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Causal inference formultiple risk factors and
diseases from genomics data

Nick Machnik 1,5 , Mahdi Mahmoudi 2,5, Malgorzata Borczyk 3,
Ilse Krätschmer 1, Markus J. Bauer4 & Matthew R. Robinson 1

Mendelian randomization, the standard instrument variable causal-inference
approach for genomics, can be severely biased by inadequate selection of
appropriate instrument variables and horizontal pleiotropy. We introduce
Causal Inference GWAS, a graphical approach that selects genetic instruments
from summary statistics controlling for linkage and pleiotropy, accom-
modates rare variants and binary outcomes, distinguishes direct from indirect
risk factors in high dimensions, and flags latent confounding. Applied to 9 risk
factors, 4 metabolic disease outcomes, and 8.4M variants across 458,747 UK
Biobank individuals, our method runs in 20 minutes, identifying only 696
genome-wide valid instruments. We replicate nearly all previously reported
risk factor-outcome paths, but find that most are indistinguishable from
unmeasured confounding. This suggests robust biobank causal inference will
require longitudinal and family data to resolve temporal precedence from
reverse causation. Our approach offers a principled first step toward screening
genuine causal signal from phenotypic correlation in biobank data.

Distinguishing causation from correlation is fundamentally important
for understanding the etiology of common complex diseases. Rando-
mized controlled trials (RCTs) are the gold standard for causal infer-
ence, but their difficulty, expense, and ethical considerations often
prohibit testing potential disease-associated risk factors across the
vast array of human complex traits. As a result, the most commonly
used methods for statistical causal inference in a genetic or biome-
dical setting center around the instrumental variable (IV) framework
of Mendelian randomization (MR)1,2. A wide variety of MR approa-
ches have been developed to test whether there exists a potential
causal effect of one or more mediator variable(s) onto one or
more outcome variable(s) using genome-wide association study
(GWAS) data3–16.

MR relies on core assumptions that: (1) the genetic instrumental
variables are associatedwith the exposure (the relevance assumption);
(2) there arenomeasured or unmeasured confounding variables of the
instrumental variable and the outcome Y (termed the independence
assumption); and (3) all paths between the instrumental variable and

the outcome go through the exposure (exclusion restriction or no
horizontal pleiotropy assumption). These assumptions are notoriously
difficult to verify directly in empirical applications, and violations of
independence and exclusion restriction in particular can substantially
inflate type I error, producing spurious claimsof causationwhere none
exists17.

Theoretical developments in statistical causal inference show that
graphical modeling can be used to learn the underlying causal struc-
ture of hundreds of variables, whilst controlling for potential unob-
served confounding within a single model18–20. As we describe below,
combining graphical inference with standard MR methods has the
potential to prioritize exposure-outcome pairs and to select instru-
mental variables in a principled manner by explicitly verifying MR
assumptions. However, there are currently no algorithms capable of
conducting this form of causal discovery at scale. Developing these
approaches to accommodate highly correlated variables across
diversedistributions andmillions of highly correlated geneticmarkers,
whilst allowing data to be combined across biobanks, would facilitate
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accurate, high-throughput screening of potential causal links between
modifiable risk factors and disease outcomes.

Here, we propose an approach for conducting Causal Inference in
Genome-Wide Association Studies (CI-GWAS) that can infer a single
graph at scale describing the relationships among millions of genetic
markers, tens of risk factors andmultiple disease outcomes. We utilize
the inferred graph for more principled detection of potential IVs,
controlling for linkage disequilibrium (LD) genome-wide and provid-
ingbetter empirical checking of coreMRassumptions, in particular the
absence of horizontal pleiotropy and potential latent confounding of
the marker outcome relationship. In simulations, we show that CI-
GWAS selects appropriate IVs and that this improves upon the high
false discovery rates of current MR approaches under violation of the
INSIDE assumption (i.e., correlated pleiotropy / heritable confound-
ing). Our approach can accommodate rare variants and rare disease
outcomes by placing relationships on the liability scale to correct for
differences in outcome prevalence. Applying CI-GWAS to summary
statistic data of 8.4M SNPs and 15 phenotypes requires only 20 min-
utes ofwall-clock compute time on a standardGPU server.Wefind that
few GWAS variants are suitable MR IVs, but that many previously
reported paths among risk factors and outcomes11 can be recovered
within both univariate and multivariable methods. Further investiga-
tion reveals that within the UK Biobank, unmeasured latent con-
founding cannot be ruled out as a potential underlying explanation for
the phenotypic relationships that we report. CI-GWAS can be applied
to individual-level or summary-statistic data and provides a potential
solution for facilitating robust one- or two-sample MR inference on
large-scale genotype-phenotype data.

Results
The CI-GWAS algorithm
Here, we present CI-GWAS, an algorithm designed to learn a graphical
model that describes the causal relationships among genetic and
phenotypic variables. CI-GWAS constructs such a model in two steps:
(1) by learning a skeleton, anundirected graphover the set of observed
variables; (2) by directing the edges in the skeleton to obtain a partial
ancestral graph (PAG), while taking into account potential confound-
ing through latent variables. The inferred graph encodes which causal
relations are compatible with the data's conditional independence
structure. In the following, we showhow the learned graph canbe used
in conjunction with an MR method to infer a set of potential causal
relationships and their effects.

In the first step, the skeleton is learned by a modified version of
the PC-stable algorithm21, in which the correlations between observed
pairs of variables are tested for significance, conditional on sets of
other observed variables (seeMethods for a thorough explanation). All
edges between pairs for which any test has determined the association
to be insignificant are removed from the graph. Thus, for any adjacent
pair of variables in the final skeleton, there exists a degree of correla-
tion that cannot be explained away by conditioning on any subset of
observed variables.

One very useful property of the learned skeleton is that it enables
the identification of likely valid instrumental variables for MR. We
explicitly define valid MR instruments in a finite sample as those that
are associated with the exposure but not with the outcome after
conditioning on the exposure. We can identify valid IVs based on the
conditional independence tests conducted, which ensure that the
common MR assumptions about instrumental variables hold. In par-
ticular, by inspecting the learned graph, one can verify the following
assumptions: (1) that the genetic instrumental variables are associated
with the exposure; (2) that there are no measured or unmeasured
confounding variables of the instrumental variable and the outcome Y;
and (3) that all paths between the instrumental variable and the out-
come go through the exposure. The conditions thatmust bemet in the
learned graph for these assumptions to hold are simple: for a given

exposure trait X and an outcome trait Y, any marker G, found to be
adjacent to X and not adjacent to Y and for which all paths to Y contain
X, is a valid instrument to test the effect of X on Y, under the
assumption that the learned skeleton is faithful to the underlying
distribution.

These conditions ensure that the relevance assumption holds for
(G,X), becauseG andX are adjacent only if there is a significant effect of
G on X that cannot be explained away by conditioning on any other
measured variables. The independence assumption also holds for
(G, Y), because, if G and Y are affected by unobserved latent con-
founding, a dependency is induced and G and Y remain adjacent in the
skeleton, since no conducted test can remove the dependency. If they
are, on the other hand, affected by a common confounding variable
that ismeasured and therefore in the graph, then there is a path fromG
to Y that does not contain X, namely through that confounding vari-
able. The exclusion restriction also holds for (G, Y) by similar argu-
ments: if G has a direct effect on Y, they are adjacent in the graph. If G
has an effect on Y that ismediated by a third variable L, this path canbe
either read off the graph (if L is measured) or again appears as an
adjacency of G and Y if L is latent.

However, this approach has limitations. In particular, there exist
configurations of effects and effect sizes under which these rules
will produce false positive and also false negative IVs in the presence
of unmeasured confounding. First, it is possible that (G, Y) are not
adjacent in the skeleton even if there is a path from G to Y that does
not include X. This happens when there exist multiple paths from G
to Y in the data-generating structure whose total effect sizes cancel
each other out22,23. If not all relevant variables are measured, the
latent paths will not be visible in the graph, and Gwill be marked as a
valid IV, thereby making a false positive error. Second, in the pre-
sence of an unmeasured confounder U of X and Y, G and Y may stay
adjacent in the skeleton due to collider bias, if the association
through the path G → X ← U → Y is large enough in magnitude to be
significant in the conditional independence test. Our rules will
produce false-negative errors in this situation, removing potentially
valid instruments. In summary, this shows that by inspecting
the learned skeleton, one can select variables for which the above-
stated MR assumptions hold, assuming no latent confounding.
However, the selection may be flawed if not all relevant variables
are measured. We investigate to what extent confounding impacts
the performance of our algorithm in extensive simulation
experiments below.

Ourprocedure to learn the skeleton is basedonaGPU-accelerated
version of the PC-stable algorithm21,24, which we additionally acceler-
ated by iterative variable selection and by exploiting the LD-block
structure of the genome. This enables us to construct a complete
marker-trait graph, for millions of markers and tens of traits, despite
the exponential run-time scaling in the number of variables of the PC
algorithm. One challenge here is that the PC algorithm relies on partial
correlations vanishing for (conditionally) independent variables,
which generally holds for Gaussian variables? but not necessarily for
binary or ordinal variables. We find that treating binary case-control
outcomes like Gaussian variables can lead to largely elevated numbers
of false positive findings, especially for independence tests between
markers with very low minor allele frequencies and binary traits with
very unbalanced numbers of cases and controls (Supplementary
Fig. 1). As has been shown in previous work25, a heterologous correla-
tion matrix with Pearson correlations between Gaussian, polyserial
between Gaussian and ordinal and polychoric correlations between
ordinal variables can be used to prevent this issue. This effectively
places binary variables on the liability scale and has the additional
advantage of allowing comparisons among traits at the same scale,
accounting for differences in outcome prevalence. At the sample size,
lowest minor allele frequency and lowest trait prevalence in the UK
Biobank data used in this study, using polyserial correlations between
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markers and case-control traits is effective in controlling the numbers
of false positives (Supplementary Fig. 1).

This first step of the algorithm can be combined with the second
to prioritize exposure-outcome pairs, through selection of risk factors
that are most likely to have a significant directed partial correlation
with a particular outcome. The second step is based on the RFCI
algorithm20, which attempts to direct the edges of the learned skele-
ton, testing for the presence of latent confounding. We introduce a
novel way to obtain order-independent separation sets that offer a
conservative way of orienting trait relationships, that is, to learn which
phenotypes have evidence for a potential directed relationship with
each outcome. We also incorporate prior knowledge that markers
precede traits temporally, which dramatically reduces computation
time. We denote our version of RFCI as sRFCI. For further details, see
Methods.

