
eScholarship@UMassChan

COVID-19 Vaccination Timing, Relative to Acute
COVID-19, and Subsequent Risk of Long COVID [preprint]

Item Type Preprint

Authors Butzin-Dozier, Zachary;Ji, Yunwen;Wang, Lin-Chiun;Anzalone,
A Jerrod;Coyle, Jeremy;Phillips, Rachael V;Patel, Rena
C;Sun, Jing;Hurwitz, Eric;Deshpande, Sarang;Shi, Junming
Seraphina;Mertens, Andrew;van der Laan, Mark J;Colford, John
M;Hubbard, Alan E

Citation Butzin-Dozier Z, Ji Y, Wang LC, Anzalone AJ, Coyle J, Phillips RV,
Patel RC, Sun J, Hurwitz E, Deshpande S, Shi JS, Mertens A, van
der Laan MJ, Colford JM Jr, Hubbard AE. COVID-19 Vaccination
Timing, Relative to Acute COVID-19, and Subsequent Risk of Long
COVID. medRxiv [Preprint]. 2025 Apr 23:2025.04.22.25326224.
doi: 10.1101/2025.04.22.25326224. PMID: 40313290; PMCID:
PMC12045423.

DOI 10.1101/2025.04.22.25326224

Rights The copyright holder for this preprint is the author/funder,
who has granted medRxiv a license to display the preprint in
perpetuity. It is made available under a CC-BY 4.0 International
license.

Download date 2026-03-08 04:17:19

Item License http://creativecommons.org/licenses/by/4.0/

Link to Item https://hdl.handle.net/20.500.14038/54420

http://dx.doi.org/10.1101/2025.04.22.25326224
http://creativecommons.org/licenses/by/4.0/
https://hdl.handle.net/20.500.14038/54420


COVID-19 Vaccination Timing, Relative to Acute COVID-19, and Subsequent Risk of 
Long COVID 

 

Zachary Butzin-Dozier1*, Ph.D., Yunwen Ji1*, M.S., Lin-Chiun Wang1, A. Jerrod Anzalone2, Ph.D. 

Jeremy Coyle1, Ph.D. Rachael V. Phillips1, Ph.D., Rena C. Patel3, M.D., Jing Sun4, M.D., Ph.D., 

Eric Hurwitz5, Ph.D., Sarang Deshpande1, Junming (Seraphina) Shi1, Ph.D., Andrew Mertens1, 

Ph.D., Mark J. van der Laan1, Ph.D., John M. Colford, Jr.1, M.D., Ph.D., Alan E. Hubbard1, 

Ph.D.,  on behalf of the National COVID Cohort Collaborative (N3C) Consortium+ 

*Contributed equally to this work 

+Members are listed at the end of the manuscript 

1 School of Public Health, University of California, Berkeley, Berkeley, CA USA 

2 University of Nebraska Medical Center, Omaha, NE USA 

3 University of Alabama at Birmingham, Birmingham, AL USA 

4 Bloomberg School of Public Health, Johns Hopkins University, Baltimore, MD, USA 

5 University of North Carolina at Chapel Hill, Chapel Hill, NC USA 

 

  

Correspondence: 

Zachary Butzin-Dozier, PhD, MPH 

Division of Biostatistics, School of Public Health, University of California, Berkeley 

Berkeley Way West 

2121 Berkeley Way, 

Berkeley, CA 94720-7360 

zbutzin@berkeley.edu 

(302)437-6262 

 

  

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 23, 2025. ; https://doi.org/10.1101/2025.04.22.25326224doi: medRxiv preprint 

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.

mailto:zbutzin@berkeley.edu
https://doi.org/10.1101/2025.04.22.25326224
http://creativecommons.org/licenses/by/4.0/


ABSTRACT 

Objectives: Long COVID is a debilitating condition that impacts millions of Americans, but 
patients and clinicians have little information on how to prevent this disorder. Vaccination is a 
vital tool in preventing acute COVID-19 and may confer additional protection against Long 
COVID. There is limited evidence regarding the optimal timing of COVID-19 vaccination (i.e., 
vaccination schedule) to minimize the risk of Long COVID. 

Methods: We applied Longitudinal Targeted Maximum Likelihood Estimation to electronic health 
record (EHR) data from a retrospective cohort of patients vaccinated against COVID-19 
between December 2021 and September 2022. We evaluated the association between binary 
COVID-19 vaccination status (two or more doses vs. zero doses) and 12-month Long COVID 
risk among patients diagnosed with acute COVID-19 between December 2021 and September 
2022. In addition, we compared the 12-month cumulative risk of Long COVID (ICD-10 code 
U09.9) among patients diagnosed with acute COVID-19 one to three months after vaccination, 
three to five months after vaccination, or five to seven months after vaccination while adjusting 
for relevant high-dimensional baseline and time-dependent covariates.  

