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Summary

New SARS-CoV-2 variants arise frequently with different viral properties that can
impact the effectiveness of the vaccines. Updating estimates of vaccine effectiveness
(VE) in public health surveillance can be limited by the necessity of conducting a
distinct study that entails analysis of prospective cohort data or using a test-negative
design. We introduce a method for dynamically updating estimates of VE using data
that accumulate in real time. Our method uses dynamic case-control sampling to
estimate VE against a newly emerging variant relative to a previous variant. Dynamic
case-control sampling is a technique that continuously updates VE estimates by
comparing individuals infected with a newly emerging variant (defined as “cases”) to
those infected with a previously circulating variant (defined as “controls”). We use
this estimate in combination with information about VE from the previous variant
(these estimates are typically available from larger, traditional studies) to infer VE
against the emerging variant. We demonstrate the utility of this method on the BA.1
and BA.2 sub-lineages of the Omicron variant. The method produces estimates of VE
comparable to those produced using traditional methods, although with increased SE.
The increase in error, however, is reasonable given a much smaller sample size than
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other studies, and error ranges of the estimates could be significantly improved by
sequencing a larger proportion of identified cases. Our method, which assumes only a
fraction of the new cases are being sequenced, can be applied by health departments
using routinely collected data to produce timely, rigorous VE estimates to rapidly
identify potential changes in VE.

Keywords COVID-19, genomic surveillance, infectious disease surveillance, Omicron variant, vaccine
effectiveness

1. Introduction

Following the emergence of the Alpha SARS-CoV-2 variant in December 2020, the COVID-
19 pandemic has been marked by regular evolution and rapid spread of new immune-evasive
variants. In the United States, the first case of the Omicron variant of SARS-CoV-2 was identified
on 1 December 2021, and it was circulating widely in every region of the country by mid-
December (Centers for Disease Control and Prevention 2024), causing case and hospitalization
spikes. Preliminary studies of the BA.1 sub-lineage of the Omicron variant demonstrated reduced
vaccine effectiveness (VE) in laboratory settings (Lu et al. 2022; Wilhelm et al. 2022) and were
available rapidly, but do not map directly to specific health outcomes. In vivo estimates produced
from observational studies showing reduced VE against symptomatic disease and hospitalization
(Andrews et al. 2022; Buchan et al. 2022; Collie et al. 2022; Eggink et al. 2022; Spensley et al.
2022) were not available until February to July 2022. By late March, 2022, the BA.2 sub-lineage,
which contained additional mutations unique from those observed in the BA.1 sub-lineage of the
Omicron variant, had already become dominant (Yu et al. 2022), and comparable VE against
symptomatic disease and hospitalization for the BA.2 sub-lineage compared to the BA.1 sub-lineage
was demonstrated (Kirsebom et al. 2022). Public health officials must be able to quickly assess the
degree of vaccine effectiveness (VE) against new strains of the virus to anticipate the impact of
new variants and need for mitigation measures. Obtaining reliable estimates of VE often involves
conducting a prospective cohort or test-negative case control study (Abu-Raddad et al. 2021; Lin
et al. 2022; Rosenberg et al. 2022), both of which can require large sample sizes (World Health
Organization 2021) and substantial time for cases to accumulate. Although a test-negative design
requires a smaller sample size to produce an estimate with similar SE to a cohort study, bias is
often introduced in the sampling of test-negative controls. Specifically, controls cannot be sampled
in the same way as those who have tested positive; hence likelihood of seeking care may differ by
vaccination status, symptom status, or unmeasured characteristics, making it difficult to ascertain
VE against any infection rather than just symptomatic infections.

In addition, genomic sequencing is costly and typically only available for a sub-sample of positive
tests. Approaches to estimating variant-specific VE include (i) computing VE for cohorts in time
periods during which each variant is dominant (Seppéléa et al. 2021; Tartof et al. 2022), which
does not make use of sequenced samples and relies on the assumption that all infections are due to
a single variant at a given time, (ii) sequencing thousands of samples for a test-negative design
(Bruxvoort et al. 2021; Puranik et al. 2021; Tseng et al. 2022), despite the cost and time-lag
for sequencing, and (iii) by relying on S-gene target failure, which is useful for differentiating
between the Omicron and Delta variants, but cannot be used to differentiate between sub-lineages
of the Omicron variant (Rahimi and Talebi Bezmin Abadi 2022). With the rapid dominance of new
variants and these limitations of existing study methodologies, estimates of VE may be biased and
typically are not available until a strain is already dominant and response options are limited.

The screening method (Farrington 1993) based on case-only data can be used to estimate VE when
information about population proportion of vaccine coverage is also available. This proportion
is often derived using information from census data, together with information about number
vaccinated. However, because the sample of sequences for cases identified as the BA.1 or BA.2
sub-lineage is not necessarily a random sample from population, it is difficult to estimate the
population proportion vaccinated in the population represented by the sampled cases. Surveillance
of VE against influenza are often focused on examining seasonal strains (Kelly et al. 2009;
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Jester et al. 2018), rather than on dynamic updating of VE within a wave of infection. van der
Laan and Gilbert (2025) propose a method that addresses the limitations of traditional methods for
estimating VE by introducing a semi-parametric estimator for strain-specific VE and establishing
that this estimator may yield more robust estimates of the odds ratio than logistic regression under
certain conditions. They also apply their method to estimate VE in a setting in which viral load
information was available and produce an estimate of VE against a specific strain post hoc, rather
than dynamically updating estimates.

In this paper, we propose a novel surveillance method for obtaining and updating estimates of
VE against infection with an emerging variant using dynamic case-control sampling. The method
is based on cases for which genomic sequencing is available, minimizing mis-classification bias
relative to methods implementing calendar-based classification and can be applied in settings where
only a subset of cases are sequenced. Our method is motivated by the Rhode Island Department
of Health’s (RIDOH) practice of genotyping approximately 10% of cases at the time the work
is initiated. We use genomic surveillance data as cases of a new variant or sub-lineage arise to
produce and continuously update VE estimates. Our approach uses routinely collected data and
can be applied without the need to sample additional data on test-negative controls.

Our method additionally accounts for differences in population-level transmission and certain
measured characteristics of diagnosed infections. We show that by mid-to-late January 2021 our
method would have obtained stable estimates of VE against infection with the BA.1 sub-lineage that
are consistent with VE results published in much larger studies and without some of the limitations
introduced by cohort and test-negative designs. We also show via simulation that under different
ordering of case-accumulation, we can expect results similar to those observed in the application.
Further, with a higher proportion of samples sequenced for both the Delta and Omicron variants,
VE estimates could be produced with increased precision and estimates may stabilize more quickly.
The method can still be used even with home-based testing replacing much of the need for testing
performed in formal/lab settings, provided that additional assumptions about whether those who
report for testing constitute a representative sample hold.

In the following sections, we introduce notation and derive our VE estimator, then describe it’s
application to producing updating estimates of VE using routine COVID-19 surveillance data in
Rhode Island. We display the properties of this estimator in a simulation framework. Finally, we
discuss the benefits and limitations of estimating VE in this manner.

2. Materials and methods

2.1. Study design and notation

We aim to estimate VE against an emerging variant. Let S be an integer-valued random variable
denoting SARS-CoV-2 infection status, with S = 0 indicating uninfected and S = s (for s > 0)
indicating infection with variant (or viral subtype) s. Let V represent integer-valued vaccine status,
with V = 0 corresponding to being unvaccinated and V = v (for v > 0) representing level of
vaccination received (eg none, partial, full, booster). Encoding S and V as integers sets a natural
baseline at zero without implying order.

Following epidemiologic convention, we define the VE in terms of the risk of infection with a
specific SARS-CoV-2 subtype S = s if vaccinated at level V = v relative to the risk of infection if
not vaccinated (V = 0). We denote this quantity by VE,(s), and write

VE,(5) = 1 — P(S:s|V:v)’
P(S=s|V=0)

or 1 minus the relative risk of infection for those vaccinated at level v versus those unvaccinated.

In defining VE against infection with variant S = s, we assume the denominator for “risk of

infection” includes only those infected with variant s and those uninfected; ie excluding other

variants. Formally, let . = {0, 1, 2, ..., K} represent the possible infection status values at a specific

point in time, with s = 0 denoting “uninfected” and the integer values s > 0 indexing infection
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with specific variants. We assume, for a variant s = 0,

PS=s|V=v,S5€¢5) PS=s|V=v,5€{0,s})
PS=s|V=0,Se.Y) NP(S:slV:O,Se{O,s})'

The approximation is implicit in most published reports of variant-specific VE (Lauring et al. 2022;
Link-Gelles et al. 2023). It can be expected to hold when the set .#\{0, s} is small, a condition that
is largely met in the setting our method addresses. We further note that it is only required for the
approximation to hold for the relative risk; it is not necessary for the respective numerator and
denominator probabilities to be approximately equal. When risk of infection is low, relative risk is
well-approximated by the odds ratio, and VE against infection with variant s can be represented as

PS=s|V=vy)

P(S=s|V=0)
PS=s|V=v)/P(S=0|V=y)
 PS=s|V=0)/PS=0|V=0)

VEv(S) =1-

€8]

The approximation (1) can be viewed as an odds ratio where S € {0, s}. Now consider estimating
VE against an emerging variant s’ when reliable estimates of VE against a previously circulating
index variant s are available. The VE against the index variant is therefore given by VE, (s), and we
assume there is a reliable estimate available from (for example) a randomized trial or a large-scale
observational study. For example, during the emergence of the Omicron variant, VE for the Delta
variant had been estimated from several large cohorts and reported in peer-reviewed literature and
elsewhere (Seppdili et al. 2021; Gram et al. 2022; Tartof et al. 2022).

