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27,785 low-pass whole-genome

sequencing data obtained through non-
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women. They utilized the SNPs from

maternal genomes to identify genetic

factors contributing to 75 metabolic

components in newborns. The results

revealed 19 associations previously

established in adults, along with 11 novel

associations, and an average heritability

of 76.2% for neonatal metabolites.
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SUMMARY
Genetic factors significantly influence the concentration of metabolites in adults. Nevertheless, the genetic
influence on neonatal metabolites remains uncertain. To bridge this gap, we employed genotype imputation
techniques on large-scale low-pass genome data obtained from non-invasive prenatal testing. Subse-
quently, we conducted association studies on a total of 75 metabolic components in neonates. The study
identified 19 previously reported associations and 11 novel associations between single-nucleotide polymor-
phisms and metabolic components. These associations were initially found in the discovery cohort (8,744
participants) and subsequently confirmed in a replication cohort (19,041 participants). The average heritabil-
ity of metabolic components was estimated to be 76.2%, with a range of 69%–78.8%. These findings offer
valuable insights into the genetic architecture of neonatal metabolism.
INTRODUCTION

Metabolites are small molecules that play an important role in

biological processes starting from birth.1,2 Abnormal concentra-

tions of metabolites are potentially harmful in the context of in-

herited metabolic disorders. In recent years, a multitude of

genome-wide association studies (GWASs) have identified hun-

dreds of loci related to metabolites in adults. Several meta-

bolism-related genes underlie inborn errors of metabolism.3

These findings provide evidence that genetic factors contribute

to variations in adult metabolite concentrations.4–9 In newborns,

carriers of 154 pathogenic genes presented abnormal con-

centrations of metabolites—C3, C3/C2, and C4DC+C5-OH—

compared with non-carriers.10 Despite these findings, the

genetic influence on neonatal metabolism remains largely unex-

plored. Furthermore, metabolism acts as a pivotal link between
Cell Genomics
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genetic factors and human traits. For example, LEP and LEPR

loci significantly impact infant growth.11,12 The leptin-increasing

allele of the rs10487505 locus is correlated with a lower infant

bodymass index (BMI).12 The transportation of leptin to the brain

controls peripheral glucose and lipid metabolism, which, in turn,

affects pancreatic function involved in the pathophysiology of

obesity and diabetes.13 Beside anthropometric traits, inherited

metabolic illnesses, such as propionic acidemia,14 mucopoly-

saccharidoses,15 and tyrosine hydroxylase deficiency,16 are

caused by pathogenic mutations impacting metabolic path-

ways.17 Given the success of newborn screening programs, a

combination of exome sequencing and metabolism screening

was proposed as an effective diagnostic method to identify

inborn errors of metabolism.18 In the wake of these advances,

further research is needed to determine genetic influence on

neonatal metabolism.
4, 100668, October 9, 2024 ª 2024 Published by Elsevier Inc. 1
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Currently, routine measurements of DNA in dried blood spots

from newborns is not common,19 posing a significant obstacle

for the genetic investigation of neonatal metabolism. Recent im-

provements in genotype imputation20,21 have made it possible

to obtain reliable genotypes from low-pass whole-genome

sequencing (WGS) data of non-invasive prenatal testing (NIPT).

Moreover, large-scale low-pass WGS can be used for calcu-

lating both GWAS loci with traits and polygenic risk scores

(PRSs).22–24 Previously, we imputed genotypes for 141,431

low-pass genomes from cell-free DNA (cfDNA) from NIPT. This

analysis yielded noteworthy findings regarding the genetic asso-

ciations of height, BMI, and twin pregnancy.25 By employing a

GWAS methodology, which evaluates the direct and/or indirect

association between the genetic locus and phenotype,26 it be-

comes feasible to link WGS data from the mother with their new-

born’s phenotypes determined from metabolic screening.

Here, we performed genotype imputation on 27,785 maternal

low-pass genomes derived from cfDNA and conducted a two-

stage GWAS on 75 metabolic components in neonates. These

components included 43 individual metabolites and 32 ratios.

We identified 19 previously reported associations and 11 newly

discovered associations for 13 neonatal metabolic components.

Additionally, we proposed a robust approach for conducting

GWASs on neonatal metabolism by using maternal genotypes

as a link.

RESULTS

Participant characteristics, sequencing features,
variant calling, and genotype imputation
Our study analyzed 27,785 genomes of maternal NIPT collected

during a time frame spanning 2015 to 2020. Themajority of preg-

nant women originated from Jiangsu Province, accounting for

60% of the total. The maternal ancestry distribution across

different regions of China is as follows: 14% from North China,

79% from Central China, and 7% from South China. A qualifica-

tion analysis of 43 metabolites, including 11 amino acids, 31 car-

nitines, and succinylacetone, was conducted on neonatal dried

blood spots obtained the third day after delivery. Additionally,

32 ratios were derived based on the measured metabolites

(Table S1; Figure S1). By taking into account the systematic

bias of sequencing platforms,25 we designed a two-stage

GWAS and integrated the statistical summaries for a meta-anal-

ysis. Specifically, the discovery cohort comprised 8,744 ge-

nomes sequenced by Ion Torrent, while the replication cohort

comprised 19,041 genomes sequenced by Illumina CN500. In

the discovery cohort, the averagematernal age, maternal height,

and neonatal weight were 30.85 ± 4.84 years, 160.87 ± 4.83 cm,

and 3,367.51 ± 591.92 g, respectively. Correspondingly, in the

replication cohort, these averages were 30.88 ± 4.80 years,

160.80 ± 4.87 cm, and 3,363.36 ± 453.54 g (Table S2).

In the discovery stage, pregnant women underwent low-pass

WGS, generating appropriate 5 million single-end reads (Fig-

ure S2A) with an average read length of 150 base pairs (bp) (Fig-

ure S2B). Reads were aligned to the hg38 reference by bwa

software, resulting in an average sequencingdepth of 0.283 (Fig-

ure S2C) and genome coverage of 25% (Figure S2D). During

replication, an average of 5 million single-end reads (each with
2 Cell Genomics 4, 100668, October 9, 2024
a read length of 35 bp) resulted in an average sequencing depth

of 0.063 and genome coverage of 5% (Figures S2A–S2D). We

identified 58 million single-nucleotide variants (SNVs) and esti-

mated the mutant allele frequencies (MuAFs) via BaseVar.25 For

genotype imputation, 21 million single-nucleotide polymor-

phisms (SNPs) were selected. SNPswith low quality or abnormal

depth (Figure S2E) were excluded from this selection. These

SNPs had a minor allele frequency (MiAF) > 1% and a transi-

tion-to-transversion ratio (Ti/Tv) of 2.12. The imputation process

was performed by STITCH20 utilizing the Han Chinese reference

panel of the 1000 Genomes Project. A set of 5.4 million well-

imputed SNPs were reserved based on specific criteria:

MiAF >1%, p value of Hardy-Weinberg balance test >1 3 10�5,

imputation accuracy (IA) > 0.4, and genotype proportion > 0.9.

