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Prospective evidence linking early-life microbiome development and

host genetics with type 1 diabetes (T1D) risk is limited. Here, we describe
how gut microbiome maturation and host genetics influence T1D risk in
the TEDDY study. We analysed 12,151 longitudinal metagenomes and host
genetic data from 887 children at high genetic risk for T1D followed for

up to 6 years. We identify three microbiome maturational patterns: Early
Matured, Late Matured and Early Plateaued, driven primarily by non-linear
changesin species from the Bifidobacterium and Ruminococcus genera. The
Early Matured patternis enriched in galactose metabolism and exhibits
higher production of aromatic amino acids and B-group vitamins at early
follow-ups, whereas the Early Plateaued pattern has increased microbial
production of branched-chain amino acids. Notably, the Early Plateaued
patternis associated with a threefold elevated risk of T1D, whereas other
patterns are not associated with T1D risk. Furthermore, we find that host
genetic variants related to antimicrobial and antiviralimmune responses
modify the association between the Late Matured patternand T1D risk.
These findings highlight the role of early microbial exposures and host
genetics in T1D susceptibility.

Typeldiabetes (T1D) is a disorder characterized by the autoimmune-  combination of environmental exposures, particularly in early life’,
mediated destruction of pancreatic (3-cells, resulting in insulin defi- ~makingit crucial to understand the interplay of genetics and develop-
ciency and subsequent hyperglycaemia'. Globally, T1D affectsapproxi- ment during this vulnerable period.

mately 8.5 millionindividuals, of which, 1.5 million are below the age of The gut microbiome is one of the most pervasive exposures
20 years?. Despite advancements in the understanding of TID patho-  throughout early life, playing a crucial role in both shaping and being
physiology and its treatment and management, T1D remains incur-  shaped byimmune, dietary and physiological development®. Indirect
able, necessitating lifelong insulin therapy for affected individuals®.  evidence from recent studies suggests that early-life factors, such
Notably, T1D can be driven both by complex genetic factors*andbya as breastfeeding and delivery mode, may influence T1D risk later in
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life, potentially through their impact on microbial colonization®’.
Several studies involving children at high risk for T1D have identified
cross-sectional associations in which those who developed the disease
exhibited disruptionsin the gut microbiome’°, However, these were
of generally modest effect and predictive power, impeding their utility
either asarisk biomarker orasameans of better understanding related
mechanismsin T1D.

In contrast with the microbial factors identified so far, genetic
factors, including HLA-DRB1, HLA-DQAI and HLA-DQBI alleles, are
among the strongest predictors of T1D risk, with other genes such as
INS, PTPN22, CTLA4 and IL2RA contributing to susceptibility*". Overall,
about 50% of T1D risk is thought to be heritable'’. Conversely, although
genome-wide association studies in adults have identified limited
associations between host genetics and the microbiome, such as the
LCT gene’s association with Bifidobacterium species” and the FUT2/
FUTI1locus’s link to Ruminococcus torques abundance', these findings
suggestamodest geneticinfluence on the gut microbiomein later life.
However, this does not preclude the possibility that host genetics may
exert amore pronounced influence on the gut microbiome during a
critical period of early childhood development. Yet, this hypothesis
has remained untested in human cohorts.

To elucidate the interrelationship among host genetics, early-life
microbiome development and therisk of T1D, we conducted a prospec-
tive analysis of 12,151 metagenomes (1,238 not previously published)
and host genetic data from 887 childrenin Finland, Germany, Sweden
andthe USA duringafollow-up of up to 6 years within the TEDDY (The
Environmental Determinants of Diabetes in the Young) study®. We
discovered a natural grouping of individuals’ microbiome develop-
ment trajectories into three distinct patterns, which we termed ‘Early
Matured’, ‘Late Matured’ and ‘Early Plateaued’. Of note, our analyses
revealed a significant threefold higher T1D risk in children with the
Early Plateaued pattern, which is only detectable when considering
the microbiome’s developmental trajectory over time rather than
cross-sectionally. Additionally, we discovered that components of the
host genetic background modified the association between the Late
Matured pattern and T1D risk. Further, we assessed the direct impact
of host genetics ongut microbiome development, finding significant,
albeitlimited, associations of the overall genetic structure and specific
genetic variants with the development of certain microbial species. Our
study, employing a prospective design, represents the first research
effortto demonstrate that the development of the early-life gut micro-
biome, interacting with the host genetic background, strongly predicts
theincidence of T1ID in a human cohort.

Results

Integration of longitudinal gut microbiome profiles and host
genetics to study T1D aetiology in a prospective cohort
Toinvestigate the link between the gut microbiome, host genetics and
the development of T1D, we assembled genetic data and longitudinally
collected information on microbial profiles, serumislet autoantibod-
ies (IAs) and T1D diagnosis in 887 children from the TEDDY cohort.
Participants were enrolled fromsix clinical centresin Finland, Sweden,
Germany and three US states: Washington, Georgia/Florida and Colo-
rado (Methods and Fig. 1a). Stool samples were collected approximately
monthly through 48 months of age and quarterly thereafter, per the
TEDDY protocol. Because TEDDY is adynamic prospective cohort study
with right-censored follow-up at the analytic cutoff, per-participant
follow-up duration is variable. A subset of these stool samples was
selected for shotgun metagenomic sequencing, yielding 12,151 metage-
nomes from 887 participants (mean13.7 + 8.7 sequenced samples per
participant over follow-up) (Fig. 1b and Supplementary Fig. 1). Using
bioBakery 2.0 workflows (to match previously published data), we
generated taxonomic and functional profiles from these metagenomes,
extending previously published shotgun metagenomics®'° by 1,238
samples. After quality control, these profiles comprised 92 species,