Owing to a diminishing number of individuals who remain free of any previous infection, it may
be difficult to generate an estimate of VE that compares risk or odds of infection by the emerging
variant relative to not being infected. However, it may be possible to generate reliable estimates of
a relative measure that captures the effect of vaccination on infection with an emerging variant s’
relative to an index variant s. Restricting attention to those who are infected by either s or ¢/, let

PS=s|V=v)/PS=5s|V=y)
PS=s5|V=0)/PS=s|V=0)

WV(S/: S) =

denote the odds ratio quantifying the association of vaccination at level v against emerging variant
s’ relative to an index variant s; ie where S € {5, s}. Using this formulation, the standard VE measure
(1), quantifying effectiveness against infection with variant s relative to not being infected, can be
written as VEy(s) = 1 — yy (s, 0).

Moreover, VE against infection with an emerging variant can be expressed in terms of (i) VE for
an index variant s, and (ii) the odds ratio capturing the effect of vaccination on infection with s’
compared to s. Specifically, we can write (s, 0) as

, PS=s|V=v)/PS=0|V=v)
w0 = 5 = 1V=0/P8=0|V=0)
_ PS=s|V=v)/PS=s|V=yv) o PS=s|V=v)/PS=0|V=v)
PS=5|V=0)/PS=5/V=0) PS=s/V=0)/PS=0|V=0)

= yy(s', ) yw(s,0),

(by definition)

so that vaccine efficacy against the emerging variant s’ can be represented as

VEy(s) =1 — yy(s',0)
=1- ‘//V(S/9 S) ‘//V(S: 0)
=1-yy(s,9){1 - VEy(s)}. 2
This motivates our general approach to calculating VE,(s'), the VE against a new variant relative

to being uninfected. First, using an accumulating database that contains information on infections
from both the new variant s’ and an index variant s, we use dynamic case-control sampling to
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generate real-time updates for yy(s',s). The sampling is dynamic because the estimates of yy (s, s)
can be updated in real time as new cases accumulate. Next, we combine this with available
estimates of VE against the index variant, VE,(s) to derive updated estimates of VE,(s’) using (2).
As we show in Section 3, the updated estimates can be calculated daily to support ongoing public
health surveillance.

For the estimates of VE against the emerging variant to be as precise and locally relevant as
possible, we need to address several challenges. First, we need to generate reliable estimates of
wy(s',s) from a sample of cases with sequenced virus, where selection into the sequenced sample
is potentially nonrandom relative to the population of interest. Second, we need to incorporate
uncertainty about existing estimates of VE against the index variant. Third, we note that comparative
estimates of VE across different variants may not take into account differences in transmissibility,
or attack rate, between the 2 variants.

The following sections detail our approaches to each of these challenges.

2.2. Estimation of relative vaccine effectiveness against an emerging variant

Our method uses individual-level data on all diagnosed infections during a defined analysis period,
with associated demographic information and sequencing information for a subset of infections.
For each individual, let G denote the indicator of whether a genomic sequence is available for the
confirmed case (1 if yes, 0 if no). As above, let S represent infection status, with S = 0 denoting
no current or previous infection and S = 1,...,J indexing viral subtype among those who are
currently infected. Recall that V € {0, 1, 2, 3} represents vaccine status (not vaccinated, partial,
full, and boosted, respectively). Finally, let X denote a vector of individual-specific covariates.

Availability of a genomic sequence is needed to classify the viral subtype for an individual
infection. Because sequenced cases are a subset of all diagnosed infections, we introduce a model for
the selection mechanism that leads to sequencing. For each new infection, let G denote the indicator
of whether a genomic sequence is performed (1 =yes, 0=no), and let 7 (X;) = P(G = 1|X;)
represent the selection mechanism as a function of individual covariates X.

Using data from those with viral subtype available (those with G; = 1), we obtain information
on the variant or sub-lineage, and divide the sample of sequenced diagnosed infections into cases,
defined as those infected by an emerging variant (S = s’), and controls, who are infected by an
index variant (S = s). In this sample, vaccine status V indicates vaccination status of the individual
as of the diagnosis date.

We estimate yy(s’, s) via weighted logistic regression on a matched set of cases and controls. The
matching is done using propensity scores estimated from a model P(S = s’ | X;) = g(X;; B), where g
is a regression model such as logistic regression; in our application we use full matching (Hansen
2007; Stuart et al. 2011) to make maximum use of the available data. This creates Q matched sets
such that within each matched set g, there are nq controls and nél cases; each matched set contains
at least 1 case and at least 1 control, and no infections are discarded.

The model used to estimate (s, s) is specified as

3
logit {P(S =" |X;, Vp)} = Y 6I(V; = v) + h(X;; o)
v=0
3
=Y log {ww(s',9)} 1(V; = v) + h(X;; ), 3
v=0

where the vaccine status indicators I(V; = v), for v = 0,1, 2, 3, are covariates; 6, = log {l//v (s’ ,s)}
are their respective coefficients; and h(Xj; «) is a user-specified function of individual covariates
X; included to adjust for any remaining imbalances and increase efficiency. The exponentiated
coefficients exp(fy) from the fitted model are estimates of (s, 5).
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The model is fitted using weighted maximum likelihood with weights
-1
g | Xz h)
ng \ X=X B)

1

4

The weights account for the varying numbers of cases and controls in the matched sets and for
sample selection of infections that have a genomic sequence available for ascertaining viral subtype.
We use weighted logistic regression to estimate an odds ratio interpretable as an estimate of relative
VE, however the method is not dependent on the use of logistic regression; we could carry out
inference using any valid model for a binary endpoint.

2.3. Inference about vaccine effectiveness against a new variant

To estimate and draw inferences about VE against a new variant, we combine estimates of relative
VE derived using methods described in Section 2.2 with existing estimates of VE against the index
variant. Estimates and uncertainty measures for VE against the index variant are derived from
published randomized trials and observational studies.

Recall from (2) that VE against the emerging variant is given by VE,(s) =
1 — yy(s',s) {1 — VE,(s)}. Noting that VE,(s) is a function of yy(s’,s) and VE,(s), our approach is
to use simulation to approximate its sampling distribution and generate inferences about VEy(s').
Because log { yy(s',5)} = 6y is estimated using (weighted) maximum likelihood, we approximate
the sampling distribution of log [ (s, s)] using .4 6y, &92" ), where agzv = var(fy). Using SEs and
CIs extracted from the literature on VE Using we make a similar assumption about estimates of
VE, (s)—namely that the distribution of uy = log { ﬁv(s)} can be approximated by A4 (iiy, & 3‘,).

To simulate from the sampling distribution of VE,(s"), we proceed in 3 steps: (i) simulate a
pair @y, jiy) from the respective sampling distributions given above (ii) set x//V(s s) = exp(fy) and
VEy(s) = exp(iiy), and (iii) use (2) to calculate VEv (s") from yy(s',s) and VEv(s) These steps can
be repeated a large number of times (eg 10°) to simulate replicates from the sampling distribution
of ﬁv(s), and from there to calculate an estimate and associated CI.

2.4. Note on differences in infectivity of index and emerging variant
The infectivity rate can differ between strains or variants of a virus: when a new variant emerges,
mutations can cause changes in the infectivity of the virus (Jalali et al. 2022) as well as impact
the effectiveness of existing vaccines at neutralizing the virus in the body (Otto et al. 2021). If we
define 1y(s) = P(S = s|V = v), we can then write

PS=s|V=v)/PS=s|V=yv)
PS=5|V=0)/PS=s|V=0)
_ Av(s") /2w (s)
~ 20(5)/206)”

Now define ¥ = 1¢(s')/4¢(s), so that « reflects the rate of infectivity in unvaccinated individuals
among those with the emerging variant relative to the index variant. Thus, it is important to
note that an observed estimate of the relative VE (s, s) may be partially attributable to actual
differences in effectiveness (numerator) and differences in infectivity (denominator).

Yy (S/, S) =

3. Estimating Vaccine Effectiveness Against BA.1 and BA.2
Sub-Lineages In Rhode Island

3.1. Overview

In this section, we separately estimate VE against each of the BA.1 and BA.2 sub-lineages of the
Omicron variant, using Delta as the index variant. Specifically, we calculate relative VE, yy (s, s),
where the BA.1 and BA.2 sub-lineages are labeled with s’ and the Delta variant is labeled with s.
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Hence we treat the Omicron variants as “cases” and the Delta variant as “control” in the estimation
of relative VE.