Taken together, we improve upon previously proposed graphical
methods thatwere limited to few hundreds26 or thousands27 of genetic
variables or relied on the construction of separate graphs for trait-trait
and marker-trait relationships with pre-selected genetic variants by
GWAS17. Combining graphical inference with standard MR methods
takes advantage of the principled instrumental variable selection and
the identification of relevant risk factors. This also advances previous
work on graphical inference in MR17 because now marker selection is
made through joint estimation, where many variables can be condi-
tioned on at once, and pleiotropic markers can be identified prior to
MR inference, promising more accurate instrumental variable selec-
tion and improved MR performance as shown below.

CI-GWAS takes as input: (1) the matrix of marker-marker correla-
tions (an LD matrix); (2) a matrix of marker-trait correlations; (3) a
matrix of trait-trait correlations. This makes CI-GWAS applicable to
summary-statistic data, since LD matrices, effect sizes of marker-trait
associations, minor allele frequencies, trait variances and trait-trait
correlations can be shared whilst preserving privacy.

CI-GWAS controls for horizontal pleiotropy in instrumental
variable selection
Here, we study how the usage of IVs selected by CI-GWAS in MR
compares to standard GWAS-based IV selection. To this end, we con-
duct a simulation study using 654,173 imputed genetic markers
recorded on 458,747 UK Biobank individuals (see Methods). We
simulate data according to the graph generally considered in MR stu-
dies, shown in Fig. 1a.

We generate strong unobserved confounding,U, influencing both
the exposure and outcome of interest, and focus on the three MR
assumptions, given above, by simulating six scenarios where: (1)
genetic effects are strong and therefore easily identifiable and there is
no horizontal pleiotropy, or latent genetic confounding (labeled:
baseline, high power); (2) genetic effects are weak and therefore more
difficult to identify, effects are estimated with higher error and there is
no horizontal pleiotropy or latent genetic confounding (labeled:
baseline, low power); (3) genetic effects are easily identifiable and
there is latent genetic confounding (latent pleiotropy, high power); (4)
genetic effects are difficult to identify and there is latent genetic
confounding (latent pleiotropy, low power); (5) genetic effects are
easily identifiable and there is both latent genetic confounding and
horizontal pleiotropy (horizontal pleiotropy, high power), which is
also termed correlated pleiotropy or heritable confounding in the lit-
erature; (6) genetic effects are difficult to identify and there is both
latent genetic confounding and horizontal pleiotropy (horizontal
pleiotropy, lowpower). For each scenario,we simulate the exposure to
be either causal for the outcome with average causal effect ACE = 0.2,
or non-causal for the outcome ACE = 0.0, resulting in 12 settings for
which we simulate 100 replicates. Thus, we generate 1200 data sets in
total, each with a sample size of 458,747 individuals and a feature size
of 654,172 SNPs.

For each of these data sets, we select IVs in two ways. First, we run
standard marginal linear regression for X and Y at each of the 654,172
SNPs and then select IVs as an independent set of SNPs (within 1Mb,
with LD R2 < 0.001) associated with X with pvalue ≤5 × 10−8, as is
commonly done in MR studies. Second, we use CI-GWAS to select the
IVs as described above: For a given exposure trait X and an outcome
trait Y, any marker G, found to be adjacent to X and not adjacent to Y
and for which all paths to Y contain X, is discovered as a valid instru-
ment to test the effect of X on Y. We then use these IVs alongside their
marginal GWAS regression coefficients in two commonly used MR
approaches of inverse-variance weighting (IVW) and MR-Egger12 to
estimate the causal effect of the exposure X and outcome Y.

We find that selecting genetic IVs from CI-GWAS allows unbiased
estimation of the ACE across all scenarios considered here, when using
both IVW and MR-Egger, as shown Fig. 1b. This accurate ACE estima-
tion is further reflected in the false positive rate (FPR) of zero for each
of the twelve settings (Fig. 1c). In contrast to that, we see a considerable
effect of horizontal pleiotropy for both MR-methods used with GWAS
selected IVs. Note here, FPR measures the proportion of simulation
replicates where ACE = 0, butMRmethods incorrectly identify a causal
effect of the exposure X and outcome Y (at p-value ≤0.05/800), out of
all actual negatives (100 replicates per setting where ACE = 0). While
MR-Egger shows zero FPR and little bias in the baseline setting, this
changes to clear bias and a FPR of 0.6 and close to 1 in the presence of
horizontal pleiotropy. Similarly, bias and FPR increase markedly for
IVW in that setting. This suggests that the usage of IVs selected by CI-
GWAS can help to avoid biases and false positives in MR inference that
are introduced through either latent or horizontal pleiotropy.

We then compare the IVs detected by CI-GWAS to those identified
by the standard approach from GWAS summary statistics (associated
with Xwith p-value ≤5 × 10−8 with LD R2 < 0.001 within 1Mb). True valid
IVs are those that are simulated to be associated with X, but not
pleiotropic with Y or U. We find that CI-GWAS has a true positive rate
(TPR, defined as the proportion of IVs correctly identified) comparable
to GWAS for the selection of valid IVs under the horizontal pleiotropy
settings considered here, but with a slight loss of power (Fig. 1d).
Additionally, we calculate the proportion of selected IVs for X that are
also causal for Y through a path that is not through X or pleiotropic
with Y (labeled PHP: proportion of horizontally pleiotropic IVs in
Fig. 1d). We find that CI-GWAS selected IVs are less likely to be causal
for Y through a path that is not through X or pleiotropic with Y than IVs
selected throughGWAS, which explains whyCI-GWAS improves causal
effect estimates under both latent and horizontal pleiotropy.

Graph-based filtering of MR test results
As mentioned above, the graphical model learned by CI-GWAS indi-
cates which potential causal relationships are compatible with the
data's conditional independence structure. Consequently, one can use
it to filter out hypothetical causal relationships that are not compatible
with that conditional independence structure,with the aimof reducing
the number of false positive results and exploring the nature of the
trait relationships. Here, we explore two ways of doing that: (1) we
inspect the skeleton and filter for pairs of variables that are adjacent.
While non-adjacent pairs of variables may generally be in a causal
relationship with each other, that relationship is mediated at least by
one other observed variable, and the effect is therefore not direct. (2)
We inspect the PAG and filter for pairs between which there is a
directed or semi-directed edge, as for these, the conditional inde-
pendence structure of the data does not provide any evidence against
the existence of a causal effect (see Methods for more details).

We conduct an additional simulation experiment to investigate
the effect of these filters. For that, we repeat the data generation for
the four horizontal pleiotropy scenarios described above (high/low
power and ACE=0.0/ACE=0.2 for X1 to Y), but modified the graph to
include an additional exposure variable (X2), which does not have a
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causal effect on Y (ACE=0.0 for X2 to Y, see Fig. 2a andMethods). Thus,
here, true causal relationships exist only fromX1 onto Y, and horizontal
pleiotropy occurs either through unmeasured variables or through X2.
To perform the MR tests, we use IVW and multivariable inverse-
varianceweighting (MVIVW).We then assess theperformancewith and
without the above described filtering strategies, which yields three
distinct scenarios: MR tests are run on all exposure-outcome pairs
(labeled s1 in Fig. 2); MR tests are run only on exposure-outcome pairs
that are adjacent in the skeleton (labeled s2); and lastly, MR tests are
runonlyon exposure outcomepairs forwhich there is either a directed
or semi-directed edge from exposure to outcome in the PAG (labeled

s3). For edges thatwere filtered out, we set the inferred ACE = 0 for the
calculationof theperformancemetrics.We then calculate the FPR, TPR
and true discovery rate (TDR) of the inferred causal relationships,
where we calculate the rates as proportions of simulation replicates,
since in each replicate, there is at most one causal link between an
exposure and the outcome. For example, the FPR measures the pro-
portion of simulation replicates where the true ACE = 0, but we
incorrectly identify a causal effect of one of the exposures, X1 orX2, on
the outcome Y.

We find that the proposed filters are effective in reducing the
FPR when using GWAS-selected IVs, but have only a little room left to
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Fig. 1 | Causal inference performance of two Mendelian randomization (MR)
approachesusingCI-GWAS instrumental variable selection. a Simulation graph:
unobserved confounding (U) affects both exposure (X) and outcome (Y) in all
settings (light green); instrumentG − X association strength is varied to create low-
andhigh-power settings (blue); the average causal effect (ACE)ofXonY is set to0.0
or 0.2 (red), giving a baseline scenario with four settings. Adding weak genetic
overlap between U and X/Y (dark green) creates four latent pleiotropy settings;
adding direct paths fromG to Y (purple) creates four horizontal pleiotropy settings.
Each of the twelve scenarios is replicated 100 times (1200 datasets total,
n = 458,747).bACE estimates from inverse-varianceweighting (IVW)andMR-Egger,

using instruments selected either by standard GWAS criteria (independent SNPs
associated with X at p ≤ 5 × 10−8) or by CI-GWAS. c False positive rate (FPR) for each
method across all twelve scenarios: the proportion of replicates where the true
ACE =0 but a causal effect is incorrectly detected (p ≤0.05/800)), out of 100 null
replicates per setting. d True positive rate (TPR)— the proportion of instruments
correctly identified by CI-GWAS versus standard GWAS—shown for the horizontal
pleiotropy settings, alongside the proportion of selected instruments that are also
horizontally pleiotropic (PHP), i.e., causal for Y through a path not passing
through X.
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reduce the FPR when using CI-GWAS selected IVs (Fig. 2b), since that
in itself brings the FPR down to almost 0, as already shown above
(Fig. 1c). Analyzing the effect on the TPR (Fig. 2b), we see that the
filters are not perfectly specific to false positives, but remove true
positives as well, showing a classical recall-precision tradeoff, which
is already evident when focusing only on the effect of GWAS vs CI-
GWAS selected markers (s1). This is because, particularly in low-
powered settings, the causal relationship between X1 and Y cannot
always be directed due to simulated unobserved confounding and
horizontal pleiotropy. Looking at the TDR, i.e., the proportion of
identified causal effects that are actually true, we see that CI-GWAS-
selected IVs yield extremely precise results across all settings with
TDRs at or above 0.85.When looking only at relationships that can be
directed, the TDR is further improved with the filters up to a TDR
close to 1, even in the low power scenario. When using GWAS-
selected IVs, we see that the PAG filter (s3) can bring a strong TDR
improvement of about 0.2. The effects of the filters on the perfor-
mance are consistent across IVW and MVIVW, with MVIVW generally
yielding higher TDR at similar TPR, compared to IVW. Overall, we see
that by trading recall for precision, CI-GWAS provides ways to refine
causal inference in these simulation settings.

