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Background. The test-negative design is commonly used to estimate influenza and coronavirus disease 2019 (COVID-19) vac-
cine effectiveness (VE). In these studies, correlated COVID-19 and influenza vaccine behaviors may introduce a confounding bias
where controls are included with the other vaccine-preventable acute respiratory illness (ARI). We quantified the impact of this bias
on VE estimates in studies where this bias is not addressed.

Methods. We simulated study populations under varying vaccination probabilities, COVID-19 VE, influenza VE, and propor-
tions of controls included with the other vaccine-preventable ARI. Mean bias was calculated as the difference between estimated and
true VE. Absolute mean bias in VE estimates was classified as low (<10%), moderate (10% to <20%), and high (220%).

Results. Where vaccination probabilities are positively correlated, COVID-19 and influenza VE test-negative studies with in-
fluenza and severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) ARI controls, respectively, underestimate VE. For
COVID-19 VE studies, mean bias was low for all scenarios where influenza represented <25% of controls. For influenza VE studies,
mean bias was low for all scenarios where SARS-CoV-2 represented <10% of controls. Although bias was driven by the conditional
probability of vaccination, low VE of the vaccine of interest and high VE of the confounding vaccine increase its magnitude.

Conclusions. Where a low percentage of controls is included with the other vaccine-preventable ARI, bias in COVID-19 and
influenza VE estimates is low. However, influenza VE estimates are likely more susceptible to bias. Researchers should consider po-
tential bias and its implications in their respective study settings to make informed methodological decisions in test-negative VE

studies.
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Phase 4 observational studies are essential to examine the di-
rect effects of vaccination in a real-world setting. Due to its
relative simplicity, the test-negative study design is the pre-
dominant observational design to estimate vaccine effective-
ness (VE) for influenza [1], and increasingly, coronavirus
disease 2019 (COVID-19) [2-4]. In these studies, test-negative
participants are persons who seek healthcare for an acute res-
piratory illness (ARI) and are tested for the disease of interest.
Participants who test positive are classified as “cases,” while
participants who test negative are “controls” VE is estimated
using the formula (1 - odds ratio) X 100, where the odds ratio
(OR) compares the vaccination odds between cases and con-
trols [5].
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Similar to other case-control studies, controls in the test-
negative design are used as a proxy to estimate the true vac-
cination odds in the source population of cases [5, 6]. Since
COVID-19 and influenza VE test-negative designs select ARI
controls who are negative for the disease of interest, a founda-
tional design assumption is that the risks of alternative causes
of ARI are independent of exposure status (ie, vaccination) [7].
Where this assumption is violated, VE estimates are biased un-
less independence is established by deconfounding.

To date, work examining this assumption in influenza test-
negative VE studies has focused on direct, biological mechan-
isms by which influenza and/or vaccination influences the risk
of alternate ARI causes [8, 9]. However, a relationship between
influenza vaccination and alternate ARI need not be causally
related to violate this assumption; violation can also occur
due to a relationship established by an indirect, confounding
pathway [10].

Recent systematic reviews and surveys among healthcare
workers and the general population have demonstrated a posi-
tive correlation between influenza and COVID-19 vaccination
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probabilities, with persons receiving an influenza vaccination
3 times more likely to accept COVID-19 vaccination [11-14].
Because of this relationship, the risks of influenza and severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2) are
no longer independent of the vaccination probabilities for the
other vaccine-preventable ARI (ie, COVID-19 and influenza
vaccination, respectively). Therefore, where test-negative con-
trols in either influenza or COVID-19 VE studies include per-
sons with the other vaccine-preventable ARI, vaccination for
these diseases acts as a confounder. Where this confounder is
unaccounted for, the fundamental assumption of exposure in-
dependence in control selection is violated, leading to biased
VE estimates.

Since SARS-CoV-2 and influenza are likely to co-circulate in
upcoming influenza seasons and test-negative VE results may
be used to inform vaccination policies, it is important to un-
derstand the scope and magnitude of this confounding bias on
COVID-19 and influenza VE estimates. Here, we aim to con-
tribute to this knowledge by examining its theoretical basis and
deconfounding methods to remove bias, and quantifying bias
in COVID-19 and influenza VE estimates using simulations,
where this bias is not otherwise addressed.