The majority of common SNPs (91.7%–99.9%) with MiAFs >

5% were found in the dbSNP, ChinaMAP, and/or gnomAD

(East Asian) database. Additionally, a percentage (26.1%–

36.9%) of low-frequency SNPs with MiAFs < 5% were discov-

ered to be novel (Figure 1A). To estimate the accuracy of imputa-

tion, a comparison was made between the MuAFs calculated

by STITCH and three other sources of MuAFs, namely the

ChinaMAP database, gnomAD database, and BaseVar method.

A high density of SNPs was seen along the diagonal line (y = x),

accompanied by statistically significant correlations (r2 R 0.99,

b = 1) of MuAFs (Figure 1B). These findings indicated that the

MuAFs estimated by STITCH can be considered trustworthy. In

the process of replication, 19,041 CRAM files were employed

to impute the individual genotypes of the 21 million SNPs that

were identified during discovery. By applying the same filter

criteria, we successfully retained 1.5 million well-imputed SNPs

in the replication cohort. Furthermore, we observed a robust

MuAF consistency (r2 = 0.99, b = 0.99) between the initial discov-

ery and subsequent replication stages (Figure 1B).

Utilizing the well-imputed SNPs, we conducted a principal-

component analysis (PCA) to discern distinct genetic compo-

nents among participants from north, central, and south China

(Figure 1C). This analysis revealed that the genetics of the partic-

ipants alignwith their respective geographical origins (Figure 1D).

This finding was consistent with our previous study,25 which em-

ployed genotype data identified by BaseVar. Additionally, we

noted a correlation between the second principal component

and the proportion of fetal cfDNA, which ranged from 1% to

30% with a median of 10%. This proportion was influenced by

the maternal BMI (Figure S3A). This finding indicated that fetal

cfDNA has an impact on individual genotypes. Establishing the

correlation between the proportion of fetal cfDNA and neonatal

metabolism is crucial for identifying the necessary covariates in

GWASs. Linear regression analysis did not identify a significant

association (Figure S3B), indicating that there is no observable

bias for neonatal metabolism GWASs, despite the fact that indi-

vidual genotypes were affected by the fetal cfDNA. On the other

hand, maternal age/height/BMI and neonatal weight/sex were

found to strongly influence neonatal metabolism. These factors

were utilized as covariates in later GWASs.

Reliable genetic associations of maternal height/BMI
We performed a GWAS to investigate the association between

maternal height and BMI. Three SNPs linked to maternal height
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Figure 1. Allele frequency spectrum and genetic structure

(A) Comparison of known and novel SNPs in dbSNP, ChinaMAP, and gnomAD databases.

(B) The accuracy of allele frequencies of well-imputed SNPs.

(C and D) The geographic distribution of participants (C) and their genetic structure (D).
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or BMI were found in the discovery phase, which was confirmed

in the replication phase (Table S3). Two associations of SNPs,

rs7571816 and rs545608, have been reported in the GWAS Cat-

alog, of which27 DIS3L2 (rs7571816) is associated with body

height28,29 and CRYZL2P-SEC16B (rs545608) is associated

with BMI,30 type 2 diabetes,31 and body fat.32 The rs7206410

variant located in the FTO gene has been linked to obesity.33 In

our previous study,25 we also observed an association between

rs7206410 and BMI. Collectively, these associations demon-

strated the reliability of our study’s design and findings.

Genome-wide association of neonatal metabolic
components
In order to reveal metabolism-related loci, we established the as-

sociations between maternal genetic variants and neonatal

metabolic components. The genomic control factors (l) for 72

metabolic components were <1.1, with the exception of C6DC,
C10:1, and C12:1 (Figure S4). This result suggests that the linear

regression model, which included neonatal weight/sex, maternal

age/height/BMI, and the top three principal components as co-

variates, effectively adjusted for genetic inflation. Considering

a potential additive effect from the maternal effect and neonatal

effect (positive correlation for an overestimation and negative

correlation for an underestimation), we used the two-stage

GWAS to indicate that there is a large/robust effect (Figure S5).

Via a threshold of p <53 10�7, we identified 2,628 significant as-

sociations between SNPs and metabolic components. Among

these associations, 1,863 were seen in the replication cohort.

Furthermore, 1,162 associations were successfully replicated

by a threshold of p < 2.68 3 10�5 (Bonferroni adjustment for

the 1,863 associations). In the meta-analysis, a total of 1,104 as-

sociations, consisting of 414 SNPs, were indicated as statisti-

cally significant based on a threshold of p < 6.67 3 10�10. This

thresholdwas determined by taking the genome-wide significant
Cell Genomics 4, 100668, October 9, 2024 3
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threshold of 53 10�8 into account for 75 components. To deter-

mine the lead SNP, we selected the SNP exhibiting the highest

level of statistical significance, as shown by the p-value, in-

side/near a gene. Subsequently, we kept 30 associations per-

taining to 13 neonatal metabolic components (Table 1; Figure 2).

Here, we have linkedmaternal SNPs and neonatal metabolism.

In order to establish the genetic links for metabolism in the

neonatal population, we employed a trend test34 to test the asso-

ciations between the neonatal allele frequency and the order of

different phenotypic groups. Based on the rankings of the quanti-

tative metabolic components, the neonatal participants were

categorized into five distinct groups (Figure 3A). In accordance

withHardy-Weinberg balance, the allele frequency in the offspring

population should be equivalent to the allele frequency in the

parental population. The SNPs associated with metabolism did

not fail the Hardy-Weinberg balance test, indicating that they

conform to the expected genetic equilibrium. Via a high-depth

WGS dataset of 602 trios,35 we confirmed a significant correlation

between the offspring and parental population for each lead SNP

(Figure S6A). Furthermore, an analysis of the allele frequencies in

the gnomAD database revealed that these frequencies are equal

between males and females (Table S4). Based on these facts,

wedevised an approach (STARMethods) to estimate the neonatal

allele frequency from the maternal allele frequency and gnomAD

database, which provides allele frequencies in both males and

females. The accuracy of these estimations was subsequently

validated by the WGS data of 602 trios (Figure S6B). Through

the utilization of a trend test, we demonstrated a positive correla-

tion between the increase of neonatal allele frequencies and the

increaseofmetabolic concentration across the five rankedgroups

(Figure 3B). These findings offer statistical evidence for the valida-

tion of the 30 associations between the unobserved neonatal ge-

notypes and metabolic components.

Among the 30 associations, 19 associations (including 16

genes: ACADM, ASB17, CPT2, ACADS, MAGOH, MLEC,

MSH4, CABP1, UNC119B, SLC44A5, RABGGTB, IER5L, CRAT,

RPS27L, PTPA, PRODH) were documented in the GWASCatalog

(Figure 4A; Table S4). Out of the 11 novel associations, nine asso-

ciations involving genes (BCL7A, MSH4, CYP4A11, PPP6R3,

ACSM2A, HPD, PSMD9, and CFAP251) were associated with

diverse metabolic components. On the other hand, two associa-

tions—rs6142615 (TM9SF4) and rs75854125 (LRP8)—have not

been reported in the GWAS Catalog with the involvement of

TM9SF4 in metabolism identified here. The gene LRP8 is a

neighbor to a known metabolism-related locus (CPT2-MAGOH).

The presence of known SNPs and genes associated with meta-

bolism demonstrated that the maternal NIPT WGS data may

have the potential to investigate the genetic associations of

neonatal metabolites.

