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Abstract

IMPORTANCE Surveillance of postacute sequelae of SARS-CoV-2 infection (PASC) depends on
diagnostic coding systems that capture fewer than one-half of affected individuals, rendering
millions invisible to health systems and policymakers.

OBJECTIVE To quantify the gap between true PASC burden and diagnostic code-based estimates,
determine the proportion representing chronic disease, and characterize organ system
heterogeneity and temporal trends across diverse populations.

DESIGN, SETTING, AND PARTICIPANTS This retrospective cohort study used electronic health
record data from 58 hospitals and affiliated clinics in 4 US regions, from 2017 to 2025. Adults (aged
=18 years) with laboratory-confirmed SARS-CoV-2 infection or a COVID-19 diagnosis code were
included. A custom artificial intelligence algorithm, the Precision Phenotyping for Research Cohorts
(P2RC), was implemented using federated infrastructure.

EXPOSURE Laboratory-confirmed SARS-CoV-2 infection or COVID-19 diagnosis code.

MAIN OUTCOMES AND MEASURES The primary outcomes were PASC prevalence, the proportion
classified as chronic conditions, organ system distribution, and temporal trends from 2020 to 2024.
x2 Tests were used to assess organ system heterogeneity across regions, and negative binomial
regression was used to model quarterly temporal trends, yielding incidence rate ratios (IRRs) with
95% Cls.

RESULTS In this cohort study of 457 950 COVID-19 cases (mean age, 52.05 years; 275 107 [60.07%]
female), the P2RC algorithm identified 74 560 PASC cases (16.28% overall; 28 585 [18.58%] in New
England, 978 [19.55%] in Southeast Texas, 10 534 [22.69%] in Southern California, and 34 463
[13.64%] in Western Pennsylvania), more than 2-fold higher than the proportion identified by code-
based surveillance (<7%). Of 883 International Statistical Classification of Diseases, Tenth Revision,
Clinical Modification codes associated with PASC, 594 (67.27%) represented chronic or potentially
chronic conditions. Of 74 560 patients with PASC, 66 587 (89.31%) developed chronic conditions
requiring ongoing clinical management; this represents 14.54% of the total number of 457 950
patients with COVID-19. Substantial organ system heterogeneity was observed (x? = 2504.73;

P < .001): New England demonstrated thyroid-predominant endocrine patterns, while Southeast
Texas, Southern California, and Western Pennsylvania showed metabolic-predominant profiles.
Negative binomial regression revealed increasing PASC prevalence through mid-2024 (IRR per
quarter, 1.01[95% Cl, 1.00-1.01; P < .001] in New England; 1.00 [95% CI, 1.00-1.01; P < .001] in
Southern California; and 1.02 [95% Cl, 1.01-1.02; P < .001] in Western Pennsylvania), indicating an
accumulating rather than resolving burden.

(continued)

Key Points

Question What is the true burden of
chronic disease following COVID-19, and
why does current surveillance fail to
captureit?

Findings In this cohort study of

457 950 patients with COVID-19 across
58 hospitals, validated computable
phenotyping identified postacute
sequelae of SARS-CoV-2 infection in
16.28% of cases, 2-fold higher than
diagnostic code-based surveillance. Of
identified manifestations, 89.31%
represented chronic conditions, with
prevalence increasing through
mid-2024.

Meaning These findings suggest that
approximately 1in 6 patients with
COVID-19 develops postacute sequelae,
predominantly chronic conditions
currently invisible to surveillance
systems, representing an accumulating
rather than resolving health

care burden.
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Abstract (continued)

CONCLUSIONS AND RELEVANCE |In this cohort study, approximately 1in 6 patients with COVID-19
developed PASC, and 89.31% of these patients had at least 1 chronic condition. Current diagnostic
coding captured fewer than one-half of the cases, obscuring a substantial chronic disease burden.
The persistently increasing prevalence through 2024 indicated an accumulating health care burden
requiring investment in surveillance infrastructure and integrated care pathways.

