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Abstract 

Background 
COVID-19 reinfections have emerged as a critical concern, particularly in relation to post-acute 
sequelae of SARS-CoV-2 infection, commonly known as long COVID. Long COVID is known to 
manifest diverse, debilitating symptoms across all demographics. Limited studies have 
investigated the causal relationship of COVID-19 reinfections and long COVID. 

Methods 
We leveraged demographically diverse electronic health records from the COVID-19 enclave of 
the National Clinical Cohort Collaborative, part of the RECOVER initiative, to create a matched 
cohort of reinfected and control adults. All participants had at least one documented COVID-19 
infection. We used one-to-one coarsened exact matching on sex, race/ethnicity, age, healthcare 
utilization, existing comorbidities, site of care, and the timing and severity of first infection. Index 
dates were assigned to each matched pair as the date of reinfection for the reinfected case. 
Long COVID was defined using a machine learning computable phenotype trained on clinically 
diagnosed long COVID cases. Cumulative incidence one year after index was calculated using 
an Aalen-Johansen estimator. Risk ratios were calculated by taking the ratio of long COVID 
incidence among reinfected and control cases. 

Results 
We found that reinfection resulted in a significantly higher risk of long COVID compared to not 
being reinfected (risk ratio, 1.35, 95% CI, 1.32-1.39; risk difference, 0.029, 95% CI, 0.027-
0.031). This effect was consistent across most stratifications. 

Conclusions 
We found that COVID-19 reinfection resulted in a roughly 35% increase in the incidence of long 
COVID in a matched cohort using observational electronic health records. 
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It is well documented that individuals can experience multiple infections with SARS-CoV-2, or 
COVID-19 reinfections.1–3 A potentially debilitating outcome of COVID-19 can be post-acute 
sequelae of SARS-CoV-2 infection, also known as long COVID.4,5 In this study, we use a robust 
matching methodology and a large cohort of patients in the electronic health record (EHR)-
based National Clinical Cohort Collaborative (N3C) Data Enclave to assess the impact of 
COVID-19 reinfections on long COVID. 
 
Reinfections may occur due to waning immunity from prior vaccination or COVID-19 infection.2 
Prior research has established some characteristics of reinfections, including their incidence 
and severity. 6–8 COVID-19 reinfections are common and widespread 3,9,10. Experiencing a more 
severe first infection may increase the likelihood of a more severe reinfection requiring 
hospitalization.6 Research on COVID-19 vaccinations and reinfections has been contradictory, 
with Butt et. al suggesting that vaccination was protective against hospitalization or death 
following a reinfection while Bowe et. al suggests that there was no difference in likelihood of 
adverse events like hospitalization following reinfection by vaccination status.7,9 
 
Long COVID is a post-COVID condition with a variety of symptoms that negatively impact health 
and well-being.5,11 Patient symptom cluster analysis has suggested that symptoms can be wide-
ranging, spanning cognitive, pulmonary, and cardiovascular body systems.12–14 Long COVID 
affects individuals of all ages and demographics, with global incidence estimated at more than 
400 million individuals in 2023.5,15–17 Evidence suggests that COVID-19 vaccination may reduce 
the risk of long COVID.18–20 Long COVID is chronic and has no cure, requiring ongoing 
maintenance.4,11  
 
Limited research has explored COVID-19 reinfections and long COVID. There is agreement that 
de novo long COVID may occur following a reinfection.5,21 Bowe et. al studied 5.8 million 
patients in the US Department of Veterans Affairs’ national healthcare database and found that 
the cumulative risk of long COVID increased with each reinfection.7 An online survey found that 
COVID-19 reinfections are associated with increased odds of reporting long COVID, and that 
reinfections worsen long COVID symptoms.22 However, Bosworth et. al found that among more 
than 300K participants in the UK COVID-19 infection survey, the risk of de novo long COVID 
after a second SARS-CoV-2 infection was lower than after a first infection.23 Researchers have 
highlighted the limited research and called for increased study of the relationship between 
reinfections and long COVID when considering vaccination and prior infections.21 
 
In this study, we address these gaps by first proposing a more comprehensive methodology 
using one-to-one coarsened exact matching. We also include a subanalysis that considers how 
vaccination status modulates the effect of reinfection. Finally, we discuss broader implications 
and opportunities for future work. 