Maternal genetic effect on neonatal metabolic
components
The strongest association (b = 0.32 SD ± 0.036 SE) across all

metabolic components is the intronic variant rs695948 at the

UNC119B gene associatedwith theC4 concentration (Figure 4B;

Table S4), in agreement with a previous study.36 SNP rs1146593

located at the ACADM gene is associated with two metabolites,

C6 (b =�0.12 SD ± 0.018 SE) and C8 (b =�0.11 SD ± 0.018 SE),
4 Cell Genomics 4, 100668, October 9, 2024
as well as the ratio of (C3DC+C4-OH)/C10 (b =�0.12 SD ± 0.018

SE). Additionally, the SNP rs12832102 located at the ACADS

gene is associated with C4 (b = �0.24 SD ± 0.028 SE). These

associations were known for ACADM and ACADS in healthy

individuals and those with chronic kidney disease.8,37–39 The

ACADM and ACADS genes encoded medium-chain and short-

chain acyl-coenzyme A (CoA) dehydrogenase enzymes, respec-

tively. Deficiency in these enzymes, characterized by abnormal

levels of carnitine (Table S5), may confer an increased risk for

chronic kidney disease.40 Furthermore, the SNPs—rs12082305

(MAGOH), rs2229291(CPT2), and rs75854125 (LRP8)—are

associated with C6DC with effect sizes of 0.15 SD ± 0.013 SE,

0.14 SD ± 0.021 SE, and 0.14 SD ± 0.021 SE, respectively. While

the associations of CPT2 and MAGOH were aligned to C6DC in

previous studies,8,9 the association of LRP8 and C6DC is a novel

finding.

In the context of the 11 novel associations, our findings

demonstrated an additive effect of the SNPs in their influence

on metabolite concentrations (Figure 4C). The SNP rs695948

of PPP6R3, known as the bone density locus,41 presents a

strong association at the C0 concentration (b = �0.29 SD ±

0.037 SE). Additionally, a novel metabolism-related loci,

rs6142615 of TM9SF4, has an impact on the ratio of citrulline/

ornithine (b = �0.10 SD ± 0.019 SE). TM9SF4 was reported to

be involved in osteoporosis,42 with Tm9sf4�/�mice exhibiting in-

crease bone mass and a reduction in lipid accumulation within

trabecular bones.42 Treatments involving carnitine, citrulline,

and ornithine have been suggested to impact the process of

fracture healing.43–45 The rs2596144 T allele of the HPD gene

is shown to elevate tyrosine levels in neonates (b = 0.29 SD ±

0.024 SE). TheHPD gene was documented as a causative factor

of type III tyrosinemia (OMIM: 276710)46 that is characterized by

abnormally high levels of tyrosine in the bloodstream (Table S5).

Furthermore, a significant interaction of two SNPs was observed

in relation to the influence on tyrosine concentration (Figure 4D).

The statistical evidence of the interaction between rs1720035

(PSMD9) and rs6486782 (CFAP251) was observed in both the

discovery (p = 5.32 3 10�7) and the replication (p = 5.62 3

10�7) cohorts. This suggests that the impact of rs1720035 is

influenced by rs6486782 and that the combined effects of these

two SNPs are cumulative. These findings enhanced our compre-

hension regarding the influence of genetic factors on metabolic

concentration and their associations with disorders.

Knowledge annotation of metabolism-related genes
We utilized KEGG enrichment analysis to explore the primary

functional attributes of genes. Genes reported in our study are

involved in the metabolic pathway of amino acids and lipids

(Figure 5A). Additionally, the PhenoScanner47 tool annotated

26 distinct phenotypes and/or diseases for six novel loci (Fig-

ure 5B). The TM9SF4 gene has been implicated in the regulation

of myeloid leukocytes, specifically in relation to monocyte count,

and the proportion of monocytes among the total white blood

cells.48 In our data, this gene has an impact on the ratio of citrul-

line/ornithine. Citrulline could regulate the monocyte percentage

of white cells and modulate the regulatory T cell function differ-

ently in infantile rats.49–51 Ornithine could augment the process

of autophagy and exert regulatory control on the infection



Table 1. GWAS summary for significant associations

Metabolic components SNP

Mutant allele frequency

Gene

p value GWAS

CatalogOur study ChinaMAP Discovery Replication Meta-analysis Trend test

(C3DC+C4-OH)/C10 rs1146593 0.73 0.743 ACADM 4.31 3 10�11 2.00 3 10�12 2.40 3 10�21 2.90 3 10�10 known

(C3DC+C4-OH)/C10 rs79322031 0.282 0.264 ASB17 4.33 3 10�9 2.30 3 10�9 2.20 3 10�16 2.40 3 10�9 known

(C3DC+C4-OH)/C10 rs1144337 0.698 0.725 MSH4 3.86 3 10�8 5.30 3 10�11 1.90 3 10�17 1.40 3 10�8 novel

Adipoylcarnitine (C6DC) rs2229291 0.21 0.241 CPT2 1.41 3 10�10 3.50 3 10�6 3.10 3 10�13 3.20 3 10�11 known

Adipoylcarnitine (C6DC) rs75854125 0.204 0.242 LRP8 1.62 3 10�10 8.00 3 10�6 9.30 3 10�13 7.80 3 10�10 novel

Adipoylcarnitine (C6DC) rs12082305 0.179 0.242 MAGOH 6.73 3 10�10 5.90 3 10�6 2.00 3 10�12 1.40 3 10�9 known

Butyrylcarnitine (C4) rs12832102 0.09 0.140 ACADS 3.48 3 10�17 7.30 3 10�20 2.60 3 10�34 4.60 3 10�14 known

Butyrylcarnitine (C4) rs35525135 0.055 0.066 MLEC 6.35 3 10�18 9.40 3 10�11 2.20 3 10�24 3.10 3 10�14 known

Butyrylcarnitine (C4) rs553328 0.939 0.889 CABP1 3.69 3 10�11 2.60 3 10�12 3.60 3 10�21 1.30 3 10�10 known

Butyrylcarnitine (C4) rs695948 0.072 0.122 UNC119B 2.01 3 10�18 3.40 3 10�18 3.40 3 10�32 2.70 3 10�14 known

C8/C2 rs814880 0.261 0.256 SLC44A5 3.96 3 10�9 2.10 3 10�20 5.20 3 10�28 1.70 3 10�9 known

Decenoylcarnitine (C10:1) rs11211403 0.715 0.713 CYP4A11 7.78 3 10�10 1.80 3 10�12 2.20 3 10�20 1.80 3 10�6 novel

Free carnitine (C0) rs12363572 0.048 0.056 PPP6R3 2.63 3 10�15 1.70 3 10�9 4.90 3 10�21 1.30 3 10�12 novel

Hexanoylcarnitine (C6) rs1146593 0.73 0.743 ACADM 5.49 3 10�12 5.00 3 10�17 4.10 3 10�27 6.70 3 10�11 known

Hexanoylcarnitine (C6) rs12703 0.712 0.726 RABGGTB 4.53 3 10�7 4.80 3 10�14 1.30 3 10�19 5.00 3 10�7 known

Hexanoylcarnitine (C6) rs1251274 0.698 0.725 MSH4 1.25 3 10�7 1.60 3 10�14 1.10 3 10�20 1.10 3 10�7 novel

