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Abstract

Estimating COVID-19 vaccine effectiveness (VE) by time since vaccination (TSV) is essential for understanding how protection may
change over time and enables meaningful comparisons across studies. This is important for accurate comparisons of VE against
different SARS-CoV-2 variants/sublineages, across age groups, during different periods post vaccination campaign, or by vaccine
type/brand. We provide recommendations for case-control VE studies on estimating and reporting VE analyses by TSV, with the
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aim of improving quality of these estimates. Our recommendations cover study design and pre-analysis considerations, descriptive
analyses, choice of categories of TSV, categorical and continuous modeling approaches, and best practices for reporting VE by TSV.
Using a real-life case-control study, we apply these recommendations and include accompanying statistical scripts in R and Stata. These
recommendations will serve as a practical resource for researchers conducting VE analyses by TSV. We encourage ongoing refinement

of them through input from other study groups.

Key words: vaccine effectiveness; COVID-19; time since vaccination; epidemiological methods; case-control study.

Introduction

Randomized controlled trials (RCTs) estimate vaccine efficacy:
how well vaccines work under controlled experimental conditions
and selected populations.’? However, postauthorization observa-
tional studies are crucial to estimate vaccine effectiveness (VE) by
time since vaccination (TSV), as real-world immunity may wane
beyond RCT timeframes.

These observational studies estimate vaccine performance in
the real-world context, although can be subject to bias. The two
main types are case-control and cohort studies.! These have
been used for estimating VE by TSV against several pathogens
for both childhood and adult vaccinations (eg, cholera, pertussis,
influenza).®> For COVID-19, TSV is accepted as a key determinant
of VE, with VE declining within weeks or months, depending on
variant and outcome under investigation.”-®

COVID-19 VE estimates by TSV help us to understand how
protection may change over time and allow meaningful compar-
isons across studies of VE against different SARS-CoV-2 variants/
sublineages, across age groups, during periods post vaccination
campaigns, or by vaccine type/brand. For instance, brand com-
parisons of COVID-19 VE are only meaningful when estimates
are provided by TSV. Without accounting for TSV, differences in
brand-specific VE may reflect vaccination or epidemic timing
rather than true product differences. For example, during the
2023/24 winter season, the predominant SARS-CoV-2 sublineage
shifted from XBB to JN.1 over time. Overall COVID-19 VE esti-
mates—without accounting for TSV—reported lower VE against
JN.1 than XBB. However, these estimates did not account for the
longer TSV among those infected with JN.1, as it circulated later.
To determine whether VE against JN.1 was truly lower, estimates
by TSV were needed, as provided by several studies.”!*

This manuscript provides guidance for case—-control VE studies
on estimating and reporting descriptive and VE analyses by TSV,
aiming to improve quality and comparability of such estimates.
Recommendations are summarized, and applied using a real-life
case—control study as an example, with R and Stata scripts in
Appendix S1 and Appendix S2 of the Supplementary material.

TSV and descriptive analyses
Definitions

Key elements of case-control studies are definitions of study
population, study period, relevant index date (eg, symptom
onset date, swab date, hospital admission date), exposure (eg,
vaccination >14 days before index date), and outcome (eg,
laboratory-confirmed SARS-CoV-2 infection or hospitalization).
These depend on the research question/study objectives, and
form part of the protocol and statistical analysis plan (SAP).

Many countries now have seasonal COVID-19 vaccination
campaigns. The study period start can be defined according to
country-specific campaign start dates (eg, >14 days thereafter)
and virus circulation.

Many viruses, including SARS-CoV-2, undergo frequent change,
due to a high rate of amino acid substitutions,'>!* which can

lead to immune escape, for example, due to structural changes
near/at the receptor binding sites.'*-** To assess whether decline
in VE reflects waning of vaccine-induced immunity, VE estimates
against the same (sub)variant are needed, for example, against
viruses similar in terms of immune escape. This can be done in
(sub)variant/case definition (eg, using sequencing information to
restrict the cases to specific variants/sublineages/genetic variants
of SARS-CoV-2) or in the context of swift replacement (eg, Delta
replacing Alpha, or JN.1 replacing XBB sublineages) by restricting
the study period to times of specific virus circulation.

Calculating TSV

In case-control studies, TSV is calculated by subtracting the
date of vaccination of interest from the relevant index date. For
cases, this is often date of symptom onset, for controls, date of
recruitmentinto the study. In test-negative design (TND) studies—
a type of case-control study—patients presenting to healthcare
(eg, hospitals or primary care) are enrolled and swabbed using
a shared case definition. Cases are those who test positive and
controls are those who test negative. Here, the index date is often
symptom onset date for both cases and controls.