Causal inference in a set of correlated traits and in the presence
of strong LD
In the settings above, we have explored CI-GWAS in a very classical
setting where it is pre-determined which traits are potential exposures
and which are outcomes. Here, we move to a more complex scenario
where we have a set of traits of interests and make no such assump-
tions about the causal structure, but instead allow that every trait
might be causal for anyother trait. Starting there, our aim is to infer the
structure of the causal graph that relates these traits.

To study how well such a task can be solved by using CI-GWAS in
conjunctionwithMR,wecreate an expanded simulation study inwhich
we simulate many correlated traits and multiple latent confounders.
We use a structural equation model consisting of twelve continuous
traits, two of which are latent confounders and are not used in the
inference. Each trait is influenced by a set of 50 causal markers ran-
domly selected from 654,173 imputed genetic markers recorded for
458,747 UK Biobank individuals. Here, we include two additional MR
approaches in the comparison, namely CAUSE11 and MV-PRESSO8, in
addition to MVIVW. We compare their performance when used with
GWAS IV selection (MR (IVG)) as input, and in conjunction with CI-
GWAS IVs (MR (IVCIG)). We then repeat the analyses using the CI-GWAS

G

K

U

X1

X2

Y

(a)
high

 power

CI−GWAS

high
 power

GWAS

low 
 power

CI−GWAS

low 
 power

GWAS

IVW
M

VIVW

s1 s2 s3 s1 s2 s3 s1 s2 s3 s1 s2 s3

0.0

0.1

0.2

0.00
0.05
0.10
0.15
0.20
0.25

Fa
ls

e 
po

si
tv

e 
ra

te

(b)

high
 power

CI−GWAS

high
 power

GWAS

low 
 power

CI−GWAS

low 
 power

GWAS

IVW
M

VIVW

s1 s2 s3 s1 s2 s3 s1 s2 s3 s1 s2 s3

0.25
0.50
0.75
1.00

0.25
0.50
0.75
1.00

Tr
ue

 p
os

iti
ve

 ra
te

(c)
high

 power

CI−GWAS

high
 power

GWAS

low 
 power

CI−GWAS

low 
 power

GWAS

IVW
M

VIVW

s1 s2 s3 s1 s2 s3 s1 s2 s3 s1 s2 s3

0.5
0.6
0.7
0.8
0.9
1.0

0.6
0.7
0.8
0.9
1.0

Tr
ue

 d
is

co
ve

ry
 ra

te

Metric calculated on: s1: all tested pairs; s2: all adjacent pairs (skeleton); s3: all pairs with a (semi−) directed edge(PAG)

(d)

Fig. 2 | Causal inference performance of two Mendelian randomization (MR)
methods using CI-GWAS instrumental variable selection, graphical adjacency,
and partial ancestral graph (PAG) inference. a Simulation graph: unobserved
confounding (U) affects both exposures (X1, X2) and outcome (Y) in all settings
(light green); instrument G − X1/X2 association strength is varied to create low- and
high-power settings (blue); the average causal effect (ACE) ofX1 on Y is set to 0.0 or
0.2 (red); horizontal pleiotropy is introduced through unmeasured latent variables
(purple); and U has a genetic basis weakly overlapping with that of X1 and X2 (dark
green). Each of the four scenarios (low/high power × ACE = 0.0/0.2) is replicated
100 times (400 datasets total, n = 458,747). Instruments were selected either by
standardGWAScriteria (independent SNPs associatedwith X1 and X2 at p ≤ 5 × 10−8)
or by CI-GWAS. b False positive rate (FPR) for inverse-varianceweighting (IVW) and

multivariable IVW(MVIVW): theproportion of replicateswhere the trueACE =0but
a significant causal effect of X1 or X2 on Y is incorrectly detected (p ≤0.05/800)),
out of 600 null replicates total (400 where ACE = 0 for X2 → Y, 200 where ACE = 0
for X1 → Y). c True positive rate (TPR): the proportion of true causal relationships
correctly identified.dTrue discovery rate (TDR): the proportion of identified causal
relationships that are genuinely true. Performance is assessed with and without
three filtering strategies: s1, MR tests run on all exposure-outcome pairs; s2, tests
restricted to pairs adjacent in the learned skeleton; and s3, tests restricted to pairs
with a directed or semi-directed edge from exposure to outcome in the PAG. For
edges filtered out under s2 or s3, the inferred ACE is set to 0 when calculating
performance metrics.
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filters of the learned adjacencies (+ adj: using all adjacent pairs in the
skeleton) or the PAG (using all pairs with evidence of a directed rela-
tionship). Since we assume that there are no pre-determined expo-
sures and outcomes, we run CAUSE, which is a single-outcome, single-
exposure model, for each simulated trait pair. For the multivariable
approaches, we test each trait as an outcome, with all other traits
treated as risk factors. When using the CI-GWAS inferred graph as a
filter: we only conduct MR testing with CAUSE for trait pairs that have
an adjacency, or a corresponding directed edge in the PAG; while for
the multivariable approaches, we only select traits to include as
exposures that have an adjacency, or a corresponding directed edge in
the PAG.We simulate only awell-powered settingwith a limiteddegree
of horizontal pleiotropy as this allows us to compare approaches in an
idealistic setting, where the results are not obscured by the lack of
implicit control for horizontal pleiotropy of GWAS IV selection (see
Methods). We run 20 replicates as this number was sufficient to sup-
port the conclusions of the simulations that we have already pre-
sented above.

We make the following observations: First, as shown above in
Fig. 2, filtering standard MR results with the CI-GWAS-learned adja-
cencies increases theTDR for all three testedMRmethods (MR (IVG) vs.
MR (IVG) + adj in Fig. 3). Second, the TDR is further increased, at the
expense of power (TPR), by using the PAG instead of the skeleton for
filtering (MR (IVG) + adj vs. MR (IVG) + PAG in Fig. 3). Third, formethods
such as MV-PRESSO and MVIVW, only by using the PAG for filtering is
an FDRof 0.05 achieved at ap-value threshold of 0.05 for the testing of
the average causal effect (Fig. 3b). Fourth, as CAUSE conducts variable
selection on the marginal GWAS associations to select IVs, we find no
evidence for improved performance when restricting CAUSE to using
only CI-GWAS selected IVs. However, inference is more precise, with
higher power when using the CI-GWAS-learned adjacencies. Finally,
MVIVW with the PAG learned by CI-GWAS and CI-GWAS-selected IVs
has a comparable FDR of 0.05 to CAUSE, but has significantly
improved TPR. We find that these results remain largely consistent
with different selection thresholds for GWAS (p-value ≤10−4), when
more markers are selected (Supplementary Figs. 2, 3, 5) and when
pleiotropic effects are removed from the simulation (Supplementary
Figs. 3, 5). Thus, we show that learning a graphical model, as in CI-
GWAS, can be used in conjunction with traditional MR methods to
improve precision.

Application of CI-GWAS to the UK Biobank
We apply CI-GWAS to 15 traits and 8.4 million single-nucleotide poly-
morphism (SNP) markers in UK Biobank data, as described in the
Methods and Supplementary Table 1. To compare our results to pre-
vious findings, we first analyze 36 pairs of risk factors and outcomes
(single r.f.), focusing on four outcomes: asthma (AT), cardiovascular
disease (CAD), stroke (ST), and type-2 diabetes (T2D). We then analyze
all risk factors jointly with each outcome within anMVIVW framework
(joint r.f).

The number of SNPmarkers discovered in part 1 of our algorithm
is given in Fig. 4. From the single r.f. Analyses, we find overall 1052
unique markers, which decline to 696 in the joint r.f. analyses that are
suitable IVs. We find that the composition of the SNP sets varies
between the single r.f. and the joint r.f. analyses (Supplementary
Fig. 6), as expected due to the varying correlation between the traits
considered. Interestingly, wefind that themajority of the IVs identified
are located in protein-coding genes (Table 1).

In the right panel of Fig. 4, we compare our single r.f. results to
those obtained by CAUSE in the UK Biobank presented in ref. 11. IVW
with CI-GWAS adjacencies and CI-GWAS identified IVs (CI-GWAS single
r.f.) recover all of the suggested statistically causal paths found by
CAUSE, with the exception of height (HT) to CAD and diastolic blood
pressure (DBP) to ST. In addition to those discovered by CAUSE, we
find paths from blood glucose levels (GLU) to both CAD and ST, from

triglycerides (TRIG) to CAD and T2D, from low-density lipoproteins
(LDL) to stroke (ST) and waist-hip ratio (WHR) to CAD (Fig. 4c). This
supports our simulation results, which showed that our algorithm
performs similarly to CAUSE, with moderately improved power.

We then move from pair-wise single r.f. testing to using MVIVW
with CI-GWAS adjacencies and CI-GWAS identified IVs (CI-GWAS joint
r.f.), again focusing on the four outcomes of AT, CAD, ST and T2D as
the outcome variables in MVIVW. Here, CI-GWAS joint r.f. finds GLU
and WHR as potential causal risk factors for both CAD and T2D. HDL
and LDL are also potential causal risk factors for CAD, and we find that
LDL remains a potential causal risk factor for ST.

We then filter the exposure-outcome relationships more con-
servatively using the inferred directed edges in the PAG. We find that
only the relationship between GLU and CAD persists (Supplementary
Fig. 7). In addition, we find a directed edge from HDL onto AT, for
which there is support in neither the previous CAUSE nor in our
MVIVW results (Supplementary Fig. 7), but support in the literature28.
All other previous potential causal relationships that are significant in
CAUSE, the CI-GWAS single r.f. and the CI-GWAS joint r.f. analyses, are
assigned a bi-directed edge in the inferred PAG returned by part 2 of
our algorithm. Here, a bi-directed edge is defined as two observed
variables that directly influence each other simultaneously (a feedback
loop or mutual causation occurring too quickly to observe direction-
ality in the data), or are governed by unobserved selection variables,
reflecting the presence of a latent confounder. Thus, within the UK
Biobank, our model suggests that all of the other potential causal
relationships inferred (e.g., by CAUSE presented in ref. 11) may be
explained by feedback loops, mutual causation, or unmeasured latent
confounding. Latent confounding may reflect processes like popula-
tion structure, study ascertainment, linkage, shared parental effects,
shared environment and/or assortative mating.