3-Hydroxy-isovalerylcarnitine1 and

methylmalonyl (C4DC+C5-OH)

rs1075650 0.093 0.163 IER5L 9.24 3 10�10 2.40 3 10�25 1.50 3 10�33 1.30 3 10�12 known

3-Hydroxy-isovalerylcarnitine1 and

methylmalonyl (C4DC+C5-OH)

rs10988200 0.598 0.594 CRAT 1.27 3 10�55 7.60 3 10�82 5.90 3 10�134 3.20 3 10�57 known

3-Hydroxy-isovalerylcarnitine1 and

methylmalonyl (C4DC+C5-OH)

rs11853249 0.502 0.492 RPS27L 3.73 3 10�7 2.60 3 10�5 4.60 3 10�10 4.20 3 10�6 known

3-Hydroxy-isovalerylcarnitine1 and

methylmalonyl (C4DC+C5-OH)

rs4713 0.583 0.582 PTPA 5.15 3 10�58 8.30 3 10�84 2.20 3 10�138 4.70 3 10�61 known

Octanoylcarnitine (C8) rs1146593 0.73 0.743 ACADM 6.74 3 10�10 1.20 3 10�16 6.30 3 10�25 2.10 3 10�9 known

Octanoylcarnitine (C8) rs77979447 0.194 0.263 ASB17 5.71 3 10�8 9.10 3 10�13 4.80 3 10�19 1.30 3 10�6 known

Octanoylcarnitine (C8) rs12401729 0.269 0.272 MSH4 4.30 3 10�7 2.40 3 10�14 5.70 3 10�20 1.30 3 10�6 known

Octenoylcarnitine (C8:1) rs1859000 0.127 0.203 ACSM2A 5.59 3 10�9 1.80 3 10�5 2.70 3 10�10 7.00 3 10�6 novel

ORN/CIT rs6142615 0.794 0.773 TM9SF4 3.40 3 10�7 2.20 3 10�5 1.40 3 10�11 1.20 3 10�7 novel

Proline (PRO) rs1808319 0.883 0.818 PRODH 7.06 3 10�26 8.30 3 10�6 1.10 3 10�21 2.40 3 10�20 known

Tyrosine (TYR) rs2596144 0.881 0.874 HPD 8.25 3 10�31 3.30 3 10�38 6.60 3 10�66 1.40 3 10�18 novel

Tyrosine (TYR) rs1795967 0.88 0.876 PSMD9 5.82 3 10�32 2.70 3 10�36 8.90 3 10�65 9.40 3 10�20 novel

Tyrosine (TYR) rs1169093 0.896 0.851 BCL7A 8.44 3 10�18 1.70 3 10�29 2.50 3 10�45 4.10 3 10�12 novel

Tyrosine (TYR) rs1154513 0.884 0.854 CFAP251 1.70 3 10�19 5.30 3 10�31 1.80 3 10�48 1.20 3 10�13 novel
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caused by Mycobacterium tuberculosis infection.52 To investi-

gate the specific organs/tissues/cell types where these genes

are active, we conducted an expression quantitative trait locus

analysis. The metabolism-related genes are active in hepato-

cytes/liver (Figure 5C). Furthermore, cell type specificity analysis

in single-cell transcriptomes showed that the expression of

these genes was enriched in hepatocytes (particularly the hepa-

tocyte subtype 3) of fetal/adult liver and the proximal tubules of

fetal kidney (Figure 5D). Hepatocyte subtype 3 is characterized

by a high level of gene expression associated with lipid, choles-

terol, and biosynthesis synthesis.53 The kidney is a highly meta-

bolically active organ, where renal tubules utilize fatty acid oxida-

tion to produce adenosine triphosphate (ATP).54 Nevertheless,

there was no observed enrichment in any of the cell types of fetal

heart or gut.

Heritability of neonatal metabolic components
Genome-wide complex trait analysis (GCTA) estimates heritabil-

ity by calculating the kinship of individuals based on their geno-

type matrix rather than directly utilizing the genotype matrix

itself. This approach enables the calculation of heritability in

neonates using the genetic information from their mothers. To

verify our hypothesis, we conducted an observation on the

WGS data of 602 trios. The result revealed a noteworthy correla-

tion between the pairwise kinship of the maternal population and

that of the neonatal population (Figure S6C). We employed SNPs

with a significant threshold of p < 0.01 and calculated an average

heritability of 76.2% (with a range from 69% to 78.8%) for

neonatal metabolites. Furthermore, the heritability of maternal

height and maternal BMI was estimated at 79% and 80%,

respectively (Figure 6A). The observed high heritability indicated

that genetic factors contribute a major component to the varia-

tion of metabolite concentration in neonates.

The significant heritability of neonatal metabolism suggests

the potential to predict the individual concentration based on ge-

netic data. Taken together with the additive effect of SNPs, we

calculate the PRS for each participant using the GWAS summary

of SNPs with a threshold of p < 0.01. The results showed a cor-

relation between the r2 of the PRS model and heritability (Fig-

ure 6B). The prediction accuracy was indicated by mean-square

error (MSE), which was calculated based on the comparison be-

tween the predicted values and observed values. To facilitate the

comparison of accuracy across various metabolic components,

the MSE was divided by the variance (VAR) of the observed

values. These results exhibited an accurate prediction of 29

metabolic components (MSE/VAR % 0.2), together with that of

maternal height and BMI (Figure 6C). Furthermore, we observed

a strong correlation (r2 > 0.8) between observation and predic-

tion for 15 metabolic components. However, it is important to

mention that the linear model’s intercept requires adjustment

(Figure S7).
Figure 2. Manhattan plots of 13 metabolic components

SNPs that met all of the thresholds in discovery (<53 10�7), replication (<2.683 1

blue color indicate the 16 genes of 19 known associations documented in the G

associations with other metabolic components. Genes with red color indicate the

discovery. p values were calculated by linear regression. The red horizontal line

defined in Table S1.
DISCUSSION

Our study carried out a large-scale GWAS on neonatal meta-

bolism. Through this analysis, we were able to identify 19 previ-

ously reported associations documented in the GWAS Catalog,

as well as 11 novel associations. Moreover, our study demon-

strated a significant heritability of neonatal metabolism, which

appears to be related to maternal height and BMI, which also

exhibit heritability. These findings indicate that metabolic con-

centrations can be accurately predicted using genetic data, as

evidenced by the high heritability and successful application of

PRSs. These results deepen our comprehension of the influence

of genetic factors on neonatal metabolism.

Post-GWAS analysis revealed connections between meta-

bolism-related genes and their activation in fetal hepatocytes,

as well as in kidney’s proximal tubules, indicating the involve-

ment of these two critical cell types in the metabolic processes

of newborns. According to the current understanding, the liver

and kidney are the primary organs implicated in human meta-

bolism and exert a significant impact on cardiovascular risk in

the context of metabolic syndrome.55 Hepatocytes are the pri-

mary cellular constituents of the liver, which plays a crucial role

in the metabolic processes of carbohydrates, lipids, and pro-

teins.56 The kidney plays a significant role in the metabolic pro-

cesses of carbohydrates, with approximately 40% of systemic

glucose production occurring in the proximal tubule during pe-

riods of fasting and under stress conditions. In contrast, while

the intestinal tract contributes to the metabolic responses57

and supplies energy to the heart through oxidative meta-

bolism,58 there is currently no statistical evidence to support

an involvement of fetal gut or heart in neonatal metabolism.