The reference group, usually study participants not vaccinated
in the vaccination campaign of interest, or with the dose of
interest, will not have a vaccination date for the vaccination of
interest and can be coded as having 0 days since vaccination.
These participants may have received other doses, and are not
necessarily “never-vaccinated.”

Vaccination and index dates of high completeness and quality
are critical, as the VE by TSV could otherwise be imprecise—
hampering inferences around the results—or be overestimat-
ed/underestimated. While missing data methods may have their
use, complete data is preferable. Reporting should describe ascer-
tainment of vaccination variables and any missing data tech-
niques used.

Describing TSV by case status

Plotting the number of vaccinated cases and controls by day of
TSV helps guide VE modeling choices and provide insights for
interpreting VE by TSV.

Modeling VE by TSV: different approaches

Methods for modeling VE by TSV can vary in case—control studies,
but there are two overarching approaches: (1) modeling VE by TSV
categories and (2) modeling VE by TSV as a continuous variable.
The choice depends on the research questions/objectives and the
audience/readership; specific examples follow.

In case—control studies, VE is estimated as [1-odds ratio (OR) of
vaccination among cases and controls]«100 typically using logistic
regression or conditional logistic regression (matched studies).

Modeling VE by categories of TSV

COVID-19 VE is most often presented by TSV categories.” ?
This provides easily communicated public health messages, for
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Figure 1. Fictitious example of the shape of COVID-19 vaccine effectiveness by days since vaccination (panel A), using monthly categories (panel B) and
the effects of potentially too wide (C) and too narrow (D) categories of TSV. Panel A: VE by days since vaccination (true shape of the VE); Panel B: VE at
30-day intervals (suggested interval; diamonds with 95% CIs); Panel C: VE at 14-79 days since vaccination and VE at 80-179 days since vaccination

(diamonds with 95% CIs); Panel D: VE every 14 days since vaccination (diamonds with 95% CIs). TSV, time since vaccination; VE, vaccine effectiveness.

example, VE is 70% within 1 month since vaccination, or at 3-
4 months since from vaccination, VE declines to 50%.

Determining TSV categories can be challenging. The choice
should balance ease of public health communication, the shape/
functional form of VE by TSV, and sample size, which includes
numbers vaccinated overall and by case status for each category
of TSV, to ensure adequate precision (see also sections on “Mini-
mum sample size and sparse data considerations”).

Useful categories for public health messages and the shape
of VE by TSV

COVID-19 VE may decline within a few months,’**:'® making
months an effective and easily communicable unit for public
health messaging around COVID-19 VE. Vaccine effectiveness
by partial months (eg, 6 weeks, or 10 weeks) may not provide
easy public health messages. However, particularly early after
vaccination campaigns, units of weeks or days may be useful addi-
tional estimates in specific contexts, alongside monthly ones.'**
Longer intervals (eg, years) may be more appropriate for diseases
with slower waning, notably pertussis or polio."’

The number of months per TSV category will depend on the
form and rate of decline of the VE by TSV and also the distri-
bution and sample size of cases and controls, and number of
vaccinated patients in each group. Using too wide categories (eg,
0-6 months, or even 0-3 months) can mask the shape of VE by
TSV (see example of this in Figure 1C). Too narrow categories may
yield imprecise estimates (Figure 1D) or introduce sparse data

bias—a bias that can occur if the data do not have adequate
numbers of cases and controls in the selected categories.’®

In the literature, VE estimates by TSV in months are pre-
sented in different ways, for example, 1-2 months, 30-59 days,
or 31-60 days.” While these subtleties are unlikely to impact VE
estimates, for harmonization, we recommend using multiples of
30 days, excluding the upper boundary, starting from the exposure
definition (here >14 days after vaccination): 14-29, 30-59, 60-89,
90-119, 120-149, 150-179, 180-209, 210-239 days, etc.

Using equal TSV intervals facilitates comparison. However, if
data are sparse with more TSV and little change in VE, combin-
ing tail-end categories may be appropriate. The final category
should explicitly state the last day of TSV, for example, 150-
199 days, rather than an open-ended range (>150 days) to aid
interpretation.

