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Abstract
Genome-Wide Association Studies (GWAS) are the primary method used to investigate the effects of common genetic
variants on health and disease and are increasingly used as an arena for applied epidemiological methods. There are now a
growing number of applications of GWAS in oral health research, yielding exciting findings and holding great potential for
future discoveries. While exciting, the GWAS approach has inherent limitations, and the success of these experiments
depends on achieving adequate statistical power. In the context of dental diseases, where multiple genetic variants have
small effects, very large samples are needed to unlock the full potential of GWAS. This article discusses the motivation for
undertaking these studies, introduces the GWAS method, and highlights the potential of GWAS to help unravel the
complex factors influencing oral health and diseases. Alongside the promises of GWAS, this article also summarizes the key
challenges that need to be addressed for this method to be deployed usefully and suggests criteria to consider during the
appraisal of a GWAS paper.
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Introduction

Nearly all human complex traits are partially influenced by
genetic factors (Polderman et al., 2015). There is natural
scientific interest in understanding which genetic factors
influence human traits or diseases, and various designs have
been used to help map these associations.

Towards the end of the 20th century, advances in genetic
sequencing and bioinformatic tools enabled the entire hu-
man genome to be sequenced, unlocking the development of
novel study designs capable of capturing genetic variation
across the entire genome (Lander et al., 2001; Venter et al.,
2001). The genome-wide association study (GWAS)
emerged as a method (Ozaki et al., 2002), with successful
large-scale GWAS studies published from 2005 onwards
(Klein et al., 2005).

General characteristics of GWAS

Testing for genetic association is conceptually similar to any
other test for association between exposure and outcome,
which might be carried out in classical epidemiology.
Markers of host genetic variation, such as a single nucleotide
polymorphism (SNP), are treated as exposure variables. A
disease or trait is treated as an outcome, and a suitable
method, such as linear or logistic regression, is used to test
the for an association between them. In GWAS, this basic

analysis is repeated many times until markers of genetic
variation across the whole genome have been tested. By
convention, GWAS are characterized by testing at least
500,000 markers, and modern studies often test more than
10,000,000 markers. Usually, these markers are focused to
SNPs, the most common type of genetic variation in hu-
mans. GWAS does not require any prior information about
the possible genetic basis of the disease since genetic
markers across the whole genome are tested (Mayhew and
Meyre, 2017; Pe’er et al., 2008). Therefore, the method is
often described as an unbiased or agnostic approach. Be-
cause of the large amount of tests applied in GWAS, a
stringent threshold is necessary to reduce false positives.
The generally used threshold for genome-wide significance,
p < 5 × 10�8 is derived from the Bonferroni correction for
about a million independent tests. More precisely, it is the α
of 0.05 divided with the estimated number of common
variants in the human genome, which is approximately one
million (Pe’er et al., 2008). Due to the stringent thresholds
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for genome-wide significance very large samples are
needed. Since it can be difficult to achieve such large
samples in single studies, genome-wide meta-analyses can
be used to enhance statistical power. By combining data
from different independent studies, the meta-analysis in-
creases the sample size and statistical power. A separate
advantage of meta-analysis is that the study can include
more diverse populations and allows comparison of genetic
effects in different studies. Ultimately, genome-wide meta-
analysis is a useful approach which can lead to more reliable
findings in GWAS (Nakaoka and Inoue, 2009). The original
motivation for undertaking GWAS was to identify genes
associated with a trait or disease since this can yield in-
formation about the molecular biology underlying it
(Abdellaoui et al., 2023). This remains an important mo-
tivation, but there are now more new applications of GWAS
in both clinical settings and applied epidemiology.

In clinical settings, there is growing interest in using
polygenic score approaches to identify individuals at high
risk of disease, providing opportunities for targeted pre-
vention or personalized interventions (Zheng et al., 2024).
These scores, calculated by aggregating the effects of many
genetic variants, aim to capture the individual’s genetic
predisposition to a specific disease or trait (Torkamani et al.,
2018). Pipelines and frameworks for clinical im-
plementation of these scores have now been described for
multiple traits (Lennon et al., 2024), but to date, there have
been few applications to dental diseases (Fries et al., 2024).
A key feature of these approaches is that the predictive
ability of the score depends on the performance of the
underlying GWAS study used to train the score, meaning
high-quality and adequately powered GWAS studies are
required. Other potential clinical applications involve using
genetic data to predict drug response and guide prescribing
(Duarte and Cavallari, 2021) or to prioritize possible protein
therapeutic targets (De Cesco et al., 2020). However, they
are yet to be adopted widely in dentistry.