METHODS

Theoretical Basis

In Figure 1A, we examine the theoretical basis for bias
from inclusion of controls with a nonindependent expo-
sure in COVID-19 or influenza VE test-negative designs. In
the directed acyclic graph, COVID-19 vaccination (Veyiq)
and influenza vaccination (Vj,) are related to a common
ancestor we refer to as an individual’s motivation to seek
vaccination (M). Here, (M) represents a set of unobserved
variables, including beliefs and acceptance of vaccines; ex-
ternal vaccination pressures that influence the uptake of
both vaccines, such as vaccine mandates or policies; and
perceived vulnerability/risks of vaccine-preventable diseases
to oneself or vulnerable contacts. Through this common an-
cestor, a correlation is established between influenza and
COVID-19 vaccination probabilities through the pathway
Vi <= (M) = Vioyig, which extends to their causal descend-
ants, including infection (I), creating the confounding path-
ways (i) Vi <= (M) — Isars—cov—2, violating the assumption
of exposure independence in influenza VE test-negative de-
signs with SARS-CoV-2 controls; and (ii) Veovia < (M) — Iy,
violating this assumption in COVID-19 VE test-negative de-
signs with influenza controls.

In Figure 2, we demonstrate how these relationships lead to
bias in VE estimates. Where test-negative controls with the al-
ternate, vaccine-preventable ARI are included, unvaccinated
persons are overrepresented among controls, leading to a higher
OR and lower VE estimates.

A.
o Ve
(M)
Veovia— Isars—cov-2
B.
— I
(M)
Vcovid ISARS—CoV—Z
C.
o > I
(M)
Isars—cov-2
Figure 1. A, Simplified directed acyclic graph illustrating the relationship be-

tween coronavirus disease 2019 (COVID-19) and influenza vaccination probabilities.
Vaccination motivation Mis a common ancestor of influenza vaccine uptake Vg,
and COVID-19 vaccine uptake Veovig. The parentheses indicate that Mis unmeas-
ured. Through Ma forked, confounding pathway exists linking Veovid to medically
attended influenza acute respiratory illness (ARI) lny (Veovia <= (M) — lay),
and Vj, to medically attended severe acute respiratory syndrome corona-
virus 2 (SARS-COV-Z) ARI /SAR57CO\/—2 (Vf/u — (M) - /SA,‘?Sfca\/fz). B,
Adjustment in the statistical model for Vg, closes the confounding pathway from
Veovia < (M) — g, in COVID-19 vaccine effectiveness (VE) test-negative
studies that include influenza controls. C, Similarly, adjustment for Veovig in an in-
fluenza VE test-negative study that includes SARS-CoV-2 controls closes the con-
founding pathway from Vi, <— (M) = Isaps—cov—2.

Mitigation of Bias in VE Estimates

Given this causal structure, we propose 2 options to mitigate
confounding bias in COVID-19 and influenza test-negative
designs, where co-circulation of SARS-CoV-2 and influenza is
present: (i) deconfounding in the analysis, or (ii) deconfounding
in the study design. Alternatively, a third option is to ignore
bias if it is small and not meaningful to VE estimates. We ad-
dress options (i) and (ii) in the following section; in subsequent
sections, we quantify bias using simulations to understand the
implications of option (iii).

(i) Deconfounding in the analysis: In Figure 1B, we demon-
strate how exposure independence can be restored in a COVID-
19 VE study by statistical adjustment or stratification for
influenza vaccination. Similarly, in Figure 1C, we demonstrate
how statistical adjustment for COVID-19 vaccination restores
the validity of this assumption in influenza VE studies. Although
these mechanisms can recover unbiased estimates of VE, they

may interfere with Wacholder and colleagues’ “efficiency
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Figure 2.