1,318 level-4 Enzyme Commission (EC) categories and 348 biochemical
pathways (Methods and Extended Data Fig.1). Participants were geno-
typed using Illumina ImmunoChip single-nucleotide polymorphism
(SNP) array'®, covering around 200,000 polymorphisms relevant to
autoimmune and inflammatory diseases (Fig. 1c). The study’s primary
end point, as predefined by the main TEDDY cohort”, was acomposite
outcome of IAseroconversion, defined asapositive IAtest in at least two
consecutive blood samples or aclinical T1D diagnosis. Additionally, the
TEDDY cohort collected extensive data on potential confounders and
major T1D risk factors”, including breastfeeding status, birth mode,
probiotic use, antibiotic use and dietary intake (Methods, Fig. 1a and
Supplementary Table1).

Host genetics minimally influence the overall configuration of
the early-life gut microbiome

Using these data, we first investigated the influence of host genetic
and phenotypic factors on overall microbiome structure. We used
principal-component analysis (PCA) to characterize genetic popula-
tion structure and principal-coordinates analysis (PCoA) based on
species-level Bray-Curtis dissimilarity to summarize gut microbiome
structure. As expected, we observed a strong correlation between
the first genetic principal component (PC1) and participants’ geo-
graphical location (x*=589.16, d.f. =3, P< 2.2 x107%%; 72.8% of the
variance in PC1 explained by country), which particularly aligns with
the well-documented genetic bottleneck in the Finnish population'
(Fig.1d). Nostrong correlations were found between geographical loca-
tion and the remaining top principal components (PCs; PC2 to PC10),
so these were used as summary statistics for genetic predisposition
to autoimmune and inflammatory diseases in subsequent analyses.
As anticipated for infants in this age range', the majority of variation
inthe gut microbial community was driven by atrade-off between the
Actinobacteria and Firmicutes phyla (Extended Data Fig. 2a). Similarly,
we used principal coordinate (PCo) scores to summarize the variation
ingut microbial communities.

Based on previous studies on host genetics and the gut
microbiome?’, we hypothesized that host genetics would have a
smaller impact on microbial community structure compared with
the impact exerted by host phenotypic factors. Consistent with
this hypothesis, genetic PC1 showed only a weak association with
microbiome PCol at baseline (Spearman’s p=0.12, P=7.6 x107%;
Fig. 1e and Supplementary Fig. 2), and no significant associations
were observed at later time points. Similarly, Mantel and Procrustes
analyses comparing host genetic and microbiome distance matrices
demonstrated weak and non-significant concordance across all age
groups (Supplementary Table 2). This was further supported by the
non-significantassociation between genetic PC1and overall microbial
community variation (permutational multivariate analysis of variance
(PERMANOVA), R*=0.28%, P=0.99; 999 permutations). Although
PERMANOVA suggested significant associations between genetic PC4
and PC5with gut microbiome structure (both P=0.001), the explained
variance was minimal (R? < 0.1%). Among all phenotypic variables, age
accounted for the largest percentage of variance (R*=5.90%), followed
by breastfeeding (R*=1.48%), introduction of solid food (R*= 0.32%),
and delivery mode (R?=0.20%) (Fig. 1f, Extended Data Fig. 2b and
Supplementary Table 3). We, therefore, included these phenotypic
variables as confounders in our subsequent analyses.

Gut microbiome maturational patterns predict subsequent
risk of type 1 diabetes

The gut microbiome in infancy is highly dynamic, particularly during
thefirstyear, undergoing substantial changes ecologically and through
interactions with the developing immune system?. Previous studies
have demonstrated that this early microbiomeis crucial for educating
theimmune system and promoting immune tolerance®. Correspond-
ingly, imbalance or delayed development of the gut microbiome has
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Fig. 1| Alongitudinal study examining the interrelationship among host
genetics, early-life development of the gut microbiome, and type 1diabetes
onset. We analysed 12,151 metagenomes, longitudinally collected stool samples
spanning early childhood, with dense sampling through the first -4 years of

life and sparser sampling extending up to -6 yearsin a subset of participants,
paired with host genetic data, and prospectively ascertained IA seroconversion
and clinical end point of T1D during the first 6 years of life from 887 children in
alongitudinal cohort study®'°. a, Participants were recruited from six clinical
centres spanning four countries: Finland, Sweden, Germany and the USA
(Washington, Georgia and Colorado). The primary end point of this study was
thelA seroconversionin at least two consecutive blood samples or the clinical
diagnosis of T1D. Additionally, we incorporated longitudinally collected
metadata, including breastfeeding status, birth mode, probiotic use, antibiotic
use and dietary intake. b, The distribution of metagenomes remains consistent
across different countries throughout the follow-up period, with dense sampling
during the first -4 years of life and sparser sampling extending up to -6 yearsin a
subset of participants. Each bar in the stacked bar plot represents the country-
specific distribution of metagenomes within a 50-day interval. ¢, Participants
underwent genotyping using the lllumina ImmunoChip SNP array'®, which

Percentage variance explained

was designed to detect genetic variations in the humanimmune system.