As indicated in Section 1, only a subset of SARS-CoV-2 positive specimens collected in Rhode
Island are sequenced. Using (4), sampling weights that are inversely proportional to 7 (Xj; f) are
used to ensure that sequenced specimens are a representative sample of all infections diagnosed
after the conception of RIDOH’s genomic sequencing program. Using weighted logistic regression
(3), we calculate absolute VE for both the BA.1 and BA.2 sub-lineages by combining our estimate
wy(s', s) of relative VE with inferential information about VE against the Delta variant derived from
published reports.

To illustrate the dynamic nature of the method for updating VE against the BA.1 and BA.2 sub-
lineages as new sequences are obtained, we define yy (s, s; t) as therelative VEonday t = 1,2,3,.. .,
where t = 1 is the first day on which an observed sequence indicates that the viral strain is that of
an emerging variant. We provide inferences for

VEy(s'38) =1 — yy(s', ;) {1 — VEy(5)} )

as a function of t, summarizing both point estimates and SE over time. Our estimates of VE for the
BA.1 sub-lineage are compared to estimates that were later published using much larger datasets.
For the BA.2 sub-lineage, we were unable to find directly comparable estimates of VE against
any infection but do contextualize our results by providing literature estimates of VE against
symptomatic infection with the BA.2 sub-lineage that were published later.

3.2. Formation of analysis dataset

As of the time this analysis was completed, RIDOH collected demographic information associated
with all SARS-CoV-2 positive specimens, linked these individual records to a vaccination registry,
and selected a sample of SARS-CoV-2 positive specimens for sequencing from various labs in
the state by geographic area and hospitalization or “breakthrough” status (“breakthroughs” are
COVID-19 infections that occur more than 14d after vaccination). The demographic variables
included in the covariate vector X; are age, sex, race, congregate care status, and a ZIP-code-based
3-tier community-level COVID-19 risk classification. The covariate vector X can be elaborated to
include information about timing of vaccination and prior infection status.

We start with infections diagnosed after 1 January 2021, when the RIDOH genomic surveillance
program was initiated, and include data through 13 June 2021. During this period, specimens
were collected from 283,385 individuals with at least 1 laboratory-confirmed SARS-CoV-2 infection
reported to RIDOH. Of these, 14,862 individuals have at least 1 sequenced result. The file containing
these data was finalized by RIDOH on 7 April 2023. We then restricted our sample to those aged
16 and over (owing to vaccine eligibility criteria at the time) and having no previous documented
infection, resulting in 11,907 observations. We exclude those with any previous, documented
infection because previous infection has been demonstrated to confer some immunity (Wilhelm et al.
2022). At the time, there was still a relatively large pool of individuals without any documented
infection, although this subset will dwindle over time. Finally, we limited the analysis to sequenced
diagnosed infections classified as variants relevant to our analysis, retaining infections classified
as the Delta variant diagnosed on or after 1 November 2021, and those classified as the Omicron
variant diagnosed on or after 24 November 2021 [when the Omicron variant was first reported to
the WHO (Perrine and CDC COVID-19 Response Team 2021)]. Appendix Figs S3 and S6 depict
timing of sequence acquisition and a flowchart depicting inclusion criteria.

The final analysis sample comprises data from 5,751 individuals, of which 2,220 (39%) had
infections with the Omicron BA.1 sub-lineage (cases), 1,462 (25%) with the Omicron BA.2 sub-
lineage (cases), and 2,069 (36%) with the Delta variant (controls). Details on all sub-lineages
observed in the available data, and the breakdown of included sub-lineages of the Omicron variant
over time, are shown in the Appendix (Section SA.1 and Appendix Fig. S3). Characteristics of cases
and controls are summarized in Table 1.
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Table 1 Characteristics of cases (BA.1 or BA.2) and controls (Delta), as well as all diagnosed infections and
sequenced diagnosed infections.?

Sequenced
diagnosed Diagnosed
infections infections
Variable Measure BA.1 (N =2,220) BA.2 (N=1,462) Delta (N =2,069) (N=14,862) (N =283,385)
Age: Mean (SD) 42.5 (18.7) 44.0 (19.8) 43.8 (19.3) 35.9 (21.4) 35.0 (21.4)
# Missing 0 0 0 0 5
SexP: Female 1,010 (45%) 809 (55%) 903 (44%) 7,135 (48%) 113,676 (40%)
Male 895 (40%) 642 (44%) 800 (39%) 6,357 (43%) 97,635 (34%)
Other 7 (0.3%) 8 (0.5%) 8 (0.3%) 35 (0%) 658 (0%)
Declined to State <5 0 <5 11 (0%) 280 (0%)
# Missing 305 (14%) 8 (0.5%) 357 (17%) 1,324 (9%) 71,136 (25%)
High 360 (16%) 163 (11%) 361 (17%) 2,832 (19%) 60,154 (21%)
Community Moderate 503 (23%) 269 (18%) 502 (24%) 3,419 (23%) 62,900 (22%)
risk level®: Low 1,276 (57%) 998 (68%) 1,130 (55%) 8,198 (55%) 137,499 (49%)
# Missing 81 (4%) 32 (2%) 76 (4%) 413 (3%) 22,832 (8%)
Race/EthniCityd: White 1,095 (49%) 813 (56%) 1,097 (53%) 8,054 (54%) 133,168 (47%)
Black 106 (5%) 40 (3%) 87 (4%) 775 (5%) 12,314 (4%)
Hisp./Latino (any race) 243 (11%) 99 (7%) 199 (10%) 2,256 (15%) 43,504 (15%)
Asian 63 (3%) 60 (4%) 41 (2%) 339 (2%) 5,394 (2%)
American Indian 6 (0%) 7 (0%) 9 (0%) 66 (0%) 850 (0%)
Pacific Islander <5 <5 <5 12 (0%) 194 (0%)
Other 23 (1%) 17 (1%) 36 (2%) 230 (2%) 3,942 (1%)
Multiple Races 25 (1%) 19 (1%) 27 (1%) 289 (2%) 4,162 (1%)
Declined to State 76 (3%) 31 (2%) 64 (3%) 420 (3%) 8,081 (3%)
# Missing 580 (26%) 374 (26%) 506 (24%) 2,421 (16%) 71,776 (25%)
Resident 93 (4%) 17 1%) 102 (5%) 435 (3%) 6,759 (2%)
Congregate Employee 75 (3%) 36 (2%) 39 (2%) 301 (2%) 6,156 (2%)
care status: Not Congregate 2,003 (90%) 1,396 (95%) 1,922 (93%) 140,09 (94%) 268,785 (95%)
# Missing 49 (2%) 13 (1%) 6 (0%) 117 (1%) 1,685 (1%)
Unvaccinated 549 (25%) 269 (18%) 1,017 (49%) 8,727 (59%) 154,675 (55%)
Vaccination Partial Primary Series 118 (5%) 72 (5%) 59 (3%) 502 (3%) 9,637 (3%)
status: Primary Series 843 (38%) 306 (21%) 938 (45%) 3,927 (26%) 80,873 (29%)
Booster 710 (32%) 815 (56%) 55 (3%) 1,706 (11%) 38,200 (13%)
Time between 14 to 90d 57 (3%) 10 (.7%) 47 (2%) 418 (3%) 8,766 (3%)
completion of 91 to 180d 143 (6%) 24 (2%) 126 (6%) 1,253 (8%) 17,918 (6%)
primary series 181 to 270d 355 (16%) 72 (5%) 618 (30%) 1,565 (11%) 36,072 (13%)
and diagnosis®: > 270d 284 (13%) 200 (14%) 147 (7%) 691 (5%) 18,117 (6%)
Time frame: First diagnosis 26 November 2022 19 December 2021 01 November 2022 1 January 2021 1 January 2021
Last diagnosis 1 May 2022 31 May 2022 25 January 2022 6 March 2022 12 June 2022

2For the population of all sequenced first diagnosed infections, we only include infections with diagnosis date occurring on or after 1 January 2021.
Vaccination status is defined as of the infection diagnosis date.

bThe sex variable was re-leveled to 4 categories: female; male; other; and unknown, which included “Declined to State” and “Missing”. The results
using the re-leveled variables and the original levels of these variables are shown in the Appendix.

€ZIP-code-based 3-tier community risk classification created by RIDOH to help guide COVID-19 surveillance and response efforts.

dThe race/ethnicity variable was re-leveled to 5 categories: Hispanic/Latino (any race); Black; White; Other, which included Asian, Amer.
Indian/Alaska Native, Native Hawaiian/Pac. Islander, Other, and Multiple Races; and Unknown, which included Declined to State and Missing.
€Among those who have completed the primary vaccination series and received no booster doses.

3.3. Inference about vaccine effectiveness against Omicron BA.1 and BA.2

On each day of the surveillance period, cases (BA.1 and BA.2 infections) and controls (Delta
infections) are fully matched into sets via propensity score matching on age, sex, race/ethnicity,
congregate care status, and a ZIP-code-based 3-tier community risk classification based on
community characteristics such as population density, sociodemographics, and COVID-19 burden
(quantified as low-, moderate-, and high-risk). The matching is done separately for the BA.1 vs
Delta comparison and the BA.2 vs Delta comparison.

