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The advent of large-scale, phenotypically rich, and readily accessible data provides an un-
precedented opportunity for epidemiologists, statistical geneticists, bioinformaticians, and
also behavioral and social scientists to investigate the causes and consequences of disease.
Computational tools and resources are an integral component of such endeavors, which will
become increasingly important as these data continue to grow exponentially. In this review,
we have provided an overview of computational software and databases that have been
developed to assist with analyses in causal inference. This includes online tools that can
be used to help generate hypotheses, publicly accessible resources that store summary-level
information for millions of genetic markers, and computational approaches that can be used
to leverage this wealth of data to study causal relationships.

Breakthroughs in genotyping arrays have pro-
pelled the discovery of genetic variants from

across the human genome, which are robustly
associated with complex traits and disease
(Manolio 2010; Visscher et al. 2017; Trenkmann
2018). This widespread application of genome-
wide association studies (GWAS) has, according
to the GWAS catalog, identified over 150,000
associations between single base position genet-
ic variants (known as single-nucleotide poly-
morphisms [SNPs]) based on the conventional
threshold of P < 5 × 10−8 as of October 2019
(Buniello et al. 2019). Characterizing these find-
ings can help develop insight into the hereditary
component of complex disease, although, as dis-
cussed in the literature, they also provide an op-

portunity to undertake analyses in the field of
causal inference (Davey Smith and Ebrahim
2003). However, identifying the best way to lev-
erage and integrate the wealth of data from ge-
netic association studies into analytical frame-
works may be daunting for those without a
background in bioinformatics.

In this article, we provide an overview of
computational tools and resources that can be
used to help disentangle causal relationships be-
tween risk factors and disease outcomes. We
first consider web resources that have collated
and stored the vast amounts of publicly accessi-
ble summary-level data for trait-associated ge-
netic variants. Next, we provide an overview of
resources that can be useful to help generate
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hypotheses for causal inference studies. This
includes techniques such as linkage disequili-
brium (LD) score regression and constructing
polygenic risk scores (PRSs). Furthermore, we
highlight resources useful for variant annotation
and prediction that can also have implications
for causal analyses. This is followed by a discus-
sion of the types of software that have been de-
veloped to harness these large-scale data and
undertake studies in causal inference (such as
Mendelian randomization [MR]). We also re-
view some more recent developments in this
paradigm, including the application of causal
techniques to investigate molecular interme-
diate traits. We finish by showcasing resources
that have precomputed millions of genetic and
biological relationships. These may be valuable
both in terms of hypothesis generation and
identifying supporting evidence for existing re-
search.

CATALOGS OF HARMONIZED
SUMMARY STATISTICS FROM GENOME-
WIDE ASSOCIATION STUDIES

The widespread adoption of GWAS can be at-
tributed to technological advancements that
have facilitated accurate and cost-effective ap-
proaches to genotyping large-scale populations
(Oliphant et al. 2002; Syvänen 2005). However,
the simplicity of GWAS both in terms of study
design and interpretation of findings has also
contributed to its popularity. Essentially,
GWAS consist of millions of regressions where
associations surviving multiple testing correc-
tions cannot be attributed to reverse causation
and are unlikely to be prone to confounding
from unmeasured environmental factors. That
said, differences to population structure (also
known as “population stratification”) may con-
found findings unless appropriate covariates are
adjusted for. The overall premise of studies un-
dertaking GWAS therefore remains the same,
although there are differences in terms of how
outcomes are derived/normalized, types of stat-
istical models applied, genotyping platforms an-
alyzed, and how to most appropriately account
for population stratification.

