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ABSTRACT

Systematic error, often referred to as bias is an inherent challenge in
observational cardiovascular research, and has the potential to pro-
foundly influence the design, conduct, and interpretation of study re-
sults. If not carefully considered and managed, bias can lead to
spurious results, which can misinform clinical practice or public health
initiatives and compromise patient outcomes. This methodological
primer offers a concise introduction to identifying, evaluating, and
mitigating bias in observational cardiovascular research studies that
examine the causal association between an exposure (or treatment)
and an outcome. Using high-profile examples from the cardiovascular
literature, this review provides a theoretical overview of 3 main types
of bias—selection bias, information bias, and confounding—and dis-
cusses the implications of specialized types of biases commonly
encountered in longitudinal cardiovascular research studies, namely,
competing risks, immortal time bias, and confounding by indication.
Furthermore, strategies and tools that can be used to minimize and
assess the influence of bias are highlighted, with a specific focus on
using the target trial framework, directed acyclic graphs, quantitative
bias analysis, and formal risk of bias assessments. This review aims to
assist researchers and health care professionals in designing obser-
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RESUME

L'erreur systématique, souvent définie comme un biais, est un
probléme inhérent dans la recherche cardiovasculaire observationnelle
et a la capacité de profondément influer sur la conception et I'ex-
écution des études ainsi que sur l'interprétation de leurs résultats. S'il
n’est pas soigneusement considéré et traité, ce biais peut entrainer
des résultats erronés, qui peuvent mal orienter la pratique clinique ou
les initiatives de santé publique et ainsi compromettre les issues pour
les patients. Cet abécédaire méthodologique propose une bréve
introduction a la détection, a I'évaluation et a I'atténuation de ce biais
dans les études en recherche cardiovasculaire observationnelle qui
examinent le lien de causalité entre une exposition (ou un traitement)
et un résultat. Utilisant des exemples notoires tirés de la littérature
cardiovasculaire, cette revue propose un apercu théorique de trois
principaux types de biais — les biais de sélection, les biais de classe-
ment et les biais de confusion — et discute des implications de types
de biais spécialisés fréquemment rencontrés dans des études en
recherche cardiovasculaire longitudinales, soit les risques concurrents,
le biais de temps immortel et le biais de confusion par indication. De
plus, les stratégies et les outils qui peuvent servir a réduire au mini-
mum et a évaluer l'influence des biais y sont mis en évidence, avec un

“The findings of this study might be subject to [insert name of
bias here]...”—a routine placeholder statement made in
almost all scientific articles. Although sources of bias are
frequently acknowledged as a potential limitation in health
research, the implications that bias might have on study results
are often ignored, poorly explained, and rarely quantified,
which can lead to spurious or misleading conclusions.’ Bias
can be introduced into various study designs, occur at any
stage of the research process, and diminish the validity of the

0828-282X/© 2024 The Authors. Published by Elsevier Inc. on behalf of the Canadian Cardiovascular Society. This is an open access article under the CC BY-NC-

ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://doi.org/10.1016/j.cjca.2024.12.022
https://doi.org/10.1016/j.cjca.2024.12.022
mailto:nicholas.j.grubic@gmail.com
https://twitter.com/Grubic
https://twitter.com/Johnston
https://twitter.com/Randhawa
https://twitter.com/Rosella
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cjca.2024.12.022&domain=pdf
https://doi.org/10.1016/j.cjca.2024.12.022
http://creativecommons.org/licenses/by-nc-nd/4.0/

Grubic et al.
Breaking Down Bias in Cardiovascular Research

vational studies and selecting appropriate methodologies to reduce
bias, ultimately enhancing the estimation of causal associations in
cardiovascular research.

results. These errors are often complex, subtle, and difficult to
detect, which complicates interpretation, drstorts scientific
reasoning, and muddles knowledge dissemination.”

Cardiovascular research serves as the foundation for iden-
tifying risk factors, developing preventative measures, and
improving treatments for cardiovascular disease (CVD).
However, the introduction or failure to address bias in car-
diovascular research studies can lead to spurious conclusions,
which might result in the implementation of ineffective in-
terventions, reduced generalizability across diverse patient
populations, and misleading information that undermines
clinical decision-making. To evaluate and reduce bias in car-
diovascular research, it is essential for health care professionals
and scientists to understand the theoretical basis of common
biases and become familiar with strategies that can be used to
limit their effects on study findings.

The main objectives of this methodological primer are to:
(1) describe common types of bias encountered in observa-
tional epidemiologic studies within cardiovascular research;
and (2) highlight strategies to minimize and detect bias in
these studies, including methods for improving study design,
data collection, analysis, and interpretation of results. This
review is focused on bias in etiologic studies with causal goals,
which primarily aim to quantify a causal association of > 1
exposure (or treatment) on an outcome, expressed using a
measure of association, such as the odds ratio, relative risk
(RR), hazard ratio, or risk difference.” Interested readers
should consult other resources to learn more about bias in
prediction studies”® and clinical trials.”*

This article also uses causal language consistent with
contemporary perspectrves on drawing causal inferences from
observational studies,””'” which assert that randomization alone
should not be the sole criterion for determining whether causal
conclusions can be drawn from a study. Indeed, observational
studies are often conducted with causal aims, and authors
should not be dissuaded from making this explicit in their
work. However, interpreting observational findings as “cau-
sal’ —though not impossible—requires researchers to make
assumptions that cannot be directly tested.” As such, assess-
ments about whether such an interpretation is feasible require:
(1) subjective judgements that are grounded on background
knowledge and research context; (2) insights informed from
analyses carried out on different data sources and with different
assumptions (ie, triangulation); and (3) careful consideration of
the study’s design, conduct, and statistical approaches
(including the results of sensitivity analyses).”"’