Shape of VE by TSV and the distribution of vaccinated
cases and controls during the study period

The distribution of vaccinated individuals can vary across TSV
in the study period, due to vaccination campaigns timings,
vaccine uptake, and incidence of respiratory virus pathogens.
This can even lead to different distributions within the same
TSV category (eg, 30-59 days) across studies or between different
study periods within the same study. For example, an early-
season analysis might estimate VE at 30-59 days based on
more individuals closer to 30 than 59 days (Figure 2: study A),
whereas a later-season analysis might estimate VE based on
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Figure 2. Vaccine effectiveness (VE) by days since vaccination (curve) and number of patients by days since vaccination (bars) in an early (A) and later
season analysis (B), showing how different distributions of study participants can lead to different VE estimates at 30-59 days, using fictitious

case-control study data.

individuals more heavily concentrated towards 59 days (study
B). If true VE changes within 30-59 day interval, then the early-
season and later-season estimates of VE may differ, despite
using the same category of 30-59 days (Figure 2). If baseline
rates of infection vary between studies, we can also observe
this phenomenon of different distributions within the same TSV
category.?°

Therefore, studies should report the median TSV and interquar-
tile range for cases and controls for each TSV category, to help
interpret differences in the same categories of TSV (Table 1).

Considerations around minimum sample size and related
bias

Underpowered studies provide imprecise VE estimates by TSV.
We recommend performing sample size analyses, based on
precision around expected VE (eg, <20% from CI's lower boundary
to the point estimate) for each category before conducting the
study/analysis. Powering studies to detect statistically significant
differences between categories of TSV depends on the extent
of the decline. Because of this, we recommend sizing studies to
ensure adequate precision for each estimate.

With small sample size, few events in TSV categories, or few
vaccinated, estimates may be biased, often known as “sparse data
bias.”® This includes “finite sample bias”, which can occur with
maximum likelihood estimation, for example, logistic regression
in a case-control VE study, leading to a bias away from the
null (more extreme estimates).’’?*> Criteria to avoid this bias
should be prespecified in the protocol/SAP. To our knowledge no
widely accepted thresholds/criteria for avoiding sparse data/finite

sample bias exist for VE studies or even for case-control studies
in general, although some solutions have been presented.'®
Elements to consider:

* Events per variable ratio (EPV): Define a minimum EPV for the
analysis, which is the number of cases (or controls, whichever
is fewer) divided by the number of model parameters.’* A
common minimum EPV is 10, though values such as 5 or 15
may be used.”?°

e Minimum vaccinated sample size per TSV category: for
example, >20 vaccinated patients.

e Minimum overall cases: for example, 50, although this is
closely linked to the EPV criterium. Report the number of
cases and controls per TSV category for transparency around
sample size.’®

In the SAP, specify actions if these criteria are violated, such
as applying penalization, exact, bootstrapping, or other bias-
reducing methods,'®?>?7:2% or abandoning the analysis entirely.

The points above are suggestions and can be adapted. Other
approaches include calculating the expected number of vacci-
nated cases if VE were 0% (minimum requirement: 5 cases), or use
of CI rules, for example, excluding estimates with CI both above
AND below certain limits (eg, both above 80% AND below —50%).
Avoid excluding VE estimates based on CI width, for example,
>100%, as mathematically lower VE estimates yield wider CI (due
to log OR transformation), making lower estimates more likely to
be excluded, introducing bias.

Depending on vaccination campaign timing and study period,
some categories of VE by TSV may lack sufficient sample size for

Table 1. Example table of how to report VE by TSV with descriptive information for each category that guides interpretation.

Median TSV in days

TSV categories Cases (N)

among cases (IQR) in days

Median TSV among

Controls (N
ontrols (N) controls (IQR) in days

VE (95% CI)

Unvaccinated
14-29 days
30-59 days
60-89 days

NA

NA Ref

Abbreviations: IQR, interquartile range; NA, not applicable, as not vaccinated; Ref, reference group; TSV, time since vaccination; VE, vaccine

effectiveness.
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Table 2. Summary of recommendations for estimating and reporting VE by TSV.

Study design and prior to analysis

¢ Define clearly the study questions of the analysis.

e Ensure that the VE analyses are carried out against the same outcome. If several genetic variants are circulating, with different levels of
immune escape, decline of VE by TSV cannot be disentangled from a decline associated with circulation of a variant against which the vaccine

protects less well.

* Ensure high quality and completeness of vaccination dates and index dates, to avoid bias and loss of precision in VE by TSV analysis.

