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ABSTRACT
Background: Vitamin D deficiency is implicated in a range of com-
mon complex diseases that may be prevented by gestational vitamin

D repletion. Understanding the metabolic mechanisms related to in

utero vitamin D exposure may therefore shed light on complex dis-

ease susceptibility.
Objective: The goal was to analyze the programming role of in utero
vitamin D exposure on children’s metabolomics profiles.
Design: First, unsupervised clustering was done with plasma me-
tabolomics profiles from a case-control subset of 245 children
aged 3 y with and without asthma from the Vitamin D Antenatal

Asthma Reduction Trial (VDAART), in which pregnant women

were randomly assigned to vitamin D supplementation or placebo.

Thereafter, we analyzed the influence of maternal pre- and post-

supplement vitamin D concentrations on cluster membership. Finally,

we used the metabolites driving the clustering of children to iden-

tify the dominant metabolic pathways that were influential in each

cluster.
Results: We identified 3 clusters of children characterized by 1)
high concentrations of fatty acids and amines and low maternal

postsupplement vitamin D (mean 6 SD; 27.5 6 11.0 ng/mL), 2)

high concentrations of amines, moderate concentrations of fatty

acids, and normal maternal postsupplement vitamin D (34.0 6
14.1 ng/mL), and 3) low concentrations of fatty acids, amines, and

normal maternal postsupplement vitamin D (35.2 6 15.9 ng/mL).

Adjusting for sample storage time, maternal age and education,

and both child asthma and vitamin D concentration at age 3 y did

not modify the association between maternal postsupplement

vitamin D and cluster membership (P = 0.0014). Maternal pre-

supplement vitamin D did not influence cluster membership,

whereas the combination of pre- and postsupplement concentra-

tions did (P = 0.03).
Conclusions: Young children can be clustered into distinct biologi-
cally meaningful groups by their metabolomics profiles. The clusters

differed in concentrations of inflammatory mediators, and cluster mem-

bership was influenced by in utero vitamin D exposure, suggesting a

prenatal programming role of vitamin D on the child’s metabolome.

This trial was registered at clinicaltrials.gov as NCT00920621.
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INTRODUCTION

VitaminD deficiency has now been linked to numerous complex
diseases (1, 2), including respiratory diseases (3), cardiovascular
diseases (4), cancers (5), depression (6), rheumatoid arthritis (7, 8),
autoimmunity (9), and other inflammatory processes (10). An
estimated 50% of the world’s population is deficient in vitamin D
(11), and there is therefore growing interest in this micronutrient
and the potential for its use in health intervention and disease
prevention (2, 12).

Asthma is the one of the earliest occurring chronic complex
diseases (13) for which observational and mechanistic evidence
suggest a role of vitamin D in its pathogenesis (14). We therefore
recently conducted 2 independent randomized clinical trials of
gestational vitamin D supplementation and meta-analyzed the
trial results, showing that vitamin D compared with placebo de-
creased offspring’s asthma risk at age 3 y by $25% (HM Wolsk,
AA Litonjua, BL Chawes, BW Hollis, J Waage, K Bønnelykke,
H Bisgaard, ST Weiss, unpublished results, 2017). These results
suggest a prenatal programming role of vitamin D on the devel-
opment of childhood asthma, which may be captured in the child’s
metabolism. However, to our knowledge, no previous study has
examined the effect of in utero vitamin D exposure on the off-
spring’s metabolomics profile.

Most of the previous vitamin D studies have only analyzed
blood concentrations of the compound itself (1) in relation to
inflammatory processes (15, 16) but not the large amount of
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downstream metabolites that are influenced by or interact with
vitamin D. Metabolomics is a promising approach for addressing
this gap in knowledge, because it is a high-throughput technology
for measuring and characterizing all small-molecule metabolites
in a biological sample, which represent the downstream products
of a subject’s genetic makeup and environmental exposures such
as vitamin D (17).

