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Metabolomic genome-wide association studies (nGWASs), or metabolomic quantitative trait locus (metQTL) analy-
ses, are gaining growing attention. However, robust methods and analysis guidelines, vital to address the complex-
ity of metabolomic data, remain to be established. Here, we use whole-genome sequencing and metabolomic data
from two independent studies to compare different approaches. We adopted three popular data transformation
methods for metabolite levels—(i) logqo transformation, (ii) rank inverse normal transformation, and (iii) a fully ad-
justed two-step procedure—and compared population-based versus family-based analysis approaches. For valida-
tion, we performed permutation-based testing, Huber regression, and independent replication analysis. Simulation
studies were used to illustrate the observed differences between data transformations. We demonstrate the advan-
tages and limitations of popular analytic strategies used in mGWASs where especially low-frequency variants in
combination with a skewed metabolite measurement distribution can lead to potentially false-positive metQTL
findings. We recommend the rank inverse normal transformation or robust test statistics such as in family-based

association tests as reliable approaches for mGWASs.

INTRODUCTION
Genome-wide association studies (GWASs) are commonly used to
investigate the genetic basis of complex traits or diseases (1). In recent
years, there has been a growing interest in the use of GWASs to ex-
plore the genetic basis of the metabolome, the complete set of small
molecules, or metabolites, present in an organism (2-12). These anal-
yses are commonly referred to as metabolomic GWASs (nGWASs) or
metabolomic quantitative trait locus (metQTL) studies. Metabolites
are the downstream products of complex interactions between under-
lying genetic susceptibility and environmental exposures, and they
can provide important insights into the biochemical pathways and
physiological processes that result in changes in a phenotype (5, 13).
One of the main challenges in conducting mGWAS/metQTL stud-
ies is the skewness of metabolite measurement distributions, impeding
the application of standard statistical approaches, which require at least
some distributional assumptions (14, 15). To address the issue of dis-
tributional skewness in statistical data analysis, there are three com-
mon approaches: (i) data transformations to meet the distributional
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assumptions of regression analyses (16-19), (ii) regression approaches
that are robust to outliers such as Huber regression (20), or (iii)
permutation-based testing that requires only minimal distributional
assumptions (21, 22). However, to date, there has not been a system-
atic comparison of these approaches in the context of mGWAS.

Data transformations such as log transformation or rank inverse
normal transformation can help to reduce skewness and therefore al-
low the application of existing and standard regression analyses.
Hence, they are commonly used in metabolomics (2, 8-11). Robust
approaches, for example, Huber regression, reduce sensitivity toward
data outliers and have been successfully implemented and used in the
analysis of transcriptomics and epigenetics data (23, 24), but have
not yet been widely applied to metabolomic data analysis. Last,
permutation-based testing does not require strong distributional as-
sumptions but is computationally challenging, especially given the
high dimensionality of metabolomic data that results in a large num-
ber of statistical tests. The most suitable approach for dealing with
skewness in metabolomic data may depend on the specific experi-
mental context and the goals of the analysis. Moreover, most mG-
WASs use unrelated samples only, and potential confounding is
routinely adjusted for by using the principal components (PCs) of
genetic ancestry (5, 8, 10). However, it is unclear to what extent this
affects findings in the context of metQTL studies. Therefore, careful
consideration and evaluation of the available methods are necessary
to ensure reliable and meaningful interpretation of metabolomic data.

Using two large independent, diverse multi-omic studies of chil-
dren with asthma and their parents, we are in a unique position to (i)
investigate the dependency and sensitivity of mGWAS/metQTL re-
sults to different data transformations, robust regression models, and
permutation-based testing and (ii) compare population-based analy-
sis with family-based analysis, which is completely robust to genetic
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confounding and misspecification of the phenotype distribution
(25). Together, these results will help to inform the choice of methods
for future mGWAS analyses, as interest continues to grow in the rela-
tionship between genetic variants and metabolite levels.

RESULTS

Study subjects

Our analyses are based on participants from two independent studies:
the Genetics of Asthma in Costa Rica Study (GACRS) and the
Childhood Asthma Management Program (CAMP). The study pro-
tocol and subject recruitment details for both studies have been
published previously (26-29). The workflow of our investigations is
visualized in Fig. 1. After merging quality-controlled whole-genome
sequencing (WGS) and metabolite data, we obtained 1021 unrelated
GACRS and 712 unrelated CAMP children with both WGS and me-
tabolomic profiling data who were included in the population-based
analysis. For the family-based analysis, we included 897 GACRS
trios and 340 CAMP trios with WGS data for all three family mem-
bers and offspring metabolite data available (Table 1).

The GACRS discovery population was slightly younger than
CAMP and had a lower body mass index (BMI) (age at collection
for metabolite data). All GACRS subjects were Hispanic, but most
of the CAMP participants (69.38%) were of European ancestry,
with around 10% Hispanic. A total of 195 metabolites of known
structural identity were measured in both cohorts on the HILIC
(hydrophilic interaction liquid chromatography)-positive plat-
form, covering a broad range of the metabolome, including amino
acids, peptides, carbohydrates, energy intermediates, lipids, nucleo-
tides, cofactors and vitamins, and xenobiotics.

Five different metQTL analysis approaches (models 1 to 5)
We adopted five different metQTL analysis approaches, incor-
porating different data transformations and population-based
(models 1 to 3) and family-based testing (models 4 and 5). The
different analysis approaches are described below and summarized
in Table 2.

