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Abstract

Background: Case-control studies are efficient designs for investigating gene-disease associations. A discovery of genome-wide
association studies (GWAS) is that many genetic variants are associated with multiple health outcomes and diseases, a phenomenon
known as pleiotropy. We aimed to discuss about pleiotropic bias in genetic association studies.

Methods: The opinions of the researchers on the basis of the literature were presented as a critical review.

Results: Pleiotropic effect can bias the results of gene-disease association studies if they use individuals with pre-existing diseases as
the control group, while the disease in cases and controls have shared genetic markers. The idea supports the conclusion that when the
exposure of interest in a case-control study is a genetic marker, the use of controls from diseased cases that share similar genetic markers
may increase the risk of pleiotropic effect. However, not manifesting the disease symptoms among controls at the time of recruitment
does not guarantee that the individual will not develop the disease of interest in the future. Age-matched disease-free controls may be a
better solution in similar situations. Different analytical techniques are also available that can be used to identify pleiotropic effects.
Known pleiotropic effects can be searched from various online databases.

Conclusion: Pleiotropic effects may result in bias in genetic association studies. Suggestions consist of selecting healthy yet age-
matched controls and considering diseases with independent genetic architecture. Checking the related databases is recommended before
designing a study.
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Introduction

Genome-wide association studies (GWAS) have re-
vealed thousands of genome-wide significant associations
with hundreds of complex human traits. The highly poly-
genic architecture of most diseases implies that the genetic
part of the diseases is largely mediated through complex
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biological networks (1, 2). On the other hand, a notable dis-
covery is that many genetic regions appear to contain vari-
ants that are associated with several seemingly unrelated
traits. This phenomenon is called "pleiotropy". It refers to

1What is “already known” in this topic:

Genome-wide association studies have unveiled numerous
significant genetic associations with complex human traits,
indicating their polygenic nature. Pleiotropy, where a single
gene influences multiple traits or diseases, is evident. This
phenomenon aids in comprehending disease pathways,
potentially revolutionizing medical understanding.

— What this article adds:

Pleiotropic effects can introduce bias in gene-disease association
studies, especially if the controls have pre-existing diseases.
Awareness and strategies to mitigate this bias are crucial.
Suggestions include selecting healthy yet age-matched controls
and considering diseases with independent genetic architecture.
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circumstances in which a single gene or genetic marker in-
fluences two or more distinct traits or diseases (3). There-
fore, a mutation in a pleiotropic gene may impact several
traits simultaneously. Genes/variants that are linked with
the marker of interest, also introduce the pleiotropic effect,
because they are co-inherited (are in linkage disequilibrium
[LD]) (4, 5). Pleiotropy may be horizontal or vertical. In
horizontal pleiotropy, a single nucleotide polymorphism
(SNP) has multiple phenotypes independently of the expo-
sure of interest. In vertical pleiotropy, a SNP has multiple
phenotypes on a causal pathway to the outcome. Besides
knowledge about its associated diseases, pleiotropy can
help in understanding the underlying biological pathways
involved in disease onset and progression (6).

Pleiotropic effects on human diseases are very common.
For example, several studies have reported shared genetic
markers among immune-mediated diseases (7, 8), such as
asthma, allergy, rheumatoid and psoriatic arthritis, and
Crohn's disease. While some of these shared associations
make immediate, intuitive sense (like diabetes-hypothy-
roidism (9)), others are more subtle. For example, multiple
sclerosis has been identified to have shared genetic markers
with the severity of SARS-CoV-2 infection (10) and type 1
diabetes mellitus (11). A human leukocyte antigen (HLA)
variant was found to be associated with the slow advance-
ment of human immunodeficiency virus (HIV) infection to-
wards acquired immunodeficiency syndrome (AIDS) (12,
13), and interferon inducible transmembrane (IFITM)
genes restrict the replication of several highly pathogenic
human viruses, coronavirus, Marburg and Ebola viruses,
influenza A viruses, dengue virus, and HIV-1 (14, 15).
TRIMS5a and TRIM22 are also suggested to be associated
with the clinical course of HIV and COVID-19 (16, 17).

The concept of pleiotropy has important implications in
epidemiological study design. Solovieff, et al (3), have pro-
vided a comprehensive review of the concept of pleiotropy.
The authors have also outlined the analytical techniques
utilized to identify the pleiotropic effect. Considering a gap
in the literature regarding the design of genetic association
studies in the presence of pleiotropic effects, the present re-
view has examined how the selection of a control group
from hospitals or diseased individuals may impact the re-
sults of these types of studies. Study design recommenda-
tions have been discussed to address this issue.

