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In a standard analysis, pleiotropic variants are identified by running separate
genome-wide association studies (GWAS) and combining results across traits.
But such statistical approach based on marginal summary statistics may lead to
spurious results. We propose a new statistical approach, Debiased-regularized
Factor Analysis Regression Model (DrFARM), through a joint regression model
for simultaneous analysis of high-dimensional genetic variants and multilevel
dependencies. This joint modeling strategy controls overall error to permit
universal false discovery rate (FDR) control. DrFARM uses the strengths of the
debiasing technique and the Cauchy combination test, both being theoretically
justified, to establish a valid post selection inference on pleiotropic variants.
Through extensive simulations, we show that DrFARM appropriately controls
overall FDR. Applying DrFARM to data on 1031 metabolites measured on 6135
men from the Metabolic Syndrome in Men (METSIM) study, we identify five
first-time reported putative causal genes, none of which had been implicated in

any prior metabolite GWAS (including the prior METSIM analysis).

Genetic studies can help identify the contributions of different variants
and genes to various processes and pathways. Identifying pleiotropic
genes can help us better understand the mechanism of metabolism
pathways'’. Given that technological advances have significantly
accelerated the availability of various multi-omics data types (e.g.,
genomics, epigenomics, transcriptomics, proteomics, metabolomics,
glycomics)®, an unprecedented opportunity arises in the character-
ization and quantification of pleiotropic genes and genetic variants
that regulate multiple phenotypes. However, data analytic techniques
to detect pleiotropic genes now lag behind the requirements for
increasing high-dimensional data; there are few adequate data analytic
methods and software tools available to address the complexity and
multimodality of biological data in the detection of pleiotropic genes.
Valid statistical methods are essential to explore and understand the
underlying biology, generate new hypotheses, and design new
experiments to deliver potentially better therapeutics as part of the
effort to turn data into knowledge that ultimately improves human
quality of life.

Our methods development is largely motivated by the objective
of identifying pleiotropic genes for various metabolic traits associated
with Type 2 diabetes (T2D) in the Metabolic Syndrome in Men (MET-
SIM) cohort®, a longitudinal study of 10,197 middle-aged and older
Finnish men that seeks to identify genetic variants that contribute to
the risk of metabolic and cardiovascular disease. T2D is a complex trait
that largely involves the interplay between multiple genes*. Dis-
covering pleiotropic genetic variants is one of the key tasks to
understand how multiple genetic variants interact in biochemical
pathways, influencing the risk of developing T2D. Currently, most
genome-wide association studies (GWAS) do not formally test for
pleiotropy. If testing of pleiotropy is performed, they are based on a
single-trait, single-variant analysis approach, which tests for the asso-
ciation of each trait with each variant’®, followed by a second stage of
detecting pleiotropic variants using certain GWAS summary
statistics”'% As evidenced by our investigation in this paper, in com-
parison to our proposed joint modeling approach, existing approa-
ches based on marginal associations cannot control the false discovery

Department of Biostatistics, University of Michigan, Ann Arbor, MI, USA. 2Internal Medicine Research Unit, Pfizer Worldwide Research, Development and
Medical, Cambridge, MA, USA. 3Department of Epidemiology, Nanjing Medical University, Nanjing, Jiangsu, China. “Institute of Clinical Medicine, Internal

Medicine, University of Eastern Finland, Kuopio, Finland.

e-mail: pxsong@umich.edu

Nature Communications | (2025)16:5789


http://orcid.org/0000-0003-3206-9064
http://orcid.org/0000-0003-3206-9064
http://orcid.org/0000-0003-3206-9064
http://orcid.org/0000-0003-3206-9064
http://orcid.org/0000-0003-3206-9064
http://orcid.org/0000-0002-9739-0249
http://orcid.org/0000-0002-9739-0249
http://orcid.org/0000-0002-9739-0249
http://orcid.org/0000-0002-9739-0249
http://orcid.org/0000-0002-9739-0249
http://orcid.org/0000-0001-6454-2384
http://orcid.org/0000-0001-6454-2384
http://orcid.org/0000-0001-6454-2384
http://orcid.org/0000-0001-6454-2384
http://orcid.org/0000-0001-6454-2384
http://orcid.org/0000-0002-3394-7749
http://orcid.org/0000-0002-3394-7749
http://orcid.org/0000-0002-3394-7749
http://orcid.org/0000-0002-3394-7749
http://orcid.org/0000-0002-3394-7749
http://orcid.org/0000-0002-6442-7754
http://orcid.org/0000-0002-6442-7754
http://orcid.org/0000-0002-6442-7754
http://orcid.org/0000-0002-6442-7754
http://orcid.org/0000-0002-6442-7754
http://orcid.org/0000-0001-7881-7182
http://orcid.org/0000-0001-7881-7182
http://orcid.org/0000-0001-7881-7182
http://orcid.org/0000-0001-7881-7182
http://orcid.org/0000-0001-7881-7182
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-60439-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-60439-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-60439-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-60439-4&domain=pdf
mailto:pxsong@umich.edu
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-60439-4

rate (FDR) and hence are susceptible to spurious findings in the study
of genetic pleiotropy. This is due largely to the fact that existing
marginal methods may over-estimate the variance of individual trait’s
residuals, which then affects the calculation of pleiotropy test statistics
and ultimately inflates type I error.

We introduce DrFARM as a method to identify pleiotropic variants
in which the over-estimation issue is alleviated by adjusting for other
genetic variants. DrFARM provides a high-dimensional estimation of
the coefficients and inference of pleiotropic variants, as it is developed
to handle data with the number of variants exceeding the sample size.
Zhou et al.” proposed a sparse multivariate factor analysis regression
model (FARM), a high-dimensional joint modeling approach, to detect
the so-called “master regulators” (a.k.a. pleiotropic variants), in which
they used sparse group lasso regularization' to enforce sparsity at both
individual-level (entry-level) and group-level (variant-level)™”. The
group sparsity led to the identification of variants being simultaneously
associated with multiple traits. The limitation of the sparse multivariate
FARM is that it does not quantify uncertainty, and it does not yield FDR
control in the discovery of pleiotropic variants. In addition, sparse
multivariate FARM ignores relatedness and population structure’ >,

DrFARM is built upon a post-selection debiasing technique to
address these limitations, where valid p values are obtained for sta-
tistical inference on pleiotropic variants. The debiasing-based post
selection (DPS) inference has been studied extensively in the fields of
high-dimensional statistics and machine learning” . This method has
only limited previous application in genetic data analyses, an area that
naturally demands valid DPS inferences®. The critical technical chal-
lenge in the utility of DPS inferences lies in the estimation of the pre-
cision matrix of the predictors, which is the inverse of the covariance
matrix of the predictors. This matrix plays a central role in DPS infer-
ence as it is used in desparsifying regularized estimates, which are then
known to follow asymptotic distributions, and consequently allows for
high-dimensional statistical inference, including valid p values gen-
eration. Although several methods for precision matrix estimation
exist, such as graphical lasso (Glasso)*®, nodewise lasso?, and quadratic
optimization®, there is no consensus on which method has the best
FDR control, sensitivity of parameter tuning, robustness of numerical
performance, and computational efficiency. To the best of our
knowledge, this paper is the first to conduct a comprehensive com-
parison of existing precision matrix estimation methods in DPS

inference using large-scale simulations, leading to practical guidelines
on the use of DPS inference in the analysis of pleiotropic variants. Such
knowledge may be applied to many empirical studies with limited
sample sizes encountered by other high-dimensional genetic and
omics data analyses.

DrFARM: 1) performs a rigorous, valid statistical test via debiasing
to identify potential pleiotropic variants with a proper overall FDR
control; 2) accounts for the relatedness and population structure of
genetic data in DPS inference; and 3) allows users to choose a precision
matrix estimation method in DPS inference. We demonstrate the
performance of DrFARM through extensive simulations and make
recommendations useful to the application of DrFARM in practical
studies. We also reanalyze metabolomics data from the METSIM study
to discover new pleiotropic variants and genes.