¢ Provide information on vaccination and vaccination date ascertainment and any imputation used.

e Carry out power analyses, based on desired precision around expected VE, before embarking on the study/analysis.

¢ Provide sparse data guidelines prior to analysis, for example, in the statistical analysis plan (SAP). These may differ according to analysis

objectives and the epidemiological situation.

e If modeling VE by TSV as a continuous variable, ensure you have a good understanding of statistical interaction, and understand how you can

use the resulting coefficients to obtain the interaction effects.

e State model selection techniques for VE by TSV in advance (eg, in the SAP), for example, the use of an information criterion.
e Keep accounting for calendar time in the analysis, even when estimating VE by TSV.

Descriptive analysis

¢ Plot the number of vaccinated cases and controls by TSV (eg, by days since vaccination).

Choice of categories for VE by time since vaccination

¢ The unit chosen for estimating VE by TSV in categories depends on the shape and rate of decline of VE by TSV and sample size. Modeling VE by
TSV by month (eg, in 30-day intervals) or multiples thereof may provide a useful framework for within and between-study comparisons, if
sample size allows. In the current context of COVID-19 VE, with rapid waning, we recommend VE by TSV by month as a primary analysis and

VE by 2-month period as a secondary analysis, if precision allows.

¢ Depending on the study period start in relation to the vaccination campaign start, early or later months since vaccination may not be
estimable (eg, VE estimates start at 60-89 days since vaccination, those < 60 days are not estimated).

e [f the VE is more constant over time, wider bands of TSV could be considered.

¢ In general, equal intervals of TSV may be most useful for comparison purposes, although if there is sparse data with more TSV, with little
change in VE, combining categories at the end could be considered (eg, 3-5 months since vaccination).

e For harmonization purposes, use multiples of 30, excluding the upper boundary: 14-29, 30-59, 60-89, 90-119, 120-149, 150-179, 180-209,
210-239 days, etc. With smaller numbers and with less waning (eg, influenza) these categories can be collapsed, although inclusion of VE by

these finer categories in supplementary material is useful.

¢ Be specific with the end of the last category, for example, 180-199 days, rather than >180 days, in order to aid interpretation.

Analysis of VE by time since vaccination in categories

e Setout in advance whether a categorical or partitioned analysis will be used. Consider a comparison analysis, to understand if results differ. If

results differ, a partitioned analysis may be preferred.

Modeling VE by time since vaccination with a continuous variable

¢ When modeling VE by TSV, consider comparing models using a variety of functional forms, including polynomials, transformations and

splines.

¢ As with any regression model, it is important to view the coefficients and standard errors to identify any issues in the model. These could
include excessively big or small coefficients, or when the standard error exceeds the coefficient.

¢ Beware of over- and underfitted models of VE by TSV. Information criteria can be used to select between models, along with inspection of the
coefficients and standard errors of the model outputs. An alignment of the model to the study question and expert knowledge is important too.

¢ Ensure that when comparing AIC, BIC or other information criteria of models, you are using the same data.

Reporting VE by time since vaccination analyses

¢ Provide the number of cases and controls for each category of TSV for transparency around sample size. Doing so, even when modeling TSV as
a continuous variable, helps the reader to better understand the data and sample sizes.

¢ Provide for each category of VE by TSV the median and interquartile range of TSV for cases and controls separately.

¢ When reporting VE by TSV, report the software and the statistical routines/commands used, as results may differ slightly according to the

methods used.

e If modeling VE by TSV, provide estimates by category of TSV either alongside in a table, or alternatively super-imposed in a graph to better

validate the results.

e Consider presenting candidate models in supplementary information of a report/manuscript.

estimation. For example, in analyses with study periods long after
vaccination campaign start, VE estimates at 14-29 days and 30-
59 days since vaccination may not be estimable.

Analysis of VE by TSV in categories

Estimating by TSV categories is an exposure-response analysis:
unvaccinated individuals are unexposed (TSV = 0) and vaccinated
individuals are grouped in categories of TSV “exposure.” Two

analysis approaches exist. First a categorical analysis that uses
the whole dataset with TSV coded as 0, 1, 2, 3, etc., for as many
categories of TSV as there are (categorical analysis), allowing
statistical comparisons between TSV categories (eg, Wald test). A
limitation can be that if there is an interaction effect of the adjust-
ment covariates with TSV, it can be complicated to model. Second,
a partitioned analysis, which analyses only one category of TSV
at a time with the unexposed group, using separate datasets. This
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reduces power, but avoids issues around differential confounding.
For both approaches (categorical or partitioned) we estimate the
adjusted OR for each category of TSV, with the unvaccinated (eg,
those not vaccinated in the vaccination campaign of interest) as
the reference.