JAMA Network Open. 2026;9(5):€2614909. doi:10.1001/jamanetworkopen.2026.14909

Introduction

Large-scale, clinical practice data platforms have enabled population-level research on postacute
sequelae of SARS-CoV-2 infection (PASC), yet administrative claims data harbor inherent limitations,
including standardization losses during cross-institutional aggregation,’* demographic
missingness,”” and systematic ascertainment bias.° A fundamental challenge confronting PASC
surveillance is the marked discrepancy between prevalence estimates derived from clinical
assessments and those from administrative coding.'®'"> Meta-analyses estimate PASC prevalence at
43%,"3'* whereas diagnostic code-based analyses report substantially lower figures. The U09.9
code demonstrates particularly poor sensitivity (4.9%-19.0% across health systems),' with
population-level analyses finding it assigned to fewer than 1% of COVID-19 survivors.'®!” Given that
U09.9 underascertainment is well established, the critical question shifts from whether diagnostic
coding underestimates PASC to the true burden and the proportion that represents chronic disease
requiring sustained clinical management.

The public health implications are substantial. Patients with PASC demonstrate elevated health
care utilization, including increased specialist consultations and higher hospitalization rates (odds
ratio, 1.28; 95% Cl, 1.23-1.33).°> More critically, longitudinal studies reveal that PASC predominantly
manifests as chronic rather than self-limited illness. Systematic reviews demonstrate that 45% of
COVID-19 survivors experience unresolved symptoms at approximately 4 months,'® with 30%
reporting persistent symptoms at 24 months.'® This chronicity profile signals an emerging chronic
disease epidemic requiring sustained clinical management and health care infrastructure investment.

The Precision Phenotyping for Research Cohorts (P2RC) algorithm is a custom artificial
intelligence (Al) system that operationalizes World Health Organization case definitions through
transitive Sequential Pattern Mining of temporal electronic health record (EHR) sequences, achieving
80% precision with a prevalence estimate of 23%.2° Emerging evidence suggests PASC comprises
t,'219 although
whether these patterns vary systematically across health care settings and populations remains

multiple distinct endotypes characterized by predominant organ system involvemen

inadequately characterized. We conducted multisite implementation of the P2RC algorithm across 4
geographically and demographically diverse US regions to address 4 objectives: quantify true PASC
prevalence vs diagnostic code-based estimates, determine the proportion representing chronic
disease burden, delineate organ system heterogeneity patterns, and assess temporal trends
spanning 2020 to 2024 to distinguish accumulating vs resolving disease patterns.

Methods

Study Design and Setting

We conducted a retrospective, multicenter cohort study using EHR data from 4 US regions in the Evolve
to Next-Gen ACT (ENACT) network,?' including 12 hospitals in New England, 1 hospital in Southeast
Texas, 5 hospitals in Southern California, and 40 hospitals in Western Pennsylvania. All sites included
records from affiliated community health centers, outpatient clinics, and telemedicine encounters.
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This study was approved by the institutional review boards at participating institutions, with a
waiver of informed consent granted due to its retrospective design and the use of deidentified data.
This study followed the Strengthening the Reporting of Observational Studies in Epidemiology
(STROBE) reporting guidelines for cohort studies.

Study cohorts were defined using the ENACT cohort discovery platform, which provides a
harmonized ontology within the information for integrating biology and the bedside (i2b2) clinical
research framework.??2® Data were mapped to the Clinical Classifications Software Refined
(CCSR),>* aggregating International Statistical Classification of Diseases, Tenth Revision, Clinical
Modification (ICD-10-CM) and Procedure Coding System codes into clinically meaningful categories.
The ENACT loyalty score®® was used to select patients with sufficient data continuity. Only adults
(aged =18 years) were included. Race and ethnicity data were extracted from the EHR at each
participating institution, where classifications are derived from patient self-report at the time of
registration (ie, Asian, Black, Hispanic, White, unknown, or other, which includes American Indian or
Alaska Native, Native Hawaiian or Other Pacific Islander, Middle Eastern or North African, multiple
races, and other unspecified groups). Race and ethnicity are included in this study to characterize the
demographic diversity of the multisite cohort.

PASC Phenotype Definition

PASC cases were identified using the P2RC algorithm,?° which operationalizes the World Health
Organization case definition as a diagnosis of exclusion. COVID-19 was ascertained by a documented
positive PCR test or an ICD-10-CM diagnosis code. Records within 90 days of the first positive test
were grouped as a single infection episode. The algorithm uses transitive sequential pattern mining2®
to longitudinal EHR data to identify temporal symptom patterns occurring 3 or more months after
infection and persisting for 2 months or longer, while accounting for alternative diagnostic
explanations, through an attention mechanism that excludes sequelae explained by preexisting
conditions while including chronic conditions temporally associated with COVID-19. Validation
demonstrated 79.9% precision in identifying PASC cases.2° Open-source R code and implementation
guidelines are publicly available.?”

