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Abstract

The test-negative design (TND) is a popular method for evaluating vaccine effectiveness (VE). A “classical” TND study includes
symptomatic individuals tested for the disease targeted by the vaccine to estimate VE against symptomatic infection. However,
recent applications of the TND have attempted to estimate VE against infection by including all tested individuals, regardless of their
symptoms. In this article, we use directed acyclic graphs and simulations to investigate potential biases in TND studies of COVID-
19 VE arising from the use of this “alternative” approach, particularly when applied during periods of widespread testing. We show
that the inclusion of asymptomatic individuals can potentially lead to collider stratification bias, uncontrolled confounding by health
and healthcare-seeking behaviors (HSBs), and differential outcome misclassification. While our focus is on the COVID-19 setting, the
issues discussed here may also be relevant in the context of other infectious diseases. This may be particularly true in scenarios where
there is either a high baseline prevalence of infection, a strong correlation between HSBs and vaccination, different testing practices
for vaccinated and unvaccinated individuals, or settings where both the vaccine under study attenuates symptoms of infection and
diagnostic accuracy is modified by the presence of symptoms.
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Introduction
The postlicensure evaluation of COVID-19 vaccine effectiveness
(VE), defined as the effect of vaccination on the risk of an
infection-related outcome,1 has provided crucial insights into
questions not addressed through randomized clinical trials.2-4

Among the study designs used to estimate VE, the test-negative
design (TND) has gained popularity, in part because of its
rapid and seemingly straightforward implementation.2,5,6 In
a “classical” TND study, symptomatic individuals tested for
the disease targeted by the vaccine are prospectively selected,
for example, from surveillance centers or hospitals.5-8 Then,
VE against symptomatic infection is estimated by comparing
the odds of vaccination between patients with positive and
negative test results using logistic regression.5,7,8 However, recent
literature9-20 has also applied the term TND to studies aiming to
estimate VE against infection by including all tested individuals,
regardless of their symptom status (hereafter referred to as
“alternative” TND)—for a clearer distinction between classical
and alternative TND, see Table 1. Nonetheless, this approach

may introduce additional threats to validity and warrants a more
comprehensive evaluation.21

In this article, we investigate potential biases in TND stud-
ies of COVID-19 VE arising from the use of this “alternative”
approach, particularly when applied during periods of widespread
testing. We begin by discussing the identifiability of 2 causal target
parameters: (1) the risk ratio (RR) for medically attended and
laboratory-confirmed symptomatic COVID-19 relative to vaccina-
tion status, referred to as RRCOVID (the target parameter for the
classical TND), and (2) the RR for SARS-CoV-2 infection relative to
vaccination status, referred to as RRinfect (the target parameter for
the alternative TND). Note that throughout this article, we use the
expression “symptomatic COVID-19” to emphasize the difference
between symptomatic and asymptomatic infections. We conclude
with a simulation study that aims to estimate and compare the
magnitude of the bias in the odds ratio (OR) estimates for medi-
cally attended and laboratory-confirmed symptomatic COVID-19
(ORCOVID) and the OR for SARS-CoV-2 infection (ORinfect), relative
to their respective target parameters (RRCOVID and RRinfect), under
scenarios where a classical TND is considered valid.
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Table 1. Relevant definitions used in this article.

“Alternative” Test-Negative
Design (TND)

An observational study design commonly used to estimate vaccine effectiveness (VE) against infection (whether
symptomatic or asymptomatic). This design includes all individuals tested for the pathogen targeted by the
vaccine under study, irrespective of their symptom status. VE is then estimated by comparing the odds of
vaccination between individuals with positive and negative test results (test-positive cases and test-negative
controls, respectively).

“Classical” TND An observational study design commonly used to estimate VE against medically attended and
laboratory-confirmed symptomatic infection. It includes individuals who are tested for the pathogen targeted
by the vaccine under study due to the presence of symptoms. VE is then estimated by comparing the
vaccination odds between individuals with positive and negative test results. Importantly, while both the
alternative TND and the classical TND estimate VE, their specific objectives differ. While the alternative TND
estimates VE against all infections, symptomatic or asymptomatic, the “classical” TND focuses only on VE
against medically attended symptomatic infections. See below for definitions of infection and symptomatic
infection.

Identifiability The ability to express (identify) a counterfactual (causal) quantity, such as a measure of effect, as a function of the
distribution of observed data, implying the absence of systematic bias.

Infection The process by which a specific microorganism—the one targeted by the vaccine under study—invades and
multiplies within an individual. An acute infection is usually confirmed by laboratory. Individuals with an
infection may be asymptomatic, with no symptoms associated with the infection, or symptomatic, with
symptoms associated with the infection. See the definition of “symptomatic infection” for more details.

Symptomatic infection This term describes an individual with a laboratory-confirmed infection (eg, via nucleic acid amplification test)
who also exhibit symptoms associated with that specific infection (eg, fever, cough, or dyspnea in the case of
COVID-19).

Target parameter The specific true measure of effect that a test-negative design study aims to estimate.
Vaccine effectiveness The effect of vaccination on the risk of an infection-related outcome. Specifically, it represents the expected

reduction in the risk of an infection-related outcome that is directly attributable to vaccination.