Results: We analyzed EHR data from a retrospective cohort of 1,558,018 patients. In our binary 

cohort (n = 519,980), we found that vaccinated patients had a lower risk of Long COVID than 

unvaccinated patients (adjusted marginal risk ratio 0.84 (0.81, 0.88)). In our longitudinal cohort 

(n = 1,085,291), we did not find a significant difference in Long COVID risk comparing patients 

who were diagnosed with acute COVID-19 one to three months after vaccination versus 

patients who were diagnosed with COVID-19 three to five months (adjusted marginal risk ratio 

0.93 (95% CI 0.62, 1.41) or 5 to 7 months (adjusted marginal risk ratio 1.06 (95% CI 0.72, 1.56)) 

after vaccination.  

Conclusions: We found that COVID-19 vaccination before SARS-CoV-2 infection was protective 
against Long COVID, and we did not find that this protection significantly waned within 7 months 
after vaccination. These findings suggest that COVID-19 vaccination protects against Long 
COVID. 
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INTRODUCTION 

Researchers have made major steps toward understanding, preventing, and treating 
acute COVID-19, but Long COVID remains a debilitating and poorly understood condition. Five 
years have passed since the COVID-19 pandemic began, and many individuals have grown 
fatigued with repeated vaccination booster doses, particularly given the common perception of 
reduced severity of acute infection since the Omicron wave began in late 2021.1–3   

Systematic reviews have noted a lack of randomized trials evaluating the relationship 
between COVID-19 vaccination and Long COVID and have observed considerable 
heterogeneity of observational findings of studies that address this research question.4,5 
Brannock et al. found that COVID vaccination was protective against the subsequent risk of 
Long COVID using a large, nationally sampled US cohort (adjusted odds ratio 0.66, 95% CI 
(0.55, 0.80)).6 Although recent studies have found a protective effect of COVID vaccination on 
the risk of Long COVID,6–8 less is known about the relationship between the timing of 
vaccination and additional doses relative to acute COVID-19 and the development of Long 
COVID. Vaccination timing is important in designing and promoting effective clinical guidance 
for COVID-19 vaccination schedules and recommendations.  

We sought to evaluate the hypothesis that greater time between the most recent 
vaccination and COVID-19 infection would be associated with a greater risk of Long COVID 
diagnosis. These findings may be relevant for policymakers, researchers, and clinicians. An 
improved understanding of the relationship between vaccination timing and Long COVID can 
inform policymakers’ guidelines regarding booster vaccination schedules, and these results can 
also be used by public health officials to motivate individuals to follow these recommendations. 

METHODS  

Few studies have evaluated the relationship between vaccination timing and long-term 
sequelae of acute COVID, including Long COVID. Two significant barriers to this research 
question are (1) methodological challenges to causal inference in observational settings with 
longitudinal confounding, high dimensionality, and a large proportion of nonrandom missingness 
and (2) the lack of available longitudinal or biomarker data with sufficient sample size. These 
challenges can be overcome, respectively, through a targeted machine learning (i.e., causal 
inference) approach to analyzing data from the National Clinical Cohort Collaborative (N3C). 
N3C includes electronic health records data for more than 22 million total patients, which are 
provided by 84 health institutions.9  

We estimated our target causal parameter of interest while adjusting for relevant 
covariates and accounting for heterogeneous monitoring. We applied Longitudinal Targeted 
Maximum Likelihood Estimation to generate a marginal structural model (LTMLE, R package 
“ltmle”).10–14 LTMLE enables the estimation of causal parameters (in this case, hazard ratios) 
from nonparametric measures of association that are interpretable to non-statisticians (e.g., 
clinicians, policymakers), and the estimators used were doubly robust and maximally efficient. 
We estimated the parameters of interest using the LTMLE package and used generalized linear 
models as candidate algorithms to estimate the components of the longitudinal data-generating 
distribution. In our binary cohort, we applied Targeted Maximum Likelihood Estimation15,16 and 
defined binary exposure (yes/no) over the entire period of risk (see Binary cohort). See 
Supplemental Material 1 for details on our causal parameters of interest and relevant 
assumptions. 