As the number of GWAS being undertaken
has increased exponentially in recent years, this
has made it challenging to collate and curate a
standardized database of SNP-trait summary
statistics. This has motivated several research
groups to develop web resources that store mil-
lions of harmonized results from GWAS. Per-
haps the most well known is the GWAS catalog
(www.ebi.ac.uk/gwas) hosted by the European
Bioinformatics Institute (Buniello et al. 2019).
Along with a web interface to query whether
this database contains summary statistics for
specific risk factors and outcomes, they have
also made the full catalog accessible for down-
load.Whereasmost studies in theGWAS catalog
originally only recorded genome-wide “sig-
nificant” SNPs (commonly defined as SNPs
with an association of P < 5 × 10−8), a growing
number of studies are being made available with
full summary statistics, with a dedicated appli-
cation programming interface (API) to access
the data programmatically (www.ebi.ac.uk/gwas/
summary-statistics/docs). The European Bioin-
formatics Institute (EBI)GWAScatalogprevious-
ly only recorded published GWAS, although it
has recently begun accepting submission of un-
published datasets. Several unpublished GWAS
datasets have been of tremendous help to the sci-
entific community, suchas those conductedusing
data from the UK Biobank (UKB) study (Sudlow
et al. 2015; Bycroft et al. 2018) by the Neale labo-
ratory (www.nealelab.is/uk-biobank).

A recently developed database of GWAS
summary statistics is the GWAS Atlas (atlas
.ctglab.nl) (Watanabe et al. 2019). This platform
allows graphical illustrations of GWAS findings
using Manhattan plots as well as other conven-
tional downstream analyses undertaken by these
types of studies (e.g., SNP heritability statistics
[Yang et al. 2010], gene set enrichment analyses
[de Leeuw et al. 2015]). SNPs and gene-based
phenome-wide association studies (PheWAS)
evaluations can also be undertaken, which in-
volves collating associations at a single genetic
locus across many different outcomes and traits.
Other noteworthy platforms include Pheno-
Scanner (www.phenoscanner.medschl.cam.ac.uk)
(Staley et al. 2016) and the GeneATLAS (geneat
las.roslin.ed.ac.uk) (Canela-Xandri et al. 2018).
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Many large-scale GWAS consortia and studies
have contributed substantially to these data-
bases, which would not be possiblewithout their
dedication to open science. Consequently, there
is also a large degree of overlap between the
summary statistics hosted by each of these plat-
forms.

A database that has been developed more
specifically with the aim of facilitating endeavors
in causal inference is the Integrative Epidemiol-
ogy Unit (IEU) OpenGWAS database (gwas
.mrcieu.ac.uk). This database is the primary
data source for the MR-Base platform (www
.mrbase.org) (Hemani et al. 2018), which will
be discussed later in this review. Similar to the
GWAS catalog, the IEU OpenGWAS database
has an API (gwasapi.mrcieu.ac.uk), which re-
trieves relevant GWAS summary statistics based
on queries fromusers. Effect estimates for an SNP
across all traits in the database can also be under-
taken at gwas.mrcieu.ac.uk/phewas. An overview
of the resources highlighted in this section along
with a glossary of terms can be found in Table 1.
A flowchart of how summary statistics obtained
from these databases can be used for causal in-
ference analyses is shown in Figure 1, to accom-
pany the subsequent sections of this article.

GENERATING HYPOTHESES FOR CAUSAL
INFERENCE USING INFORMATIC
APPROACHES

Various approaches have been used in the fields
of genetics and bioinformatics to uncover poten-
tial causal relationships between environmental
exposures and disease outcomes. Such analyses
can therefore be valuable in terms of generating
hypotheses, for which more rigorous evaluations
can then be undertaken to more robustly discern
whether they may be attributed to an underlying
causal effect (Pingault et al. 2018). An increasing-
ly popular approach to this in the field of genetic
epidemiology is genetic correlation analyses, typ-
ically undertaken using LD score regression (Bu-
lik-Sullivan et al. 2015a,b). If two traits share a
high genetic correlation, then it suggests that a
substantial proportion of genes contribute to
the variation in both. This may therefore indicate
a possible causal relationship (i.e., an individual’s
genotype predisposes them to trait A, which in
turn has a causal effect on trait B, also referred to
as “vertical pleiotropy”) (Fig. 2A). Conversely,
such correlations could arise by a shared genetic
etiology (i.e., the genes that predispose an indi-
vidual to trait A also happen to influence varia-