We therefore aimed to evaluate the possible prenatal pro-
gramming role of vitamin D by leveraging plasma metabolomic
profiles from a nested case-control subset of 3-y-old children with
and without asthma from the Vitamin D Antenatal Asthma
Reduction Trial (VDAART; clinicaltrials.gov NCT00920621)
(18). The trial was approved by the Institutional Review Boards
of the participating institutions and at Brigham and Women’s
Hospital. We used a network-based approach to optimally cluster
children by their metabolomic profile at age 3 y and explored the
influence of in utero vitamin D exposure on the formation of these
clusters of children.

METHODS

The VDAART clinical trial: study participants

VDAART recruited nonsmoking pregnant women between 10
and 18 wk of gestation who reported a history of asthma, eczema,
or allergic rhinitis, or who had conceived the child with a man
with a history of such diseases (19). Thesewomen were randomly
assigned 1:1 to a daily dose of 4000 IU vitamin D3 (cholecal-
ciferol) plus a multivitamin containing 400 IU cholecalciferol,
or a matching placebo tablet plus a multivitamin containing
400 IU cholecalciferol (i.e., 4400 IU or 400 IU cholecalciferol
supplement/d until delivery). The women were monitored
monthly during pregnancy, and follow-up of the children occurred
by telephone interviews every 3 mo and by in-person visits at ages
1, 2, and 3 y. The primary outcome of the vitamin D randomized
controlled trial was asthma or recurrent wheeze at age 3 y.

The current study investigated a nested case-control pop-
ulation within VDAART of children with and without asthma at
age 3 y diagnosed as described previously (19). The selection was
done by using 1:2 frequencymatching of childrenwith and without
asthma with age, sex, race, and center as the matching factors.
Refer to Supplemental Figure 1 for a participant flowchart that
shows how this nested population was selected.

Vitamin D assessments

Blood was drawn from the mothers at trial entry before sup-
plementation (10–18 wk of gestation) and at the third trimester
visit after supplementation (32–38 wk of gestation) for measure-
ment of circulating plasma concentrations of 25-hydroxyvitamin D,
determined by the DiaSorin LIAISON chemiluminescence im-
munoassay (20). The same method was used to measure plasma
25-hydroxyvitamin D concentrations were measured in the children
at age 3 y.

Plasma metabolomics profiling

Blood samples taken from the selected case-control subset of
children at age 3 y were used for metabolomic profiling. Sample
preparation was conducted according to previously described
methods (17). Nontargeted global metabolomic profiles were

generated at Metabolon Inc. by using ultra-performance liquid
chromatography–tandem mass spectroscopy (UPLC-MS/MS). The
following 4 platforms were used to detect a comprehensive list of
metabolites throughout the metabolome: 1) UPLC-MS/MS under
positive ionization, 2) UPLC-MS/MS under negative ionization,
3) UPLC-MS/MS, polar platform (negative ionization), and 4) gas
chromatography-MS. Metabolites were identified by their m/z,
retention time, and through a comparison to library entries of
purified known standards. In brief, the data preparation steps and
quality control procedures were as follows: removing metabolites
if amount in the quality control samples had CV .25%, miss-
ingness .10% across test samples, or no variability across test
samples based on the IQR; removing samples with metabolite
missingness .10%; and filtering out unidentified and unknown
metabolites and those classified as xenobiotic chemicals.

Use of metabolomic profiles to identify distinct clusters
of children

Children were segregated into clusters according to the sim-
ilarity of their metabolomic profile. The optimal number of
clusters of children was determined with a 2503 bootstrapped
clustering function that uses partitioning around medoids to
identify optimal cluster segregation. This bootstrapped function
cycles through the number of potential cluster solutions ranging
from k = 1 to 25, calculating, at each k, the “gap” between the
goodness of fit of the null distribution and that of the supplied
data matrix, along with the SE and within-cluster sum of squares.
In determining cluster segregation for each cluster solution, the
algorithm picks a vector of raw metabolite concentrations as
coordinates whose mean dissimilarity to all other coordinates in
the cluster is minimal based on Euclidean distance. These data
points, which are the most centrally located points in each cluster,
are called the medoids. The gap statistic (21) indicated an ideal
cluster range of 2 to 5, with 2 having a relatively large SE in this
cluster range. We eventually decided that a 3-cluster solution was
most informative based on having a low SE and using further
information from, primarily, the silhouette coefficient (22) and
also the elbow method (see Supplemental Figure 2).