To improve case identification, we applied a clinical exclusion step to remove patients with
preexisting conditions unlikely to represent true PASC, thereby enhancing the specificity while
maintaining the algorithm'’s sensitivity for detecting genuine postacute manifestations. Among
confirmed PASC cases, a clinical expert (A.A.) classified each ICD-10-CM code into 4 chronicity
categories: definitively chronic, can be chronic, acute, and variable. Details of the classification
system and final ICD-10-CM codes are available in eTable 1in Supplement 1.

We did not separately quantify the prevalence of U09.9 codes at participating sites, as multiple
prior studies have established sensitivity below 20% across diverse health systems.'"” Our objective
was to estimate the true PASC burden through validated phenotyping, rather than redocumenting
the known limitations of diagnostic coding.

Multisite Implementation

Each region used the ENACT i2b2 framework to identify patients with laboratory-confirmed SARS-
CoV-2 infection or COVID-19 diagnosis codes (eFigure 1in Supplement 2). Diagnostic and procedure
codes were mapped to CCSR categories, and standardized variables were generated using identical
definitions across sites. Sites executed the phenotyping workflow locally and produced deidentified
aggregate outputs for pooled analysis while preserving local data governance.

Algorithm Validation Through Distributional Robustness

In the absence of site-specific EHR review, we assessed algorithm validity through distributional
robustness testing.282° Consistent performance across demographically divergent populations

3031 whereas systematic miscalibration would be expected to
manifest as divergent prevalence estimates across sites with different demographic compositions.>?

provides evidence of robustness,
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The 58 hospitals across 4 regions represent substantially different populations in terms of racial and
ethnic composition, comorbidity burden, and health care system scale, providing a rigorous test of
algorithm generalizability beyond the development site.

Statistical Analysis

Continuous variables are reported as mean (SD) and compared using analysis of variance. Categorical
variables are reported as counts and percentages and compared using x> tests. Standardized
residuals (SRes) from contingency tables identified organ systems driving distributional differences;
values exceeding 1.96 indicate significance at P < .05, values exceeding 2.58 indicate significance at

P < .01, and values exceeding 3.29 indicate significance at P < .001.

We calculated 95% Cls for prevalence using the exact binomial method. Cumulative PASC
prevalence was calculated as the running total of PASC cases divided by the total COVID-19 cases
through each quarter, expressed as a percentage. Temporal trends were modeled using negative
binomial regression with the natural logarithm of quarterly COVID-19 cases as an offset, yielding
incidence rate ratios (IRRs) with 95% Cls. Analyses were performed in R statistical software version
4.3.1(R Project for Statistical Computing).

Results

COVID-19 Population Statistics

The study included a total of 457 950 patients with COVID-19 (mean age, 52.05 years; 275 107
[60.07%] female), including 153 880 in New England, 5002 in Southeast Texas, 46 419 in Southern
California, and 252 649 in Western Pennsylvania (eTable 2 in Supplement 2). Patient age was similar
across 3 of the regions (mean [SD], 57.54 [12.29] years in Southeast Texas, 57.71[17.55] years in New
England, and 58.01[16.85] Southern California), while Western Pennsylvania had a notably lower
mean (SD) age of 4740 (24.27) years. The proportion of female patients was comparable across
sites: 57.88% (26 867 patients) in Southern California, 59.10% (149 316 patients) in Western
Pennsylvania, 62.22% (95 744 patients) in New England, and 63.57% (3180 patients) in Southeast
Texas. Marked differences in race and ethnicity distributions were observed: New England (116 110
patients [75.45%]) and Western Pennsylvania (206 098 patients [81.57%]) had the highest
proportion of White patients, Southeast Texas had the largest proportion of Black patients (1127
patients [22.53%]), and Southern California had the highest percentages of Asian (4905 patients
[10.57%]) and Hispanic (7395 patients [15.93%]) patients.