Specify in advance whether a categorical or a partitioned anal-
ysis will be used. Consider applying both and comparing results.
If results differ, a partitioned analysis may be preferred.

Modeling VE by TSV as a continuous variable

Analyzing VE by TSV categories can lead to information loss
due to grouping and artificial step changes between categories.
An alternative is modeling VE by TSV as a continuous variable,
capturing the shape of decline. Having this knowledge of shape
of decline provides insights to public health questions, such as
optimal timing for booster campaigns.

A particular challenge when modeling VE by TSV as a con-
tinuous variable is avoiding an overfitted or underfitted model.
We aim to provide a generalizable model, not a model including
unnecessary fluctuations (an overfitted model), or a model sim-
plifying important fluctuations (an underfitted model). Statistical
criteria (see “Comparison between models” section) can guide
selection, although alignment with study objectives and expert
knowledge remain crucial.

Model validation can include comparing VE by TSV as a con-
tinuous variable with VE by TSV categories. Category estimates
can be provided in a table, or super-imposed on a graph to assess
consistency with the modeling. Large discrepancies should be
explored by testing different continuous and categorical model
specifications, and/or reflecting in-depth on data validity and
study set up (including sample size).

Modeling VE by TSV: functional forms

VEby TSV can be modeled using various functional forms, such as
a linear term on the log-odds scale, polynomials, transformations,
or splines. Splines—piece-wise polynomial curves—offer greater
flexibility than simple polynomials.?’ The choice of functional
form depends on the complexity of the shape of the true VE by
TSV and the analysis objectives.

For COVID-19, for example, modeling TSV from 14 days since
vaccination (as time 0), when a person is considered “immunized,”
allows using both simple and complex functional forms. Including
1-13 days since vaccination may require a more complex form, as
early observed VE can change rapidly due to immediate immune
responses and biases.*°

Vaccine effectiveness by TSV can be modeled by adding
an interaction term between vaccination status (vaccinated/
unvaccinated) and the TSV functional form, with unvaccinated
individuals coded as having TSV = 0. A good understanding of
statistical interaction, meaning of coefficients, and postesti-
mation commands are important to model VE by TSV. Not all
software routines/packages for interaction analysis are suitable
here, as only one level of the interaction term varies (representing
the vaccinated). The logistic regression formula, assuming for
simplicity a linear functional form for TSV on the log-odds scale
and no confounders, is as follows:

In (odds of being a COVID-19 case) = b0 + blcovvacc
+ b2tsv + b3 covvacc x tsv,

where

e covvacc = 0 for unvaccinated and 1 for vaccinated;

e tsv =0 among unvaccinated; a continuous variable for days
since vaccination among vaccinated;

¢ b0: baseline log-odds among unvaccinated,

e b1:log-odds ratio of being a case on the day of vaccination
compared to unvaccinated (not practically meaningful);

e b2:log-odds of change for each day since vaccination; and

* Db3:not calculable, unvaccinated have no TSV

For easier interpretation of b1, the TSV variable can be shifted
(eg, starting at 14 days postvaccination), though this requires
careful calculation of VE, particularly with transformations.

b2 + b3 represents the log-odds ratio for each additional day
since vaccination. However, in commonly used statistical software
such as R and Stata, the entire coefficient is assigned to b2, and
b3 is not estimated as unvaccinated individuals have no TSV.

The formula above is functionally equivalent to the following:

In (odds of being a COVID-19 case) = b0 + blcovvacc + b2tsv

as tsv here represents the interaction term among those with
covvacc = 1.

To estimate VE at each day since vaccination, we can estimate
the OR for vaccination (assuming the entire coefficient is assigned
to b2):

OR = [exp (b0 + b1 + b2tsv)] / [exp (b0)] = exp (b1 + b2tsv)

For example, VE at 60 days since vaccination, with VE estimated
as one minus the OR for vaccination, expressed as a percentage,
would be:

VE = (1 — ORgp) x 100 = (1 —exp(b1 + b2 x (60))) x 100.

Exploring multiple functional forms for the TSV analysis can
help capture the true VE shape. In the example, we investigate:
a linear term, log transformation, square root transformation,
quadratic term, and splines. In this article, we focus only on
two popular splines: restricted cubic splines (RCS) and P-splines.
Excellent overviews of other types of splines exist elsewhere.”

