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Collider bias is the distortion of the observed association between an 
exposure and an outcome that occurs when analysis conditions (by 
design or adjustment) on a variable that is a common effect of the 
exposure and outcome, or their causes, thereby opening a noncausal 
pathway that induces a spurious association or alters effect estimates. 
This review explains the mechanism, distinguishes collider bias from 
confounding and broader selection bias, and illustrates its impact in 
infectious disease research, particularly in the context of COVID-19, 
HIV, tuberculosis (TB), and malaria. During the COVID-19 pandemic, for 
example, studies restricted to hospitalised patients suggested smoking 
might protect against severe disease, an artefact later understood 
as collider bias. Similar issues have emerged in HIV and TB research, 
where restricting analyses to patients in care or clinical trials created 
misleading associations, and in malaria studies, where hospital-based 
sampling distorted genetic findings. We conducted a structured narrative 
review of the literature published in the past decade, identifying 
methodological and applied papers that described collider bias in 
infectious disease contexts. Key findings show that collider bias can 
produce false protective effects, reverse expected associations, and 
either exaggerate or attenuate true effects. Practical solutions include 
the use of directed acyclic graphs (DAGs) to identify colliders, application 
of inverse probability weighting, sensitivity analyses, and reweighting 
with external population data. The broader implications extend beyond 
methodology: collider bias can shape public perception, misinform 
clinical practice, and obscure health disparities. Recognising and 
addressing collider bias is therefore essential for generating accurate, 
equitable, and actionable evidence in infectious disease research.

Keywords: Collider Bias, Infectious Diseases, HIV/TB; COVID-19, 
Epidemiology, Causal Inference
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Introduction
Infectious disease research often relies on observational 
data collected under urgent and challenging conditions. 
While these studies provide invaluable insights, they are 
also prone to subtle biases that can distort findings. One 
such bias, collider bias, has gained increasing recognition 
in epidemiology over the past decade. Collider bias occurs 
when an exposure and outcome (or factors that cause 
these) each influence a common downstream variable, 
and that variable is controlled by design (e.g., restriction, 
selection) or through statistical adjustment, which creates 
a noncausal pathway and induces a spurious association. 
This creates associations that do not exist in the population 
and can lead to incorrect conclusions.1,2

In the context of infectious diseases, collider bias frequently 
arises in hospital- or clinic- based studies, where inclusion is 
inherently tied to factors such as hospitalization, diagnostic 
testing, or survival outcomes. For example, early in the 
COVID-19 pandemic, analyses restricted to hospitalised 
patients suggested that smoking might be protective against 
severe COVID-19.3 This was later explained as an artefact 
of collider bias, since both smoking status and severity 
of disease influenced the likelihood of hospitalization.4 

Restricting analyses to hospitalised patients effectively 
“opened a backdoor” correlation between smoking 
and disease outcomes that did not exist in the general 
population. A schematic illustration of this collider structure 
is presented in Figure 1.

Both smoking status and the severity of COVID-19 influence 
whether a person is hospitalised. When researchers 
include only hospitalised patients in their analysis, they are 
effectively conditioning on a variable, hospitalization, that 
is affected by both factors. This conditioning creates what is 
known as collider bias. In this situation, hospitalisation acts 
as a “collider” because it is an outcome of both smoking and 
disease severity. Analysing only those who are hospitalised, 
we unintentionally introduce a statistical link between 
smoking and severity, even if no causal relationship exists 
in the general population. As a result, smoking may appear 
to protect against severe COVID-19, not because it truly 
does, but because smokers with mild disease are under-
represented among non-hospitalised individuals, distorting 
the observed relationship.