Results

Motivating example

We begin with a simple but representative simulation example to
motivate the proposed method. We illustrate how pleiotropy may lead
to complications in statistical inference. Under the setting of two
simulated correlated traits, we first illustrate the empirical type I error
given by three approaches to identifying pleiotropic variants under the
case P<N: 1) Fisher combination test approach: p values are first
obtained using a single-trait, single-variant analysis (i.e., univariate
Y, j=1,2regressed on single X;, i=1, ..., P, respectively) and combined
for each variant using the Fisher combination test which takes into
account the correlation of Y = (¥, ¥»)”'°; II) MANOVA on multivariate
marginal model (i.e., multivariate Y regressed on single X;, i=1, ..., P,
respectively); and 1) MANOVA on multivariate joint model of P vari-
ables (i.e., Y regressed on X = (Xj, ..., Xp)). To further assess the impact
of potential over-estimation for the variance of individual trait’s resi-
duals in the marginal analysis, our comparison is extended to several
existing methods for identifying pleiotropic variants, including IV)
HOPS", V) PLEIO?, VI) MTAG* and VII) Primo®. Note that HOPS and
PLEIO enable the detection of pleiotropic variants for two traits, MTAG
allows the re-estimation of trait-specific effects of individual SNPs
under a shared trait model where the Fisher combination test is
applied, and Primo permits an integrative analysis across various
sources; see more details in “Setup in motivating example” of Methods.
Left half of Fig. 1 shows the average empirical type I error of the first
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Fig. 1| Violin plot of average empirical type I error for existing and possible
statistical approaches for identifying pleiotropic variants across 1000 repli-
cates. The methods under comparison include two possible methods: Joint (joint
MANOVA model) and Marginal (marginal MANOVA model), and existing methods:

HOPS PLEIO MTAG Primo

Method
Fisher (Fisher combination test), HOPS, PLEIO, MTAG, and Primo. Each violin shows
the distribution of Type I error estimates across 1000 replicates, with a black

horizontal crossbar indicating the median. The red horizontal line represents the
nominal 5% type I error level.
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three methods I-lll. The two methods Il (Marginal) and Il (Fisher)
based on pairwise association testing suffer from severely inflated
empirical type I error. In particular, the Fisher combination test gets
~64% average empirical type I error. On the other hand, the empirical
type I error of the joint MANOVA model has virtually a constant 5% type
lerror. This desirable error control is attributed to the fact that the test
statistics in the joint modeling correctly estimate each trait’s residual
variance. In contrast, without correctly estimating each trait’s residual
variance, the same MANOVA modeling, when applied to pairwise
marginal models, fails to control the overall type I error (-39% on
average). Right half of Fig. 1 unveils similar evidence of poor type |
error control by the four existing methods IV-VI (HOPS, PLEIO, MTAG
and Primo). Essentially, these marginal analysis approaches over-
estimate the trait’s residual variance. This simple example implies the
need for a joint modeling approach to identifying pleiotropic variants.
For illustration, we limited the number of variants to that of a set of
genome-wide significant index variants in the original METSIM mar-
ginal analysis, as they were the most likely candidates for pleiotropic
variants. In practice, it is almost always the case P> N; for example,
using 1076 cutoff instead of 5 x 108 can increase the number of variants
in the analysis. Thus, our development of DrFARM further extends the
joint MANOVA modeling approach for the high-dimensional case with
P> N, which is commonly encountered in the study of pleiotropic
variants.

Overview

We consider a penalized multivariate regression framework that
extends the sparse multivariate FARM" (see “Review of remMap and
sparse multivariate FARM” of Methods for more details) to establish
valid post-selection statistical inference. Compared to traditional lin-
ear mixed models in GWAS, DrFARM enables the adjustment for other
variants via the high-dimensional joint modeling between P variants
and Q traits and embraces a factor analysis model (FAM) with K latent
factors to characterize the between-trait dependence. Additionally,
since FAM in DrFARM allows implicitly for missing heritability in
GWAS*? it is appealing in the analysis of pleiotropic variants. More-
over, a joint analysis of P variants and Q traits can better estimate the
loading coefficients in FAM and subsequently improve both estimation
and power. DrFARM also extends the sparse multivariate FARM by
allowing a certain kinship structure to correlate latent factors in FAM,
as opposed to independent latent factors assumed in sparse multi-
variate FARM. We show that FAM in DrFARM is equivalent to the
specification of genetic random effects in the linear mixed model*?°,
but the former has parsimonious model constructs and thus is
potentially advantageous for model interpretability.

A schematic workflow of DrFARM is given in Fig. 2. To handle
simultaneously many variants and traits, in Step 1, DrFARM uses the
regularization technique under a sparse group lasso penalty, resulting
in both individual (entry-level, i.e., all variant-trait coefficients) level
and group (variant-level) level sparsity. Since the sparse estimation
does not have the capacity to intentionally control any error rate (e.g.,
FDR) in the analysis, this method is limited for its use in GWAS when
the quantification of sampling uncertainty and discovery rate control
is of primary interest. Step 2 of DrFARM implements a rigorous sta-
tistical inference through the debiasing technique, leading to valid
asymptotic distributions to generate desirable inferential quantities
such as p values and confidence intervals for individual association
parameters. Step 3 of DrFARM uses the standard FDR control techni-
ques (e.g., Benjamini-Hochberg procedure®) along with the Cauchy
combination test (CCT) to calculate combined p values for the detec-
tion of pleiotropic variants.

Simulation
We conduct extensive simulation experiments to evaluate the perfor-
mance of the proposed DrFARM, two of which are reported in detail in

this paper. The first compares four methods, including the standard
sparse multivariate FARM with no debiasing and three modified sparse
multivariate FARM procedures with (i) only inner-debiasing, (ii) only
outer-debiasing, and (iii) with double debiasing (i.e., both inner and
outer-debiasing) under various choices of precision matrix estimation
methods, including Glasso, nodewise lasso, quadratic optimization
and naive method (i.e., no use of the precision matrix in inner-
debiasing). Inner-debiasing refers to a debiasing step taken within the
M-step of the EM algorithm (see Algorithm 1 in Methods); outer-
debiasing operates a desparsifying step to ensure the asymptotic
normality for individual sparse estimates. The remMap® model, which
does not involve FAM, is also included in the comparison as the most
parsimonious joint model. The second simulation investigates the
influence of kinship on whether or not to be included in the latent
factors of FAM when data are sampled from genetically related sub-
jects. In each simulation setting, we vary the sample size, number of
SNPs, number of traits, and number of latent factors. See Supple-
mentary Table 1 in the Supplementary Note 13 for a more detailed
description of simulation settings.

In simulation I, we generated data from a standard sparse multi-
variate FARM assuming independent individuals. As seen in Scenario |
in Fig. 3, all methods that do not use outer-debiasing appear to have
high FDRs at both individual and group-levels. Similarly, Scenario Il in
Table 1 suggests that both remMap and the naive method perform
poorly in the FDR control without using outer-debiasing. The naive
method inflates individual-level and group-level FDRs as high as 27.2%
and 65.9%, respectively.

Inregard to the choice of precision matrix estimation, the strategy
of the inner-debiasing appears to be very conservative; despite
achieving accurate FDR control at 5% for the group-level signals, the
FDRs for individual-level signals range from 0.6 to 0.7%. This shows
that there is a conservative FDR control by the regularized method. In
contrast, for the strategies involving the use of the outer-debiasing,
four methods (remMap, naive, Glasso and nodewise lasso) are all able
to control their FDRs at levels close to 5% for both individual-level and
group-level signals, except the strategy using the quadratic optimiza-
tion method, the precision matrix estimation yields on average 8.9%
FDR for individual signals and 6.8% FDR for group-level signals. In
addition to FDR, we compare their performances by MCC (Matthews
correlation coefficient), a composite metric of sensitivity and specifi-
city. Supplementary Table 2 in Supplementary Note 13 shows that the
naive, Glasso and nodewise lasso with the outer-debiasing show very
similar MCCs for the detection of both individual-level and group-level
signals. In Scenario I, the MCC values in Supplementary Table 2 indi-
cate that the naive method with the outer-debiasing is slightly more
powerful than Glasso and nodewise lasso for the detection of both
individual-level and group-level signals. In summary, outer-debiasing is
deemed essential to control FDR while not being too conservative.