Table 1. An overview of resources containing genetic associations that can be harnessed to infer causal rela-
tionships along with a glossary of terms used in this field

Resource URLs

European Bioinformatics Institute genome-wide
association studies (EBI GWAS) catalog

www.ebi.ac.uk/gwas

The UK Biobank (UKB) study www.ukbiobank.ac.uk
The Neale laboratory UKB GWAS analysis www.nealelab.is/uk-biobank
The GWAS Atlas atlas.ctglab.nl
PhenoScanner www.phenoscanner.medschl.cam.ac.uk
GeneATLAS geneatlas.roslin.ed.ac.uk
Integrative Epidemiology Unit (IEU)

GWAS database
gwas.mrcieu.ac.uk

MR-Base www.mrbase.org

Glossary of terms Definitions

Population stratification Differences in the allele frequencies of genetic variants
between populations

Heritability Variation in a complex trait or disease outcome attributed to
genetic variation in a population

Gene set enrichment An overrepresentation of a predetermined group of genes
compared to a randomly selected background set
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tion in trait B but via a separate causal pathway,
also known as “horizontal pleiotropy”) (Fig. 2B).

Along with standalone software, which is
available to undertake LD score regression
(github.com/bulik/ldsc), a database full of pre-
computed correlations has been developed
known as LD Hub (ldsc.broadinstitute.org/
ldhub) (Zheng et al. 2017). Furthermore, LD
Hub allows users to upload their ownGWAS sum-
mary statistics to screen for genetic correlations
using publicly available results. Although these
types of analyses have become routinely undertak-
enusing summarystatistics, it shouldbenoted that
they can be more powerfully estimated using indi-
vidual-level data (Lee et al. 2012; Speed et al. 2017).

Another area of increasing interest in the
field of genetic epidemiology in recent years is
the use of PRS to predict risk of disease. A PRS is
commonly defined as the summed score of risk
alleles that an individual harbors, weighted by
effect sizes obtained from GWAS. Although
this concept has existed for some time (Evans
et al. 2013), PRSs are now being considered to
be “coming of age” as they are being constructed
in increasingly large sample sizes thanks to co-
horts with accessible individual-level data (e.g.,
the UKB study) (Khera et al. 2018). Although

conventionally used for predicting the same out-
come they have been constructed for (e.g., assess-
ing how well a PRS for coronary heart disease
[CHD] predicts incidence of it in a separate pop-
ulation), their application to different outcomes
may potentially highlight underlying causal rela-
tionships (Evans et al. 2013). For example, the
PRS of low-density lipoproteins (LDLs) predicts
CHD very strongly in a separate population be-
cause LDL is a well-known risk factor for this
outcome (Richardson et al. 2019a). However, as
with LD score regression, associations between a
PRS and an alternate trait could also indicate
shared genetic etiology instead of causality.
Such findings should therefore also be rigorously
evaluated using follow-up analyses to try and dis-
tinguish between these two explanations.

A popular approach to construct PRS is by
using the genetic association software PLINK
(Chang et al. 2015), although other bespoke
PRS software options are also available such as
PRSice (Euesden et al. 2015). Finally, a precom-
puted database of PRS associations generated
within the UKB study can be found at mrcieu
.mrsoftware.org/PRS_atlas, which allows inter-
active visualizations of findings in a phenome-
wide manner (e.g., assessing the systematic

Software and analysis Extended analyses

•  Mendelian randomization (MR) (e.g.,
   “TwoSampleMR” and “MR”
   R packages)
•  Latent class variable (LCV) analysis
   (github.com/lukejoconnor/LCV)
•  Structural equation modeling (SEM)

•  Cochran’s Q statistics to assess
   heterogeneity
•  Evaluating evidence of horizontal
   pleiotropy using MR Egger regression
•  Evaluating directionality using MR
   Steiger filtering
•  Genetic colocalization to evaluate
   LD structure at genetic loci