Critically, individuals who experienced mild or asymptomatic 
COVID-19 and never presented for hospital care are entirely 
absent from such analyses. Because this non-hospitalised 
group is disproportionately composed of non-smokers with 
mild disease, their systematic exclusion compounds the 
collider effect and further amplifies the spurious protective 
association between smoking and severe disease - a form 
of selection bias formally described by Westreich,5 and 
Hernan et al.6

Similar issues have long been present in other areas 
of infectious disease epidemiology. In HIV research, 
conditioning on clinic-based samples can make behavioural 
factors appear associated with treatment outcomes when 
they may reflect who presents for care.7 In tuberculosis 
(TB), collider bias can occur when both HIV status and 
genetic susceptibility influence who progresses from latent 
infection to active disease and is subsequently enrolled in 
treatment trials.8,9 Because participation in such trials is 
limited to individuals with active TB, this selection process 
conditions the analysis on a variable, trial enrolment, 
that depends on both HIV status and host genetics. As a 
result, HIV status and genetic susceptibility, which may 
be unrelated in the general population, appear correlated 
within the selected trial group. This induced association 
can distort estimates of treatment response or disease 
progression, giving the false impression that certain genetic 
profiles modify the effect of HIV on TB outcomes when, in 
reality, the relationship is created by conditioning on who 
was eligible for the study. In malaria, restricting analysis 
to diagnosed cases seen in hospitals may create spurious 
links between resistance genes and socioeconomic status, 
even if no such relationship exists in the wider community.5

These examples highlight the importance of carefully 
considering colliders when designing, analysing, and 
interpreting studies. Directed acyclic graphs (DAGs) are a 

Figure 1.Illustration of Collider Bias in the Association 
Between Smoking and COVID-19 Severity 
Source: Adapted from Holmberg & Andersen1
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powerful tool for visualising these structures. In a DAG, a 
collider is represented as a node with at least two arrows 
pointing into it. Conditioning on the collider opens a 
pathway that connects variables that were otherwise 
independent.9,10 This graphical approach facilitates the 
identification of potential sources of collider bias prior to 
conducting an analysis.

The consequences of collider bias are not trivial. Misleading 
associations can shape clinical guidance, influence public 
health messaging, and even alter policy decisions. The 
so-called “obesity paradox,” where obesity appeared to 
protect against worse infectious disease outcomes, has been 
partly attributed to collider bias in hospitalised samples.11 
Similarly, the smoking-COVID narrative gained traction early 
in the pandemic, despite being based on flawed evidence.4 

In both cases, the risk of public misunderstanding and 
policy misdirection was substantial.

To move forward, infectious disease research must 
incorporate strategies to avoid or address collider bias. 
These include resisting the reflex to adjust for every available 
variable, using DAGs to identify colliders, and applying 
corrective methods like inverse probability weighting or 
sensitivity analyses when conditioning is unavoidable.12 
External population data can also be used to reweight 
hospital-based samples, improving representativeness.13 

Transparency in reporting, as recommended in guidelines 
like STROBE, ensures that readers can assess the potential 
for collider bias in published studies.14

Infectious disease epidemiology is especially vulnerable to 
collider bias because it is particularly susceptible to this 
bias due to the numerous studies conducted in urgent 
clinical settings, where rapid answers are required. As 
the COVID-19 experience has shown, the consequences 
of overlooking collider bias can be profound. This review 
examines how collider bias emerges in infectious disease 
research, its implications for inference, and strategies for 
mitigating its effects. Bringing these issues to the forefront 
aims to strengthen the reliability of future research in 
global health.

Methods
We conducted a structured narrative review to summarise 
how collider bias has been described and addressed in 
infectious disease research.

•	 Search strategy: PubMed, a popular database for 
medical science researchers was searched for peer-
reviewed articles containing the phrase “collider bias” 
in the title or abstract, limited to publications from 
January 2014 to June 2024. Searches were restricted 

to human studies published in the English language. 
To ensure completeness, we manually reviewed 
the reference lists of included papers and relevant 
methodological reviews.

•	 Inclusion and exclusion criteria: Studies were included 
if they (i) explicitly discussed collider bias, (ii) related to 
infectious disease research or employed methods appli-
cable to infectious disease contexts, and (iii) provided 
empirical examples or methodological insights. We 
excluded (i) studies unrelated to infectious diseases, (ii) 
papers that mentioned collider bias only tangentially, 
and (iii) unreviewed conference abstracts or preprints.

•	 Screening and data extraction: Two reviewers inde-
pendently screened titles and abstracts, followed by 
full-text review of eligible studies. Data were extracted 
using a structured form that captured the study design 
(theoretical, methodological, or applied), disease con-
text (COVID-19, HIV, TB, malaria, or others), examples 
of collider bias, and mitigation strategies. Discrepancies 
were resolved through discussion.