Methods 
Our data came from the COVID enclave of the National Clinical Cohort Collaborative (N3C), a 
part of the NIH Researching COVID to Enhance Recovery (RECOVER) Initiative.24 It includes 
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electronic health records (EHRs) from 23 million individuals in the United States dating back to 
January 1, 2018 from 85 hospitals and hospital networks. Of those individuals, nearly 9 million 
have documented cases of COVID-19. We used N3C release version 187, dated December 13, 
2024, and a subset of 64 sites that met data quality standards. All data analysis was performed 
in Palantir Foundry (2021, Denver, CO). 

IRB 
Data transfer in N3C is performed under Johns Hopkins University Reliance Protocol # 
IRB00249128 or individual site agreements with NIH. N3C is managed under the authority of 
the NIH. For more information see https://ncats.nih.gov/n3c/resources. 

Definitions 
Inclusion and exclusion criteria. All individuals in our study had a documented COVID-19 
infection between March 1, 2020 and December 4, 2023, as evidenced by a U07.1 diagnosis, 
positive SARS-CoV-2 PCR or antigen test, or a nirmatrelvir-ritonavir prescription; had a 
documented sex; were between 18 and 99 years old at the time of their first documented 
COVID-19 infection; and did not have long COVID prior to their first documented COVID-19 
infection. 
 
Outcome definition. Our outcome was a long COVID computable phenotype as defined by a 
machine learning model.25,26 Individuals with symptoms similar to those observed in clinically 
diagnosed cases of long COVID were labeled with long COVID. A detailed description of how 
the machine learning model was used to define long COVID is included in the supplemental 
materials. 
 
Reinfection definition. COVID-19 reinfections were defined by a positive SARS-CoV-2 PCR or 
antigen test occurring at least 60 days after a previously documented infection.6 We chose 60 
days based on when patients stop shedding SARS-CoV-2 and with the support of the 
RECOVER clinician advisory panel.27,28 Only reinfections in the Omicron era (on or after 
November 1, 2021 and until the study end date of June 1, 2024) were considered. Individuals 
labeled as non-reinfected do not have a recorded reinfection at the time of their index date. 

Matching 
We modified traditional coarsened exact matching (CEM)29 to define our cohort of reinfected  
and non-reinfected individuals. Individuals were matched according to their demographics and 
health histories. A detailed summary of the matching procedure is included in the statistical 
analysis plan. 

Statistical Analysis 
Cumulative incidence was estimated for reinfected and non-reinfected cases using an Aalen-
Johansen estimator. The relative risk of long COVID was calculated as the ratio of the 
cumulative incidence 365 days after the index among reinfected cases versus non-reinfected 
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cases (the average treatment effected among “treated”, or reinfected, individuals). Individuals 
were censored for subsequent reinfections, loss to follow-up, study end, or death; see statistical 
analysis plan for details. The absolute risk difference was calculated as the difference in 
cumulative incidence. We estimated two-sided 95% confidence intervals from 500 bootstrap 
iterations. We calculated the overall relative and absolute risk and stratified by each matching 
criterion. 

Negative Control Outcomes 
We identified two negative control outcomes30 to assess the robustness of our findings: 
administration of a Papanicolaou test (Pap test) and non-pathological bone fracture diagnosis. 
Both were chosen as outcomes that are unrelated to SARS-CoV-2 reinfection or long COVID 
onset with guidance from clinicians and long COVID patient advocates. The procedure in our 
primary analysis was repeated using each of the negative control outcomes, except that the Pap 
test cohort was limited to females aged 30 to 65 at the time of their first COVID-19 event. 