These findings establish a connection among genetic, cellular,

and biological processes, shedding light on the underlying

mechanism of neonatal metabolism.

The estimation of heritability is influenced by a different meth-

odology, in that GCTA59 uses individual genotype data, while

LDAK60 uses statistical summary data. In this study, we esti-

mated the heritability of neonatal metabolism and maternal

height from the maternal kinship via the GCTA method. In light

of the computational difficulty when analyzing millions of

SNPs, we utilized a subset of SNPs with p < 0.01 for kinship

calculation. While it is possible that heritability may be overesti-

mated when using a major fraction of significant SNPs rather

than all SNPs, our findings indicated a heritability of 79% for

maternal height. This aligns with previous estimations of 84%–

94% in female monozygotic twins and 49%–56% in dizygotic

twins.61 At this particular scale, the average heritability for

neonatal metabolites was estimated to be approximately

76.2%, which is higher than the heritability estimates derived

from a sample of 381 newborn twins.62 The following top 10

components identified in Alul et al.’s study62 show the
0�5), andmeta-analysis (<6.673 10�10) are indicated by red points. Geneswith

WAS Catalog. Genes with yellow color indicate the eight genes of nine novel

genes of two novel associations. The y axis refers to the p value of GWASs in

refers to the significance threshold (5 3 10�7). Metabolite abbreviations are
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Figure 3. The correlation of allele frequency of SNPs and metabolic concentration in neonates
(A) The distribution of each metabolic concentration of five ranked groups.

(B) Allele frequencies of lead SNPs increased following the increase mean of metabolic concentration among the five ranked groups. Error bar refers to the

standard error of allele frequency. Metabolite abbreviations are defined in Table S1.

8 Cell Genomics 4, 100668, October 9, 2024

Article
ll

OPEN ACCESS



Amino acids

Carnitines

(C3DC+C4−OH)/C10

Adipylcarnitine (C6DC)

Butyrylcarnitine (C4)

C8/C2
Decenoylcarnitine (C10:1)

Free Carnitine (C0)
Hexanoylcarnitine (C6)

Methylmalonyl\3−Hydroxy−isovalerylcarnitine1 (C4DC+C5−OH)

ORN/CIT
Octanoylcarnitine (C8)

Octenoylcarnitine (C8:1)
Proline (PRO)

Tyrosine (TYR)

ACADM
ACADS

ACSM2A
ASB17
BCL7A
CABP1

CFAP251
CPT2
CRAT

CYP4A11
HPD

IER5L
LRP8

MAGOH
MLEC
MSH4

PPP6R3
PRODH
PSMD9
PTPA

RABGGTB
RPS27L
SLC44A5
TM9SF4

UNC119B

Known

Novel

A

(C3DC+C4−OH)/C10:MSH4
rs1144337

(C3DC+C4−OH)/C10:ASB17
rs79322031

C0:PPP6R3
rs12363572

C10:1:CYP4A11
rs11211403

C4:ACADS
rs12832102

C4:MLEC
rs35525135

C4:CABP1
rs553328

C4:UNC119B
rs695948

C4DC+C5−OH:IER5L
rs1075650

C4DC+C5−OH:CRAT
rs10988200

C4DC+C5−OH:RPS27L
rs11853249

C4DC+C5−OH:PTPA
rs4713C6:ACADM

rs1146593

C6:MSH4
rs1251274

C6:RABGGTB
rs12703

C6DC:MAGOH
rs12082305

C6DC:CPT2
rs2229291

C6DC:LRP8
rs75854125

C8/C2:SLC44A5
rs814880

C8:1:ACSM2A
rs1859000

C8:ACADM
rs1146593

C8:MSH4
rs12401729

C8:ASB17
rs77979447

ORN/CIT:TM9SF4
rs6142615

PRO:PRODH
rs1808319

TYR:CFAP251
rs1154513

TYR:BCL7A
rs1169093

TYR:PSMD9
rs1795967

TYR:HPD
rs2596144

0.1

0.2

0.3

0.4

0.5

0.0 0.1 0.2 0.3 0.4 0.5
MiAFs

Ef
fe

ct
s 

(s
d)

−log10P−value

10

20

30

40

50

B

50

100

150

200

TT TG GG
rs1720035(PSMD9)

TY
R

rs6486782
(CFAP251)

TT

TC

CC

D

50

100

150

200

AA AG GG
rs1154513(CFAP251)

TY
R

C

50

100

150

200

CC TC TT
rs1169093(BCL7A)

TY
R

50

100

150

200

AA AG GG
rs1795967(PSMD9)

TY
R

50

100

150

200

CC TC TT
rs2596144(HPD)

TY
R

0.000

0.025

0.050

0.075

CC TC TT
rs1251274(MSH4)

C
6

0.00

0.05

0.10

0.15

0.20

CC TC TT
rs75854125(LRP8)

C
6D

C

0.0

0.1

0.2

AA AG GG
rs1859000(ACSM2A)

C
8:

1

0.04

0.08

0.12

GG GT TT
rs11211403(CYP4A11)

C
10

:1

10

20

30

40

CC CT
rs12363572(PPP6R3)

C
0

0

1

2

3

4

CC TC TT
rs1144337(MSH4)

(C
3D

C
+C

4−
O

H
)/C

10

5

10

15

GG GT TT
rs6142615(TM9SF4)

O
R

N
/C

IT

(legend on next page)

Cell Genomics 4, 100668, October 9, 2024 9

Article
ll

OPEN ACCESS



*****

**

**

**

***

*

Arachidonic acid metabolism
Arginine and proline metabolism

beta−Alanine metabolism
Breast cancer

Butanoate metabolism
Carbon metabolism

Choline metabolism in cancer
Fatty acid degradation
Fatty acid metabolism

Gastric cancer
Hepatocellular carcinoma

Inflammatory mediator regulation of TRP channels
Insulin resistance

Metabolic pathways
mRNA surveillance pathway

mTOR signaling pathway
N−Glycan biosynthesis

Parathyroid hormone synthesis, secretion and action
Pathways in cancer

Peroxisome
Phenylalanine metabolism

PPAR signaling pathway
Propanoate metabolism

Retinol metabolism
Ribosome

RNA transport
Spliceosome

Thermogenesis
Tyrosine metabolism

Ubiquinone and other terpenoid−quinone biosynthesis
Valine, leucine and isoleucine degradation