Identifiability of target parameters
In this section, we use causal directed acyclic graphs (DAGs) to
examine the identifiability of the target parameters (RRCOVID and
RRinfect).22 By “identifiability,” we refer to the ability to express
a counterfactual quantity as a function of the distribution of
observed data, implying the absence of systematic biases.23,24

However, before delving into the specifics of target parameter
identifiability, and to facilitate a better understanding, we intro-
duce the reader to a DAG based on previous work7,8,21,25,26 that
illustrates the assumed causal relationships between relevant
variables in TND studies of COVID-19 VE, whether classical or
alternative (Table 2).

The case of the classical TND
In this context, if the test-negative state (having some illness that
presents with COVID-19-like symptoms—such as an infection
not targeted by the vaccine (I = 1)—and a negative test) and the
vaccination status are independent conditional on covariates,
the case-status OR (ORCOVID) relative to vaccination status—
derived from a correctly specified multivariable logistic regression
model—provides an unbiased estimate of its target parameter:
the conditional RR for medically attended and laboratory-
confirmed symptomatic COVID-19 (I = 2, S = 1, T = 1) relative
to vaccination status (RRCOVID).8,35 Mathematical definitions for
ORCOVID and RRCOVID are provided in Table 3. In hospital-based
TND studies, RRCOVID represents the risk ratio for medically
attended infections leading to hospitalization (where T stands
for “hospitalized and tested due to symptoms”).8 On the other
hand, in outpatient-based TND studies, RRCOVID represents the
risk ratio for medically attended infections in outpatient settings
(where T stands for “accessed care and tested”).

Importantly, unlike some traditional case-control studies, the
TND does not require the rare disease assumption for the OR
to approximate the RR.8 It is also noteworthy that the ORCOVID

estimate is often re-expressed as VE using the estimator: V̂E =

(1 − R̂R) × 100.5 However, to avoid ambiguity, throughout this
manuscript and unless otherwise specified, the term VE will con-
tinue to refer to any causal effect of vaccination on the risk of an
infection-related outcome, regardless of the outcome assessed.1

In addition, the estimands mentioned previously can be given
a causal interpretation if the identifiability assumptions are
also met (Appendix S2).8,36,37 One such assumption, known as
conditional exchangeability, implies that all common causes
of vaccination status (V) and outcome (medically attended
and laboratory-confirmed symptomatic SARS-CoV-2 infection
[I = 2, S = 1, T = 1]) have been measured and appropriately
accounted for in the analysis.8,36-38 However, among these
common causes, an individual’s health and healthcare-seeking
behaviors (HSBs) are inherently unmeasured.21 In a best-case
scenario, if HSBs were deterministic (meaning that individuals
who exhibit these behaviors would always seek medical care
when ill, while individuals who do not exhibit HSBs would not), a
classical TND study could mitigate bias related to this variable by
restricting the study population to individuals who have sought
medical attention and are therefore assumed to exhibit HSBs
(H = 1).5,7 Although this scenario seems unlikely in real-world
settings, where these behaviors may only modify the probability
of seeking medical care, classical TND studies could still offer
better control for confounding by HSBs than other observational
study designs such as cohorts or traditional case-control
studies.7,8

To illustrate this point, Figure 1A shows a DAG that repre-
sents an ideal scenario for a classical TND study evaluating
VE against medically attended and laboratory-confirmed symp-
tomatic COVID-19. By “ideal,” we mean that the study is con-
ducted in a population where HSBs are deterministic and only
perfect tests are used (with 100% sensitivity and specificity). In
this study, the effect of interest is represented by the path V →
I • S • T. The square shapes of the nodes S, T, and H indicate
that the study sample is restricted to symptomatic and tested
individuals who sought medical care and therefore exhibit HSBs

https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
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Table 2. Directed acyclic graph for test-negative design studies of COVID-19 vaccine effectiveness (either classical or alternative).

This causal Directed Acyclic Graph (DAG) consists of 6 nodes representing the following random variables:

1) V: Receipt of the COVID-19 vaccine under study (vaccinated [V = 1], unvaccinated [V = 0]).
2) I: Infection status (no infection [I = 0], an illness that presents with COVID-19-like symptoms but tests negative for COVID—such as a

non-SARS-CoV-2 infection [I = 1], a SARS-CoV-2 infection [I = 2]).
3) S: Presence of COVID-19-like symptoms (symptomatic [S = 1], asymptomatic [S = 0]).
4) T: Whether a SARS-CoV-2 diagnostic test was performed (tested [T = 1], not tested [T = 0]).
5) H: An indicator of the presence of health and healthcare-seeking behaviors (HSBs) that contribute to a greater probability of seeking medical

care if COVID-19-like symptoms develop (HSBs present [H = 1], HSBs absent [H = 0]).
6) C: A set of measured confounders of the association between vaccination status (V) and SARS-CoV-2 infection (I = 2), such as age, calendar

time, and sex.