We compute relative VE in terms of yy(s/, s; t) via weighted logistic regression as described in
Section 2.2. Vaccine levels v are defined as

0, if unvaccinated
1, if partially completed primary vaccination series

2, if completed primary vaccination series
3, if completed primary vaccination series and at least one booster dose

but encoded in the model as nominal values.

Using the approximation in (1), and following the method described in Section 2.3, we
combine published estimates of VE against infection with the Delta variant with our estimates
of yy(s',s;t) to generate inferences for VE against infection with the BA.1 or BA.2 sub-lineages
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Table 2 Estimated odds ratios yy(s’,s) and 95% Cls from the weighted logistic regression for each sub-lineage
of the Omicron variant relative to the Delta variant by vaccination status when adjusting for variables used in
the matching.?

Estimate (CI) for w (s, s)

Vaccination status s =BA.1 s’ =BA.2
Unvaccinated ... ...

One dose of 2-dose series 3.74 (2.70, 5.23) 6.12 (4.10, 9.19)
Completed primary series 1.77 (1.52, 2.05) 1.25 (1.03, 1.52)

aValues w(s’,s) > 1 indicate that VE against infection with the Delta variant is greater than that for each of these
sub-lineages of the Omicron variant.

of the Omicron variant. Specifically, recall that VE against infection with the Delta variant is
1 — wy(s, 0) so that, following (2), VE against the Omicron variant (relative to being unvaccinated)
is 1 — yy (s, s; ) wy(s, 0). Although we do have complete vaccination information, owing to limited
number of sequences for individuals with only 1 dose of the 2-dose primary vaccine series (v = 1)
or with a vaccine booster (v = 3) during the analysis period, we restrict our inferences about VE
for sub-lineages of the Omicron variant to those having completed the 2-dose primary vaccination
series.

4. Results

4.1. Inferences about vaccine effectiveness using full dataset

We first analyze the full dataset, comprising 2,220 BA.1, 1,462 BA.2, and 2,069 Delta infections.
Table 2 displays the estimates and 95% ClIs for (s, s) for the BA.1 and BA.2 sub-lineages (s) relative
to the Delta variant (s), yielding y (BA.1, Delta) = 1.77 and y (BA.2, Delta) = 1.25, indicating that
full primary vaccine series is more effective against Delta than against either BA.1 or BA.2.

Table 3 shows the corresponding estimates and 95% CI for VE against BA.1 and BA.2 for those
having a complete primary vaccination series, calculated using the methods described in Section
2.3. The entries in the table use estimates of VE against the Delta variant reported by a variety of
larger-scale studies (Bruxvoort et al. 2021; Puranik et al. 2021; Seppéla et al. 2021; Gram et al.
2022; Tartof et al. 2022; Tseng et al. 2022). The derived VE against the BA.1 and BA.2 sub-lineage
are lower than estimates of VE against the Delta variant from the literature. Estimated VE for
the BA.1 sub-lineage ranges from 10% to 77%, and for the BA.2 sub-lineage ranges from 36% to
84% (Table 3). The range in point estimates is driven by variability in estimates of VE against
infection with the Delta variant from the literature, which may result from differences in time
since vaccination or differences among those presenting for testing by study. However, most of our
estimates of VE against the Delta variant fall in the range of 60% to 65%.

For several reasons, we use the estimates of VE against infection with the Delta variant from
Tseng et al. (2022) to conduct further analyses and as a basis for simulations reported in Section 4.1.
We rely on this study when computing estimates because (i) they provide estimates of 2-dose VE at
different ranges of time since vaccination, (ii) utilize S-gene target failure to determine variants
rather than just a Delta-dominant time period, (iii) conducted the study in the United States and
therefore likely had social-distancing and vaccination protocols that were more similar to those in
Rhode Island than those in other countries, and (iv) and their resulting estimates were similar to
what was reported by other studies.

4.2. Dynamic updating of vaccine effectiveness against an emerging variant

The key motivation for our method is to generate real-time updates of VE against an emerging
variant using accumulating information on sequenced infections. Once VE for the index variant
has been established, inferences about VE for an emerging variant are updated on a daily basis.
To illustrate how accumulating information informs inference for VE against an emerging variant
over time, we ordered the emerging Omicron variant infections by diagnosis date and used our
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Table 3 Inferences for VE given complete primary series against infection with the BA.1 and BA.2 sub-lineages
of the Omicron variant in Rhode Island based on VE estimates against the Delta variant from 6 previously
published studies and estimates of relative VE from Table 2.

Vaccine effectiveness

No. of infections;

type No. of without  Delta BA.1 BA.2
Location Study type infection (VEy(s)) (VEy(s") (VEy(s))
California? Cohort, 197,535;
(Tartof et al. 2022) Delta-dominant 2,919,754 49 (46, 51) 10 (-5,23) 36(22,48)
CaliforniaP Case control, 2,027;
(Bruxvoort et al. 2021) sequenced 10,135 87 (84,89) 77 (71, 82) 84 (79, 88)
Case-control,
California S-Gene 26,683;
(Tseng et al. 2022) Target Failure 109,662 64 (60, 67) 36 (24,47) 55 (44, 64)
Minnesota® Case control 25,869;
(Puranik et al. 2021)  Delta-dominant 25,869; 59 (36, 75) 25 (-18,56) 47 (15, 69)
Norway Cohort, 5,430;
(Seppdla et al. 2021)  sequenced 4,199,429 65 (61, 68) 38 (26, 48) 56 (46, 65)
Denmarkd Cohort; 34,636;
(Gram et al. 2022) Delta-dominant 842,397 65 (64, 66) 38 (28, 47) 56 (47, 64)

and sequenced
4Estimated effectiveness > 7 mo after completion of primary vaccination series, Pfizer vaccine only.
PModerna vaccine only.
¢Investigated Moderna and Pfizer vaccines separately, estimates shown are averages.
d 120 d after completion of primary vaccination series, among individuals ages 12 to 59 yrs. Approximately 75% of
samples were sequenced during the Delta-dominant portion of the study period.

methods to re-analyze the available data on each day. This generates successive inferences for
VE,(s'; t) defined in (5).

Figure 1a and b show the progression of the estimates of VE against infection with the BA.1
and BA.2 sub-lineages using previously published estimates of VE against infection with the Delta
variant from Tseng et al. (2022). To produce each figure, we subset the data sequentially to
include the available cases and controls by diagnosis date up to and including the date shown on
the horizontal axes. In Fig. 1a, estimates of VE for a complete primary vaccination series against
infection with the BA.1 sub-lineage began to stabilize after the accumulation of only a few hundred
cases; CIs narrowed as cases accrued. For each sub-lineage, it took about 6 to 8 wks from the time
of the first appearance of the new sub-variant for the estimate to stabilize.

Estimates produced for the BA.1 sub-lineage are comparable with those found in the literature
(and shown as horizontal lines in Fig. 1a). Tseng et al. (2022) find that VE against infection with the
BA.1 sub-lineage declines from 44% (35, 52) in the first 3 mo following completion of the primary
vaccination series to 6% (0, 11) more than 270d after completion. Similarly Gram et al. (2022)
found that VE against infection with what they call “Omicron variant” (likely the BA.1 sub-lineage)
for those 12 to 59 yrs declines from 40% (38.6, 41.3) in the first month after completion of the
primary vaccination series to 12.6% (12.0, 13.3) more than 120 d after, with most of their estimates
around 31 to 32%. An additional study by Eggink et al. (2022) also established that VE against any
infection was reduced for the Omicron variant compared to the Delta variant, but did not provide
an estimate for absolute VE.

We were unable to locate estimates of VE specifically against any infection with the BA.2 sub-
lineage. While many studies emphasize decreasing effectiveness as time since vaccination increases,
2 estimate VE against symptomatic infection: a UK case-control study found that VE against
symptomatic infection with the BA.2 sub-lineage (27.8% (25.9, 29.7)) was higher than that against
the BA.1 sub-lineage (14.8% (12.9, 16.7)) (Kirsebom et al. 2022), similar to our result in that we
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Estimated Vaccine Effectiveness against infection with the
BA.1 sub-lineage from 12/15/21 to 4/24/22
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Figure 1 Progression of VE estimate over time against infection with the BA.1 or BA.2 sub-lineages of the
Omicron variant. The estimates are computed using VE estimates against the Delta variant from Tseng et al.
(2022) and our data on all available sequenced first infections in those aged 16 yrs and older prior to and
including the date shown on the horizontal axis. Shaded regions indicate the 95% CIs for the estimate.
Numbers of cases and controls for the estimate produced on the first date shown on the graph and the first of
each following month are along the horizontal axis. Dashed lines (included for the BA.1 sub-lineage only)
indicate VE estimates against infection with the Omicron variant from other studies: Tseng et al. (2022) and

Gram et al. (2022).
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also saw higher VE against the BA.2 sub-lineage, and a Qatar study estimated VE of the Pfizer
vaccine of 51.7% (43.2, 58.2), also against symptomatic infection (Chemaitelly et al. 2022), similar
to our result for VE against the BA.2 sub-lineage. However, it is not entirely appropriate to compare
VE against any infection with VE against symptomatic infection. Our estimates are reasonable when
compared with literature estimates of 2-dose VE against any infection with unspecified sub-lineages
of the Omicron variant: 43% (42, 44) from Smid et al. (2022) and 55.2% (23.5, 73.7) from Hansen
et al. (2021). Although our estimates are comparable to literature estimates, our credible intervals
are wide due to the relatively small overall sample size and the fixed number of observations of
the previously circulating variant once the emerging variant becomes dominant.