Hypothesis generation Genetic instrument identification

•  Linkage disequilibrium (LD) score
   regression
   (Idsc.broadinstitute.org/Indhub)
•  EpiGraphDB
   (www.epigraphdb.org)
•  Polygenic risk score (PRS) analysis
•  Drug targets
   (e.g., www.opentargets.org)

•  Biological knowledge
   (e.g., www.genecards.org)
•  Functional prediction
   (e.g., gnomad.broadinstitute.org)
•  Text-mining
   (e.g., www.melodi.biocompute.org.uk)
•  Molecular datasets (e.g., circulating
   proteins)

Figure 1. A flowchart showing potential analysis pipelines that can be constructed using the tools and resources
described in this article.
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association between a selected PRS and 551 dif-
ferent traits) (Fig. 3; Richardson et al. 2019a).

CURATED RESOURCES TO HELP DESIGN
CAUSAL ANALYSES

Along with the data-driven approaches high-
lighted in the previous section, which can help
develop hypotheses, more conventional ap-
proaches, such as reviewing the relevant litera-
ture, remain integral to study designs in causal
inference using genetic data. However, given
that this is typically a time-consuming endeavor,
there are curated databases that can assist in this
regard. For instance, developing insight into the
genetic variants being harnessed (or the region
of the genome they are located at) can be gath-
ered using resources such as the Online Mende-
lian Inheritance in Man (OMIM) (omim.org)
(Amberger et al. 2015), GeneCards (www
.genecards.org) (Stelzer et al. 2016), and En-
sembl (ensembl.org) (Zerbino et al. 2018) plat-
forms. Text-mining is another branch of bioin-
formatics that can be valuable for hypothesis
generation. One such approach to this is MEL-
ODI (www.melodi.biocompute.org.uk), which
can help identify links and potential intermedi-
ates between risk factors and outcomes, as well
as highlight genes that may play a role in confer-
ring disease risk (Elsworth et al. 2018). For ex-
ample, a user may have a target disease outcome
they are interested in researching the causal de-
terminants of. Platforms such asMELODI allow

users to mine the relevant literature for that dis-
ease and return a list of potential risk factors for
it, which can be followed up in causal analysis.

Biological insight into the genes that under-
lie an association from GWAS can help identify
genetic variants useful as powerful instrumental
variables for causal analyses. This is because
they can help to validate assumptions being
made, such as those regarding horizontal plei-
otropy as previously mentioned, or that genetic
variants only influence a disease outcome be-
cause of their initial effect on the risk factor
being studied (Davey Smith and Ebrahim
2003). For example, SNPs at the CHRNA5 locus
have been used previously to instrument smok-
ing as a risk factor, given that this gene is a
nicotinic acetylcholine receptor and plays an
important role in smoking heaviness and cessa-
tion (Taylor et al. 2014; Gage et al. 2017). Like-
wise, the variant rs671 has been used to instru-
ment alcohol intake in previous studies. This
missense SNP (located in the ALDH2 gene) is
responsible for encoding a form of the aldehyde
dehydrogenase 2 protein, which does not effec-
tively metabolize alcohol. As a consequence, in-
dividuals who carry two copies of the minor
allele at this locus typically do not drink as
they are less able to clear alcohol from their sys-
tem. As such, it has been used in Asian popula-
tions (where it is polymorphic) to demonstrate
the effects of alcohol on health and disease, such
as increased risk of stroke and high blood pres-
sure (Chen et al. 2008; Cho et al. 2015;Millwood

Genetic variant

Genetic variant

Trait A

Trait A

Trait B

Trait B

Vertical pleiotropy

Horizontal pleiotropyB

A

Figure 2. Direct acyclic graphs depicting the difference between (A) vertical pleiotropy, and (B) horizontal
pleiotropy.
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et al. 2019). This illustrates the value of selecting
genetic variants as instrumental variables with
prior biological knowledge for causal analyses,
particularly as GWAS continue to uncover in-
creasingly large number of variants to select in-
struments from.