Vascular smooth muscle contraction
Wnt signaling pathway

0.0 2.5 5.0 7.5 10.0
log10P

KE
G

G

A
Novel Known

BCL7A
CFAP251

HPD
PPP6R3

PSMD9
TM9SF4

ACADS
CABP1

CRAT
IER5L

MLEC
PTPA

UNC119B

Allergic disease
Arm fat−free mass left

Arm fat−free mass right
Arm predicted mass left

Arm predicted mass right
Asthma

Basal metabolic rate
Comparative body size at age 10

Getting up in morning
Granulocyte percentage of myeloid white cells

Height
High light scatter percentage of red cells

High light scatter reticulocyte count
Impedance of leg left

Impedance of leg right
Impedance of whole body

Leg fat−free mass left
Leg fat−free mass right
Leg predicted mass left

Leg predicted mass right
Mean corpuscular hemoglobin

Mean corpuscular volume
Mean platelet volume

Monocyte count
Monocyte percentage of white cells

Nap during day
Platelet distribution width

Plateletcrit
Red blood cell count

Red cell distribution width
Reticulocyte count

Reticulocyte fraction of red cells
Self−reported asthma

Sitting height
Trunk fat−free mass

Trunk predicted mass
Type II diabetes

Whole body fat−free mass
Whole body water mass

Years of educational attainment

In
vo

lv
ed

 p
he

ot
yp

es

log10P

10

20

30

40

10

20

30

40
log10P

B

*

*
*

*

Hepatocyte

Universal Total RNA

Universal RNA

Liver

0 1 2 3 4 5
log10P

eQ
TL

C

*
*

*

**

Fetal LI Fetal MIL Fetal PIL Fetal TIL Fetal MLN

Fetal Liver Adult Liver Liver Cell Subtype Fetal Heart Fetal Kidney

0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4

0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4

Cap mesenchyme
Distal renal vesicle

Distal S shaped body
Endothelium

Fibroblast
Loop of Henle

Medial S shaped body
Podocyte

Proximal renal vesicle
Proximal S shaped body

Proximal tubule

B cells

Endothelial

Epithelial

Mesenchymal

Myeloid

Neuronal

Red blood cells

T cells

Cardiomyocyte
Conduction System

Endocardium
Endothelium

Epicarduim
Fibroblast

Immune Cell
Lymphatic EC

Nervous System
Pericyte

Red Blood Cell
Smooth Muscle Cell

B cells

Endothelial

Epithelial

Mesenchymal

Myeloid

Neuronal

Red blood cells

T cells

Central venous LSECs
Cholangiocytes

Erythroid cells
Gamma delta T cells

Gamma delta T cells 2
Hepatic stellate cells

Hepatocytes 1
Hepatocytes 2
Hepatocytes 3
Hepatocytes 4
Hepatocytes 5
Hepatocytes 6

Inflammatory macs
Mature B cells

NK like cells
Non inflammatory Macs

Periportal LSEC
Plasma cells

Portal endothelial cells
aß T cell

B cells

Endothelial

Epithelial

Mesenchymal

Myeloid

Neuronal

Red blood cells

T cells

B cell

Cholangiocyte

Endothel

Erythroid cells

Hepatocyte

Kupffer

Stellat

T/NK cell

B cells

Endothelial

Epithelial

Mesenchymal

Myeloid

Neuronal

Red blood cells

T cells

Endothelial

Erythroid cells

Fibroblast

Hepatocyte

Immune cells

B cells

Endothelial

Epithelial

Mesenchymal

Myeloid

Neuronal

Red blood cells

T cells

log10P

C
el

l e
xp

re
ss

io
n 

en
ric

hm
en

t

Gut

Heart

Kidney

Liver

D

Figure 5. Knowledge annotation of metabolism-related genes
(A) KEGG enrichment analysis annotates eight functional characteristics of themetabolism-related genes. p values were calculated by a one-tailed Fisher’s exact

test.

(B) PhenoScanner identifies 26 phenotypes related to six novel loci.

(C and D) Themetabolism-related genes harbor significant enrichments of expression quantitative trait loci in four tissue/organs (C) and are specifically expressed

in the hepatocytes of fetal/adult liver and proximal tubules of fetal kidney (D). p values were calculated from the distribution of null hypothesis in simulation. No

significant association was observed in any cell types of fetal heart and five regions of fetal gut, including the large intestine (LI), middle ileum (MIL), proximal ileum

(PIL), terminal ileum (TIL), and mesenteric lymph node (MLN).
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differences compared with our study: C4DC (83% vs. 77%), C4

(66% vs. 77%), C5 (61% vs. 76%), C2 (50% vs. 74.6%), C0 (45%

vs. 76.2%), C3 (44% vs. 77%), C3/C2 (64% vs. 77.2%), C4/C3

(61% vs. 76.1%), PHE/TYR (51% vs. 77.5%), and TYR (47%

vs. 75%). These differences may be attributed to the higher pro-

portion of dizygotic twins, which accounted for 71% of Alul

et al.’s study cohort. In the adult population, the average herita-

bility of metabolites is approximately 50%.63 As the phenotypic
Figure 4. Summaries for associations and SNP effects

(A) The connections of metabolic components and related genes.

(B) SNPs effects (SD) for metabolic components and corresponding minor allele fr

associations.

(C) Metabolic concentrations are differed by the genotypes of SNPs from the 11

(D) A SNP-SNP interaction between rs1720035 and rs6486782. Metabolite abbre
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VAR was divided into genetic VAR and environmental VAR, the

VAR in metabolism was largely influenced by genetic factors in

newborns, and the influence of environmental factors increased

in adults.

In addition to the aforementioned results, we showed that

several neonatal metabolism-related loci (p < 5 3 10�8 in

meta-analysis) have significant impacts on maternal metabolites

and long-term health, such as pubertal growth and type 2
equencies. The red line indicates the 80% power for detecting these significant

novel significant associations.

viations are defined in Table S1.
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Figure 6. Metabolic heritability and PRS prediction

(A) The black dot and error bars show the estimated heritability and standard error, respectively.

(B) A correlation was observed between the heritability and r2 of the PRS model. The accuracy of prediction was calculated by MSE/VAR.

(C) A total of 29 neonatal metabolic components and maternal height/BMI can be accurately predicted by the PRS model using a threshold of MSE/VAR% 0.2.

The x and y axes refer to the prediction and observation of the concentration of metabolites, respectively. Metabolite abbreviations are defined in Table S1.
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diabetes. Research that independently investigates the genetic

influence on maternal metabolites64 and pregnancy phenotypes

is underway.65 In conjunction with these two studies,64,65 our

research showed a co-association of the HMCN2 gene locus

for citrulline in both maternal and neonatal subjects and a co-as-

sociation of the MARCH8-ZFAND4 locus for maternal mean

corpuscular volume (and mean corpuscular hemoglobin) and

neonatal C2 concentration. Upon comparison with public

GWAS summaries, our non-significant association (pdiscovery =

8.94 3 10�8, preplication = 0.0023, pmeta-analysis = 3.53 3 10�7) of

arginine/ornithine for rs2608953 (MED23 intron) may be detect-

able in larger cohorts. This SNP is a known locus associated

with type 2 diabetes in a cross-ancestry population.66 The dis-

ease-risk-increasing allele T (odd ratio = 1.042) is associated
with higher ratios (b = 0.086 SD) in our data. Cochran’sQ statistic

(p = 0.15) indicated no significant heterogeneity in multi-ancestry

for this locus.66 Cao et al. showed that arginine was positively

associated with the risk of type 2 diabetes, while the correlation

of risk for ornithinewas negatively associated.67 Karjalainen et al.