4.3. Simulation study of dynamic VE estimation properties

4.3.1. Objectives and specifications of the simulation study

We conduct a simulation study to investigate the properties of our dynamically updated estimates
of VE against the emerging variant, including rate of convergence to the true VE and limiting width
of the CIs for the estimate. The goal is to understand, for a fixed number of sequences for the index
variant, how many sequences from the emerging variant are needed to arrive at an estimate and
CI that would not appreciably improve with the addition of more sequences from the emerging
variant. The simulation also assesses sensitivity of the evolving inference about relative VE to
different ordering of the cases over time.

Recall that VE for the emerging variant is given by VE(s') =1 — w(s',s){1 — VE(s)}. Let N and N’
denote the number of sequences from the index and emerging variants, respectively. For simplicity,
we assume for the simulation that the N is fixed when accumulation of sequences on the index
variant begins; hence, for fixed N, the precision of estimates of VE(s") will depend solely on N’,
and in particular var {ﬁ(s/ )} will depend, as a function of N’, only on var I w(s ,s)]. Moreover,

because we are using case-control sampling to estimate y (s, s), and because the number N of
index cases (cases) remains fixed following emergence of a new variant, the degree of precision
and the width of the CIs will eventually reach a limiting value that will not materially change
even as N’ increases. In short, the precision of our estimates of VE(s') is ultimately dictated by
the number of sequences available for the index variant. From a practical point of view, health
departments or public health authorities who implement this dynamic surveillance method can use
this information to plan or budget the number of sequences to be collected as each new variant
emerges.

The data were generated for the simulation by re-sampling the observed data under random
case-accumulation scenarios. Covariate values associated with each case record were maintained
while only altering the case date in order to maintain realistic observations while examining
different case-accumulation patterns. Specifically, the data-generating mechanism was as follows:
holding the number of sequences of the Delta variant (controls) constant, to mimic the sampling
distribution of case sequences, we shuffled the observed diagnosis date for all records identified as
the BA.1 sub-lineage to produce 100 permutations of the original data. Then, for each dataset,
we mimicked the process of computing dynamic estimates of VE for the BA.1 sub-lineage by
re-estimating yy (s, s; t) and the corresponding value of corresponding estimates of VE(s; t) using
data available at 3-d increments. This analysis was carried out for each of the 100 permuted
datasets, so that estimates, SEs, and CIs could be represented as a function of both number of
accumulated sequences of the BA.1 sub-lineage N’ and as a function of days t.

4.3.2. Simulation results

The results of each iteration of the simulation are shown in Fig. 2. The top panels show trace
plots of y(s/,s; N') and its SE as a function of N’ and the bottom show trace plots of (s, s;t)
and its SE as a function of t. The plots in the right panel depict trace plots of estimated SE of

log { w(s,s;N' )} and log { w(s,s; t)}, indicating that the estimated SE has very little variability
after accumulation of just 250 cases or so, and that accumulating more than about 1,200 cases
does not lead to appreciable improvement in precision. We focus on SE of log { w(s,s; N )} because
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Figure 2 The left panels show the progression of yy(s’,s) and the right panels show estimates of the SE of
wy(s',s) over increasing cases and as cases accumulate over time. Each line shows the progression of an
estimate throughout one iteration of the simulation. In the bottom 2 panels, the horizontal axes span the time
period 30 December 2021 to 1 June 2022.

for a fixed number N of index (control) sequences and for a fixed value of VE and SE for the VE of
the index variant, the remaining uncertainty in the estimate of VE for the emerging variant derives
solely from uncertainty associated with the estimate y (s, s; N').

We computed estimates and ClIs for VE,(s') using the same procedure described in Section 2
using VE estimate 64% and CI (60, 67) for the Delta variant reported in Tseng et al. (2022). In this
simulation, it took accumulation of 583 cases on average for the credible interval to fall within 35
percentage points, but around 1,700 cases on average for the credible interval to fall within 30
percentage points, indicating that increasing cases only decreases the interval width marginally,
partially due to the dependence of the estimate on a fixed-size interval for the estimate of VE,(s).
Moreover, the estimate of VE,(s") changes little after accumulation of about 1,200 cases. Referring
to Appendix Fig. S5 and based on the rate at which RIDOH was generating sequences for new cases
of the BA.1 sub-lineage, a reliable estimate of VE using this method could have been produced by
early January 2022, illustrating the potential of this method for rapid assessment of VE. If capacity
for sequencing were expanded, a reliable estimate could have been generated even earlier. For
comparison, other estimates of VE against the BA.1 sub-lineage from observational studies started
appearing in the published literature by September 2022 (Gram et al. 2022) and January 2023
(Tseng et al. 2022) The values and intervals of our estimates also encompass values comparable to
those reported in other studies (Table 3) and no longer fluctuate widely after about 6 to 8 wks,
suggesting that our estimates quickly become stable (Fig. 1a and b).

Notably, our resulting intervals are large, especially when compared to other reported VE
estimates from larger studies. The precision of the estimate of VEy(s,) that we produce depends
both on the number of available cases and controls and the error associated with the estimate of
VE against the previous variant (VEy(sg)). Due to the small size of Rhode Island, and the practice
of sequencing only about 10% of documented infections at the time, we have effectively utilized
all available sequenced information on these variants, as evidenced by the observation that cohort
and case-control studies of comparably small sizes would have produced similarly wide intervals
(World Health Organization 2021).
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Although some sacrifice is made in the efficiency of our method for estimating VE in comparison
to other study types because of the reliance on external estimates, our method does not require
collection of extensive data as in a cohort study or sampling of test-negative controls for a case-
control studies, which can introduce bias when using this type of design to estimate VE against
any infection. Estimation of VE against emerging variants becomes more challenging as new
variants arise with increasing speed: for instance, estimates of VE against infection with the BA.1
sub-lineage were more readily available in the literature than estimates of VE against the BA.2
sub-lineage. With our method, the credible interval associated with the estimate of y stops getting
smaller despite additional cases because the number of controls stops increasing once the emerging
variant takes hold, limiting the possibility for further reduction in the margin of error. In a larger
population or with sequencing of a higher proportion of cases, it would be possible to produce a
precise estimate more quickly, although based on the results of the simulation, additional cases
beyond around 1,700 may not increase the precision by a large amount. Timing of case and control
accumulation induces variability among the specific trace plots but does not appear to impact SE
as a function of time. Factors such as waning VE over time and differential uptake of vaccines are
not addressed in the simulation and may be sources of bias. These are discussed further in the
Discussion (Section 6) and the Appendix (Section SA.8).

5. Discussion

We formalize and demonstrate a novel method for VE estimation that can be used for continued
surveillance of emerging variants by relying on data that is readily available in most state health
departments. We apply this method to estimate VE against any infection with the BA.1 and BA.2
sub-lineages of the Omicron variant. We use a simulation to show, for a scenario consistent with our
data and varying case-accumulation patterns, the expected rate of convergence to a VE estimate,
along with the expected degree of uncertainty, as a function of time. Our method yields estimates
of VE around 35% to 38% against infection with the BA.1 sub-lineage and 47% against infection
with the BA.2 sub-lineage for individuals with a complete primary vaccination series. Our estimates
are comparable to estimates of VE against BA.1 from larger published studies (Eggink et al. 2022;
Gram et al. 2022; Tseng et al. 2022). We could not use our data to produce reliable estimates of
VE for a complete primary series plus 1 or more booster doses because there were only a small
number of boosted individuals infected with the Delta variant.

A key feature of our method is the use of viral sequence data that allows clear identification of
different strains. Sequencing is expensive and those selected for sequencing may not be a random
sample of the population; we use reweighting to address this. Some studies attempt to estimate
strain-specific VE without sequencing large numbers of records. Tseng et al. (2022) and Eggink
et al. (2022) use S-gene target failure to distinguish between the Omicron (BA.1) variant and
the Delta variant. Gram et al. (2022) uses infections from the Omicron-dominant time period,
rather than sequencing thousands of samples. Identification of S-gene target failure is useful for
differentiating between the BA.1 Omicron sub-lineage and the Delta variant, but cannot be used
to distinguish between BA.2 and Delta (Rahimi and Talebi Bezmin Abadi 2022), and therefore
may not be a feasible technique for future variants and sub-lineages. Further, cohort studies that
classify viral subtypes based on a time period during which a specific variant is dominant (Tartof
et al. 2022) rely on the assumption that all infections at a given point in time are with a single
variant. Appendix Fig. S5 indicates that is not the case for our data.