Bias and Error
According to A Dictionary of Epidemiology, bias is defined
as “an error in the conception and design of a study — or in
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accent particulier sur le cadre de I'essai ciblé, les graphes acycliques
orientés, I'analyse quantitative des biais et les évaluations formelles
des risques de biais. Cette revue vise a aider les chercheurs et les
professionnels de la santé a concevoir des études observationnelles et
a choisir les bonnes méthodologies pour réduire les biais et, ultime-
ment, améliorer I'estimation des liens de causalité dans la recherche
cardiovasculaire.

the collection, analysis, interpretation, reporting, publication,
or review of data — leading to results or conclusions that are
systematrcally (as opposed to randomly) different from the
truth.”"" Tt is important to drstmgursh systematic error, which
is introduced by bias and relates to inaccuracy, from random
error, which occurs by randomness or chance (due to sam-
pling) and relates to imprecision.'” To illustrate this distinc-
tion, consider a scenario in which a clinician is measuring a
patient’s systolic blood pressure (SBP) with a sphygmoma-
nometer to obtain an accurate reading. Random error in SBP
measurements can occur by chance if the patient makes slight
movements or because of transient changes in the surrounding
environment (eg, temperature fluctuations, background
noises) Although each measurement might not exactly reflect
their “true” SBP, calculating the average over a large number
of repeated measurements could lead to an accurate readmg
However, if the number of repeated measurements is small,
the average of these measurements might still differ substan-
tially from their true SBP measure.

In comparison, systematic error in SBP measurements can
occur because of a poorly calibrated device or the use of an
incorrect cuff size, resulting in consistently underestimated or
overestimated measurements. An important distinction be-
tween systematic error and random error is that, with sys:
tematic error, the direction of the error is often predictable.'”
For instance, using a regular-sized blood pressure cuff on an
individual who requires a small cuff has been shown to un-
derestimate SBP measurements.'* Since each measurement
would be underestimated, the average of any number of
repeated measurements would deviate from the patient’s true
SBP."”

In every study, some degree of systematic and random
error is inevitable. However, because systematic errors might
lead to erroneous conclusions, preventing or minimizing them
through robust design strategies and analytical methods is a
focal point of scientific inquiry. The previous example dem-
onstrates how bias can arise from measurement error; how-
ever, bias can also be introduced through selection, response,
and other factors.

Classification of Bias

Systematic error can be classified into 3 main types: se-
lection bias, information bias, and confounding. This section
provides a brief theoretical overview of each type of bias and
illustrates their potential effect on study findings if left un-
addressed, using prominent examples from the cardiovascular
literature. A detailed introduction to specific types of selection
bias, information bias, and confounding can »be found in
online resources, such as the Catalogue of Bias,"” as well as in
other comprehensive articles.'*"®
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Selection bias

Selection bias, one of the most conceptually complex biases
in epidemiology, has been the subject of considerable debate
and definitional ambiguity.'””" This complexity stems from
the fact that selection bias can occur at study entry and exit,
follow various structural mechanisms, and affect different as-
pects of validity in observational studies.'” " A clear grasp of
selection bias first requires familiarity with 5 key concepts
including the target population, study population, and ana-
lytic sample, as well as internal and external validity.”’

Populations, samples, and validity. A study’s target popu-
lation is the population to which the results of a study are
intended to be generalized. The study population (or study
sample) refers to the population that is included in a study. The
analytic sample is the subset of the study population that is
ultimately included in the analysis. For example, in a study on
the effectiveness of a cardiac rehabilitation program for adults
diagnosed with coronary artery disease (CAD), the target
population might include all adult Canadians with CAD, the
study population might consist of individuals with CAD from a
specific hospital or in a given cohort study, and the analytic
sample might include only those with complete data on key
study variables and who were not lost to follow-up.*”

Building on this framework, internal validity refers to how
similar the estimated association generated from the analytic
sample is to the true causal effect in the study population,
whereas external validity refers to how similar the true causal
effect in the study population is to the true causal effect in the
broader target population.”” External validity encompasses 2
main concepts: generalizability and transportzlbility.23 In brief,
generalizability is concerned with extending causal inferences
from the study population back to the target population (eg,
generalizing results from a specific region to an entire coun-
try), whereas transportability is concerned with extending
causal inferences to an external target population (eg, trans-
porting results from a region in Canada to a region in
Switzerland).”>”* Before assessing a study’s external validity,
researchers must first be reasonably confident that their study
is internally valid. The relationships between the target pop-
ulation, study population, and analytic sample in the context
of selection bias, as well as their implications on internal and
external validity, are illustrated in Figure 1.