Directed acyclic graph rationale (∗ †)

The path I → S → T represents the typical sequence of events leading to a COVID-19 diagnosis for a patient presenting with COVID-19-like
symptoms. For example, an individual may contract a SARS-CoV-2 infection (I = 2) or another type of infection (I = 1), develop symptoms (S = 1),
and subsequently seek care, resulting in COVID-19 testing (T = 1). Because this is an observational study, the association between COVID-19
vaccination (V) and SARS-CoV-2 infection (I = 2) is expected to be confounded by both the presence of HSBs (H) and the set of measured
confounders (C).7 Specifically, for this demonstration, we assume that individuals who exhibit HSBs (H = 1) are more likely to be vaccinated (V = 1)

and to engage in other healthy or preventive behaviors that may protect them against SARS-CoV-2 infection (I = 2). Furthermore, certain individual
characteristics, such as advanced age or the presence of comorbidities (ie, the set of measured confounders C), may increase the probability that
individuals will be vaccinated (V = 1) and the probability that they will become infected with SARS-CoV-2 (I = 2). We also assume that an
individual’s HSBs (H) are influenced by the set of measured confounders (C).7 In turn, these variables (H and C) influence an individual’s probability
of getting tested (represented by the path H → T ← C). For example, older individuals, those with comorbidities, and those exhibiting HSBs (H = 1)

may be more likely to get tested (T = 1)due to fear of potential complications.27 Additionally, we assume that vaccinated individuals (V = 1) may be
less likely to get tested (T = 1) in some situations. For example, vaccinated individuals (V = 1) may attribute their symptoms (S = 1) to alternative
causes (eg, allergies or other infections (I = 1)), or they may be exempt from certain testing policies (eg, for some travel-related or workplace
screening programs‡).28-30 Moreover, we consider the possibility that vaccines may reduce symptoms or disease severity (eg, hospitalization or
death).31-33 Therefore, we allow COVID-19-like symptoms (S) to be directly affected by COVID-19 vaccination (V). Finally, we consider that the set of
measured confounders (C) may influence the presence of COVID-19-like symptoms (S) (represented by the path C → S).34

Notes
(∗) For a brief introduction to the theory and terminology of DAGs, see Appendix S1.
(†) This DAG is applicable to both outpatient- and inpatient-based TND studies. In particular, the “testing” node can represent both hospitalization
and testing in hospital-based TND studies (see Schnitzer, M. 2022 for an example).8

(‡) Table S1 lists selected scenarios where testing practices varied between vaccinated and unvaccinated individuals during the pandemic.

(S = 1, T = 1, H = 1). Conditioning on HSBs is critical because it not
only allows control of confounding through the path V ← H → I
but also blocks other biasing paths (eg, V ← H → T ← S ← I) that
were opened by conditioning on colliders such as testing (T). In
other words, restricting the study sample in a classical TND study
to symptomatic and tested individuals is essential to prevent (or
minimize) confounding and collider-stratification bias by HSBs,7

and thus, to identify the RRCOVID.

The case of the alternative TND
Potential for collider stratification bias and uncontrolled
confounding by HSBs
Having studied the classical TND, we now turn to the challenges
presented by the alternative approach. In this scenario, since the
study sample includes all tested individuals, regardless of symp-

toms, the target parameter is no longer the RRCOVID. Instead, it is
the conditional RR for SARS-CoV-2 infection relative to vaccina-
tion status (RRinfect), represented by the path V → I. Mathematical
definitions for ORinfect and RRinfect are given in Table 3.

To assess the identifiability of this target parameter, it is crucial
to identify the specific drivers of testing leading to selection.
Importantly, these drivers may have varied across settings,
depending on the stage of the pandemic and the prevailing
indications for testing.39,40 For example, in a prospective,
nonprobability-based, cross-sectional online survey of testing
practices conducted between August 23, 2021, and March 12,
2022, among 418 279 US adults aged ≥18 years, the most common
reasons for testing, other than having symptoms, were exposure
to COVID-19 (23.1%), a prerequisite for travel (20.6%), and
requirement for work or school (16.1%).39 Given that some of
these reasons were mandatory at various points in time, we can

https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
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Table 3. Mathematical definitions for RRCOVID, ORCOVID, RRinfect, and ORinfect.

Classical TND∗

RRCOVID =
(

P (I = 2, S = 1, T = 1 | V = 1, H = 1, C)

P (I = 2, S = 1, T = 1 | V = 0, H = 1, C)

)

ORCOVID =
(

P (I = 2 | V = 1, S = 1, T = 1, H = 1, C)

P (I = 2 | V = 0, S = 1, T = 1, H = 1, C)

)
/

(
P (I = 1 | V = 1, S = 1, T = 1, H = 1, C)

P (I = 1 | V = 0, S = 1, T = 1, H = 1, C)

)

Alternative TND‡

RRinfect =
(

P (I = 2 | V = 1, C)

P (I = 2 | V = 0, C)

)

ORinfect =
(

P (I = 2 | V = 1, T = 1, C)

P (I = 2 | V = 0, T = 1, C)

)
/

(
P (I = 1 | V = 1, T = 1, C)

P (I = 1 | V = 0, T = 1, C)

)

Notation:

• C: Confounders.
• H: Health and healthcare-seeking behaviors.
• I = 1: A test-negative COVID-19-like illness.
• I = 2: SARS-CoV-2 infection.
• S: COVID-19-like symptoms.
• T: SARS-CoV-2 diagnostic tests.
• V: COVID-19 vaccination status.