Restricted cubic splines. Restricted cubic splines (natural
splines) are a set of curves with a cubic function that vary between
a predefined number of knots. The tails of the spline (the data
either side of the boundary knots) are “restricted” to a linear
term, for improved model fit. Analysts must choose the number
and location of knots, with number of knots often more critical
than exact location.® Knot location choice can be user-defined
(eg, based on some known biological criteria), or data-driven, as
recommended by Harrell*! In absence of knowledge of the true
shape of VE by TSV, we recommend the latter. The “Comparison
between models” section describes how to select the number
of knots.

P-splines. P-splines are penalized splines, based on cubic
splines, that incorporate more knots (often 10-40) spaced
equidistantly, and contain an extra penalty term to smooth
the curve without excessive degrees of freedom. Users can
select penalty weights, though most statistical software provides
automated options. Here, generalized additive models can be used
to model this nonlinear relationship.

Comparison between models

Model comparison is challenging, and statistical criteria and
expert knowledge both play a role. Analysts can present multiple
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Table 3. Number of cases and controls by days since the second
dose of Comirnaty and onset of symptoms,
I-MOVE-COVID-19/ECDC data, Europe, July-August 2021.

TSV categories Cases (N) Controls (N)
Never vaccinated 1045 1684

14-29 days 123 1287

30-59 days 261 1584

60-89 days 60 335

90-119 days 5 91

120-149 days 48 203

150-179 days 69 250

180-213 days 29 103

candidate models, for example, in a supplement, acknowledging
model selection uncertainty.*

Standard logistic regression model selection techniques apply
and should be described in advance (protocol/SAP). Here we select
between models with the same variables and number of study
participants, but with differences in functional forms for TSV (this
includes the number of knots for RCS). In this scenario, model
comparison using an information criterion is valid. With infor-
mation criteria, lower values indicate better model fit, although
models within 2 units from each other considered equivalent
and models differing by more than 4 units considered distinct.*
Only comparisons of information criterion on the same data are
valid. In the example, we use the Akaike Information Criterion
(AIC), and expert knowledge for model selection of models within
4 AIC points.

As with any regression model, review model coefficients and
standard errors for issues such as excessively large/small coeffi-
clents, or when standard errors exceed coefficients.

Adjusting by calendar time

While TSV and calendar time can be similar in certain stud-
les, for example, where vaccination is carried out in the study
population very rapidly, they are not equivalent. We must still
consider accounting for calendar time (through adjustment using
categories or splines, or matching in matched studies) to avoid
confounding. Often in VE studies the proportion of vaccinated
increases with time and the ratio of cases and controls changes
with time. Calendar time thus meets the criteria of being a
confounder.®**

Considerations around minimum sample size and related
bias
Adequate sample size is crucial to ensure precise estimates and to
avoid “sparse data bias” or “finite data bias.” Sample size calcula-
tion for precision around a continuous exposure may be challeng-
ing, requiring generally simulation-based approaches. Descriptive
analyses can identify TSV sections with very few cases (or con-
trols), which can lead to low precision or bias. If such sections
exist, consider excluding them or starting/stopping the TSV anal-
ysis at this section.

See the section on “Considerations around minimum sample
size and related bias” subsection “Modelling VE by categories of
time since vaccination” for guidance.

Statistical software and routines

Two popular statistical software programs for epidemiological
analysis are Stata and R. Scripts for estimating VE by TSV are
provided in R in Appendix S1 and in Stat in Appendix S2 of the
Supplementary material. There can be underlying computational
differences between the implementation of the methods in each
software program, so results can differ slightly.

For modeling VE by TSV, we used the user-written mfpi routine
in Stata,® and in R, the rms() package for RCS and the mgcv()
package for P-splines.®®-*/ Other R packages exist, but these are
popular with over 3 and 10 million downloads, respectively.*®

Example analysis: I-MOVE-COVID-19 and
ECDC networks outpatient study

We used the European I-MOVE-COVID-19 and European Centre
for Disease Prevention and Control (ECDC) networks outpatient
study conducted during the SARS-CoV-2 Delta period, among
patients aged 30-59 years with swab dates between 1 July and
August 31, 2021, when Delta was predominant across all sites.*”
We aimed to estimate the effectiveness of two doses of Comirnaty
COVID-19 original mRNA vaccine containing BNT162b2 variant
spike protein against symptomatic SARS-CoV-2 infection by TSV
to assess potential waning of the vaccine effect.