Along with biological relevance, the predict-
ed consequence of genetic variants may also
be important to consider for future studies.
For example, a genetic variant in a coding se-
quence, which is predicted to change the amino
acid sequence of a protein (known as a “non-
synonymous” variant), is more likely to have a
downstream consequence on a risk factor or
disease as opposed to SNPs predicted to have
a benign impact. In terms of software, the
gnomAD database (gnomad.broadinstitute.org)
is regarded as having one of the most compre-
hensive catalogs of predicted variant conse-
quences to date (Karczewski et al. 2019). There
are also variants that are predicted to result in a
protein losing its function (known as “loss-of-
function” variants). The majority of these are
rare in populations because of their detrimental
impact, although particularly given the increas-

ing sample sizes for exome sequencing datasets,
they may be potentially useful for future causal
analyses. Other resources that provide informa-
tion regarding variant consequences include
ClinVar (www.ncbi.nlm.nih.gov/clinvar), which
is based on data collection from clinical testing,
research, and reports from the literature (Land-
rum and Kattman 2018). Additionally, there are
various machine learning approaches that
base their predictions of variant consequences
on biological features from a plethora of
resources. This includes FATHMM (fathmm
.biocompute.org.uk) (Shihab et al. 2013), CADD
(cadd.gs.washington.edu) (Kircher et al. 2014),
SIFT (sift.bii.a-star.edu.sg) (Ng and Henikoff
2003), and Polyphen-2 (genetics.bwh.harvard.
edu/pph2) (Adzhubei et al. 2010).

SOFTWARE IN CAUSAL INFERENCE

The resources reviewed in the previous sections
provide a treasure trove of data for researchers
interested in causal inference, given the scale of
SNP-trait effect estimates concerning a vast
breadth of risk factors and outcomes. There is
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also a plethora of software available to leverage
GWAS results using these platforms to develop
insight into causal relationships in disease. For
instance, the IEU OpenGWAS database pre-
viously mentioned is specifically tailored toward
MR analyses, a method by which genetic var-
iants are harnessed as instrumental variables
to help infer causality among correlated traits.
The TwoSampleMR package (github.com/
MRCIEU/TwoSampleMR) (Hemani et al. 2018)
has been developed to contact the API for this
database and provides a convenient way to ex-
tract and use the data for two-sample MR. A
large proportion of the GWAS results contained
in the IEU GWAS database have been gathered
from analyses in the UKB study (Elsworth et al.
2020). This summary-level data has also been
standardized to facilitate the interpretation of
results fromMR analyses. A user-friendly front-
end for this software is also available at www
.mrbase.org.

The TwoSampleMR package includes vari-
ous techniques developed in the field to evaluate
causal relationships using genetic variants. This
includes (but is not limited to) established meth-
ods in the field such as the Wald ratio, inverse
variance weighted (Burgess et al. 2013), MR-Eg-
ger (Bowden et al. 2015), weightedmedian (Bow-
den et al. 2016), and weighted mode (Hartwig
et al. 2017) approaches. There are also various
sensitivity analyses commonly used in MR anal-
yses, which are facilitated by the package, such as
leave-one-out analyses, evaluations of horizontal
pleiotropy based on theMR-Egger regression in-
tercept, and analysis of heterogeneity in a two-
sample setting. Plots are also readily generated by
the platform to assist with such evaluations. In-
creasingly important is identifying and removing
instruments in analyses that are prone to invali-
dating the underlying assumptions of MR. This
includes SNPs, which influence a disease out-
come along a different causal pathway to one
involving a given exposure. This is themotivation
behind the MR Steiger directionality test (He-
mani et al. 2017b), also referred to as “Steiger
filtering.” This sensitivity analysis involves re-
moving SNPs from MR analyses, which are
more strongly correlated with the disease out-
come than the exposure being analyzed and can

also be implemented using the TwoSampleMR
package.