Demystifying selection bias. Selection bias can occur when
the participants in a study population are not representative of
the target population.”” Tt can result from errors in selecting
participants either into the study (eg, recruitment) or out of
the study (eg, losses to follow-up). From an empirical stand-
point, selection bias is present when individuals in the target
population have different probabilities of being included in
the study population on the basis of their exposure and
outcome status (or factors that causally affect the exposure and
the outcome). This poses a threat to external validity.”"”> A
hypothetical situation in which unexposed individuals without
the outcome (ie, unexposed “healthy” controls in a case-
control study) have a lower probability of being selected
into the study population than other individuals, thus leading
to selection bias, is described in Figure 2. Selection bias in
longitudinal studies can also occur when factors that influence
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an individual’s retention in a study lead to differential attrition
on the basis of their exposure and outcome status. This poses a
threat to internal validity.”"** Selection bias in case-control
studies can also arise because of the challenges of defining
the study base and sampling the appropriate controls.””>** For
this reason, care must be taken to ensure that controls are
sampled from the same study base that gives rise to the cases
and selected independent of their exposure status.”

If selection bias is not prevented or addressed statistically, it
can lead to inaccurate estimates of association that differ sys-
tematically from what would be observed if the entire target
population were included in the study. Although out of scope
for this methodological primer, more elaborate structural defi-
nitions of the 2 primary subtypes of selection bias, namely,
collider stratification bias (type 1) and generalizability bias (;yge
2), have been formally described using causal diagrams.Z()’Zl’j()" 2

A widely recognized example of selection bias relates to the
reported  association between postmenopausal hormone
replacement therapy (HRT) and CAD risk. Although early
observational studies suggested a cardioprotective effect of
postmenopausal HRT in prevalent users compared with
nonusers, several subsequent placebo-controlled randomized
trials reached the opposite conclusion, which was E)articularly
evident during the first year after initiating HRT.”>** These
contradictory findings have been partially attributed to prev-
alent user selection bias. Specifically, in the observational
studies conducted, most prevalent users of HRT had passed
the window of increased short-term CAD risk and were in a
phase of decreased incidence, thereby undersampling HRT
users who would ultimately be diagnosed with CAD during
follow-up (ie, box A in Fig. 2).°* A subsequent reanalysis of
observational data that compared incident HRT users with
nonusers, thus mimicking a key element of previous trials (ie,
HRT therapy begins at randomization or “time-zero”),
showed an initial increase in risk of CAD for HRT users,
although no overall benefit over the entire follow-up period-
—the same pattern observed in the aforementioned ran-
domized trials.”” This finding confirmed that selection bias
had influenced the findings of earlier observational studies.’

The recruitment or inclusion of hospitalized patients—a
common design choice in cardiovascular research stud-
ies—can also lead to selection bias. This practice has become
more common because of the increasing availability of health
administrative data over the past few decades. A notable
example of selection bias arising from this recruitment strategy
is that of Canto et al.,”® which identified a counterintuitive
protective association (ie, RR < 1) between a higher number
of CVD risk factors and mortality among patients hospitalized
for an acute myocardial infarction (MI). In this study,
participant selection was different according to participants’
exposure and outcome status, because individuals with a
greater number of CVD risk factors (exposure) were more
likely to die (outcome) from an incident MI before hospital
admission, thereby preventing their inclusion in the analytic
sample. Indeed, these participants did not survive long enough
to be admitted to the hospital.”” In a follow-up investigation,
Banack et al.’”® used a methodological technique known as
inverse probability of censoring weights to address this type of
selection bias and showed that excluding individuals who died
before hospitalization for an acute cardiac event severely
attenuated the observed effect of CVD risk factors on
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mortality. Specifically, the RR of mortality for individuals
with 5 risk factors compared to those with no risk factors
(reference group) was 1.95 without accounting for this se-
lection bias and 4.23 after accounting for this bias—a 117%
percent change in RR!* As illustrated by Canto et al.’® and
others, selection bias might be so severe that it reverses the
direction of the effect estimate, creating a paradox in which
harmful exposures mistakenly appear protective, such as seen
in the “obesity paradox™” or “birth weight paradox.”*’

Information bias

Information bias occurs during the data collection phase of
a study when an exposure or outcome is imperfectly measured
or classified among individuals included in the analytic sam-
ple, thus affecting internal validity. In simple terms, infor-
mation bias is a mismeasurement that affects the primary
exposure-outcome association and often manifests in 2
forms on the basis of the type of variable that is mis-
measured.”** The inaccurate measurement of a continuous
exposure or outcome is corpmon'ly referred to as measurement
error.”” In comparison, misclassification refers to the system-
atic tendency for study participants to be erroneously placed
into different exposure or outcome categories.”” Other types
of information bias, such as ecological fallacz and regression to
the mean, have been described elsewhere.’

Misclassification can be categorized into 2 subtypes,
including nondifferential and differential misclassification.
These subtypes are summarized in Figure 3, with their effect
on an observed measure of association described using a
simplistic scenario of a binary exposure or outcome. Non-
differential misclassification occurs when the degree of
misclassification is the same across the study groups of inter-
est, for example, when exposure status is similarly misclassified
in cases and controls in a case-control study or when the ac-
curacy of outcome ascertainment is the same between exposed
and unexposed individuals in a cohort study. Nondifferential
misclassification typically leads to measures of association that
are biased toward the null, leading to a greater chance that real

associations will be missed (ie, a type II error or false negative).
In contrast, differential misclassification occurs when the de-
gree of misclassification differs across the study groups of in-
terest, which can lead to measures of associations that might
be biased either toward or away from the null.