Data transformation

- Log,, transformation
- Rank inverse normal transformation
- Two-step procedure

For the population-based approach, the metabolite levels in
model 1 were log;o transformed and Pareto scaled. Here, we note
that Pareto scaling is a commonly used approach to scale metabolite
data, but it does not affect the results in our studies for model 1, as it
just corresponds to a linear transformation of the outcome data. The
regression model included age, sex, BMI, and the top 10 PCs of ge-
netic ancestry as additional covariates. For model 2, metabolite lev-
els were rank inverse normal transformed and adjusted for the same
covariates in the regression model. We applied a fully adjusted two-
step approach in model 3 (30). Here, untransformed metabolite lev-
els were first regressed on the same covariates as in models 1 and 2.
Subsequently, the corresponding residuals underwent a rank inverse
normal transformation and were incorporated into a second-step
regression analysis using the same covariates and the genetic variant
of interest as predictors. The coefficient of the genetic variant was
tested for significance to obtain the association P value.

For the family-based analysis, we applied the family-based asso-
ciation test (FBAT) framework (25, 31). FBAT is a conditional score
test, conditioning on the sufficient statistic for parental genotypes
and the observed phenotype. The outcome variable was defined as
the residuals obtained after regressing transformed metabolite levels
on age, sex, and BMI. No adjustment for PCs of genetic ancestry was
performed. Two different data transformations were considered:
log;o transformation (model 4) and rank inverse normal transfor-
mation (model 5).

The association between a single-nucleotide polymorphism (SNP)
and a metabolite in a given model was considered significant if the
corresponding asymptotic P value was less than P < 5 X 107°/195 =
2.56 x 107", which represents the standard genome-wide signifi-
cance level adjusted for the number of metabolites tested using a
Bonferroni correction.

Genome-wide significant SNP-metabolite associations in
population-based analyses

In general, the population-based analyses identified more signifi-
cant SNP-metabolite associations, which we refer to as metQTL-
associations, than the family-based analyses (Table 3). Within the

Reliability
- Permutation per metQTL: P < 1 x 10-°
- Huber regression: P < 2.56 x 10710

metQTLs: P<5x1078/195
=~ 2.56 x 1071°

Replication: P< 0.05 &

consistent effect direction

Family-based asthma cohorts
GACRS: Discovery stage
CAMP: Replication stage

Model comparison
- Model 1: Log, transformation in population-based design

- Model 2: Rank inverse normal transformation in population-based design
- Model 3: Two-step procedure in population-based design

- Model 4: Log,, transformation in family-based design

- Model 5: Rank inverse normal transformation in family-based design

False-positive rates
dependent on data transfor
mation for low-frequent vari
ants

Robust metQTLs
discovered in model 1,
model 2, and model 3

Simulation with null data
- Random datasets (1K subjects)
100K SNPs with each minor allele frequency (0.01. 0.05, 0.
1, and 0.2) for untransformed, log-transformed, and rank inv
erse normal-transformed data

- Highly skewed raw value in data transformation

Fig. 1. Workflow. Significant metQTL-associations were identified on the basis of an asymptotic P value of <2.56 x 107", corresponding to the standard genome-wide
significance level of 5 x 107 additionally adjusted for 195 metabolites tested, using a Bonferroni correction. Permutation-based P values were declared as significant us-
ing P < 107°, taking into account the maximum number of permutations of 10° in PLINK2.
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Table 1. Demographic characteristics of study subjects in GACRS and CAMP. Mean + SD or number (%) is shown.

GACRS children GACRS offspring in trios” CAMP children CAMP offspring in trios”
Number 1021 897 712 340
Male, n (%) 608 (59.55) 521 (58.08) 432 (60.67) 223 (65.59)
Age, years (SD) 9.25 + 1.87 9.22 +1.86 13.07 + 2.16 1294 +2.14
Body mass index, kg/m2 (SD) 18.30 + 3.79 18.30 + 3.88 21.63 +4.63 21.62 +4.59

Self-reported ethnicity

N 000

Other, n (%)

Hispanic, n

494 (69.38)
)
60 (843)

*Data for offspring in trio.

Table 2. Genetic association analysis of metabolite data using five different approaches.

Regression Outcome Covariates Model type and software
Model 1 Log;o-transformed metabolite levels ~ Age + Sex + BMI + genetic ancestry Population based; PLINK2
PC1:10
Model 2 Rank inverse normal-transformed Age + Sex + BMI + genetic ancestry Population based; PLINK2
metabolite levels PC1:10
Model 3 Two-step procedure: Age + Sex + BMI + genetic ancestry Population based; PLINK2
Untransformed metabolite levels PC1:10
regressed on covariates, rank inverse
normal transformation of residuals as
outcome in second step regression
with same covariates + genetic
variant as predictors
Model 4 Logie-transformed metabolite levels Age + Sex + BMI” Family based;
FBAT
Model 5 Rank inverse normal-transformed Age + Sex + BMI” Family based;
metabolite levels FBAT

*Regression adjustment for covariates; residuals considered as the outcome in FBAT analysis.

population-based analyses, a larger number of significant indepen-
dent metQTL-associations, n = 159, were identified using the log;o-
transformed metabolite levels (model 1) compared to only 54 using
the rank inverse normal-transformed metabolite levels (model 2).
Notably, 1977 significant independent metQTL-associations were
identified with the two-step procedure (model 3), linked to a rela-
tively small number of metabolites (n = 46) (Table 3).