The I-MOVE-COVID-19/ECDC study was a test-negative design
multicenter study. Details are provided elsewhere! In this
analysis, we compared those vaccinated with two doses of Comir-
naty to the reference group of those never vaccinated. A person
was defined as vaccinated 14 days after receiving their second
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Table 4. COVID-19 vaccine effectiveness and 95% CIs by TSV, categorical analysis, I-MOVE-COVID-19/ECDC data, Europe, July-August

2021.

Median TSV in days

Median TSV among

TSV categories Cases (N) among cases (IQR)* Controls (N) controls (IQR)* VE (95% CI)
Never vaccinated 1045 NA 1684 NA Ref

14-29 days 123 22 (18-25) 1287 21 (17-25) 87 (84-90)
30-59 days 261 43 (36-50) 1584 41 (35-49) 76 (71-80)
60-89 days 60 68 (62.5-74.5) 335 69 (63-77) 70 (59-79)
90-119 days 5 110 (109-110) 91 109 (95-113) 89 (73-96)
120-149 days 48 135.5 (127-141.5) 203 137 (128-144) 64 (49-74)
150-179 days 69 165 (158-172) 250 161.5 (155-171) 60 (46-70)
180-213 days 29 190 (187-198) 103 190 (185-197) 60 (37-75)

Abbreviations: IQR, interquartile range; NA, not applicable, as not vaccinated; Ref, reference group; TSV, time since vaccination; VE, vaccine effectiveness.
aThere can be some differences in how percentiles (for the IQR) and CIs are calculated between statistical software (eg, Stata and R).

dose, with those vaccinated 1-13 days before symptom onset or
partially vaccinated were excluded.

The dataset included 1640 COVID-19 cases (595 vaccinated)
and 5537 controls (3853 vaccinated). We used logistic regression
and calculated VE as 1 minus the adjusted OR for vaccination
expressed as a percentage.*” We included study site, swab week,
sex, presence of a chronic condition, and age (in 10-year age
bands) as a priori covariates in all statistical models.

We carried out analyses both in R and Stata and provide the
scripts in Appendix S1 and Appendix S2 of the Supplementary
material 4344

Example: TSV and descriptive analyses

We plotted the distribution of TSV by case status (Figure 3). The
proportion of cases increased with longer TSV. Between 14 and
99 days since vaccination, 12% of patients were cases and 19%
between 100 and 180 days. The median TSV for cases was 47 days
(IQR: 31-73) and 38 (IQR: 25-57) for controls.

Sample size decreased after around 60 days since vaccination
(3255 patients at 14-59 days and 1193 patients at 60-213 days),
with few cases (7 of 595 vaccinated cases) at 85-120 days since
vaccination, due to fewer vaccinations carried out in April/May
2021 among study participants. This data sparsity may impact the
robustness of the VE estimates in that range.

Example: VE by categories of TSV

We categorized TSV into 30-day categories (Table 3).
There were few cases in the 90-119 days (3-4 month) category.
We estimated VE by TSV using a categorical analysis (Table 4).
The differences between the categorical and partitioned analysis
were <2% (Table 4 and Table S1 in the Supplementary material).
We note a spuriously high VE in the 90-119 days (3-4 month) TSV
category, which has lower numbers than other categories.

Example: VE by TSV as a continuous variable

We modeled VE by TSV as a continuous variable, using 8
functional forms: (1) linear; (2) logarithmic; (3) square root;
(4) quadratic; (5-7) RCS with 3, 4, and 5 knots; and (8) P-splines.
We based knot locations for RCS on Harrell's quantiles.®* For
P-splines, we used a generalized additive model using the default
setting in the mgcv() R package. We compared models using
the AIC, excluding models where standard errors exceeded
coefficients.

All models showed declining VE by TSV (Figure 4). The P-spline
and RCS model with 5 knots had lowest AICs (Table 5). However,
the 5-knot RCS model was excluded due to large standard errors
compared to coefficients.

The shape of the best models demonstrated an initial steeper
decline within the first days since vaccination, followed by a
slower decline.

While the P-splines model had the lowest AIC, CIs were wide.
The next best model was the RCS model with 4 knots (3 AIC points
higher).