This software also has the functionality to
convert genetic data into a suitable format for
other packages. This includes the “Mendelian-
Randomization” package (Yavorska and Burgess
2017). Other standalone R packages developed in
the field are also available, such as MR-PRESSO
(Verbanck et al. 2018), MR-RAPS (Zhao et al.
2019),andMR-TRYX(Choetal.2020).Addition-
ally, power calculations forMR studies can be un-
dertaken using an online tool accessible at cnsge-
nom ics.com/shiny/mRnd (Brion et al. 2013).

There are also recently developed software
approaches that harness genetic variants to infer
causal relationships and do not rely upon the
assumptions of MR. This includes a latent class
variable (LCV) approach based on the genetic
correlation between two traits (O’Connor and
Price 2018) with open source code available
at github.com/lukejoconnor/LCV. Additionally,
approaches using structural equation modeling
(SEM) are becoming increasingly popular in the
field of genetics to help infer causality (Warring-
ton et al. 2018), and the software to undertake
such analyses is being developed in parallel (for
example, at github.com/MichelNivard/Genomic
SEM/wiki) (Grotzinger et al. 2019).

CAUSAL VARIANTS AND INTEGRATION
WITH MOLECULAR TRAITS

LD structure across the human genome results
in nearby SNPs being correlated with one an-
other. Consequently, it can be challenging to
pinpoint the exact SNP that is responsible for
an association with a complex trait or disease.
Furthermore, this correlation that can exist be-
tween neighboring genetic variants alsomakes it
challenging to disentangle independent instru-
ments to use in a causal framework. Using
correlated instruments in an MR analysis may
lead to false-positive discoveries, essentially be-
cause of “double counting.”A popular approach
to separate independent effects is using genetic
data from a separate population of individuals
(known as a “reference panel”) and undertake
“LD clumping.” This involves identifying the
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SNP with the strongest association in a region
(typically based on observed P-values) and then
removing all nearby effects that are in LD with
the lead SNP. LD clumping can be routinely
undertaken using the software PLINK (Chang
et al. 2015) and can be undertaken using sum-
mary-level information (as well as with individ-
ual-level data) as long as an appropriate refer-
ence panel based on a population of the same
ancestry as analyzed is used. Additionally, using
conditional analyses to identify independent
SNPs, for instance using the GCTA-mtCOJO
software (Zhu et al. 2018), is becoming increas-
ingly popular as an alternative to LD clumping.

LD structure also makes it difficult to distin-
guish whether overlapping association signals
from separate GWAS are driven by the same
causal SNP. This can be directly relevant to causal
analyses as two traits that share the same causal
variant at a locus suggests that a relationship may
exist between them (e.g., an SNP has a direct
effect on trait A, which in turn influences trait
B).Methods that examinewhethermultiple traits
share a causal variant at a region are known as
techniques in “genetic colocalization.” Popular
approaches include eCAVIAR (Hormozdiari
et al. 2016), coloc (Giambartolomei et al. 2014),
moloc (Giambartolomei et al. 2018), enloc (Wen
et al. 2017), and Heidi (Zhu et al. 2016). In par-
ticular, their use is becoming popular to investi-
gate whether GWAS associations overlap with
effects on molecular traits, such as gene expres-
sion (Zhu et al. 2016; Taylor et al. 2019; Porcu
et al. 2020), epigenetic signatures (e.g., DNA
methylation) (Hatcher et al. 2019; Richardson
et al. 2019b), and plasma proteins (McGowan
et al. 2019; Zheng et al. 2020). Identifying evi-
dence suggesting that a variant influences a mo-
lecular trait as well as a disease outcome has var-
ious translational applications. For instance, such
findings may help understand which tissue types
are important for a given disease outcome (e.g.,
genes that influence our risk of neurological dis-
ease likely exert their effect through changes to
expression in brain tissue) (Franceschini et al.
2018; Taylor et al. 2019). Likewise, techniques
in genetic colocalization are becoming increas-
ingly used to prioritize which genes may make
worthwhile drug targets (Kibinge et al. 2020).