The plot displays autosomal chromosomes only (chromosomes1-22), grey
indicates bins containing no genotyped variants. d, The genetic relationship
matrix visualization for the four countries from which our study population
was recruited displays a distinct separation of Finnish participants along the
PClscore. This separation indicates a unique genetic architecture within the
Finnish population, as expected®. e, Host genetic architecture, as summarized
by PC1, and gut microbial community structure, as summarized by the first
principal coordinate (PCol) based on species-level Bray-Curtis dissimilarity.
Points are coloured by age, illustrating the age-related changes in microbiome
community structure during early life. f, Age predominates over host genetics
and other covariables in shaping the early gut microbiome. Variationin gut
microbial composition attributable to basic demographic information, dietary
factors, antibiotic usage and T1D-associated autoantibodies was assessed using
PERMANOVA based on species-level Bray-Curtis dissimilarity. Pvalues were
derived from the upper tail of the permutation distribution of the pseudo-F
statistic (999 permutations), for which a one- versus two-sided distinction
does not apply. Some elements of panel a were created in BioRender; Dong, D.
https://BioRender.com/80mnepi (2026).

been linked to immune-linked conditions such as asthma?. We there-
fore sought to identify distinct microbiome maturational patterns,
hypothesizing that different patterns might subsequently be associated
prospectively with varying T1D risk.

Toidentify different microbiome maturational patterns, we used
atrajectory-clustering algorithm?® based on the Bray—Curtis distance
to measure changes in gut microbial composition from baseline over
the first 800 days in a subpopulation with four or more metagenomic
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samples (Methods and Supplementary Table 4). Here, we define ‘micro-
biome maturation’ as thelongitudinal changein each child’s gut micro-
bial community relative to their own baseline state. Our algorithm
identified three major patterns (Fig. 2a and Supplementary Figs. 3-5)
thatsummarize variation across a continuous spectrum of microbiome
development. These patterns were largely independent of baseline
demographic and clinical characteristics (Supplementary Table 5).
The first pattern, named ‘Early Matured’, was characterized by rapid
early divergence frombaseline within the first 400 days and remained
relatively stable thereafter (Extended Data Fig. 3). The second pat-
tern, termed ‘Late Matured’, exhibited slower initial divergence from
baseline and lower microbial diversity during the first 400 days, but
subsequently showed accelerated divergence and converged towards
the Early Matured trajectory. The third pattern, called ‘Early Plateaued’,
maintained low diversity throughout the first 800 days and exhibited
limited divergence from baseline, reaching an earlier plateau than the
other trajectories. We applied the same trajectory-clustering frame-
work to the independent DIABIMMUNE three-country cohort?, and
observed three qualitatively similar microbiome maturation trajec-
tories (Supplementary Fig. 6).

Next, we determined the prospective associations between
microbiome maturational patterns and the subsequent risk of TID
using conditional logistic models. The maturational patterns were
included in the models as exposures, and the composite end point of
IAseroconversionor T1D was treated as the outcome. The models were
simultaneously adjusted for multiple covariates, including risk sets,
family history of T1D, clinical centre, sex, delivery mode, antibiotic
use, probiotic use, solid food introduction, breastfeeding cessation
and the top five genetic PCs (Methods). Compared with children with
the Early Matured pattern, those with the Early Plateaued pattern had
more thanthreetimes therisk of developing T1D (risk ratio (RR) =3.21;
95% confidence interval (Cl) 2.16-4.76; P= 6.69 x 107°) (Fig. 2b and
Supplementary Table 6). A similarly elevated risk was observed when
comparing the Early Plateaued and Late Matured patterns (RR = 3.33;
95% C12.32-4.78; P=8.01 x10™"), after adjusting for covariates. No
significant difference in T1D risk was observed between the Late
Matured and Early Matured patterns (RR = 0.96; 95% CI 0.72-1.28;
P=0.80). These associations remained consistent in sex-stratified
analyses (Supplementary Table 7). On an absolute scale, the corre-
sponding event rates were approximately 0.86, 0.95 and 1.52 cases
per 1,000 person-months for the Early Matured, Late Matured and
Early Plateaued patterns, respectively (Methods). We also compared
the variance explained across nested models, in which, microbiome
maturation patterns substantially increased the explained variation
in T1D risk (AR? = 0.06), whereas genetic background contributed
only modestly (AR?=0.007). Secondary analyses, which examined IA

seroconversion and the clinical end point of T1D separately, yielded
similar results (Supplementary Table 6).

Given the observed varying risk of T1D, which potentially indi-
cates different pathologies associated with the maturational pat-
terns, we then quantified the microbial compositional differences
across these patterns by performing differential abundance analyses
within seven approximately 100-day intervals. Using linear mixed
models with MaAsLin 2 (ref. 25) (Methods), we identified microbial
species that significantly differed across the three maturational pat-
terns (Extended Data Fig. 4 and Supplementary Table 8). To maximize
statistical power, we combined data from the Late Matured and Early
Plateaued patterns due to their similar development during the initial
400 days and compared this combined group to the Early Matured
pattern. Similarly, during the subsequent 400 days, we compared the
Early Plateaued pattern to acombined group of Late Matured and Early
Matured patterns (Fig. 2c and Supplementary Table 9). We identified
several species that differed significantly across maturational patterns
within atleast one timeinterval.