PASC Prevalence

Among COVID-19 cases, the P2RC algorithm identified 74 560 PASC cases (16.28% overall: 28 585
[18.58%] in New England, 978 [19.55%] in Southeast Texas, 10 534 [22.69%] in Southern California,
and 34 463 [13.64%] in Western Pennsylvania) (Table 1), which is consistent across 3 of the 4
regions, with Western Pennsylvania showing a notably lower prevalence. Compared with the overall
COVID-19 population, patients with PASC were older, had higher comorbidity burden, and were more
likely to be female. Race and ethnicity distributions among patients with PASC broadly mirrored
those of the overall COVID-19 population at each site.

Organ System Distribution

Systemic symptoms were the most common manifestations across all sites (22.58%-25.09%),
followed by respiratory (14.11%-19.09%) and gastrointestinal symptoms (13.28%-16.96%) (eFigure 2
in Supplement 2). Gynecologic and pelvic manifestations were least common (0.76%-1.38%).

The x2 analysis (Figure 1) revealed significant differences in organ system distribution across
regions (x> = 2504.73; P < .001) (eFigures 3-14 in Supplement 2 for each organ). Endocrine
manifestations provided the clearest window into this heterogeneity. Endocrine PASC was
underrepresented in New England (SRes = -34.0; P < .001) and overrepresented in Southeast Texas
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(SRes = 8.2; P < .001), Southern California (SRes = 17.8; P < .001), and Western Pennsylvania
(SRes =19.2; P <.001).

Compositional analysis revealed distinct phenotypic patterns (Figure 2). In New England,
pancreatic manifestations (predominantly abnormal glucose and hyperglycemia, with minimal
diabetes) represented 67.24% of endocrine cases and thyroid manifestations 32.76%, with
dyslipidemia essentially absent. Southeast Texas and Southern California showed stronger metabolic
predominance (pancreas: 87.25% and 81.02%; dyslipidemia: 1.47% and 8.01%; thyroid: 11.27% and
10.97%). Western Pennsylvania exhibited an intermediate pattern, with pancreatic manifestations
representing 74.09% of endocrine cases, thyroid 20.19%, and dyslipidemia 5.71%. Notably,
prediabetes was essentially absent in New England but was the leading pancreatic diagnosis in
Southeast Texas (58.99% of pancreatic cases), Southern California (73.04%), and Western
Pennsylvania (30.77%), whereas abnormal glucose predominated in New England (72.51% of
pancreatic cases). Thyroid PASC, predominantly hypothyroidism, was markedly overrepresented in
New England (SRes = 16.1; P < .001) (eFigure 8 in Supplement 2). Detailed phenotyping of other
organ systems is presented in eFigures 15 to 25 in Supplement 2.

Table 1. Demographic and Clinical Characteristics of PASC Cases Identified by the Algorithm Across 4 Regions

Cases, No. (%)

Southeast Southern Western
Characteristic New England Texas California Pennsylvania P value
PASC incidence 47827 (24.49) 1094 (5.35) 17240 (30.93) 52682(18.87) NA
Patients 28585(18.58) 978(19.55) 10534 (22.69) 34463 (13.64) NA
Age, mean (SD), y 61.06 (17.33)  59.48(14.62) 61.86(16.50) 55.12(22.81) <.001
Sex
Female 18257 (63.87)  645(65.95) 6325 (60.04) 21394 (62.08)
<.001
Male 10328 (26.13)  333(35.05) 4209 (29.96) 13069 (37.92)
Charlson Comorbidity Index score ~ 3.10 2.82 3.45 3.26 NA
No. of unique Clinical 36 38 53 52 NA
Classifications Software Refined
categories
Race
Asian 950 (3.32) 0 1036 (9.83) 370(1.07)
Black 2710 (9.48) 123 (12.58) 3376 (32.05) 50 (0.15) Abbreviations: NA, not applicable; PASC, postacute
Unknown 2570 (8.99) 235(24.03)  548(5.2) 2942 (8.54) <.001 sequelae of SARS-CoV-2 infection.
White 21593 (75.54) 499 (51.02) 3586 (34.04) 28860 (83.74) 2 Other race includes American Indian or Alaska
Other® 650 (2.27) 37(3.78) 1959 (18.6) 2220 (6.44) Native, Native Hawaiian or Other Pacific Islander,
= = — Middle Eastern or North African, multiple races, and
Hispanic ethnicity 1404 (4.91) 71(7.26) 1708 (16.21) 411(1.19) <.001

other unspecified groups.