Importantly, nondifferential misclassification might not
always lead to bias toward the null or, in other words, a
reduction in the strength of a measure of association.”* Spe-
cifically, it is important to recognize that this rule of thumb
should not be inferred for polytomous variables (> 2 levels)
and requires several conditions to be met (most of which
cannot be empirically verified), such as exact nondifferendalicy
and the presence of misclassification errors that are indepen-
dent of errors in other variables.”>%**® A detailed overview of
the conditions required to assume that nondifferential
misclassification produces bias toward the null has been
summarized by others.***®

In a case-control study, Oliveira et al."’” evaluated how
misclassification of self-reported body mass index (BMI) can
affect estimates of the association between BMI (when cate-
gorized as underweight or normal weight, overweight, and
obese) and the occurrence of acute MI. For example, when the
authors compared self-reported and objectively measured BMI
using a digital scale and wall stadiometer, on average, they re-
ported that cases more accurately reported measures of height
and weight compared with control participants, which resulted
in differential misclassification of BMI category according to
outcome status. As a result, the association between BMI and
acute MI was overestimated in certain age- and sex-specific
subgroups when self-reported data were used compared with
when objectively measured data were used, whereas in other
subgroups, the association was underestimated.

Although the measurement error of continuous BMI
appeared relatively small and potentially negligible when
compared between cases and control participants (eg, self-
reported BMI was overestimated by 0.23 for cases and 0.66
for control participants among men aged 45 years and
younger), it still introduced substantial bias into the associa-
tion of interest. Notably, the categorization of an inherently
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Figure 2. Selection bias due to the under-representation of individuals from a single exposure-outcome group. In this scenario, unexposed in-
dividuals without the outcome have a lower probability of being selected from the target population and into the study population (D = 30%)
compared with individuals from the other 3 exposure-outcome groups (A, B, and C = 50%). When the odds ratio (OR; ie, [A x D]/[B x C]) calculated
from the target population (OR = 1.5) is compared with that from the study population (OR = 0.9), this under-representation biases the measure of
association toward and beyond the null value of 1. This scenario often occurs in case-control studies, in which unexposed “healthy” controls might
be less likely to participate, especially in studies focused on the effect of unhealthy behaviours. This reluctance to participate might be attributed to
a lack of incentives or benefits, perceived relevance, and scheduling conflicts or time constraints. This scenario can also occur in longitudinal cohort
studies, where unexposed individuals might lose interest and drop out, which can affect the study’s internal validity.

continuous variable—a methodological faux pas that has
plagued the medical literature for decades—might have also
amplified this bias.”® Although common in everyday life (cg,
labelling temperatures as “hot” or “cold”) and clinical practice
(eg, classifying cholesterol levels as low, borderline, or
abnormal), translating this practice into analysis might lead to
spurious associations between exposures and outcomes, turn
nondifferential measurement errors into differential misclas-
sification, and/or result in loss of information and reduced
statistical power.”””" This “dichotomania” degrades rich
continuous measures to overly simplistic, binary conclu-
sions.”” Such dichotomous thinking has also promoted the
use of a P < 0.05 threshold to define statistically significant
and “important” associations, which can distort the interpre-
tation of meaningful results.’”

Confounding

Confounding occurs when the effect between an exposure
and outcome is distorted because of the influence of a third
variable (or group of variables), referred to as a confounder. Of
note, confounding is distinct from effect measure

modification (ie, the magnitude of the effect of an exposure on
an outcome differs according to strata of a third variable) and
interaction (ie, joint effects of 2 or more exposures on an
outcome), both of which should be reported if present and
not considered as biases.”

Confounding can be separated into 3 types according to
the direction of the distortion effect. Positive confounding is
defined as an overestimation of the main effect of interest due
to the influence of a confounder (ie, biased away from the
null). Negative confounding is defined as an underestimation
of the main effect of interest due to the influence of a
confounder (ie, biased toward the null). In its most extreme
form, qualitative confounding can occur if the confounding
effect results in an inversion of the direction of the main effect
of interest.”* Even if all apparently important confounders are
measured and controlled for in a study, confounding might
persist (residual confounding).11 Sources of residual con-
founding might include the presence of unmeasured con-
founders or analytical issues, such as the improper
classification or definition of measured confounders (eg,
adjusting for age using 2 categories, younger than 65 years and
65 years and older), confounder misclassification, or the use of
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Figure 3. Nondifferential and differential misclassification of an exposure or outcome. Under nondifferential misclassification, the true odds ratio
(OR; or any other measure of association) between the exposure and outcome might be biased toward the null value of 1, although this simple rule
of thumb is not true in all cases. With differential misclassification, the true OR between the exposure and outcome might be biased either toward or

away from the null value of 1.

imperfect surrogate measures (eg, resting heart rate used as a
proxy for cardiovascular fitness).”” Supplemental Table SI
presents a reference tool that can be used to predict the di-
rection of confounding bias according to known associations
between an exposure, outcome, and an unmeasured
confounder.”

The identification and control of confounders are funda-
mental components of designing a study that intends to
evaluate a potential causal association. The following 3 con-
ceptual criteria are commonly used to determine if a variable is
a confounder of an exposure-outcome relationship:”*

1. The confounder is causally associated with the outcome.

2. The confounder is noncausally or causally associated with
the exposure.

3. The confounder is not an intermediary variable along the
causal pathway between the exposure and the outcome (ie,
this intermediary variable is referred to as a mediator).