Validation of findings in permutation-based testing, Huber
regression, and replication in CAMP

To disentangle the observed differences in the number of metQTL-
associations across models, we reran the significant metQTL-
associations from models 1 to 3 using permutation-based testing
and Huber regression analysis. We considered all models 1 to 3 here
because data transformations do not only aim to improve distribu-
tion characteristics but can also alter the power of the analysis (19).
Because the distribution of metabolite levels can be skewed, asymp-
totic P values in linear regression models can produce false-positive
findings. The applied data transformation approaches attempt to
reduce this problem, but the sufficiency of this approach in this

Leeetal, Sci. Adv. 11, eadp4532 (2025) 11 April 2025

context is unknown. Permutation-based testing has the advantage
that it requires weaker assumptions about the data distribution. The
limitation here is the computational burden, limiting the number of
permutations by 1 X 10° (in the PLINK2 software) and therefore
restricting the results of permutation-based testing to a minimum
permutation P value of 1 X 10, In the following, using a slight
simplification, we considered an empirical P value of <1 x 10~ as
additional evidence for the metQTL-associations representing a
true signal and not a statistical artifact.

Table 3 shows that model 2 outperformed models 1 and 3 in
terms of validation via permutation-based testing and Huber re-
gression, with >98% of metQTL-associations additionally found to
be significant via these approaches (compared to ~30% and ~2% in
models 1 and 3, respectively). The results suggested that across the
three approaches, permutation-based testing and Huber regression
were largely identifying the same metQTL-associations, as the con-
sistency between the permutation-based results and Huber results
exceeded >90% across models 1 to 3. The significant metQTL-
associations identified using the permutation-based tests for each
model are provided in tables S1 to S3.
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in model 1

in model 1

70 (6.33%)

871

52 (96.30)
in model 2

54 (2.73)

52 (100.0)
in model 2

(2.63)

46 1968 1977 52

Model 3

T20000%

12 0
14

Model 4

Family-

Model 5

based study )y,

13 (81.25%)

16

15

tNumber of cases where the genetic variant identified as metQTL-association

*A significant metQTL-association was defined by a corresponding Bonferroni-corrected asymptotic P < 2.56 x 10~ '°.

$Replication is defined as an association P < 5% in CAMP with a consistent direction of effect. The replication rate in

percentages is based on the number of metQTL-associations available for replication.

in the GACRS discovery analysis was not available in CAMP for replication.

Further evidence for the detection of a true biological finding
was provided by the replication rate when rerunning analyses in the
CAMP cohort. Again, the metQTL-associations identified in model
2 using rank inverse normal-transformed values were more likely to
be replicated in CAMP (82.69% of metQTL-associations replicated)
than results based on log) transformations (model 1, 38.05% repli-
cated) and the two-step procedure (model 3, 6.33% replicated)
(Table 3). We note that the lack of replication does not imply that
the discovered signal is a false positive, and other explanations in-
clude the lack of power and different characteristics of the CAMP
cohort compared to GACRS. Together, the results in Table 3 illus-
trate that the association analysis findings based on model 2 (rank
inverse normal transformation) provide significantly more robust
results and higher replication rates than models 1 and 3. In conclu-
sion, a substantial fraction of metQTL-associations identified by
models 1 and 3 are potentially false-positive findings.

Minor allele frequency as the driving factor underlying
potentially false-positive findings in GACRS

We next investigated the driving factors underlying these potential
false-positive associations. Figure 2 (A to E) illustrates the minor allele
frequency (MAF) distribution of the SNPs involved in the identified
metQTL-associations and the number of associated independent
metQTL-associations with each metabolite for all models. We observed
substantial differences between the MAF distributions of the identified
metQTL-associations based on the different models. The analysis based
on model 1 revealed a large fraction of low-frequency genetic variants
(MAF < 5%) involved in metQTL-associations, which were not repli-
cated in CAMP. This contrasts with the results based on model 2 (Fig.
2B). The metabolites associated with low-frequency SNPs (biliverdin,
N-a-acetylarginine, urate, and thyroxine) in model 1 are the top 4 me-
tabolites in terms of skewness based on logjo-transformed levels (table
$4), whereas the normalization approach in model 2 eliminated skew-
ness and therefore also these spurious associations (Fig. 2, A and B).

The metQTL-associations in model 3 were mainly driven by two
metabolites, “metronidazole” and “sulfamethoxazole” (1906 of 1977
associations, ~96%; Fig. 2C), which are the top 2 metabolites in
skewness based on untransformed metabolite levels (table S4), lead-
ing to strong spurious correlations with the covariates in the second-
step regression. This, in turn, leads to skewness in the association
analysis between the SNP and the corresponding residuals. We in-
vestigated this observation in more detail in the simulation studies
described below.

Overall, MAF was the main factor driving the difference in the
number of metQTL-associations identified among models in the
population-based analysis. In the following section, we describe simu-
lation studies that demonstrate and illustrate these findings further.

Type 1 error simulation studies

We performed two simulation studies to illustrate and support the
conclusions and findings from the real data analysis. The simulation
studies used the observed metabolite levels in GACRS data.

The first simulation study investigated type 1 error rates for stan-
dard linear regression, Huber regression, and FBAT statistics when
analyzing metabolites using untransformed, log-transformed, and
rank inverse normal-transformed data. For each of the 195 metabo-
lites included in our analysis, we performed a set of simulations in
which we generated simulated metabolite outcomes by randomly
sampling with replacement from the observed data (sample size
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Fig. 2. Results of metQTL-associations based on each model (A: model 1, B: model 2, C: model 3, D: model 4, and E: model 5). Left: Number of SNP-metabolite associations
(metQTL-associations) identified for each metabolite, reported separately for each model (A to E). Middle: The MAF distribution of the metQTL-associations in the GACRS discovery
population, reported separately for each model. Right: The MAF distribution of the metQTL-associations replicated in CAMP, reported separately for each model.

n =1000). We simulated independent SNPs for four different MAFs
(1,5, 10, and 20%, 10,000 simulated SNPs each) and applied all three
methods to investigate associations between SNPs and simulated
metabolite levels. Because metabolites and SNPs were drawn inde-
pendently, no true associations were present in the simulated data,
enabling the analysis of type 1 error rates.