Notably, participants with the Early Matured pattern had fewer
Bifidobacterium spp.and more Ruminococcus during the first 400 days
(Fig. 2¢). Bifidobacterium species are among the first to colonize the
infant’s gut and play crucial roles in gut health?; their numbers then
decrease over time in parallel with the maturation of the immune sys-
tem and dietary changes®. Ruminococcus species are known for their
involvement in adult nutrient metabolism, particularly fermenting
dietary fibres and complex carbohydrates®. These findings suggest
that the Early Matured pattern represents amore mature microbiome
functional capacity to digest essential nutrients and interact with
external environmental stimuli at an earlier stage. In the subsequent
400 days, individuals with Early Plateaued pattern showed signifi-
cantly higher abundance of Dorea longicatena and lower abundance
of Clostridium hathewayi (Fig. 2c). D. longicatena has been associ-
ated with higher rates of metabolic and inflammatory diseases and
impaired gut permeability”. Collectively, these findings indicate that
variationsin the temporal dynamics of individual species’abundances
contribute to the compositional differences observed across distinct
maturational patterns.

Differences in essential amino acid biosynthesis and the
metabolism of B vitamins and lactose explain functional
variation across microbiome maturational patterns

We next examined whether these maturational patterns showed differ-
ences in their community-level microbial functions, including micro-
bial enzymes and biochemical pathways. Using the same modelling
approach in MaAsLin 2 described above, we compared the tempo-
ral changes in microbial enzymes and biochemical pathways across

Fig. 2| Gut microbiome maturational patterns predict subsequent risk of type
1diabetes. a, A data-driven approach revealed three maturational patterns of
the gut microbiome in early life: Early Matured (n = 172), Late Matured (n = 311)
and Early Plateaued (n =111). The patterns were identified using a trajectory-
clustering algorithm that employs the Bray-Curtis distance to quantify changes
in the gut microbial composition from baseline across subsequent visits during
theinitial 800-day period. Trajectories were smoothed and visualized using the
LOESS algorithm. Lines represent LOESS-smoothed fitted values, and shaded
areas indicate 95% confidence intervals. b, Compared with other maturational
patterns, the Early Plateaued pattern predicts a significantly higher risk of T1D.
RRs were estimated from conditional logistic models with a composite end point
of IA seroconversion or diagnosis of T1D as the outcome and the maturational
patterns as the exposures, adjusting for risk sets, family history of T1D, clinical
centre, sex, delivery mode, antibiotic use, probiotic use, solid food introduction,
breastfeeding cessation and the top five genetic PCs. The lines represent
adjusted cumulative incidence estimates extrapolated to the full TEDDY cohort
over follow-up; shaded bands indicate 95% Cls. Adjusted estimates were derived
from the multivariable models incorporating sampling weights to account for

risk-set sampling in the nested case-control design. ¢, Variations in temporal
changes in the abundance of individual species account for compositional
differences across different maturational patterns. We employed linear mixed
modelsin MaAsLin 2 (ref. 25), incorporating individual IDs as random effects
and clinical centre, sex, delivery mode, antibiotic use, solid food introduction
and breastfeeding status as fixed effects, to identify microbial species with
differential abundance across maturational patterns within each100-day
interval. The bar plots show comparisons between the Early Matured pattern
and acombined group of Late Matured and Early Plateaued patterns during the
initial 400 days of follow-up, as well as comparisons between the Early Plateaued
patternand acombined group of Late Matured and Early Matured patterns
during the subsequent 400 days of follow-up. RA, relative abundance.The false
discovery rate (FDR)-adjusted Pvalues (q) were calculated using the Benjamini-
Hochberg method with a target rate of 0.25. *¢ < 0.25,**q < 0.01, ***¢ < 0.001. As
descriptiveillustrations, we further highlight four selected species asinsets to
illustrate distinct temporal changes across maturational patterns, characterized
by either early high or low abundance in the Early Matured pattern and later high
orlow abundancein the Early Plateaued pattern.
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different maturational patterns (Supplementary Tables 10 and 11 and
Extended Data Figs. 5and 6).

Metagenomic potential for microbial biosynthesis of
host-essential amino acids was significantly increased in the Early
Plateaued pattern. Specifically, aromatic amino acid (AAA) pathways
were more abundantin thelater stages, whereas branched-chain amino
acids (BCAAs) were abundant throughout the 800 days (Fig. 3a and
Supplementary Fig. 7). This trend was consistent at the enzyme level
(Supplementary Table 12), exemplified by the elevated presence of a
multifunctional enzyme necessary for the final step in BCAA biosyn-
thesis (EC2.6.1.42: branched-chain amino acid transaminase; Fig. 3b).
BCAAsand AAAs are crucial for protein synthesis and energy metabo-
lismin early life***'. Moreover, among the major microbial metabolites
derived from AAAs, aromatic lactic acids, produced predominantly
by Bifidobacterium spp., play a critical role in shaping the immune
system during this developmental stage®. Similarly, we found a higher
functional capacity for B vitamin metabolism in the Early Plateaued
patternduring later follow-ups (Fig. 3a and Supplementary Fig. 7). The
trajectory of amino acid and B vitamin metabolism pathways in the
Early Plateaued group likely reflects a pattern in which microbiome
maturation is impaired, characterized by the persistent dominance
of early-colonizing taxa with high biosynthetic potential but limited
taxonomic diversity.

