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SUPPLEMENTARY APPENDIX 

We conducted a simulation study to evaluate vaccine effectiveness (VE) estimation methods and data inclusion 

rules with respect to bias and precision, with a particular focus on the bias that may arise in observational studies when both 

incidence and the proportion of the population vaccinated changes rapidly during the study period. During the first half of 

2021, the proportion of blood donors who were vaccinated increased from close to zero to approximately 80%, while over 

the same period incidence declined rapidly from a peak around the 2020/2021 holiday period, and then stabilized prior to 

the Delta variant-driven outbreak. In this situation, unvaccinated follow-up time accumulates disproportionately during a 

period when background incidence (and therefore baseline risk of infection acquisition) was relatively high, and vaccinated 

follow-up time disproportionately during a period of relatively low incidence. Methods that do not appropriately account 

for variable baseline risk would likely be biased and result in an overestimate of VE. 

We simulated 1,020 datasets that reflected donations during a 360-day period (𝑡 = −180 to 𝑡 = 180), with vaccines 

implemented during the second 180 days (from 𝑡 = 0). The simulations represent an idealized scenario of rapid vaccine 

uptake and rapid incidence decline during the period of vaccine uptake in order to pressure-test data selection rules and 

estimation methods. The first 180 days are included in the simulation in order to effectively reflect the entire history of the 

pandemic in this simulated population without the need to specify sensible initial conditions, and mirroring the one-year 

period of universal SARS-CoV-2 antibody testing by Vitalant from June 2020 to early July 2021. 

Each dataset consisted of 200,000 donation intervals with the time of the first donation drawn from a uniform 

distribution [−180,180], and the length of the donation interval drawn from a truncated normal distribution (𝜇 = 65, 𝜎 =

35), with 90% of donations set to be from whole blood donors with a minimum inter-donation interval of 56 days, and 10% 

from apheresis donors with a minimum inter-donation interval of 7 days. All intervals had a maximum length of 180 days. 

Intervals that ended after 𝑡 = 180 were excluded from analysis. Incidence during the first 180 days (i.e., preceding the 

period of interest during which vaccination was implemented) was a function of time designed to reflect multiple epidemic 

waves, culminating in a fixed peak incidence at day 0 of 50 infections per 10,000 person-weeks (see Figure A1). During the 

period of interest, incidence was an exponentially declining function of time, eventually plateauing at 20% of peak incidence 
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(i.e., at 10 cases per 10,000 person-weeks). The function for incidence during the pre-vaccination period was a simple spline 

function, while the exponential decline during the period of interest is given by the following equation: 

𝜆(𝑡) = 𝑝 +	(𝑖 − 𝑝)𝑒!
"
# 

with 𝑡 time, 𝑝 the plateau value or asymptote, 𝑖 the initial value, and 𝑘 the exponential rate. The exponential rate of decline 

was varied stochastically in each simulation, drawn from a uniform distribution [40,80]. The proportion of the donor 

population that was vaccinated was kept fixed at zero until day 0, after which it exponentially increased (using the same 

function as above), at a rate also drawn from the uniform distribution [40,80], and plateauing at 80% (Figure A2). 

Figure A1: Incidence of SARS-CoV-2 infection as a function of time in simulated scenarios 

  

Panel A: Slower incidence decline; Panel B: Faster incidence decline. 

Figure A2: Proportion of the population vaccinated as a function of time in simulated scenarios 

 

Panel A: Slower vaccine uptake; Panel B: Faster vaccine uptake. 
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In unvaccinated donors, the incidence function was used to compute a probability of infection occurring during an 

interval by evaluating the incidence function at the midpoint of the interval (expressed in infections per person-day) 

multiplied by the size of the interval to obtain a total risk of infection over the course of the interval. There is a loss of 

granularity compared to formally computing a cumulative probability of infection during an interval by integrating over 

time-varying incidence over the interval, but we did not believe this loss of resolution to be relevant for the purposes of this 

simulation study. This probability was then used to draw whether an infection took place from a binomial distribution.  

Similarly, the probability that the donor was vaccinated at the start of the interval (𝑡$) was obtained by evaluating 

the vaccination proportion function at 𝑡$, and the probability at the end of the interval by evaluating the function at 𝑡%, given 

that the donor was unvaccinated at 𝑡$, with vaccination status at 𝑡$ and 𝑡% set binomially. If vaccination occurred during the 

interval, the status would be different at 𝑡$ and 𝑡%.  