Shared methods across longitudinal and binary cohorts. Exclusion criteria: As both 
documentation of COVID-19 vaccination and Long COVID diagnosis are highly heterogeneous 
by study site, we only included study sites that report at least 5% of their patients have at least 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 23, 2025. ; https://doi.org/10.1101/2025.04.22.25326224doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.22.25326224
http://creativecommons.org/licenses/by/4.0/


one COVID-19 vaccination or booster dose and report that at least 1% of their patients have 
been diagnosed with Long COVID at some point during the N3C observation window (2018 to 
present). We excluded patients with a Long COVID diagnosis within the 4 weeks after the index 
COVID-19 infection date (as most definitions of Long COVID require that approximately one 
month must pass after acute COVID-19 for a patient to be considered “at risk” for Long 
COVID).17–20 Covariates: We included covariates that were associated with and plausibly 
caused (i.e., temporally preceded) the exposure and outcome (i.e., assessed at baseline). 
Patient characteristics included sex, age (years), race, ethnicity, body mass index, 
immunocompromised status (based on documented diagnoses), systemic corticosteroid use, 
depression, chronic lung disease, hypertension, obesity, diabetes, tobacco use, asthma, date of 
inclusion (index vaccination date or acute COVID-19 date), and healthcare utilization rate 
(healthcare interactions per month; healthcare utilization is highly associated with Long COVID 
diagnosis).21 We adjusted for data partner and source common data model format to adjust for 
geospatial trends and systematic variations in health documentation formats.21 Outcome: Our 
primary outcome of interest was the cumulative incidence of Long COVID (ICD 10 code U09.9) 
1 to 12 months after acute COVID-19.17,18 

Binary cohort: Vaccinated versus unvaccinated. We evaluated binary vaccination 
status (unvaccinated vs. vaccinated) before acute COVID-19. We hypothesized that COVID-19 
vaccination before acute COVID-19 would be protective against Long COVID. Inclusion criteria: 
We included participants with documented COVID-19 between December 25, 2021 (CDC-
reported data of Omicron variant dominance in the US)22 and September 25, 2022.23 Exposure 
of interest: We defined vaccination as a binary variable indicating whether the patient received 
at least two doses of a COVID-19 vaccination (or booster) before their index acute COVID-19 
date. We excluded patients who only received one vaccination dose before acute COVID-19. 

Longitudinal cohort: Vaccination timing relative to acute COVID-19. We 
hypothesized that a greater time between the most recent vaccination and COVID-19 is 
associated with a greater risk of Long COVID diagnosis. Inclusion criteria, sample size, and 
power: We included participants with a documented COVID-19 vaccine or booster dose 
between December 25, 2021 (CDC-reported data of Omicron variant dominance in the US)22 
and September 25, 2022 (to allow for sufficient follow-up time) (see Supplemental Material 2 for 
details on study timeline). Exposures: The primary exposure of interest was the time (months) 
between the initial vaccination or booster date and the date of acute COVID-19. We 
operationalized this exposure by defining “baseline” (start of follow-up) for each individual as the 
first COVID-19 vaccination or booster received between December 25, 2021, and September 
25, 2022.22 We evaluated these patients’ acute COVID-19 status between 1 and 7 months 
following the vaccination date. We limited observation to this 6-month interval to account for the 
frequent missingness of vaccination data in N3C. By only including patients with a documented 
vaccination, at the time of vaccination, and observing subsequent vaccination and acute 
COVID-19 status for 7 months, we have created a cohort where we are confident in patient 
vaccination status during this observation period (as few patients received multiple vaccination 
doses during this observation period). During this interval, we also evaluated additional 
vaccination doses and healthcare utilization rate, as healthcare utilization is strongly associated 
with Long COVID diagnosis.20,21 If the patient was diagnosed with acute COVID-19 during this 
period, we monitored their Long COVID status in the 12 months following acute COVID-19. We 
partitioned time in two-month intervals, where each patient has a binary status for COVID-19 
vaccination/booster, healthcare utilization (i.e., at least one healthcare interaction), and Long 
COVID diagnosis in each two-month interval (one to three months [1< t < 3], three to five 
months [3 < t < 5], or five to seven [5 < t < 7] months). Analysis methods: We applied 
Longitudinal Targeted Maximum Likelihood Estimation (LTMLE) to assess the causal impact of 
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vaccination timing relative to COVID-19 on the risk of Long COVID10–13. These risk ratios reflect 
the relationship between time since vaccination and the risk of Long COVID.  

Secondary analyses: Susceptibility to symptomatic COVID-19 soon after COVID-19 
vaccination may indicate an underlying predisposition or risk for COVID-19, due to an 
immunocompromising condition. As a sensitivity analysis, we conducted a subgroup analysis of 
“low-risk” individuals to evaluate whether we observed similar temporal relationships between 
COVID-19 vaccination timing relative to acute COVID-19 and subsequent Long COVID risk. 
This “low-risk” subgroup was defined by: age at acute COVID-19 between 18 and 65 years, no 
chronic lung disease, and no immunocompromised status.  