Inthe Early Matured pattern, there was also a higher abundance of
biochemical pathwaysinvolvedingalactose degradation during early
follow-ups compared with the other two patterns. This pathway’s abun-
dance was significantly higher in the Early Plateaued pattern during
later follow-ups (Fig. 3a). As our analysis adjusted for breastfeeding and
theintroduction of solid food, this finding cannot be fully attributed to
dietary intake. The early higher abundance of galactose degradation
capacity may indicate that the Early Matured pattern’s microbiome is
better equipped to digest nutrients in human milk®. In contrast, during
the late stage, especially with the introduction of solid food, the Early
Plateaued pattern remains oriented towards digesting human milk,
potentially leading to suboptimal nutrition.

As expected, we observed an increasing trend in microbial spe-
ciesdiversity that has contributed to these functions over time. Inthe
Early Matured pattern, the microbial enzymes were encoded by amore
diverse set of species, whereas in the Early Plateaued pattern, fewer
species contributed to the enzymatic profiles, particularly during later
follow-ups (Fig. 3a and Supplementary Fig. 8).

Association between the Late Matured patternand T1D risk
varies by host genetic background inimmune response
regulation

Host genetics is a dominant risk factor for T1D'. Although our find-
ings indicate that genetics minimally influenced the early develop-
ment of the gut microbiome, as has been previously described in adult
populations®, it remains possible that genetic background modifies
the relationship between microbiome maturation and T1D risk. We
therefore evaluated whether the associations between the three matu-
ration patterns and T1D differed by genetic background, summarized
by the top five genetic PCs. We found that the association between the
Late Matured pattern and T1D risk significantly varied with genetic

PC3 levels (Piyeracion= 0-02; Supplementary Table 13). The RR for T1D
or seroconversion comparing the Late Matured with the Early Matured
pattern varied according to PC3 levels, with RR >1at high PC3 values
and RR <1atlow PC3 values. By contrast, the Early Plateaued pattern
was associated with consistently elevated risk (RR > 1) relative to the
Early Matured pattern across the entire PC3 range (Fig. 4a,b).

To better understand the unique biological basis of this gene-
microbiomeinteraction for PC3, we compared SNP loadings across the
top five PCs to examine how PC3 differs from the others. We found that
inthetop five PCs, SNPs with high loadings were predominantly located
on chromosomes 3, 6 (including the HLA region) or 8 (Fig. 4c and
Supplementary Fig. 9). Notably, regions with high SNP loadings were
similar between PC2 and PC3, but only PC3, not PC2, modified the asso-
ciations between microbiome maturational patterns and T1D risk. Moti-
vated by this discrepancy, we compared the genetic features of PC2 and
PC3, including their top contributing SNPs (Supplementary Fig. 10),
to better understand the basis of the PC3-specific association. Func-
tionalannotation of SNP loadings further revealed several differences
between PC2and PC3. In particular, PC3 showed unique enrichment for
Gene Ontology terms related to antimicrobial humoral response and
antiviralimmune response, which were not observed for PC2 (Fig. 4d,
Supplementary Fig. 11 and Supplementary Table 14).

Host genetic background contributes to variation in specific
microbes and their developmental trends over time
Last, we investigated theimpact of genetics on theinitial composition
and developmental trajectories of the gut microbiome. Previous studies
have shown that geneticinfluence on the adult microbiome is minimal®.
Our analysis confirmed this finding for the overall microbiome con-
figurationin children. However, this does not rule out our hypothesis
that host genetic backgrounds influence specific microbial features
and their developmental trends over time. To test this hypothesis, we
used linear mixed-effect models (Methods). Based on our previous
study in TEDDY®, which classified different developmental patternsin
infantsand toddlers, we categorized samples into two age groups: the
infant group (up to 18 months) and the toddler group (up to 3 years).
The population genetic structure, again summarized by genetic
PC scores, was associated with various microbial species at base-
line (quantified by the (3 coefficients of the PCs) and with differ-
ences in their rates of change over time trajectories (quantified by
the p coefficients of the interaction terms between a PC and time)
(Supplementary Tables 15-17). These associations were particularly
prominent in infant participants after the cessation of breastfeed-
ing (Fig. 5a, Supplementary Fig. 12 and Supplementary Table 16).
Notable species include the inflammatory polysaccharide producer
Ruminococcus gnavus and the probiotic bacteria Lactobacillus casei/
paracaseigroup (Fig.5b and Supplementary Table 16). During breast-
feeding, the development of Streptococcus salivarius significantly
varied across genetic PC1 (Fig. 5a and Supplementary Table 15). In
toddlers, no species was associated with genetic PC1, which is highly
correlated with country of origin. However, the development of plant
polysaccharide-degrading species Dorea longicatena and butyrate pro-
ducer Faecalibacterium prausnitzii was significantly associated with
geneticPC4intoddlers (Fig. 5Sb and Supplementary Table 15). For SNP

Fig. 3 | Differential development of microbial processes involved in galactose,
vitamin B, and amino acid metabolism contribute to functional variation
across microbiome maturational patterns. a, Temporal changes in enzymes
encoded by microbial community members, which vary across distinct
microbiome maturational patterns, are involved in the biosynthesis of AAAs,
BCAAs and vitamin B and galactose metabolism. Trajectories were smoothed and
visualized using the LOESS algorithm. Lines represent LOESS-smoothed fitted
values, and shaded areas indicate 95% Cls. The right bar plots show the top eight
microbial species contributing most to each functional group during the follow-
up. The dashed line shows the cumulative contribution of the top species in the

