
of death (OR = 0.43), pneumonia (OR = 0.66), and positive PCR testing (OR = 0.69) among patients with hEDS, are
large enough to suggest residual differences in baseline health, testing behavior, or surveillance intensity between the
matched cohorts, despite matching on demographics, healthcare utilization, and site. This bears on the interpretive
weight of the matched-cohort associations reported throughout the manuscript, including those in Figs 3 and 7. In the
absence of chart validation, an independent comparator, and full assurance of cohort comparability, we interpret all
matched-cohort findings, including the diagnostic-timing results, as descriptive and hypothesis-generating rather than
causal.

Cox and time-to-event analyses also have important limitations. Comorbid conditions were defined based on docu-
mentation at any time during follow-up and therefore may occur after the COVID-19 index date or after hEDS diagnosis;
as such, these variables should be interpreted as markers of phenotypic clustering and healthcare interaction rather than
temporally ordered risk factors. Covariates were modeled as fixed indicators rather than fully time-varying exposures.
Administrative censoring was based on the latest available data cutoff and may vary across individuals. Diagnostic timing
reflects documentation rather than true disease onset, and residual confounding by healthcare utilization is likely.

Additional limitations include the inability to review charts and validate diagnoses clinically, which prevents confirmation
of true hEDS status. Date-shifting in N3C can introduce potential measurement error for short-term temporal analyses,
although person-level ordering of events preserves the relative timing of COVID-19 exposure and hEDS diagnosis. Finally,
rare conditions and post-infection outcomes should be interpreted carefully, as higher odds may reflect coding artifacts,
healthcare utilization patterns, or residual confounding rather than actual biological susceptibility.

Conclusions

This study presents the largest real-world characterization of hEDS in the United States to date, using a harmonized,
multi-institutional electronic health record dataset. We estimate the prevalence of hEDS to be approximately 1 in 800 indi-
viduals, indicating the condition is far more common than previously thought and remains significantly underdiagnosed.

Despite similar rates of COVID-19 infection, patients with hEDS were nearly three times more likely to develop Long
COVID, and this risk was concentrated among those with comorbid MCAS, POTS, and/or ME/CFS. Patients with hEDS
also carried significantly elevated rates of rheumatologic, autoimmune, and cerebrovascular disease, underscoring the
systemic complexity of hEDS and its potential interactions with immune and autonomic pathways. Cumulative incidence
analyses revealed that a subgroup of hEDS diagnoses occurred after COVID-19 and Long COVID, with the highest rates
among patients with POTS and MCAS, conditions rooted in autonomic and immune dysregulation. In these cases, a viral
infection may mark the inflection point for the clinical recognition of a connective tissue disorder.
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These findings highlight the need for integrated, multidisciplinary care models for individuals with hEDS, particularly in
the context of post-viral syndromes like Long COVID. Increased clinical awareness, better diagnostic strategies, and more
research into the pathophysiological overlap between hEDS and viral infections are essential to ensure timely diagnosis,
management, and support for this vulnerable patient population.

Code availability and reproducibility

The full analysis pipeline, including Spark SQL, R, and Python nodes executed in the N3C Enclave, is publicly available
at GitHub and archived on Zenodo (https://doi.org/10.5281/zenodo.18508715). The repository documents execution
order, cohort definitions, and N3C-specific implementation details. All analyses are deterministic given the same N3C data
release and approved access.

Supporting information

S1 Table. OMOP concept IDs used for cohort definitions. Listed are condition-level OMOP concept identifiers used to
define hEDS, other Ehlers-Danlos syndrome subtypes, MCAS, POTS, ME/CFS, COVID-19, and post-acute COVID-19
(Long COVID).

(DOCX)

S2 Table. Logic Liaison conditions. Listed are Logic Liaison—derived condition, diagnosis, medication, and laboratory
codeset identifiers used to define comorbidities, COVID-19-related outcomes, treatments, and testing status in the study.
(DOCX)

S3 Table. Covariates of Cases and Controls. Showing raw counts for categorical variables between cases (hEDS) and
controls. Continuous variables are averaged, with standard deviation shown. All counts <20 are shown as such for patient
protection. Data partner IDs are obfuscated for clinical site protection.