Using the 3-cluster solution, we identified metabolites that
were over- or underrepresented in each cluster and those likely to
be involved in segregation of each cluster from the other by first
centering the raw level medoid vectors for k = 3 together to
give a roughly even distribution around a mean = 0 of all me-
doids. After this simple step, medoids close to the mean will be
mostly similar across all cluster groups, whereas those further
away will have increasingly stronger influence in determining
cluster segregation. To then determine, per cluster, the metab-
olites responsible for this segregation, we conducted a normal-
ization step that involved scaling each medoid vector (i.e., 3
vectors corresponding to 3 clusters) separately to a constant
range of 0 to 1, resulting in those being closer to 0 and 1 (but not
in between) having a greater role in driving the segregation of
their respective cluster (i.e., they “characterize” the cluster group).
The final conversion of these into z scores provides a stan-
dardized scaling system for choosing cutoffs. We used an initial
lenient cutoff of |z| .1 to identify an initial list of metabolites
(Supplemental Figure 3). The loge concentrations of these me-
tabolites were then compared across clusters, and those with a
statistically significant difference (Kruskal-Wallis P , 0.001)
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TABLE 1

Maternal and infant characteristics per cluster group, ordered as clusters 1–3 based on decreasing concentrations of inflammatory fatty acids and amines1

Characteristics Cluster 1 (n = 46) Cluster 2 (n = 94) Cluster 3 (n = 105) P b-coefficient2 OR (95% CI)

Maternal characteristics

Age at enrollment, y 25.6 6 5.37 28.1 6 5.26 27.3 6 5.51 0.017 0.074 1.077 (1.013, 1.15)

Gestational age at enrollment, d 99.8 6 19.3 96.2 6 21.5 96.8 6 18.9 0.31 0.0083 0.99 (0.98, 1.01)

Education

Graduate school 3 (6.52) 20 (21.28) 17 (16.19) 0.012 1.91 6.78 (1.87, 32.63)

College graduate 7 (15.22) 18 (19.15) 22 (20.95) 1.15 3.14 (1.076, 9.74)

Junior college or some college 8 (17.39) 26 (27.66) 30 (28.57) 1.35 3.85 (1.37, 11.3)

Technical school 2 (4.35) 4 (4.25) 6 (5.72) 1.01 2.75 (0.59, 20.02)

High school graduate?

Yes 15 (32.61) 15 (15.96) 21 (20.00) 0.28 1.32 (0.5, 3.42)

No 11 (23.91) 11 (11.70) 9 (8.57) —

Household income, $/y

.150,000 1 (2.17) 4 (4.26) 5 (4.76) 0.2 0.74 2.089 (0.35, 40.25)

100,000–149,999 3 (6.52) 6 (6.38) 14 (13.33) 0.44 1.55 (0.44, 7.25)

75,000–99,999 5 (10.87) 15 (15.96) 9 (8.57) 0.11 1.11 (0.37, 3.78)

50,000–74,999 1 (2.17) 14 (14.89) 7 (6.67) 1.58 4.88 (0.89, 91.27)

30,000–49,999 6 (13.05) 10 (10.64) 17 (16.19) 0.044 1.045 (0.37, 3.25)

Other or unreported 17 (36.96) 19 (20.21) 23 (21.91) 20.56 0.57 (0.25, 1.3)

,30,000 13 (28.26) 26 (27.66) 30 (28.57) —

Marital status

Married 20 (43.48) 47 (50.00) 50 (47.62) 0.34 0.19 1.21 (0.55, 2.61)