Early Matured group at the first early bin (100-200 days), serving as areference
for comparing differences across clusters. Microbial enzymes are encoded by a
more diverse group of microbial species in the Early Matured pattern, whereas
aless diverse set of microbial species contributes to the enzymatic profiles,
particularly during later follow-up. b, Changesin select microbial enzymes across
microbiome maturational patterns during follow-up. Enzymes were ordered
accordingto their pathway order. The yellow-green gradient represents relative
abundance normalized using z-scores across the follow-up period for each
enzyme. KEGG, Kyoto Encyclopedia of Genes and Genomes.
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associations, multiple SNPs were linked to species development (Fig. 5¢
and Supplementary Tables 18 and 19), with fewer associations observed
intheinfantgroup.Intoddlers, rs13273009, located near MSRA, which
encodes amethionine sulfoxide reductase involved in oxidative stress
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and inflammatory regulation, was linked to F. prausnitzii. Similarly,
rs584828 near IGFBP4, which encodes a regulator of the insulin-like
growth factor axis, waslinked to the polysaccharide-degrading species
Bacteroides caccae (Fig. 5d).
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Discussion
The increasing global incidence of T1D cannot be fully explained by
genetic susceptibility alone, underscoring the need to explore addi-
tional predictive and aetiological factors, such as the gut microbiome®.
In this study, we conducted a prospective analysis that comprehen-
sively investigates the relationship between host genetics, early-life
microbiome development and T1D risk. Utilizing longitudinally col-
lected metagenomic data from the TEDDY study’>*, we identified three
distinct microbiome maturational patterns during the first 2 years of
life: Early Matured, Late Matured and Early Plateaued. We interpret
these as a discretization of an underlying continuum of microbiome
development rather than discrete biological categories®*. These pat-
terns were associated with varying risks of developing T1D, providing
strong evidence that disturbances in early microbiome development
are linked to T1D onset. Additionally, we found that the association
between the Late Matured pattern and T1D risk varied depending on
genetic backgrounds, particularly in pathways related to microbial
defence, antiviralimmune responses, and broaderimmune regulation
functions. Moreover, we investigated the genetic impact on initial
microbiome composition and identified that specific microbial spe-
cies, particularly during early colonization, were significantly—albeit
often subtly—affected by genetic factors. Although our analyses were
not designed to establish causality, these findings highlight that host
genetic background can modulate the consequences of deviationsin
early microbiome maturation, even in the context of relatively modest
directgenetic effects onmicrobial composition. Thisinteraction-based
perspective provides biological context for how genetics and early
microbial development may jointly contribute to T1D susceptibility.
Our study uncovered distinct maturational patterns of the devel-
oping gut microbiome during early life, driven largely by distinct tem-
poraltrajectories of specific species belonging to the Bifidobacterium
and Ruminococcus genera, as well as C. hathewayi and D. longicatena.
These patterns capture the dynamic nature of the microbiome as it
adapts to the host’s immune system maturation and the dramatic
shifts in nutritional demands during breastfeeding, weaning and the
introduction of solid foods*-*. Such dynamic, non-linear maturational
patterns may have been overlooked in previous studies'®*, primarily
due to insufficient sample sizes, follow-up length and the power of
trajectory modelling approaches with dense time series. To some
extent, these patterns may reflect early-life risk factors such as breast-
feeding, delivery mode and dietary intake, as well as genetic influences.
However, our subsequent analysis demonstrated that these patterns
were associated with varying risks of developing T1D, independent
of these known risk factors. This suggests that the patterns capture
additional variability intrinsic to the biological processes encoded by
the gut microbiome that are unlikely to be explained by host factors
alone. We also note that, although geographic differences in the gut
microbiome are well documented between populations with markedly
different environmental, dietary or lifestyle exposures, most notablyin

cross-continental comparisons betweenindustrialized and traditional
populations, such effects tend to be more modest within high-income,
industrialized cohorts such as TEDDY, and are further attenuated in
early life, when microbiome variation is dominated by age, feeding
practices and delivery mode™*’

The functional differences identified across these patterns are
consistent with previous reports on the role of microbial functions
in TID development®’. For instance, efficient galactose metabolism
by Bifidobacterium spp. supports the production of short-chain fatty
acids (SCFAs), which are crucial for maintaining gut health and meta-
bolicbalance?®**. Disruptionsin this process canimpair SCFA produc-
tion and hinder immune system maturation, thereby increasing T1D
risk®. Similarly, we observed potential compensatory mechanisms
during early-life microbiome maturation. For example, vitamins syn-
thesized by gut bacteria, such as B vitamins, are vital for metabolic
and immune functions®. A robust vitamin-producing microbiome
supports metabolic health and may reduce T1D risk*°. Additionally,
essential amino acids processed by the microbiome influence host
metabolic pathways and immune responses, withimbalancesinamino
acid metabolismleading to metabolic and immune dysfunctions that
elevate T1D susceptibility®*.