Vaccine Subanalysis 
We performed a subanalysis using sites of care with robust vaccination reporting to assess how 
vaccination status modulates the effect of reinfections on long COVID. We identified 13 sites 
that had reported vaccination rates within two-thirds of CDC-reported vaccination rates in their 
catchment area.18 We repeated our analysis using only individuals from these 13 sites. We 
added vaccination status (having at least a single vaccination or not) prior to first COVID-19 
event as a matching criterion. After pairs were assigned, we kept only those who were both 
vaccinated or both not vaccinated between first infection and their index date. Relative and 
absolute risks were calculated as in the primary analysis, with vaccination status added as a risk 
stratification. 

Results 
Our final cohort consisted of 424,616 individuals: 212,313 pairs of reinfected and non-reinfected 
cases. The cohort is summarized in Table 1. Table 2 shows attrition for cohort selection. 
 
There were 25,677 (12.1%) cases of long COVID among reinfected cases and 18,460 (8.7%) 
cases of long COVID among non-reinfected cases. After accounting for censoring, the 
cumulative incidence of long COVID among the reinfected and non-reinfected cases was 11.1% 
and 8.2%, respectively. Among patients similar to those with reinfections, we found that 
reinfections resulted in a significant increase in risk of developing long COVID (risk ratio, 1.35, 
95% CI, 1.32-1.39; absolute risk difference, 0.029, 95% CI, 0.027-0.031). Figure 1 highlights the 
relative risk in our primary analysis and negative control conditions, with stratifications by age 
and vaccination status from the vaccination subanalysis. Figure 2 shows the cumulative 
incidence over time of reinfected and non-reinfected cases. Table 3 includes the cumulative 
incidence, risk ratio, and absolute risk difference for all strata (site of care included in eTable 1). 
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We found statistically significant effects in both of our negative control conditions, though each 
bordered on insignificance at 95% confidence. The association between reinfections and Pap 
tests had a relative risk of 1.17 (95% CI, 1.02-1.36) and associations with non-pathological 
fractures had a relative risk of 1.08 (95% CI, 1.00-1.15). Absolute risk differences were small, 
reflecting the low incidence of each condition: 0.0004 (95% CI, 0.0000-0.0007) for Pap tests and 
0.0008 (0.0001-0.0015) for non-pathological fractures. 
 
The relative risk ratio of reinfections compared to non-reinfected individuals on long COVID 
incidence was similar across most age groups, ranging from 1.25 (95% CI, 1.19-1.31) among 
those 65+ years old to 1.44 (95% CI, 1.38-1.52) among those 36-50 years old. However, given 
differences in the cumulative incidence between these groups, we observed substantial 
differences in their absolute risk differences. The youngest groups have lower risk differences 
(18-25 years old: 0.011 [0.006-0.015]; 26-35 years old: 0.019 [0.015-0.023]) compared to older 
groups (36-50 years old: 0.034 [0.030-0.039]; 51-65 years old: 0.037 [0.032, 0.042]; 66+ years 
old: 0.036 [0.028-0.045]). 
 
A summary of the high-confidence vaccination subanalysis cohort is shown in eTable 2. Risk 
ratios overlapped for most vaccination groups but were generally lower among those vaccinated 
post-first infection but pre-index (1.19, 1.10-1.30) and pre-first infection as well as pre-index 
(1.21, 1.06-1.41). Ratios were higher for those vaccinated pre-first infection but not pre-index 
(1.45, 1.31-1.60) or not at all (1.33, 1.23-1.45). 