Separated or divorced 0 (0) 3 (3.19) 3 (2.86) 15.18 NA

Not married

Living together 13 (28.26) 23 (24.47) 21 (20.00) 20.17 0.85 (0.35, 2.03)

Not living together 13 (28.26) 21 (22.34) 31 (29.52) —

Treatment arm

Vitamin D 21 (45.65) 47 (50.00) 51 (48.57) 0.66 0.14 1.16 (0.61, 2.21)

Placebo 25 (54.35) 47 (50.00) 54 (51.42) —

Infant characteristics

Sex

Female 26 (56.52) 51 (54.26) 56 (53.33) 0.74 20.111 0.9 (0.47, 1.7)

Male 20 (43.48) 43 (45.74) 49 (46.67) —

Ethnicity

Asian 2 (4.35) 7 (7.45) 5 (4.76) 0.098 0.73 2.07 (0.52, 13.78)

Caucasian 10 (21.74) 32 (34.04) 36 (34.29) 0.85 2.34 (1.1, 5.36)

Native Hawaiian 0 (0.00) 1 (1.06) 2 (1.91) 14.5 NA

Other 4 (8.69) 14 (14.90) 15 (14.28) 0.92 2.5 (0.89, 8.94)

African American 30 (65.22) 40 (42.55) 47 (44.76) —

Length at birth, cm 50.5 6 2.74 51.2 6 2.79 51.0 6 2.41 0.19 0.082 1.085 (0.96, 1.23)

Weight at birth, kg 3.24 6 0.49 3.41 6 0.5 3.34 6 0.51 0.11 0.00051 1 (1, 1)

BMI, kg/m2 12.6 (9.80215.40) 12.95 (9.69217.25) 12.78 (8.93216.41) 0.28 0.13 1.14 (0.9, 1.46)

Mode of delivery

Cesarean 17 (36.96) 59 (62.77) 34 (32.38) 0.68 20.18 0.83 (0.43, 1.66)

Vaginal 27 (58.70) 31 (32.98) 65 (61.9) —

With previous cesarean 1 (2.17) 1 (1.06) 0 (0.0) 21.52 0.22 (0.0084, 5.62)

Forceps assisted 0 (0.0) 0 (0.0) 2 (1.91) 14.042 NA

Vacuum assisted 1 (2.17) 3 (3.19) 4 (3.81) 0.42 1.52 (0.26, 29.1)

Infant still being breastfed

Month 12 11 (23.91) 25 (26.60) 25 (23.81) 0.18 21.26 0.28 (0.015, 1.64)

Since last visit (month 24) 34 (73.91) 78 (82.98) 84 (80.00) 0.19 0.52 1.68 (0.79, 3.52)

Since last visit (month 33) 33 (71.74) 75 (79.78) 84 (80.00) 0.19 0.5 1.65 (0.77, 3.38)

Vitamin D at 3 y, ng/mL 16.6 6 7.25 21.9 6 9.24 22.0 6 8.76 0.00008 0.086 1.09 (1.042, 1.14)

Sample characteristics

Sample storage time, y 5.75 6 0.5 5.57 6 0.5 5.50 6 0.52 0.0097 20.84 0.43 (0.22, 0.82)

1 Values are means 6 SDs or n (%) unless otherwise indicated. Characteristics showing evidence of confounding of cluster membership included

mother’s age at enrollment, mother’s educational level, child’s vitamin D concentration at age 3 y, and sample storage time, but no statistically significant

differences across the clusters with respect to sex, ethnicity, anthropometrics, vaginal compared with cesarean delivery, or breastfeeding patterns. All P values

were derived by applying x2ANOVA to each multinomial logistic regression model, with sample-to-cluster assignment as the outcome and each characteristic

as the predictor of this. All P values, b-coefficients, and ORs are derived from x2 ANOVA on a multinomial logistic regression model with sample-to-cluster