RESULTS 

Table 1. Characteristics of sample patients. 

 

Our binary cohort of vaccinated (2 or more doses) versus unvaccinated (0 doses) 
patients included a cohort of 670,452 patients (1,702,308 unique patients across longitudinal 
and binary cohorts), where 51% were vaccinated before acute COVID-19. Generally, vaccinated 
patients had higher healthcare utilization (0.7 versus 0.4 visits per month), a greater comorbidity 
burden (28% vs 17% systemic corticosteroid use, 13% vs. 9% lung disease, 12% vs. 6% 
diabetic, 5% vs. 2% immunocompromised, and 26% vs. 13% hypertensive) and were older 
(14% vs 6% over 70 years old) than unvaccinated patients.  
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Our longitudinal cohort included data from 1,085,291 patients who were vaccinated 
against COVID-19 between December 2021 and September 2022. Of these patients, 2% were 
diagnosed with acute COVID-19 one to three months after vaccination, 3% were diagnosed with 
acute COVID-19 three to five months after vaccination, 3% were diagnosed with acute COVID-
19 5 to 7 months after vaccination, and 92% were not diagnosed with acute COVID-19 between 
1 and 7 months after vaccination. Patients who were vaccinated 1 to 7 months before acute 
COVID-19 had similar healthcare utilization rates to one another (1.4 to 1.5 interactions per 
month), while patients without a documented case of acute COVID-19 during this range had a 
lower healthcare utilization rate (1.2 interactions per month). Patients who were vaccinated one 
to three months before acute COVID-19 had the most previous number of COVID-19 
vaccinations (3.3), followed by 3-5 months (3.2), 5-7 months (3.0), and no acute COVID-19 
within 1-7 months after vaccination (2.9). Patient age, body mass index, and comorbidity burden 
were similar across groups.  

 

Figure 1. Relationship between vaccination status and 12-month cumulative incidence of 
Long COVID. In the binary cohort, “treatment” refers to patients with 2 or more COVID-19 
vaccination doses, while “control” refers to patients with no COVID-19 vaccination doses. 

In the longitudinal cohort, “control” refers to patients who were vaccinated 1-3 months 
before acute COVID-19, while “treatment” refers to patients who were vaccinated either 

3-5 months or 5-7 months before acute COVID-19, respectively. RR: Risk ratio. 

 

Binary cohort: In our adjusted model, we found that patients who were vaccinated 
against SARS-CoV-2 before acute COVID-19 had a lower risk of subsequent Long COVID, 
compared to patients with no documented SARS-CoV-2 vaccination before acute COVID-19 
0.843 (0.811, 0.876), over the study period.  

Longitudinal cohort (vaccination timing and Long COVID): We did not find a significant 
relationship between COVID-19 vaccination timing, relative to acute COVID-19, and subsequent 
risk of Long COVID in the first 7 months following vaccination. Compared to patients who 
experienced acute COVID-19 1-3 months after vaccination/booster, patients who experienced 
COVID-19 3-5 months after vaccination/booster had a Long COVID risk ratio of 0.933 (0.617, 
1.412), and patients who experienced COVID-19 5-7 months after vaccination/booster had a 
Long COVID risk ratio of 1.058 (0.716, 1.564). The marginal adjusted, 12-month risk of Long 
COVID among patients who experienced acute COVID-19 one to three months after their most 
recent COVID-19 vaccination or booster was 0.005, for patients who experienced COVID-19 
three to five months after vaccination/booster was 0.005, and for patients that experienced 
COVID-19 5 to 7 months after vaccination/booster was 0.006. We observed a similar 
relationship among low-risk patients (18 to 65 years old, not immunocompromised, and no lung 
disease) (Supplemental Material 3). 

DISCUSSION 
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 We found that COVID-19 vaccination before acute COVID-19 was protective against 
subsequent Long COVID. We did not find evidence of waning protection of SARS-CoV-2 
immunization concerning Long COVID in patients who experienced COVID-19 between 1 and 7 
months following vaccination. These findings build on our understanding of COVID-19 
vaccination effectiveness, particularly regarding Long COVID.   

This study contributes to the body of literature demonstrating that vaccination against 
COVID-19 is protective against Long COVID.4–6 Our point estimate regarding the association 
between COVID-19 vaccination and subsequent Long COVID risk is more modest than some 
previous evaluations (e.g., risk ratio of 0.84 vs. odds ratio of 0.66)6 and is reflective of the 
heterogeneity in the documentation of both COVID-19 vaccination and Long COVID in 
electronic health records. These cumulative findings are consistent in demonstrating that SARS-
CoV-2 vaccination before acute COVID-19 may prevent Long COVID. 

