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Abstract

Small vulnerable newborns (SVNs) are at high risk of growth faltering, but the underlying
biology remains poorly understood. We performed longitudinal multi-omics profiling in
294 mother-infant dyads from rural Burkina Faso to identify maternal, milk and infant
biological features associated with SVN birth and infant growth trajectories. SVN birth
was associated with maternal nutritional and household vulnerability together with
coordinated prenatal host-microbial, metabolic, and inflammatory perturbations.
Postnatally, SVNs exhibited selective remodeling of milk, delayed maturation of infant
gut ecosystem, and altered stool metabolite profiles. The strongest biological
associations with subsequent growth were concentrated within the first two months of
life, when milk-centered signatures were associated with persistent linear growth,
transient ponderal catch-up and subsequent recovery, whereas later growth
increasingly reflected broader host-microbial biology. Milk glutamine and serine
partially mediated the association between SVN status and persistent linear growth
deficits, explaining 4-10% of the observed effect.
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Introduction

Small vulnerable newborns (SVNs), encompassing infants born preterm, small for
gestational age (SGA), or with low birth weight (LBW), account for a substantial share of
neonatal morbidity and mortality worldwide'. It has been estimated that as many as
80% of all neonatal deaths in the world occur in LBW infants, of whom two-thirds are
probably preterm and one-third SGA2. Beyond birth, these infants remain at increased
risk of postnatal growth faltering, undernutrition, and adverse long-term health
outcomes®*®. The SVN concept has therefore been proposed as a clinically useful
approach for capturing a broader population of vulnerable newborns’, particularly in
low-resource settings where multiple maternal and environmental risk factors co-
occurs,

The pathways leading to a SVN are heterogeneous because the three phenotypes arise
through overlapping but distinct biological processes. Preterm birth is often associated
with inflammatory, infectious, and maternal-fetal metabolic disturbance’®, whereas
SGA and LBW more commonly reflect impaired fetal growth in the context of maternal
undernutrition, environmental enteric dysfunction’, or broader maternal and
environmental adversity''-'. Recent application of the SVN framework has further
highlighted the contribution of maternal nutritional status, parity, and household
conditions to SVN risk"'®, underscoring that these newborn phenotypes emerge from
interacting maternal, fetal and contextual determinants.

Although the determinants of SVN birth originate before delivery, emerging evidence
suggests that biological differences persist across the postnatal maternal-infant
interface. Maternal physiology and metabolism continue to shape the postnatal
environment through lactation and other maternal-infant interactions, while human
milk composition varies by infant birth phenotype and maternal context; in higher-risk
births, particularly following preterm birth, milk often contains higher protein content
and altered concentrations of bioactive factors during early lactation®"’; carbohydrate
content may also differ in growth-restricted infants®. In parallel, infants born preterm or
with LBW exhibit differences in early microbial development compared with lower-risk
infants, including altered gut microbiome composition and function during the first
months of life’®?2, Together, these findings suggest that the biological divergence
associated with SVN birth persists beyond delivery, spanning maternal physiology, milk
composition, and infant microbial development.

Whether these early biological differences contribute to postnatal growth trajectories in
SVNs remains incompletely understood. Although SVN phenotypes are consistently
associated with elevated risk of postnatal growth faltering, postnatal growth patterns
are heterogeneous, with evidence of partial catch-up in some infants but persistent
deficits in others*?. Human milk components, including human milk oligosaccharides
(HMOs), lipids, micronutrients, and other bioactive factors, have been associated with
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infant growth and with broader metabolic and microbial development?*28, raising the
possibility that postnatal biological exposures may influence growth recovery or
continued vulnerability. However, most existing studies have examined these factors in
isolation, typically within a single biological compartment or at a single timepoint,
limiting understanding of how coordinated variation across maternal, milk and infant
systems relate to early growth in SVN dyads.

To investigate the biological features associated with SVN birth and subsequent growth
trajectories, we performed longitudinal multi-omics profiling across mothers, milk and
infants in a cohort of mother-infant dyads in rural Burkina Faso nested within the
MISAME-IIl randomized controlled trial, which evaluated the efficacy of balanced
energy-protein (BEP) supplementation during pregnancy and lactation on birth
outcomes and infant growth?*-32, We specifically aimed to identify maternal prenatal
signals associated with SVN birth, characterize postnatal biological differences across
the maternal-milk-infant interface, and determine how early-life biological variation
relates to infant growth faltering and recovery.

4/50



111

112

113
114
115
116
117
118
119
120
121
122
123
124
125
126
127

128
129
130
131
132
133
134
135
136
137
138
139
140
141

142
143
144
145
146
147
148
149

Results
Study cohort, sampling scheme, and baseline characteristics

The analytical cohort comprised 294 mother-infant pairs, including 85 SVN cases and
209 non-SVN controls. Longitudinal multi-omics profiling included maternal and infant
metabolomics from volumetric absorptive microsampling (VAMS) dried blood samples,
maternal plasma metabolomics and proteomics, maternal and infant stool
metagenomics, metabolomics, proteomics, and short-chain fatty acid (SCFA), together
with comprehensive milk profiling, including macro- and micronutrients, HMOs,
microbes, bioactive proteins, proteomics, and targeted and untargeted metabolites,
collected across multiple time points from pregnancy through the first 6 months of life
(Figure 1A). The cohort comprised four MISAME-IIl intervention arms (prenatal BEP,
postnatal BEP, combined prenatal and postnatal BEP, and control), which were similarly
distributed between SVN and non-SVN groups (p = 0.79, Table S1). Likewise, prenatal
BEP exposure was not associated with SVN incidence (p = 0.72, chi-squared test).
Accordingly, BEP intervention was not included as a routine covariate, although
sensitivity analyses adjusting for intervention yielded similar results unless otherwise
specified.

Baseline maternal, infant, and household characteristics are summarized in Table S1
and Figure 1B, C. Compared with controls, mothers of SVN infants had poorer
nutritional status, reflected by lower BMI (20.96 + 2.47 vs. 22.37 + 3.31 kg/m?, p < 0.001)
and mid-upper arm circumference (MUAC, 253.21 + 23.76 vs. 264.18 + 28.21 mm, p =
0.002), and were more often primigravid (36.5% vs. 20.6%, p = 0.015). Households of
SVNs also had less frequent access to improved water sources (protected well,
borehole, pipe, or bottled water) than controls (50.6% vs. 63.6%, p = 0.049), and tended
to experience greater food insecurity (68.2% vs. 57.4%, p = 0.089). SVN cases were also
born at lower gestational age (39.19 + 2.16 vs. 40.07 = 1.11 weeks, p <0.001) and
exhibited marked lower birth weight (2.49 £ 0.31 vs. 3.22 £ 0.31 kg, p < 0.001), length
(46.59 £ 1.88 vs. 49.30 = 1.69 cm, p <0.001), head circumference (32.06 + 1.39 vs.
33.84+1.24cm, p<0.001) and MUAC (91.74 +7.07 vs. 103.66 £ 6.77 mm, p <0.001).
Nearly all infants were exclusively breastfed until 6 months, with no difference between
groups.

These baseline differences were followed by persistent postnatal growth deficits (Figure
1E). Across the first year of life, SVNs remained smaller than infants in the control group
for weight, length, MUAC, and head circumference. The most sustained separation was
observed for length-for-age z-score (LAZ), which remained consistently lower in SVNs
than controls across follow-up (birth: -1.56 vs. -0.11; 2 months: -1.61 vs. -0.48; 6
months: -1.25vs. -0.26; 11 months: -1.25 vs. -0.45; all p < 0.001). Weight-for-age z-score
(WAZ) showed a similar persistent disadvantage (birth: -1.86 vs. -0.17; 11 months: -1.57
vs. -0.69). In contrast, weight-for-length z-score (WLZ) was lower in SVNs at birth (-1.07
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vs. -0.04, p <0.001), showed transient early catch-up around 2 months, and then
declined again, with lower WLZ in SVNs reappearing by 6 months (-0.41 vs. -0.04, p =
0.031) and persisting thereafter.

Among the 85 SVN cases, 74 were SGA, 40 had LBW, and 12 were preterm, with partial
overlap between phenotypes (Figure 1 D). Despite this overlap, the sub-phenotypes
showed distinct baseline characteristics and growth trajectories (Table S1). Mothers of
LBW and preterm infants tended to have lower baseline anthropometric status
compared to mothers of SGA infants, and primigravidity was most common among LBW
mothers. At birth, preterm infants showed the most severe anthropometric deficits and
the shortest gestation, whereas LBW infants were also substantially smaller than SGA
infants, particularly for weight and length. Longitudinally, all three sub-phenotypes
showed persistent growth deficits relative to controls across infancy, although preterm
infants displayed the most pronounced early deficits and the clearest time-varying
changes in weight and length (Figure 1E, Figure S1). Notably, all three sub-phenotypes
exhibited an early WLZ improvement followed by later decline, with the transient catch-
up pattern appearing most marked among preterm infants.
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Figure 1. Study design, baseline characteristics, and longitudinal growth trajectories of SVNs.