Exploration of bias in coronavirus disease 2019 (COVID-19) test-negative vaccine effectiveness (VE) studies that include influenza controls (4) and influenza

test-negative VE studies that include severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) controls (B). Under the 2 assumptions that (/) influenza and COVID-19
vaccinations are protective against their respective diseases, and (/i) influenza and COVID-19 vaccination behaviors are positively correlated, inclusion of controls with the
other vaccine-preventable acute respiratory illness will overrepresent unvaccinated controls (df). Overrepresentation of (d) increases the odds ratio (OR) comparing vaccina-
tion odds between cases and controls, and underestimates true VE given the formula VE = (1 — OR) x 100.

principle” in case-control designs [15]. Where Voig and Vi, are
highly correlated, statistical adjustment for the confounder V.o
in an influenza VE study or Vj, in a COVID-19 VE study also
reduces conditional variability of the exposure in the strata of
the confounder [15]. Therefore, although adjustment removes
bias, precision of VE estimates may be reduced [15]. This may be
of particular concern in studies that explore subpopulation VE
or waning VE, which require additional statistical power.

(i) Deconfounding in the design: Deconfounding may also be
achieved in the design via study restriction. To avoid violation of
the efficiency principle here [15], ample controls must exist who
are independent of the exposure probability. In a test-negative de-
sign, restriction may be implemented by excluding influenza con-
trols from COVID-19 test-negative VE designs or SARS-CoV-2
controls from influenza test-negative VE designs. Practically,
these are achieved by testing and only enrolling controls who
test negative for both diseases. Another alternative restriction
method is to enroll controls who test positive for a different ARI
cause, presumed independent of the exposure probability.

Simulations to Quantify Bias in VE Estimates
Yet, a third option is to ignore VE bias if it is anticipated to
be small and not meaningful (ie, option iii). However, it is

important to understand the magnitude of confounding bias
to make this determination. We used simulated adult popula-
tions where COVID-19 and influenza vaccination were pos-
itively correlated to estimate mean bias in COVID-19 and
influenza VE estimates. While simulations were performed
for each disease separately, the following input parameters
were included in both analyses:

Covﬂu = influenza vaccination coverage

Cov_ ., = COVID-19 vaccination coverage

IP,, = incidence proportion (risk) of medically attended
influenza ARI in the unvaccinated population during the
study period

IP .. = incidence proportion (risk) of medically at-
tended COVID-19 ARI in the unvaccinated population
during the study period

VE,, = true influenza VE to prevent medically attended
influenza ARI

VE_ ., = true COVID-19 VE to prevent medically at-
tended COVID-19 ARI

i = PrOportion of ARI controls who represent the

alternate vaccine-preventable ARI
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. =70%
vid ’
which approximates 2020-2021 influenza vaccination cov-

For all simulations, we assumed Covﬂu =55% and Cov_,

erage and 2-dose COVID-19 vaccine coverage among US
adults at the time of our analyses [16, 17]. We also assumed
IPg, = 5% and IP.iq = 5%, based upon previous simulations
investigating bias in test-negative designs [1]. We examined
3 scenarios for VEg,of 40%, 50%, and 60% against medically
attended influenza ARI, consistent with VEg, data from re-
cent influenza seasons [18]. Furthermore, for VEg,4, we
examined 3 scenarios of 40%, 65%, and 90% effectiveness
against medically attended SARS-CoV-2 ARI to encom-
pass recent 2-dose COVID-19 VE estimates in Delta- and
Omicron-predominant periods [4, 19-23]. For each scenario,
we examined a range for Peourois 0f 0, 0.1, 0.25, 0.5, 0.75, 0.9,
and 1.0 to explore the maximum bias and underlying shape
of the bias curve.

For COVID-19 VE studies, we provide several examples of
bias estimates assumingPeontrors = 0.3; this level was selected
considering the proportion of influenza cases identified among
ARI participants in historical influenza test-negative VE studies,
which used similar ARI definitions as recent COVID-19 studies
[4, 24, 25].