Discussion
Here, we present amethod for statistical causal inference in a genomic
setting to learn a graph by inferring the adjacencies from partial cor-
relations, orienting the edges and then estimating the strength of the
causal effects, whilst allowing for the presence of multiple con-
founders and multiple correlated phenotypes. The algorithms we
present have strong theoretical support and have been heavily studied
in the causal inference literature20,21,29. We demonstrate that extending
statistical causal discovery from MR methods to multivariable gra-
phical inference for large GWAS or biobank data sets with millions of
variables and hundreds of thousands of records provides: (1) appro-
priate selection of IVs that are likely to fulfill MR assumptions, and (2)
robust inference of potential causal links with greatly reduced false
discovery rates and fast run time for both continuous and binary
measurements. Current MRmethods generally give consistent results,
they all build upon each other, assume a similar fixed directed acyclic
graph and can have high type-I error. Here, we show empirical evi-
dence for this and how this can be addressed by combining existing
MR approaches with graphical inference.

High-dimensional non-sparse graphical causal inference is an
active area of research, and there have been a number of proposed
alternatives to the approach presented here, such as various alter-
native forms of multivariable MR8,30,31. Here, we show that MR is inef-
fective without being paired with graphical inference. Structural
equation models have also been suggested32, but these require a cor-
rect causal order of variables to be known (or learned) and are cum-
bersome to runon large-scale high-dimensional data, even in summary
statistic form. A number of artificial intelligence approaches have
recently been presented for causal inference in life science settings33.
However, these lack rigorous theory and an understanding of the
conditions required for these algorithms to recover meaningful causal
structures and estimates. As a result, while estimates are obtained, one
has little assurance that reliable inference is obtained, much like
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Fig. 4 | Causal inference in the UK Biobank with CI-GWAS. We analyze 36 risk
factor (r.f.) - outcome relationships in the UK Biobank. We run either pairs of a
single risk factor and outcome (single r.f.), or all risk factors with a single outcome
jointly (joint r.f.). a Numbers of identified causal SNPs per trait, where orange line
shows median (interpolated if between two values). Box goes from first quartile to
the third quartile of the data.Whiskers go frombox edges to the farthest point that
is within 1.5xIQR (inter-quartile-range) from the box. Outliers are not shown.

bNumbersof identified causal SNPsper trait in the joint r.f. analyses. cp-values (top
row) and causal effect sizes (bottom row) for the analyzed risk factor to outcome
relations. CAUSE results are taken from ref. 11. We discard results with p-values
above 0.005 (0.05 adjusted for the number of tests) as insignificant. The corre-
sponding squares are leftwhite.We use theMVIVW(IVCIG) + adj approach, selecting
only links as causal if the MVIVW result is significant and the traits are adjacent in
the inferred skeleton.

Fig. 3 | Causal inference performance of CI-GWAS with commonly used MR
methods in simulationwith strongLDand ten strongly correlated traits. aTrue
discovery rate as function of true positive rate of the trait-trait causal link detection
for a number of commonly used MRmethods (CAUSE, MV-PRESSO, MVIVW) when
used with GWAS selected instrumental variables (IVG), CI-GWAS selected instru-
mental variables (IVCIG), and with and without using the CI-GWAS skeleton (adj) or
PAG as an additional filter for causal relations. Lines show bootstrapped means,
error bars indicate the bootstrapped 95% confidence interval of the mean. We

generate and analyze 20 replicates per scenario, eachwith sample size 458,747. The
dotted line indicates TDR = 0.95. Empty circles indicate the mean at a p-value
threshold of 0.05 and in b values from (a) are directly compared when selecting
trait-trait causal links at p − value≤0.05. Orange line showsmedian (interpolated if
between two values). Box goes from first quartile to the third quartile of the data.
Whiskers go from box edges to the farthest point that is within 1.5xIQR (inter-
quartile-range) from the box. Outliers are not shown.
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standard MR approaches. Thus, we focus here on applying and
developing a principled, theoretically supportedmethod thatprovides
a crucial step toward high-dimensional statistical causal learning for
genomics.

A number of limitations remain. Our approach requires either
individual-level data or summary information on the minor allele fre-
quency, the LD correlations, and the phenotypic correlations, along-
side standard GWAS regression coefficient estimates. This level of
summary data is not always publicly available, but could easily be
shared, inferred across biobanks, or approximated. Data sets have a
structure that can inhibit unbiased causal inference, such as selection
biases like the ascertainment of healthy older people into biobank
studies, which can bias causal inference34. Additionally, there is also a
general tendency in the UK Biobank sampled individuals for almost
everyone to beunder some formofmedical intervention. In particular,
natural variation in lipid levels and blood pressure may be impossible
to observe within the UK Biobank as the majority of people are being
treated with some form of drug. Here, we adjust for the effects of drug
taking prior to analysis, but if the majority have interventions, this is
likely ineffective, and a larger-scale model investigating prescriptions,
observations and outcomes through repeated measures may be more
effective. By utilizing longitudinal records, where discovered adja-
cencies in the skeleton can then be orientated longitudinally and
combined with therapeutic information, statistical causal effects may
bemore effectively examined as there is certainty about the directions
of many time ordered edges. This will then reduce the number of bi-
directed edges learned in the PAG. Our approach easily facilitates this
andwe are actively working on this topic. Finally, genotype-phenotype
associations likely reflect a complex combination of direct, parental
genetic and epigenetic effects, and this may also be why we infer a
large number of relationships to occur due to latent confounding.
Parental genotypes and their relationship to offspring traits could also
be accommodatedwithin our framework, but at this time there is a lack
of large-scale family data.

In summary, our approach is applicable to screen for potential
causal relationships within life-science data, from genomics to the
microbiome to single-cell sequencing and phenotyping datasets. This
may be very fruitful as trait-omics associations are often stronger than
marker-trait correlations, giving improved recall rates. By combining
methods of genetic epidemiology and statistical causal inference,
within algorithms that require only summary statistic correlations
from the data, we expect that our work will facilitate extensive inves-
tigation of potential causal hypotheses. We show that inferring causal
relationships from simple observational biobank data is limited, and
our results call for caution when applying current MR methods to
biobank data. With any dataset, we feel that it is important to under-
stand which relationships hold under which assumptions, and our
approach provides a way to screen associations under explicit checks.

This way, more can be learned about the likely underlying nature of
phenotypic and genetic correlations within the human population.

Methods
Ethical approval declaration
This project uses UK Biobank data under project 35520. UK Biobank
genotypic and phenotypic data is available through a formal request at
(http://www.ukbiobank.ac.uk). The UK Biobank has ethics approval
from the NorthWest Multi-center Research Ethics Committee (MREC).
Methods were carried out in accordance with the relevant guidelines
and regulations, with informed consent obtained from all participants.

CI-GWAS
CI-GWAS takes either individual or summary-level data, learns condi-
tional dependencies between genetic variants and traits and deter-
mines whether conditional dependencies among traits can be
attributed to a directed causal relationship. It can then estimate, in
conjunction with a Mendelian Randomization method, the magnitude
and direction of the potential causal effect. A full analysis with CI-
GWAS consists of three computational steps: (1) a GPU-accelerated
algorithm that conducts genetic variable selection and returns an
undirected graph that describes the potential causal relationships
among markers and traits (called cuda-skeleton); (2) an approach
called sRFCI that directs the skeleton edges and thereby infers causal
relationships, allowing for arbitrarily many latent variables; and (3)
estimation of the magnitude of the potential causal relationships
among the discovered exposures andoutcomeswith aMRmethod like
multi-variable inverse weighted Mendelian Randomization (MVIVW)9.
This final part uses the sets of directly associatedmarkers for each trait
as instrument variables, which conform to the assumptions of MVIVW.
Additionally, we propose only estimating exposure-outcome effects
for trait-trait conditional dependencies discovered by either cuda-
skeleton or sRFCI that are also significant in MVIVW. We provide
detailed information on each step of CI-GWAS in the following sec-
tions, along with algorithms for their implementation.

CI-GWAS operates on correlation matrices MG, MGT, MT repre-
senting correlations between markers, between markers and traits,
and between traits, respectively. As described below, we run the first
step of the CI-GWAS (cuda-skeleton) in parallel over LD-blocks, each of
which has a distinctMG matrix. Thus, we first block the genomic input
data with the parameter set as shown in Table 2. Then we prepare the
correlation matrices as follows:

• MG: for each input block Bi we obtain the LD-matrix using PLINK
1.9 with the options –r triangle bin 4 and –allow-no-sex,
selecting the rsIDs of themarkers in the block with the –from and
–to options35.

• MGT: we compute the marker-trait correlations using linear
regression models. We first obtain linear regression coefficients
βij for eachmarker i and trait j by running PLINK 2.0 on the bed file
with the complete marker data and the individual-level trait-data
with –glm omit-ref –variance-standardize options36. We
then compute the Pearson correlation via ρij = βij

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2*f i*ð1� f iÞ

p
,

where fi is the minor allele frequency of marker i.
• MT: Here, we simply compute the Pearson correlations between
the individual-level data trait columns.

Note that any choice of approximations of (i) to (iii) is accepted within
our algorithm. For example, recent proposals for summary statistic
prediction and heritability models are to whiten, shrink, or block the
LD matrix, and to use approximations from other publicly available
samples, if the original sample matrices are unavailable37 can all be
accommodated.

In order to accommodate binary traits in our framework, we cal-
culate all correlationswith the binary traits placed on the liability scale,
as suggested by ref. 25. For this, we use polyserial correlations38

Table 1 | Number of causal SNPs identified by CI-GWAS in the
UK Biobank classified as biotypes of various kinds

Biotype Count

None 343

Protein-coding gene (exon) 175

Protein-coding gene (intron) 434

lincRNA (intron) 53

lincRNA (exon) 4

Antisense of protein-coding gene intron 36

Antisense of protein-coding gene exon 4

snoRNA 1

Sense overlapping 1

miRNA 1
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between continuous variables and binary variables, tetrachoric
correlations39 between binary variables, and Pearson correlations
between continuous variables.

We provide open source code and scripts to run our full analysis
(see Code Availability). We now describe each of the component parts
of our approach in full below.

Part 1: variable selection and inference of adjacencies

Algorithm 1. Genome blocking procedure for summary statistics
cuda-skeleton

Require: LDmatrixC fornmarkers;max block size smax; tolerance
ϵ; bandwidth b
1: Cb ← make banded LD matrix from C given b
2: Si  

Pn
j = i+ 1C

b
ij

3: h ← n
4: l ← 3
5: w ← (h + l)/2
6: s ← n
7: while (∣s − smax∣ > ϵ) ∧ (s > smax) do
8: if s > smax then
9: h ← min(h, w)
10: else
11: l ← max(l, w)
12: end if
13: w0  ðh+ lÞ=2
14: if w0 = =w then break
15: end if
16: w w0

17: S0  Hanning-smoothen S with window w
18: M ← positions of local minima in S0

19: s ← max({Mi+1 − Mi∣1 ≤ i ≤ (n − 1)})
20: end while
21: return M

The first step of our algorithm: (i) selects markers that have a statisti-
cally significant effect on one or more of the traits; and (ii) builds the
skeleton, the undirected graph describing all possible direct relation-
ships between all variables (i.e., all markers and traits). This step is
based on the skeleton inference procedure of the recently proposed
cuPC algorithm24, a GPU-accelerated implementation of the PC-stable
algorithm21.