In the second set of simulations, we extracted the observed un-
transformed metabolite levels for the metabolite metronidazole as
well as the covariates used in the real data analysis (sample size
n =1051). This metabolite is described by a highly skewed distribu-
tion with outlier values and showed a potentially increased number
of false positives in the data analysis. We simulated corresponding
independent SNPs with six different MAFs (1 to 20%, 10,000 simulated

Leeetal, Sci. Adv. 11, eadp4532 (2025) 11 April 2025

SNPs each) and analyzed the associations with the simulated me-
tabolite using the two-step approach. Here, we considered untrans-
formed and log-transformed data in the first regression step of the
two-step approach.

The results of the first simulation study demonstrated that stan-
dard linear regression shows an increased false-positive rate for me-
tabolites with skewed distributions when the analysis is performed
using the untransformed and log-transformed data (Fig. 3A and
table S4). In particular, the inflation arises for low-frequency SNPs.
This is in line with the observations in our real data analysis and is
expected because the sparsity of the SNP data in combination with
nonnormal outcomes can lead to inaccurate asymptotic P values. In
contrast, Huber regression provided more accurate false-positive
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Fig. 3. Results of the two simulation studies. Plots (A), (B), and (C) present the results of the first simulation study with an increasing sample size. These plots show the
number of false-positive associations for linear regression (LR), Huber regression (Huber), and FBAT among the 195 simulated metabolites, stratified by data transforma-
tion and MAF. False-positive findings were defined on the basis of an association P value with P < 0.05/10,000. As the sample size increases, the number of false-positive
associations decreases, although rare allele frequency contributes to an increase in false positives. RINT, rank inverse normal transformation. Plots (D) and (E) illustrate the
differences in the number of false-positive associations for the same metabolite depending on whether data transformation was applied (first simulation study). In gen-
eral, untransformed metabolite levels result in more false-positive findings compared to logio-transformed data. However, certain metabolites, such as 5-acetylamino-6-
amino-3-methyluracil, exhibit higher numbers of false positives after a logs transformation. Plot (F) shows the results of the second simulation study, which focused on
metabolite levels for metronidazole. It displays P value distribution from the two-step approach, stratified by data transformation and MAF. The black line represents the

Bonferroni-corrected P value (0.05/10,000), defining false-positive findings.

rates. FBAT showed strongly robust type 1 error control, regardless
of MAF and data transformation. Repeating the simulations with
larger sample sizes (n = 5000 and 10,000) showed that the inflated
type 1 error rates are a function of the relation between MAF and
sample size, reducing the type 1 error rates compared to the sample
size of n = 1000 (Fig. 3, B and C, and table S5). We note that the log
transformation overall reduces the occurrence of false-positive
findings, but for certain metabolites, the type 1 error rate was high-
er using the log transformation compared to untransformed data
(Fig. 3, D and E, and table S5).

The second simulation study showed that highly skewed metabo-
lite data in the first step of the two-step approach can lead to sce-
narios where the rank inverse normal-transformed residuals are
highly associated with the covariates when performing the regres-
sion in the second step. By the Frisch-Waugh-Lovell theorem
(32, 33), multiple variable regression incorporating the SNP and
covariates is equivalent to first regressing the outcome and SNP on
the covariates and consequently regressing the outcome residuals on
the SNP residuals. Because the outcome is highly associated with the
covariates in this regression, the resulting outcome residuals obtain
a highly skewed distribution. This leads again to false-positive find-
ings for low-frequency SNPs (Fig. 3F). When using the log transfor-
mation to reduce skewness before applying the two-step approach,
the type 1 error rate was controlled for metronidazole.

The performance of family-based analyses in mGWASs
The family-based analyses identified a much smaller number of
metQTL-associations than any of the population-based models and
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appeared to be less dependent on the transformation approach
(n=121in model 4 versus n = 16 in model 5). The level of replication
in CAMP was high and similar between the two normalization ap-
proaches (model 4: 100% and model 5: 81.25%; Table 3). While the
reduced number of identified metQTL-associations is likely ex-
plained by the reduced power and sample size of this trio-based
analysis, the consistency of results across both data transformations
is a feature of the FBAT statistic. The nonparametric FBAT statistics
for association between SNPs and metabolites given the observed
metabolite levels do not require strong model assumptions regard-
ing the phenotype distribution (25). Moreover, the robust variance
estimator of FBAT provides additional robustness against skewed
distributions and data outliers. Hence, FBAT performed well even
with low MAF variants.

Concordance of metQTL-associations across all models
Across the three population-based models in GACRS, 41 metQTL-
associations were common to all three, of which 34 (82.9%) were
replicated in CAMP (fig. S1). The findings from the family-based
analyses were also among these 41 associations.