showed thatMED23 is associated with glutamine,68 ametabolite

that improves glycemic control and the levels of incretins in dia-

betes mellitus.69 The locus of rs369065 (LIN28B intron) with a

suggestive association (pdiscovery = 8.14 3 10�6, preplication =

0.0001, pmeta-analysis = 5.803 10�9) for C4DC+C5-OH has a sig-

nificant impact on pubertal growth in Europeans. The concentra-

tion-increasing allele T (b = 0.066 SD) is associated with higher

height growth (b = 0.078 SD) from age 14 to adult.70 Although

the compared population is European, common variants were
Cell Genomics 4, 100668, October 9, 2024 11
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shown to have similar effects across ancestries for height71 and

metabolic traits.68,72 We did not observe a co-association be-

tween neonatal metabolism and childhood obesity73 or child-

hood BMI at 11 timings from birth to age 7.11

The primary inquiry of the study is to utilize genetic data

derived from a collection of maternal and fetal cfDNA for

GWASs. Fetal cfDNA contributes a proportion ranging from

1% to 30% of the total cfDNA, hence influencing the genotype

within maternal blood. The influence of genotype bias in a

NIPT-WGS GWAS necessitates thorough discussion. If there is

no correlation between the fraction of cfDNA and phenotype,

then the imputed genotypes are not biased for GWASs. How-

ever, if there is indeed a correlation, then it is recommended to

include the proportion of cfDNA and principal components as

covariates in the association model. Our investigation did not

find any statistical evidence to support an association between

the proportion of cfDNA and neonatal metabolism. The fraction

of fetal cfDNA at the gestational duration of NIPT does not affect

neonatal metabolism after delivery, suggesting that the propor-

tion of cfDNA does not introduce bias to GWASs. However, a

significant association was seen between the fraction of cfDNA

and maternal BMI, in agreement with a previous report,74 indi-

cating that the inclusion of the cfDNA proportion as a covariate

is necessary in association tests of maternal BMI. It is also note-

worthy that our study focused on GWASs of neonatal pheno-

types. We showed that the allele frequency of SNPs is in

Hardy-Weinberg balance and congruent between neonates

and their mothers. Furthermore, we have devised a trend test

based on allele frequency to validate the association established

by maternal genotypes. Our findings of 19 known associations,

nine associations for diverse metabolic components, and one

association with a gene located near known loci support the

feasibility of this approach in neonatal metabolism GWASs.

The widespread global application of NIPT technology, together

with subsequent newborn testing, has rendered the utilization of

the maternal genotype as a method to conduct GWASs on

neonatal traits highly valuable.

Limitations of the study
The genetic connections in neonates have been demon-

strated; nevertheless, the precise genetic effect in neonates

and the biological mechanism underlying the association be-

tween maternal genotype and neonatal metabolism remains

elusive. While the initial observation of the link was made in

relation to the maternal genotype, it is important to note that

we did not propose a direct influence of the maternal geno-

type on neonatal metabolism. In this study, we have put forth

a hypothetical mechanism by which the effective allele is

transmitted from the mother and/or potentially the unobserved

father to the offspring, thereby exerting an influence on the

concentration of the related metabolite. Our study demon-

strated a positive correlation between the allele frequency in

neonatal groups and the concentration of neonatal metabo-

lites. The obtained outcome provided evidence in favor of

our supposition. Brand et al. proposed an approach for ex-

tracting the fetal genome from cfDNA found in the mother’s

blood.75 By isolating fetal cfDNA from maternal cfDNA and

including the genome of the father, we can improve our
12 Cell Genomics 4, 100668, October 9, 2024
comprehension of the genetic architecture of heritable pheno-

types. Environmental covariates (e.g., delivery way,76 gesta-

tional duration77) are also important for estimating an adjusted

genetic effect and an interacting effect. Further studies are

needed to determine the effects from the combination of ge-

netics and the environment.
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metabolites (11 kinds of amino acid, 31 kinds of carnitine, and succinylacetone) were quantified by mass spectrum (Waters TQ De-

tector) in neonatal dried blood spots.

Thewritten informed consent was approved by Institutional ReviewBoard of SuzhouMunicipal Hospital at 2015 and obtained from

each participant from 2015 to 2020. The study was approved by the Institutional Review Board of Suzhou Municipal Hospital

(K-2021-024-H01) and BGI group (BGI-IRB 23097). The genetic data collecting is approved ([2022] CJ2133) by the Human Genetic

Resources Administration of China.

METHOD DETAILS

SNV calling
Raw sequencing readswith a proportion of gap or low-quality base (Q < 20) at a threshold of >0.1 were filtered by SOAPnuke.85 Clean

reads were aligned to human genome reference (GRCh38) by bwa.86 Duplicate reads probably generated from PCR were excluded

by sambamba.88 Reads around known insertions and/or deletions were re-aligned by the indel realignment modules of GATK.89

Read qualities were rebuilt by base quality recalibration modules of GATK with references of variants from the HapMap project,95

1000 Genomes Project,96 and dbSNP database.97 Recalibrated reads were stored in cram format by samtools.87 The fetal cfDNA

proportion was estimated by SeqFF74 from depth coverage calculated from cram. SNVs were detected and the corresponding

mutant allele frequencies were estimated by BaseVar25 from the cram files of the discovery cohort. Based on a suggestion from

the author of BaseVar, we set 100 counts into a batch and set a no-overlap sliding window with 2 million bases to detect SNVs.

SNVs met any of the three filter conditions were excluded form subsequent analysis: (1) quality <100; (2) minor allele frequency

<1%; (3) read depth <500 or >5000. Variant Effect Predictor,91 gnomAD,78 ChinaMAP,79 and dbNSFP98 databases were used to

annotate SNVs for obtaining useful information, including gene symbol, variant consequence, and allele frequency.

Genotype imputation
The individual genotypes of SNPs in the discovery cohort were imputed by STITCH.20 A reference panel of the Chinese population of

the 1000Genomes Project96 was used to initialize the ancestral haplotypes in an expectation–maximization algorithm of STITCH.We

set 10 haplotypes in 100 generations as described in our previous study25/protocol99 and imputed the SNPs in 5 million bases win-

dow with 250 kilobases buffer size. The imputed SNPs met any of the following indicators were excluded from subsequent associ-

ation study: (1) p value (two-tailed) of Hardy-Weinberg balance test <1 3 10�5; (2) MiAF <1%; (3) the rate of genotyped individuals

<90%. (4) IA < 0.4. IA was defined in IMPUTE2100 as an information metric for estimating the accuracy of imputation. IA takes values

between 0 and 1, where a value near 1 indicates that an SNP has been imputed with high certainty.

Principal component analysis
Principal component analysis was performed by propca90 on the imputed genotypes of SNPswithMiAF >5%. To decrease themem-

ory and time of calculation, we pick up the first SNP from every 50 SNPs in sort VCF file and obtained 100,000 SNPs for PCA. The

genotype of wild-type, heterogeneous, and homogeneous were re-coded to 0, 1, and 2 correspondingly and stored in a modified

EigenStrat101 format. The genetic structure of participants was displayed by the top two principal components. Linear regression

was used to investigate the association between the proportion of fetal cfDNA and the top three principal components.

QUANTIFICATION AND STATISTICAL ANALYSIS

Association study
In the pre-GWAS, as the individual genotypes were imputed from a pool of maternal and fetal cfDNA and the fetal cfDNA was shown

to contribute to the second principal component of genotype matrix, it is necessary to confirm any bias of imputed genotype for sub-

sequent GWAS of phenotypes. A linear regressionmodel was used to estimate the association between the proportion of fetal cfDNA

and neonatal metabolism. p values (two-tailed) of multi-test were adjusted by Bonferroni method. No statistical evidence was

observed for an association between fetal cfDNA and neonatal metabolism.