Given all pairwise correlations between variables, the first part of
the PC-stable algorithm infers the skeleton by testing pairs of variables
Vi and Vj for independence conditional on an exponential number of
separation sets, S, consisting of other variables in the graph. In parti-
cular, Vi⊥⊥Vj∣S is tested by first estimating the partial correlation of Vi
and Vj given a separation set S consisting of neighbors of Vi. We denote
this by ρ̂ðVi,Vj jSÞ. The Fisher’s z-transform of this value, i.e.

Z ðρ̂ðVi,Vj jSÞÞ=
1
2
ln

1 + ρ̂ðVi,Vj jSÞ
1� ρ̂ðVi,Vj jSÞ

 !�����
����� ð1Þ

is then compared to a threshold τ, given by

τ =
Φ�1ð1� α

2Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
m� jSj � 3

p ð2Þ

wherem is the sample size, α is the significance level of the test andΦ
is the CDF of the standard normal distribution. Z ðρ̂ðVi,VjjSÞÞ≤ τ is
taken to imply Vi⊥⊥Vj∣S. These tests are run for consecutively
increasing level l = ∣S∣, starting with l = 0. A lmax can be set to limit the
run time of the algorithm. Edges between independent variables are
removed. The algorithm terminates when (l > n)∧ (l > lmax), where n is
the number of variables. The full parameter setting used in this work is
given in Table 2.

The run time scales exponentially with the number of variables,
since the number of possible S of a given size l increases exponentially.
cuPC performs the conditional independence tests in a highly paral-
lelized fashion, utilizing modern GPU capabilities, enabling skeleton
inference for many variables in a short time. In the genomic setting,
with order 109 markers and order 102 traits, both storage of the input
correlation matrix as well as computation time required prohibit the
application of cuPC on all variables at once. Therefore, we block the
marker LD matrix in a fashion inspired by ref. 40 and as shown in
Algorithm 1. When relaxing the α threshold, there may be circum-
stances where the memory requirement at larger l exceeds that on
standard GPU architecture. If this issue arises, we propose to simply
run the algorithm twice,firstwith a low l=3, to select parentalmarkers,
and then run all levels from l = 0 to l = 14 using only the parental
markers and all traits. We apply the skeleton inference component of
the cuPC algorithm to each block of markers and to all traits indivi-
dually. We performed a sensitivity analysis for this choice in our
empirical UK Biobank application and concluded that this strategy
results in approximately the same marker selection that one would
obtain from running on full chromosomes, as can be seen in Supple-
mentary Fig. 8.

Having inferred a set of skeletons with adjacency matrices
AB = A1, A2, . . . , An and separation sets SB = S1, S2, . . . , Sn blockwise, we
first create a merged skeleton with adjacency matrix A* following four
rules: (1) a pair of traits are adjacent inA* if and only if they are adjacent
in all A0 2 AB, since the presence of a single separation is sufficient to
imply conditional independence; (2) if two markers are in different
blocks, they are not adjacent in A*; (3) if two markers are in the same
block i, they are adjacent in A* if and only if they are adjacent in Ai; and
(4) if amarker and a trait are adjacent in any block, they are adjacent in
A*. This gives amerged skeleton, representing a reduced set ofmarkers
that have a direct edge to one ormore traits in the graph. This reduces
the set of variables to the ones that aremost likely to have direct causal
effects on traits. To prevent errors arising from correlated markers
being placed in separate blocks, we repeat the CUDA-skeleton step on
a single artificial block consisting only of the markers selected in the
first run. This ensures that each marker-trait association is always tes-
ted conditional on every other potentially correlated marker.

Part 2: orientating edges
Having inferred a skeleton, we propose to infer the direction of causal
relationships by orienting the graph edges. For this, we employ two
procedures: (1) inference of a partial ancestral graph (PAG) by a
modified RFCI20 algorithm (sRFCI); and (2) multi-variable inverse var-
iance weighted Mendelian randomization (MVIVW)9, or a comparable
method, as described in the following section.

Inferring a PAG. Unobserved confounding variables (i.e., latent vari-
ables) are a commonproblem for the inference of causal relationships.
They indicate violation of causal sufficiency (i.e., knowledge of all
causally important variables in the graph), which is a common
assumption in causal inference. In consequence, a variable may be

Table 2 | Algorithm parameters and their values in all appli-
cations on real data

Algorithm Parameter Value

cuda-skeleton lð1Þmax
3

cuda-skeleton lð2Þmax
14

cuda-skeleton α 10−3

blocking smax 104

blocking ϵ 102

blocking corr-width 2*103
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inferred as causal for another even though there is no causal rela-
tionship between the two. To allow for an additional check for unob-
served variables, we devise an approach based on the RFCI algorithm20

for the inference of causal graphs, which allows for arbitrarily many
latent variables in the true underlying directed acyclic graph (DAG).
True separation sets, i.e., the full set of variables that render two non-
adjacent variables independent when conditioned upon, are difficult
to obtain when marker-trait effects are weak. We observed that weak
marker-trait effects result in incomplete separation sets, causing traits
to be missing from the separation sets of markers and other traits,
thereby giving incorrect edge orientation. To solve this issue, we
present an order-independent algorithm that uses the RFCI procedure
to orient edges between adjacent variables, whilst considering a locally
maximal number of variables in the separation sets used to infer the
orientations. Specifically, we infer two types of separation sets: (1) Smax,
a maximal separation set, meaning that the addition of any other
variable results in Z > τ, and (2) Smpc a subset of themaximal separation
set that locally minimizes the partial correlation between variables Vi
and Vj.

Smax is conservative as towhat is not included in the separation set.
Thus, everything that is not within Smax can be considered a collider
between the variables. This separation set is used within sRFCI to ori-
ent unshielded triples, as described below. A triple of nodes Vi, Vk and
Vj is unshielded if all of the following are true: (1) Vi and Vk are con-
nected; (2) Vk and Vj are connected; (3) Vi and Vj are not connected.We
only want to orientate unshielded triples, when Vk is not an element of
Smax
ij , and thus is an unlikely collider. The set Smpc ismoreconservative

with regard to the inclusion of variables into the separation set, andwe
use this in the later orientation steps of sRFCI, as described below.

Algorithm 2 describes the algorithmwe created to obtain Smax and
Smpc using the skeleton obtained from cuda-skeleton and a matrix
containing the marker-marker correlations, marginal marker-
phenotype correlations and phenotype-phenotype correlations. We
made S order independent and attempted to overcome missing non-
collider variables by maximizing separation sets as much as possible.
We note that the CPC/MPC versions of RFCI21 provide a solution to the
same issue by performing a maximal search over all potential separa-
tion sets. Unfortunately, this solution is infeasible in a high-
dimensional genomic setting as it requires checking 2n sets where n
is the degree of Vi. Therefore, we propose the heuristic Algorithm 2,
where we do not exhaustively test all possible separation sets. Rather,
we incrementally increase their size, always adding the element that
yields the lowest partial correlation among the tested elements at each
step. Thereby, we reduce the search space to n2 sets. Furthermore, we
reduce the set of unshielded triples used for orientation to relevant
unshielded triples, which we define as those that contain at most one
marker and in which the middle variable is not a marker. The separa-
tion sets for all other triples are not needed since we assume that
markers temporally precede traits and therefore force marker-trait
edges to be directed towards traits. This reduces the number of triples
for which separation sets need to be selected greatly, especially when
the number of identified markers is large. One limitation of our mod-
ifications is that Smax may not be the largest separation set. Likewise,
Smpc may not be the separation set that yields the partial correlation
among all possible sets that is closest to zero. However, we found that
selecting these separation sets improves the orientation within sRFCI
as compared to using the minimal subset S*.

Algorithm 2. Separation set selection
Require: α, n, A*, C
1: ut ← relevant unshielded triples of A*

2: op ← outer variables in ut
3: for Vi, Vj in op do
4: N ← neighbors(Vi, A*)
5: N 0  N

6: sep ← {}
7: foundSepset ← false
8: foundMinimum ← false
9: for l in 1…∣N∣ do
10: newElem ← {}
11: zref ← ∞
12: for Vk in N0 do
13: S ← sep ∪ Vk

14: z  Z ðρ̂ðVi,Vj jSÞÞ
15: if z≤zref then
16: zref ← z
17: newElem ← Vk

18: end if
19: end for
20: if zref > zref,l−1 ∧ foundSepset ∧ ¬ foundMinimum then
21: foundMinimum ← true
22: Smpc

i, j  sep
23: end if
24: if zref > τ(α, n, l) ∨ foundSepset then
25: break
26: end if
27: if zref ≤ τ(α, n, l) then
28: foundSepset ← true
29: end if
30: sep ← sep ∪ newElem
31: N 0  N 0 n fnewElemg
32: end for
33: Smax

i, j  sep
34: end for
35: returnM
Wenow pass these separation sets to parts of the RFCI algorithms

as described below:
• Step 1. Create a list of unshielded triples using Algorithm 4.4
of ref. 20.

• Step 2. Orientate the v-structures using Smax and Algorithm 4.4
of ref. 20.

• Step 3.Make a list of ambiguous unshielded triples Vi,Vk,Vj, where
the Vk is in Smax

i, j , but not in Smpc
i, j . These ambiguous triples do not

contribute to the orientation in later stages, although they
themselves can later be oriented if there is evidence for this.

• Step 4. Further edges are oriented as much as possible following
the guidelines provided in Algorithm 4.5 of ref. 20. This step
involves repeated applications of orientation rules (R1) to (R10) of
ref. 41. We implemented the suggested modifications from ref. 21
to rules R1-R10 that make them order-independent. In this step,
we provide the option to limit the application to only the
phenotypic edges in order to reduce the runtime.

• Step 5. All marker-phenotype edges are oriented to ensure that
phenotypes are not ancestral to markers. This conforms to the
assumption that marker states temporally precede phenotypes.