In simulation II, we simulate data by mimicking GWAS of common
variants (=5% minor allele frequency) in genetically related individuals
of on average the third-degree relatedness. Based on our experiences
from simulation I, we found that no use of the outer-debiasing leads to
an unsatisfactory FDR control, so we here only focus on the results
from the methods with the utility of the outer-debiasing. As shown in
Fig. 4 (Scenario I), the FDR for individual-level signal for the quadratic
optimization method appeared constantly above 5% regardless of
accounting for kinship or not, whereas the FDR for group-level signals
is controlled under 5%. All the other methods of precision matrix
estimation exhibit satisfactory FDR control at levels close to or below
5%. In particular, the FDR for the individual-level signal was uniformly
very close to 5%. Furthermore, from the performance results in terms
of MCC in Supplementary Tables 3 (Scenario I) and 4 (Scenario Il) in
Supplementary Note 13, we again observe that the naive method, with
or without kinship, is slightly more powerful than both Glasso and
nodewise lasso methods for the detection of both individual-level and
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Generalized multivariate FARM
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Fig. 2| Overview of the DrFARM workflow. Schematic workflow of the DrFFARM method, illustrating the three major steps. The family tree icon symbolizes kinship among
related samples. The 3D conformer structure image of the metabolite (hydroxyproline) was obtained from the National Institutes of Health (NIH) PubChem (CID: 5810).
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Fig. 3 | Individual-level and group-level false discovery rates for 10 different
approaches. (A) across 100 replicates: Al: remMap.none; A2: remMap.outer; A3:
Naive.none; A4: Naive.outer; AS: Glasso.inner; A6: Glasso.double; A7: NL.inner; A8:
NL.double; A9: QO.inner; A10: QO.double. NL refers to node-wise lasso, and QO

Al A2 A3 A4 A5 A6 A7 A8 A9 A0

refers to quadratic optimization. In these box plots, the box represents the inter-
quartile range (IQR), the horizontal line inside the box indicates the median, and the
whiskers extend to the most extreme data point within 1.5 times the IQR. Data
points beyond this range are shown as individual black circle dots.

group-level signals. Incorporating kinship in the analysis does not lead
to gains in MCC due largely to the fact that MCC is not a metric of
statistical power (or one minus type Il error) but a metric of detection
accuracy composed of sensitivity and specificity.

In conclusion, based on our simulation setup, kinship appears to
minimally impact FDR. Thus, one may choose not to use kinship in
DrFARM to reduce computational burden. However, given the potential
significance of kinship in other contexts, further investigations into its
impact on FDR and signal detection are warranted. In addition, among
the 3 precision estimation approaches (Glasso, naive method and
nodewise lasso) with FDR control, we recommend Glasso as it utilizes the
inner-debiasing step, and the computational complexity (or CPU time) is
the lowest. Additionally, Fig. 5 shows power curves of DrFARM over
effect sizes with different sample sizes. Based on the results, a sample
size of 1000 is deemed adequate for DrFARM to achieve desirable

power, a sample size requirement akin to GWAS standards (e.g., see
Saber and Shapiro®).

Real data application

Given the high correlation of metabolite abundance for many sets of
metabolites across METSIM study participants, we expect to see that
many loci exhibit pleiotropy across those metabolite sets. In the ori-
ginal single-metabolite GWAS*, we found at least one significant
(p<7.2x10™) association for 803 of the 1031 tested metabolites. Of

the 322,003 = <823) possible combinations of these metabolites,

334 have a high phenotypic correlation (i.e., p > 50%). And of the 334
highly correlated metabolite pairs, 257 (77%) exhibit pleiotropy in at
least one locus, where we define pleiotropy as having significant hits
for each metabolite within 10 kb of each other (Supplementary Table 3,
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Table 1| Averaged performance metrics across 100 replicates for remMap (r) and DrFARM (d) under different types of
debiasing in Scenario Il for simulation 1

Individual Group

Method Precision Debiasing TPR FDR MCC TNR FDR MCC

d None None 99.7% 27.2% 85.0% 61.6% 65.9% 45.8%
d Glasso Outer 99.3% 5.6% 96.8% 99.0% 5.4% 96.8%
d Glasso Inner 95.2% 0.7% 97.2% 99.0% 5.3% 96.8%
d Glasso Double 98.2% 4.6% 96.8% 99.2% 41% 97.5%
d NL Inner 95.2% 0.7% 97.2% 99.0% 5.3% 96.8%
d NL Double 98.0% 4.6% 96.7% 99.3% 4.0% 97.6%
d QO Inner 95.4% 0.6% 97.4% 99.2% 4.4% 97.3%
d QO Double 96.4% 8.9% 93.7% 98.7% 6.8% 95.9%
r None None 94.2% 15.6% 89.1% 86.7% 41.6% 71.0%
r Glasso Outer 90.8% 5.3% 92.7% 98.9% 5.9% 96.4%

In addition, the true negative rate (TNR) for individual-level and true positive rate (TPR) for group-level results were all near 100% for all methods.

Fig. 4 | Individual-level and group-level false discovery rates obtained under 2
kinship settings by 4 precision matrix estimation approaches dealing with the
outer-debiasing across 100 replicates. In these box plots, the box represents the
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interquartile range (IQR), the horizontal line inside the box indicates the median,
and the whiskers extend to the most extreme data point within 1.5 times the IQR.
Data points beyond this range are shown as individual black circle dots.

Fig. 5 | Power curve for sample size N=1000, 2000, and 5000, which was
smoothed by the generalized additive model (GAM). The x axis shows the
absolute values of the estimated effect sizes arising from debiasing-based post
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selection (DPS) inference. Such estimates differ in scale from the true effect sizes
due to the standardization for both the predictors (X) and outcomes (Y) prior to
regularization.
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Yin et al.**). For example, the two medium-chain acylcarnitines hex-
anoylcarnitine and octanoylcarnitine both have significant lead SNPs at
the ACADM locus (encoding the medium-chain acyl-CoA dehy-
drogenase), which was unsurprising considering this enzyme acts on
both metabolites®, and both the metabolites are strongly corre-
lated, p=0.636.

Similarly, 257 (4.5%) of the 5176 unique metabolite pairs sharing a
locus (at least one significant hit for each metabolite within 10 kb of
each other) in Yin et al.**, have a high phenotype correlation. Thus, at
least some of the observed pleiotropy can be explained by the phe-
notypic correlation of the metabolite concentrations. However, a sin-
gle locus can also be significantly associated with traits that are not
highly correlated at the phenotypic level. For example, hex-
anoylglycine has a significant association at the ACADM locus even
though the phenotypic correlation p with hexanoylcarnitine is
only 0.185.

Because DrFARM uses the correlation structure across the meta-
bolites to enhance the power to detect genetic associations for indi-
vidual metabolites, we explored the extent to which the associations
identified by DrFARM reflect these phenotypic correlations. Of the
77 =334-257 highly correlated metabolite pairs with no pleiotropic
lociin the original study, DrFARM detected a significant association for
an additional 16 of the 77. For example, the caffeine metabolites
I-methylurate and paraxanthine share a phenotypic correlation
p=0.578, and yet while paraxanthine was significantly associated with
the CYP2A6locus (p =2.2 x 10 at rs56113850) in the single-metabolite
GWAS, 1-methylurate has a p value of only 0.0013 at this same variant
in the single-metabolite analysis. In contrast, DrFARM assigns a p value
of 3.9 x107® to 1-methylurate at rs56113850. This association is highly
plausible given that the CYP2A6 enzyme is responsible for acting on
paraxanthine on its way to being converted to 1-methylurate.