(A) Longitudinal sampling framework showing feature numbers by data layer (left) and sample availability across time
points (right).

(B-C) Baseline continuous (B) and binary (C) maternal and infant characteristics in SVN cases and controls.

(D) Overlap of SVN sub-phenotypes.

(E-F) Longitudinal growth trajectories during the first year of life in SVN cases and controls (D) and in sub-phenotypes
and controls (E). Mean + SEM shown. P-values indicate group-by-time interactions; asterisks denote between-group
differences at individual timepoints.

*** FDR < 0.001, ** FDR < 0.01, * FDR < 0.05, © FDR < 0.1 (Benjamini-Hochberg adjusted).
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Prenatal nutritional, inflammatory and microbial signhatures of SVN birth

To determine whether prenatal biological differences were associated with subsequent
SVN birth, we integrated maternal baseline characteristics with third-trimester multi-
omics using DIABLO. Two latent components discriminated pregnancies resulting in
SVN infants from controls with good performance (Component 1: AUC = 0.806, p =
0.018; Figure 2; Component 2: AUC =0.894, p =0.0018; Figure S2, Supplementary Data
1).

Component 1 was characterized by coordinated microbial metabolic and host
inflammatory signatures together with household vulnerability (Figure 2). Among the
strongest contributors, fecal isocaproate, two Prevotella species (sp002251385 and
sp900553155) and the plasma protein vitronectin (P04004), a complement- and
coagulation-associated glycoprotein, were higher in mothers who delivered SVNs,
whereas nucleophosmin (P06748-2), a multifunctional stress-response nucleolar
protein, and access to improved water sources were lower in cases.

Component 2 captured a complementary prenatal axis linking SVN birth with microbial
metabolic and proteomic signatures (Figure S2). Household food insecurity emerged as
the strongest contributor and was higher in pregnancies resulting in SVNs, together with
lower maternal BMI and reduced access to improved water sources. Mothers who
delivered SVNs also had higher fecal valerate, the fecal metabolite 1,5-Isoquinolinediol,
and plasma proteins PTGDS (P41222, prostaglandin D2 synthase) and complement
factor B (P00751), whereas transthyretin (P02766, a thyroid hormone and retinol
transport protein), phospholipase B1 (Q6P1J6), and CNDP1 (Q96KN2, a beta-alanyl-L-
histidine dipeptidase) were lower.

Pathway-level analyses further showed that these prenatal differences converged on
three major biological processes (Figure 2D). Maternal fecal metagenomic pathways
that were enriched in SVNs were dominated by microbial structural and biosynthetic
functions, including flagellar assembly, lipopolysaccharide (LPS) biosynthesis, O-
antigen repeat unit biosynthesis, and biosynthesis of nucleotide sugars, amino acids,
and cofactors. Maternal metabolomic differences reflected coordinated remodeling of
carbohydrate, lipid, and amino acid metabolism, with glycolytic, galactose,
glycerophospholipid, and lysine metabolism enriched in SVNs, whereas fatty acid-
related pathways, including arachidonic acid metabolism, were relatively depleted.
Prenatal proteomic pathways that were higher in SVNs were dominated by complement
and coagulation cascades, acute-phase response, complement activation, and plasma
lipoprotein remodeling.
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Figure 2. Prenatal maternal DIABLO multi-omics signature associated with SVN at trimester 3.

(A) DIABLO signature volcano plot for Component 1 (n = 58), showing feature loading (x-axis) and correlation with SVN

status (y-axis). Positive y-values indicate features higher in SVN cases and negative values indicate features lower in

cases.

(B) Block-level contribution to Component 1. Bars indicate total block contribution, and boxplots show the

distribution of feature-level scores. Labels indicate selected versus total features included in each block.

(C) Top 20 Component 1 features ranked by signed score. Features to the right were higher in SVN cases, whereas

those to the left were lower. Untargeted metabolites are labelled by ion mode (m/z; rt) when no annotation is

available. A full feature table is provided in Supplementary Data 1.

(D) Prenatal pathway enrichment results for maternal fecal metagenome, maternal metabolome, and maternal

proteome at the third trimester comparing SVN cases and controls. For metagenomic pathways, positive enrichment

scores indicate pathways enriched in SVN cases, whereas negative scores indicate pathways depleted in cases. For

metabolomic and proteomic pathways, positive signed scores indicate that contributing features were relatively

higher in SVN cases, whereas negative scores indicate that contributing features were relatively lower in cases. Point

size reflects the number of contributing features assigned to each pathway, and colors indicate the contributing

compartment.
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SVN is associated with postnatal metabolic remodeling and delayed infant gut
ecological maturation

Milk differences between SVNs and controls were most evident at 3-4 months and were
driven primarily by milk metabolites rather than broad shifts across all measured milk
features (Figure 3A). At 14-21 days, SVNs exhibited lower disialyllacto-N-hexaose
(DSLNH; FDR < 0.1), together with higher free fatty acids, including arachidonic acid,
octadecenoic acid, eicosadienoic acid, eicosatrienoic acid, and y-aminobutyric acid
(GABA), whereas glutamine and serine were lower (Figure 3B-C). At 1-2 months,
pyridoxamine was lower, whereas carnitine and GABA were higher in SVNs. By 3-4
months, differences shifted toward lipid metabolism, with 35 triglycerides, 13
phosphatidylcholines, six diglycerides, four ceramides, three sphingomyelins, and two
each of dihexosylceramides and hexosylceramides enriched in SVNs, together with
higher lysine and a-aminoadipic acid. Sensitivity analysis adjusting for BEP intervention
produced similar results, although the associations for serine and GABA were no longer
significant.

Differences in infant gut ecology were most evident in microbiome diversity rather than
broad taxonomic composition. Shannon diversity and observed richness increased
from 1-2 months to 5-6 months (p = 0.002 and p < 0.001, respectively), whereas no
corresponding changes were observed in SVN cases (p =0.549 and p = 0.496,
respectively; Figure 3D). These differences were therefore driven by divergence in
ecological progression, rather than by a marked baseline separation at 1-2 months
(Figure S3B). At the microbiome compositional level, genus-level relative abundance
profiles were broadly similar between SVN cases and controls within maternal milk,
infant gut and maternal gut samples at each time point (Figure S3A). Beta-diversity
differences were modest, with no strong case-control separation in most matrices,
although maternal stool showed nominal differences at the third trimester (p = 0.056)
and at 1-2 months (p = 0.048, Figure S3C). Differential abundance analysis identified a
small number of candidate taxa that differed between groups within maternal milk,
infant gut and maternal gut at specific timepoints, but these associations were not
retained in sensitivity analyses using ANCOM-BC2 with pseudocount adjustment
(Figure S3D).

Selective differences were also evident in infant stool analytes (Figure 3E). Total SCFAs,
acetate, and isocaproate showed significant group-by-time interactions (p-int=0.02,
0.004, and 0.052, respectively), with levels increasing in controls but decreasing in
SVNs from 1-2 months to 5-6 months. These SCFAs were also higher in SVNs at 1-2
months (both total SCFAs and acetate p < 0.05, isocaproate FDR < 0.05), while acetate
was higher in controls at 5-6 months (p < 0.05). Calprotectin also showed a significant
group-by-time interaction (p-int = 0.039) and was higher in controls at 5-6 months (p<
0.05). In maternal stool, caproate and isocaproate were higher in SVN cases (p =0.033
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and p =0.001, respectively, Figure S3E), while no differences were observed for
calprotectin at any timepoints (Figure S3F).

Pathway-level analyses echoed the milk and gut differences observed across early and
later postnatal timepoints (Figure 4). In metagenomic data, SVN-associated enrichment
again centered on microbial structural and biosynthetic pathways, including LPS
biosynthesis, together with folate biosynthesis, and related carbohydrate-utilization
pathways such as phosphotransferase system (PTS). In postnatal metabolomic data,
the clearest differences were seen in milk-associated pathways; features higher in SVN
cases mapped predominantly to carbohydrate- and membrane-related pathways,
including glycerophospholipid metabolism and glycolysis and gluconeogenesis,
whereas features lower in cases were more often represented in amino acid-related
pathways including glycine, serine, alanine and threonine metabolism, arginine and
proline metabolism, and glutamate metabolism. Some pathways showed time-
dependent directional differences, with sialic acid metabolism, fatty acid activation and
fructose and mannose metabolism lower in SVN at early postnatal timepoints but
higher in SVN at later timepoints. Postnatal proteomic pathways differences were less
extensive than prenatal ones but continued to include complement-related signals,
including complement activation and complement and coagulation cascades.
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Figure 3. Postnatal milk and infant gut features associated with SVN status.
(A) Volcano plots of combined milk features at each time point comparing SVN cases and controls.
(B) Longitudinal trajectories of milk features identified from panel A, excluding lipids shown in (C).