•	 Synthesis: Given the conceptual and methodological 
heterogeneity among studies, findings were synthesised 
thematically rather than quantitatively. The review 
followed PRISMA guidelines, where applicable, to 
reviews, ensuring transparency in the search, selection, 
and synthesis processes.

Results
Our review yielded 56 articles with “Collider Bias” in the 
title over the past decade. After applying the eligibility 
criteria, 12 articles including methodological papers, and 
applied contagious disease studies, as reported in the 
Table 1.

Contexts of Collider Bias
COVID-19 dominated the applied literature. Several studies 
described paradoxical findings, such as smoking or obesity 
appearing protective against severe COVID outcomes.3,4,15–17 
These paradoxes were linked to collider bias caused by 
conditioning on hospitalisation or diagnostic testing.3,15

In HIV research, collider bias often appeared when analyses 
were restricted to patients already in care or clinical 
trials. This conditioning created misleading associations 
between behavioural risk factors and outcomes.7 TB studies 
highlighted how HIV status and genetic susceptibility 
both affected progression to active TB, biasing studies 
of enrolled cohorts.8 In malaria, hospital-based genetic 
studies produced spurious associations between resistance 
genes and socioeconomic status due to conditioning on 
diagnosed cases.18
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Author (Year) Disease Context Collider Bias Mechanism 

Tattan-Birch H et al., 
(2021)[3]

COVID-19, 
Smoking

People who cough are more likely to get tested for COVID-19, and since 
both smoking and COVID-19 can cause coughing, smokers may get tested 

even when they don’t have the virus. Because only tested people are 
included, smokers appear more often among those who test negative, 

falsely suggesting that smoking protects against COVID-19.

Taheri Soodejani et 
al. (2023)[15] Covid-19

Because both vaccination status and factors like age and comorbidities 
influence who gets hospitalized, studying only hospitalized patients 

creates collider bias. This can hide the true protective effect of vaccination 
on death, making it appear weaker or absent unless key factors like age 

and underlying diseases are properly adjusted for

Lee et al. (2022)[19] Sepsis

In sepsis research, studying only hospitalized or ICU patients can 
introduce collider bias because both the exposure (e.g., a risk factor 
or treatment) and the outcome (such as severity or death) influence 
whether a patient is included in the sample. As a result, restricting 

analyses to these selected patients can create misleading associations 
that may hide or even reverse the true effect seen in the broader 

population.

Leite et al. (2020)
[20] Periodontitis

When studies include only specific groups (e.g., those who attend dental 
clinics or remain in long-term follow-up), because both the exposure 

(such as risk factors or behaviors) and the outcome (oral health status) 
influence who is included in the sample. As a result, this selection process 

can distort associations, sometimes creating or masking relationships, 
especially in longitudinal studies where loss to follow-up or selective 

participation acts as a collider. 

Griffith et al. (2020)
[4] COVID-19

Many COVID-19 studies use non-representative samples (such as only 
tested, hospitalized, or volunteer participants), where both risk factors 

and disease outcomes influence who gets included, creating collider 
bias. This selection process can distort or even create false associations 

between risk factors and COVID-19 outcomes, meaning observed 
relationships in the sample may not reflect the true relationships in the 

general population

Watson et al. (2019)
[18] Malaria

The study shows that an apparent protective effect of G6PD deficiency 
against cerebral malaria is actually due to collider bias created by how 
cases were defined and selected. By excluding patients who had both 
severe malarial anaemia and cerebral malaria, the analysis artificially 

induced a negative association, making G6PD deficiency seem protective 
even though this effect can be fully explained by selection bias rather 

than a true causal relationship

Frickmann et al. 
(2024)[21]

Infectious GI 
disorder

In this study, collider bias was explored by examining how multiple 
microorganisms contribute to the same condition (chronic gastroenteric 

disorder), where the disease itself acts as a collider influenced by different 
pathogens. The results showed that negative associations (expected 

under collider bias) were rare, and instead many pathogens co-occurred, 
suggesting that the disease is driven by complex interactions of multiple 

microbes rather than a single causal pathogen, making simple causal 
conclusions difficult