Figure 1. Heat Map of x2 Analysis of Organ-Specific Postacute Sequelae of SARS-CoV-2 Infection Distribution Across 4 Regions (Rs)
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Chronic Disease Burden

Among 883 ICD-10-CM codes associated with PASC manifestations, 594 (67.27%) represented
chronic or potentially chronic conditions (356 [40.32%] definitively chronic and 238 [26.95%]
potentially chronic) with only 36 codes (4.07%) representing acute, self-limited conditions (eTable 1
in Supplement 1). The prevalence of chronic PASC varied across regions (Table 2): 17.02% of all
patients with COVID-19 in New England (26 185 of 153 880 patients), 15.43% in Southeast Texas (772
of 5002 patients), 19.88% in Southern California (9227 of 46 419 patients), and 12.03% in Western
Pennsylvania (30 403 of 252 649 patients), for a total of 66 587 patients, or 14.54% of 457 950
patients. Collectively, this suggests that 66 587 of 74 560 patients with PASC (89.31%) have
developed chronic conditions requiring ongoing clinical management.

Temporal Trends
Between quarter 2 of 2020 and quarter 2 of 2024, cumulative PASC prevalence showed slight
increases across all regions (Figure 3A). The prevalence reached 18.57% (95% Cl, 18.37%-18.76%) in
New England, 19.54% (95% Cl, 18.45%-20.67%) in Southeast Texas, 22.50% (95% Cl,
22.12%-22.89%) in Southern California, and 13.59% (95% Cl, 13.45%-13.72%) in Western
Pennsylvania.

Negative binomial regression revealed significant quarterly increases in New England (IRR, 1.07;
95% Cl, 1.00-1.01; P < .001; 0.6% relative increase per quarter) and Southern California (IRR, 1.00;
95% Cl, 1.00-1.01; P < .001; 0.4% relative increase per quarter), and Western Pennsylvania (IRR, 1.02;
95% Cl,1.01-1.02; P < .001; 1.5% relative increase per quarter) (eTable 3 in Supplement 2). Southeast
Texas showed a similar but nonsignificant trend (IRR, 1.00; 95% Cl, 1.00-1.01; P = .07), likely owing to
asmaller sample size.

Quarterly incidence rates remained stable through 2022 (9.52%-28.87%) but began diverging
in late 2023, with Southeast Texas reaching 60.78% (95% Cl, 46.11%-74.16%) by quarter 1of 2024
(Figure 3B). These findings indicate an accumulating rather than resolving disease burden.

Figure 2. Bar Graph of Distribution of Endocrine Postacute Sequelae of SARS-CoV-2 Infection Phenotypes

Across 4 Regions (Rs)
1007 Pancreas:
I Abnormal glucose
80 [] Prediabetes
[ ] Hyperglycemia
R 60+ Thyroid:
£ [l Hypothyroidism
{5}
E 40 [ ] Thyrotoxicosis
[ ] Thyroiditis
[ other
204
Dyslipidemia
I Hyperlipidemia
0
R1 R2 R3 R4
New England Southeast Texas Southern California Western Pennsylvania

(n=2451[5.1%]) (n=204[14.5%]) (n=2060[12.0%]) (n=5359[10.2%])

Table 2. Chronic PASC Burden Across 4 Regions

Chronic PASC cases,

COVID-19 cases,  PASC cases, Chronic PASC cases, % of all COVID-19
Region No. No. (%) No. (%) cases
New England 153880 28585 (18.58) 26185 (91.60) 17.02
Southeast Texas 5002 978 (19.55) 772 (78.94) 15.43
Southern California 46419 10534 (22.69) 9227 (87.59) 19.88
Western Pennsylvania 252 649 34463 (13.64) 30403 (88.22) 12.03
Abbreviation: PASC, postacute sequelae of SARS-
Total 457 950 74560 (16.28) 66587 (89.31) 14.54

CoV-2 infection.