We also included an input variable representing the con-
ditional probability of vaccination given vaccination with the
other ARI vaccine. Specifically, RRcovid vx|fiu 1« Was used to sim-
ulate bias in COVID-19 VE studies, and RRgy, vx|covid v« Was
used to simulate bias in influenza VE studies. These variables
were defined as the following:

RR ovid vxlfiu v = risk ratio comparing the uptake (risk) of
COVID-19 vaccine between persons who did and did not
receive influenza vaccination

RRyy, yx|covid v« = risk ratio comparing the uptake (risk)
of flu vaccine between persons who did and did not receive
a COVID-19 vaccination

We used a range of input values for RRuyig yx|fiu v Of 1.5, 2.0,
and 3.0; a range of 2.0, 5.0, and 8.0 was used for RRpy yx|covid vx-
With the exception of RRioyid vx|fiu v« = 3.0, estimates were
based on conditional probabilities of influenza and COVID-
19 vaccination from a recent, nationally representative survey
of US adults sponsored by the Centers for Disease Control
and Prevention (Supplementary Appendix 1) [14]. A value of
RR ovid vlfiu v« = 3.0 was selected to supplement survey data
because it represented the upper limit for this value based on
input values of Covp,= 55% and CoVeyyig = 70%. Since we as-
sumed Covy, was lower than Cove,yid, a reasonable upper limit
of RRy vx|covid vx could not be estimated. Table 1 contains infor-
mation on all input values for simulations.

Simulated populations of COVID-19 and influenza test-
negative studies were created using 3 sequential steps that dif-
fered slightly for each disease. Specifically, to explore bias in
COVID-19 VE test-negative designs, we simulated the (i) mar-
ginal probabilities of COVID-19 and influenza vaccine uptake in
the source population, given Covy, Coveoyid, and RRcovid valfiu v
(ii) odds of COVID-19 vaccination among SARS-CoV-2 cases,
given IP.yyia, VEcovid, and Coveyyia v and (iii) odds of COVID-
19 vaccination among influenza controls, given the marginal
probabilities from step (i), IPfu, VEm, and Peouros. To ex-
plore bias in influenza VE test-negative designs, we modified
the 3 steps to simulation of the (i) marginal probabilities of
COVID-19 and influenza vaccination in the source popula-
tion, given Covgy, Coveoyia, and RRpy yxjcovid vx; (i1) odds of in-
fluenza vaccination among influenza cases, given IPg,, VEp,,

Table 1. Input Parameter Values for Simulations

Parameter Description Values Reference(s)

Covy, Flu vaccination coverage 55% [16]

CoVeovid CQOVID-19 vaccination coverage 70% [17]

1Py Incidence proportion of medically attended influenza ARI 5% Consistent with previous test-negative design
among persons unvaccinated for influenza simulations [1]

1Psovid Incidence proportion of medically attended COVID-19 ARI 5% Consistent with previous test-negative design
among persons unvaccinated for COVID-19 simulations [1]

VEq, Influenza vaccine effectiveness 40%, 50%, 60% [18]

VEcovid COVID-19 vaccine effectiveness 40%, 65%, 90% [4,19-23]

(Psiiialts Proportion of controls who represent the alternate vaccine- 0, 0.1, 0.25, 0.5, NA—full range to examine maximum bias and
preventable ARI shape of bias curve

0.75, 0.9, 1.0

RRcovid wxiflu vx Risk ratio comparing the uptake of COVID-19 vaccination 15, 2.0, 3.0 Estimated based on [14], except for 3.0 (max
among persons receiving and not receiving influenza value based on coverage estimates)
vaccination

RBtu vx|covid vx Risk ratio comparing the uptake of influenza vaccination 2.0,5.0,8.0 Estimated based on [14]

among persons receiving and not receiving COVID-19
vaccination

Where multiple values are specified, populations were simulated for each value separately.

Abbreviations: ARI, acute respiratory illness; COVID-19, coronavirus disease 2019; NA, not applicable.
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and Covpy, vx; and (iii) odds of influenza vaccination among
SARS-CoV-2 controls, given the marginal probabilities simu-
lated in step (i), IPcovid> V Ecovid> and Peontrols.

For each scenario, we performed 10 000 simulations with a
population of 200 000 subjects. Based on P4, this starting
population approximated the number of cases in COVID-19
test-negative VE studies [4, 20]. From the simulated popula-
tions we estimated VE as (1 - OR), where OR compares the vac-
cination odds among cases (step ii) and controls (step iii). Mean
bias in VE test-negative studies was estimated as the difference
of (\//E — VE), or the difference between observed and true VE;
95% confidence intervals (CIs) were calculated as the 2.5th and
97.5th quantiles of the simulated data. We used a priori thresh-
olds to classify absolute mean bias of <10% as low, 10% to <20%
as moderate, and 220% as high. For all parameters with a range
of plausible input values, separate populations were simulated
for each scenario.