(C) Distribution of nominally significant milk lipid features higher in SVN cases. Abbreviations: TG, triglycerides; PC,
phosphatidylcholines; DG, diglycerides; Cer, dihydroceramides; SM, sphingomyelins; Hex2Cer, dihexosylceramides;
HexCer, hexosylceramides.

(D) Infant gut diversity trajectories from 1-2 months to 5-6 months.

(E) Infant stool SCFAs and calprotectin trajectories from 1-2 months to 5-6 months. Mean = SEM shown. *** FDR <
0.001, ** FDR<0.01, * FDR< 0.05,°FDR < 0.1.
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Figure 4. Pathway-level differences between SVN cases and controls for metagenomics, metabolomics, and
proteomics across early and later postnatal time windows.

(A) Early postnatal pathway enrichment results for metagenome, metabolome, and proteome compartments
comparing SVN cases and controls.

(B) Later postnatal pathway enrichment results for metagenome, metabolome, and proteome compartments
comparing SVN cases and controls.
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Early postnatal multi-omics prioritizes milk glutamine and serine as mediators of
persistent growth deficits

Having identified postnatal biological differences associated with SVN, we next asked
which of these features were most closely linked to persistent linear growth during
infancy. We therefore analyzed two postnatal windows separately: an early window
spanning birth to 1-2 months, and a later window spanning 3-4 to 5-6 months,
depending on the dataset. Within each window, DIABLO we first used to identify multi-
omics features discriminated SVN cases from controls, after which these candidate
features were tested for association with repeated LAZ measurements using mixed-
effects models. Early postnatal integrative analysis identified features associated with
SVN status, with stronger discrimination in Component 2 (Component 2: AUC =0.761, p
=0.037; Component 1: AUC =0.678, p =0.125; Figure 5; Supplementary Data 2).

Component 2 identified a coherent set of early postnatal features that both
distinguished SVNs and were associated with persistent linear growth. Several features
that were enriched in SVNs, including milk choline, multiple metabolite features, infant
gut taxa at 1-2 months, and two milk microbial taxa, were associated with lower
longitudinal LAZ. In contrast, the milk amino acids glutamine and serine, together with
thiamine monophosphate (TMP), were lower in SVNs but positively associated with
longitudinal LAZ. Component 1 showed a similar but weaker pattern, with several SVN-
enriched metabolites, including DFLNT, associated with lower LAZ, whereas
complement C1 (P09871) was higher in SVNs but positively associated with LAZ.

Applying the same framework to the later postnatal window yield weaker discrimination
of SVN status (Component 2: AUC =0.733, p=0.051; Component 1: AUC =0.644, p =
0.205; Figure S4). Correspondingly, substantially fewer SVN-associated features were
also linked to longitudinal LAZ, and these associations were less directionally coherent
than those observed during early infancy. The strongest later signal was the maternal
plasma proteomic marker MASP1 (P48740, mannan-binding lectin serine protease 1),
together with a limited number of maternal plasma and metagenomic features.

To determine whether these candidate growth-associated features partly explained the
association between SVN and subsequent growth deficits, we performed mediation
analyses. Among the tested features, milk glutamine and serine at 14-21 days showed
the most robust and consistent indirect effects across multiple growth outcomes.
Glutamine partially mediated the association between SVN and LAZ at 5 and 6 months,
WAZ at 6 months, and length at 1 and 6 months, accounting for approximately 4-10% of
the total SVN-associated growth deficit (Figure 5E). Serine showed broader mediation
across LAZ, WAZ, weight, and MUAC outcomes, explaining approximately 4-9% of the
total SVN effect (Figure 5F).
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Figure 5. Early postnatal multi-omics features distinguishing SVN and their associations with longitudinal LAZ.

(A,B) Top early postnatal DIABLO features (n = 78) discriminating SVN cases from controls for Component 1 (A) and

Component 2 (B). Positive scores indicate features higher in SVNs; negative scores indicate features lower in SVNs.

(C,D) Associations of the same component-specific features with longitudinal LAZ in mixed-effects models for

Component 1 (C) and Component 2 (D). The x-axis shows the estimated effect of each feature on longitudinal LAZ,

and the y-axis shows -log10(p). Positive coefficients indicate association with higher LAZ, and negative coefficients

with lower LAZ.

(E,F) Mediation analyses evaluating whether early milk glutamine (E) and serine (F) mediate associations between

SVN status and longitudinal growth outcomes. Heatmap color indicates the estimated indirect (mediated) effect,

with red representing positive and blue representing negative mediation effects. Percentages within tiles indicate the

proportion of the total SVN effect explained by the mediator and are shown only for significant indirect effects (95%

bootstrap confidence interval excluding zero). Values in parentheses indicate the corresponding total effects. Growth
outcomes include LAZ, WAZ, height, weight, MUAC, WHZ, and HC measured across infancy. A full feature table is
provided in Supplementary Data 2.
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Early WLZ catch-up in SVNs is associated with milk-centered multi-omics
signatures

To identify biological features associated with the transient improvement in WLZ
observed during early infancy, we modeled change in WLZ from birth to 2 months using
block sparse partial least squares (block-sPLS) integrating maternal, infant, and milk
multi-omics datasets collected during the early postnatal period (Figure 6A). Early WLZ
catch-up was primarily associated with a milk-centered multi-omics signature, with
milk-derived datasets contributing 31 of the top 50 ranked features (Supplementary
Data 3). Component 1 showed the strongest overall signal driven by contributions from
the milk metabolome, whereas milk bioactive proteins, HMOs and milk macro- and
micronutrients showed the highest per-feature importance scores (Figure 6B).

Biological features associated with early WLZ catch-up showed mixed relationships
with SVN status. Component 1 identified several SVN-associated features that were
positively associated with greater WLZ catch-up, including DSLNT, multiple milk
metabolite features, and an infant gut Prevotella species (sp900548745) (Figure 6C).
Conversely, IGLL1 (P15814, immunoglobulin lambda-Llike polypeptide 1), which was
lower in SVNs, was also positively associated with catch-up. In contrast, several
features associated with reduced catch-up were enriched in SVNs, including
eicosatrienoic acid and other milk metabolite features, whereas glutamine, DSLNH and
the maternal plasma protein KLKB1 (P03952, plasma kallikrein) were lower in SVNs and
likewise associated with reduced catch-up.

Additional highly ranked features associated with greater catch-up included multiple
HMOs, including lacto-N-tetrose (LNT), sialyl-lacto-N-tetraose b (LSTb), and 6’-
sialyllactose (6’SL), together with fibroblast growth factor-21 (FGF-21), nicotinamide
adenine dinucleotide (NAD), maternal plasma proteomic markers, and maternal gut
microbial taxa (Figure 6D).

Component 2 identified a complementary and broadly consistent signature, again
dominant by milk-derived biology, with the milk microbiome providing the largest block
contribution and HMOs contributing the highest feature important scores (Figure S5).
DSLNT again emerged as a positive correlate early catch-up and was higher in SVNs,
together with several infant and milk microbial taxa, including Prevotella species
(sp900547575), Sphingoaurantiacus polygranulatus and Bacillus kribbensis, and the
maternal plasma proteomic angiotensinogen (P01019). Relatively few features were
negatively associated with catch-up, including glutamine and several milk metabolite
features that were lower in SVNs. Additional highly ranked features again included
multiple HMOs and milk nutrients.
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Figure 6. Early-life multi-omics features associated with early WLZ catch-up in SVNs are dominated by milk

components

(A) Block sPLS volcano plot for Component 1 (n = 78), showing feature loading (x-axis) and correlation with change in
WLZ from birth to 2 months (y-axis). Positive y-values indicate associations with greater early WLZ catch-up.

(B) Block-level contribution to Component 1. Bars indicate block-level contribution and boxplots show the
distribution of feature-level scores. Labels indicate selected versus total retained features per block.

(C) Component 1 features with significant differences by SVN status. Bars represent signed multivariate scores
(loading : correlation), with positive values indicating association with greater WLZ catch-up. Points and lines show

standardized case-control effect estimates and 95% confidence intervals.
(D) Additional top Component 1 features ranked by signed multivariate feature score, displayed as in (C). A full
feature table is provided in Supplementary Data 3.
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Later WLZ faltering in SVNs is associated with multi-matrix multi-omics signatures

In contrast to the milk-centered signatures associated with early catch-up, later WLZ
changes from 2 to 6 months was characterized by a shift toward infant gut-centered
biology (Figure 7A; Supplementary Data 4). We modeled change in WLZ this period
using maternal, infant, and milk multi-omics data collected across the later postnatal
period. Component 1 was dominated by the infant fecal microbiome, whereas infant
fecal SCFAs, and milk bioactive proteins showed the highest per-feature importance
scores (Figure 7B).