assignment as outcome, with levels ordered as clusters 1–3 (i.e., decreasing concentrations of inflammatory fatty acids and amines). Reference categories were

mother’s education, did not graduate from high school; household income,,$30,000/y; mother’s marital status, not married and not living together; treatment

arm, placebo; sex, male; ethnicity, African American; infant still being breastfed (month 12), no; infant breastfed since last visit (month 24), no; infant

breastfed since last visit (month 33), no; mode of delivery, vaginal. NA, not applicable.
2 The b-coefficient is the rate of change of each maternal and infant characteristic per unit change in the outcome of interest.
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FIGURE 1 Loge levels of metabolites across cluster groups highlights the main drivers of group segregation. Only metabolites identified as exhibiting
variability across the identified cluster groups by medoid |z| .1 in the 3-cluster solution and that were additionally significant by Kruskal-Wallis P , 0.001
across these groups were chosen. Their natural log metabolite concentrations were plotted to reveal true patterns of similarity and difference across each group.
(A) Box plots with pairwise group comparisons for each metabolite (Mann-Whitney U test). (B) Sample and metabolite cluster dendrograms with heat map
and box plot of metabolite concentrations. Sample dendrogram and heat map divided by sample-to-cluster assignment. Total sample N = 245: group 1, 46;
group 2, 94; group 3, 105. GPC, glycerophosphorylcholine.
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were defined as over- or underrepresented and used for further
analyses to describe the clusters.

In utero vitamin D exposure and cluster membership

We first examined differences in baseline characteristics across
children in the 3 clusters by building multinomial logistic re-
gression models with sample-to-cluster assignment as outcome
(i.e., 3 possible outcomes relating to cluster 1, 2, or 3) to identify
variables that may be confounding the relation between in utero
vitamin D exposure and cluster membership. Second, we in-
vestigated the influence of maternal pre- and postsupplement
vitamin D concentrations on cluster membership, again using the
same multinomial logistic regression model with sample-to-
cluster assignment as the outcome but now adjusting for the
potential confounders, which were the mother’s age at enroll-
ment and education level, child’s vitamin D concentration at age
3 y, and sample storage time. Child asthma status at age 3 y was
also included as a potential confounder (Table 1). We built a
directed acyclic graph (DAG) with DAGitty 2.3 software (23)
(http://dagitty.net/) to identify the appropriate confounding
variables to adjust for (Supplemental Table 1, Supplemental
Figure 4). Reported P values were from x2 ANOVA. Third, we
created a combined variable to analyze the influence of vitamin
exposure throughout pregnancy by using a cutoff of 30 ng/mL
(24) to define low (,30 ng/mL) and normal ($30 ng/mL) ma-
ternal pre- and postsupplement vitamin D concentrations. This
resulted in 4 categories: low-low (low presupplement and post-
supplement concentrations), low-high, high-low, and high-high.
The association between this categoric variable and cluster mem-
bership was analyzed with Pearson’s x2 test of independence. A

5% significance level was used for all tests. All analyses were
conducted in R 3.3.1 software (R Foundation for Statistical
Computing, 2016-06-21) (25).

RESULTS

Baseline characteristics

The case-control subset selected for metabolomic profiling
consisted of 245 children; 84 (34%) had asthma, 112 (46%) were
boys, 117 (48%) were African American, 78 (32%) were Cau-
casian, and the remaining children were of Asian, Hawaiian, or
other ethnic origin. A summary of the baseline characteristics of
the selected population by cluster membership is provided in
Table 1, showing a statistically significant influence on cluster
membership by mother’s age at enrollment, mother’s education
level, child’s vitamin D concentration at age 3 y, and sample
storage time, but no statistically significant differences across the
clusters with respect to sex, ethnicity, anthropometrics, vaginal
compared with cesarean delivery, or breastfeeding patterns. A
DAG illustrating our causal pathway and statistically significant
confounders is provided in Supplemental Figure 4.