The output of this algorithm is a Partial Ancestral Graph (PAG)
representing a set of possible Maximal Ancestral Graphs (MAG, see
ref. 20 for definition). Adjacencies are inferred to be composed of
arrows ( < or > ), circles (∘), and tails ( − ). An arrow at a variable implies
that the variable is not ancestral to the variable at the other end of the
edge. The tail implies that the variable is ancestral to the variable at the
other end of the edge. Circles represent arrowheads in some MAGs in
the Markov equivalence class represented by the PAG and tails in
others. RFCI allows inference of causal information in the presence of
latent variables and hidden factors or confounders20, which has been
shown to be of importance for Mendelian Randomization methods
applied to biobank data6,11,42–44. A situation can arise when neither
variable is ancestral to the other, which results in the adjacency being
inferred as ↔ . This implies that neither variable is ancestral to the
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other, with no direct causal relationship inferred, suggesting the
existence of a latent confounder. Numerically, the algorithm outputs:
0 = no edge; 1 = circle; 2 = tail; 3 = arrow. Throughout this work, we use
the following interpretation, circle-circle: undirected edge, uncertain
orientation; circle-arrow: partial edge, potential causal link; tail-arrow:
directed edge, unambiguous potential causal link; arrow-arrow: bidir-
ected edge, indicating hidden latent confounding; circle-tail: semi-
directed edge, potential causal link; tail-tail: undirected edge, insuffi-
cient data available. To select a set of relationships with clear causal
direction from the output of this procedure, we select all inferred
edges with one arrow and one tail, since these are invariant across the
MAGs represented by the PAG and therefore are inferred to have a
definite orientation.We note that a PAG represents a set of graphs that
all share certain structures (i.e., node adjacency causal relations), and it
is possible that the information on conditional independence in the
data is insufficient to uniquely determine the exact type of an edge.
Thus, it is also possible to relax the selection to relationships that
include both directed and semi-directed edges, as for these, the con-
ditional independence structure of the data does not provide any
evidence against the existence of such an effect.

Part 3: learning the magnitude of the causal effects
Having learned the conditional dependencies in the data with cuda-
skeleton and tested for latent confounding among traitswith sRFCI, we
propose using the MVIVW framework, or a comparable method, to
assess the significance and magnitude of causal effects.

To identify potential causal relationships in an MR framework,
such as MVIVW, sets of IVs and exposures are needed for each out-
come. Specifically, MVIVW assumes that IVs associated with at least
one exposure are not associated with any latent confounders of the
exposures and outcome, and are conditionally independent of the
outcome given the exposures, i.e., that all causal paths from the IV to
the outcome go through the exposures, and that there is no latent
confounder of IV and outcome9,45. MVIVW can be employed using the
SNPs inferred from cuda-skeleton because the conditional-
independence tests conducted in cuda-skeleton explicitly check for
several commonMR assumptions on IVs (see ref. 45 for a discussion of
those assumptions). In consequence, valid IVs can be directly read off
the skeleton. In particular, for a given exposure trait A and an outcome
trait B, any marker X adjacent to A that is not adjacent to B is a valid
instrument to test the effect ofAonB (assuming the skeleton is faithful
to the underlying distribution) for the following reasons:
1. IfX had a direct effect on B, the dependency should not have been

removed by any conducted test. Thus, the exclusion
restriction holds.

2. If marker X and the outcome B relationship was confounded by a
latent variable, that confounding would induce a dependency,
and again, X and B should remain adjacent in the skeleton, since
no conducted test should be able to remove the dependency.
Thus, the effect of X on B should not be confounded.

Note that the above only holds as long as all traits in the model,
except for the outcome, are used as exposures in a multivariable MR
analysis. This is necessary because X could also be associated with B
through the omitted trait, which could either have in turn an effect on
B and thereby invalidate the exclusion restriction. Thus, for single-
variable MR like IVW, IV candidates need to be further verified by
checking that the inferred graphical model does not contain a path
from the IV to the outcome that does not include the exposure.

Principled instrumental selection of this kind contrasts with most
other current MR approaches, in which IVs are selected by selecting
variants with the highest marginal association test statistics. A similar
approach, based on the association ofmarkerswith a single trait, while
having multiple traits in the model, has been proven to be valid and
successfully applied in previous work17. Here, we advance this idea

within a framework inwhich nomarkers need to bepre-selected,many
variables can be conditioned on simultaneously, and pleiotropic
markers can be used for inference, thereby promising more accurate
IV selection and powerful analysis.

For each outcome, we assess the significance and estimate the
effect size of each potential exposure using MVIVW with unfiltered
parental markers (conforming to the criteria above) as instrumental
variables. We use all traits in the model, aside from the outcome, as
exposures. From here, we select only the links that are selected as
significant in cuda-skeleton or are directed in the same way as inferred
by MVIVW in the sRFCI inferred PAG. This provides sets of potential
causal links with evidence of directionality learned from the data.

We use the selected instrumental variable and exposure sets as
input to theMVIVW implementation in theMendelianRandomizationR
package46, with the robust option.

Application of CI-GWAS to UK Biobank data
UK Biobank has approval from the North-West Multicenter Research
Ethics Committee (MREC) to obtain and disseminate data and samples
from the participants (https://www.ukbiobank.ac.uk/ethics/). These
ethical regulations cover the work in this study. Written informed
consent was obtained from all participants. From the measurements,
tests, and electronic health record data available in the UK Biobank
data47, we selected six blood-based biomarkers, four of the most
common heritable complex diseases, and seven quantitative mea-
sures. The full list of the 15 traits, the UK Biobank coding of the data
used, and the covariates adjusted for are given in Supplementary
Table 1. For the quantitative measures and blood-based biomarkers,
we adjusted the values by the covariates, removed any individuals with
a phenotype greater or less than 7 SD from the mean (assuming these
are measurement errors), and standardized the values to have a mean
of 0 and a variance of 1.

For the common complex diseases, we determined disease status
using a combination of available information. For asthma (AT), we
used self-reported asthma diagnosis by a doctor (3786-0.0), date of
asthma report (42014-0.0), and self-reported recent asthma medica-
tion (22167-0.0). For cardiovascular disease (CAD), we used self-report
information of whether a heart attack was diagnosed by a doctor
(3894-0.0), the age angina was diagnosed (3627-0.0), whether the
individual reported a heart problem diagnosed by a doctor (6150-0.0),
and the date ofmyocardial infarction (42,000-0.0). For stroke (ST), we
used self-report stroke diagnosed by a doctor (6150-0.0), the age at
which stroke was diagnosed (4056-0.0). For type-2 diabetes (T2D), we
used self-report information of whether diabetes was diagnosed by a
doctor (2443-0.0), the age diabetes was diagnosed (2976-0.0), and
whether the individual reported taking diabetes medication (6153-0.0,
6177-0.0). For each disease, we then combined this with primary death
ICD10 codes (40001-0.0), causes of operative procedures (41201-0.0),
and the main (41202-0.0), secondary (41204-0.0) and inpatient ICD10
codes (41270-0.0). For AT, we selected all ICD10 J45 codes, for CADwe
selected ICD10 codes I20-I29, for ST we selected all ICD10 I6 codes,
and for T2Dwe selected ICD10 codes E11 to E14 and excluded from the
analysis individuals with E10 (type-1 diabetes). Thus, for the purposes
of this analysis, we define these diseases broadly simply to maximize
the number of cases available for analysis. Individuals with neither a
self-report indication nor a relevant ICD10 diagnosis were assigned a
zero value as a control.

We first restricted our analysis to a sample of UK Biobank indivi-
duals of European ancestry. To infer ancestry, we used both self-
reported ethnic background (UK Biobank field 21000-0), selecting
coding 1, and genetic ethnicity (UK Biobank field 22006-0), selecting
coding 1. We projected the 488,377 genotyped participants onto the
first two genotypic principal components (PC) calculated from 2504
individuals of the 1000 Genomes project. Using the obtained PC
loadings, we then assigned each participant to the closest 1000
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Genomes project population, selecting individuals with PC1 projection
≤ absolute value 4 and PC2 projection ≤ absolute value 3. We applied
this ancestry restriction to provide the first application of our
approach and to replicate our results in a sample as genetically
homogeneous as possible. Note, however, that our approach can be
applied within different human groups (by age, genetic sex, ethnicity,
etc.). Our future work will focus on exploring differences in causal
inference across a diverse range of human populations.

Samples were also excluded based on UK Biobank quality control
procedures with individuals removed of (1) extreme heterozygosity
and missing genotype outliers; (2) a genetically inferred gender that
did not match the self-reported gender; (3) putative sex chromosome
aneuploidy; (4) exclusion from kinship inference; (5) withdrawn con-
sent. We used genotype probabilities from version 3 of the imputed
autosomal genotype data provided by the UK Biobank to hard-call the
single-nucleotide polymorphism (SNP) genotypes for variants with an
imputation quality score above 0.3. The hard-call threshold was 0.1,
setting genotypes with probability ≤ 0.9 as missing. From the good
quality markers (with missingness less than 5% and p-value for Hardy-
Weinberg test larger than 10−6, as determined in the set of unrelated
Europeans), we selected those with minor allele frequency (MAF)
≥0.0002 and rs identifier, in the set of European-ancestry participants.
This resulted in a dataset with 458,747 individuals and 8,430,446
markers. We apply CI-GWAS to these data as described above and we
use these data for our simulation study as described below.

Simulation study
Weprovide code to simulate data of the kind presented in either of the
simulation scenarios (see Code Availability).

Baseline scenario. Using the observed imputed SNP data from
458,747 UK Biobank individuals on chromosome 1, we first simulate a
graph standard to MR as follows:

X =WsX
βX + λUX

U + ϵX
Y =WsY

βY + λXX + λUY
U + ϵY

ð3Þ

where U is a latent unobserved random confounding variable with
drawn from a Gaussian distribution with mean zero and variance of
one.U has a causal effect on bothX and Y, with λUX

= λUY
=0:2.We then

simulate four different baseline settings, where the causal effect of X
on Y (the average causal effect, termed ACE) is either λX = 0, or λX = 0.2
and the power to detect the genotype effects on X and Y was either
high or low. To simulate high power, βX � Nð0,h2

X=mcÞ,
βY � Nð0,h2

Y=mcÞ, with h2
X =h2

Y =0:05, mc = 100, ϵX � Nð0, σϵX
Þ,

ϵY � Nð0,σϵY
Þ, σϵX

= σϵY
=0:95. Note here that SNPs are randomly

selected forX andY independently. The expected variancecontributed
by a single SNP variant is 0.05/100 = 5 ⋅ 10−4, meaning that for a trait
with SNP heritability 0.5, there would be 1,000 causal variants, 100 of
which are on chromosome 1. The GWAS power for these effects is 1 for
the sample size and the frequency distribution of the SNPs used here.
These effects are much larger on average than would typically be
observed in real data for common complex traits. However, this choice
is important to be able to explore the TPR and FDR of MR approaches
in a “best case" scenario.