In research, a growing range of methods apply GWAS
results to elucidate modifiable risk factors for diseases. A
key method is Mendelian randomization (MR), which uti-
lizes genetic variants as instrumental variables to test for
potential causal associations between exposures and out-
comes (Davies et al., 2018; Smith and Ebrahim, 2024). This
method is versatile and is widely applied, but again, it relies
on an adequately powered underlying GWAS. A description
of the MR approach is outside the scope of this article;
however, it should be noted that it makes strict assumptions
that are difficult to satisfy faithfully, meaning that appli-
cations of this approach should be carefully considered and
compared with other sources of evidence (Haworth et al.,
2024). There is legitimate concern about the application of
this method (Smith and Ebrahim, 2024).

Challenges in undertaking GWAS

While GWAS are potentially useful with multiple down-
stream applications, they can also be challenging to un-
dertake and have specific requirements for statistical power
and control of confounding.

Statistical power is difficult to obtain in GWAS due to the
small genetic effect sizes anticipated for a complex trait and
the high multiple testing burden (discussed further below).
The pattern of genetic contribution (i.e. the number of as-
sociated genetic variants and their effect sizes) differs be-
tween different traits (Timpson et al., 2018). Some traits
have relatively simple genetic architecture, where a handful
of genetic variants with large effects determine the observed
phenotype. However, many traits are highly polygenic,
influenced by multiple genetic variants, each with small
individual effects. Interactions between genes and envi-
ronmental factors may further modify these small effects.
Detecting genuine (but small and possibly varying) genetic
effects is inherently challenging given the background noise
in almost all complex phenotypes (Lappalainen et al., 2024;
Watanabe et al., 2019). The strong prior expectation is that
common genetic variants associated with a complex disease
will have small effects, meaning that the reported effect size
in a study should always be examined for face validity
(Table 1).

Since the GWAS method demands that genetic markers
across the entire genome are tested the number of statistical
tests is very high. There will be random fluctuation in the test
statistics (e.g., p-values) even when the null hypothesis of no
association is correct. Conducting many statistical tests risks
false positive results, sometimes termed multiple testing
burden. A stringent threshold accounting for the large
number of multiple tests is needed to address this issue. By
convention, most GWAS studies use a threshold of p < 5 ×
10�8 to determine statistical significance, although some
authors advocate an even stricter threshold, such as p < 6.6 ×
10�9 (Morris et al., 2019). The use of an appropriately strict
threshold is essential and should be appraised when reading
a GWAS article (Table 1). Most studies use imputed genetic
data, where analysis of measured genetic variants is sup-
plemented by inferred unmeasured genetic variants based on
a reference panel. This increases the genomic coverage and
strengthens the ability to identify associations with genome-
wide significance (Lau et al., 2024). Where imputation has
been carried out, it is important that the reference panel is
appropriate to the study population and that steps have been
included to account for low confidence imputed variants, for
example by removing poorly imputed variants prior to
analysis.

While strict thresholds are important for reducing false
positive associations, the trade-off is that many tests will
produce false negatives (Gao et al., 2008; Risch and
Merikangas, 1996; Sabatti et al., 2003; Storey and
Tibshirani, 2003; Tam et al., 2019). To address the strin-
gent threshold criteria for significance, studies need very
large samples, ideally in the hundreds of thousands to
millions of participants, for optimal power. Only a single
study has convincingly shown that additional participants
would not result in additional discovery of associated
common genetic variants, and that included over fivemillion
participants (Yengo et al., 2022). Saturated discovery of the
full spectrum of genetic contributions to a trait (i.e both
common and rare variants) may require even larger samples.
Obtaining such large samples is difficult, requiring
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collaborative efforts, often across multiple research insti-
tutions and cohorts. Sample size is a key factor to consider
when appraising GWAS studies (Table 1). Studies claiming
to identify novel associations in small studies should be
treated with great caution since any real associations should
be readily visible in existing studies.