Among the significant results based on the permutation-based
testing, there was a much higher level of agreement across the three
models (fig. S1), where a total of 47 metQTL-associations were over-
lapping after considering linkage disequilibrium between SNPs in
metQTL-associations (Table 4). On the basis of a comprehensive
search of published metQTL-associations in the GWAS catalog (34),
we determined that 38 (80.1%) metQTL-associations have previ-
ously been reported in the literature, most of which were replicated
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Table 4. Overlapping metQTL-associations (n = 47) across models, which were confirmed by permutation-based testing in each model. Associations
were investigated for previous reporting in the literature based on the GWAS catalog (www.ebi.ac.uk/gwas/home) (last column). DMGV, Dimethylguanidino
valeric acid; GABA, y-aminobutyric acid; LPC, lysophosphatidylcholine; LPE, Lysophosphatidylethanolamine; PC, phosphatidylcholine; PE,
phosphatidylethanolamine; PS, Phosphatidylserine; SDMA, Symmetric dimethylarginine; SM, Sphingomyelin.

GACRS with model 2 CAMP with model 2 GWAS catalog

Reported SNP/
gene;
similar metabolite
if the metabolite is
Metabolite Gene ID A1 MAF g SE P i) SE P different

1-Methyladenosine ADA rs406383
2-Aminoisobutyric AGXT2 rs344506
aC|d

2-Aminoisobutyric  AGXT2  rs37376° G 0219 0888 0047 386E-69 0831 0076  586E-26  rs37370/AGXT2
aC|d

2-Aminooctancate  STAMBP  rs11893881 A 0305 0550 0044 128E-34 - - —  [1s7603647/STAMBP

)

0 309 —0 447 0.044  7.85E-23 —0.326 0 065 6 03E 07 rS406383/ADA
0 029 —1 023 0.122  1.86E-16 —0.767 0 185 3 74E 05 rs638662/AGXT2

—

: 0045 —0 740 : 0 109 162E—11 —0701 - O 146 o 203E—O6 o rS1 7788484/ARGI E
0.447 —0 31 7 0 043 4.92E-13 —-0.214 0 053 6 75E 05 r52431 951/DMGDH
0 637 0 044 3.36E-43 0.692 0 049 1 27E 40 rs1 976391/UGT1A6
0.171 —0.488 0.056 8.44E-18 —-0.278 0.063 1 31 E 05 rs12210538/
SLC22A16;
tetradecanoyl-
carnitine
C26 carnltlne TESMIN rs1 1826602 G 0.127 0 432 0.063 1.50E—-11 0.076 6 18E 07 -
C3 DC CH3 camltlne LACTB r52729835 A 0.486 —O 321 0.043 2.25E-13 0.055 2 1 1E 12 rs4775623/LACTB

Arginine ~ ARGT 151778848
Betaine  DMGDH  rs2461249
Biliverdin  UGTIA6  rs1976391"
C204carn}t|ne SLC22AI6Wrs12210538

m§m§>§—|
o
N
[os]
el

0169 0454 0057 449E-15 0489 0059  427E-16  rs1171614/SLCI6A9
0375 0317 0046 610E-12  —0038 0051  456E-01  rs2047287/SPATA4S
s e
0218 0828 0043 935E-71 0702 0072  5A9E-21  rs37369/AGKT2
0490 0333 0043 185E-14 0053 999E-07  rs2160387/SLCTA4
10274 0359 0047 733E-14 " 0060 201E-05  rs1571138/FAAH.

Carnitine sICI6A9  rsT171614"
Chollne S 'SPATA45 rs6666277
DMGV S 'SLC45A2 r52504‘l7
DMGV S AGXT2 r537371
GABA S SLC7A4 mwr52160387

Linoleoyl  FAAH  rs1571138"
ethanolamlde

PC(204)  FADS2  1s1535 0483 0520 0041 143E-34 0418 0053  825E-15 rs1535/FADS2

LPC(22:4) " URADST 1174566 A 0495 0318 0042 947E—14 0156 0054  407E—03  rs174566/FADST;
LPC(20:4)

LPC(225)  FADS2  rs174580° A 0483 0364 0042 234E-17 0188 0053  482E-04  rs174580/FADS2;
LPC(20:4)

LPEQ04)  FADS2 151535 G 0483 0343 0043 521E-15 0189 0056 B882E-04 rs1535/FADS2
NoNe-dimethyllysine  PIK3API  rs563654 T 0300 —0348 0048 7.63E-13 0. 0080  869E-03 -
NeNe-dimethylysine PYROXD2 152147896 A 0440 0937 0033 627E-131 0. 0035  6.15E-113  rs2147896/PYROXD2

>§—|§>§m§m§—|
o
N
O
o

Emi

0239 0371 0052 279E-12 0087 697E-02 .

0440 1088 0028 262E-199 1018 0032 207E-137 rs2147896/PYROXD2
R sl
0205 0827 0040 656E-81 0052 148E-50  rs10168931/STAMBP
0205 0997 0037 7.90E-122 0052 334E-50  1s7506773/STAMBP

Nemethylysine  PIK3AP1 1512217499

Nemethyllysine — PYROXD2 152147896
Nemethyllysine — HPSE2  rs4423123
N- acetylornlthlnemw o STAMBP mrs10168931
N-oc-acetylarglmnemH“'STAMBP rs7596773