Vaccine efficacy was set for each simulation run at a value between 30% and 90% (drawn from a uniform 

distribution), and then applied to the infection probability computed as in unvaccinated donors. The probability of infection 

during unvaccinated and vaccinated intervals 𝑡$ to 𝑡% are therefore given by: 

𝑝& = 𝜆 9𝑡$ +
𝑡% − 𝑡$
2 ; ⋅ (𝑡% − 𝑡$) 

𝑝' = (1 − 𝑉𝐸) ⋅ 𝜆 9𝑡$ +
𝑡% − 𝑡$
2 ; ⋅ (𝑡% − 𝑡$) 

The first critical question faced in data analysis is which data points to include. In the case of these repeat donor 

data, we sought to determine: (1) whether to include data from the pre-vaccination period in analysis and (2) how best 

handle intervals during which a donor’s vaccination status changed. The latter concern arises from the fact that these data 

are interval censored, so that the time of an event is not precisely known – only whether it had already occurred at the time 

of donation. This is of particular concern since vaccination had a strong time dependence and was rapidly increasing over 

the period, and therefore an unobserved vaccination event during an interval would not have had a uniform likelihood to 

have occurred at all times in the interval. If a donor was vaccinated during an interval and did not become infected during 

that interval, it is not clear how to allocate time-at-risk in incidence calculations. If a donor was both vaccinated and became 

infected during an interval, it cannot be known in which order the events occurred. We evaluated the following strategies 

with respect to intervals during which vaccination took place: 
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• No data exclusion – consider intervals during which vaccination took place unvaccinated exposure time; 

• Exclude intervals during which vaccination and infection took place, and allocate half of intervals during which 

vaccination but no infection took place as unvaccinated exposure time and half as vaccinated exposure time; 

• Exclude all intervals during which vaccination took place; 

We considered a method based on estimating incidence in vaccinated an unvaccinated donors, computing an 

incidence rate ratio (IRR) and then calculating VE as 1-IRR. This method does not account for variable baseline risk and 

cannot be adjusted for confounding (such as demographic differences associated with risk in the vaccinated and 

unvaccinated groups). We further considered two regression approaches: Cox proportional hazards regression, which is a 

time-to-event approach frequently used for studies of this kind, and Poisson regression, which is frequently used for 

incidence analysis when adjustment for covariates is necessary. Cox models were fit to data on a calendar timescale. Poisson 

models treated exposure time as an offset (the entire interval if no infection took place, and half the interval if infection took 

place) and used a log link. While the Cox model allows for an unspecified time-varying baseline hazard, and therefore 

theoretically should not be exposed to the potential bias arising from vaccinated exposure time accumulating 

disproportionately during a lower-incidence period, we tested both Cox and Poisson models with and without calendar time 

as a covariate, to control for varying baseline hazard. 

In general, data selection rules that kept only intervals that started during the vaccination era (i.e. 𝑡$ ≥ 0) had lower 

bias. It is also intuitively apparent that additional unvaccinated exposure time during a period when no vaccinated exposure 

time accumulated does not add relevant information to the analysis. We therefore concluded that using only intervals with 

a first donation on or after 1 January 2021 was appropriate. In these simulated scenarios, the approach to handling intervals 

during which vaccination took place had a small effect. However, since we used incidence at the time of the midpoint of an 

interval to determine the probability of infection during the interval, an equal allocation of these intervals to vaccinated and 

unvaccinated exposure time may appear safer than it would be in reality during rapidly changing incidence. We therefore 

decided to exclude all intervals during which vaccination took place from analysis. It remains a potential limitation that half 

of an interval during which infection took place was allocated as time at risk in analysis, given that in these simulations 

incidence at the midpoint determined the probability of infection during the entire interval, while in a situation of changing 

incidence risk would be distributed non-uniformly during intervals. 
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We found that unadjusted IRRs derived from a conventional person-time incidence estimation approach exhibited 

significant bias and had poor confidence interval coverage: mean relative bias of 17%, and the confidence interval containing 

the true value in only 35% of the 1,020 simulated datasets. Cox regression without controlling for calendar time as a 

covariate performed even worse with mean relative bias of 46% and CI coverage of 0%. Poisson regression without 

controlling for calendar time had mean relative bias of 16% and CI coverage of 35%, pointing to the fact that Poisson 

regression is analytically equivalent to a crude IRR calculation when not controlling for covariates. Cox regression and 

Poisson regression controlling for calendar time, by including either the time of the midpoint or end of the interval as a 

predictor, had reduced bias and improved CI coverage. For Cox regression using the end of the interval, mean relative bias 

was 14% and CI coverage 62%. For Poisson regression using the end of the interval, mean relative bias was 8% and CI 

coverage was 84%. Poisson regression which included the midpoint of the interval performed even better (CI coverage 

91%), although this improved performance is likely an artefact of the use of midpoints to determine infection risk in the 

simulations. In unfavorable scenarios (rapid incidence decline and slow vaccination growth, which increases the potential 

for bias), Poisson regression controlling for calendar time achieved CI coverage >95%, indicating that this approach 

effectively addresses confounding related to changing baseline hazard. 