Notes
∗In the classical TND, the target parameter is the conditional risk ratio for medically
attended and laboratory-confirmed symptomatic COVID-19 (RRCOVID). Therefore, the
population of interest consists of individuals exhibiting HSBs (H = 1), with all SARS-CoV-2
infection (I = 2), symptoms (S = 1), and testing (T = 1) being part of the definition of
RRCOVID. Furthermore, for ORCOVID to approximate RRCOVID, we require independence
between the test-negative state (having some illness that presents with COVID-19-like
symptoms—such as an infection nontargeted by the vaccine—and testing) and the
vaccination status, conditional on covariates:
P (I = 1, S = 1, T = 1 | V = 1, H = 1, C) = P (I = 1, S = 1, T = 1 | V = 0, H = 1, C)

(‡) In the alternative TND setting, the target parameter is the conditional risk ratio for
SARS-CoV-2 infection

(
RRinfect

)
, which includes both symptomatic and asymptomatic

individuals. Since the study sample is not restricted to health care seekers, the target
population is no longer limited to individuals with HSBs (H = 1). Our manuscript provides
several reasons why this target parameter may not be identified under the alternative TND,
ie, why ORinfect �= RRinfect.

no longer assume that the study sample is limited to healthcare
seekers,21 and that the TND effectively controls for bias related
to HSBs. This may also be relevant to some hospital-based TND
studies, as some institutions implemented policies for universal
screening on admission.41,42

We illustrate this point in the DAG shown in Figure 1B, which
represents an alternative TND study of VE against SARS-CoV-
2 infection. In this DAG, the circular shapes of the nodes HSBs

(H) and COVID-19-like symptoms (S) indicate that we are no
longer conditioning on these variables. As a result, several biasing
paths are opened, leading to uncontrolled confounding by HSBs
(V ← H → I; path 1 in Figure S1) and collider stratification bias
(I ← H → T ← S ← V (path 2); V → S ← I(path 3); I ← H → T ← V
(path 4); I → S → T ← V (path 5); and V ← H → T ← S ← I (path
6). In other words, the RRinfect is not identifiable in the alternative
TND setting.

Figure 1. Causal-directed acyclic graphs for test-negative-design (TND) studies of COVID-19 vaccine effectiveness: (A) the classical TND setting, (B) the
alternative TND setting, (C) potential for differential misclassification of outcome status in alternative TND studies. Abbreviations: C, Confounders;
H, Health and healthcare-seeking behaviors; I, Infection status; Ix, Measured infection status; S, COVID-19-like symptoms; T, SARS-CoV-2 diagnostic
tests; V, COVID-19 vaccination status. Notes: The square nodes indicate that the variable is controlled by either the study design or the analysis, while
unconditioned nodes are represented as circles.

https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
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Potential for differential outcome misclassification
Another perceived benefit of the TND is its potential to reduce
outcome misclassification compared to traditional cohort or case-
control studies.7,8 This is primarily attributed to the restriction
of the study sample to individuals with confirmed infection sta-
tus.7,8 However, the inclusion of asymptomatic individuals in
alternative TND studies could potentially compromise this appar-
ent benefit and instead lead to differential misclassification of
the outcome relative to the exposure status. The main reason
for this is that while SARS-CoV-2 diagnostic tests have excellent
specificity for diagnosing acute infection, their sensitivity is likely
modified by the presence of symptoms.40 For example, 2 studies
comparing the diagnostic accuracy of SARS-CoV-2 tests reported
antigen test sensitivities in symptomatic individuals of 72.0%
(95% confidence interval [CI], 63.7%-79.0%) and 58.1% (95% CI,
40.2%-74.1%) in those asymptomatic,43 and nucleic acid ampli-
fication tests (NAATs) sensitivities in symptomatic individuals of
97.1% (95% CI, 96.7%-97.3%) and 87.6% (95% CI, 85.2%-89.6%) in
those without symptoms.44

This concept is illustrated in the DAG shown in Figure 1C. This
DAG introduces a new node for the measured infection status
(Ix), which may differ from its true value (I). There is differential
misclassification of the outcome (I) relative to the exposure status
(V) because, as described in Table 2, COVID-19 vaccines (V) may
affect the presence of symptoms (S),31-33 which in turn mod-
ify the sensitivity of SARS-CoV-2 tests (represented by the path
V → S → Ix). This situation may be further complicated when
considering that the selection of a specific test and its respective
diagnostic performance may depend on a number of additional
factors.40 These include the intended use of the test (ie, screening
vs confirmation, with molecular tests preferred for confirming
diagnoses of acute infection in symptomatic individuals30,40), the
time of infection onset,45 the stage of the pandemic,40 and the
target population (eg, travelers vs. frontline workers40). As a result,
it is difficult to accurately predict the magnitude and direction of
this bias without a comprehensive understanding of the causal
structure underlying a given study.46

Simulation study
Methods
Overview
We conducted a simulation study to estimate and compare the
magnitude of the bias in ORCOVID and ORinfect estimates—relative
to their respective target parameters (RRCOVID and RRinfect)—under
scenarios where a classical TND is considered valid. For simplicity,
all simulations assume causal consistency,38 no interference,38

positivity,38 and no unmeasured confounding other than that
related to HSBs. To assess the bias pathways, we divided the
simulation study into 2 parts. First, we evaluate the potential for
collider bias and uncontrolled confounding by HSBs, assuming
perfect diagnostic tests. Second, we incorporate the potential for
differential outcome misclassification by simulating an extreme
scenario where symptomatic individuals are tested exclusively
with NAATs, and asymptomatic individuals are tested exclusively
with antigen tests. Variables other than SARS-CoV-2 infection are
assumed to be perfectly measured in all simulations.