For the low power scenario, h2
Y =h

2
Y =0:01, mc = 200,

σϵX
= σϵY

=0:99. The expected variance contributed by a single SNP
variant is 0.01/200 = 5 ⋅ 10−5, meaning that for a trait with SNP herit-
ability 0.5, therewouldbe 10,000 causal variants genome-wide, 200of
which are on chromosome 1. The GWAS power for these effects is 0.25
for the sample size and the frequency distribution of the SNPs used
here. This genetic architecture is closer to that typically observed in
real data for common complex traits and returns a smaller but non-
zero set of instrument variables. For each of the four scenarios, we
generate 100 data sets, each with a sample size of 458,747 individuals.

Having generated the data, we analyze each of the 400 data sets,
using all 654,172 SNPs on chromosome 1.We use part 1 of the CI-GWAS
algorithm to select instrument variables from the full set of chromo-
some 1 SNPs.We do this by selecting the SNPs that CI-GWAS returns as
adjacent to X in the graph, excluding those adjacent to both X and Y.
We then use these SNPs in either inverse-variance-weighted (IVW) MR,
or MR-EGGER as implemented in the R package MendelianRandomi-
zation. This requires the marginal least squares GWAS regression
coefficients for both X and Y for the CI-GWAS-selected SNPs. This
returns an estimate of the ACE for the causal effect of X on Y, X→ Y. We
compare this to theACE estimates obtainedwhen selecting instrument
variables fromthemarginal least squaresGWAS regression coefficients
for X, applying a standard genome-wide significance threshold of p-
value≤5 × 10−8 to select an independent (within 1MB, with LD
R2 < 0.001) set of instrument variables from the full set of chromosome
1 SNPs, as is commonly conducted in MR studies. Valid instrument
variables for MR are the columns of WsX

that are not within WsY
.

Latent pleiotropy scenario. We then simulate the following:

U =WsU
βU + ϵU

X =WsX
βX + λUX

U + ϵX
Y =WsY

βY + λXX + λUY
U + ϵY

ð4Þ

whereU is a latent unobserved random confounding variable withWsU
a matrix containing the observed genotypes, with one row for each of
458,747 individuals and one column for each of mc = 400 randomly
selected SNPs that are causal for U. Each column of WsU

is scaled and
centered to a z-score value. The effects and residuals are drawn from a
normal distribution βU � Nð0,h2

U=mcÞ and ϵU � Nð0, σϵU
Þ, where the

SNP heritability of the latent confounder h2
U =0:1 and σϵU

=0:9.U has a
causal effect on both X and Y, with λUX

= λUY
=0:2. We then simulate

the same four settings as described above for the baseline scenario,
where the average causal effect of X on Y is either λX = 0, or λX = 0.2 and
the power to detect the genotype effects on X and Y are either high or
low. For each of these four scenarios, we generate 100 data sets, each
with a sample size of 458,747 individuals, giving another 400data sets.
We repeat the analysis of this data in the sameway as described for the
baseline scenarios.

Here, we generate an unobserved confounder U that influences
both the exposure X and the outcome Y, but we assume no explicit
confounding of the instrument variables and the outcome Y (the
independence assumption inMR). However, it is possible that the 400
randomly selected SNPs that are causal forUoverlap those selected for
either X and Y. Genotypes that are causal for U,WsU

, will be correlated
with both X and Y and thus may be detected in standard GWAS asso-
ciation testing. Valid instrument variables for MR are the columns of
WsX

that are not within WsY
or WsU

.

Horizontal pleiotropy scenario. We then repeat the data generation
for the latent pleiotropy scenarios, but we modify the graph to create
additional horizontal pleiotropy (heritable confounding). Horizontal
pleiotropy violates the exclusion restriction assumption of MR
approaches, and occurs when genetic variants influence the outcome
(directly or indirectly, through other traits) independently of the
hypothesized exposure. To simulate an independent pathwaybetween
the instrument variables for X and the outcome Y, that acts other than
through the exposure X, we simulate half of the causal SNPs in the set
WsX

andWsY
to be the same, by randomly selecting this set jointly forX

and Y. For the other half of the causal SNPs, we randomly select SNPs
for X and Y independently. For the SNPs shared by X and Y, we draw
their effects from a bivariate normal distribution βX,Y ~N(0, V/mc), with

V = 0:5h2
X 0:8 � 0:5h2

X

0:8 � 0:5h2
X 0:5h2

Y

 !
, with h2

X =h2
Y . This means that half of
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the variance attributable to the SNPs is allocated to half of the causal
variants, which are shared by X and Ywith a genetic correlation of 0.8.
For the other half of the causal variants, which are selected indepen-
dently, the effects are drawn from independent normal distributions

βX � Nð0, 0:5h2
X=mcÞ, βY � Nð0,0:5h2

Y =mcÞ. We use the same power
and ACE settings as described above to simulate four scenarios with
horizontal pleiotropy. For each of these four scenarios, we generate
100 data sets, each with a sample size of 458,747 individuals, giving
another 400 data sets. We repeat the analysis of this data in the same
way as described for the baseline scenarios.

In this setting, valid instrument variables for MR are the columns
ofWsX

that are notwithinWsY
orWsU

. Here, selecting IVs for which the
independence assumption holds is the same as selecting SNPs for
which the exclusion restriction holds. This is because potential con-
founding creates an association between SNPs and Y. Thus, selecting
SNPs that CI-GWAS returns as adjacent to X in the graph, excluding
those adjacent to both X and Y, controls for this form of confounding.

Horizontal pleiotropy scenario with multiple mediators. We repeat
the data generation for the four scenarios with horizontal pleiotropy,
but wemodify the graph to have twomediator variables X1 and X2. For
the half of the causal SNPs shared by X1, X2 and Y, we draw their effects
from a trivariate normal distribution βX1,X2,Y ~ N(0, V/mc), with

V =
0:5h2

X1 0:5 � 0:5h2
X1 0:5 � 0:5h2

X1

0:5 � 0:5h2
X 0:5h2

X2 0:5 � 0:5h2
X

0:5 � 0:5h2
X 0:5 � 0:5h2

X 0:5h2
Y

0
B@

1
CA, with h2

X1 =h
2
X2 =h

2
Y .

The effects of the other half of the causal SNPs are drawn from inde-
pendent normal distributions. We use the same power settings as
described above. We simulate the average causal effect of X1 to Y to be
either 0 or 0.2, while the causal effect of X2 to Y is always set to 0. For
each of these four scenarios with horizontal pleiotropy, we generate
100 data sets, each with sample size of 458,747 individuals, giving an
additional 400 data sets. We analyze these data with IVW and multi-
variable IVW (MVIVW) as implemented in the R package Mende-
lianRandomization. Here, as above, we provide the MR methods with
either independent GWAS selected IVs, or CI-GWAS selected IVs. Valid
instrument variables forMR are the columnsofWsX1

that arenotwithin

WsX2
, WsY

or WsU
.

Simulationmetrics. In total, we analyze 1600 data sets, 100 each for
16 different settings, each with a sample size of 458,747 individuals
and 654,172 SNPs. To compare the causal inference performance,
we calculate the false positive rate, FPR = false positives / (false
positives + true negatives), for each MR approach for each of the
settings. FPR measures the proportion of simulation replicates
where ACE = 0, but MR methods incorrectly identify a causal effect
of the exposure X and outcome Y (at p-value ≤0.05/800), out of all
actual negatives (100 replicates per setting where ACE = 0). For the
horizontal pleiotropy settings, the true positive rate (power), TPR =
true positives / total positives, is calculated for the identified IVs,
giving the proportion of IVs correctly identified by CI-GWAS, or
standard GWAS across settings. We also calculate the proportion of
selected IV SNPs for X that are also causal for Y through a path that is
not through X (labeled PHP: proportion of horizontally
pleiotropic IVs).

In the settings with two mediator variables, we calculate the false
positive rate, FPR = false positives / (false positives + true negatives), of
two commonly used MR approaches of inverse-variance weighting
(IVW) and multivariable inverse-variance weighting (MVIVW). FPR
measures the proportion of simulation replicates where ACE = 0, but
MR methods incorrectly identify a causal effect of one of the expo-
sures X1 or X2 and the outcome Y (at p-value ≤0.05/800), out of all
actual negatives (600 occurrences in total, comprised of all of the
400 simulation replicates where ACE = 0 for X2 to Y, and the 200

replicates where ACE = 0 for X1 to Y). We also compare the TPR
(power), TPR = true positives / total positives, the proportion of causal
relationships correctly identified by CI-GWAS, or standard GWAS,
across settings. We give the true discovery rate, TDR = true positives /
total discoveries, the proportion of identified causal relationships by
CI-GWAS, or standard GWAS, that are true across settings. First, TPR
and TDR are calculated for all tested relationships. We then calculate
TPR and TDR, setting all non-adjacent edges in the graph to ACE = 0.0,
as the undirected graph does not find a causal relationship. Finally,
FPR, TPR and TDR are calculated after all edges in the partial ancestral
graph (PAG) for which no potential directed relationship is found are
set to ACE = 0.0.

Complex scenario. To simulate a more complex setting, we follow a
similar strategy as described above for the simple setting but expand it
to twelve continuous traits. We select 50 causal markers for each trait
using the same imputed SNP data from chromosome 1. We simulate a
marker-trait and trait-trait adjacency matrix G, causal effects A, and
phenotypic data:

First, we simulate a randomly directed acyclic graph G and gen-
erate synthetic data based on the specified graph structure, with the
following parameters: the number of observations in the dataset (n),
the number of SNP variables (m), the number of treatment variables
(p), the number of latent variables (l), the average node degree (deg),
the probability of pleiotropy (a SNP affecting multiple traits) (prob-
Pleio), and bounds for the causal effect sizes (lo and hi). The following
steps are used to generate the data:

• Step 1. Initialize a graph structure represented by a sparse adja-
cency matrix G of dimensionality d × d, where d =m + l + p. Set all
elements of G to zero. Here, we choose l = 2; p = 10.

• Step 2. Generate random adjacencies by setting values of G to 1
with probability deg

d . Here, we choose average degree deg = 3.

• Step 3. Create additional marker-trait links, by iterating over each
SNP variable and randomly connecting it to latent and phenotype
variables with a probability of pleiotropy (probPleio). The
connections are added to the adjacency matrix G accordingly.
Here, we select probPleio = 0.2 or 0.0 for 20 replicates each.