Over the past decade, several human studies have examined the
role of the early-life microbiome in the development of TID”31°%¢, In
our previous study in the TEDDY study, we found that children with
T1D exhibited reduced microbial diversity and increased levels of
inflammation-related bacteria, particularly from the Bacteroides and
Veillonella genera®. These microbial shifts were accompanied by func-
tional alterationsinamino acid and SCFA metabolism. These findings
align with earlier, smaller studies using 16S rRNA amplicon sequenc-
ing, such as the studies by Kostic et al.” and Davis-Richardson et al.*.
Stewartetal.'’,also in the TEDDY study, applied 16S rRNA sequencing
andidentified higher levels of Bacteroides and lower levels of Prevotella
associated with IA seroconversion. They also observed functional
changes, including upregulated metabolism of vitamins and amino
acids, as well asimmune response pathways in those who experienced
seroconversion'®, Furthermore, theimportant role of Bifidobacterium
spp. in infant microbiomes is well-established®, and recent findings
showed that bifidobacteria-driven maturation of the microbiome
cannot be entirely explained by breastfeeding alone*, suggesting
the presence of other influencing factors. These human studies, sup-
ported by mechanistic evidence from animal studies®*, underscore
the potential importance of microbiome developmentin T1D onset.

Our study demonstrates that the association between gut micro-
biome maturation and T1D risk depends on the host genetic back-
ground, highlighting the complex interplay between genetic factors
and the microbiome in shaping immune and metabolic health during
early life. Previous studies have shown that T1D is strongly associated
with genetic variations in the HLA region*, as well as with a subset of
non-HLAloci, including genes involved inimmune regulation such as

Fig. 4| Association between the Late Matured pattern and type 1diabetes risk
varies by individuals’ microbial interaction genetics. a, Marginal associations
between microbiome maturation patterns and T1D risk across PC3. Curves
represent model-based marginal RRs for T1D or seroconversion, comparing
the Late Matured and Early Plateaued patterns to the Early Matured pattern
(asreference group) at equivalent PC3 values. The Late Matured pattern shows
PC3-dependent directionality, with RR > 1at high PC3 levels and RR <1at low
PC3levels. In contrast, the Early Plateaued pattern shows consistently elevated
risk (RR >1) across the full range of PC3 values. b, RRs and 95% CIs comparing
maturation patterns at low versus high PC3 levels. The study population was
dichotomized into high and low PC3 groups based on the population median.
The numbers of participants in the low genetic PC3 level group were Early
Matured (n = 86), Late Matured (n =163), and Early Plateaued (n = 48);
corresponding numbers in the high genetic PC3 level group were Early Matured
(n=86), Late Matured (n =148) and Early Plateaued (n = 63). Points represent

estimateed RRs (the measure of centre), and horizontal bars indicate the
corresponding 95% confidence intervals. Comparisons are shown for Late
Matured versus Early Matured (top) and Early Plateaued versus Early Matured
(bottom), stratified by PC3 level. ¢, The distributions of SNP loadings along

the top five genetic PCs on chromosomes 3, 6 (with HLA region indicated by

the grey line) and 8. SNPs with high loadings in PC2 and PC3 are concentrated
within the major histocompatibility complex. The top absolute loading SNPs
ineach PC were annotated using the nearest gene within 5 kb. d, Comparisonin
functional annotation between PC2 and PC3 reveals the biological basis of the
interaction between PC3 and the Late Matured patternin relation to T1D risk. We
performed functional annotation using gene set enrichment analysis based on
the SNP loadings and Gene Ontology (GO) terms related to biological processes.
The bubble size represents the number of SNPs, while the colour gradient
indicates the statistical significance of each GO term. We corrected for multiple
comparisons using the Benjamini-Hochberg procedure, targeting an FDR of 0.1.
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PTPN22,IL2RA and IFIHI (ref.12). Our study identified genetic factors
related to antimicrobial humoral response, antiviralimmune response
and broaderimmune regulation as key modulators of the relationship
between gut microbiome maturation and T1D risk. Variants affecting
antimicrobial and antiviral pathways influence the host’s ability to
control pathogenic bacteria while supporting beneficial taxa, thereby

shaping microbiome composition and function*’. By promoting more
regulated immune-microbiome interactionsin early life, such genetic
variation may help prevent dysbiosis and reduce the release of immu-
nogenic microbial componentsinto the periphery, ultimately lowering
T1D risk**. Together with previous TEDDY evidence that persistent
Enterovirus B increases autoimmune risk, these findings suggest that
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Fig. 5| Host genetic backgrounds influence specific microbial features and
their developmental trajectories during early life. a, The impact of population
genetic structure on baseline composition and temporal changes in the gut
microbiomes of infants (0-540 days) and toddlers (541-1,095 days). The
population genetic structure, summarized by genetic PC scores, was associated
with diverse microbial species at baseline (quantified by the B coefficients of the
PCs) and their developmental trajectories (quantified by the B coefficients of the
interaction terms between a PC and time). These associations were quantified
using linear mixed models that included participants’ IDs as random effects and
clinical centre, genetic PCs, time and interaction terms between a genetic PC
and time as fixed effects. Statistical significance was assessed using two-sided
Wald tests. These associations were particularly prominent in infants after the
cessation of breastfeeding. The colour gradient from blue to red represents
both the significance level and direction of these associations, quantified by