—|§>§m§>§>
o
~
o]
o

PE(36:4) © LPC 152070895 A 0439 0301 0045 457E-11 0318 0061  238E-07  rs2070895/LIPC
(Continued)
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(Continued)
GACRS with model 2 CAMP with model 2 GWAS catalog
Reported SNP/
gene;
similar metabolite
if the metabolite is
Metabolite Gene ID A1 MAF i) SE P B SE P different
PE(38:6) ALDH1A2 rs35853021° T 0.341 0.387 0.045 5.82E-17 0.281 0.056 5.75E-07 rs35853021/
ALDH 1A2
PE(38:6) LIPC rs2070895" A 0.439 0.523 0.042 1.37E-32 0.364 0.060 1.67E-09 r52070895/LlPC
PE(38 5)
PE(40:6) ALDH1A2 1s35853021° T 0.341 0.318 0.044 6.03E-13 0.200 0.056 3.71E-04 rs35853021/
ALDHI1A2;
PE(38 6)
PE(40:6) LIPC rs2070895" A 0.439 0.399 0.041 3.75E-21 0.267 0.060 1.06E-05 r52070895/LIPC
PE(40:5)
PS(P-36:2)/PS(0-36:3) HEATR4 rs1 074501 C 0.230 0.581 0.048 2 54E 31 0417 0.058 1 34E 12 -
SDMA PYROXDZ r52147896 A 0 440 0 583 0.041 1 26E 42 O 796 0.043 7 03E 63 rs2147896/PYROXD2
SM(d18:1/14:0) rs71 60525 A 0 262 0 373 0 405 rs71 60525/PPP2R5E
SM(d18:1/20:0) PPP2R5E rs71 60525 A 0‘262 0 349 0.048 5.04E—1 3 0 361 0 065 3 43E 08 rs71 60525/PPP2R5E
Urate 5LC2A9 rs7696983 A 0.300 —0 460 0.045 1.87E—23 —0 471 0 054 1 46E 1 7 rs7442295/SLC2A9
Xanthosine 495
Xanthosine rs1190550 T 0.351 0.301 4 1. 0.035 5.66E—01

*Replicated metQTL-association, which is defined as an association P < 5% in CAMP with a consistent direction of effect.

in CAMP (Table 4). Many of those that have not been previously
reported have a biological rationale such as ANKRDY, which is in-
volved in lipid metabolism and has the highest sequence similarity
to phospholipase A;, an enzyme for the release of fatty acid from
phospholipids (35). Hispanic populations are underrepresented in
current metQTL-associations databases, and differences in some
metQTL-associations between ethnicities have been reported (6),
which may also explain why some GACRS findings did not replicate
in CAMP.

DISCUSSION
There is an increasing number of mMGWASs and metQTL studies in
the recent literature (2, 3, 5, 7-11). However, while several specific
methodological approaches and tools are available for the analysis of
other omics layers, such as gene expression or DNA methylation, the
genetic analysis of metabolite data is currently routinely performed
using standard GWAS methodology. At the same time, the nature of
metabolite data with skewed data distributions and outlier values is
generally recognized, and often, data transformations are applied be-
fore analysis to meet the distributional assumptions of the established
association testing approaches. However, no gold standard exists for
the genetic analysis of metabolite data, and analysis guidelines are
missing. Up to now, log transformation in mGWASs has been popu-
larly adopted, and a substantial number of reported metQTLs in these
analyses were low-frequency or rare variants (3, 9, 10).

Here, we explore the performance of different mnGWAS/metQTL
analysis approaches using WGS and metabolite data for two family-
based studies of childhood asthma. Our investigations incorporate
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different data transformations, population-based and family-based
analysis approaches, permutation-based testing, and robust Huber
regression. The findings and conclusions derived from the real data
analysis are supported by two simulation studies.

The population-based analysis based on unrelated children with
asthma using log transformation resulted in a substantially larger num-
ber of detected metQTLs compared to the analysis using the rank in-
verse normal transformation. However, careful disentanglement of
these metQTL-associations revealed that low-frequency and rare ge-
netic variations in combination with residual data distribution skew-
ness were the main drivers of what we determined to be false-positive
associations, which was supported by the observations in the first simu-
lation study. Permutation-based analysis and Huber regression also
confirmed these observations. The low replication rate in the CAMP
replication analysis provided additional evidence for this claim.

The metQTL-associations identified on the basis of the rank in-
verse normal transformation had a significantly higher replication
rate in the CAMP data and were largely supported by permutation-
based testing and Huber regression. The fully adjusted two-step
approach detected a large number of metQTL-associations that in-
volved only two metabolites. Further investigation showed that these
two metabolites have strong outlier values and that the first step
regression based on untransformed metabolite levels introduces
outlier values in the second step regression based on rank inverse
normal-transformed residuals. This can lead to false-positive findings
when analyzing rare and low-frequency genetic variants, which were
illustrated in the second simulation study. We note that the two-step
approach provided more reliable results in our analysis when we per-
formed the log transformation first (Fig. 3F). A recent study on the
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WGS for human metabolome in the National Heart, Lung, and
Blood Institute (NHLBI) Trans-Omics for Precision Medicine
(TOPMed) cohorts used a two-step approach with two rank in-
verse normal transformations where most of the novel metQTL-
associations were low-frequency variants under 5% (6). Moreover,
low-frequency or rare variants have been highlighted with a larger
effect on metabolite levels compared to common variants (6, 7).
Therefore, the issue that we observed should be further examined for
low-frequency variants reported in metQTL-associations to ensure
reproducible results.

The family-based analysis provided similar results for both the log
transformation and the rank inverse normal transformation. Overall,
family-based analysis using the FBAT approach was less susceptible
to false-positive associations, which is suggested to be a result of the
effectively smaller sample size and the robust test statistic. FBAT’s
nonparametric conditioning nature and insensitivity regarding phe-
notype distributional assumptions make it robust to skewed data and
population stratification. However, in general, these strengths come
at the cost of reduced power. We did not observe evidence that poten-
tial false-positive findings are linked to insufficient adjustment for
population stratification in the population-based analyses.