In all, DrFARM assigned a p value <7.2x10™ to 403 (386 pleio-
tropic + 17 “singleton”) variants (see Supplementary Data 1). These 403
variants collectively yield 2287 significant metabolite associations.
While a subset of these 2287 associations involves metabolites that are
highly correlated with previously identified metabolites, 70% do not
exhibit high correlation to any previously identified metabolite at the
same locus. For example, at the GLS2 locus (encoding a glutaminase
enzyme), the single-metabolite GWAS identified significant associa-
tions for both glutamine and a glutamine derivative, gamma-
glutamylglutamine. DrFARM found an additional association for
another glutamine derivative, hexanoylglutamine, despite the fact that
hexanoylglutamine and glutamine share a phenotypic correlation (o)
of only 6 x10™*. Despite the low phenotypic correlation of most of the
new metabolite associations from DrFARM compared to the previous
single-metabolite results, the vast majority of the new results represent
highly plausible biological results. For example, where the previous
analysis identified tyrosine as a significant association at the TAT locus
(encoding tyrosine aminotransferase), the new analysis identified a
significant association for the tyrosine derivative, N-acetyltyrosine.
The new analysis also identified a significant association for kynur-
enine at the KMO locus (encoding kynurenine 3-monooxygenase), for
the caffeine derivatives 1-methylurate, 3,7-dimethylurate, 1,7-dime-
thylurate at the CYP2A46 locus (encoding a caffeine metabolizing
enzyme), for the pyrimidine metabolite uracil at the CDA locus
(encoding the pyrimidine metabolizing enzyme, cytidine deaminase)
and the very long acyl carnitine 5-dodecenoylcarnitine at the ACADVL
locus (encoding the very long-chain specific acyl-CoA dehydrogenase).

To further evaluate the DrFARM-identified associations, we per-
formed a colocalization analysis (using HyPrColoc”?) comparing
DrFARM signals with those from the original METSIM single-
metabolite GWAS*. Of the 1748 locus-metabolite associations that
DrFARM flagged at p<7.2x10™ and also retained by colocalization,
1480 were also reported at or below that threshold in the single-
metabolite analysis. Among the remaining 268 associations, 229

occurred within 500 kb of a published lead SNP but did not meet the
stringent study-wide significance cutoff. Remarkably, 31 of the 39
remaining signals (i.e., those more than 500 kb away from any pre-
viously reported association) had already been annotated with a likely
causal gene in our earlier genome-wide (but not study-wide) analysis,
accounting for 79.5% of the novel locus-metabolite associations
highlighted by colocalization. These include three first-time reported
metabolite QTL genes (ACER3, AGPATS, and ELOVL6), each of which
plays a key role in lipid or sphingolipid metabolism.

In contrast, HyPrColoc dropped 146 DrFARM associations,
including 13 signals with no nearby (500 kb) published associations.
Of these 13, only 7 were previously linked to three putative causal
genes (PEMT, SLC7A7, and CETP), each implicated by prior metabolite
GWAS, representing 53.8% of the novel locus-metabolite associations
from DrFARM that did not pass the colocalization analysis. In addition,
there were 393 DrFARM associations in which only a single metabolite
achieved study-wide significance (p <7.2x10™), in which case colo-
calization analysis was not possible. Notably, two of these signals map
to GPD2 and TNFSFI11, each representing a first-time reported meta-
bolite QTL gene. We refer the reader to the Supplementary Data for
additional details on these loci and for a comprehensive breakdown of
the colocalization analysis.

We showed that cross-referencing the DrFARM detected sig-
nificant associations with biological knowledge gleaned from the rich
history of biochemistry provides independent validation of these
results. Expanding the current analysis to systematically identify
pleiotropic genes for multiple correlated metabolites is a promising
future research direction.

Discussion

We developed a new method, DrFARM, to identify potential pleio-
tropic variants in GWAS. Our methodological contribution centers
on post-selection hypothesis testing, adjusting for other genetic
variants and confounding factors. DrFARM provides satisfactory FDR
control in the detection of both individual-level (entry-level) and
group-level (variant-level) signals. In addition, DrFARM incorporates
population structure in the latent factors as part of the modeling of
between-trait correlations. Being a nontrivial extension from a low-
dimensional joint modeling approach, DrFARM overcomes a difficult
problem of proper FDR control in the large-P-small-N setting, which
has troubled existing pairwise single-variant marginal association
testing in the GWAS literature. Our study demonstrates the necessity
in including relevant independent variants—as many as possible—in
pleiotropy analyses, which has been largely overlooked by existing
methodologies. DrFARM is proposed to significantly refine the input
to downstream colocalization analyses, such as Moloc* and
HyPrColoc®.

The primary goal of colocalization analysis is twofold: To examine
if a certain genomic region is commonly associated with different
traits, and to identify which variants are most likely to be responsible
for such associations. In contrast, DrFARM enhances the colocalization
process by starting with a set of index variants, each being thought of
as a statistically independent signal cluster”’, which serves as input
genetic markers. DrFARM allows for the identification of preliminary
pleiotropic variants potentially linked to putative causal gene regions.
Those detected candidate variants may be further scrutinized using
colocalization techniques tailored for two-trait (Moloc) or multi-trait
(HyPrColoc) analyses. This scrutiny step effectively determines the
most plausible variant within a signal cluster (now confined within a
specific gene region), which leads to the best candidate for true
pleiotropy. To illustrate, we provide the HyPrColoc multi-trait colo-
calization results in Supplementary Data 2. Using 386 pleiotropic var-
iants identified by DrFARM as input, this colocalization analysis yields
368 meaningful clusters of colocalized metabolites. Of these, 63.9%
(235/368) of the clusters achieve a posterior probability of
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colocalization >90%, even when involving a high number of traits (up
to 17). Thus, DrFARM not only identifies more reliable and promising
candidate gene regions for downstream analysis but also establishes a
more robust foundation for colocalization analyses by ensuring that
the input consists of potential pleiotropic variants with genuine
associations.

A proven advantage of DrFARM is that it can increase power by
taking into account the correlation between related traits, enabling
identification of associations not identified in single-trait analyses. We
identified five unreported candidate genes with DrFARM in the MET-
SIM data analysis. DrFARM is not limited to the association study of
metabolites-genetic variants but is applicable to other high-
dimensional omics data types such as proteins and glycans. Thus,
DrFARM presents an ample opportunity to discover pleiotropic var-
iants in the integrative analysis of multi-trait and multimodal omics
data in the modern biology era.

DrFARM has some limitations that deserve further exploration in
future research. First, DrFFARM is built upon L, penalty regularization,
which is known to suffer from overfitting when predictors are highly
correlated. We have seen the sensitivity of FDR on modest or highly
correlated SNPs (e.g., correlation >0.7), indicating a need to invoke a
better regularization method to improve DrFARM with correlated
SNPs. Second, DrFARM requires the use of an estimated precision
matrix in the outer-debiasing step to calculate p values for inference.
Taking our recommended method Glasso (balancing computational
efficiency and statistical performance) as an example, the computa-
tional complexity is O(P?) to O(P*), depending on the actual sparsity
of the precision matrix®®. Thus, DrFARM is computationally expen-
sive to handle tens of thousands of variants, which might be
improved by feature screening methods® to reduce dimensionality
prior to the application of DrFARM, or by a fast precision matrix
estimation method. It is worth noting that DrFARM in its present
form may not be scalable to biobank-level datasets. As outlined in
Algorithm 1, the computational complexity of DrFARM is O(NPQ). To
improve the scalability of DrFARM, a viable future direction is to
harness the distributed computational techniques for post-model
selection inference, as introduced by Tang et al.*°. Through the
parallelized computing architecture, the computational burden in
the LASSO regularization method can be distributed across multiple
CPUs. In this way, DrFARM could significantly increase its scalability,
thereby paving the way for its widespread application in large-scale
biobank data analysis.