If variants were defined using a distance metric as in an article by Magaret et al. (2024), we could
consider estimating a coefficient associated with the continuous distance metric, so that it could be
interpreted as an estimate of the increase in risk of infection relative to a base variant. Under a
multiple discretely defined variant scenario, we could also define 1 variant as the reference variant
and estimate relative VE for each discretely defined variant relative to the reference, however this
may introduce additional limitations under small or moderate sample sizes.

In comparison to other studies estimating VE against the Omicron variant (Eggink et al. 2022;
Gram et al. 2022; Tseng et al. 2022) estimating VE, our method produced comparable estimates
using only a few hundred cases. This is roughly the size needed for a test-negative case-control
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study (World Health Organization 2021), but avoids the introduction of bias from sampling test-
negative controls. Our estimate is derived dynamically using routinely collected surveillance data,
potentially generating VE information prior to the completion of larger-scale retrospective studies.
Our approach is not designed to replace larger nationwide cohort studies such as Gram et al.
(2022), which ultimately yield precise estimates and important epidemiologic information such
as subgroup effects. Rather, it enables public health officials at a federal, state, or local level to
monitor VE using the sequencing information already available to them on a proportion of cases,
and to rapidly update VE estimates as cases accrue, making it ideal for surveillance purposes. The
precision of our estimates depends on the number of sequenced samples; for the period covered by
our analysis, about 10% of new infections were sequenced by Rhode Island Department of Health.
Higher proportions could be chosen to target specific levels of precision in the VE estimates.

Vaccine-related recommendations and advice by public health authorities typically rely on
multiple indicators and sources of information such as case and hospitalization rates, other
surveillance data, evidence from scientific literature, and public health and policy context. Updated
VE from our method would be 1 such indicator, but the method is not designed for stand-alone
surveillance to trigger decisions based on specific thresholds. Our method also can easily apply to
other new variants and can be computed quickly as data accumulates, provided that the method for
selecting which samples to sequence remains consistent. From a surveillance standpoint, continued
monitoring for potential changes to VE in the context of emerging variants can provide a rapid
alert for public health officials, and the use of estimation of VE for surveillance purposes relies
on the ability to obtain a quick estimate so that health departments can act in a timely manner.
In principle, the dynamic estimate of relative VE could be used to identify waning immunity,
especially with additional samples.

Our method relies on several key assumptions, including these: (i) the population is equally
susceptible to infection during the time period that each variant or sub-lineage is dominant, (ii)
the vaccine effect is durable enough to compare cases and controls at differing lengths of time
since vaccination, within the study time-frame, and (iii) that VE, conditional on the covariates,
is independent of propensity to get tested. In addition to these assumptions, our estimates of VE
against the emerging variant depend on estimates of VE against the previously circulating variant,
which can vary substantially by study and are estimated in different populations. This introduces
potential issues with transportability and precision of our VE estimates for the emerging variant.
Finally, sequencing results may not be available until a period of time after the initial specimen
collection; thus, the timeliness of VE estimates from this method in practice will depend on the
timeliness of the sequencing process.

Regarding assumption (1), Section 2.4 describes a parameterization that allows differences
in susceptibility to infection by subtype due to differential attack rates. Assumption (2) would
be violated if vaccine efficacy wanes over time. In Appendix Section SA.8.1, we show that if
individuals received their vaccination in a fixed time period, and if VE declines at an equal rate
over time regardless of variant, the later sampling of cases from the emerging variant (BA.1 and
BA.2 in this case) will lead to downward bias of its VE; ie an under-estimate of the true VE. We
also show that if the emergence of a new variant leads to higher rate of vaccination, the VE for the
emerging variant will have downward bias. Violations of assumption (2) can also be mitigated by
appropriate sampling of the index variant. In our application, we sampled Delta infections in a
way that maximized overlap of the infection dates corresponding to Delta and Omicron variants;
see Appendix Section SA.2 for more detail. Finally, our simulation study shows the impact of
randomly reordering the case ascertainment dates, which is an indirect way to understand the
potential impact of waning VE. While the reordered case dates lead to variation in the path of the
time-dependent relative VE for the Omicron BA.1 sub-lineage relative to the Delta variant, there
does not appear to be a systematic impact of reordering on relative VE inferences at the end of the
follow-up period.

Because our sample is drawn from those who had a positive test for SARS-CoV-2 infection,
assumption (3) corresponds to a missing-at-random assumption. This assumption is implicit in
many study designs used to estimate VE, including the test-negative design. Formulating a sensitivity
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analysis is possible in principle, but the complete absence of information about those who are
infected but not tested presents practical challenges.

The assumption that VE estimates of the index variant from other published studies is trans-
portable to the target population is difficult to verify without individual-level data. If the published
studies report subgroup effects, normalization to the target population is possible by estimating
subgroup-specific effects and then averaging over the target population distribution of subgroup
variable; see Appendix Table S5 (Appendix Section SA.4). For our analysis, we used the index-
variant VE estimate from a single study from the United States where the population mix was
similar to that of our sample.

An alternative approach is to use meta-analytic methods to generate an estimate (or, using
Bayesian methods, a distribution) of VE against the index Delta variant. This is discussed further in
the Appendix (Section SA.7). It would be possible to use the calculation in Section 2.4 and estimates
of differential attack rates between variants (Jalali et al. 2022) to produce an adjusted estimate of
relative VE dependent on a particular estimate of relative infectivity; we leave this as a possible
avenue for future work. In terms of quantifying uncertainty about the VE estimate, particularly
related to sampling weights, in practice we would recommend using bootstrap resampling for
the daily updates. Owing to the computational demands of carrying out full matching on each
bootstrap sample, bootstrap implementation using 100 draws for selected single-day updates each
took just under an hour. We did find that for selected days, the bootstrap SEs are slightly higher;
however, due to the computational burden of doing this over more than 100 d, our analysis reports
robust SEs that treat the weights as known.

Despite the limitations, our dynamic case-control method delivered estimates of VE against the
emerging Omicron BA.1 variant that turned out to be consistent with estimates produced by larger
studies in similar populations. The VE estimate stabilized after about 2 mo of daily updates, using
data from 2,030 index Delta cases (available near the beginning of the surveillance period) and
about 1,500 cases of the emerging BA.1 sub-lineage.

Our analysis points to reduced VE against infection with the BA.1 or BA.2 sub-lineages, relative
to Delta, and provides methodology that other health departments can apply rapidly to monitor
VE against emerging strains of the virus. Our method would provide estimates with smaller error
bounds with access to more sequenced samples, such as in a larger state or with additional resources
for sequencing of a large number of samples. Nonetheless, our method for producing dynamically
updating estimates can be used in practice by departments of health or large health systems to
identify potential changes in VE. Although developed using features of the data available specific to
the COVID-19 pandemic, it may also be generalized to other infectious diseases that are monitored
in a similar manner.
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APPENDIX
Included and excluded sub-lineages
The BA.1 sub-lineage, consisting of 2,220 individuals, includes samples classified as BA.1 (1,266
or 57%), BA.1.1 (938 or 42%), B.1.1.529 (11 or 0.5%), BA.1.1.15 (< 5), BA.1.1.18 (< 5), BA.1.14
(< 5), BA.1.15 (< 5), and BA.3 (< 5). The BA.2 sub-lineage, consisting of 1,462 individuals
and containing all BA.2 sub-lineages except BA.2.12.1 and BA.2.75, includes samples classified
as BA.2 (1,364 or 93%), BA.2.1 (< 5), BA.2.10 (5 or 0.3%), BA.2.12 (14 or 1%), BA.2.18 (< 5),
BA.2.26 (< 5), BA.2.3 (33 or 2%), BA.2.3.4 (< 5), BA.2.37 (< 5), BA.2.6 (< 5), BA.2.7 (10 or
0.7%), and BA.2.9 (27 or 2%). Sub-lineage classifications were made by RIDOH.