Similar to confounding in classical epidemiological
studies, GWAS can be confounded if any unobserved
variable is associated with both the exposure (genotype) and
outcome (disease). This problem is termed population
stratification, and several approaches are used to try and
address this, including the use of genetic principal com-
ponents, mixed model approaches and Bayesian modelling
approaches. Modelling genetic similarity as random effects
in mixed models is one approach to deal with this problem,
which accounts for genetic similarity due to ancestry and
relatedness, helping to avoid false positives while pre-
serving statistical power (Liu et al., 2023). The challenges of
accurately accounting for population stratification are dis-
cussed elsewhere (Lawson et al., 2020). While there is
ongoing debate about the most effective approach, it is
important that all studies include some attempt to account
for confounding by population stratification (Table 1).

A genetic variant with consistent effects in different
samples, increases the strength of evidence that the asso-
ciation is genuine. This can be carried out by undertaking
targeted replication in an independent cohort or (where the
GWAS included multiple participating cohorts), by testing
the stability of effect across those cohorts, for example,
using a test for heterogeneity. Regardless of the approach
used, tests for consistency in genetic effect are useful when
interpreting a reported association.

It can be difficult to obtain detailed measurement in the
large samples needed for a GWAS, meaning that the disease
measures used are often less precise than those that would be
used in other epidemiological study in smaller samples. To
collect a large enough sample, the researcher must some-
times make compromises towards including a simpler
phenotype than would be used in other study designs.
Decisions on phenotypic definitions need to consider, how
the trait is being measured, the measure’s precision and the
statistical power required to detect meaningful genetic as-
sociations (Table 1). GWAS may sometimes use proxy
phenotypes, typically a related characteristic that is easier to
measure or more widely available in large datasets but has
similar underlying genetic determinants. Where used, proxy
phenotypes should ideally be presented with data supporting
their validity. Care is needed when measurement for GWAS
includes other partially heritable traits in constructing dis-
ease measures. For example, using BMI as a measure for
obesity could lead to finding GWAS associations at loci
which influence height rather than obesity, since height is
partially heritable and is used to derive the BMI score. In
oral health GWAS, including traits like bacterial coloniza-
tion and local inflammatory response in a phenotype may
increase the discovery yield of genetic associations (Agler
et al., 2019). However, analogous to the height/BMI ex-
ample above, it is possible these associations are driven by
genetic effects on the measured score rather than the oral
disease itself. Care is needed when using results from such
experiments in downstream applications such as Mendelian
randomization (Haworth et al., 2024).

In summary, GWAS studies can be challenging since
they require very large samples and must account for

Table 1. Main considerations when reading a GWAS article.

Consideration What to appraise Rationale

Statistical
significance

Appropriate threshold used, e.g., p < 5 × 10-8 or
stricter

Themultiple testing burden brings a high risk of false positives
unless a strict threshold is used. It is not appropriate to
report ‘suggestive’ associations, which can be explained by
chance

Sample size Large sample (ideally hundreds of thousands to
millions of participants)

Much larger sample sizes are needed in GWAS as the effects
of individual genetic variants are very small, and the
multiple testing burden is very high

Population
stratification

Steps used to minimize effects of population
stratification, e.g., adjustment for genetic
principal components or use of a mixed model

Population stratification can confound the observed
association between a genotype and disease. Steps must
always be taken to minimize this bias’s effects

Face validity of
reported effect
sizes

Studies claiming to identify novel and large genetic
effects on caries and periodontitis need to be
interpreted with caution

Large genetic effects should have been easily visible during
the first 15 years. The current consensus is that caries and
periodontitis are polygenic diseases where common
genetic variants have small effects

Constancy of
genetic effect

Where possible. Consistency of genetic effect
should be examined and reported

False positive results are unlikely to replicate consistently
across different populations. Consistency can be examined
by replication or by comparing effect sizes in different
underlying studies of a meta-analysis

Phenotypic
definition

Does the phenotype adequately capture variation
in the target dental disease trait?

Does the phenotype capture other heritable traits?