Discussion 
We found that SARS-CoV-2 reinfections led to a 35% (95% CI, 32-39%) higher incidence of 
long COVID compared to not being reinfected in an observational cohort of 424,616 individuals; 
212,313 pairs of matched reinfected and non-reinfected cases. We observed a cumulative 
incidence of long COVID of 11.1% among reinfected individuals and 8.2% among non-
reinfected individuals one year after index. Long COVID cases were expected in both cohorts—
outcomes observed among non-reinfected individuals could have resulted from their first 
infection, an unrecorded reinfection, or model error resulting from symptoms like long COVID 
not caused by long COVID. 
 
Our negative control experiments confirmed that our matching procedure, while dramatically 
reducing sample size, reduced utilization bias between the reinfected and non-reinfected 
cohorts. The relative risk of each of our negative control outcomes (Pap test procedures and 
non-pathological fractures), bordered on insignificance (Table 3). A key challenge was 
identifying sufficiently prevalent negative control conditions with no suspected link to COVID-19 
or long COVID, which have been linked to cardiorespiratory, cognitive, gastrointestinal, 
musculoskeletal, autoimmune, and other symptoms.31,32 We relied on physicians and patient 
advocates to validate our selections. However, a recent study found that long COVID may be 
associated with some types of fractures.33 
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Our primary result, that reinfections lead to a greater risk of long COVID, were similar to those 
reported by Bowe, Xie, and Al-Aly in 2022, the only large, published study we know of 
quantifying the effect of reinfections on long COVID.7 However, our study differs from theirs in 
several key respects. First, their study uses the United States Department of Veterans Affairs’ 
national healthcare database, which is 90% male, as well as disproportionately white and older. 
Our cohort is more diverse in age, sex, race and ethnicity. Second, Bowe et al. included 
reinfections from June 1, 2020 to June 25, 2022. Our study used more recent data and was 
limited to reinfections in the Omicron era, between November 1, 2021 and June 1, 2024. Third, 
they used an extensive covariate list to construct logistic regressions for propensity score 
calculation, then used the propensity scores for inverse probability of treatment weighting. We 
elected to use coarsened exact matching to capture all possible interaction effects in a small set 
of key confounders. Our use of one-to-one matching allowed us to assign index dates to non-
reinfected cases aligned with matched controls, as well as to censor both cases when either is 
lost to follow-up. We also did not require that non-reinfected participants have no future 
reinfections, preventing bias in cohort allocation. Fourth, our definition of long COVID was 
based on a computable phenotype, which used a machine learning model to identify individuals 
whose symptoms closely align with individuals clinically diagnosed with long COVID, rather than 
the incidence of any symptom that has been linked to long COVID. Our results strengthen the 
finding that reinfections increase the risk of long COVID. 
 
Risk ratios were consistent across most strata (Table 3); individuals in strata with higher overall 
incidence therefore experienced larger differences in absolute risk. An exception was site of 
care, which included wide ranges of risk ratios driven by high cardinality, small sample sizes, 
and differences in geography and provider behavior (eTable 1). We did not interpret differences 
in site of care, as it is included as a matching criterion and sites are anonymized to preserve 
participant privacy. Variation across sites suggests a potential for site-specific factors that 
warrant further investigation. 
 
In the vaccination subanalysis, we stratified by vaccination status into four groups: unvaccinated 
prior to index date, vaccinated only prior to first infection, vaccinated only between first infection 
and index date, and vaccinated both prior to first infection and between first infection and index 
date. Risk ratio confidence intervals for all groups overlapped, except for between those 
vaccinated between first infection and index and those vaccinated only prior to their first 
infection. Those vaccinated between first infection and index faced lower risks of long COVID 
from reinfection than those only vaccinated prior to their first infection, suggesting that more 
recent vaccinations may lower the risk of long COVID following reinfections. However, this effect 
was not consistent across all groups. Vaccinated individuals tended to be older with more 
comorbidities and utilization (eTable 2), resulting in higher overall incidences of long COVID. 
More research is needed to discern how vaccination modulates the likelihood of a reinfection to 
lead to long COVID. 