Regarding criterion 3, erroneous adjustment of a mediator
or a descending proxy of this intermediate variable can lead to
overadjustment bias.””

In reference to the previous example, which described a
cardioprotective effect of HRT among postmenopausal
women as reported in observational studies, the lack of control
for potential confounding variables was also noted as a
possible reason for this misleading finding.”*’ A strong
confounder, which has well documented associations with
frequent HRT use and lower CAD risk, is socioeconomic
status.”’"*’ Notably, in their systematic review, Humphrey
et al.* observed that studies that adjusted for socioeconomic
status did not show a significant benefit of current HRT use
on CAD incidence (RR = 0.97; 95% confidence interval,
0.82-1.16). In contrast, those that did not adjust for socio-
economic status reported effect estimates suggestive of a
beneficial effect of HRT on CAD incidence (RR = 0.71; 95%
confidence interval, 0.64-0.78). As illustrated in Figure 4,
confounding by socioeconomic status would be classified as
positive confounding on the basis of the direction of associ-
ations between HRT, CVD, and socioeconomic status.

Various approaches can be used to minimize the effect of
confounding on a measured association of interest, which can
be used at either the study design or analysis stage. At the
study design phase, these can include restriction (ie, limiting
the analytic sample to participants within a single category of a

confounder), matching (ie, matching participants from com-
parison groups according to key confounders, such as age and
sex), or randomization (ie, randomly assigning partici(gants to
exposure or treatment groups in a clinical trial).”” Con-
founding control can also occur in the analysis phase through
stratification,  standardization, multivariable  regression
adjustment, or other sophisticated analytical approaches, such
as propensity score methods.”® Each of these approaches has
distinct advantages and disadvantages that must be carefully
evaluated to ensure adequate control of confounding, while
also taking into account the time, cost, and resource con-
straints involved in conducting the study.®®’

Specialized Biases Commonly Encountered in
Cardiovascular Research

Specialized biases, such as competing risks, immortal time
bias, and confounding by indication, are frequently encoun-
tered in cardiovascular research. Althou(%h these biases are not
specific to the cardiovascular field,">®” they are becoming
increasingly prevalent, especially in studies that draw on
retrospective health administrative data for observational
analyses.

Competing risks

Time-to-event or “survival” analyses are common in clin-
ical research and unique in that they not only assess if an event
of interest occurred but also when it occurred—specifically,
the length of time from recruitment or beginning of follow-up
to event occurrence.”’ However, some participants might not
experience the event before the end of the observation period
(ie, they remain event-free or drop out), thus, their actual
time-to-event is unknown.”’ To properly account for the time
they contribute to the study, these individuals are treated as
censored in the analysis.

Conventional approaches to time-to-event analysis (eg, Cox
proportional hazards models) are carried out under the
assumption of noninformative censoring, meaning that the
likelihood of experiencing the outcome of interest for censored
participants is the same as for uncensored pzlrticipants.71 Yet, in
the presence of > 1 competing risk, this assumption is violated.
A competing risk is an event that precludes the occurrence of
the primary outcome.”””? For example, in a time-to-event
study on the association between preeclampsia and acute MI,
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RR (not adjusted for SES): 0.71 (95% Cl, 0.64-0.78)
RR (adjusted for SES): 0.97 (95% Cl, 0.82-1.16)

Positive Confounding
Unadjusted RR further from null (RR = 1) than adjusted RR

Figure 4. Causal diagram representing positive confounding due to an uncontrolled confounder (socioeconomic status; SES) in the association
between hormone replacement therapy (HRT) and coronary artery disease (CAD). Higher SES is positively associated with HRT use and negatively
associated with incident CAD. Without adjustment for SES, HRT use is negatively associated with incident CAD. In the presence of positive con-
founding, the unadjusted measure of association (RR = 0.71) is biased away from the null value of 1 (ie, overestimated) compared with the
measure of association adjusted for the punitive confounder (RR = 0.97). ClI, confidence interval.

all-cause mortality before an MI diagnosis would be a
competing risk, because it precludes the occurrence of an MI in
these individuals. Although common in cardiovascular
research,”*”* competing risks are often ignored in epidemio-
logical studies, which can result in inflated estimates of inci-
dence and upward-biased effect estimates.”"">"”

Fortunately, competing risks can be easily handled using
simple extensions of conventional time-to-event models, such
as the Cox proportional hazards model.”” The Fine-Gray
subdistribution hazards model is one of the most widely used
methods for handling competing risks data.”*>”* However, it is
best suited for questions related to incidence and predic-
tion.”"’®”” When assessing etiologic relationships in the
presence of comgeting risks, the cause-specific hazards model is
recommended.”” Unlike differential losses to follow-up, which
mainly stem from data limitations and can introduce selection
bias if not properly addressed, competing risks do not inher-
ently cause selection bias; they reflect real-world alternative
events that prevent the occurrence of the event of interest.”® As
such, distinct design strategies and statistical methods are
required to address bias from differential loss-to-follow-up (eg,
participant retention strategies, inverse probability of censoring
weights) and manage competing risks (eg, multistate models,
Cox proportional hazards model extensions).