Component 1 identified several biological features associated with protection against
later WLZ decline. Infant stool acetate, which was lower in SVNs, was positively
associated with maintenance of WLZ (Figure 7C). Additional positively associated
features included selected infant and maternal metabolites, maternal plasma proteins
including IGF2 (P01344, insulin-like growth factor 2) and CD5L (043866, an immune-
associated secreted protein), and the milk species Acinetobacter towneri, all of which
were higher in SVNs. In contrast, features associated with greater WLZ decline were
more numerous and included an infant gut Prevotella species (sp900553155), several
infant metabolites, and maternal plasma proteins including SRGN (P10124, serglycin),
most of which were higher in SVN cases.

Additional highly ranked features associated with maintenance of WLZ included milk
bioactive proteins, including calprotectin, leptin, and follicle-stimulating hormone
(FSH), together with infant stool butyrate and valerate, several infant gut taxa and milk
microbial taxa (Figure 7D). Features associated with greater WLZ decline included
several milk minerals, multiple HMOs, and maternal plasma proteomic and
metabolomic signals.

Component 2 identified a complementary later postnatal signature that broadly
confirmed the findings from component 1, with the milk microbiome providing the
dominant block and infant fecal SCFAs and milk bioactive proteins contributing the
highest feature important scores (Figure S6). Consistent with Component 1, infant fecal
acetate and several metagenomic features were positively associated with WLZ change
and were lower in SVNs, whereas relatively few features were negatively associated with
WLZ change. Additional highly ranked signals again milk bioactive proteins, HMOs and
stool metagenomic features.
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Figure 7. Later postnatal multi-omics features associated with WLZ faltering in SVN infants
(A) Block sPLS volcano plot for Component 1(n = 43), showing feature loading (x-axis) and correlation with change in
WLZ from 2 to 6 months (y-axis). Positive y-values indicate association with less WLZ decline and negative values

with greater decline.

(B) Block-level contributions to Component 1.

(C) Component 1 features with significant differences by SVN status. Bars represent signed multivariate scores, with

positive values indicating association with less WLZ decline and negative values indicating more WLZ decline. Points

and lines indicate standardized case—control effect estimates and 95% confidence intervals.
(D) Additional top Component 1 features ranked by signed multivariate feature score, displayed as in (C). A full
feature table is provided in Supplementary Data 4.
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Recovery from SVN is associated primarily with early milk metabolic remodeling

To examine heterogeneity in postnatal growth among SVNs, infants were classified
according to recovery across LAZ, WAZ and WLZ trajectories (Figure 8). Recovery was
defined separately for each anthropometric domain as attaining a sustain gain of >0.67
z-scores from birth at any follow-up timepoint®, which was then maintained through the
final available measurement. Infants meeting this criterion in at least one domain were
classified as having any recovery. Using this definition, 46 SVNs were classified as
recovered and 39 as non-recovered (Figure 8B). Recovery overlapped only partially
across LAZ, WAZ, and WLZ, with both shared and domain-specific subsets.

Recovered and non-recovered infants diverged earliest for WAZ and WLZ, whereas
separation in LAZ emerged later (Figure 8A). By 2 months, recovered infants already
exhibited higher WAZ and WLZ than non-recovered infants (0.58 and 0.71 z-score units,
respectively; p =0.023 and p = 0.025), with these differences increasing through 11
months (WAZ: 0.84-1.14, p<0.001; WLZ: 0.78 - 0.90, p < 0.05). In contrast, LAZ
trajectories remained similar during the first 3 months before gradually diverging from
4-5 months onward, reaching a difference of 0.49 z-score units at 4 months (p = 0.079)
and 0.63 z-score units at 5 months (p = 0.027), and these differences increased further
to 1.07 at 11 months (p <0.001).

Recovery status was not explained by the intervention. Distribution across the four
intervention arms was similar between recovered and non-recovered infants (Fisher’s
exact p = 0.676) and neither prenatal BEP exposure (45.7% vs. 38.5%, p =0.519) nor
postnatal BEP exposure (58.7% vs. 48.7%, p = 0.389) differed between groups. Recovery
analyses were adjusted for intervention arm to account for potential residual
confounding.

Milk differences were concentrated within the same early postnatal period during which
WAZ and WLZ trajectories first diverged (Figure 8C). Overall, recovery was characterized
by higher abundance of lipid- and carnitine-related milk metabolites, whereas non-
recovery was characterized predominantly by vitamin-, amino acid-, and carbohydrate-
related metabolites. At 14-21 days, carnitine was higher in recovered infants, whereas
EPA was higher in non-recovered infants. At 1-2 months, four triglyceride species, two
phosphatidylcholine species, and proline were higher in recovered infants, while
pyridoxal, vitamin B6, phenylalanine, and hexose were higher in non-recovered infants.
By 3-4 months, butyrylcarnitine was higher in recovered infants, whereas biotin,
nicotinamide, vitamin B3, pantothenic acid, lacto-N-fucopentaose Ill (LNFP.1ll) and
histidine were higher in non-recovered infants.

Infant gut differences were more limited and were driven mainly by stool SCFAs rather
than broader ecological changes (Figure 8D). Acetate, propionate, isobutyrate, valerate,
and total SCFAs were generally higher in non-recovered infants at one or both postnatal
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Figure 8. Postnatal milk and infant gut features associated with recovery among SVNs.

(A) Longitudinal LAZ, WAZ, and WLZ trajectories in the recovered and non-recovered groups. Recovery was defined as sustained

improvement (>0.67 z-score from birth) in at least one anthropometric domain.

(B) Overlap of recovery across anthropometric domains and final numbers classified as recovered or non-recovered

(C) Longitudinal trajectories of milk features associated with recovery. Abbreviations: EPA, Eicosapentaenoic acid; TG, triglycerides;

PC, phosphatidylcholines

(D) Infant stool SCFAs and Shannon diversity trajectories in the recovered and non-recovered groups. *** FDR < 0.001, ** FDR <

0.01, * FDR<0.05,°FDR<0.1.
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Discussion

In this longitudinal multi-omics study spanning pregnancy through early infancy, we
identified coordinated prenatal host-microbial signatures that distinguished
pregnancies resulting in SVNs and showed that these biological differences persisted
across the maternal-milk-infant axis after birth. The strongest associations with
subsequent growth were concentrated during the first two months of life, when early
milk metabolites, particularly glutamine and serine, partially mediated persistent linear
growth deficits. Distinct milk-centered signatures were associated with early ponderal
catch-up and recovery, while broader multi-omics signatures were associated with later
faltering. Together, these findings suggest that SVN represents not a single biological
entity, but a convergence of vulnerabilities that begins before birth and remains
detectable across the maternal-milk-infant interface during early life.

Our prenatal analyses indicate that the biological trajectory leading to SVN is
established before birth and reflects the convergence of maternal nutritional,
environmental, immune, and microbial factors rather than a single pathogenic pathway.
Consistent with previous studies, mothers who delivered SVNs exhibited poorer
nutritional status and greater household vulnerability, including lower BMI and MUAC,
reduced access to improved water sources, and greater household food insecurity, all
of which are well-recognized risk factors for fetal growth restriction and other adverse
birth outcomes in low-resource settings*®'434, Beyond these contextual determinants,
prenatal multi-omics integration revealed coordinated biological alterations spanning
maternal immunity, microbial ecology, and metabolism.

Particularly notable was the consistent enrichment of complement-related proteins
and pathway across the prenatal analyses. Pregnancy requires tightly regulated
complement activation to support implantation, placental development, and immune
tolerance, whereas excessive or dysregulated activation has been implicated in
placental insufficiency, fetal growth restriction, preeclampsia, and spontaneous
preterm birth®*=*’. The accompanying enrichment of microbial structural pathways,
including LPS biosynthesis and flagellar assembly, together with alterations in maternal
metabolic pathways, further supports the presence of coordinated host-microbial
perturbation in pregnancies resulting in SVN.

One of the most striking findings was that multiple independent lines of evidence
pointed to the first two months of life as a pivotal developmental window for SVNs.
Compared with later postnatal time points, early multi-omics profiles more clearly
discriminated SVNs from controls and showed stronger and more coherent
associations with persistent longitudinal growth. This same period also coincided with a
transient WLZ catch-up and the earliest divergence in recovery trajectories among
SVNs, suggesting that biological processes during early infancy may help shape
subsequent growth. The first months of life are characterized by rapid physiological
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adaptation, as the infant shifts from complete dependence on the intrauterine
environment to exclusive reliance on human milk, while the gut microbiome undergoes
a period of rapid compositional change, alongside parallel maturation of immune and
metabolic systems®*-°. Together, these findings highlight the first two months of life as a
unique window of opportunity during which targeted intervention may have the greatest
potential to redirect growth trajectories before biological vulnerabilities become more
firmly established.