Data generation process
To generate realistic data consistent with the DAG shown in
Table 2, we generated 1000 data sets (each with 1 000 000 obser-
vations) that simulated a cumulative prevalence of SARS-CoV-

2 infection of ∼12.2%,47 including an asymptomatic infection
prevalence of ∼35%,34 and a cumulative prevalence of fully vac-
cinated individuals of ∼54.6%.48,49 In addition, we simulated the
proportion of individuals who reported using any SARS-CoV-2
diagnostic test (either NAATs or antigen tests) within 30 days
in the aforementioned survey (∼27.7%).39 Each node in the DAG
was generated conditionally on its parent nodes using the models
shown in Table 4, with parameters for these models selected
based on the available literature whenever possible (Table S1).
Importantly, although the simulations were designed to represent
an outpatient setting, similar results can be expected for hospital-
based TND studies, as the data-generating structure may be
similar for both scenarios (Table 2).

Data analysis
After generating the data, we first created classical and alter-
native TND samples from each simulated data set by selecting
either symptomatic and tested individuals or all tested individ-
uals, respectively. Second, we estimated the ORCOVID (in the clas-
sical samples) and the ORinfect (in the alternative samples) using
logistic regression models conditional on the set of measured
confounders (C). For these models, we used the true SARS-CoV-
2 infection status as the outcome variable when evaluating the
potential for collider bias and uncontrolled confounding by HSBs,
and the measured SARS-CoV-2 infection status, when incorpo-
rating the potential for differential outcome misclassification.
Third, to estimate the true value of the target parameters (RRCOVID

and RRinfect), we generated 2 counterfactual populations, each
consisting of 100 000 000 individuals, representing scenarios in
which everyone was either vaccinated or unvaccinated. Finally,
we estimated the bias by subtracting the true values of the
target parameters from the exponentiated mean of the log(OR)
estimates obtained from the 1000 simulated data sets (denoted
as ÔRCOVID or ÔRinfect). Additionally, we report the Monte Carlo
standard error (MCSE, the standard deviation of the estimated
log [ORs]) and the average standard error (aSE, the average of the
standard error estimates of the log [ORs]).

To investigate the potential for larger biases, we iterated
over the processes described previously, each time varying the
assumed strength of the relationships between the simulated
variables. Specifically, we varied the magnitude of the association
between H and V (parameter β2 in Table 4), between H and both
I = 1 and I = 2 (parameters γ1,2 and γ2,2, respectively), as well as
the relationships of I = 1 and I = 2 with S (δ4 and δ5, respectively).
We also varied the coefficient for the interaction term of I = 2 and
V with S (δ6), and the strengths of the relationships between H and
T (θ2), between V and T (θ3), and between S and T (θ4). We adjusted
these parameters according to the direction of the association
between the independent and dependent variables. Specifically,
for parameters representing a positive association (ie, OR >1), the
strength was increased by units of 1 from 1.5 to 10.5. Conversely,
for parameters representing a negative association (ie, OR <1),
the strength was decreased from 0.95-0.05 by units of 0.1. We
also varied the intercepts for T (θ0) and I = 2 (γ2,0), aiming for a
baseline prevalence of testing from 0.25-0.7 and for a baseline
prevalence of acute SARS-CoV-2 infection from 0.05 to 0.5. Finally,
we simultaneously varied the strength of 2, and then 3, of the most
influential parameters (ie, β2, θ3, and the intercept for I = 2). It
should be noted that any adjustment to these parameters could
lead to changes in the proposed prevalences for all simulated
variables.

All analyses were performed using R (version 4.2.2, R Founda-
tion for Statistical Computing, Vienna, Austria, 2022).50

https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
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Table 4. Models used in the simulation study to generate data consistent with the directed acyclic graph shown in Table 2.

Variable (type) Distribution/Parameters

C: Confounders (continuous) Gaussian; μ = 40, σ = 4
H: Health and healthcare-seeking

behaviors (binary: present vs.
absent)

Bernoulli; expit(α0 + α1C)
where:

• α0 = −19.4, and α1 = log(1.59).
• For a prevalence of H ∼ 0.37.

V: COVID-19 vaccination (binary:
vaccinated vs. unvaccinated)

Bernoulli; expit(β0 + β1C + β2H)
where:

• β0 = −12.25, β1 = log(1.36), and β2 = log(1.81).
• For a prevalence of V ∼ 0.55.

I = 1: Non-SARS CoV-2 infection
(binary: present vs. absent)

Bernoulli; expit(γ1,0 + γ1,1C + γ1,2H)
where:

• γ1,0 = −6.7, γ1,1 = log(1.12), and γ1,2 = log(0.9).
• For a prevalence of I = 1 ∼ 0.10.