(DOCX)

S4 Table. Odds ratio values and statistics. This table presents the odds ratios (ORs) and 95% confidence intervals
(Cls) for each condition comparing patients with hEDS to matched controls. FDR-adjusted g-values are also provided

to account for multiple testing across all conditions. ORs with q<0.05 are considered statistically significant after false
discovery rate correction. Analyses were performed using conditional logistic regression accounting for matched pairs and
healthcare utilization.

(DOCX)

S5 Table. Prevalence Rates of Comorbidities Segmented by Long COVID Flag. This table shows the prevalence of
individual comorbidities and their combinations among patients stratified by hEDS diagnosis (EDS flag) and Long COVID
status (Long COVID flag). Prevalence is reported as the proportion of patients with each condition within the respective
subgroup. Combinations of comorbidities are included to highlight patterns of co-occurrence. These data provide context
for phenotypic clustering and potential interactions between hEDS and Long COVID.

(DOCX)

S6 Table. Cumulative incidence of hEDS diagnoses by comorbidity group and index condition. This table presents
cumulative incidence (%) of hEDS diagnoses at 180, 365, and 730 days for patients stratified by comorbidity group (POTS,
MCAS, ME/CFS, or none) and index condition (COVID-19 or Long COVID). Log-rank p-values are shown for pairwise com-
parisons between each comorbidity group and reference groups. A dash (“-") indicates comparison with the same group.
These data provide insight into the temporal patterns of hEDS diagnosis across comorbidities and infection status.

(DOCX)
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S1 Fig. Prevalence of comorbid conditions in COVID-19 patients by hEDS status. Bar heights represent the preva-
lence of commonly reported comorbid conditions among patients with hEDS and COVID-19 (n=25,152) versus matched
controls with COVID-19 (n=25,152). Prevalence for combinations of conditions is also shown. To protect patient confi-
dentiality, counts fewer than 20 are reported as <20 or left blank. Overall, patients with hEDS exhibit higher prevalence of
these comorbidities, suggesting that pre-existing conditions may contribute to risk of complications following COVID-19.
(DOCX)

S2 Fig. Interrupted time series of monthly hEDS diagnosis counts (2018—2026). Monthly counts of hEDS diagnoses
are shown from January 2018—-2026. The vertical dashed line indicates the start of the COVID-19 pandemic (January
2020), and segmented regression lines illustrate the trend before and after this interruption. This analysis allows visualiza-
tion of temporal changes in hEDS diagnoses over time and the potential impact of the pandemic on diagnostic patterns.
(DOCX)

S3 Fig. Cumulative incidence plots show patients with hEDS have higher likelihood of receiving a diagnosis

after an acute post viral infection with complications when comorbidities are present. Cumulative incidence plots
demonstrate that patients with hEDS have a higher likelihood of receiving a diagnosis following acute post-viral infection
and experience greater risk of complications when comorbid conditions are present. Panels 3a and ¢ show the cumulative
incidence of receiving an hEDS diagnosis after COVID-19 infection (3a) or Long COVID (3c). Panels 3b and d assess

the cumulative incidence of developing either a COVID-19 infection (3b) or Long COVID (3d) after receiving an hEDS
diagnosis. Time is measured in days from the index event (e.g., COVID-19 diagnosis or hEDS diagnosis), and cumulative
incidence was estimated using the Kaplan-Meier method. Shaded regions represent 95% confidence intervals.

(DOCX)

S$4 Fig. Additional Top Charted Conditions. Raw counts of top contributing diagnoses of remaining categories are
shown: (4a) pulmonary embolism, (4b) peripheral vascular disease (4c) systemic corticosteroids (4d) depression, (4e)
peptic ulcer, and (4f) B94.8. All patient counts fewer than 20 are reported as “<20” to protect confidentiality.
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