Limitations 
We are limited by our use of EHRs to capture matching criteria, reinfection status, and features 
informing our long COVID computable phenotype. EHRs may not be broadly representative and 
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have well-documented data quality issues that can lead to bias and misinterpretations.34,35 
Individuals receiving care outside of the site providing their data had incomplete records. We 
could not include reinfections that were not observed (including home tests) or did not result in a 
documented positive lab test. It is possible that some of our control cases experienced 
reinfections, potentially dampening our observed effect of reinfection. 
 
Like all causal studies using observational data, we were limited to including confounders 
available in our data. Insofar as unmeasured confounders operate independently from our 
included matching criteria, they have the potential to bias our results. A prominent latent 
confounder is the propensity and ability to seek care, which affects both the likelihood of 
COVID-19 reinfection and long COVID symptoms being documented in the EHR. However, our 
inclusion of pre-COVID-19 CCI and counts of visit days in the two years prior to first COVID-19 
event minimize this effect. 
 
While we believe our use of a computable phenotype for long COVID is a strength, as outlined 
in the methods, it is likely that some participants were misclassified. Since we did not account 
for this uncertainty in our bootstrap sampling, our confidence intervals may be underestimated. 
The computable phenotype also does not assess severity, so we are unable to conclude if long 
COVID after reinfection differs in severity from first infection. 
 
We limited our study to comparing the effect of first reinfections on risk of long COVID. We did 
not measure the impact of subsequent reinfections due to having a limited sample of observed 
cases. We cannot guarantee that individuals did not experience reinfections before their first 
recorded reinfection. We also only include adults; how reinfections change long COVID 
incidence in children should be addressed in future research. 
 
In conclusion, we found that reinfections lead to a roughly 35% (95% CI, 32-39%) increase in 
the risk of long COVID as compared to not having a documented reinfection. The relative effect 
was consistent across most strata of most of our matching criteria, including sex and timing and 
severity of first infection. There were differences in relative risk across different age and CCI 
strata. In a vaccination subanalysis, we found that those vaccinated between first infection and 
index date experienced a smaller increase in the relative risk of long COVID resulting from 
reinfection as compared to those vaccinated only prior to their first infection.  
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Figures and Tables 
Table 1. Matched cohort description. NH: Non-Hispanic, ED: Emergency Department, Hosp: 
Hospitalization.  

Characteristic Total 
(N=404,936) 

With Reinfection 
(N=202,468) 

No Reinfection 
(N=202,468) 

Long COVID 44,137 (10.4%) 25,677 (12.1%) 18,460 (8.7%) 
Sex    
 Female 267,362 (63.0%) 133,681 (63.0%) 133,681 (63.0%) 
 Male 157,254 (37.0%) 78,627 (37.0%) 78,627 (37.0%) 
Age (in years)    
 18-25 68,444 (16.1%) 34,222 (16.1%) 34,222 (16.1%) 
 26-35 89,900 (21.2%) 44,950 (21.2%) 44,950 (21.2%) 
 36-50 113,734 (26.8%) 56,867 (26.8%) 56,867 (26.8%) 
 51-65 91,634 (21.6%) 45,817 (21.6%) 45,817 (21.6%) 
 66+ 60,904 (14.3%) 30,452 (14.3%) 30,452 (14.3%) 
Race and Ethnicity    
 American Indian or Alaska Native NH 754 (0.2%) 377 (0.2%) 377 (0.2%) 
 Asian NH 5,998 (1.4%) 2,999 (1.4%) 2,999 (1.4%) 
 Black or African American NH 46,864 (11.0%) 23,432 (11.0%) 23,432 (11.0%) 
 Hispanic or Latino Any Race 40,792 (9.6%) 20,396 (9.6%) 20,396 (9.6%) 

 Native Hawaiian or Other Pacific Islander 
NH 652 (0.2%) 326 (0.2%) 326 (0.2%) 