Immortal time bias

Epidemiologic studies are particularly vulnerable to time-
dependent biases that threaten internal validity. Immortal
time bias, a common time-dependent error, might arise when
follow-up time and exposure (or treatment) status are not
properly accounted for during design and analysis.”” This bias
can compromise the validity of effect estimates,” often

making an exposure seem more favourable or effective than it
truly is.”” Although often discussed in pharmacoepidemio-
logic research,®’ immortal time bias can occur in any obser-
vational study that has a window of time between cohort entry
and initiation of the exposure of interest (eg, cardiac surgery
after heart failure diagnosis, filling a prescription after hospital
discharge).” Bias is introduced when this “immortal” period
is either misclassified (ie, the immortal period is misclassified
as exposed time when it should be classified as unexposed
time; information bias) or excluded (ie, the immortal period is
excluded from the analysis; selection bias).*>**

Figure 5 illustrates how immortal time bias can arise in a
hypothetical cohort study on the effect of statins (exposure)
on reducing cardiovascular events (outcome) in individuals
with high cholesterol levels. The period after a diagnosis of
high cholesterol but before statin therapy initiation is
deemed as “immortal” for participants in the exposed group
because they are required to survive and be event-free until
they fill their first statin prescription.”” If follow-up begins at
the time of high cholesterol diagnosis for the exposed and
unexposed groups, immortal time bias occurs, because the
“immortal” period is mistakenly counted (ie, misclassified) as
time receiving statin therapy for a participant in the exposed
group. Immortal time bias can also be introduced if follow-
up begins at the time of statin therapy initiation for the
exposed group and at high cholesterol diagnosis for the un-
exposed group. By design, participants in the exposed group
are only those who survived the period between their high
cholesterol diagnosis and first statin prescription (ie, the
“immortal” period is excluded). As a result, healthier par-
ticipants (and presumably those who are less likely to suffer a
cardiovascular event) are included in the exposed group,
which can lead to selection bias.
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Figure 5. Immortal time bias in a hypothetical cohort study evaluating the association of statin initiation (exposure) and cardiovascular events
(outcome) in individuals with high cholesterol. Immortal time bias can occur when the period between diagnosis of high cholesterol and initiation of
statin therapy is either misclassified (top) or excluded (bottom). In the top scenario, the ‘immortal’ period, where participants must be event-free before
initiating statin therapy, is incorrectly counted as time being exposed, leading to information bias. In the bottom scenario, follow-up for the exposed
group begins at the time of statin initiation, excluding the ‘immortal’ period and introducing selection bias, as only participants who survived and

remained event-free during this period are included in the exposed group. Modified from Lévesque et a

Ltd.

Immortal time bias is best handled during the design
phase, where careful planning (eg, making use of the target
trial framework, as described later in this review, and prevalent
new-user study designs) can help prevent it.””8185 However,
if it is not avoided during the design stage, such as in a sit-
uation in which exposure status might change throughout the
follow-up period (ie, time-varying exposures), its effects can be
minimized by using time-dependent analyses wherein the
period before exposure is classified as unexposed, and the
period after exposure is classified as exposed for each partici-
pant.”” Landmark analyses (ie, determining exposure status
for all participants at a predefined point in time, when follow-
up begins) or matching on time (ie, exposed participants are
matched to nonexposed participants who were followed-up
for the same amount of time) are also reasonable alternatives
to avoid immortal time bias in observational studies.*®

Confounding by indication

Confounding by indication is a type of bias that occurs
when a clinical indication for a treatment (eg, disease severity,
frailty, health insurance in settin%s without universal health
care) can also affect the outcome.®” Since the clinical indica-
tion is associated with the treatment and the outcome, and

1.”° with permission from BMJ Publishing Group

does not lie on the causal treatment-outcome path, it fulfils
the 3 criteria for confounding and must be managed accord-
ingly. This form of confounding frequently arises in clinical
research and observational pharmacoepidemiologic studies,
because health care professionals tailor medication pre-
scriptions and perform recommended procedures for patients
expected to gain the greatest benefit.”® At times, the presence
of confounding by indication can erroneously suggest that
certain treatments or interventions cause the very diseases or
events that they aim to prevent.”

Observational studies that compared tracheal intubation
and bag-valve-mask ventilation with survival after in-hospital
cardiac arrest have highlighted the influence of confounding
by indication.”””" Clinical indications, such as frailty, respi-
ratory comorbidities (eg, asthma, cystic fibrosis), or preexist-
ing airway obstructions (eg, tumours, swelling), often affect a
health care professional’s decision to perform or not perform
an invasive tracheal intubation procedure. These factors must
be accounted for because they are also associated with poor
survival outcomes in cardiac arrest patients. In studies on this
association in pediatric and adult in-hospital cardiac arrests,
unadjusted analyses noted that tracheal intubation was
strongly associated with poorer survival outcomes (RR in
pediatric patients = 0.64; RR in adult patients = 0.58).
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Figure 6. Directed acyclic graph depicting a hypothesized causal relationship between an exposure and an outcome. Each study variable is denoted
by a circle (node), whereas arrows (edges) represent the direction of the hypothesized relationship between each node. In this simple directed
acyclic graph of the causal relationship between smoking and cardiovascular disease (CVD), the minimally sufficient adjustment set would be
income, because adjustments should not be made for obesity (ie, a collider) or hypertension (ie, a mediator).