Within the early postnatal window, human milk showed the strongest and most
consistent associations with subsequent growth, although the biological correlates
differed according to the aspect of growth being considered. Persistent linear growth
deficits were most consistently linked to lower concentrations of free amino acids
glutamine and serine. Both metabolites were reduced in the milk of mothers of SVNs,
positively associated with longitudinal LAZ, and partially mediated the association
between SVN and persistent growth deficits. Glutamine is among the most abundant
free amino acids in human milk and plays established roles in intestinal epithelial
integrity, immune regulation, and neonatal growth, particularly in preterm and LBW
infants*#2, These findings align with prior reports linking milk glutamine to infant growth
and its lower concentration in the milk of mothers of preterm infants*'#344, Serine
supports one-carbon metabolism and phospholipid synthesis, pathways that are
essential for tissue growth and development*“¢, Together with the broader depletion of
amino-acid-related pathways, these findings suggest that the milk of mothers of SVNs
may provide a less favorable metabolic environment for supporting early linear growth.

In contrast, the biological sighals associated with early ponderal growth differed from
those underlying persistent linear growth. Early WLZ catch-up was associated
predominantly with milk-centered signatures, particularly DSLNT and other HMOs,
together with selected milk metabolites and bioactive components. DSLNT has been
associated with reduced risk of necrotizing enterocolitis in preterm infants and is
thought to support intestinal protection through interactions with the developing
mucosal and microbial environment*°, In our cohort, however, higher DSLNT was
associated with transient rather than sustained improvement, suggesting that these
milk adaptations may provide temporary biological support without fully overcoming
the persistent growth vulnerability. Several free fatty acids were likewise elevated in
early milk of SVN dyads, including arachidonic acid and other long-chain unsaturated
fatty acids involved in energy supply, membrane structure, neurodevelopment, immune
function, and intestinal maturation?%°°2, Arachidonic acid is preferentially transferred
across the placenta during fetal life and continues to be supplied in human milk during
the period of rapid postnatal growth®3, Its elevation in early milk may therefore reflect a
compensatory lactational adaptation to infant vulnerability or altered maternal lipid
metabolism during the transition from pregnancy to lactation. This interpretation is
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supported by the concurrent depletion of prenatal maternal fatty acid metabolic
pathways, including arachidonic acid metabolism, in pregnancies resulting in SVNs.

Recovery analyses further suggested that the biology supporting sustained
improvement differs from that underlying transient early catch-up. Recovery was
characterized by a more carnitine- and lipid-enriched milk profile, whereas non-
recovery showed relatively higher concentrations of several B vitamins. Higher carnitine
in the milk of recovered SVNs is consistent with its central role in mitochondrial
transport and oxidation of long-chain fatty acids, and its importance in neonatal energy
metabolism, particularly in preterm and LBW infants with limited endogenous stores or
synthesis®. Likewise, higher triglyceride and phosphatidylcholine species, major
constituents of the milk fat globule membrane®®, may reflect a more lipid-rich
nutritional environment that supports rapid ponderal recovery through enhanced energy
delivery and lipid utilization?”-%¢,

Beyond the early postnatal window, however, the biology associated with ponderal
growth shifted substantially. Although WLZ initially improved during the first two
months, it declined again during later infancy, resulting in renewed separation between
SVNs and controls. Correspondingly, early WLZ catch-up was associated
predominantly with milk-centered signatures, whereas later WLZ changes was
associated with broader host-microbial signatures incorporating maternal, milk, and
infant gut features. Together, these findings suggest that early milk-derived factors may
contribute to short-term compensatory growth, but may be insufficient to sustain
durable recovery, which may depend more on successful maturation of the infant gut
ecosystem and broader postnatal metabolic adaptation.

The increasing importance of broader host-microbial signatures during later infancy
was accompanied by altered maturation of the infant gut ecosystem in SVNs. While
non-SVNs showed age-related increase in microbial diversity together with progressive
changes in microbial fermentation products®’-°, these developmental trajectories were
comparatively blunted in SVNs. Such delayed gut microbial maturation has previously
been linked to undernutrition and growth faltering in other low-resource settings®®-%2,
Our findings suggest that this delayed maturation forms part of a broader biological
transition in which the determinants of growth shift from predominantly milk-centered
processes during early infancy toward increasing contributions from the developing
infant gut ecosystem.

Although fecal calprotectin is widely used as a marker of intestinal inflammation in
adults, its interpretation during early infancy remains challenging because
concentrations are also influenced by breastfeeding®. In our cohort, where exclusive
breastfeeding was nearly universal until 6 months, the tendency toward higher milk and
fecal calprotectin in controls raises the possibility that fecal calprotectin may partly
reflect exposure to milk-derived calprotectin rather than intestinal inflammation alone.
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623 This study has several strengths. It integrates longitudinal multi-omics data across
624  maternal, milk, and infant compartments, providing a systems-level view of early-life
625 biology beyond single-domain analyses. Repeated sampling across key developmental
626 windows enabled characterization of temporal dynamics in biological features and
627  growth trajectories. The detailed maternal and household data allowed biological

628  signatures to be interpreted within broader nutritional and environmental contexts. In
629 addition to identifying biological features associated with SVN status, the study also
630 examined heterogeneity in postnatal growth recovery, providing insight into factors
631 associated with resilience among vulnerable infants. Finally, the study was conducted
632 inapopulation with high breastfeeding prevalence, providing an important context to
633 investigate the biology of SVNs in a low-resource setting.

634  Several limitations should be considered. Although the cohort was nested within a

635 randomized trial, the omics analyses presented here are observational and cannot

636  establish causality. The multivariate models were most informative as integrative

637  feature-prioritization tools rather than prediction models. Sample sizes did not allow for
638  sufficiently powered analyses of individual SVN sub-phenotypes, which may differ

639  biologically. Many untargeted metabolite features remained partially or not annotated,
640 constraining biological interpretation. Finally, milk volume was not measured, limiting
641 interpretation of whether observed differences in milk composition reflected altered
642 concentrations, differences in milk production, or both.

643 In summary, our findings support a model in which SVN reflects the convergence of
644  prenatal and postnatal vulnerabilities across the maternal-milk-infant interface.

645  Different biological systems contribute to distinct phases of early growth, with prenatal
646  host-microbial perturbations preceding birth, early milk biology relating most closely to
647  persistent linear growth and transient ponderal catch-up, and later host-microbial

648 interactions accompanying subsequent growth faltering. These findings suggest that
649 improving outcomes in SVNs will likely require interventions that begin before birth and
650 continue through the first months of life, when biological trajectories appear most

651 amenable to change.

652
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Methods
Study design and samples

The present study was conducted within the BioSpé biospecimen sub-study nested in
the MISAME-III trial, an individually randomized 2 x 2 factorial controlled trial in rural
Burkina Faso evaluating balanced energy—protein (BEP) supplementation during
pregnancy and/or lactation on birth outcomes and infant growth. The MISAME-III trial
design has been described previously®. Briefly, pregnant women aged 15-40 years were
enrolled between October 2019 and December 2020 in six rural health centers in the
Houndé district (Hauts-Bassins region) and randomized to receive BEP or iron-folic acid
(IFA) supplementation during pregnancy and independently during the first six months
postpartum, generating four intervention groups.

The BioSpé sub-study was initiated after completion of MISAME-III recruitment, when
most women were already in late pregnancy®. A total of 309 mother-infant dyads were
enrolled and contributed biospecimens collected longitudinally from pregnancy
through early infancy. For the present analysis, we included 294 dyads with available
birth outcome classification and at least one relevant biological dataset, comprising 85
small vulnerable newborn (SVN) cases and 209 non-SVN controls. SVN was defined as
the presence of one or more of the following birth phenotypes: preterm birth, small for
gestational age (SGA), or low birth weight (LBW).

Biological sampling included maternal plasma, dried blood spots collected using
volumetric absorptive microsampling (VAMS), stool, and human milk, as well as infant
VAMS and stool samples. Maternal samples were collected from the second trimester
through 6 months postpartum, and infant samples from birth through 6 months of age.
Depending on the platform, data were available for metabolomic, proteomic,
microbiome, metagenomic, short-chain fatty acid (SCFA), and milk composition
analyses.

All participants received routine antenatal care according to national guidelines,
including iron—folic acid supplementation and malaria prophylaxis. In the present study,
intervention group was retained as a design variable and accounted for where
appropriate in downstream analyses. Ethical approval was obtained from the Ethics
Committee of Ghent University Hospital (B670201734334) and the Comité d’Ethique
Institutionnel de la Recherche en Sciences de la Santé (50-2020/CEIRES). Written
informed consent was obtained from all participants. The MISAME-III trial was
registered at ClinicalTrials.gov (NCT03533712).