Clusters of children based on metabolomic profiles

The children were divided into 3 distinct data-driven clusters
by their metabolomic profiles, with 46 (19%) children in cluster
1, 94 (38%) in cluster 2, and 105 (43%) in cluster 3. The con-
centrations of most of the metabolites did not differ between each
cluster, but the differences between the 3 clusters for 18 me-
tabolites were statistically significant (P , 0.001) (Figure 1A).

FIGURE 2 Pre- and postsupplement maternal vitamin D concentrations significantly associate with cluster group segregation. Postsupplement concen-
trations were significantly lower when cluster group 1 was compared with groups 2 and 3 separately (Mann-WhitneyU test). In addition, through a multinomial
logistic regression model with sample-to-cluster assignment as outcome and adjusting for significant confounders, sample storage time, maternal age, and
education, and the child’s asthma status and vitamin D level at age 3 y, the postsupplement concentration of vitamin D was a significant predictor of cluster
grouping (P = 0.0014; OR: 1.032; 95% CI: 1.0021, 1.065). The presupplementation concentration of vitamin D was not a statistically significant predictor of
cluster grouping. Presupplementation concentrations (means 6 SDs): group 1, 21.10 6 8.01 ng/mL; group 2, 23.60 6 10.30 ng/mL; and group 3, 23.60 6
11.00 ng/mL. Postsupplementation concentrations (means 6 SDs): group 1, 27.5 6 11.0 ng/mL; group 2, 34.0 6 14.1 ng/mL; and group 3 (35.2 6 15.9 ng/mL).
Total sample N = 245: group 1, 46; group 2, 94; and group 3, 105.
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Fatty acids, such as linoleate (18:2n–6), oleate (18:1), palmitate
(16:0), and myristate (14:0), among others, were the main drivers
of cluster segregation, with the highest amounts in cluster 1, in-
termediate amounts in cluster 2, and lowest amounts in cluster 3.
Amounts of amines and their derivatives, which included gluta-
mate, hypoxanthine, isoleucine, lactate, leucine, phenylalanine,
and urea, were comparable across cluster groups 1 and 2, and
were statistically significantly higher in either or both of these
groups compared with cluster group 3. Figure 1B shows a clus-
tering dendrogram and heat map of metabolite concentrations
across the clusters, illustrating how particular fatty acids and
amines were responsible for cluster segregation.

In utero vitamin D exposure and cluster segregation

Maternal postsupplement vitamin D concentrations were statis-
tically significantly associated with the child’s cluster membership
at age 3 y, with lower concentrations in cluster 1 (mean6 SD: 27.56
11.0 ng/mL) compared with cluster 2 (34.0 6 14.1 ng/mL) and
cluster 3 (35.2 6 15.9 ng/mL) (overall P = 0.0018; OR: 1.04;
95% CI: 1.014, 1.07). This relation was robust to adjustment for
sample storage time, maternal age and education, and the child’s
asthma status and vitamin D concentration at age 3 y (P = 0.0014;
OR: 1.032; 95% CI: 1.0021, 1.065). There was no statistically sig-
nificant difference in maternal presupplement vitamin D concentra-
tions in cluster 1 compared with 2 and 3: 21.10 6 8.01 compared
with 23.606 10.30 compared with 23.606 11.00 ng/mL (P = 0.12;
OR: 1.03; 95% CI: 0.99, 1.06; adjusted model P = 0.116; OR: 0.99;
95% CI: 0.96, 1.04) (Figure 2).

The combined variable of maternal pre- and postsupplement
vitamin D concentrations of ,30 (“low”) compared with
$30 ng/mL (“high”) showed a distribution of 40.2% with low-
low, 40.2% with low-high, 5.7% with high-low, and 13.9% with
high-high. This combined variable illustrating in utero vitamin
D exposure throughout pregnancy was a statistically significant
determinant of the child’s cluster membership (P = 0.03), with
an overrepresentation of low-low and underrepresentation of
high-high in cluster 1, suggesting that the presupplement con-
centrations combined with postsupplement concentrations play a
role for cluster segregation (Figure 3).