However, after adjustment for various clinical indications
using propensity score matching, this association weakened
(RR in pediatric patients = 0.89; RR in adult patients =
0.84).

Strategies to Evaluate and Mitigate Bias in
Observational Studies

In addition to adopting best practices in observational
study design—such as reducing barriers to participation, using
validated measures of key study variables, and following a
meticulously planned protocol—new strategies have emerged
over the past 2 decades to help researchers evaluate and
mitigate bias. In this section, 4 valuable tools are presented,
which can be readily applied to critically assess bias during the
study design, analysis, and interpretation stages of the research
process.

Target trial framework

Ideally, causal associations between treatments and out-
comes would be examined through rigourously conducted
randomized controlled trials. However, feasibility and ethical
concerns might preclude this.”> Herndn and Robins”” initially
introduced the concept of “target trials” as a strategy to reduce
bias in observational studies, with the general aim of

preventing crmcal mistakes that could lead to incorrect causal
conclusions.”” The apphcatlon of this ﬁ'amework is becomlng
increasingly prevalent in CVD research,”*”” underscoring its
relevance and applicability to this field.

Briefly, target trials adapt key features of randomized
controlled trial demgn for use on observational data using a
2-step process.”” The first step requires that researchers
clearly articulate and/or frame their causal question as if they
were designing an ideal trial to obtain the desired answer.
The second step requires that researchers develop a research
protocol for the trial they aim to emulate in which 7 key
components are predefined: eligibility criteria, treatment
strategies, treatment assignment, outcomes, follow-up, causal
contrasts, and statistical analysis.”” Specific consideration of
these target trial design elements is an effective way to pre-
vent systematic error commonly observed in observatlonal
studies (eg, prevent prevalent user and immortal time bias).”’
Further, findings from observational studies planned using a
target trial framework are comparable with those of ran-
domized controlled trials,”* which makes this framework an
appealing option for cardiovascular researchers who wish to
address questions that cannot or will not be explored through
formal experiments. At present, reporting guidelines for
observational studies emulating a target trial are being
developed.”
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The directed acyclic graph

When undertaking etiological research, a conceptual
approach to study design is recommended. This approach
underscores the importance of avoiding statistically driven
decisions about covariate selection, such as adjusting for
covariates found to be unevenly distributed with P values <
0.05 in a descriptive table or following the 10% change-in-
estimate rule of thumb (ie, defining confounding as a situa-
tion where the inclusion of a potential confounder in a
regression model changes the exposure-outcome effect esti-
mate by 10% or more).”” Indeed, variable types (eg, con-
founders, mediators, colliders) cannot be determined or
distinguished using such approaches.'”’ Moreover, model
selection methods (eg, backward elimination, forward step-
wise) cannot ensure that effect estimates are unconfounded or
that statistical models have been correctly specified.

Covariate selection should be highly tailored to each
research question. As such, it is important to develop a con-
ceptual framework that clearly defines the research ques-
tion(s), identifies key study variables, and thoughtfully
characterizes their hypothesized interrelationships.”” For
instance, a variable that serves as a confounder in one study
might function as a mediator in another, both of which must
be managed differently when estimating a causal association.

The creation of causal diagrams, such as directed acyclic
graphs (DAGs), can facilitate careful variable selection and is a
systematic way for researchers to visually map out their causal
assumptions (Fig. 6)."°" The use of DAGs is grounded in the
principles of causal epidemiology informed by Judea Pearl’s
pioneering work on structural causal models and the devel-
opment of the do-calculus.'” In brief, DAGs summarize all
potential or known causal or noncausal pathways between an
exposure and outcome by connecting variables (known as
nodes) with unidirectional arrows (known as edges). A key
feature of DAGs that distinguishes them from other concep-
tual diagrams is their acyclic nature, meaning that no directed
path from any node to itself (ie, a feedback loop) is
permitted.'*?

DAGs are useful for identifying variables that should be
controlled for (eg, confounders) and those that should not (eg,
colliders), and can help researchers identify variables that
might warrant further investigation as part of sensitivity or
subgrouP analyses (eg, mediators and effect measure modi-
fiers).”>'°" These causal diagrams allow for the identification
of a minimally sufficient adjustment set—that is, the mini-
mum set of covariates that, if conditioned on, allow for an
unbiased causal estimate of the association (assuming no other
forms of bias, such as selection and information bias, are
present). As such, they can help researchers achieve model
parsimony (which is particularly relevant for small sample sizes
or data collection constraints), avoid overadjustment, and
improve the precision of effect estimates. Several resources are
available to orient readers to the development of DAGs and
the steps required to determine a minimally sufficient
adjustment set, commonly referred to as “solving a
DAG,»103-106

Quantitative bias analysis

In any study, bias is always probable and can never be
completely diminished through study design or statistical
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analysis. This might raise questions surrounding the extent to
which residual bias might affect the results. Quantitative bias
analysis (QBA) is a type of sensitivity analysis that can be used
to estimate the direction, magnitude, and uncertainty arising
from residual bias on study results.'”” In general, QBA can be
used to estimate what an observed association would have
been in the absence of systematic error due to selection bias,
information bias, and/or uncontrolled confounding.lo8 QBA
relies on the input of prespecified bias parameters (eg, the
strength of association between an unmeasured confounder
and outcome, sensitivity and specificity of exposure classifi-
cation within subgroups of the outcome), which are often
obtained from internal validation data, external validation
data, expert opinion, or a combination of these sources.’