Biospecimen collection and processing

Whole blood collection by VAMS
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Capillary whole blood samples were collected from mothers and infants using VAMS
(Mitra™, Neoteryx, Torrance, CA, USA), which enables standardized low-volume
collection and is particularly suitable for pregnant women and newborns because it
simplifies sample handling, storage, and transport. For each collection, a total of 60 pL
of whole blood was obtained using two 10 pL and two 20 pL VAMS tips. Blood was
collected from mothers by finger prick (middle or ring finger) and from infants by heel
prick using age- and weight-appropriate safety lancets. After local disinfection, the first
drop of blood was discarded, and the VAMS tips were gently applied to the blood
droplet until fully saturated, taking care to avoid milking of the puncture site. After
collection, VAMS tips were placed in clamshell holders and air-dried at room
temperature for approximately 3 hours before storage in sealed specimen bags.
Samples were transported according to manufacturer recommendations and stored at
—-80 °C until analysis.

Maternal plasma collection and processing

Maternal plasma was collected by capillary blood sampling into plastic BD Microtainer
whole-blood tubes spray-coated with K2 ethylenediaminetetraacetic acid (EDTA) (BD,
Franklin Lakes, NJ, USA). After finger disinfection, approximately 500 uL of whole blood
was obtained by finger prick using a high-flow safety lancet, discarding the first drop
and avoiding excessive pressure at the puncture site. Samples were centrifuged on-site
at 2,000 x g for 17 minutes using a microcentrifuge (VWR International, Leuven,
Gelgium). Plasma was then separated, and 100 yL was aliquoted by single-channel
pipette (Thermo Fisher Scientific, Merelbeke, Belgium) into barcoded terile cryotubes
(Bioaigma, Cona, VE, Italy). Cryotubes were placed immediately in insulated
containers, flash-frozen in liquid nitrogen, and subsequently stored at —80 °C until
analysis.

Fecal sample collection and processing

Fecal sample collection has been described previously®*. Maternal and infant fecal
samples (~8 g) were collected using standardized protocols. Maternal samples were
self-collected using sterile stool collection containers, whereas infant samples were
collected using a sterile 38 x 50 cm protection sheet (Kimberley-Clark, Irving, TX, USA)
wrapped around the infant to minimize contamination.

Samples were processed according to downstream analytical requirements. For
microbiome analyses requiring stabilization, infant stool was transferred into
OMNIgene*GUT OM-200 collection kits (DNA Genotek, Ottawa, Canada) and mixed
with stabilizing solution according to manufacturer instructions. For flash-frozen
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analyses, maternal stool and additional infant stool aliquots were transferred into
sterile cryotubes (Biosigma, Cona, VE, Italy), immediately frozen, and stored at -80 °C
until analysis.

Stool consistency was assessed using the Bristol Stool Scale, and liquid samples were
homogenized prior to aliquoting to ensure uniformity. Standardized handling
procedures were applied to minimize contamination and variability across samples.

Human milk collection and processing

Breastmilk samples collection has been described previously®. Briefly, milk samples
were collected at health centers by trained staff using a standardized hygienic protocol.
Milk was expressed using a hospital-grade electric breast pump (Medela Symphony®,
Medela, Baar, Switzerland) with sterile, single-use collection kits. When necessary, both
breasts were used to obtain approximately 25 mL of milk. To ensure representative
sampling, milk expression continued until the breast was emptied and samples were
gently mixed to homogenize fore- and hindmilk fractions.

Milk was aliquoted into four 2 mL amber microtubes and one larger polypropylene tube,
protected from light, and kept at 4 °C prior to transfer to liquid nitrogen storage.
Samples were subsequently stored at —80 °C until analysis.

Laboratory analysis
Human milk analyses

Human milk samples were analyzed for microbiota composition, human milk
oligosaccharides (HMOs), macronutrients, micronutrients, bioactive proteins and
metabolites following standardized protocols developed within the International Milk
Composition (IMiC) consortium®®.

Milk microbiota profiling was performed at Baylor College of Medicine using 16S rRNA
gene sequencing targeting the V4 hypervariable region. Given the low-biomass nature of
human milk, sample processing incorporated extensive contamination control
measures, including negative controls at all stages from aliquoting to sequencing. DNA
was extracted from 1 mL of milk following centrifugation (10,000 x g, 5 min) to remove
fat and supernatant, using the DNeasy 96 PowerSoil Pro HT Kit (Qiagen) on a QIACube
HT automated platform. Sequence data were processed using the DADA2 (v1.26.0)
pipeline implemented in QIIME2 (v2023.2). Taxonomic assignment was performed using
the GreenGenes2 (v2022.19) database®’. Contaminant features were identified and
removed using both Decontam® and SCruB*®° algorithms, informed by negative controls.
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Human milk oligosaccharides were quantified at the Mother-Milk-Infant Center of
Research Excellence (MOMI CORE, University of California San Diego). HMOs were
isolated by high-throughput solid-phase extraction, fluorescently labeled and analyzed
by high-performance liquid chromatography with fluorescence detection (HPLC-FLD) as
previously described’®”". Identification and quantification were based on retention
times and mass spectrometry, using raffinose as an internal standard for absolute
quantification.

Macronutrients (fat, protein, carbohydrate/lactose and energy content) were measured
by near-infrared spectroscopy using a SpectraStar XT (KPM analytics, Westborough, MA,
USA) calibrated specifically for human milk’>73, Analyses were conducted at the
Manitoba Interdisciplinary Lactation Center biorepository.

Micronutrients, including multiple B vitamins’#’¢, fat-soluble vitamins (A and E)”’, and
minerals and trace elements (calcium, copper, iron, magnesium, potassium, selenium,
sodium and zinc)’8, were quantified at the USDA Agricultural Research Service-Western
Human Nutrition Research Center, Davis, CA using established protocols’. Free
choline was quantified by liquid chromatography-mass spectrometry (LC-MS/MS)
(Biocrates Life Science, Austria) as part of the targeted metabolomics workflow
described below?®.

Milk bioactive proteins were quantified using high-performance
electrochemiluminescence assays (Meso Scale Discovery, USA at MOMI CORE)®'.
Analytes included secretory immunoglobulin A (slgA), calprotectin and selected
metabolic hormones (including insulin, leptin and fibroblast growth factor-21). Milk
samples were diluted in assay-specific buffers, and assays were multiplexed where
concentration ranges permitted.

Targeted metabolomic profiling of milk was performed at Biocrates Life Sciences using
LC-MS/MS and flow injection analysis—-tandem mass spectrometry (FIA-MS/MS) with
the MxP® Quant 500 kit (Biocrates Life Science AG, Innsbruck, Austria)®®#, This platform
enabled absolute quantification of more than 600 metabolites, including triglycerides,
free fatty acids, amino acids and acylcarnitines.

Stool analyses

Shotgun metagenomic sequencing: DNA extraction, library preparation and
sequencing of maternal and infant stool samples were performed at the UC San Diego
IGM Genomics Center. DNA was extracted using the MagMAX Microbiome Ultra kit and
quantified by PicoGreen. Libraries were prepared using KAPA HyperPlus kits with 25 ng
input DNA and nine PCR cycles. Sequencing was conducted on an [llumina NovaSeq
6000 platform (2 x 150 bp), targeting approximately 25 Gbp per maternal sample and 10
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Gbp per infant sample. Reads were quality-filtered and deduplicated using FastP, and
host reads were removed by alignment to the human reference genome (hg38) using
Bowtie2. Microbial reads were mapped to the HPlusDB_BacteriaArchaea reference
genome database optimized for non-industrialized infant microbiomes and annotated
using GTDB R95%-%, Genomes with >50% breadth of coverage were retained. Functional
profiling was performed using the inStrain pipeline under default parameters®.

Fecal metabolomic profiling was performed using LC-MS/MS. Metabolites were
extracted from ~10 mg of fecal material using an extraction mixture of methanol plus
stable isotope labeled internal standards following established protocols?’. Metabolites
were separated by HILIC high-performance liquid chromatography and analyzed using
electrospray ionization in positive ion mode. Data dependent acquisition was used to
collect MS/MS spectra. Raw spectra were processed using MS-DIAL®® to detect and
align peaks across samples and generate non-redundant representative features.
Metabolite annotations were assigned by matching MS/MS spectra against an MS2
metabolite library composed of spectra from GNPS, MoNA, and MassBank. Peak
intensities were normalized to total ion current, followed by blank filtering (features =23x
higher in QC than blanks) and QC stability filtering (relative standard deviation <30%
across QC runs). Technical replicates were averaged prior to downstream analyses.