Appendix Figure 3 displays the distribution of records classified as the Delta variant and
sub-lineages of the Omicron variant over time, showing the number of sequenced diagnosed
infections classified in the three categories Omicron, Delta, or non-Variant of Concern/Variant
of Interest/Variant Being Monitored (Non-VOC/VOI/VBM) by date of the positive PCR test
result. As diagnosed infections of some sub-lineages of the Omicron variant increased, these

quickly became dominant variants, as was seen in many other geographic areas.
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Fig. 3. The horizontal axis spans the time period from November 24, 2021, to
June 13, 2022. The vertical axis indicates the count of sequenced diagnosed
infections. Non-VOC/VOI/VBM stands for non-Variant of Concern/Variant of
Interest/Variant Being Monitored.
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All First Diagnosed Infections Reported to
RIDOH between 3/1/2020 and 6/13/2022
N = 373,727

Y

First Diagnosed Infections
Occurring on or after 1/1/2021
N = 283,385

Y

Sequencing Information
for at Least One Infection
N = 14,862

Y
Sequencing Information for
First Documented Infection

in adults (ages 16 and over)
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Y
Sequenced First Documented Infections in

Delta Controls:

Adults Diagnosed on or after 11/24/2021 > N = 2.069
N = 5,067 -
o BA.1 Cases:
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Y
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Fig. 4. Flowchart detailing sample sizes following application of inclusion and
exclusion criteria.
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Use of contemporaneous controls
As mentioned previously, we only used infections with the Delta variant that occurred on or after
November 1, 2021, to define a sample with cases and controls occurring within the same range of
months. We investigated the effect of using all available infections with the Delta variant on our
estimates of relative VE and VE against infection with the Omicron variant. As seen in Appendix
Table 4, there is evidence that features of infections with the Delta variant that occurred
earlier in 2021 were more dissimilar to features of infections with these sub-lineages of the
Omicron variant than later infections with the Delta variant. This effect may be due to waning
immunity over time, changes in social distancing and other public health recommendations, or
circulation of different sub-lineages of the Delta variant. While it is most-pertinent to use all
available information on the emerging variant up to the time of the analysis, using all available
information on the previously-circulating variant may increase the confoundedness with time
between vaccination and infection and may not improve decision-making using this estimator
due to differences in the groups experiencing infections during each phase. These considerations
may become less relevant for endemic diseases that fluctuate seasonally as cases and controls
may be more similar. The estimates of VE are impacted by (1) the number of index variant
cases with sequence data, (2) the number of emerging variant cases with sequence data, and
(3) the precision of VE estimates from the literature. The first two items are impacted by
the absolute number of cases, capacity and funding for sequencing, and the extent of overlap
between when the variants were circulating. However, as seen in the above analysis, considering
a wider time window can lead to unbalanced case and control counts and inclusion of more
heterogeneity in cases, such as increased differences in time between vaccination and infection,
which may increase the impact of waning vaccine effectiveness. That is, there are only so many
sequenced cases for each variant, and there are limitations to including cases from very different
time frames due to other temporal trends. For the VE estimates to stabilize more quickly, the
jurisdiction could either sequence a larger number of cases (which may or may not be possible
given capacity and funding constraints) or, if possible based on when the index variant was
circulating, consider a wider time window for the index variant (which may introduce more bias

temporal trends).
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Table 4. The table shows how the estimates of ,(s’,s) and VE,(s’) change
depending on how many infections with the Delta variant are included, when
including sequentially fewer infections by date. The date column indicates the
beginning of the range of included infections with the Delta variant. The OR
column shows the odds ratio (¢,(s’,s)) estimated using all infections with the
Delta variant that occurred during the relevant time frame and all infections
with the BA.1 sub-lineage. The values indicating estimated VE against infection
with the BA.1 sub-lineage of the Omicron variant, shown in the VE,(s’) column,
are computed using VE,(s) estimates against infection with the Delta variant (64
(60, 67)) from Tseng et al. (2022)

Date # Delta Infections | # Omicron Infections | OR (95% CI) VE, (s")
5/1/2021 5,068 2,220 2.11 (1.85, 2.41) | 24 (11, 36)
9/1/2021 3,026 2,220 2.07 (1.82, 2.37) | 25 (12, 37)
10/1/2021 2,931 2,220 2.04 (1.77, 2.35) | 26 (13, 38)
11/1/2021 2,070 2,220 1.77 (1.52 2.05) | 36 (24, 47)
11/24/2021 1,193 2,220 1.73 (1.46, 2.05) | 38 (24, 49)

Effect of time since vaccination
As mentioned in section 6, by comparing individuals experiencing infections at differing lengths
of time since vaccination, we are making the assumption that the vaccine effect does not wane
meaningfully over the study duration. Vaccine durability is a limitation of other studies that
investigate VE. Other studies have identified decreasing effectiveness as time since vaccination
increases Tseng et al. (2022); Gram et al. (2022); Bruxvoort et al. (2021), so we selected
contemporaneous controls (i.e. later Delta cases than those from the beginning of the Delta
wave) in an effort to detect decreasing VE under a co-occuring effect of waning VE. In theory,
we would be able to produce estimates of VE adjusting for time since vaccination. We tested
approaches to adjusting for this by defining a variable for time between vaccination and infection
and using this to match cases and controls. However, the utility of each adjustment was affected
by the difference in the timing distributions between variants: the timing of vaccination relative
to the timing of infections with the Delta variant was significantly longer in general than the
timing of vaccination relative to infection with the Omicron variant, so it was difficult to
produce a sufficient matching using this approach. We also tested producing stratified odds
ratios, stratifying by groups defined by groupings of days since vaccination, but this produced
subgroups that were too small and of incomparable size between cases and controls, further

exacerbated by the already small state population and sample size.
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However, in practice, it is difficult to stratify by length of time since vaccination when trying
to produce an estimate quickly. When we partition cases of the BA.1 or BA.2 sub-lineage
into categories based on length of time since vaccination, the number of samples becomes too
small in some categories, especially in comparison to counts of infections with the Delta variant
in the same categories, producing very wide credible intervals. For the BA.2 sub-lineage in
particular, those infected with the BA.2 sub-lineage tended to get infected much longer after
completing the primary series than those infected with the BA.1 sub-lineage, so we do not have
a sufficient number of observations for those who got vaccinated within some time frames to

make conclusions about VE.

Vaccine effectiveness differing by age group (transportability)
While we only have summary statistics on selected characteristics for sampled populations from
other studies, we further explore our method by computing estimates of relative VE using
Rhode Island data for specific population subsets and produce estimates of VE for these groups,
motivated by observed differences in VE for those over 60 or 65 years in other studies (Gram
et al., 2022; Tartof et al., 2022). We also observed decreased VE for older age groups (Appendix
Table 5).

Table 5. Estimates of VE for age groups, relying on estimates of Delta VE for
a primary series from Tartof et al. (2022). Unlike the estimates from the same
study shown in Table 2, these estimates from Tartof et al. (2022) include adults
within anywhere from 7 to 239 days following vaccination.

Primary Series VE, | Primary Series 1, (s’, s), | Primary Series VE,
Age group Delta BA.1 BA.1
16-44 years 73 (71, 74) 1.77 (1.48, 2.13) 52 (42, 60)
45-64 years 73 (71, 74) 2.21 (1.65, 2.96) 40 (20, 56)
> 65 years 61 (57, 65) 1.29 (0.78, 2.18) 48 (15, 70)
All > 16 years 72 (71, 73) 1.77 (1.52, 2.05) 50 (42, 57)
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Odds ratios for re-leveled factor variables
Appendix Table 6 shows the adjusted ORs when using the sex and race categorical variables at
their original factor levels in the matching and in the logistic regression. The original levels are

shown in Table 1 and the re-leveled categories are described in the footnote to Table 1.

Table 6. Odds Ratios and 95 % confidence intervals for the BA.1-Delta and BA.2-
Delta comparisons by vaccination status from weighted logistic regression when
adjusting for variables used in the matching, with factor variables consisting of
original levels. Estimates of relative VE are displayed in the format of the odds
of differing levels of vaccination status given having the Omicron variant (BA.1
or BA.2) compared to the Delta variant, using unvaccinated as the reference
category.

| Vaccination Status || BA.1 Adj. OR (95% CI) | BA.2 Adj. OR (95% CI)
Unvaccinated - -
One Dose of Two-Dose Series 3.87 (2.78, 5.44) 5.24 (3.54, 7.78)
Completed Primary Series 1.77 (1.52, 2.06) 1.16 (.95, 1.40)
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Specifications for Simulation Study
The following diagram indicates how each simulated dataset was produced by randomly shuffling

case accumulation dates. The set of controls was fixed for the purposes of the simulation.

Date || Dem. | Vax Status | Variant | Date || Dem. | Vax Status | Variant |

t1 (Xl) Vi s’ t; (Xl) Vi s’
ti (Xl) Vz 8/ tns (Xl) Vz 8/
tn, || Xa,) Vi, s’ ti || (Xa,) Vi, s’

For each iteration of the simulation, we apply the following process:

e Starting with the set of observed case records from RI with genomic sequencing information,
separate into two sets, those with S = s’ and those with S = s.

e The set of case records with S = s remains constant throughout.

e Within each set with S = s’, holding (Xj, Vi, Si) combinations constant, shuffle the case
identification date.

e Bind the rows with the S = s records to create a full set of cases (S = s’) and controls
(S =s). For a fixed N = ng + ng, this constitutes one simulated dataset.

o For each simulated dataset and for every day (date d) (arbitrary time increment within date
range of observations):

1. Gather all cases and controls up to and including those recorded on the date d.
2. Compute matched sets using propensity scores/logistic regression.
3. Compute 9, (s’, s) using weighted logistic regression on the matched dataset.

Figure 2 displays the progression of the estimate for each simulated dataset under randomly-
shuffled case-accumulation patterns. The control records remain fixed throughout. Whether an
individual was vaccinated by the time of their diagnosed infection is not being shuffled, only
the date on which an observed individual observation is recorded is shuffled. Appendix Figure 5
displays the observed accumulation of cases and controls over time and new cases and controls
by day.
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Observed Accumulation of Observed New
Cases and Controls Cases and Controls by Day
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Fig. 5. The left panel shows the observed accumulation of diagnosed infections
identified as each variant/sub-lineage. The right shows the number of new diagnosed
infections observed each day. In both, line color indicates the sequenced variant or
sub-lineage. The horizontal axis spans the time period 12/15/2021 - 6/1/2022.