 Other NH 11,270 (2.7%) 5,635 (2.7%) 5,635 (2.7%) 
 Unknown 10,090 (2.4%) 5,045 (2.4%) 5,045 (2.4%) 
 White NH 308,196 (72.6%) 154,098 (72.6%) 154,098 (72.6%) 
Charlson Comorbidity Index    
 0 324,550 (76.4%) 162,275 (76.4%) 162,275 (76.4%) 
 1-2 72,308 (17.0%) 36,154 (17.0%) 36,154 (17.0%) 
 3-4 17,836 (4.2%) 8,918 (4.2%) 8,918 (4.2%) 
 5+ 9,922 (2.3%) 4,961 (2.3%) 4,961 (2.3%) 
Number of Visit Days in Year Before First 
COVID-19 Event     

 0 51,858 (12.2%) 25,929 (12.2%) 25,929 (12.2%) 
 1-2 58,744 (13.8%) 29,372 (13.8%) 29,372 (13.8%) 
 3-5 57,022 (13.4%) 28,511 (13.4%) 28,511 (13.4%) 
 6-12 78,846 (18.6%) 39,423 (18.6%) 39,423 (18.6%) 
 13-23 66,410 (15.6%) 33,205 (15.6%) 33,205 (15.6%) 
 24-54 71,172 (16.8%) 35,586 (16.8%) 35,586 (16.8%) 
 55+ 40,564 (9.6%) 20,282 (9.6%) 20,282 (9.6%) 
First Infection Severity     
 No Hosp or ED 350,144 (82.5%) 175,072 (82.5%) 175,072 (82.5%) 
 ED with No Hosp 55,276 (13.0%) 27,638 (13.0%) 27,638 (13.0%) 
 Moderate Hosp 19,074 (4.5%) 9,537 (4.5%) 9,537 (4.5%) 
 Severe Hosp with Ventilation or ECMO 122 (0.0%) 61 (0.0%) 61 (0.0%) 
Quarter of First COVID-19 Event    
 2020 Quarter 1 948 (0.2%) 474 (0.2%) 474 (0.2%) 
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 2020 Quarter 2 12,898 (3.0%) 6,449 (3.0%) 6,449 (3.0%) 
 2020 Quarter 3 24,076 (5.7%) 12,038 (5.7%) 12,038 (5.7%) 
 2020 Quarter 4 108,142 (25.5%) 54,071 (25.5%) 54,071 (25.5%) 
 2021 Quarter 1 47,900 (11.3%) 23,950 (11.3%) 23,950 (11.3%) 
 2021 Quarter 2 17,586 (4.1%) 8,793 (4.1%) 8,793 (4.1%) 
 2021 Quarter 3 50,182 (11.8%) 25,091 (11.8%) 25,091 (11.8%) 
 2021 Quarter 4 58,090 (13.7%) 29,045 (13.7%) 29,045 (13.7%) 
 2022 Quarter 1 55,800 (13.1%) 27,900 (13.1%) 27,900 (13.1%) 
 2022 Quarter 2 19,604 (4.6%) 9,802 (4.6%) 9,802 (4.6%) 
 2022 Quarter 3 17,424 (4.1%) 8,712 (4.1%) 8,712 (4.1%) 
 2022 Quarter 4 7,968 (1.9%) 3,984 (1.9%) 3,984 (1.9%) 
 2023 Quarter 1 2,928 (0.7%) 1,464 (0.7%) 1,464 (0.7%) 
 2023 Quarter 2 672 (0.2%) 336 (0.2%) 336 (0.2%) 
 2023 Quarter 3 398 (0.1%) 199 (0.1%) 199 (0.1%) 
   

Table 2. Attrition table 

Criteria (N=426,616) 