The strengths of our analysis include the discovery and replication
analysis approach in two family-based studies of childhood asthma
with consistent data generation procedures and a successful history of
replicating results (36-38). Because both studies consist of children
with a trio-based structure, we are in a position to compare population-
based and family-based analysis approaches. Furthermore, the observa-
tions and findings from the analysis of these two studies are supported
by simulation studies that illustrate the underlying technical challenges
of genetic metabolite data analysis. The inclusion of multiple metabo-
lites allowed us to evaluate the robustness of methods across a range of
metabolite distributions and characteristics.

Nevertheless, our investigations have several limitations. First,
both studies are ascertained based on offspring asthma status. There-
fore, the genetic and metabolomic data may be affected by the char-
acteristics of this study population. Second, the sample size in our
analysis is small compared to recent metQTL studies or mGWASs.
Moreover, the metabolomic data here concentrate on the untargeted
liquid chromatography-mass spectrometry (LC-MS) platform only,
and other metabolite platforms might have different data distribu-
tion features. However, similar results were found across different
platforms such as C8 and C18 columns. Furthermore, the small
sample size in the CAMP replication analysis is a limiting factor, par-
ticularly for low-frequency variants. We thus note that a lack of rep-
lication in CAMP does not necessarily indicate false positives in the
discovery cohort. Third, our study focused on mGWASs and the cor-
responding statistical characteristics for each metabolite separately
and did not investigate pleiotropy, which could reveal shared genetic
associations across metabolites. Fourth, we did not consider all pos-
sible analysis approaches including quantile regression, which could
be a valuable and distribution-agnostic approach. In addition, a fully
nonparametric version, which does not assume an additive effect for
SNPs (number of minor alleles coding), is an interesting direction
for future research. Fifth, although we highlight the connection be-
tween data distribution skewness and false-positive findings, we are
not in the position yet to provide an explicit cutoff value for a skew-
ness metric to guide analysis based on a general rule. Last, despite the
mentioned increased computational burden of Huber regression and
especially permutation-based testing, we did not perform runtime
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comparisons due to systematic differences in the efficiency of the un-
derlying platforms and implementations. We emphasize again that
Huber regression and permutation-based testing could be consid-
ered as additional analysis approaches for validation, applied to se-
lected significant associations.

In conclusion, our findings demonstrate that the genetic analysis
of metabolite data requires careful consideration. Log transforma-
tions generally reduce the skewness of data distributions, but espe-
cially in the analysis of rare and low-frequency genetic variants,
false-positive results can still arise. Notably, we also observed me-
tabolites for which log transformation increases the type 1 error rate
compared to untransformed metabolite levels. The rank inverse
normal transformation provides a robust and computationally fea-
sible approach that was able to control type 1 error rates in all our
considerations. However, the application of data transformations
can potentially lead to false negatives when the characteristics of the
data are substantially altered. Here, the permutation-based ap-
proach and Huber regression can be valuable alternatives, although
they are computationally expensive and require nonstandard analy-
sis tools. We note again that the two-step approach showed more
robustness in our simulations when we applied a log transformation
first. Future mGWAS analyses should weigh up the strengths and
drawbacks of these approaches and determine which is most well
suited for their specific research question and context.

MATERIALS AND METHODS

Discovery and replication populations

GACRS is a study of children with asthma and their parents (af-
fected offspring trios). In addition to having at least two respiratory
symptoms (wheezing, coughing, or dyspnea) or a history of asthma
episodes in the previous year, all participants were aged 6 to 14 and
had been diagnosed with asthma by a physician (28). To ensure that
they were descended from an original population that was pri-
marily made up of Spanish and Amerindians, all participants also
had at least six great-grandparents who were born in Costa Rica’s
Central Valley. CAMP is a multiethnic cohort of North American
children aged 5 to 12 at baseline with mild to moderate asthma
[symptoms for >6 months in the year before interview and pro-
vocative concentration of methacholine causing a 20% drop (PC20)
in Forced expiratory volume in one second (FEV1) < 12.5 mg/ml]
(26). CAMP was originally designed as a multicenter clinical trial
to determine the long-term effects of three inhaled treatments for
childhood asthma (26).

WGS data

WGS data for GACRS and CAMP were generated as part of the
TOPMed Program (39). Details regarding the laboratory methods,
data processing, and quality control (QC; freeze 10 release) are
described on the TOPMed website and in documents included in
the TOPMed accession release in the database of genotypes (acces-
sion numbers: phs000988 and phs001726, respectively). Relatedness
and pedigree structures were investigated and confirmed using
genome-wide identity-by-descent estimates generated by KING
(Kinship-based INference for Gwas) (40). Sex mismatches were
identified using PLINK2 (41). We considered only biallelic autoso-
mal SNPs for our analyses. SNPs with genotyping rate (<98%), MAF
(<1%), or deviations from Hardy-Weinberg proportions (P < 1078
were removed.
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Metabolomic profiling using the HILIC-positive platform

In both studies, metabolomic plasma profiling was generated as part
of the TOPMed initiative (29). Nontargeted LC-MS methods using
high-resolution, accurate mass profiling were conducted at the
Broad Institute. Metabolites were identified by mass/charge ratio, by
retention time, and through a comparison to a library of purified
known standards. Data were processed according to the standard
QC pipelines, which were previously provided in detail (29). In
brief, pooled plasma QC samples were included throughout the as-
say after intervals of approximately 20 study samples. Metabolites
with the coefficient of variation (CV%) > 25% or missing > 75%
were excluded. The remaining missing values were imputed using
the k-nearest neighbor imputation method (R package “VIM”) (42).
Metabolites were matched between GACRS and CAMP, and only
metabolites that passed QC in both studies were included in the
analysis. For the purposes of our method comparison analyses,
we focus only on a single profiling platform, HILIC-positive, which
measures polar metabolites, including amino acids, acylcarnitines,
and amines (n = 195 metabolites). The skewness of each metabo-
lite was calculated with the “skewness()” function from the “e1071”
R package (43).