As defined prior to analysis, selecting among models within
4 AIC points of each other, and using expert knowledge, we
selected the model using RCS with 4 knots as the primary model.
The P-spline results were retained as supplementary, providing
additional information to the report or article.

To validate the results, we superimposed the VE estimates by
TSV categories with those by days since vaccination (Figure 5).

Other considerations

In this manuscript, we assume the decline in VE is due to waning
of immunity induced by the vaccine in the individual. However,
other factors may contribute. These include if the “case” defini-
tion covers several SARS-CoV-2 genetic variants/(sub)lineages or
strains that are antigenically different (have different VE), and
that are circulating differently over time (see “Definitions”).

Additionally, spurious decline in VE by TSV may arise, linked
to mode of action of vaccine (e, leaky or all-or-nothing vaccines)
and the study design used, which has been extensively discussed
in the literature.®>*® In case—control studies, individuals with
short- or medium-term immunity due to prior infection often
cannot be excluded from the population at risk—this information
is typically unavailable. We can then observe spurious waning, a
phenomenon often associated with the term “depletion of sus-
ceptibles,” which can occur in other VE study designs too.*>*
Evidence suggests this “depletion of susceptibles” effect is modest
in TND VE studies of influenza and COVID-19 VE,>%>! although it
is dependent on the epidemiological situation.>?

Other approaches to modeling VE by TSV include restricting to
vaccinated individuals only and estimating relative VE. However,
this may be more difficult to compare between studies, as its
interpretation depends on the underlying absolute VE.>® The self-
controlled case series design is another method that can be used
to estimate VE by TSV, using just case data.°*>> More recently,
quantifying vaccine waning as a challenge effect has been
proposed.>®

Discussion

This article offers step-by-step guidance for estimating and
reporting VE by TSV, focusing on COVID-19 VE case—control
studies. Understanding VE by TSV helps support choices for
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Figure 4. COVID-19 VE by TSV, modeled as different functional forms, I-MOVE-COVID-19/ECDC data, Europe, July-August 2021. TSV, time since

vaccination; VE, vaccine effectiveness.

Table 5. Akaike information criterion according to functional
form of modeling VE by TSV, -MOVE-COVID-19/ECDC data,
Europe, July-August 2021.

Functional form of TSV AIC

Linear 6662.9
Logarithmic 6650.3
Square root 6656.4
Quadratic 6656.7
RCS (3 knots) 6651.5
RCS (4 knots) 6649.6
RCS (5 knots) 6646.7
P-spline 6646.6

Abbreviations: AIC, Akaike information criterion; RCS, restricted cubic
splines; TSV, time since vaccination.

optimal vaccination campaigns timings, and our aim is to help
researchers improve quality and comparability of these estimates.
We provide accompanying scripts in two widely used statistical
software in epidemiology, Stata and R, to support this aim. The
emphasis is on reporting and statistical methods, rather than
explaining the causes of time-varying VE, as detailed discussion
of reasons for VE decline is outside the scope of this article.

A strength is use of the real-world example: I-MOVE-COVID-19/
ECDC primary care study data during the SARS-CoV-2 Delta
variant predominant period. These recommendations can also be
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Figure 5. COVID-19 VE by TSV, modeled as an RCS with 4 knots, with VE
by TSV in categories superimposed, I-MOVE-COVID-19/ECDC data,
Europe, July-August 2021. RCS, restricted cubic splines; TSV, time since
vaccination; VE, vaccine effectiveness.

extended to other pathogens with in-season waning of VE, such
as influenza or maternal RSV vaccine. For influenza, researchers
might use broader TSV intervals (eg, multiples of months), given
its slower decline, particularly for influenza A(HIN1)pdmO9
and B> The recommendations may also apply to vaccines
against pathogens displaying immunological decline over longer
timescales, such as cholera or typhoid, provided the units for



American Journal of Epidemiology, 2026, Volume 195, Number 4 | 1117

analysis are adjusted. Many of these principles extend to other
study designs, such as cohort studies. Careful model selection
is important to avoid over- and underfitted models, which may
provide spurious results. We emphasize the importance of good
quality studies, large sample sizes, power analyses in advance of
the study and expert opinion.

Limitations include the exclusion of certain estimation
methods (eg, analyses restricted to vaccinated patients) and
certain functional forms (eg, other types of splines or fractional
polynomials).

Conclusions

These recommendations serve as a resource for researchers
estimating VE by TSV. They are not intended to replace expert
statistical guidance. We encourage ongoing refinement of these
guidelines through input from other study groups.
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