Pleiotropic Bias and Study Design Considerations

In case-control studies of gene-disease associations
where hospital-based or individuals with pre-existing dis-
eases are used as the control group, pleiotropic effect can
bias the gene-disease association if the disease among cases
and controls have shared genetic markers. This specific
type of pleiotropic bias can be considered as a type of over-
matching on genotype, and hence, may distort the magni-
tude of effect and shift the direction of association toward
the null hypothesis. While some genetic associations may
have large effect sizes (18), many others have small sizes
(19, 20). So, such misclassifications may completely mask
small-size associations. For example, the genetic overlap of
type-one diabetes mellitus (T1DM) with some autoimmune
disease and celiac disease can be mentioned. Therefore, it

2 http://mjiri.iums.ac.ir
Med J Islam Repub Iran. 2024 (7 May); 38:51.

is important to remove the bias of autoimmune disease (21).
For instance, celiac predisposing haplotypes of HLA (in-
cluding DQ2 and DQ8) are prevalent in children with
T1DM (22). Lack of considering celiac and autoimmune
disorders that may be occurred in older ages in the control
group, may result in smaller magnitude of effect between
T1DM and the genetic markers.

Another scenario occurs when the genetic marker predis-
poses individuals to the disease in cases but has a protective
effect on the disease in controls. Known as antagonistic
pleiotropy, the direction of bias will be skewed away from
the null hypothesis. For example, chromosomal regions
6p22-p24 are risk factors for schizophrenia and protective
factors for higher relative fertility, or TNFRSF11B gene
polymorphisms are risk factors for cancers and protective
factors for bone density in females (23).

It is advisable for researchers to undertake a comprehen-
sive assessment and acquire a thorough understanding of
the contemporary pleiotropic effects for the study design
and interpretation. However, the authors should also remain
mindful of pleiotropic effects even in the absence of docu-
mented evidence, especially if they encounter effect sizes
larger than expected or effect sizes that diverge from extant
data.

One potential strategy to mitigate the risk of pleiotropic
bias in gene-disease association studies is to select controls
among either healthy individuals or individuals with dis-
ease(s) that are assumed, to the best of contemporary
knowledge, to have independent genetic architecture com-
pared to disease of interest in the case group. There are var-
ious resources that compile information on the pleiotropic
effects of genes and mutations. Some examples are pro-
vided in Box 1, with a guide on how to find pleiotropic ef-
fects in each database.

When selecting the controls, it should be noted that not
manifesting the disease symptoms at the time of recruit-
ment does not guarantee that the individual will not develop
the disease of interest. To account for this, age-matched dis-
ease-free individuals may be a better choice for genetic as-
sociation studies because this better controls for pleiotropic
effects.

Conclusions and future directions

In conclusion, pleiotropic effects can introduce bias in
gene-disease association studies, especially when individu-
als with pre-existing diseases are selected as controls, such
as in hospital-based case-control studies. The bias can lead
to a shift in the magnitude and direction of the association
between the genetic marker and the disease. Researchers
need to be informed about the potential for pleiotropic bias
and take steps to mitigate the risk of this bias during study
design and interpretation. One potential recommendation
would be the selection of healthy controls, especially
among individuals that, based on their age, have had
enough time to manifest the target disease in controls. Age-
matched controls would be a remedy in this regard. Another
solution might be the selection of controls among those
with diseases that have independent genetic architecture
compared to the disease of interest. No need to say that
making such assumptions about underlying biological
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mechanisms of diseases is not a trivial task, as pleiotropy is
a complex phenomenon, and identifying the underlying ge-
netic and biological mechanisms can be challenging.

The resources presented here for the identification of
pleiotropic effects, may not provide a comprehensive list of
all known effects, as new research is constantly uncovering
new pleiotropic effects of genes and variants.

To further identify and characterize pleiotropic effects,
the development of new analytical tools and methods that
identify and account for pleiotropy is recommended. The
integration of data sources and technologies should also be
improved. Additionally, efforts should be made to expand
and optimize the resources available for identifying and
characterizing the pleiotropic effects, and to ensure that
these resources are kept up-to-date. The user interface of
these resources should be friendly to allow for a better list-
ing of pleiotropic effects, especially by epidemiologists and
researchers without a genetic background.
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