Calculation of PCs of genetic ancestry

The PCs of genetic ancestry for the population-based analyses were
generated using the variance-standardized relationship matrix in
PLINK?2 based on an linkage disequilibrium (LD)-pruned set of
SZNPs (window size of 50 kb, step size of 5 markers, and pairwise
r- < 0.5).

Statistical analysis

Population-based approach based on unrelated offspring data
Associations between SNPs and metabolite levels in unrelated off-
spring were tested using different linear regression models. In model
1, the metabolite levels were logo transformed and Pareto scaled
after imputation of missing values. Pareto scaling subtracts the
mean and divides by the square root of the SD, and is a commonly
used technique in the analysis of metabolomic data (14). We note
that for linear regression analyses, this scaling does not change the
association results.

Age, sex, BMI, and the top 10 PCs of genetic ancestry were in-
cluded as covariates. Model 2 incorporated the same set of covari-
ates, but the metabolite levels were rank inverse normal transformed
before the regression analysis. A Pareto scaling before the rank in-
verse normal transformation is not necessary here because the
transformation uses only the ranks that are preserved by the Pareto
scaling. In the third model, model 3, a fully adjusted two-step ap-
proach was used (30): Step 1: Untransformed metabolite levels were
regressed on the same set of covariates as in models 1 and 2. Step 2:
The corresponding residuals were rank inverse normal transformed
and incorporated in a second step regression analysis using the
same covariates (7, 30). The reported P value corresponds to the
coefficient of the SNP in the second step regression. All analyses
used metabolite level as the outcome and assumed an additive ge-
netic model.

Family-based approach based on trio data

We applied family-based association approaches as a comparison.
For the family-based analysis using FBAT (31), we specified the out-
come variable as the residuals after regressing transformed metabo-
lite levels on age, sex, and BMI. FBAT does not require population

Leeetal, Sci. Adv. 11, eadp4532 (2025) 11 April 2025

structure adjustments, as it is robust to genetic stratification (25).
Thus, no adjustment for PCs of genetic ancestry was applied for the
family-based approaches. We considered two different data trans-
formations: log;o transformation (model 4) and rank inverse normal
transformation (model 5). The two-step approach was not applied
for the family-based analysis because FBAT is a conditional score
test and does not fit a model. All FBAT analyses assumed an additive
genetic model.

Identifying independently significant SNP-

metabolite associations

The significance of the association between an SNP and a metabolite
in a given model was determined by a threshold P value of less than
5% 107%/195 = 2.56 x 107'? (standard genome-wide significance
level adjusted for the number of metabolites using a Bonferroni cor-
rection). To obtain independent associations, LD clumping was ap-
plied using PLINK?2 and the following parameters: --clump-r2 0.001
& --clump-kb 1000 (r* < 0.1% at least 1 Mb apart).
Permutation-based tests and Huber regression

We further applied permutation-based testing and Huber regression
to evaluate the reliability of the observed SNP-metabolite associa-
tions in GACRS. This analysis was performed for the Bonferroni
significant findings based on the population-based models 1 to 3 in
GACRS. The rationale is that outlier values and skewness of the me-
tabolite data distributions can lead to inaccuracies of the asymptotic
P values in these models. Permutation-based testing and Huber re-
gression are more robust approaches that aim to maintain valid type
1 error rates in more broad scenarios.

Permutation-based testing has the advantage that it requires
weaker assumptions about the data distribution. PLINK2 performs
permutation-based testing by randomly permuting the phenotype
data and recomputing association test statistics to estimate empiri-
cal P values. The limitation here is the computational burden, limit-
ing the number of permutations by 1 x 10° [technical maximum in
the PLINK?2 software (41)] and therefore restricting the results of
permutation-based testing to a minimum permutation P value of
1 x 107°. We considered an empirical P value of <1 x 10~ as addi-
tional evidence for the metQTLs representing a true signal and not
a statistical artifact.

The same significant SNP-metabolite associations from models
1 to 3 were additionally analyzed using robust regression (Huber
regression). Huber regression was designed to be less sensitive to
outliers in the data compared to the ordinary linear regression
used in models 1 to 3 (20). We investigated the consistency of find-
ings, in terms of how many regression hits replicated with permu-
tation or the Huber regression, and in terms of how many of the
permutation/Huber hits were among the metQTL-associations in
models 1 to 3.

Validation in an independent population
For models 1 to 5 in GACRS, we sought to replicate the significant
findings in CAMP, based on a P value of <0.05 with a concordant
direction of effect as the replication criteria.

Consent statement

Written parental consent and participating child’s assent were ob-
tained. For GACRS data, the study was approved by the Mass Gen-
eral Brigham Human Research Committee at Brigham and Women'’s
Hospital (Boston, MA; protocol no. 2000P001130) and the Hospital
Nacional de Nifios (San José, Costa Rica). For CAMP data, all study
procedures were approved by the Mass General Brigham Human
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Research Committee at Brigham and Women’s Hospital (Boston, MA;
protocol no. 2011P000710).
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