[5 JAMA Network Open. 2026;9(5):€2614909. doi:10.1001/jamanetworkopen.2026.14909

Downl oaded from j amanet wor k. com by Henry Lahore on 05/ 30/ 2026

May 27,2026

6/13


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2026.14909&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2026.14909
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2026.14909&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2026.14909

JAMA Network Open | Infectious Diseases Long COVID Persistence and Surveillance Gaps Across 58 US Hospitals

Discussion

This multisite cohort investigation reveals systematic invisibility of a chronic disease epidemic
following SARS-CoV-2 infection. Validated computable phenotyping identified PASC in 13.64% to
22.69% of patients with COVID-19 across 4 regions, consistent with recent population-based studies
reporting long COVID prevalence of 10% to 26% among COVID-19 survivors using alternative
ascertainment approaches.®*3* Among identified ICD-10-CM codes, 67.27% involved chronic or
potentially chronic conditions, with 14.54% of all patients with COVID-19 in 4 regions developing
unexplained chronic conditions temporally associated with antecedent infection. We observed
substantial heterogeneity in organ system involvement (x? = 2504.73; P < .001), notably in
endocrine manifestations, although the interpretation of these regional differences warrants caution.
Temporal analyses demonstrated persistently increasing cumulative prevalence through mid-2024,
revealing an accumulating burden rather than a resolving syndrome.

Prior studies demonstrate that U09.9 coding captures fewer than 1% of COVID-19 survivors,'6-
while broader diagnostic code-based approaches identify approximately 7%."®” Our phenotyping-
derived estimates of 13.64% to 22.69%, thus represent a more than 2-fold improvement over the
best-performing code-based surveillance, reflecting systematic underascertainment of chronic PASC
within current public health infrastructure. Extrapolating our 14.54% chronic PASC prevalence to
approximately 103 million documented US COVID-19 cases>® suggests that 15 million individuals are
living with chronic post-COVID-19 conditions, although this estimate should be interpreted

Figure 3. Line Graphs of Temporal Trends in Long COVID Across 4 Regions (Rs), 2020-2024
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cautiously, as our cohort requires longitudinal EHR documentation and excludes patients with
preexisting conditions unlikely to represent PASC. This systematic underascertainment generates
downstream consequences: health systems cannot accurately project capacity for ongoing care
needs, disability programs cannot fully recognize the true burden, payers cannot develop
appropriate reimbursement models, and investigators cannot efficiently recruit participants for
therapeutic trials.

The temporal trajectory of PASC prevalence carries critical implications for health system
planning. Our finding of persistently increasing cumulative prevalence through mid-2024 (4 years
into the pandemic and well after widespread vaccination) contradicts assumptions that PASC
represents a legacy of early, severe infection waves. The modest but statistically significant quarterly
increases (IRR, 1.003-1.015) represent a 0.3% to 1.5% relative increase per quarter, compounded over
adecade (40 quarters), and correspond to a 13% to 81% relative increase in cumulative PASC
prevalence, underscoring the substantial long-term burden if current trends persist. This pattern
reflects ongoing accrual of incident cases from successive infection waves rather than a fixed cohort
progressing toward resolution. Because resolution of conditions cannot be reliably determined from
retrospective EHR data, cumulative prevalence should be interpreted as the proportion of patients
with COVID-19 who have ever been identified as having PASC, rather than as an estimate of current
active cases. Health systems should anticipate sustained rather than diminishing demand for PASC-
related care.

A natural question arising from these prevalence estimates is whether health systems should
already be experiencing overwhelming demand from patients with PASC. We contend they are, but
this burden manifests as unexplained increases in chronic disease management rather than as a
discrete, labeled condition. Patients with chronic postviral conditions present to primary care with
fatigue, to cardiology with dysautonomia, to endocrinology with new-onset diabetes, and to
neurology with cognitive complaints, without the diagnostic code connecting these presentations to
antecedent infection. Systematic underascertainment in surveillance systems does not mean these
patients are absent from clinical care; rather, clinicians may recognize and manage post-COVID-19
conditions under alternative diagnostic codes, rendering the PASC burden invisible to population-
level surveillance while remaining visible at the point of care. This fragmentation across specialty silos
impedes both epidemiologic surveillance and coordinated clinical management, and may partly
explain observed postpandemic increases in diabetes, cardiovascular disease, and fatigue
syndromes.

That 67.27% of PASC manifestations represent chronic or potentially chronic conditions
suggests PASC is better conceptualized as a chronic disease burden than as a self-limited postviral
syndrome. Evidence suggests PASC patients generate approximately 1.5 times higher health care
costs than matched controls,3”38 with increased emergency department visits and specialist
consultations. Applied to our prevalence estimates, this represents a substantial additional demand
on already-strained systems.