I = 2: SARS-CoV-2 infection (binary:
present vs. absent)

Bernoulli; expit(γ2,0 + γ2,1C + γ2,2H + γ2,3V)∗ (
1 − I [I = 1]

)
where:

• γ2,0 = −5.4, γ2,1 = log(1.12), γ2,2 = log(0.9), and γ2,3 = log(0.1).
• For a prevalence of I = 2 ∼ 0.12 and vaccine effectiveness of 90%.
• The term (1 − I [I = 1]) was incorporated under the assumption that I = 1 and I = 2are

mutually exclusive.
• For simulations incorporating the potential for outcome misclassification, we generated the

variable measured SARS-CoV-2 infection (Ix = 2) as shown in Figure 1C, assuming a
sensitivity of 0.97 for nucleic acid amplification tests (NAATs) in symptomatic individuals
and 0.58 for antigen tests in asymptomatic individuals, with a specificity of 0.99 for both
tests.

S: COVID-19-like symptoms (binary:
symptomatic vs. asymptomatic)

Bernoulli;
expit(δ0 +δ1C+δ2C : I [I = 1]+δ3C : I [I = 2]+δ4I [I = 1]+δ5I [I = 2]+δ6I [I = 2] : V)∗(

I [I = 1] + I [I = 2]
)

where:

• δ0 = −33.8, δ1 = log(1.2), δ2 = log(1.93), δ3 = log(1.93), δ4 = log(10), δ5 = log(10), and
δ6 = log(0.52).

• For a prevalence of S ∼ 0.65 among those with SARS-CoV-2 infection (I = 2).
• The term

(
I [I = 1]

) + I [I = 2]
)

was included to ensure that symptoms only occur in
individuals who have either I = 1 or I = 2.

T: COVID-19 diagnostic tests (binary:
tested vs. not tested)

Bernoulli;
expit(θ0 + θ1C + θ2H + θ3V + θ4S) ∗ (

1 − I [H = 1, S = 1]
) ∗ (

1 − I [H = 0, S = 1]
) + I [H = 1, S = 1]

where:

• θ0 = −38.8, θ1 = log(2.47), θ2 = log(1.3), θ3 = log(0.92), and θ4 = log(6).
• For a prevalence of T ∼ 0.28.
• The terms

(
1 − I [H = 1, S = 1]

) ∗ (
1 − I [H = 0, S = 1]

) + I [H = 1, S = 1]were included to ensure
that symptomatic individuals with HSBs would be tested while those without HSBs
would not.

Results
When we assessed the potential for collider bias and uncontrolled
confounding by HSBs we found a “true value” for RRCOVID of 0.149
and an estimated ÔRCOVID of 0.141 (MCSE and aSE = 0.019;
bias = −0.008). On the other hand, the “true value” for RRinfect

was 0.142, with an estimated ÔRinfect of 0.125 (MCSE and aSE =
0.014; bias = −0.016). The results after varying the strength
of selected parameters for this scenario, either individually or
simultaneously, are shown in Figures 2-3 and Tables S2-S3. In
every case, the classical TND outperformed the alternative in
terms of bias, with the biases for ÔRCOVID and ÔRinfect ranging from
−0.034 to −0.001 and from −0.211 to 0.728, respectively. When we
incorporated imperfect tests, we found estimates for ÔRCOVID of
0.154 (MCSE = 0.019; aSE = 0.018; bias = 0.005) and ÔRinfect of
0.146 (MCSE and aSE = 0.014; bias = 0.004), respectively. However,
after varying the strength of selected parameters for this scenario,
either individually or simultaneously, we found larger bias for

ÔRinfect (ranging from −0.188 to 0.766) than for ÔRCOVID (ranging
from −0.005 to 0.018) (Figures 4-5 and Tables S4-S5).

Discussion
The TND has become a preferred method for assessing VE against
pathogens such as influenza largely due to its seamless integra-
tion with existing laboratory-based surveillance systems.6 More
recently, this observational study design has been widely used
to estimate VE against COVID-19.21 This widespread application
was made possible primarily by the extensive use of SARS-CoV-2
testing during the pandemic, which generated large amounts of
potential data for TND studies.21 However, the use of these data
for VE estimation poses unique validity challenges.21

Originally, the TND was proposed as an efficient way to identify
a control group (test-negative controls) for individuals who con-
tracted the vaccine-targeted infection (test-positive cases) while

https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae288#supplementary-data
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Figure 2. Bias in odds ratio (OR) estimates for symptomatic COVID-19 (ORCOVID) and SARS-CoV-2 infection (ORinfect) relative to their respective target
parameters (RRCOVID and RRinfect) after varying the strength of selected parameters (assuming perfect SARS-CoV-2 diagnostic tests). Abbreviations:
C, Confounders; H, Health and healthcare-seeking behaviors; I, Infection status; I = 2, SARS-CoV-2 infection status; OR, odds ratio; RR, risk ratio;
S, COVID-19-like symptoms; T, SARS-CoV-2 diagnostic tests; TND, test-negative design; V, COVID-19 vaccination status. Notes: Bias of the
OR = (exp(mean(measured log[OR])) – (true RR).

also accounting for confounding by HSBs.5,7,8 However, to effec-
tively control for such bias in TND studies, researchers must
assume that individuals seeking care and undergoing testing
have comparable HSBs.5,7,8 In the pre-COVID-19 era, testing for
diseases such as influenza was primarily driven by clinical indi-
cations and focused on those who actively sought care for symp-
toms.51 This arguably made it easier for researchers to assume
that individuals enrolled in TND studies had comparable HSBs,
provided the same clinical definition was used for cases and
controls. However, this paradigm shifted with COVID-19, when
testing criteria were expanded to identify asymptomatic infec-
tions, often on a “mandatory” basis, in order to break transmission
chains.40 In this article, we have shown that TND applications that
ignore this fact and include individuals regardless of their symp-
toms (ie, using the alternative TND) can potentially introduce
collider stratification bias, uncontrolled confounding by HSBs,
and differential misclassification of the outcome relative to the
exposure status.