Have a documented COVID-19 event 7,610,107 
Site of care passes data quality measures 6,386,055 
COVID-19 event during study period 6,042,441 
Known sex 5,860,399 
Between 18 and 99 years old for first documented COVID-19 event 4,952,448 
Eligible to receive a long COVID computable phenotype 4,952,345 
Do not have long COVID outcome prior to 60 days after first COVID-19 event 4,459,877 
Reinfection case or chosen as a matched control case 549,468 
Do not have long COVID outcome prior to index date 463,346 
Index date is during Omicron era (November 1, 2021 to June 1, 2024) 424,616 
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Table 3. Cumulative incidence, risk ratios, and absolute risk differences for primary analysis, vaccination analysis (using the 
vaccination analysis cohort), negative control conditions, and stratified analysis. 

Analysis Description Reinfection 
Incidence 

No Reinfection 
Incidence Risk Ratio Risk Difference 

Primary Analysis 0.111 0.082 1.35 (1.32, 1.39) 0.029 (0.027, 0.031) 
Vaccination Status     
 No Documented Vaccinations Prior to Index 0.063 0.047 1.33 (1.23, 1.45) 0.016 (0.011, 0.020) 
 Only Vaccinated Prior to First Infection 0.128 0.088 1.45 (1.31, 1.60) 0.040 (0.029, 0.050) 
 Vaccinated After First Infection Before Index 0.072 0.060 1.19 (1.10, 1.30) 0.012 (0.006, 0.017) 
 Vaccinated Before First Infection and Before Index 0.154 0.127 1.21 (1.06, 1.41) 0.027 (0.007, 0.047) 
Negative Control Conditions     
 Papanicolaou Test 0.002 0.002 1.17 (1.02, 1.36) 0.000 (0.000, 0.001) 
 Non-pathological Fracture 0.011 0.010 1.08 (1.00, 1.15) 0.001 (0.000, 0.001) 
Sex     
 Female 0.116 0.086 1.34 (1.30, 1.38) 0.029 (0.026, 0.032) 
 Male 0.103 0.074 1.39 (1.33, 1.46) 0.029 (0.025, 0.033) 
Age (in years)     
 18-25 0.039 0.028 1.37 (1.20, 1.57) 0.011 (0.006, 0.015) 
 26-35 0.068 0.049 1.39 (1.29, 1.50) 0.019 (0.015, 0.023) 
 36-50 0.111 0.077 1.44 (1.38, 1.52) 0.034 (0.030, 0.039) 
 51-65 0.138 0.101 1.36 (1.30, 1.42) 0.037 (0.032, 0.042) 
 66+ 0.185 0.148 1.25 (1.19, 1.31) 0.036 (0.028, 0.045) 
Race and Ethnicity     
 American Indian or Alaska Native Non-Hispanic 0.107 0.165 0.65 (0.35, 1.19) -0.058 (-0.133, 0.021) 
 Asian Non-Hispanic 0.100 0.088 1.14 (0.90, 1.41) 0.012 (-0.009, 0.032) 
 Black or African American Non-Hispanic 0.121 0.088 1.37 (1.28, 1.47) 0.033 (0.026, 0.040) 
 Hispanic or Latino Any Race 0.097 0.066 1.46 (1.32, 1.60) 0.031 (0.023, 0.038) 
 Native Hawaiian or Other Pacific Islander Non-Hispanic 0.176 0.116 1.52 (0.86, 2.73) 0.060 (-0.018, 0.130) 
 Other Non-Hispanic 0.068 0.048 1.42 (1.09, 1.98) 0.020 (0.005, 0.039) 
 Unknown 0.093 0.069 1.34 (1.07, 1.69) 0.024 (0.006, 0.042) 