Various QBA methods have been described, ranging from
simple sensitivity analyses that only consider a single bias and
assign 1 fixed value to each bias parameter, to multiple bias
models, which deal with > 1 bias simultaneously and assign
probability distributions to bias parameters.’’’ Publicly
available Web-based applications, such as Apisensr,'”” as well
as downloadable Excel (Microsoft Corp, Redmond, WA)
spreadsheets and statistical software code (SAS [SAS Institute,
Cary, NC], R [R Foundation for Statistical Computing,
Vienna, Austria], Stata [StataCorp LLC, College Station,
TX])''? provide a broad array of options for researchers
interested in using QBA procedures in their studies.

A simple bias analysis that has garnered attention in the
clinical research community is the E-value. Introduced by
VanderWeele and Ding''' in 2017, the E-value provides a
way to quantify how susceptible an observed association is to
unmeasured confounding. The E-value for relative measures
of association can be calculated using the following formula,
with extensions for other measures of associations detailed
elsewhere:'""!

E—value = RR+ +/RR x (RR—1)

It should be noted that if a protective association is
observed, 1/RR should be used instead of RR.

This measure can be interpreted as the minimum strength
of association, on the RR scale, that an unmeasured
confounder (or a summary of multiple unmeasured con-
founders) must have with the exposure and the outcome,
conditional on the measured covariates, to completely explain
away the observed association.''" While useful, E-values rely
on several simplifying assumptions that might be unrealistic,
such as equivalent magnitudes of confounder-exposure and
confounder-outcome associations, and the independence of an
unmeasured confounder from controlled confounders.''* "
Moreover, E-values are monotonically related to the effect
estimate and are prone to misuse and misinterpretation.’' '’
For these reasons, critics have argued that other QBA ap-
proaches that incorporate multiple sources of bias, as opposed
to placing sole emphasis on unmeasured confounding, are
prefvfrre]c]isto contextualize the potential effect of bias on study
results.

Risk of bias assessment tools

Various tools exist to critically aRpraise methodological
study quality for observational studies.''® Although these tools
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were originally designed for critical appraisal, they are partic-
ularly useful for identifying potential biases and guiding study
design. Many tools assess the risk of bias by evaluating several
key domains, including the selection of study participants,
comparability of study groups, exposure measurement,
outcome ascertainment, and attrition or selective reporting of
study participants. Supplemental Table S2 highlights some
commonly used risk of bias assessment tools for observational
study designs, including cohort, case-control, and cross-
sectional studies. The Newcastle-Ottawa Scale (NOS) is the
most commonly used tool for cohort and case-control
studies.''® However, the Risk Of Bias In Non-randomized
Studies - of Interventions (ROBINS-I) tool is the most
comprehensive for bias assessment in these study designs and
is the preferred tool for use in Cochrane reviews.”''” For
analytical cross-sectional studies, the Joanna Briggs Institute
checklist has been recommended, whereas several other tools
are suitable to evaluate the risk of bias in descriptive cross-
sectional studies.''°

Risk of bias assessment tools have also been tailored for
comparative effectiveness studies that compare real-world
outcomes for different treatment strategies, such as the vali-
dated Good Research for Comparative Effectiveness
(GRACE) Checklist."'® Most recently, the Risk Of Bias In
Non-randomized Studies - of Exposures (ROBINS-E) in-
strument was introduced in 2024 to provide a standardized
framework for examining the risk of bias in cohort studies that
evaluate the causal association of an exposure on an
outcome.'? This tool addresses bias within 7 domains using a
series of signalling questions, after which overall judgements
are made for the risk of bias, predicted direction of bias, and
threat to conclusions.''” Other tools used for case series or
case reports, diagnostic studies, prediction models, random-
ized controlled trials, and other study designs (eg, qualitative
studies, systematic reviews and/or meta-analyses, etc) are also
available.''°

Concluding Remarks

In the absence of bias—a challenging assumption to
uphold—a causal interpretation might be tenable from well
conducted observational studies specifically designed to eval-
uate causal questions.”'” However, the potential for selection
bias, information bias, and confounding, is always probable
and should never be dismissed as unimportant. This presents
an inherent challenge that faces investigators in all observa-
tional studies. As outlined in this review, there are several
threats to validity that might affect observational studies,
making it difficult to assume that a study is entirely free from
bias.

High-quality evidence does not necessarily mean “free of
error.” Indeed, this can never be guaranteed in clinical
research—only minimized with rigourous study design and
analysis. The higher the quality of evidence, the greater the
ability to make causal claims about an association of interest.
Importantly, researchers must be aware of what qualifies as
high-quality evidence, which depends on factors such as the
design of a study, the scientific rigour used by those who
conducted the study, as well as the risk of bias."*’

In the pursuit of scientific truth in cardiovascular research,
absolute certainty remains elusive. However, minimizing bias
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through meticulous design and analysis elevates the quality of
evidence and strengthens one’s ability to make meaningful
causal claims. The use of strategies to critically assess the risk
of bias—from design through analysis—and systematically
quantify the extent to which bias might overturn conclusions
enhances academic discourse and strengthens the foundation
to advance clinical recommendations, treatment strategies,

and public health policies."*'
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