The marked organ system heterogeneity we observed, thyroid-predominant in New England vs
metabolic-predominant in Southeast Texas and Southern California, suggests distinct
pathobiological mechanisms, although these patterns may also reflect differences in local coding
practices or population-level comorbidity profiles. Should biological heterogeneity predominate,
findings indicate PASC comprises multiple distinct postviral syndromes requiring precision
phenotyping for precision medicine. Clinical trials should stratify by predominant organ system
involvement rather than treating PASC as a monolithic entity,® and biomarker discovery efforts
should identify molecular signatures distinguishing these endotypes,*®*! enabling phenotype-
specific interventions.

This investigation demonstrates that Al-powered federated phenotyping infrastructure is both
feasible and scalable for multi-institutional PASC surveillance. The ENACT network's standardized
i2b2 framework*? with CCSR ontology mapping enabled reproducible deployment of this Al
algorithm across 58 hospitals while preserving local data governance. Expanding this architecture
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nationally would require additional sites to replicate the process demonstrated by our additional
regions: implementing open-source R code within local i2b2 environments and executing
standardized phenotyping workflows. However, refinements would enhance performance. The
algorithm's attention mechanism may require site-specific fine-tuning, based on local EHR reviews,
to optimize precision-recall trade-offs. Our study relied on validation through coherent prevalence
estimates rather than a systematic EHR review, which limited our ability to detect site-specific
miscalibration. Integration with existing public health surveillance systems would require the
development of standardized data exchange specifications. Site-level ICD-10-CM code usage analysis
within key CCSR categories, EHR review validation at additional sites, and matched comparator
cohorts of uninfected individuals to quantify excess incidence are prioritized as next steps.

Limitations

This study has limitations that should be mentioned. Our phenotyping algorithm relies on the quality
of EHR documentation, and the loyalty score filter selects for patients with sufficient longitudinal
documentation; individuals with limited or fragmented health care engagement may, therefore, be
underrepresented, and PASC prevalence in this population may, therefore, be underestimated. EHR
review validation was not conducted in Southeast Texas, Southern California, and Western
Pennsylvania, and site-specific precision and recall remain unquantified. However, the algorithm's
consistent performance across 4 demographically distinct populations, ranging from a single
academic medical center to a 40-hospital system, with a 50-fold variation in sample size, provides
evidence of robustness under distributional shift, as systematic overcalling would be expected to
produce greater prevalence variation.

The diagnosis-of-exclusion framework may miss cases among individuals with sparse health
care engagement, and the 4 regions may not represent community practice patterns. Our clinical
exclusion criteria may have inadvertently excluded true PASC cases in which preexisting conditions
were exacerbated by COVID-19. Temporal association does not establish causation, and the absence
of a COVID-19-negative comparator group precludes quantification of excess incidence above
background rates; although the P2RC diagnosis-of-exclusion framework partially mitigates this
concern, coincidental incident chronic disease cannot be fully excluded. The observed variation in
dyslipidemia prevalence may reflect differences in local ICD-10-CM coding practices or population-
level comorbidity patterns rather than true biological differences; site-level ICD-10-CM usage analysis
and targeted EHR review would be required to disentangle these explanations.

We did not directly compare phenotyping-derived prevalence to site-specific U09.9 counts;
instead, we relied on published estimates of U09.9 sensitivity (4.9%-19%) and population-level
prevalence (<1%)."3 Site-specific comparisons would strengthen quantification of the
surveillance gap but would not alter the central finding that validated phenotyping identifies
substantially more cases than any code-based approach.

Conclusions

In this cohort study, precision phenotyping estimated that approximately 1in 6 patients with
COVID-19 developed PASC, and 89.31% of patients with PASC had at least 1 chronic condition
requiring sustained clinical management. Current diagnostic coding captured only a fraction of
affected individuals, leaving the majority invisible to surveillance systems. The substantial chronic
PASC burden represented an accumulating health care crisis demanding urgent investment in
surveillance infrastructure, integrated care pathways, and targeted therapeutics. Substantial organ
system heterogeneity suggested the existence of distinct PASC endotypes, requiring precision
medicine approaches with phenotype-specific interventions. The successful deployment of this
custom Al algorithm across 58 hospitals in 4 regions demonstrates that federated Al infrastructure
can transform PASC from invisible to code-based surveillance to actionable.
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