Techniques in genetic colocalization require in-
formation regarding the LD structure at regions
analyzed, which can either be derived from indi-
vidual-level data or a valid reference panel.
Current developments in this paradigm involve
sensitivity analyses concerning the prior distribu-
tions of two traits sharing a causal variant, as well
as undertaking conditional analyses on lead var-
iants in a region (Wallace 2020).

COMPUTATIONAL RESOURCES TO
SYSTEMATICALLY EVALUATE EVIDENCE
OF CAUSALITY

Another trend in the field is the increasing pop-
ularity of web resources that allow users to query
databases on precomputed results from causal
analyses. This includes theEpiGraphDBplatform
(epigraphdb.org), which has a dedicated API and
a standalone R package (github.com/MRCIEU/
epigraphdb-r). EpiGraphDB contains results
from MR-EvE and also from systematic MR of
protein and transcript levels on outcomes from
the IEU GWAS database. The systematic results
ofMRanalysis of genes andproteins onhundreds
of diverse traits can be a powerful approach to
evaluate potential beneficial and adverse effects
of therapeutic intervention (Richardson et al.
2020; Zheng et al. 2020). The EpiGraphDB plat-
form has multiple browsers, which allow these
results to be interrogated, such as the genetically
predicted effects of 1740 plasma protein (epi-
graphdb.org/pqtl) and 16,058 whole-blood-de-
rived transcripts (epigraphdb.org/xqtl) on 576
complex traits andoutcomes. In addition to caus-
al estimates, EpiGraphDB integrates data from
the biomedical literature, pathway databases,
drug target databases, observational correlations,
and genetic correlations. The integration of sys-
tematic molecular MR results with pathway and
drug target data offers valuable insights for drug
target prioritization, validation, and reposition-
ing purposes (see Fig. 4).

EpiGraphDB also hosts the MR of “every-
thing vs everything” (MR-EvE) database, which
contains effect estimates from MR analyses to
evaluate the pairwise relationships between
2407 traits and diseases (Hemani et al. 2017a).
This was achieved through the use of a mixture-
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of-experts machine learning framework to pre-
dict the most appropriate MRmethod to under-
take analyses between a pair of phenotypes.
Furthermore, information on this can be found
in the associated preprint (Hemani et al. 2017a).
Other resources that have been developed for
this purpose include the Open Targets platform
(www.opentargets.org), which has been con-
structed by a partnership of seven academic
and industrial institutions with the overall aim
of prioritizing the efficacy and safety of thera-
peutic targets (Koscielny et al. 2017).

CONCLUSIONS AND FUTURE DIRECTIONS

The availability of high-dimensional epidemio-
logical datasets is increasing at an exponential
rate both in terms of scale and complexity. There
is therefore a demand for computational tools

and resources that can collate and analyze these
data appropriately to assist researchers in the
field of causal inference. Key developments
that are likely needed by future research include
an emphasis on how to integrate various lines of
data and evidence together. Furthermore, there
are other factors that are becoming increasingly
important to account for when using GWAS
results to investigate causality. These include as-
sortative mating (Howe et al. 2019) and dynastic
effects (Brumpton et al. 2020), the latter of
which is discussed recently in a review of MR
in family study designs (Hwang et al. 2020).

Along with statistical and methodological
considerations, novel computational methods
and resources will be needed to rise to these
forthcoming challenges. Doing so will improve
our capability to make robust claims of causality
through the triangulation of many lines of evi-
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dence (Munafò and Davey Smith 2018; Munafò
2020). The characterization of increasingly
complex causal pathways is another aspect of
future research where computational approach-
es will play an important role. There will need to
be additional consideration in terms of the com-
putational burden, which will be incurred from
analyzing large-scale and complex datasets. As
highlighted in this review, many approaches are
beginning to be developed to handle summary-
level information as well as individual-level data.
This will be increasingly important for future
research, particularly given that individual-level
datasets will continue to grow exponentially in
terms of scale. Challenges such as this present an
exciting opportunity for the development of
cutting-edge research in the fields of bioinfor-
matics and causal inference.
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