Random measurement errors may reduce power in analysis
but are unlikely to confound analysis since these random
errors are uncorrelated with genotypes

Genetic effects on measurement (for example if a heritable
biomarker is used to define periodontitis cases) can induce
association
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potential effects of population stratification. Factors to
consider when appraising these studies are summarized in
Table 1.

Genetic contributions to periodontitis
and caries

Periodontal diseases and caries are two of the most prevalent
diseases around the world and the most prevalent oral
diseases. Both are potentially ideal targets for GWAS, since
their aetiology includes behavioral, environmental, and host
genetic components. A variety of methods have been used
for more than 70 years to explore host genetic effects on oral
health (Boomsma et al., 2002; Hunt et al., 1944; Krasse,
2001; Michalowicz et al., 2000; Rijsdijk and Sham, 2002;
Vieira, 2021). Over time it has become possible to quantify
the relative contribution of host and environmental factors
for caries (Bretz et al., 2005; Haworth et al., 2020; Shaffer
et al., 2012; Wang et al., 2010) and periodontitis (Haworth
et al., 2021; Nibali et al., 2020) with greater precision.
Despite the potential usefulness for understanding the ge-
netic contribution to disease, these studies cannot identify
genetic variants associated with the trait and lack the ca-
pacity to distinguish between different genetic mechanisms
underlying the trait.

Around 2010, researchers in oral diseases adopted
GWAS methodology (Kim et al., 2009; Mangold et al.,
2010; Pillas et al., 2010), including Shaffer’s pioneering
work in periodontitis and dental caries (Schaefer et al., 2010,
Shaffer et al., 2011).

State of the literature

Schaefer’s (2010) work led to the discovery of the first
genetic risk locus for periodontal disease, underscoring
the role of predisposition for this inflammatory disease.
However, early reports were limited by the methods and
size of samples available at the time (Table 2). In
the following years, a number of GWAS were rela-
tively small studies targeting traits such as chronic
periodontitis (CP) (Sanders et al., 2017; Shaffer et al.,
2014; Shimizu et al., 2015; Teumer et al., 2013), ag-
gressive periodontitis (AgP) (Hashim et al., 2015; Munz
et al., 2017), and host genetic effects on putative peri-
odontal pathogens (Divaris et al., 2013; Rhodin et al.,
2014).

Recent years have seen a shift towards including multiple
cohorts in meta-analyses, which both increases the power
of GWAS and provides opportunities to test the consis-
tency of effects across different populations. This approach
allows for larger samples and the ability to identify ad-
ditional risk loci that might not be detectable in smaller,
individual studies. By combining data from various co-
horts, researchers can better understand the genetic ar-
chitecture of periodontitis and identify more robust genetic
associations.

Adopting the meta-analysis approach associations be-
tween periodontitis and specific nucleotide variants at two

loci were identified. These findings support the involvement
of these genetic regions in the susceptibility to periodontitis,
aligning with other studies that have identified the same loci
(Munz et al., 2017). Another group identified a novel locus
associated with aggressive periodontitis (De Almeida et al.,
2024; Munz et al., 2017) which aligned with previous
research identifing the same locus in a different cohort.
Schaefer’s work similarly highlighted this region, re-
inforcing its potential role in the genetic susceptibility to
aggressive periodontitis.

Although there are now some consensus genetic as-
sociations, the overall discovery yield for periodontitis
traits from the first 15 years of GWAS studies has
been low. The possible reasons for this are discussed
below.

Soon after the first GWAS of caries in primary teeth
(Shaffer et al., 2011), Wang et al. (2012) published the first
on adult caries, in a relatively small sample. These early
studies generally had modest samples and relatively low
discovery yields (Shaffer et al., 2011, 2013; Wang et al.,
2012; Zeng et al., 2013).