As for future work, one direction is to investigate the latent factors
used by DrFARM. Similar to traditional factor analysis, the interpreta-
tion of latent factors is a challenging issue. Potentially, geneticists
could mine the latent factors to understand the missing heritability in
GWAS, similar to how principal component analysis (PCA) has helped
to understand population stratification*’. Related tasks would include
associating these latent factors with different gene regions and eluci-
dating what kind of factor rotation provides a meaningful interpreta-
tion for the latent factors. With the ever-increasing size of GWAS
cohorts and whole-genome sequencing platforms, another important
work is to develop scalable algorithms for estimating ultra-high-
dimensional precision matrices, as they play a crucial role in statistical
inference with high-dimensional genomics data. Scalability of DrFARM
may be further improved by incorporating summary statistics in the
proposed analytics useful for the analysis of large-scale biobank data.
This task requires a substantial methodological effort on an extension
of the EM algorithm for its operation with summary statistics. Finally,
another significant direction for future research is the replication of
our findings in independent cohorts. While the present study’s results
are promising, replicating the newly identified loci in an independent
cohort would further validate and strengthen our findings. This lim-
itation may be overcome when we have access to independent data-
sets in the future. We expect that with the availability of the DrFARM

software, researchers in the field may use their own data to replicate
our findings, thus reaching broader implications in genetic studies.

Methods

Ethical compliance

This study was approved by the Ethics Committee at the University of
Eastern Finland and the Institutional Review Board at the University of
Michigan. All participants provided written informed consent.

Setup in motivating example
Consider two correlated traits, ¥; and Y5, constituting a bivariate trait
by Y =(Y;, V). Suppose that Y is generated from the true model

Y=X [ﬁuﬁlz] tE, @

where X =(Xy, --- , Xp) is a set of P predictors (e.g., SNPs), B;; and B, are
P-dimensional vector of true coefficients associating X with ¥; and V>,
respectively (notice that some of the coefficients of f;; and B, can be
zero). Since the traits are correlated, we assume and attribute this to an
environmental covariance p, for Var(e), where p # 0.

In practice, it is often assumed that the P SNPs are independent
and contribute to the traits independently. However, this assumption
may be violated for genetic data due to factors including linkage dis-
equilibrium and population structure*’. Nonetheless, it is useful to
consider the concept of signal cluster” and think of SNPs coming from
P statistically (roughly) independent sources contributing to the traits.

We set N= 6135, P=2072 (same as our real data analysis setting),
and suppose there are 250 true SNPs that contribute to the two traits.
The effect sizes of true SNPs are generated by sampling 500 = 250 x 2
effect sizes from the set of 3443 genome-wide significant associations
from prior METSIM single-metabolite GWAS.**. We also set a weak
environmental covariance p=0.3. SNPs are generated by sampling
2072 SNPs from a set of 6334 LD-pruned SNPs from chromosome 22
using METSIM data with 2= 0.01 threshold. The empirical type I error
is given by the number of significant discoveries (i.e., p value < 0.05) in
the null set divided by 1822 =2072-250 (the number of null), which is
evaluated from 1000 replicates.

In our analysis, we considered various methods to illustrate the
validity of the joint modeling approach in type I error control,
including I) Fisher combination test”'’; II) MANOVA with two versions
of the multivariate marginal models, and IlI) the multivariate joint
model. In addition, we also included four existing methods, including
IV) HOPS", V) PLEIO?, VI) MTAG* and VII) Primo®. Each of these
methods requires different types of inputs, with the details given as
follows.

* HOPS: This method requires a P x Q matrix of Z scores, with Q=2
being allowed in this method. We used Z scores from pairwise
association testing, which are obtained by regressing each
Y, j=1, 2 onsingle X; i=1, ..., P, respectively, to mimic current
GWAS practices, and the magnitude pleiotropy score'p value was
used to calculate type I error.

* PLEIO: Utilizing summary statistics, which are based on standar-
dized phenotype and genotype data, including both effect sizes
and standard errors for both traits, PLEIO needs an estimated
genetic covariance matrix, and an environmental correlation
matrix, with both typically derived from cross-trait LD-score
regression (LDSC)*.

* Our simulation generates a bivariate trait (Y3, ¥>) through a linear
model with a subset of 6334 LD-pruned SNPs from chromosome
22, in which the subset size varies between simulation replicates.
The LDSC is a standard approach for calculating genetic covar-
iance (H) and environmental covariance (E), which was found to
be unreliable. This is because LDSC requires LD scores from a
reference panel, yet only 50 of the 6334 SNPs had an LD-score
available from the European reference panel. Such a low number
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of SNPs (<50) can produce unstable estimates for H and E. To
address this issue, we employ another commonly used alter-
native approach to identify null SNPs used in the estimation of E.
That is, we selected SNPs with absolute Z scores of magnitude
less than 2 for both Y; and Y, resulting in an average of 400 SNPs
or so over 1000 replicates. Then we estimated E using the
covariance matrix of these Z scores. The phenotypic covariance
matrix, X, was calculated by the sample covariance matrix given
by £=Y'Y/(N - 1). Using the decomposition £=H + E, we
estimated H as X - E. Finally, we converted the environmental
covariance matrix into a correlation matrix using the R function
cov2cor (), and used the PLEIO p value from this output to
calculate the type I error.

* MTAG: This method requires the same inputs as PLEIO, generated
in the same manner described above. Since MTAG was used to re-
estimate effect size, as opposed to giving an overall p value for
pleiotropy, we employed the Fisher combination test to combine
two re-estimated p values, providing the final p value for
pleiotropy to calculate type I error.

* Primo: This method requires a Px Q matrix of effect sizes, stan-
dard errors and sample sizes. Similar to the procedure used to
yield the Px Q matrix of Z scores for PLEIO, we obtained effect
sizes and corresponding standard errors through marginal ana-
lyses. Since Primo is a Bayesian method, it also requires a vector of
length Q for the proportion of test statistics (or a prior) that are
non-null for each trait. This proportion was set to (250/2072, 250/
2072)", which is the true proportion used in the simulation.
Furthermore, Primo requires the minor allele frequency (MAF) for
summary statistics derived from SNP data, such as those from
GWAS studies. The MAF was calculated as min{l - X;/2,X;/2},
where X; represents the sample mean of the jth column in the
sampled genotype matrix X.

* The Primo method outputs a P x 22 posterior probability matrix of
association patterns. Given Q=2, this results in 2>=4 possible
configurations per row (SNP), with the probabilities across these
configurations summing to 1. These configurations are
(0, 0), (0, 1), (1, 0), and (1, 1), where a value of O indicates no
association of the SNP with the corresponding trait. For example,
(0, 1) signifies an association with only the second trait. Let
Ty, Myj, 3, and 14 denote the posterior probabilities that the jth
SNP is associated with the patterns (0, 0), (0, 1), (1, 0), and (1, 1),
respectively. For null SNPs, patterns (0, 1), (1, 0), and (1, 1) repre-
sent incorrect associations in our simulation. Thus, we compute
1 - my=1my + m3; + my; and apply a 90% threshold, as per Gleason
et al.”, i.e., if 1-my;>0.9 or equivalently m;<0.1, a SNP is con-
sidered a discovery. The type | error rate is calculated as the
proportion of null SNPs identified as discoveries over the total
number of null SNPs.

Review of remMap and sparse multivariate FARM
Both remMap and sparse multivariate FARM are regularized multi-
variate regression models that exploit a sparse group lasso penalty to
identify “master” predictors (i.e., pleiotropic variants in GWAS). In
particular, sparse multivariate FARM extends remMap by modeling
residual correlations of traits via a latent factor model®”. More speci-
fically, assume P SNPs and Q traits are collected in each individual. Let
X; =g, -, xp) and y;=y, -, Yig)" (=1, ..., N) be normalized
SNPs and normalized traits with mean O and variance 1, respectively.
The multivariate FARM takes the form:
y;=Ox;+Bz;+¢;, i=1,.--,N )
where @ ={0,,} is a Q x P coefficient matrix, B is a Q x K matrix of factor
loadings (K being the number of latent factors). Multivariate FARM
assumes the latent factors z;=(z;;, - - -, )" ~ MVN(0, I) that may

be related to either biological systems or environmental exposures.
Moreover, € = (€;, ~~-,e,~Q)T’s are independent and identically dis-
tributed (i.i.d.) errors from MVN(0,, W) with 0, being a Q-element
zero vector and W = diag(yy, -+ , o) being a Q x Q diagonal matrix. The
multivariate FARM further assume ¢; is independent of the latent fac-
tors z;.