Our simulation study, based on educated guesses for parameter
values and representing a scenario in which the classical TND
would yield unbiased estimates for its target parameter, showed
only minor bias in the alternative TND setting. However, we also
showed that the inclusion of asymptomatic individuals can lead
to substantial bias in some scenarios. For example, our simula-
tions showed that as the effect of HSBs on vaccination increases
(OR >1), the estimated ÔRinfect can become progressively closer to
the null relative to its target parameter, RRinfect, leading to further
underestimation of VE when expressed as 1 – OR ×100. Similarly,

in settings where vaccination status is more negatively correlated
with testing (OR <1), the ÔRinfect would also be progressively biased
towards the null. In addition, we observed that a higher baseline
prevalence of SARS-CoV-2 infection would lead to a greater bias
away from the null of ÔRinfect, resulting in an overestimation
of VE. We also found that these biases may be exacerbated by
the introduction of differential outcome misclassification when
different diagnostic approaches are used for symptomatic and
asymptomatic individuals. Of note, the TND is well known to
be particularly susceptible to misclassification bias compared to
cohort and traditional case-control studies.52 It is also important
to mention that if one were to condition on the reason for testing
or restrict the study sample to asymptomatic individuals, we
would expect to observe the same bias described here, as all
biasing pathways would remain open.

It could be argued that the biases discussed here may be
only relevant to retrospective TND studies that rely on routinely
collected health data (ie, data collected without predetermined
research questions53). For example, some TND studies using
administrative data sources may have included asymptomatic
individuals simply because of a lack of information on reasons
for testing, as acknowledged by some authors.14,15 However,
it should be noted that some retrospective TND studies of
COVID-19 VE intentionally included asymptomatic individuals to
estimate VE against infection, even when data on symptoms were
available.10-12,16,17 In fact, some prospective TND studies (ie, those
collecting primary research data) conducted during the COVID-19
pandemic also included individuals regardless of symptoms.18-20
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Figure 3. Bias in odds ratio (OR) estimates for symptomatic COVID-19 (ORCOVID) and SARS-CoV-2 infection (ORinfect) relative to their respective target
parameters (RRCOVID and RRinfect) after simultaneously varying the strength of 2 selected parameters (assuming perfect SARS-CoV-2 diagnostic tests).
Abbreviations: H, Health and healthcare-seeking behaviors; I = 2, SARS-CoV-2 infection status; NAATs, nucleic acid amplification tests; OR, odds ratio;
RR, risk ratio; T, SARS-CoV-2 diagnostic tests; TND, test-negative design; V, COVID-19 vaccination status. Notes: Bias of the OR = (exp(mean(measured
log[OR])) – (true RR).

That said, the potential for inclusion of asymptomatic individuals
may be influenced not only by the data source but also by the
testing practices in the specific context or time frame in which
the study is conducted.

The changing landscape of COVID-19 testing practices
throughout the pandemic further highlights the need for proper
attention to context in TND studies. At the onset of the COVID-
19 pandemic, testing was primarily NAAT-based and focused on
symptomatic individuals.40 However, as the pandemic progressed,
testing guidelines were modified to support mass testing of
asymptomatic individuals as a tool for pandemic containment.40

Any TND study conducted under these circumstances, whether
prospective or retrospective, would be at risk of the bias described
here if a clinical definition was not included in the study’s
eligibility criteria. Thus, we believe that the issues discussed here

are relevant not only to TND studies using routinely collected
health and administrative data but also to all studies conducted
in settings where the rationale for testing extends beyond purely
clinical reasons. Table 5 provides a list of suggested strategies to
minimize bias in TND studies conducted in such scenarios.

It is worth noting that there may be some specific circum-
stances in which the magnitude of the biases discussed here could
be attenuated by other features of the study design, particularly
those that allow for the selection of a population with comparable
HSBs. For example, TND studies focusing on booster effectiveness
may be less susceptible to HSBs-related bias because subjects in
these studies typically have completed a primary immunization
schedule and are therefore expected to have more similar HSBs.21

Likewise, some might argue that hospital-based TND studies
are likely to include individuals with more homogeneous HSBs
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Figure 4. Bias in odds ratio (OR) estimates for symptomatic COVID-19 (ORCOVID) and SARS-CoV-2 infection (ORinfect) relative to their respective target
parameters (RRCOVID and RRinfect) after varying the strength of selected parameters (assuming symptomatic individuals are tested exclusively with
NAATs and asymptomatic individuals are tested exclusively with antigen tests). Abbreviations: C, Confounders; H, Health and healthcare-seeking
behaviors; I, Infection status; I = 2, SARS-CoV-2 infection status; NAATs, nucleic acid amplification tests; OR, odds ratio; RR, risk ratio; S, COVID-19-like
symptoms; T, SARS-CoV-2 diagnostic tests; TND, test-negative design; V, COVID-19 vaccination status. Notes: Bias of the OR = (exp(mean(measured
log[OR])) – (true RR).