Like studies of periodontitis, there has been a shift over
time towards larger samples, partially driven by the for-
mation of consortia and the use of genome-wide meta-
analyses. One example is the GLIDE (Gene-Lifestyle
Interactions in Dental Endpoints) consortium, which is a
collaborative research effort focused on understanding the
genetic and lifestyle factors influencing dental diseases,
specifically dental caries, and periodontitis. This consor-
tium (now in the second round of analysis) reported on
more than half a million individuals in 2019, combining
detailed clinical data with genetically validated proxy
phenotypes to investigate dental caries and periodontitis.
By leveraging self-reported dental disease proxies and
clinical measures in a meta-analysis, the study identified
novel risk loci for dental caries that were not detectable in
smaller, single-cohort studies (Shungin et al., 2019). Other
examples of researchers combining multiple cohorts to
enhance power include studies by Sofer et al. (2016),
Alotaibi et al. (2021), Haworth et al. (2018) and Orlova
et al. (2022).

Parallel to studies of adult populations, applications of
GWAS for childhood caries traits remain challenging due to
generally small samples with few consensus association
signals identified to date (Ballantine et al., 2018; Olatosi
et al., 2021). While a small number of genetic variants are
reportedly associated with childhood caries, the genes near
these variants often lack known functions in caries devel-
opment (Alotaibi et al., 2021). Like adult populations, there
has been a move towards consortia (Haworth et al., 2018;
Orlova et al., 2022).

In addition to enhancing statistical power, researchers
have made efforts to understand ancestry-specific ge-
netic effects using GWAS (Alotaibi et al., 2021; Orlova
et al., 2019). These studies aim to uncover genetic as-
sociations that might be missed in European-centric
studies. To date, however, most of the available litera-
ture relates to populations of European ancestry
(Table 2).
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Summary of GWAS in caries and
periodontal disease

GWAS has contributed to the knowledge of thousands of
genetic variants associated with different diseases and traits.
Compared to other complex systemic traits and diseases
(Andrews et al., 2023; Benafif et al., 2018; Caliskan et al.,
2021; IPDC, 2020; Mahajan et al., 2022; Walsh et al., 2023)
there is a clear gap between GWAS evidence on caries and
periodontitis. The discovery yield for caries and peri-
odontitis remains low compared to other common diseases.
The lack of GWAS results in diverse populations for caries
and periodontitis, is a further limitation. There are several
possible explanations for this evidence gap. Sample size
remains the most likely explanation, since oral examination
is impractical in large epidemiological studies. Oral health
traits are also difficult to measure compared to other
complex traits (e.g., height) in very large samples and
considerable investment is needed to undertake dental

examinations or develop systems which allow retrieval of
records from primary dental care. Such investment has not
always been available since funding for oral health
research has been limited compared to GWAS on general
health problems. In addition to the practical difficulties of
oral disease measurement, there are also methodological
challenges with measurement, since (unlike a trait such as
height), the phenotypic definition for caries or periodontitis
contains effects of both the disease and treatment. De-
termining the appropriate sample size for GWAS in caries
and periodontitis depends on multiple factors and con-
siderations, such as the complexity of the oral disease, the
genetic diversity and the population being studied. While it
may be possible to detect some associations in studies with
tens of thousands of individuals (Haworth et al., 2018;
Morrison et al., 2016), experience from other complex
traits suggests sample sizes of millions of participants will
be needed to saturate association discovery for common
variants.

Table 2. Examples of genome-wide studies of periodontitis and caries.

Author
Publication
year Trait

Genetic ancestry
of participants

Sample size total
(cases/controls)*

Significant
GWAS findings

Periodontitis
Schafer 2010 AgP1 European 641 (141/500) Yes
Teumer 2013 CP2 as: PAL3 or attachment loss >

4mm, CDC/AAP definition4 or
DPAL5

European 4032 (2215/1817) No

Divaris 2013 CP European 2867 (958/1909) No
Shaffer 2014 Probing dept >5.5 mm European 673 (176/497) No
Rhodin 2014 CP & periodontal pathogen

colonization
European 2584 (1823/761) No

Shimizu 2015 Local or generalized periodontitis Japanese 9573 (1593/7980) No
Munz 2017 AgP European AgP 8000 (896/7104) Yes

CP 2412 (993/1419)
Sanders 2017 Interproximal clinical attachment

level
Admixed Hispanic/Latino 10,935* Yes

Bevilacqua 2018 CP European 602 (442/160) Yes
Shungin 2019 CP (clinical or self-reported) Multiethnic 45,563 (17,353/28,210) Yes
Ishigaki 2020 Periodontitis (not specified) Japanese 3,219/209,234 No
Almeida 2024 Stage III/IV grade C periodontitis European 9123 (1306/7817) Yes

Caries
Shaffer 2011 Primary dentition European 1264 (618/646) No
Wang 2012 Permanent dentition, DMFS6,

DMFT7, DFS8, severity
Multi-ethnic 7443* No

Shaffer 2013 Permanent dentition, DMFS European 920* Yes
Morrison 2016 DMFT, DMFS Hispanic/Latino 12 803* Yes
Haworth 2018 Primary teeth, permanent teeth.