• Step 4. Given the established adjacency matrix, sample the causal
effects for the edges from a uniform distribution within specified
bounds (lo and hi), and store them in matrix A as a true causal
effect matrix. Here, we use a uniform distribution
U[( −0.01,−0.0001)∪ (0.0001, 0.01)] to set the causal effect sizes
between markers and traits, and a uniform distribution
U[( − 0.2, − 0.001) ∪ (0.001, 0.2)] between traits. This approach
allowes us to simulate a wide range of causal effects, and to have
separate strengths for marker-trait and trait-trait relationships,
which reflects the pattern we observe in the UK Biobank data.

• Step 5. Simulate data based on a structural equation model. For
each variable Vj inG, check if Vj has parents (Pa(Vj)) inG. Consider
only variables with an index i < j as parents. If Vj has no parents,
assign it random values drawn from a standard Normal distribu-
tion. If Vj has parents, a linear regression model is constructed
using the parental variables’ values. In other words, apply the
following structural equation model to generate Vj:

Vj = f ðPaðVjÞÞ=b0 +
X
i

biPaiðVjÞ+ ϵx , ð5Þ

where b0 is the intercept (set to zero) and coefficients for the
regression model are the appropriate bi values selected from A
for the ith parent of Vj. The sampling error ϵx is then sampled
from a standard normal with variance 1 − var(∑ibiPai(Vj)). This
results in all variables having unit variance and zero mean, up to
a sampling error.
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We simulated data for all 458,747 UK Biobank individuals and
conducted 40 replicates (20 for each pleiotropy regime), which we
analyzed using CI-GWAS. For the MR analysis comparison, we used
IVW and MVIVW as well as two additional methods, MR-PRESSO, and
CAUSE and their multivariable extensions where appropriate. MR-
PRESSO was implemented using code from the original publication
(version 1.0)8 with outlier correction. We employed the CAUSE R
package (version 1.2.0.0331)11 to perform the CAUSE analysis. Unless
stated we used default options given by each software. When com-
paring againstMRmethods,wesupply themethodswhereappropriate
with IVs selected by the standard procedure of running marginal
association tests. To perform themarker selection, we run PLINK 2.036

with –glm omit-ref –variance-standardize on the marker data
and the trait data. Secondly, we clump the results by running PLINK2.0
with the options –clump –clump-field P –clump-p1 10e-8 (or
–clump-p1 10e-4) and –clump-r2 0.1 –clump-snp-field IDon the
results. We then select the focal markers across all clumps for down-
stream analysis.

To compare the causal inference performances, we calculate TPR
and TDR of the returned trait-trait causal relationships. To calculate
TPR and TDR, we compare to the directed adjacencymatrix of the true
DAG. We calculate the sum of all true edges P, which is the total
number of possible true edges. We compute TP by logical AND
between the true matrix and the inferred causal relationship matrix.
We compute FP, which is the number of inferred, but not true, edges.
We then calculate TPR = TP/P and TDR = TP / (TP + FP). For the TDR
calculation for single variable MR, the true matrix differs: it is the
matrix of all causal paths in the true graph over the traits. We calculate
this because MR estimates causal effects between variables, without
regard (a distinction) between edges and paths, or in other words
between direct or mediated (through other variables) causality. Mul-
tivariable MR (MV-MR) differs as it seeks to infer direct effects, and
thus, for MV-MR, we calculate TP, FP, TPR and TDR in the same way as
for CI-GWAS.

Since CAUSE estimates path effects instead of direct effects, we
compare the estimated effect to the total effect in the trueDAGover all
path lengths when assessing its performance. The matrix of total
effectsMtot is calculated asMtot =

Pn
l = 1 M

l , whereM is thematrix of the
true direct causal effects of the DAG and n is the number of traits in
the DAG.

Assessmentof theerror ratewhen includingbinaryoutcomes in the
analysis. We also conducted a simulation to illustrate that treating
binary outcomes as continuous can lead to increased error rates
when conducting conditional testing of the sort that is done in the
PC-algorithm (Supplementary Fig. 1). We conducted two small
simulations: (1) We drew independent samples of
x ~ Binom(2, 2 × 10−3) and y ~ Binom(1, 0.028) and tested CI(x, y) as
described above with α = 0.05; (2) We simulated from the DAG:
x → ycont → ybin where x ~ Binom(2, 2 × 10−3), ycont � N ðβx, 1Þ,
ylbin � N ðγycont , 1Þ, and ybin is 1 wherever ylbin >Φ

�1ðKÞ and 0 other-
wise. We used β = (2 ×MAF × (1−MAF))−0.03 and γ = 0.4. We drew
n = 458746 samples for each variable and 10,000 replicates for each
scenario. We calculated correlations between the variables in three
different ways: pearson - Pearson correlations between all variables;
polyserial: polyserial between (x, ybin) and (ycont, ybin); polychoric:
polychoric between (x, ybin), polyserial between (ycont, x) and (ycont,
ybin). We calculated the correlations using the hetcor function in the
polycor R package48.

Power. We present theoretical limits of the percentage of variance in a
trait explained by a marker, below which our algorithm labels asso-
ciations as insignificant. We calculate these limits based on the con-
ditional independence test, which tests the significance of the sample
correlation between two variables Vi and Vj, rViV j

, and rejects the null

hypothesis H0 : ρViV j
=0 (ρViV j

being the unobserved population cor-
relation coefficient) if

jzðrViV j
Þj≥ Φ�1ð1� α

2Þffiffiffiffiffiffiffiffiffiffiffiffi
n� 3
p , ð6Þ

where z is Fisher’s z-transformof the correlation,n is the sample size,α
is the threshold applied to the test and Φ is the cumulative density
function of the standard normal distribution. n is calculated from the
standard errors of the provided correlations, sr, using

sr =
1� r2ffiffiffiffiffiffiffiffiffiffiffiffi
n� 3
p ()

n=
1� r2

sr

� �2

+ 3

ð7Þ

To calculate detection limits, we also use the standard errors of
the correlations provided in the input, but make the approximation
n= 1

s2r
, since the correlations considered are very small, such that

1 − r2 ≈ 1, and n − 3 ≈ n for large n. We then calculate the r2ViV j
that

satisfies the equality in the above equation, and interpret it as the
variance explained in Vj by Vi at the detection limit.

To calculate the standard errors for biserial correlations, rb, (used
for correlations between markers and binary traits), we used Hunter’s
and Schmidt’s approximation49:

srb =
ffiffiffiffiffiffi
pq
p ð1� r2Þ

ϕðΦ�1ðpÞÞ
ffiffiffiffiffiffiffiffiffiffiffiffi
n� 3
p , ð8Þ

where ϕ is the probability density function of the standard
normal distribution, p is the prevalence of the binary trait
and q = 1 − p.

As the sample size is calculated from the standard error as stated
above (using the standard error to sample size relation of the product-
moment correlation), the resulting estimated sample size n̂ is strictly
smaller than n in Equation (8). This reduction in the effective sample
size is a consequence of the information loss resulting from the
dichotomization of the liability-scale distribution of the binary trait,
and has been shown to be effective in controlling the number of false
positive test results caused by treating a binary variable with low
prevalence as Gaussian25.

To calculate the n needed to get an effective sample size n̂ (and
the corresponding detection limit) for a binary trait with prevalence p,
we set srb = sr using Equations (7) and (8) and the approximations
1 − r2 ≈ 1 and n − 3 ≈ n, and solve for n:

ffiffiffiffiffiffi
pq
p

ϕðΦ�1ðpÞÞ ffiffiffinp =
1ffiffiffî
n
p ()

n= n̂
pq

ϕðΦ�1ðpÞÞ2
ð9Þ

At a sample size of n = 450, 000, our procedure has a theoretical

lower limit of detection for a variant at Φ�1ð1� α
2Þðn� 3Þ�1

2

� �2
�

0:0025% variance explained, where Φ is the cumulative density func-
tion of the standard normal distribution and α is a sensitivity para-
meter for the CI tests (set at α = 1e − 3). For GWAS, taking a variant with
the same explanatory power r2 = 0.0025%, with approximate standard

error = 1�r2ffiffi
n
p , calculating the non-centrality parameter of a chi-square

distribution of NCP = ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:000025
p

SE Þ2 and using the chi-square distribution
function to compare the NCP to the quantile of the distribution at the
point corresponding to a testing correction threshold of
p − value ≤ 5 × 10−8 give the expected power. At r2 = 0.0025% the power
for a standard genome-wide association study at a sample size of
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n = 450, 000, would be 2% at the genome-wide significance level of
5 ⋅ 10−8, which is also at the lower bound of GWAS detection power.
Thus, we explicitly set α for our approach to have similar power as
standard association testing. An example power curve is given in
Supplementary Fig. 9wherewe simulate a graphof twovariableswith a
single edge and we vary the strength of the ACE and thus the corre-
lation between the variables at sample size of n = 450, 000. For each
simulated correlation value, we generate 200 datasets and estimate
power via Monte Carlo simulation, comparing it with the theoretical
power of GWAS for a trait-variant relationship with the same
correlation.

Postprocessing of CI-GWAS-selected parental markers
Regarding the markers identified as parental to traits in the
UKB analysis, we were interested in their potential biological sig-
nificance, as well as their concordance with previous findings or their
novelty.

To address the former, we downloaded ‘Homo_-
sapiens.GRCh37.87.chr.gff3‘ from Ensembl50, release 110. We then
extracted all genes (except for pseudogenes) and their exon positions
and sorted the file using

$ sort -s -k1,1 -k4,4n \ \
Homo_sapiens.GRCh37.87.chr.filtered.gff3 \ \
> Homo_sapiens.GRCh37.87.chr.filtered.sorted.gff3
We then searched for the nearest feature to each identified mar-

ker using BEDtools51 version 2.30.0 with
$ bedtools closest -d \ \
-a ci_gwas_identified_markers.bed \ \
-b Homo_sapiens.GRCh37.87.chr.filtered.sorted.gff3

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
This project uses the UK Biobank data under project number 35520.
UK Biobank genotypic and phenotypic data is available through a
formal request at (http://www.ukbiobank.ac.uk). All of the data gen-
erated in this study are provided in the Source Data file. Source data
are provided with this paper.

Code availability
The CI-GWAS code is fully open source and available at https://github.
com/medical-genomics-group/ci-gwasand has been archived on
Zenodo52. The scripts used to execute the model are available at
https://github.com/medical-genomics-group/ci-gwas. R version 4.2.1 is
available at https://www.r-project.org/. Plink version 1.9 is available at
https://www.cog-genomics.org/plink/1.9/.
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