To examine bias associated with only the inclusion of con-
trols with the other vaccine-preventable ARI, we ignored other
sources of bias arising from misclassification, unmeasured con-
founding, and selection bias. Similarly, we did not consider
situations of influenza and SARS-CoV-2 coinfection. All ana-
lyses were conducted using RStudio with R version 4.1.0 (R
Foundation for Statistical Computing, Vienna, Austria).

RESULTS

Bias in COVID-19 VE Estimates

Figure 3 examines mean bias in COVID-19 VE estimates under
varying levels of RRcovid v|fiu v, VEfus VEcovia, and Peontrors. In
all scenarios, inclusion of influenza controls underestimated
true COVID-19 VE. In general, there was greater bias in VE
estimates with increasing RRcovid vx|fu vx» lower VEc,ig, higher
VEp,, and increasing influenza Peousos. As an example, in a
study with Peoutrols = 0.3, VEgpyia = 40%, and VEg, = 60%,
where RRoyid vx|fiu v« Was changed from 3.0 to 1.5, VE ovia Was
9.7% (95% CIL: 5.5%-14.7%) and 4.7% (95% CI: .9%-8.8%)
lower, respectively, than VE,,iq4, with \//Eww—d 0of 30.3% (95% CI:
25.3%-34.5%) and 35.3% (95% CI: 31.2%-39.1%), respectively.
Similarly, using the above scenario where RR oyig vx|fiu vx = 3.0
and VE,,;; was modified from 40% to 90%, \//Ew,'d was only
1.7% (95% CI: .7%-2.7%) lower than VE,4, or 88.3% (95%
CI: 87.3%-89.3%). In all scenarios, where Peouirois with influenza
represented <25% of the control populations, mean bias was
low. Bias was also low for all scenarios where VE g = 90%.
Moderate to high bias in COVID-19 VE estimates was observed
in some scenarios where influenza P o1 approached 50%.

Bias in Influenza VE Estimates

In all scenarios, inclusion of SARS-CoV-2 controls underesti-
mated influenza VE (Figure 4). Patterns of bias in influenza VE
estimates were similar to those in COVID-19 studies, where

greater bias was observed with lower values of V Eg, (ie, the vac-
cine of interest), higher VEg,s (ie, the confounding vaccina-
tion), increasing RRpy yx|covid vx» and increasing Peonirors. While
bias was low for all scenarios with <10% of SARS-CoV-2 Pcutrols
, there was moderate bias in some scenarios where SARS-
CoV-2 Peoutrois approached 25%. High bias was observed for
several scenarios with 50% Ponroi:0f SARS-CoV-2, and nearly
all scenarios had moderate to high bias with 275% Pcoprois of
SARS-CoV-2.

DISCUSSION

In this article, we provide the theoretical basis and quantifi-
cation of confounding bias in COVID-19 and influenza VE
test-negative designs related to the inclusion of influenza and
SARS-CoV-2 controls, respectively. While positive correlation
in the uptake of influenza and COVID-19 vaccination con-
sistently led to VE underestimation, there was minimal bias
in scenarios with low percentages of controls with the other
vaccine-preventable ARI. Specifically, bias in COVID-19 VE
estimates was low for scenarios with <25% of influenza controls
and for influenza VE in scenarios with <10% of SARS-CoV-2
controls. Where controls with the other vaccine-preventable
ARI exceeded these levels, moderate to high bias in VE esti-
mates can occur.

Although confounding in influenza and COVID-19 VE esti-
mates is driven by correlated vaccine behaviors, we found that
the magnitude of bias was highly dependent upon true VE of
the vaccine of interest and the confounding vaccination. In ge-
neral, where true VE was high for the vaccine of interest and
low for the confounding vaccine, there was less bias in VE es-
timates. These principles may be generalized to other vaccine-
preventable ARI etiologies as well. For example, inclusion of ARI
controls with vaccine-preventable serotypes of Streptococcus
pneumoniae may similarly bias COVID-19 and influenza test-
negative VE estimates, where probabilities of pneumococcal
vaccination and the vaccine of interest are correlated.