Table 1.Collider Bias in Infectious Disease Research as reported in the PubMed indexed articles during past 
decade
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Learoyd et al. (2023)
[16] COVID-19

The study shows that analyzing only hospitalized COVID-19 patients 
can introduce collider bias because hospitalization is influenced by 

both ethnicity (exposure) and disease severity or mortality (outcome), 
creating artificial associations between them. As a result, observed ethnic 
differences in outcomes may be distorted, and adjusting for this selection 

bias can reduce or change these apparent disparities, giving a more 
accurate estimate of the true relationship

Herbert et al. (2020)
[17] COVID-19

The article explains that collider bias occurs when researchers focus on 
a selected group (such as hospitalized patients) where two unrelated 
conditions both influence inclusion in the sample. This selection can 

create a false association between those conditions, making them appear 
related in the selected group even though no real relationship exists in 

the general population. 

Learoyd et al. (2024)
[14] COVID-19

The study explains that many COVID-19 analyses focus only on 
hospitalized (severe) patients, where both the exposure (e.g., ethnicity or 
other risk factors) and the outcome (death) influence hospital admission, 
creating collider bias. This selection can produce misleading associations, 

such as apparently lower risk in some groups, which can be corrected 
using methods like inverse probability weighting with external data to 

better reflect the true population relationships. 

Zhang et al. (2025)
[22]

COVID-19, Air 
pollution

In the context of that study, air pollution is treated as an exposure that 
may affect COVID-19 outcomes (such as severity or death), but analyses 

restricted to hospitalized patients can introduce collider bias because 
both air pollution exposure and disease severity influence hospitalization. 

As a result, the relationship between air pollution and outcomes may 
appear weaker, stronger, or even reversed unless the selection bias is 

properly adjusted for.

Raittio (2021)[23] Cardiovascular/ 
Oral infections

Factors like patient characteristics or risk factors (exposures) and 
treatment outcomes (outcomes) can both influence whether a tooth with 
oral infection is included in a study (e.g., only treated cases), so restricting 

analysis to these infected/treated cases can introduce collider bias and 
distort the true relationships.

Study design and Collider Bias
Holmberg and Andersen (2022) described how collider bias 
can occur in both observational studies and randomized 
clinical trials.1 In clinical trials, they highlighted that 
differential loss to follow-up may act as a collider when 
both the intervention and outcome influence who remains 
in the study, potentially creating false associations. In 
observational studies, it has been explained that restricting 
analyses to individuals with a particular condition, such 
as COVID-19, can similarly induce spurious relationships 
between exposure and outcome.15 Nevertheless, collider 
bias can occur in any study design. 

Consequences of Collider Bias

Three key consequences were consistently reported: (i) 
spurious protective or harmful associations, (ii) reversal 
of expected relationships (e.g., the obesity paradox), and 
(iii) exaggeration or attenuation of true effects. These 

consequences were observed in vaccine effectiveness 
studies using test-negative designs, where conditioning 
on testing resulted in biased estimates.22,24

Restriction to control confounding as a source of 
collider bias

Restrictions intended to reduce confounding (e.g., limiting 
analyses to  hospitalized cases or test-positive individuals) 
can inadvertently condition on colliders and induce bias, 
potentially altering or even reversing exposure-outcome 
associations.1,4 In COVID-19 research, case- or hospital-
based designs often make exposures like smoking or obesity 
appear protective because hospitalization or testing status 
functions as a collider between exposure and outcome 
determinants.4 Directed acyclic graphs (DAGs) are critical 
for distinguishing true confounders from colliders before 
applying restrictions or adjustments, as conditioning 
on colliders opens noncausal pathways.1,10 When such 
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restrictions are unavoidable, inverse probability weighting, 
reweighting, or sensitivity analyses can help mitigate, but 
not fully eliminate, the induced bias. Analogous bias can 
arise in randomized trials when analyses are restricted to 
participants retained in follow-up, since retention itself 
may become a post-randomization collider.1,12

Mitigation Strategies

Mitigation strategies emphasised prevention and correction. 
DAGs were widely recommended for identifying colliders 
during study design.9,10 Inverse probability weighting and 
sensitivity analyses were applied when conditioning could 
not be avoided.12,13 Population-based data were used 
to correct biases in hospital cohorts.14,15 Transparency 
in reporting conditioning and selection processes was 
consistently emphasised.14,17

Discussion
Collider bias is not a rare technical nuisance but a significant 
threat to the validity of infectious disease research. 
This review highlights how easily collider bias can arise, 
particularly in hospital-based studies, test-negative 
designs, and genetic epidemiology. Its consequences, false 
associations, paradoxical findings, and distorted effect sizes 
pose risks not only to science but also to clinical practice 
and policy.