With/without treated caries
Multi-ethnic 17,037 (6,922/10,115) Yes

Shungin 2019 DMFS/DFS, Nteeth Multi-ethnic 26,792* Yes
Alotaibi 2021 Primary and permanent dentition Multi-ethnic 3856 (1050/2806) No
Olatosi 2021 ECC9 yes/no African 691 (338/353) No
Alotaibi 2021 Primary and permanent dentition

(DFT10/dft11)
Multi-ethnic Primary 1,116vbn Yes

Permanent 2570
Orlova 2023 ECC yes/no European 2967 (843/2124) Yes

*Not specified or quantitative measure is used. 1 = Aggressive periodontitis, 2 = Chronical periodontitis, 3 = probing attachment levels, 4 = Case definitions
Proposed for Population-Based Surveillance of Periodontitis (mild, moderate and severe disease), 5 = difference in mean PAL between 5-year follow-up and
baseline 6 = Decayed Missed Filled Surfaces 7 = Decayed Missed Filled Teeth 8 = Decayed Filled Surfaces 9 = Early Childhood Caries 10 = Decayed Filled
Teeth 11 = Decayed Filled Primary Teeth.
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Researchers apply different approaches to the phenotypic
definitions of caries, such as, continuous measures of De-
cayed, Missing and Filled teeth (DMFT) and binary traits.
Periodontitis definitions often include probing depth or self-
reported periodontitis but definitions vary even among these
variables (Table 1).

Population stratification presents a potential confounding
factor in GWAS of caries and periodontitis, because in-
dividuals with different demographic or ancestral histo-
ries, such as those influenced by immigration patterns,
often exhibit differences in dental health outcomes due to
environmental and socioeconomic factors, including
variations in diet, income and access to dental care. These
factors, shaped by demographic history, influence the
prevalence and severity of caries and periodontitis (Cruz
et al., 2009; Gómez-Costa et al., 2021; Julihn et al., 2010).
Allele frequencies vary by ancestral background, creating
a scenario where non-causal associations between single
nucleotide polymorphisms (SNPs) and caries or peri-
odontitis might be observed. Such spurious associations
result from the correlation between genetic variants and
ancestry-related environmental factors, rather than a di-
rect causal relationship with the dental condition under
study.

Finally, the genetic architecture of caries and peri-
odontitis appears highly polygenic, and the small genetic
effects of a polygenic trait are inherently harder to identify
than a trait with more blended or oligogenic architecture.
Further concerted efforts are needed to address this
evidence gap.

In general, GWAS for caries and periodontitis have
provided some insight into the genetic basis of these
important diseases, with some highlights presented in
Table 2. When looking at the overall picture of multiple
studies on caries and periodontitis, it becomes clear that
many studies face similar challenges due to these com-
plexities of genetic architecture, small effect sizes and
small sample sizes available, which often results in in-
sufficient statistical power. Continued research efforts,
emphasizing larger studies, more diverse populations, and
interdisciplinary collaboration, will be essential for un-
locking the full potential of GWAS in this field. Ongoing
efforts which aim to address these problems include the
second round of analysis in the GLIDE2 consortium
(Divaris et al., 2022).

In conclusion, GWAS have proved to be powerful tools
in identifying genetic variants associated with complex
traits. However, conducting GWAS for caries and peri-
odontitis presents several challenges, primarily because very
large samples are needed to detect small genetic effects. To
date, few genetic variants have been identified in GWAS for
caries and periodontitis compared to other prevalent dis-
eases. Further large-scale collaborative efforts are required
to better understand the genomic basis of these important
diseases.
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