The multivariate FARM has the following equivalent form:

Y=XO" +ZB” +E, 3)

where Yy, o=y -, YW Xyxp =Xy, -, X)) Zyag =(2, -+, Zy)"
~ MNyk (Op k. Iy, Ig) and Eyxq=(€y, ey ~ MNy x Oy =g Iy,
W). Here MN,;x,»(M, V,, V,) denotes the n x m matrix normal distribu-
tion with mean matrix M (nxm), row (inter-sample) covariance
matrix V, (nxn) and column (between component) covariance V.
(m x m). The conditional covariance of the response variables given
the predictors is Var(y;x;) =X=BB’ + W. To illustrate the role of
latent factors, we provided some simulation results (Supplementary
Fig. 2) in the Supplementary Note 13 to numerically exhibit the
advantage of the FARM to reach parsimonious findings with
no sacrifice of FDR. More details can be found in Supplemen-
tary Note 6.
The objective function of sparse multivariate FARM is given by

N
LO.BW= S (- Ox) BB Wy —ex)
i=1

+A 11 @1+, | ©7 |54,

where [0];=Y"% 5 16,1 and [ ©'[5,= Y5 /65, + - +65,,
and A;, A, > 0 are tuning parameters controlling the entrywise sparsity
and column-wise sparsity in O, respectively.

We estimate the parameters (0, B, W) in sparse multivariate
FARM using the EM-GCD algorithm®, which uses a group-wise
coordinate descent (GCD) algorithm for estimating © and
expectation-maximization (EM) algorithm for estimating both B and
W. When there are no latent factors (i.e., K=0), Model (2)
reduces to the remMap model. The objective function of remMap is
given by

1
(@)= 5 Y =XO"[F+A, [ Ol +4; || O,y ®)

Here the first term is under the Frobenius norm. Notice that (5)
implicitly assumes the variance of the Q trait residuals is equal. The
parameter O is estimated using a modified version of the active
shooting algorithm™***, More details of remMap and sparse multi-
variate FARM may be found in Peng et al”® and Zhou et al’,
respectively.

Generalized multivariate FARM

We consider a generalization of the multivariate FARM in DrFARM
where the latent factors are allowed to be correlated when study
participants are related. That is, we specify Z ~ MNy«(Onxx, K, Ix),
where K (Vx N) is a prespecified kinship matrix that is scaled to have
diagonal elements equal to 1 analogous to a correlation matrix. In
GWAS, K is typically estimated separately from available genotype
data, e.g., using KING*. To decorrelate samples, we perform an
eigendecomposition of K=UDU7?474 where U is an N x N ortho-
gonal matrix of eigenvectors and D =diag(6;, - , 6y) is an NxN
diagonal matrix of eigenvalues. Correspondingly, an equivalent form
of the generalized multivariate FARM is

Y=X0" +ZB” +E, (6)
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where Y=U"Y,X=U"X,Z=U"Z ~ MN,, 4<(Oy+x,D, 1) and E=UTE ~
MNy . Oy g, Iy, W). That is, for each individual i,

¥;=0X;+BZ; +€,Z ~ MVNy(0y, 6,1y) and € ~ MVNy (0o, W),  (7)

wherey,, X;,Z; and €; are the ith row of Y, X, Z and E, respectively. Note
that there is an extra §; term in the variance of z; compared to z;
in (2) due to the presence of kinship dependence among
subjects. With the transformation, the likelihood can be obtained as
a product of N individual likelihoods, which can be easily evaluated.
To deal with latency of Z;’s, we invoke the EM algorithm by treating
the /s as missing data in the estimation of the model para-
meters (O, B).

The generalized multivariate FARM connects to the multivariate
linear mixed model GEMMA given in Zhou and Stephens*:
Y=X0" + G + E, where Gyxq ~ MNaxo(Onxo, K, V,) is genetic random
effects, E ~ MNyx«q(Onxqr v, Vo), Vg is the Q x Q symmetric matrix of
genetic variance component and V. is the Q x Q symmetric matrix of
environmental variance components. In comparison, generalized
multivariate FARM is more parsimonious by modeling the random
effects G with FAM ZB" - MNpxo(Onxq, K, BB') (or equivalently,
V;=BB'). FAM presents simpler covariance structures to both genetic
and environmental variance component matrices, and the latent fac-
tors may be used to investigate the missing heritability in GWAS (see
“Discussion”).

Regularized estimation
The complete data log-likelihood is

N
(0, B,W): = log( i) @)

=1
N
—22

where C is a suitable constant.

To identify pleiotropic variants, we employ a regularized estima-
tion method via the sparse group lasso penalty (by predictor/column)
AllO|l1 + A5]|@7||2;1 to achieve sparse estimation of @, where A;, A, are
tuning parameters controlling the entrywise sparsity and column-wise
sparsity in @, respectively. This penalized estimation is integrated with
the EM algorithm that deals with the augmented data log-likelihood
with latent factors Z. The penalized log-likelihood function for com-
plete data is given by

\ —

ox, - Bz) Wy, Oii—Bii)—glog|lll\—C

L(©,B, W)= —1(0,B,W)+g; ,,(0)

—_

EZ(y, ox; — Bz) Wy, — 0%, —Bz,)+—log|lll\
i=1

+AIZZ‘9qp|+AZZ

q=1p=
®)

where gy 5. (0): =4, || Ol +4, || OT||2,1 and C is a suitable constant
with respect to the parameters (0, B, W).

Let ¢ be the iteration number. In the E-step we calculate the first
two conditional moments

E@ " y) =687 (6BB+W) "y, — 00%)=WPE", (9

E@Z (t+1)~(t+1)T|yl) 6 (t)B(t))+w(t)e M0 (t)Tw(z)T (10)

where W;=6,B"(5,BB” + ll")fl and €, =y, — OX,.

In the M-step, we compute 6" (see expression (1) in Supple-
mentary Note 1),

-1
B(t+1) - (Z E *t+1) Ez (~(t+1)T|yi)> (Z E(~(t+1)~(t+1)T|y )> , (11)

1 N D)+ DT ¥ ~(t+1)~1[+1)r ~ +
wrh = = diag <Z AR ZB“ VE( ly)B“*T ).
N £ L L

i=1 i=1

12)

For the detailed derivation, please refer to Supplementary Note 1. Let
0,B, W be the regularized estimator for @, EM estimator for B and W,
respectively. Also, let E(Z|Y)=(E(zly,), - E(ENWN))T _Then, we
denote the conditional moment based on estlmators 0,B,W by
E &zm Define L0=1@",BO, w0 Y=y _ EZ"|Y)BCT and

=Y - XO“’ The pseudocode of the EM algorlthm for parameter
estimation is given in Algorithm 1. We highlight two major differences
compared to the algorithm implemented in sparse multivariate
FARM®: (i) Instead of obtaining an exact minimizer of Oin M-step 1, we
use a one-step update® to reduce the computational cost. Our
numerical studies show that the one-step approximation does not
change the final estimate much but greatly improves the overall
computational efficiency. (ii) We add a second M-step 2 to calculate a
debiased estimate 0(5{,. This debiasing step helps us to get a more
stable estimate of the residual matrix E , which subsequently enhances
the estimation of the quantities in the FAM (B, W) in M-step 3. We refer
to M-step 2 as inner-debiasing. The initial value determination and
tuning parameter selection are detailed in the Supplementary Note 3.