Possible Extensions and Variations

Given the high variability in the estimates of VE against the index variant, we could consider
using a meta-analytic estimate of VE. We can envision two different approaches. First, one
could derive a meta-analytic summary of VE against the Delta variant based on a collection
of published studies, weighting by the standard error from each study and use this to produce
one estimate of VE against the BA.1 and BA.2 sub-lineages. Second, one could produce study-
specific estimates of VE against the BA.1 or BA.2 sub-lineages using each Delta VE estimate
and the BA.1 or BA.2 relative VE estimate, then combine them into a meta-analytic estimate
of VE against BA.1 or BA.2, again weighting by the standard error of the resulting BA.1 or
BA.2 VE estimates. Instead, we opted to select the Delta VE estimate where the design was
most closely aligned with the setting generating our data from Rhode Island (e.g. the study
was conducted in a large health system in the US, thereby using patients subject to similar
vaccination eligibility timing, and in a population with more similar average demographics than
in other countries).

In practice, however, a proper meta-analysis requires a thorough review of relevant literature
and proper method for combining estimates across studies. It may also be necessary to assign
weights to different studies, owing to the wide variation in sampling strategies and varying
inclusion and exclusion criteria by study (e.g. time-since vaccination, patient age, vaccination
eligibility). Additionally, at the time of writing, we did not find meta-analytic estimates of VE
against the Delta variant, and given the motivating use of our method, it would be unlikely to
have access to such estimates against the previous variant while the emerging variant is active.
Due to these concerns, we ultimately would recommend reporting VE estimates as we have done
in Table 3, accompanied by a full documentation of the source of the reference VE estimates. We
believe that the estimate of VE against the previous variant would arise from literature estimates
in comparable municipalities conducting VE studies, although a meta-analytic estimate could
be applied for retrospective evaluation of the method.
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In another possible extension that would allow us to validate our BA.2 VE estimates, we
could ascertain the ratio of VE against symptomatic disease to VE against any infection, then
introduce the assumption that the ratio is the same for BA.2 as for BA.1 (or any variant for
which the information is available). Then, we could take a literature estimate of BA.2 VE
against symptomatic disease and multiply it by the ratio to get a BA.2 VE estimate against any
infection for comparison.

We could also consider a Bayesian approach using VE estimates from the previously-
circulating variant (Delta) to estimate a distribution describing VE based on existing data
and population-level characteristics. These estimates can be combined through a meta-analysis
or adjusted for covariates to account for differences across studies, such as population age
structure or vaccine type and recency. Then we could estimate a measure of relative VE for an
emerging variant similar to that produced above, and combine it with the prior to update the
new VE estimate using the prior knowledge about the existing distribution (or use it to assess
how different it is from the prior). If demographic information is available, the prior could be
tailored to match the study population before combining estimates.

Instead of sampling from the relevant normal distribution, we could use a nonparametric
bootstrap approach to estimate the variability of the estimate. In this approach, we would
repeatedly sample with replacement from all cases accumulated up to the relevant date, then
compute weights reflecting the probability of being sequenced, then use the sequenced cases
to compute a full matching for the relevant cases and controls, re-compute the weights, then
produce the estimate. In this approach, re-doing the matching for each re-sampled dataset is
computationally intensive: when estimating the BA.1 complete primary series relative VE by
bootstrapping 100 iterations, we calculated an average estimate of 0.638, with standard error
of 0.10 (on the log scale). For comparison, our estimate on the log scale is 0.57 with a standard
error of 0.07. It took 51 minutes to compute 100 iterations. We computed the same estimates
at two different time points as well: bootstrapping 100 iterations for all data accumulated up to
March 1st yielded an estimate of 0.629 with a standard error of 0.108, with an actual estimate of
0.668 and standard error of 0.08 for the same time frame, and bootstrapping 100 iterations for all
data accumulated up to February 1st yielded an estimate of 0.734 with a standard error of 0.107,
with an actual estimate of 0.752 and standard error of 0.09 for the same time frame. We could
have computed bootstrap estimates in this manner each day to produce error estimates for our
dynamically-updating estimator, however, this process would have been time-consuming and
computationally intensive, especially considering the approximately 130 days that constitutes
the case-accumulation period for the BA.1 sub-lineage.

Potential Sources of Bias

We consider two scenarios that could contribute to bias in In the following subsections, we
derive expressions for bias in vaccine effectiveness (VE) estimates obtained from a case-control
design under two distinct time-related confounding mechanisms. First, we explore how bias
arises due to waning vaccine-induced immunity when two variants circulate at different times
and infections with the later-circulating variant occur at longer average times since vaccination.
Then, we examine bias that results from a population-level increase in vaccination probability at
a specific calendar time, which differentially affects the vaccination rates among cases (infected
with the later-circulating variant) and controls (infected earlier). In both scenarios, the temporal
mismatch between vaccination and infection windows leads to systematic bias in the estimated
VE from the dynamic case-control sampling method that we apply. Both scenarios also indicate
ways that we could set up simulations to further justify how these sources of these confounding
may lead to bias.
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Confounding Introduced by Waning Vaccine Efficacy Over Time

We could consider a simulated scenario to evaluate VE against an emerging variant under a
confounding mechanism driven by calendar time (e.g 180 days). In this setting, individuals are
vaccinated uniformly early in the analysis period (e.g., uniformly in days 0-60), and two variants
arise at different times: we refer to the previously-circulating variant as Variant D and assume
that infections occur uniformly from day 0 to 180, while infections with the emerging variant,
Variant B, occur uniformly from day 120 to 300. Although the true vaccine efficacy (VE) is
the same for both variants and governed by a waning function, the case-control comparison can
introduce bias because of differences in time since vaccination at the time of infection.

In this scenario, vaccine efficacy is assumed to wane as a function of time since vaccination and
is assumed to wane at the same rate for each variant. Specifically, we assume that the probability
of infection for a vaccinated individual decreases exponentially with time since vaccination,
parameterized by a waning rate A > 0.

We model waning protection through a multiplicative hazard model: among vaccinated
individuals, the probability of infection is reduced by a factor of exp(—AA), where A denotes
time since vaccination and A > 0 controls the strength of waning.

The vaccine effectiveness for each variant, conditional on time since vaccination, is given
by VE, = 1 — exp(—AA,), where A, is the average time since vaccination for infections with
variant v € {D, B}. Due to the staggered circulation times of the two variants and the fixed
vaccination schedule, the average time since vaccination is systematically greater for B infections
(Ap > Ap). Thus, even though the waning model is the same across both variants, the
distribution of A differs for cases (variant B) and controls (variant D), leading to differential
attenuation of protection. ,-\

The estimated odds ratio from the case-control design is approximately OR = exp{—A(Ap —
Ap)}, implying an estimated VE of VE = 1 — exp{—A(Ap — Ap)}. The bias in the
estimated VE, relative to a baseline where Ap = Ap, is therefore Bias = VE — VEirue =
1 —exp{—AAp — Ap)} — (1 — exp{—AA}). Since Ap > Ap, this results in underestimation
of the true VE: the longer average time since vaccination among cases artificially lowers the
observed VE, introducing a negative bias.

Bias from Time-Varying Vaccination Probability

Next, we consider a scenario where vaccine efficacy is constant over time, but the probability of
vaccination increases at a known point in calendar time. One instance under which this scenario
is plausible is if individuals become more likely to get vaccinated upon the emergence of a more-
infectious variant. We assume that individuals are at risk of infection with variant D during days
0-180 and variant B during days 120-300. A population-level increase in vaccination occurs at
day 120 and can be modeled as a step function: the probability of vaccination is mear1y before
day 120 and Tiate > Tearly On or after day 120. This change induces time-varying confounding:
because infection with variant B occurs later in time, individuals infected with B are more likely
to be vaccinated than those infected with D.

Even though the true VE is fixed (i.e., VE¢rue = 1 — exp(—f)), the case-control estimate
is distorted by temporal trends in vaccine uptake. Specifically, cases are individuals infected
with variant B (uniformly in days 120-300), and controls are individuals infected with variant D
(uniformly in days 0-180). The expected probability of vaccination among cases is Tate, while
the expected vaccination probability among controls is a weighted average:

1
P(Z =1 | control) = 180 (120 - Tearty + 60 - Tiate) -
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Thus, the odds of vaccination among cases is inflated relative to controls, even though
vaccination is equally protective across all individuals.
The estimated odds ratio becomes:

61:\{ _ 7Tlate(1 - B)7
B(l - 71-late)

where B is the average probability of vaccination among controls. Consequently, the estimated
vaccine effectiveness is:
Tlate (1 - B )

VE=1- :
B(l - 7"'late)

This expression is generally smaller than the true VE, and the difference increases as the gap
between miate and Tearly widens. Thus, the case-control design yields a negatively biased VE
estimate due to the correlation between vaccination probability and calendar time, which in
turn aligns with differential susceptibility to variant B versus variant D.