The COVID-19 pandemic exposed how collider bias can 
distort evidence and influence public perception.17 Early 
findings suggesting that smoking protected against severe 
COVID-19 were later disproven as artefacts of conditioning 
on hospitalization, yet the narrative persisted. Similar 
issues have arisen in HIV, TB, and malaria studies, where 
analyses limited to clinical or diagnostic cohorts created 
spurious associations that misinformed treatment and 
prevention strategies.

The path forward involves shifting from a culture of 
automatic adjustment to one of careful causal reasoning. 
More adjustment is not always better; in fact, adjusting 
for colliders can make estimates worse. DAGs and causal 
inference principles should become standard tools in 
infectious disease research training. Embedding these 
frameworks into curricula will equip future researchers 
more effectively to recognise and avoid collider bias.

Practical mitigation also requires methodological tools. 
Inverse probability weighting, external reweighting 
with population data, and sensitivity analyses are all 
promising strategies. Simulations can also be used to 
estimate the potential magnitude of collider bias under 
plausible scenarios, offering transparency to readers and 
policymakers.

Addressing collider bias requires strategies applied at two 
stages: prevention during study design and mitigation 

during analysis. At the design stage, the most powerful 
tool is the use of directed acyclic graphs (DAGs) to map 
the causal relationships among all relevant variables 
before data collection begins, enabling researchers to 
identify colliders and decide whether conditioning on 
them is necessary.10,25 Wherever possible, researchers 
should prefer population-based or randomly sampled 
study designs over hospital- or clinic-restricted samples, 
since such sampling eliminates the selection mechanism 
that creates colliders.5 When conditioning on a collider 
is unavoidable by design (for example, in clinical trials or 
hospital cohorts), several analytical remedies exist. Inverse 
probability weighting (IPW) re-weights individuals in the 
selected sample by the inverse of their probability of 
selection, effectively reconstructing a sample representative 
of the target population.12 External reweighting using 
population registers or surveillance data achieves the 
same goal by anchoring the hospital sample to known 
population distributions, as demonstrated by Learoyd 
et al. in a COVID-19 cohort.16 Negative control analyses, 
including negative control exposures and outcomes, can 
reveal the presence of bias by detecting associations that 
should not exist under a correctly specified causal model.24

There are also broader implications. Collider bias intersects 
with equity: who gets hospitalised, tested, or included 
in studies is shaped by structural determinants such as 
socioeconomic status and race. Raittio et al., highlight 
collider bias in oral-systemic disease studies, where 
selection into clinical cohorts distorts exposure-outcome 
relationships influenced by social factors, mirroring 
patterns in infectious disease epidemiology.[9] If collider 
bias interacts with these factors, health disparities can be 
exaggerated or obscured, leading to misinformed policy. 
Recognising collider bias as not only a methodological 
issue but also an ethical concern is critical for public health.

Finally, interdisciplinary collaboration is vital. Infectious 
disease research increasingly depends on large datasets and 
rapid analyses. Statisticians, epidemiologists, clinicians, and 
data scientists must work together to anticipate, detect, 
and address collider bias. Only through such collaboration 
can we ensure that methodological warnings are translated 
into real improvements in applied research.

In summary, collider bias is a central challenge in infectious 
disease epidemiology. Learning from the lessons of COVID-19 
and integrating causal inference frameworks into research 
culture can help the field move toward more reliable, 
equitable, and actionable evidence. Addressing collider 
bias by use of DAGs, careful avoidance of conditioning on 
colliders, inverse probability weighting, sensitivity analyses, 
use of population-based or representative data, appropriate 
adjustment for confounders, transparency in reporting 
selection and conditioning processes is not just a technical 
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refinement; it is essential to safeguarding the accuracy and 
trustworthiness of infectious disease science.
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