Our findings regarding the relationship between vaccination timing and Long COVID are 
consistent with a previous retrospective cohort study that found that SARS-CoV-2 vaccination 
effectively protects against Long COVID for at least 6 months.24 Previous studies have shown 
that vaccination effectiveness against acute COVID-19 wanes over time.25,26 On the other hand, 
immunization against diseases like smallpox can lead to long-term protection even after 
circulating antibodies wane.27 Further research is needed to evaluate whether the effectiveness 
of SARS-CoV-2 vaccination, with respect to Long COVID, wanes over time. 

Systematic reviews have noted a lack of randomized trials evaluating this relationship 
and have noted considerable heterogeneity in observational evaluations of this relationship, 
which supports the need for additional research in this area.4,5 In these settings, a causal 
inference (Targeted Machine Learning) approach can provide crucial evidence to approximate 
causal parameters via observational data.10–12,16,28,29 The approach described here provides a 
replicable method for evaluating the impact of post-acute COVID-19 vaccination timing on 
subsequent Long COVID risk, as several studies have hypothesized that SARS-COV-2 
vaccination after acute COVID-19 may be protective against Long COVID.30,31. Furthermore, 
these methods can be replicated across a range of time-dependent, pre-exposure (e.g., pre-
exposure prophylaxis), post-exposure (e.g., post-exposure prophylaxis), and sequential 
interventions to determine optimal intervention timing to minimize subsequent outcomes.  

Limitations 

Due to the high variability of our findings (i.e., wide confidence intervals) in the 
longitudinal cohort, we do not interpret our results as a “true null” (i.e., there may be a 
relationship between vaccination timing and Long COVID). In other words, we do not conclude 
that the effectiveness of COVID-19 vaccination, with respect to Long COVID, does not wane 
over time. A study with greater power may detect a statistically significant relationship between 
vaccination timing and Long COVID. Future studies should further evaluate the relationship 
between vaccination timing and Long COVID through a data source with (1) higher quality 
vaccination data, (2) greater sensitivity of Long COVID outcome assessment, (3) a longer 
period of follow-up between vaccination and acute COVID-19, and (4) more complete patient 
health information (i.e., lower risk of bias due to differential healthcare utilization). In our 
longitudinal cohort, we addressed limitations in vaccination data quality (i.e., high missingness) 
by defining baseline as the date of a patient’s vaccination and limiting the exposure observation 
period to 7 months. 

As is common with data from electronic health records (EHR), N3C has incomplete 
reporting of patient outcomes. This includes covariates related to baseline health and 
comorbidities, vaccination status, acute COVID-19 diagnosis, and Long COVID diagnosis. 
Previous studies using N3C have addressed these concerns.6,32,33 Notably, patient health 
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information skews toward patients with high medical utilization rates, severe illness, or 
hospitalization.32 Therefore, our approach sought to characterize and account for this 
missingness, while transparently addressing limitations to generalizability. We did not evaluate 
effect modification by vaccination type (e.g., Pfizer vs. Johnson & Johnson) due to the high 
proportion of missingness of this information. One key method, in addition to longitudinal 
multivariate adjustment and weighting, is that we restricted study sites to only include data 
providers that reported at least 5% of their patients had at least one COVID-19 vaccination or 
booster dose and reported that at least 1% of their patients have been diagnosed with Long 
COVID at some point during the N3C observation window.  

Strengths 

  A major contribution of this study is the analytic method we applied. This study 
incorporated Longitudinal Targeted Maximum Likelihood Estimation to determine the 
relationship between high-dimensional covariates, multiple time-dependent exposures 
(vaccination and acute COVID-19), and longitudinal outcomes while intervening on 
heterogeneous monitoring. No single regression approach could characterize the exposure-
outcome relationship due to time-dependent confounding. These methods can be applied to a 
range of research questions, particularly questions related to vaccination timing.  

 The data source, N3C, is another strength of this study. Given the potentially subtle 
association between vaccination timing and Long COVID, a large data source is needed to 
detect possible relationships. Furthermore, without randomization, high-dimensional covariate 
data is needed to adjust for imbalance. N3C provides this large and high-dimensional data 
source, which is necessary to address this research question. 

Conclusions 

 COVID-19 vaccination appears protective against Long COVID, and we did not find 
evidence that this protection wanes within 7 months of vaccination. This contributes to the body 
of literature supporting COVID-19 vaccination as a crucial public health measure.  
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