In general, we found greater bias in influenza test-negative
VE studies in comparison with COVID-19. This is because, in
most scenarios examined, true influenza VE was lower than true
COVID-19 VE [4, 18-22], which exacerbates bias arising from
a greater conditional probability of vaccination. Particularly
in a COVID-19 pandemic setting, where ARI controls may be
more likely to have SARS-CoV-2, these relationships suggest re-
searchers should consider deconfounding to avoid meaningful
bias in influenza test-negative VE estimates.

While our findings may be viewed as reassuring regarding
COVID-19 test-negative VE studies, these results are subject to
several important limitations. First, we caution that COVID-19
test-negative VE study populations likely include subgroups for
whom the conditional probability of vaccination differs. Where
this occurs, bias in VE estimates also varies. For example, older
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Figure 3. Mean bias and 95% confidence intervals in coronavirus disease 2019 vaccine effectiveness estimates derived from a test-negative study with influenza controls
under varying scenarios of RRcovid vx|fiu vx. V Estu, V Ecovia, and Peontrois. Abbreviations: COVID-19, coronavirus disease 2019; RR, risk ratio; VE, vaccine effectiveness.

persons or persons who are at higher risk of severe disease may
have a higher conditional probability of vaccination in compar-
ison with younger or healthy persons. Using the parameters we
specified in our results, if we assume a conditional probability of
vaccination of 3.0 among older persons vs 1.5 among younger
persons, COVID-19 VE would be estimated as only 30.3% (95%
CI: 25.3%-34.5%) among older populations vs 35.3% (95% CI:
31.2%-39.1%) among younger persons, when true VE for both
populations is 40%. Similarly, regional variation in COVID-19
and influenza vaccination coverage arising from health inequi-
ties or common attitudes toward vaccinations may also affect
the conditional probability of vaccination [16, 17]. Additionally,

even where the conditional probability of vaccination is similar,
we found that bias varies by true VE. In the case of COVID-19,
where true VE likely varies by vaccine product, SARS-CoV-2
strain, or time since vaccination [4, 20, 23], bias in VE estimates
will also differ. For example, if strain-specific VE yig is 90% vs
40%, using the parameters we applied in our results section,
COVID-19 VE would be estimated as 88.3% (95% CI: 87.3%-
89.3%) for a strain where true VE is 90% vs only 30.3% (95% CI:
25.3%-34.5%) for a strain where true VE is 40%. Similarly, bias
in COVID-19 VE estimates may also differ by outcome, such as
symptomatic disease vs hospitalization. Collectively, these ex-
amples highlight the importance of deconfounding to promote
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comparability in VE estimates, even in situations where bias is

low.

It is important to acknowledge a deconfounding require-
ment may impact the feasibility of a test-negative study, that
is, a design commonly implemented using administrative
data [2, 4]. A challenge of deconfounding in the analysis is
that it requires measurement of both vaccinations, which may
not be reliably recorded in a vaccine registry. Furthermore,
deconfounding by study design requires additional costs as-
sociated with testing for other pathogen(s), unless this testing
is routinely performed. This may not be possible in current

limited-resource settings or in the future, if other causes of
ARI, such as respiratory syncytial virus, become vaccine pre-
ventable. Furthermore, since VE may differ due to health
inequities, the systematic exclusion of these settings is prob-
lematic. However, where additional efforts are made to im-
plement deconfounding, an advantage is that influenza and
COVID-19 test-negative VE studies can be run in parallel
without much additional effort.

In conclusion, our work suggests low bias in VE estimates de-
rived from COVID-19 and influenza test-negative studies with
influenza and SARS-CoV-2 controls, respectively, in situations
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where these controls represent a low proportion of total test-
negative controls. Nonetheless, we encourage researchers to
consider this potential bias and its implications. Where re-
searchers determine that bias is not meaningful and do not
undertake deconfounding, adequate justification should be
provided to promote critical interpretation and confidence in
study results.

Supplementary Data

Supplementary materials are available at Clinical Infectious Diseases online.
Consisting of data provided by the authors to benefit the reader, the posted
materials are not copyedited and are the sole responsibility of the authors,
so questions or comments should be addressed to the corresponding author.
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