Fecal proteomic profiling was performed using LC-MS/MS-based shotgun proteomics.
Samples were lysed by bead-beating in SDS-containing buffer, followed by S-trap
(Protifi, Fairport, NY, USA) based tryptic digestion of proteins and reverse-phase (RPS)
peptide desalting using the Agilent AssayMAP Bravo Protein Sample Prep Platform
(Santa Clara, CA, USA), as described before®®. Peptides were separated over a 35-
minute method using a Thermo Vanquish Neo ultra-high performance liquid
chromatography (UHPLC) system. Electrospray ionization was performed via a Thermo
Nanospray Flex source, and peptides were analyzed on a Thermo Fusion Lumos mass
spectrometer in data-dependent acquisition mode (DDA). Spectra were searched using
FragPipe (v22.0)%, against a human Swiss-Prot and TrEMBL protein database (canonical
and isoform sequences, downloaded from Uniprot on 2024-01-09)°', with common
contaminants and decoy sequences added using Fragpipe. The default workflow was
used, with phosphorylation (STY) and deamidation (NQ) specified as additional variable
modifications. Protein intensities were normalized and processed using the MSstats R
package®?, including median scaling and missing value imputation using an accelerated
failure time model, followed by context-aware imputation for remaining missing values
prior to downstream analyses.

Short-chain fatty acids (SCFAs) and branched-chain SCFAs were quantified at
ProDigest (Belgium) using gas chromatography with flame ionization detection, as
described before®. Stool samples were partially freeze-dried to determine water
content prior to extraction. Analytes included acetate, propionate, butyrate, isobutyrate,
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isovalerate, valerate, isocaproate and caproate. Concentrations were expressed as
pmol/g wet feces. Values below the limit of quantification were imputed as half the
corresponding limit.

Fecal calprotectin concentrations were measured in maternal and infant stool
samples using a commercially validated enzyme-linked immunosorbent assay (ELISA),
following manufacturer instructions®. The assay demonstrated acceptable intra- and
inter-assay precision and dilution linearity across the concentration range.

Untargeted milk and blood metabolomics

Untargeted metabolomic profiling of human milk, maternal plasma, maternal VAMS and
infant VAMS samples was performed using rapid liquid chromatography-mass
spectrometry (rLC-MS) at Sapient Bioanalytics (San Diego, USA), as previously
described. Human milk samples were equilibrated on an orbital shaker (550 rpm, 4 °C,
10 min), after which a 20 L aliquot was extracted with 80 uL of solvent containing
internal standards. Samples were mixed (550 rpm, 4 °C, 10 min) and centrifuged (6,000
x g 4°C, 10 min). Supernatants were transferred to 384-well polypropylene plates
containing methanol-water mixtures optimized for positive and negative ionization
modes, respectively. Extraction solvents, dilution conditions and final sample
concentrations were optimized using pooled human milk samples. Both annotated and
unannotated metabolomic features were retained for downstream analyses.

Untargeted milk and blood proteomics

Untargeted proteomic profiling of human milk and maternal plasma was conducted at
Precision Biomarker Laboratories (Cedars-Sinai Medical Center, California, USA) using
data-independent acquisition mass spectrometry (DIA-MS). Maternal plasma was
analyzed in both naive and top-14 protein-depleted fractions, following a standardized
blood biofluid proteomics workflow described previously®*. Human milk samples were
processed using an S-Trap-based protein digestion workflow optimized for milk
matrices, while plasma samples were diluted in trifluoroethanol and digested using
Trypsin enzyme. Sample preparation was fully automated on a BioMek i7 workstation
(Beckman Coulter). Peptides were analyzed on a U3000-Exploris 480 LC-MS platform
using a 30-minute dual-trap DIA method for milk samples and a 20-minute DIA method
for plasma samples. Indexed retention time (iRT) standards, pooled reference samples,
and other quality control (QC) measures were used to monitor sample processing,
system performance, and reproducibility. Proteomic data were processed using DIA-NN
to generate peptide- and protein-level quantification for downstream analyses.
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Statistical analyses

All analyses were conducted in R (v4.5.2). Unless otherwise specified, analyses were
two-sided. For feature-level analyses within omics blocks, false discovery rate (FDR)
correction was applied within each blocks using Benjamini-Hochberg method. Multi-
omics multivariate models were interpreted primarily as integrative feature-
prioritization approaches rather than prediction tools.

Univariate analyses

Baseline maternal, infant, and household characteristics were compared between SVN
cases and controls using linear regression for continuous variables and logistic
regression for binary variables.

To compare longitudinal growth trajectories between SVN cases and controls over the
first year of life, mixed-effects models were fitted for repeated anthropometric
outcomes. Models included fixed effects for time, SVN group, and their interaction, with
a random intercept for infant. Time was modeled categorically when comparing
trajectories across study visits. Estimated marginal means and 95% confidence
intervals were derived from fitted models, and cross-sectional group contrasts at
individual timepoints were obtained using post hoc comparisons. P values for repeated
cross-sectional contrasts within each outcome were adjusted using the Benjamini-
Hochberg method.

To characterize postnatal biological differences between SVN cases and controls,
feature-wise analyses were conducted separately within each compartment and time
window. For cross-sectional comparisons at individual timepoints, linear regression
models were used with SVN status as the primary exposure. For repeated-measures
analyses across postnatal timepoints, mixed-effects models were fitted with fixed
effects for SVN group, time, and group-by-time interaction, with a random intercept for
participant. These models were applied to milk macro- and micronutrients, HMOs,
bioactive proteins, milk metabolites, stool SCFAs, fecal calprotectin, and diversity
metrics. For feature-level analyses within omics blocks, p values were adjusted using
the Benjamini-Hochberg method. For the recovery analyses, BEP intervention group
was fitted as a covariate to adjusted for confounding.

Microbiome diversity analysis

Alpha and beta diversity analyses were performed for the infant gut, maternal gut, and
milk microbiome using the phyloseq (v1.44.0)% and vegan (v2.6-4)%” R packages.
Samples from all three microbiome datasets were rarefied to a common sequencing
depth defined as the minimum sample depth across the milk, maternal gut, and infant
gut phyloseq objects.
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Alpha diversity metrics, including Shannon diversity index and observed richness, were
calculated based on rarefied count data for each biological compartment and time
point. Linear mixed-effects models were fitted using the nlme (v3.1-163)% package, with
SVN status as the fixed effect and participant ID as a random intercept. Pairwise
comparisons between SVN cases and controls were performed using emmeans
(estimated marginal means), and p-values were adjusted for multiple testing using the
Benjamini-Hochberg FDR correction. Longitudinal changes in alpha diversity were also
evaluated within each group by fitting mixed-effects models with time point as the fixed
effect and participant ID as a random intercept.

Beta diversity was assessed using weighted UniFrac distance metrices, calculated from
phylogenetic trees within phyloseq (v1.44.0). Principal Coordinate Analysis (PCoA) was
used for ordination visualization, and 95% confidence ellipses were drawn for each
group. Permutational multivariate analysis of variance (PERMANOVA) was conducted
using adonis2 from the vegan (v2.6-4) package to test the association of SVN status,
time point, and their interaction with microbiome composition. P-values from time
point-specific PERMANOVA tests were adjusted using the Benjamini-Hochberg
method.

Differential abundance analysis

Differential abundance analysis of microbial taxa was performed at the species level
using ANCOM-BC2 (v2.2.1)* implemented in R. Analyses were conducted separately for
the infant gut samples, milk samples and maternal gut samples at each time point. Raw
count data from phyloseq objects were used as input. Low-prevalence taxa were
excluded using a prevalence cutoff of 5%, and samples with sequencing depth below
500 reads were removed. Models included SVN status and intervention group as fixed
effects, with SVN status specified as the primary group variable. Structural zeros were
identified and accounted for, and negative lower-bound correction was applied. P-
values were adjusted using the Benjamini-Hochberg method to control the FDR.
Differential abundance results were summarized as log fold-changes for SVN cases
relative to controls, together with FDR-adjusted p-values.

Metagenomic functional data analysis

Gene-level functional profiling was conducted using hierarchical differential abundance
analysis on count data normalized by the trimmed mean of M-values (TMM) method
implemented in treeclimR (v0.1.5)"° and edgeR (v3.42.4)"°'. Genes annotated in the
KEGG, HMO, CAZyme, and CARD databases were organized into a hierarchical
structure based on their corresponding enzymatic class, functional category, HMO

33/50



949
950
951
952
953

954

955

956
957
958
959
960
961
962
963

964
965
966
967
968
969

970
971
972
973
974
975
976

977
978
979
980
981
982
983
984
985
986

utilization cluster, or antibiotic resistance mechanism. To identify pathways showing
coordinated functional shifts, gene set enrichment analysis (GSEA) was performed
using clusterProfiler (v4.18.2)'%? with KEGG pathway mappings. Enrichment scores and
adjusted p-values were calculated for each pathway, applying an adjusted p < 0.05 and
a minimum gene set size of two.