DISCUSSION

We determined that a subset of 3-y-old children from the
VDAART cohort could be segregated into 3 distinct clusters by
their plasma metabolomics profiles. These clusters were mainly
driven by differences in concentrations of inflammatory fatty
acids and amines and amine derivatives. Cluster membership was
statistically significantly associated with maternal post-
supplementation vitamin D concentrations and the child’s vita-
min D concentration at age 3 y, suggesting a strong influence of
vitamin D on the metabolome and alluding to a prenatal pro-
gramming role of vitamin D on the child’s metabolism.

High amounts of fatty acids, in particular linoleate, linolenate
(18:3n–3/3n–6), myristate, oleate, palmitate, palmitoleate (16:1n–7),
and stearate (18:0), characterized children in cluster 1. Compared
with clusters 2 and 3, the children in cluster 1 were exposed to
the lowest in utero vitamin D concentrations throughout preg-
nancy, with significantly lower postsupplement concentrations at
weeks 32–38 of gestation, and the highest proportion of children

exposed to concentrations ,30 ng/mL both pre- and post-
supplement (low-low). The metabolomic profile of the children
in cluster 3 represented the reverse of cluster 1, exhibiting the
lowest concentrations of the aforementioned fatty acids and was
associated with normal concentrations of vitamin D. It is bi-
ologically interesting that cluster membership was influenced by
in utero vitamin D exposure and was mainly determined by con-
centrations of fatty acids, because unfavorable fatty acid com-
position can promote inflammation and increase risk of complex
diseases (26, 27).

Some of the fatty acids driving cluster segregation were the
SFAs palmitate and myristate, which had highest concentrations
in cluster 1, intermediate concentrations in cluster 2, and lowest
concentrations in cluster 3 (i.e., highest concentrations in the
cluster with lowest in utero vitamin D exposure). Both of these
SFAs have been shown to have proinflammatory disease-promoting
capacities. Increased intake of palmitate, found in butter, cheese,
and meat, for example, has been associated with cardiovascular
disease and inflammation (28, 29), whereas increased intake of
myristate, which is found in butter and many other animal fats,
has been associated with elevated inflammatory markers such
as C-reactive protein and several other proinflammatory cytokines
(30). In general, increased intake of saturated fats can lead to
dyslipidemia, which has recently been linked to childhood asthma
and diminished lung function (31).

Another important fatty acid responsible for cluster segregation
was the omega-6 PUFA linoleate, showing highest concentrations

FIGURE 3 The combination of maternal vitamin D concentrations pre-
and postsupplement is a determinant of cluster membership. Maternal pre- and
postsupplement vitamin D concentrations were encoded as “low” (,30 ng/mL)
or “high” ($30 ng/mL), forming the basis for a combined variable describ-
ing the intrauterine exposure at both times (e.g., low-low means that both
pre- and postsupplement concentrations of vitamin D were ,30 ng/mL).
This combined variable was a strong determinant of the child’s cluster
membership (x2 P = 0.03). An overrepresentation of low-low and underrep-
resentation of high-high is observed in cluster 1, suggesting that the pre-
supplement concentrations combined with postsupplement concentrations
play a role for cluster segregation. Total sample N = 245: group 1, 46; group
2, 94; and group 3, 105.
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in cluster 1, which was associated with low in utero vitamin D
exposure. Linoleate is a precursor of arachidonate, prostaglandins,
and leukotrienes, which are known components of the inflam-
matory cascade and involved in asthmatic airway inflammation
(32). Linoleate, along with oleate, which is a monounsaturatedv-9
fatty acid and is the main component of olive oil, has also been
shown to have anti-inflammatory properties by reducing macro-
phage numbers in hypercholesterolemia (33) and reducing con-
centrations of plasminogen activator inhibitor-1, which is a
marker of inflammation (34). Thus, linoleate and other fatty acids
be both pro- and anti-inflammatory, which is believed to be de-
termined by the balance of several PUFAs from the diet (35) that
compete for the same rate-limiting enzymes either promoting or
resolving inflammation (36). Furthermore, other dietary micro-
nutrients, such as vitamin D, may be important in determining the
health effects of fatty acids, which is supported by a recent pre-
natal PUFA supplement trial (37) showing a reduced risk of
offspring asthma that was dependent on concurrent vitamin D
supplement status. Our study shows that low in utero vitamin D
exposure is associated with membership of a metabolic cluster
characterized by high concentrations of the v-6 PUFA linoleate,
whereas sufficient exposure determines membership of metabolic
clusters with lower concentrations of v-6 PUFAs.