Algorithm 1. EM Algorithm for a given pair of tuning parameters (1;, 1)

Data: X, Y, K

Result: 0 = {9,-]-}, B W, E(zﬁ)

Obtain U and D from eigendecomposition K = UDU’;

Transform X=U"X and Y=U'Y;

Fix tolerance &;

Initialize 0> and B;

Estimate precision matrix 0 from sample covariance matrix

C=(X"X) /N (except for the nodewise lasso approach);

Set t=0;

While LY - 19> Eand L“Y<[© Set t=¢t + 1; do

E-step:

Obtain both first and second conditional moments of Z using (9)
and (10);

M-step:

M-Step 1: Update 6} using (1) in Supplementary Note 3 for all , j
in a coordinate descent search, using the active shooting scheme
proposed in Peng et al.™5;

M-Step 2: Obtain an
00+ L ¥" - 00X )X 0;

M- Step 3. Update B® and © using (11) and (12) with the residual

matrix E

inner debiased estimate

O(f )

Estimation of variance parameters

The estimates of the trait residual variance (or uniqueness) ¢; (for
i=1, ..., Q) are part of the parameters output from the EM algorithm.
The true ¢y;’s are typically underestimated in numerical studies. As a
remedy, we propose an alternative estimator adjusting for the degrees
of freedom given by
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where

5 val Taw TT~ vsal T el
S=(Y-X0 -EZY)B") (Y-XO - EZY)B")
and §; is the number of nonzero in the ith row of @ (i.e., all the coef-

ficients associated with trait i). Likewise, estimator of variance ¢ is
given by

21 ~
o —n_gll Y — X8B3,

which is suggested by Reid et al.*° (“Overview”), s is the number of
nonzero in the lasso estimator f. Note that the diagonal elements of
matrix S are extracted to estimate the uniqueness (or the trait-
specific variance parameters). This trick has been used in other
statistical problems, such as seemingly unrelated regression, to
ensure numerical stability; borrowing cross-trait dependence can
help remove noise, which avoids aggregating noise from other
components into each individual marginal. All off-diagonal ele-
ments of S are not used in either inner or outer-
debiasing discussed below.

Inference

Single parameter inference. In the univariate regression analysis
Y=XB + € with € ~ N(O, 6, a lasso estimator B* can be desparsified
(termed in Van de Geer et al.”') or debiased (termed in Javanmard and
Montanari®®) by

Bao=B+10X"(Y —XB),
where

ﬁ(ﬁdb,j -B)

0\/®;

—9N(0,1),asn — oo

under some regularity conditions, &” is an estimator for ¢ when n <p
(see  “Estimation of varian(}e parameters”). In particular,
- P P T o T o T o .
Bav=Bav,1s - Bap,p) ,P=QCQA ,C=(X"X)/n, and Q is the esti-
mated precision matrix which approximates n(X"X) "~ when n<p.

__ Inthe same spirit, we propose to debias the regularized estimator
0 in DrFARM by

8,,=0+ %&T _ex’ —BE@Y) XQ, 13)
where B and E(Z|Y) are estimators of B and E(Z|Y) obtained from
the EM algorithm (see Supplementary Note 3). Correspondingly,
similar asymptotic properties can be derived for @4, = {6, 5} (see
Supplementary Note 2). We refer to this as an outer-debiasing step.
The outer-debiasing step is different from the inner-debiasing step,
which is used inside the EM algorithm. The outer-debiasing step is
used outside of the EM algorithm (once the estimation is
completed) for statistical inference. Despite the difference in
purpose, the outer and inner debiasing steps share a common
debiasing expression. It follows that the p value for testing Ho: 8;;=0
involving the ith trait and jth predictor p; can be calculated by the
above estimator with

VNOy,
Voo,
where @i is an estimator for uniqueness (see “Estimation of variance
parameters”) and @ is the cdf of the standard normal distribution.

p;=2|1-0o (14)

Hypothesis test for pleiotropy. Let ©; be the jth column of ©. Testing
for pleiotropy (also known as testing the group-level significant
association) is equivalent to testing ©;=0. Of note, the classical
MANOVA test statistics, such as Wilk’s Lambda®, Pillai's Trace®,
Hoteling-Lawley Trace’* and Roy’s Greatest Root™ cannot be used
when P> N. To use the asymptotic result in Liu and Xie**, we consider
the CCT*® for the joint test of @;=0. The CCT takes the form

Q
Ty= Y wytan((0.5 - py)m), 1)

i=1
where w;; are nonnegative weights and Zj‘-’zl w; =1. The test statistic
follows a Cauchy distribution under the null with an arbitrary depen-
dence structure between pj/s. Liu and Xie demonstrated that CCT can
be used for single-trait discovery in GWAS®. For our purpose, we
extend the CCT to multi-trait discovery and adjust for multiple testing
using the Benjamini-Hochberg procedure®. More specifically, we
obtain individual p value p; using (14) and plug it into the CCT test
statistic formula (15). The corresponding p value p; is then given by
pj=2%W(-|T})), where ¥ is the cdf of the standard Cauchy distribution.

Choice of precision matrix estimation

The precision matrix plays a critical role in the debiasing steps. There is
a large body of literature on precision matrix estimation. However, to
the best of our knowledge, the influence of different estimation
methods on the statistical performance of the debiased estimator? >
has not been studied. Here we compare three precision matrix esti-
mation methods: 1) Graphical Lasso (Glasso) maximizes the penalized
log-likelihood* but with unknown theoretical guarantees”; 2) Node-
wise lasso (NL), performs row-wise lasso and proved theoretical
guarantees in estimation consistency” and 3) Quadratic optimization
(QO) performs a row-wise convex optimization with theoretical guar-
antees in estimation consistency?®.

In our numerical studies, we exploited the precision matrix esti-
mated from Glasso and NL where tuning parameters were selected by
the extended Bayesian information criterion (EBIC) with y = 0.5°7°%, For
Glasso, we used 10 tuning parameters (default setting) using glas-
sopath () of the R package glasso.In the same spirit, for NL, we fitted
P regression models X; regressed on X_; for all i=1, ..., P (where X;
denotes the ith column of X and X_; denotes the matrix after omitting
ith column from X) and used 100 tuning parameters (default setting)
using R package glmnet. For QO, we used the R code provided on the
first authors’ website: https://web.stanford.edu/montanar/sslasso/
code.html with the default setting.

Simulation

In each setting, sample size (N), number of predictors (P), number of
traits (Q), number of latent factors (K), and number of signals are all
varied. We implement the proposed method and use EBIC (y=1) for
tuning parameter selection. We use 100 replicates for all the methods
compared. Details for the implementation of the methods can be
found in Supplementary Note 3.

Simulation I. Suppose X=1{x,,}, Z=1{z} and E={e,q}. Their entries
Xnp» Znk and €pq are independently generated from N(O, 1) for
n=1,..,.N,p=1..., P, k=1,..,Kand g=1, ..., Q. To generate the Q x P
coefficient matrix @ = {,,} between the Q traits and P predictors, we
specify a sparse indicator matrix A={6,}. If 64=1 then
04, ~ Unif([-1.5, -1]1 U [1, 1.5]). Otherwise, 6,,=0. Notice that
2 S _1 By, is the number of signals fixed in a given scenario. Given
a fixed number of pleiotropic variant m (set to be 15% of the number of
predictors), the set of pleiotropic variants is randomly drawn from the
indices {1, ..., P} without replacement. Let M=1{q: 6,,=1,forg=1,...,Q},
i.e., the set of indices corresponding to the pleiotropic variants. The
number of traits associated with each j € M follows
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Multinomial(X (1, ..., 1)). To specify the factor loading matrix B, we
adopt an approach similar to Zhou et al.”. First, we start with an initial
matrix B = {b:,k} where b;k are independently generated from
Unif(0, 7) where 7>0 is determined empirically and fulfills the signal-to-
signal-to-noise ratio (SSNR) = mean(diag(Cov(X0"))): mean(diag(Cov
(ZB"))): mean(diag(Cov(E))) =1: 3: 5. This SSNR is used to mimic the
missing heritability scenario of GWAS and gives the necessity for
modeling the latent factors. We perform an eigendecomposition
B'B7=UZX'U" where the column vectors of U’ are orthonormal eigen-
vectors of BB and X’ is a diagonal matrix with diagonal entries being
the eigenvalues of BB”. Then we can let V' =sqrt(X) and form B=U'V".
Finally, the data are generated using the equation Y=X0O" + ZB” + E.