Metabolome pathway analysis

Pathway-level analyses of untargeted metabolomic data were performed separately by
biological matrix and time point. Untargeted metabolomic datasets were first
preprocessed by imputing missing values, capping extreme outliers, and standardizing
feature intensities using z-score scaling. For each dataset, metabolomic features were
tested for association with SVN status using linear regression models. Features were
retained for downstream pathway analysis if they had sufficient non-zero variance. For
each retained feature, the regression coefficient, p-value, FDR-adjusted p-value, and
group means were extracted.

To preserve biological directionality, features were classified as higher or lower in SVN
cases according to the sign of regression coefficient. Because metabolite annotation
depends on ionization polarity, features were additionally separated by positive and
negative ionization mode; fecal metabolomic data were analyzed on positive ion mode
only. Consequently, pathway enrichment analyses were conducted independently for
each combination of ionization model and direction of association.

Pathway enrichment was conducted using mummichog package (v2.7)'%, which infers
pathway activity directly from high-resolution mass spectrometry data without requiring
full metabolite identification. For each subset, input files containing mass-to-charge
ratio (m/z), retention time, p-values, and effect size statistics (beta-coefficients) were
provided to mummichog. Analyses were run using a nominal p-value cutoff of 0.05 and
100 permutations. Enriched pathways were extracted from the mummichog output and
summarized using pathway p-values, pathway size, overlap size, and overlap features.

This workflow was applied uniformly across all untargeted metabolomic datasets,
ensuring that pathway inference was conducted in a time- and matrix-specific manner
while maintaining consistent analytical logic across analyses. For visualization and
interpretation, pathway enrichment results were into three developmental periods:
prenatal, early postnatal, and later postnatal. Prenatal analyses included third-
trimester maternal fecal, plasma, and VAMS metabolomes. Early postnatal analyses
included infant VAMS metabolome at birth, maternal plasma metabolome at 1-2
months postpartum, and milk metabolome at 14-21 days postpartum. Later postnatal
analyses included infant VAMS metabolome at 3-4 months, maternal VAMS
metabolome at 5-6 months postpartum, and milk metabolome at 3-4 months
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postpartum. Pathway enrichment results were visualized as signed enrichment dot
plots, where pathways depleted in SVN were displayed on the left and pathways
enriched in SVN on the right. Point color represented the biological compartment, point
size reflected the number of overlapping metabolite features contributing to the
pathway, and point shape indicated the sample source (maternal, infant, or milk).

Proteomic pathway enrichment analysis

Proteomic pathway enrichment analyses were performed separately by biological
matrix and time point. proteomic datasets were first preprocessed by imputing missing
values, capping extreme outliners, and standardizing feature intensities using z-score
scaling. For each dataset, proteins were tested for association with SVN status using
linear regression models. Features were retained for downstream analysis if they had
non-zero variance. For each retained protein, the regression coefficient, p-values, FDR-
adjusted p-values, and group means were extracted.

Proteins showing nominal evidence of association with SVN status (p<0.05) were
stratified into proteins higher or lower in SVN cases according to the sign of the
regression coefficient. Protein identifiers were harmonized by removing isoform suffixes
where appropriate and, for fecal proteomic features, extracting UniProt identifiers from
compound feature labels. UniProt identifiers were then mapped to Entrez Gene IDs
using the org.Hs.eg.db annotation database. Enrichment analyses were conducted
separately for proteins higher and lower in SVN within each dataset.

Pathway enrichment was using over-representation analysis implemented in the
clusterProfiler (v4.18.2)"2 and ReactomePA. Gene Ontology (GO) biological processes,
KEGG pathways, and Reactome pathways were tested separately. GO biological
process terms were simplified using semantic similarity-based reduction. Enrichment
pathways were retained if they included at least five proteins, had a RichFactor = 0.1,
and met an FDR-adjusted g-value threshold of g < 0.05. RichFactor was calculated as
the ratio of the number of overlapping proteins to the pathway background size. A
signed enrichment score was derived from the RichFactor, with positive values
indicating pathways enriched among proteins higher in SVN and negative values
indicating pathways enriched among proteins lower in SVN.

This workflow was applied to prenatal, early postnatal, and later postnatal proteomic
datasets. Prenatal analyses included third-trimester fecal proteome and maternal
plasma proteome measured in naive and top-14 protein-depleted fractions. Early
postnatal analyses included milk proteome and maternal plasma proteome measured
in naive and top-14 protein-depleted fractions at 1-2 months. Later postnatal analyses
included maternal plasma proteome measured in naive and top-14 protein-depleted
fractions at 5-6 months. Proteomic pathway results were visualized as sighed
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enrichment dot plots, with pathways lower in SVN shown on the left and pathways
higher in SVN shown on the right. Point color denoted biological compartment, point
size indicated the number of overlapping proteins, and point shape denoted pathway
source (GO, KEGG, or Reactome).

DIABLO modeling

To identify prenatal maternal biological features associated with SVN birth, third-
trimester maternal datasets were integrated using DIABLO (Data Integration Analysis for
Biomarker discovery using Latent cOmponents), implemented in mixOmics (v6.34.0)'%.
Omics blocks included maternal stool metagenome, stool microbiome, stool
metabolome, stool proteome, stool short-chain fatty acids, plasma metabolome,
plasma proteome, VAMS metabolome, and baseline clinical characteristics. Prior to
model fitting, feature blocks were restricted to participants with overlapping samples
across the included datasets, and variables were centered and scaled within each
block. SVN status was used as the supervised outcome. Model discrimination was
summarized using component-specific area under the receiver operating characteristic
curve (AUC). Features contributing most strongly to each component were ranked
according to variable loadings and their correlation structure across blocks, and were
interpreted as prenatal biological signatures associated with SVN birth.

To investigate whether postnatal biological features associated with SVN also related to
persistent linear growth deficits, DIABLO was applied separately to an early postnatal
window (birth, 14-21 days, and 1-2 months) and a later postnatal window (3-4 and 5-6
months), again using SVN status as the supervised outcome. Omics blocks were
centered and scaled before model fitting, and only participants with overlapping data
across the included blocks were retained. Model discrimination was summarized using
component-specific AUC. Features contributing to the main discriminating
components were then carried forward into mixed-effects models of repeated LAZ, with
infantincluded as a random effect. This two-stage framework was used to identify
postnatal features that both discriminated SVN status and were associated with
subsequent longitudinal LAZ.

Block-sPLS modeling

To identify biological features associated with short-term ponderal catch-up, block
sparse partial least squares (block-sPLS) regression was performed using mixOmics
(v6.34.0)'*, with change in WLZ from birth to 2 months as the continuous outcome.
Maternal, milk, and infant omics blocks measured during the early postnatal window
were included as predictors. An analogous block-sPLS framework was used to identify
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biological features associated with later WLZ faltering, using change in WLZ from 2to 6
months as the outcome and omics blocks measured during the later postnatal window
as predictors.

Prior to model fitting, each feature block was restricted to participants with non-missing
outcome data and overlapping samples across blocks. Feature blocks with fewer than
40 samples overlapping the outcome were excluded from the multiblock model. Within
each retained block, features were centered and scaled. Block-sPLS models were then
fitted using a fixed number of latent components, with sparse feature selection applied
within each block. Model interpretation focused on component loadings and ranked
feature contributions, which were used to identify biological features most strongly
associated with WLZ change.

Model performance was assessed by repeated cross-validation and summarized using
root mean squared error (RMSE), mean absolute error (MAE), and coefficient of
determination (R?). For the early postnatal model, 78 participants had overlapping
outcome and predictor data (n = 78), and cross-validated performance was modest
(RMSE = 1.57, MAE = 1.18, R* = -0.069). For the later postnatal model, 43 participants
contributed overlapping data (n = 43), and performance was similarly modest (RMSE =
0.94, MAE = 0.70, R®~ -0.048). Because predictive performance was limited, these
models were interpreted primarily as integrative feature-prioritization approaches rather
than as predictive models.

To aid biological interpretation, top-ranked features from the block-sPLS models were
subsequently examined in complementary univariate analyses. These included feature-
wise models testing association with WLZ change, as well as case-control models
comparing feature abundance between SVN infants and controls. This two-step
strategy was used to identify features that both contributed to the multivariate WLZ-
associated signature and showed interpretable directionality in relation to SVN status.
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Data availability

The raw metagenomic and 16S rRNA gene sequencing data analyzed in this study have
been deposited at the NCBI database under BioProject accession code PRINA1113165
and PRJNA1292286. The milk composition data can be accessed upon request to
meghan.azad@umanitoba.ca, and the de-identified personal data can be access upon
request to carl.lachat@ugent.be.
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