Concentrations of a range of amines were also responsible for
cluster segregation. In particular, children in clusters 1 and 2, who
were exposed to low and normal concentrations of vitamin D in
utero, respectively, had a common metabolomic profile charac-
terized by high concentrations of amines, such as alanine, gluta-
mate, hypoxanthine, lactate, phenylalanine, and proline. Cluster
group 2 differed from group 1, however, through concentrations of
inflammatory fatty acids already mentioned (higher in group 1).
Some of the identified amines, and amines broadly, are known
inflammatory biomarkers, such as hypoxanthine and glutamate in
arthritis (38, 39), and arginine has more recently been implicated
in asthma as a result of its role in bioenergetics (40). Overall,
these findings suggest that the children in cluster 2 who go on to
develop inflammation and complex diseases later in life may do
so through perturbations of amino acids pathways rather than
fatty acid metabolism.

A major strength of this study is the state-of-the-art UPLC-
MS/MS metabolomic profiling platform with metabolite identi-
fication that used known standards. This resulted in a data set with a
high number of annotatedmetabolites, which enabled ameaningful
biological interpretation of our results. Still, as technology improves,
the increasing number of metabolites that may be identified could
add further knowledge about the potential prenatal programming
effect of vitamin D on the child’s metabolism. The implementation
of various clustering metrics, such as the gap statistic and silhouette
coefficient before the clustering of the cohort, eliminated the need
for a priori decisions on the number of clusters. Furthermore, the
clustering technique was purely data driven and independent of any
assumptions on exposure or endpoints associations. This analytic
approach avoids the classical issue of overfitted models trained on
the outcome or exposure of interest.

Another major advantage is the mother-child cohort design
with multiple measures of vitamin D status during pregnancy,
which is a strength compared with a single assessment that can be
subject to multiple confounders. Furthermore, the embedded
vitamin D intervention trial (18) presumably resulted in a
perturbation of vitamin D–related metabolic pathways, providing

us the power to discover differences, which may be subtle and less
easy to discover in the normal range of in utero vitamin D ex-
posure. However, the high-risk setting of the VDAART cohort,
where all mothers or their partners have $1 atopic disorder, is a
potential limitation of the study that may hamper generalization
of the result to unselected populations. Also, the plasma metab-
olomics profiling was done on a nested case-control group with an
overrepresentation of asthmatic children.

Our results suggest a link between both in utero and childhood
vitamin D exposure and the metabolism of the child at age 3 y.
Nevertheless, to implicate true causality from our study’s results
is not possible at this point, even though our analysis included
exhaustive measures to exclude the influence of other charac-
teristics on sample segregation into cluster groups and the dif-
fering concentrations of metabolites across these.

In conclusion, this study shows that 3-y-old children can be
segregated into 3 distinct biologically meaningful clusters by
their plasma metabolomic profiles. Cluster membership was in-
fluenced by in utero and childhood vitamin D exposure and was
predominantly determined by fatty acids and amines with dif-
ferent patterns and concentrations across the clusters. These
findings suggest that vitamin D concentrations influence the
metabolome via key metabolites related to inflammatory path-
ways and allude to a prenatal programming role of vitamin D on
the child’s metabolism at age 3 y, which may be of importance for
susceptibility to inflammation and complex diseases later in life.
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