Simulation IlI. For this simulation, all settings are kept the same as
Simulation I except x,,; ~ Bin(2, p;) independently foralln=1, ..., Nand
Zx - MVNp(0, K) independently for k=1, ..., K, where Z = [7,, ..., Zx]. To
mimic common variants in GWAS, p; ~ Unif(0.05, 0.95) independently
foralli=1, ..., P. We generated kinship K using the standardized X'X”
(i.e., cov2cor () in R) where X' ={x},} has its entries x,; ~ Ber (0.25)
forn=1,..., Nand i=1, ..., P so that the off-diagonal entries of K has a
mean of 0.25 to simulate a third-degree relationship (2 x 0.125)
between individuals on average*®.

Performance metrics
We used true positive rate (TPR), true negative rate (TNR), FDR, and
Matthew’s correlation coefficient (MCC)>®

TOR = Tk
TNR = ¥
FDR = "y

= TPxTN—FPxFN
\/(TP +FP)(TP+FN)(TN + FP)(TN + FN)

MCC

to compare the performance of different approaches in simulations |
and II, at both the individual-level and group (SNP) level. In particular,
for methods that do not provide p values (i.e., without debiasing or
with inner-debiasing only), the number of true positive (TP) is the
number of nonzero elements in the selected © in the signal set for
signal-level result and the number of pleiotropic variants with at least
one nonzero association for the group (SNP) level result. The number
of true negatives (TN) is the number of zeros in the selected 0 in the
non-signal set for signal-level result and the number of the non-
pleiotropic variant with no association for the group-level result. Then,
the number of false positives (FP) and the number of false negatives
(FN) are simply given by the number of positive (nonzero coefficients)
minus TP, and the number of negatives (zero coefficients) minus TN,
respectively. For methods that provide p values (i.e., outer-debiasing
or double debiasing), we applied Benjamini-Hochberg procedure® to
both the signal-level and group-level p values at 5% level. To calculate
TP, TN, FP and FN, instead of evaluating whether the coefficients are
nonzero, we consider whether the adjusted p values are smaller
than 0.05.

Power analysis

We use the setting of simulation Il to generate some power curves as
part of understanding for the performance of DrFARM. Specifically, for
each of the 100 simulated datasets, we use the EBIC (y =1) to determine
sparsity in 0 while using Glasso to estimate the precision matrix. We
applied the Benjamini-Hochberg procedure® to the signal-level p
values and declaim significance at 5% FDR level. We recorded the signal
detection status, and the empirical percent of correct signal detection
was estimated by using the Generalized Additive Model (GAM)®°
smoothing technique. The resulting power curves were plotted in
Fig. 5 against the corresponding effect size for varying sample sizes of

1000, 2000, and 5000, respectively. The GAMs were fit using the R
package mgcv.

METSIM dataset

We use the same METSIM metabolomics GWAS dataset as in Yin et al.**
(N =6135) to demonstrate the performance of the proposed methods.
In the original study, they performed single-variant association tests
using a linear mixed-effects model with EPACTS (v3.2.6) https://github.
com/statgen/EPACTS on the normalized residual metabolite values, in
which they limited their analysis to the 1391 metabolites successfully
measured on =500 METSIM participants and to the genetic variants
with minor allele count (MAC) 5. Here, we focused on a subset of
P=2072 nearly-independent index variants identified from this uni-
variate analysis after Bonferroni correction (p < 7.2 x10™)**. We chose
the set of index variants because they were the most likely candidates
for pleiotropic variants. As shown in Yin et al.**, 27.2% of the index
variants were associated with more than 2 metabolites using a single-
variant association testing approach. Since multivariate regression
requires a complete data matrix for traits, we focused on Q=1031
targeted metabolites that were either complete or imputable using the
K-nearest neighbors approach (with 5 neighbors). Examples of non-
imputable metabolites include those that were only present <3 out of 4
Metabolon panels (data collected at different times). As in Yin et al.**,
we regressed the Metabolon-reported metabolite level on covariates
(age at sampling, Metabolon batch, and lipid-lowering medication use
status for lipid traits only). To obtain covariate-adjusted metabolites
with mean O and variance 1, we inverse-normalized the residuals from
the regression model**. We based the K-nearest neighbor imputation
on the inverse-normalized scale. For further details, such as data pre-
processing, please refer to Yin et al.**.

METSIM data analysis

We first searched a 10 x10 tuning parameter grid and picked the
optimal tuning parameters using EBIC (y=1) for remMap. Then,
remMap estimates with the selected tuning parameters were used as
the initial value for DrFARM to find the optimal tuning parameters
from a refined 5x5 grid. As suggested by the simulation, we used
DrFARM with double debiasing with Glasso for discovery. We varied
K=11t0100 (i.e., 5x5x100 =2500 grids were searched in total). For a
fixed k€{], ..., 100}, the tuning parameter was selected among the
5x 5 grid. Since we observed EBIC decreases almost monotonically
with k, to avoid overfitting, the residual matrix Y — X@ 4, was calcu-
lated for each k for the selected tuning parameter. The exploratory
graph analysis (EGA)®' uses Glasso® to obtain the sparse inverse cov-
ariance matrix for the outcomes of interest and identifies the number
of clusters or communities in a graph using a walktrap algorithm® The
number of dense subgraphs (communities or clusters) is declared as
the number of latent factors K. Since metabolites are known to be
clustered, we used EGA as opposed to common latent factors deter-
mination methods such as parallel analysis®*** or Kaiser-Guttman’s
eigenvalue-greater-than-one rule®® for biological interpretability. We
performed EGA for each of the 100 residual matrices, and majority
voting of the EGA results yielded K=16. The signal and SNP (group)
level results were subject to p<7.2x10™ (under the Bonferroni cor-
rection for 692 metabolite principal components that explained 95%
variability in the 1391 correlated metabolite on top of the 5x1078
genome-wide association cutoff, the same cutoff as the original study)
for statistical significance. Unlike simulation, in addition to
p <7.2x10™ at the group-level, we also required the significant SNP to
have at least two associated metabolites with p <7.2 x10™ to be con-
sidered a potential pleiotropic variant.

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

We used the same METSIM metabolomics GWAS dataset as in Yin et
al.** for the real data analysis. The METSIM metabolomics dataset
(n=6135) used here is a subset of the full METSIM metabolomics
data, which is expected to be deposited in dbGaP by the end of 2025.
As part of this deposit, we will include ID lists corresponding to the
individuals analyzed in this paper. Until the data are available in
dbGaP, access can be provided under a Data Use Agreement by
request to Dr. Michael Boehnke (boehnke@umich.edu), with
responses to requests for data access typically provided within
2 weeks. The simulated datasets used in this paper can be replicated
using the R package provided in https://github.com/lapsumchan/
drfarm (see the Methods section for details). All association test
summary statistics generated from the real data analysis in this
manuscript are included in the Supplementary Data that can be fully
accessed by readers. All other data supporting simulation experi-
ments and real data analyses are provided in both the main text and
Supplementary Information.

Code availability

GATK v3.5 is available at https://gatk.broadinstitute.org/. KING v2.21
is available at https://www.kingrelatedness.com. Beagle v4.1 is avail-
able at https://faculty.washington.edu/browning/beagle/b4 _1.html.
EPACTS v3.2.6 is available at https://github.com/statgen/EPACTS.
HOPS v1.0 is available at https://github.com/rondolab/HOPS. PLEIO
v2.0 is available at https://github.com/cuelee/pleio. MTAG v1.0.8 is
available at https://github.com/Jonjala/mtag. Primo v0.2.1is available
at https://github.com/kjgleason/Primo. The R package for DrFARM is
available at https://github.com/lapsumchan/drfarm and archived at
Zenodo under https://doi.org/10.5281/zenod0.15252156.
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