In theGWAS, a linear regressionmodel was used to estimate the significance of the association between SNPs and eachmetabolic

component by glm function in R-program, respectively. The neonatal weight/sex, maternal age/height/BMI, top three principal com-

ponents of PCA were used as covariates in the regression model. p values (two-tailed) at a threshold <53 10�7 were used for deter-

mining genome-wide significance102 in the discovery cohort. To validate the associations, the same method was used to calculate

the significance of SNPs in the replication cohort. The statistical summary (b, p value, and sample size) of association in the discovery

and replication cohort were used for meta-analysis by METAL.92 SNPs with all p values of discovery, replication, and meta-analysis

pass through the threshold of <53 10�7, <2.683 10�5, and <6.673 10�10 were considered to make a significant contribution to the

variation of metabolite concentration. SNP with the smallest p value in a gene or in one million bases window of the intergenic region

was defined as the lead SNP. Besides neonatal metabolic components, we also included two maternal traits—maternal height and

BMI—for GWAS. The top three principal components of PCA and maternal age were used as covariates in linear regression model.
e2 Cell Genomics 4, 100668, October 9, 2024



Article
ll

OPEN ACCESS
The gestational weeks and the proportion of fetal cfDNA were used as additional covariates for maternal BMI. The thresholds for the

p value (Pdiscovery < 5 3 10�7, Preplication < 2.68 3 10�5, Pmeta-analysis < 5 3 10�10) are consistent with that employed in the GWAS of

metabolism.

Trend test of allele frequency and ranked phenotypic groups
Because the association is estimated from neonatal metabolism and maternal genotype, which is unobserved in neonates in our

study, we designed a trend test to estimate the association between ranked phenotypic groups and corresponding allele frequency.

Firstly, we sorted the neonatal metabolite concentrations and classified the neonates into five ranked groups. Subsequently, we esti-

mated the allele frequency for each neonatal group. Finally, we performed a trend test via prop.trend.test R function on the allele

frequencies of five ranked groups.

The allele frequency of each neonatal group in the second step was estimated by:

We estimated the allele frequency in the un-observed paternal population (pfather ) from the allele frequency in our maternal popu-

lation (pmother ), male population (pXY ) and female population (pXX ) of gnomAD database:

pfather = bw pmother

bw = pxy

�
pxx

The proportions of genotypes (AA, Aa, and aa) in the un-observed paternal population were calculated according to H-W balance:

PðAAÞ = p2;PðAaÞ = 2pq;PðaaÞ = q2

q = 1 � p

Weassumed themate-pairs of father andmother are random and they translate their allele to the offspring independently, the allele

translation probability from one parent was estimated by:

PðChild = A;ParentÞ =
Xn

i

Pð/AjGiÞPðGiÞ

= Pð/AjAAÞPðAAÞ + Pð/AjAaÞPðAaÞ + Pð/AjaaÞPðaaÞ
= PðAAÞ + 0:5 PðAaÞ = p2 + pq = p

Where Pð/AjAAÞ = 1, Pð/AjAaÞ = 0.5, Pð/AjaaÞ = 0

The proportion of neonatal genotypes (AA, aa, and Aa) were calculated by:

PðChild = AAÞ = PðChild = A;FatherÞ3PðChild = A;MotherÞ = pmother pfather

PðChild = aaÞ = PðChild = a;FatherÞ3PðChild = a;MotherÞ = qmother qfather

PðChild = AaÞ = 1 � pmother pfather � qmother qfather = pmother +pfather � 2pmotherpfather

The allele frequency in neonatal population was calculated by:

PðAÞ =
2PðAAÞ+PðAaÞ

2
=

pmother+pfather

2
=

1

2
pmother

�
1 +

pxy

pxx

�

Variant-variant interaction
SNPs with p value at a threshold of <0.01 in genome-wide association were used to study the interaction of pairwise SNPs. We set

an interaction of two SNPs in linear model. p value thresholds (Pdiscovery < 5 3 10�7, Preplication < 5 3 10�7) were used to identify the

significant interaction of pairwise SNPs.

Enrichment analysis
KEGG pathway enrichment analysis was performed in the KOBAS database.80 p values were calculated by a one-tailed Fisher’s

exact test and adjusted by the false discovery rate (FDR) method. SNPsea94 was used to screen the tissues and cells that are likely

to be influenced by metabolism-associated loci. We employed 533 organs/tissues/cell types/cell lines from FANTOM103 for

screening. Empirical p values were calculated by permutation from null SNP sets.104 Cell type expression enrichment analysis

was performed in large-scale single-cell transcriptome datasets of liver,53,81 heart,84 kidney,82 and gut83 vi method described in

our previous studies.105–108 Briefly, the method first calculated the specificity of a gene in each cell type and then estimated a back-

ground distribution for the gene specificity by a bootstrap method at 10,000 times resampling. p values (one-tailed) of genes were
Cell Genomics 4, 100668, October 9, 2024 e3
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calculated by the cumulative density function of the background distribution. p values were adjusted by the FDR method and the

adjusted p value at a threshold of <0.05 was used to indicate the significant enrichment.

Heritability and polygenic risk score
Kinship matrix of all participants was calculated from individual genotypes and used for heritability estimation in GCTA GREML59

model:

Ajk =
1

N

XN
i

Aijk =

8>>>>><
>>>>>:

1

N

XN
i

ðxij � 2piÞðxik � 2piÞ
2pið1 � piÞ ; jsk

1+
1

N

XN
i

x2ij � ð1+2piÞxij+2p2
i

2pið1 � piÞ ; j = k

A refers to the kinship matrix, j and k refers to the j th and k th individual, i refers to the i th SNP of the N SNPs used for calculation,

x refer to the expect dosage of genotype, p refers to the allele frequency of SNP. This formula indicate that we can used the kinship of

mother to instead the kinship of neonates for neonatal heritability estimation. To demonstrate our hypothesis, we used the accuracy

genotype from the high-depth WGS of 602 trios and showed that the pairwise correlation in neonatal kinship were highly correlated

with that in maternal kinship. SNPs with p value at a threshold of <0.01 were used to estimate the heritability of neonatal metabolism

andmaternal height/BMI. Genotypes of SNPs were transformed to plink bed format and the kinship matrix of participants was calcu-

lated. Heritability was estimated byGREML analysis of GCTAwith neonatal weight/gender, maternal age/BMI, and the top three prin-

cipal components as covariates. To predict the neonatal metabolites concentration and maternal height/BMI from individual geno-

types, SNPs with p value at a threshold of <0.001, <0.005, <0.01 and corresponding regression coefficient were used to calculate the

polygenic risk score by PRSice.93 A linear regression model with maternal height/BMI as covariates was used to estimate the asso-

ciation between polygenic risk score and phenotype. A training set of 5,000 participants in the discovery cohort was randomly

selected to estimate the best-fit regression model. The remaining 3,744 participants in the discovery cohort were used to test the

performance of the best-fit regression mode. Mean-square error (MSE) was used to estimate the accuracy of polygenic risk score

model. The variance (VAR) was calculated from the observation. MSE/VAR was used to compare the accuracy between different

metabolic components and a threshold of MSE/VAR %0.2 was set to indicate the high-accuracy model.
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