because only those evaluated in clinical settings are eligible.
However, as discussed elsewhere,7 it may be unrealistic to assume
that all hospitalized individuals have the same levels of HSBs.
In addition, it should be noted that not all SARS-CoV-2 tests
performed in hospitals under pandemic conditions were triggered

by COVID-19-like symptoms; for example, some institutions
mandated universal screening on admission.41,42 Consequently,
hospital-based TND studies that include all individuals tested
regardless of the reason for testing13,55 would be expected to have
biases similar to those discussed here.

Table 5. Suggested strategies for minimizing bias in TND studies conducted during infectious disease outbreaks.

• Researchers planning to assess vaccine effectiveness (VE) using the test-negative design (TND) should prioritize the validated—classical—form
of this design and therefore must establish common eligibility criteria, including a clinical definition, for both test-positive cases and
test-negative controls.

• To effectively implement the validated—classical—form of TND, investigators should collect comprehensive symptoms data prior to testing,
including their type and time of onset, as well as data on other reasons for testing. This detailed information may allow investigators to apply
tailored eligibility criteria, thereby facilitating comparability of cases and controls in terms of health and healthcare-seeking behaviors (HSBs).

• Because differences in the clinical presentation of vaccine-preventable infectious diseases may affect an individual’s HSBs, researchers are
advised not to pool data from inpatient and outpatient settings when using the TND.6 This step is important to maintain comparability
between cases and controls with respect to HSBs.

• When TND studies rely on routinely collected health and administrative data, investigators should attempt to obtain information on
symptoms before testing (eg, at admission for inpatient-based TND studies). If symptom information is not available, investigators may use
alternative sources to define clinical eligibility criteria. For example, they may use hospital admission diagnoses as coded by the WHO
International Classification of Diseases.

• Investigators should select the most sensitive and specific tests available (eg, NAATs for COVID-19) to minimize the potential for differential
misclassification of outcomes in TND studies. In addition, researchers should consider the potential variation in diagnostic performance due to
factors such as the timing of symptom onset. For example, to reduce misclassification errors, especially for infections where viral load peaks
near the end of the incubation period, it may be advisable to prioritize testing near the time of symptom onset.54

• Given the many potential biases associated with the use of the TND to assess VE against infection, we recommend against using this design for
this particular outcome.
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Figure 5. Bias in odds ratio (OR) estimates for symptomatic COVID-19 (ORCOVID) and SARS-CoV-2 infection (ORinfect) relative to their respective target
parameters (RRCOVID and RRinfect) after simultaneously varying the strength of 2 selected parameters (assuming symptomatic individuals are tested
exclusively with NAATs and asymptomatic individuals are tested exclusively with antigen tests). Abbreviations: H, Health and healthcare-seeking
behaviors; I = 2: SARS-CoV-2 infection status; NAATs, nucleic acid amplification tests; OR, odds ratio; RR, risk ratio; T, SARS-CoV-2 diagnostic tests;
TND, test-negative design; V, COVID-19 vaccination status. Notes: Bias of the OR = (exp(mean(measured log[OR])) – (true RR).

This study has numerous strengths but also carries limitations.
Among the strengths, our simulation study was illustrated by
DAGs, which helps to clarify the potential sources of bias. In
addition, while this article focuses on the COVID-19 setting, the
issues discussed here are also relevant to TND studies using the
alternative approach in the context of other infectious diseases.
This may be particularly true in scenarios of widespread testing,
such as during epidemics or pandemics, where testing protocols
and preferences are influenced by clinical and public health
considerations, or in situations where self-testing for various
infections is available.

In terms of limitations, the strength of the relationships
depicted in the DAG may vary. For example, the path between
vaccination and testing (V → T) may be weak in some contexts.

Nevertheless, collider bias could still occur through these nodes
because unobservable factors, including HSBs, could confound
the association between V and T. Another limitation lies in the
values assigned to the parameters in our simulations. Although
we relied on existing literature, these values are still estimates.
However, varying these parameter values supported our theory-
based hypothesis that relevant biases may occur in some settings.
Finally, our study focused on specific issues related to the
inclusion of asymptomatic individuals in TND studies. However,
we did not assess additional complexities, such as the possibility
of differential measurement error in exposure, outcome, or
covariate status based on testing rationale, or the nuances in
data quality and challenges specific to their respective sources,
such as clinical vs other settings.21
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Conclusions
In conclusion, the inclusion of asymptomatic individuals in
TND studies of COVID-19 VE may lead to collider stratifica-
tion bias, uncontrolled confounding by HSBs, and differential
misclassification of the outcome relative to exposure status.
Researchers designing or applying the TND for VE estimation need
to be aware of these potential biases. Further research is needed
to identify additional design or analytic strategies to control for
biases related to HSBs that may improve the validity and utility
of the TND for estimating VE against infection.
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