 White Non-Hispanic 0.113 0.084 1.35 (1.31, 1.39) 0.029 (0.026, 0.032) 
Charlson Comorbidity Index     
 0 0.069 0.049 1.40 (1.34, 1.45) 0.019 (0.017, 0.022) 
 1-2 0.170 0.123 1.38 (1.32, 1.44) 0.046 (0.041, 0.053) 
 3-4 0.255 0.202 1.26 (1.19, 1.36) 0.053 (0.039, 0.068) 
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 5+ 0.374 0.299 1.25 (1.17, 1.34) 0.075 (0.052, 0.097) 
Number of Visit Days in Year Before First COVID-19 Event     
 0 0.049 0.035 1.40 (1.17, 1.69) 0.014 (0.007, 0.021) 
 1-2 0.044 0.027 1.60 (1.39, 1.86) 0.017 (0.012, 0.022) 
 3-5 0.047 0.031 1.50 (1.33, 1.69) 0.016 (0.011, 0.020) 
 6-12 0.065 0.045 1.45 (1.35, 1.57) 0.020 (0.016, 0.024) 
 13-23 0.093 0.069 1.35 (1.27, 1.43) 0.024 (0.019, 0.029) 
 24-54 0.148 0.110 1.34 (1.28, 1.40) 0.037 (0.032, 0.043) 
 55+ 0.269 0.208 1.30 (1.25, 1.36) 0.062 (0.053, 0.072) 
First Infection Severity      
 No Hospitalization or Emergency Department 0.097 0.072 1.35 (1.31, 1.39) 0.025 (0.023, 0.028) 
 Emergency Department with No Hospitalization 0.144 0.106 1.35 (1.28, 1.43) 0.038 (0.031, 0.044) 
 Moderate Hospitalization 0.253 0.182 1.39 (1.29, 1.50) 0.071 (0.056, 0.087) 
 Severe Hospitalization with Ventilation or ECMO 0.316 0.158 2.00 (0.78, 8.22) 0.158 (-0.055, 0.385) 
Quarter of First COVID-19 Event     
 2020 Quarter 1 0.092 0.109 0.84 (0.49, 1.38) -0.017 (-0.067, 0.033) 
 2020 Quarter 2 0.090 0.066 1.36 (1.15, 1.60) 0.024 (0.011, 0.036) 
 2020 Quarter 3 0.089 0.060 1.48 (1.31, 1.68) 0.029 (0.020, 0.038) 
 2020 Quarter 4 0.075 0.054 1.38 (1.30, 1.46) 0.021 (0.017, 0.024) 
 2021 Quarter 1 0.088 0.069 1.27 (1.17, 1.37) 0.019 (0.012, 0.025) 
 2021 Quarter 2 0.087 0.065 1.34 (1.16, 1.56) 0.022 (0.011, 0.034) 
 2021 Quarter 3 0.106 0.075 1.42 (1.33, 1.53) 0.032 (0.025, 0.039) 
 2021 Quarter 4 0.116 0.085 1.36 (1.28, 1.46) 0.031 (0.024, 0.037) 
 2022 Quarter 1 0.147 0.104 1.41 (1.33, 1.50) 0.043 (0.035, 0.051) 
 2022 Quarter 2 0.187 0.151 1.24 (1.14, 1.35) 0.036 (0.023, 0.051) 
 2022 Quarter 3 0.211 0.162 1.30 (1.18, 1.42) 0.049 (0.031, 0.065) 
 2022 Quarter 4 0.234 0.185 1.27 (1.11, 1.48) 0.049 (0.022, 0.080) 
 2023 Quarter 1 0.301 0.235 1.28 (1.02, 1.64) 0.065 (0.005, 0.127) 
 2023 Quarter 2 0.292 0.324 0.90 (0.50, 1.84) -0.033 (-0.218, 0.160) 
 2023 Quarter 3 0.553 1.000 0.55 (0.32, 0.75) -0.447 (-0.681, -0.248) 
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Figure 1. Primary analysis, vaccination analysis, select stratifications, and negative control 
relative risk ratios. 

 
Figure 2. Cumulative incidence curves for reinfections and control cases. Outcomes are not 
allowed prior to 30 days after index, as these symptoms may be attributable to the acute 
reinfection. 
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