B coefficients and Bonferroni-adjusted Pvalues from linear mixed models.
*Adjusted P < 0.05, *Adjusted P < 0.01, **Adjusted P < 0.001. b, A subset of
microbial species showed varying developmental trajectories across different
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genetic backgrounds. Different colours distinguish different quantiles of PC1,
and straight lines represent fitted linear developmental trajectories. Adjusted
Pvalues for PC x time interaction effects were calculated using the Bonferroni
method as described above. ¢, Distribution of microbiome-associated

signals across ImmunoChip loci. Each dot represents the —log,,(P value) of

the interaction term between a genetic variant and time, derived from the

linear mixed models described above and plotted by chromosomal position.
The horizontal dashed line indicates the study-wide significance threshold
accounting for multiple comparisons (P=5 x 107°). Significant results are
coloured by microbial genus. d, Developmental trajectories of two gut microbial
species, F. prausnitzii and Bacteroides caccae, showing genotype-specific
differences over time. Each panel displays the longitudinal trajectories of
log-transformed relative abundance for the indicated species stratified by SNP
genotype. Lines represent linear regression fits for visualization of genotype-
specific trajectory patterns, and shaded areas represent 95% Cls. The Pvalues
correspond to theinteraction termsin the linear mixed model. For each SNP, the
nearest annotated geneis indicated.
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reduced antiviral capacity captured by PC3 may heighten vulnerability
to viral persistence in children with delayed microbiome maturation.

Last, by leveraging the unique TEDDY cohort, we conducted what
we believe to be the first study examining the genetic contribution to
boththeinitial composition and developmental trajectories of the gut
microbiome. Our results emphasize the nuanced role of host genetics
inshapingearly microbiome developmentin children. While the overall
genetic contribution to the developing microbiome seems moderate,
itisstillapparently larger than most genetic influences later inlife. Our
findings indicate that the colonization of specific microbial species,
such as R. gnavus and L. casei/paracasei during infancy, is strongly
associated with genetic factors. In toddlers, although the broader
genetic influence diminishes, certain species like F. prausnitzii and
D. longicatena continue to show significant genetic associations, sug-
gesting a persistent role of genetics in shaping metabolic functions
as the diet becomes more diverse. Notably, we did not recover the
LCT (rs4988235)-Bifidobacterium association that represents one
of the strongest adult host-genome-microbiome signals reported
to date**, This is biologically consistent with the developmental
context of our cohort: intestinal LCT expression is near-universally
high during infancy regardless of rs4988235 genotype, and the adult
lactase-mediated mechanism, in which undigested colonic lactose
selectively promotes Bifidobacterium growthinlactase-non-persistent
adults, does not yet operate in this age range. Early-life Bifidobacterium
abundanceisinstead predominantly driven by feeding mode, human
milk oligosaccharide (HMO) exposure and perinatal factors, which
we account for in our models. These results align with our hypothesis
that genetic effects on microbiome development during early life
are slightly more pronounced than in adulthood™", although the
effect sizes remain moderate. Of note, we cannot rule out the possi-
bility that these genetic factors, by modulating microbiome develop-
ment during this critical period, may have long-term implications for
health outcomes.

Our study has several strengths. It is based ona prospective risk-set
case-control design that accounts for both the onset and timing of
T1D, allowing us to establish the temporal relationship between micro-
biome maturation and disease development. The densely sampled,
repeatedly measured microbiome data enabled us to characterize
dynamic changesin early-life microbial trajectories. The use of shotgun
metagenomic sequencing provided high-resolution information on
microbial composition and functional capacity, addressing limita-
tions of earlier 16S-based studies. We also adjusted for a broad range
of potential confounders and known T1D risk factors, supporting the
robustness of the observed associations. In addition, the inclusion of
participants from multiple international centres enhances the gener-
alizability of our findings, several of which we already also observed
inadditional, external cohort.

Conversely, there are some study limitations. First, as an
observational study, it shares inherent limitations with most other
population-scale microbiome investigations. Despite our efforts to
adjust for major confounders, we cannot completely rule out the
possibility of residual confounding. In particular, ancestry-related
factors may contribute to some of the observed associations.
Although our models adjusted for clinical centre and genetic PCs,
residual ancestry-related confounding cannot be entirely excluded.
Second, while the ImmunoChip genetic array is valuable for captur-
ing immune-related genetic variants, it lacks the genome-wide cov-
erage needed to explore a broader range of variants. Additionally,
taxonomic and functional profiling was performed with bioBakery
2.0 (MetaPhlAn2and HUMANN 2), which has since been updated. The
reference databases available at that time were smaller than the most
updated ones, so poorly characterized taxamay be underrepresented
and our functional annotations less complete. We retained these ver-
sions for comparability with previous TEDDY analyses, and because
all samples were processed through a single identical pipeline, any

resulting misclassificationis non-differential with respect to T1D status
and would tend to attenuate rather than create associations. All soft-
ware versions and analytical parameters used in this study have been
documented to facilitate reproducibility. Lastly, our study population
isrestricted to children with high geneticrisk for T1D, which may limit
the generalizability of our findings to populations with more typical
geneticrisk distributions. We thus cannot be certain whether the pro-
portions of children falling into these patterns, or their relationship
with T1D, is typical. Future studies in more diverse and representative
birth cohorts will be essential to determine the prevalence of these
trajectories and to assess whether the observed associations with TID
risk extend beyond genetically high-risk children.

Although our study is not an intervention trial and thus cannot
establish a direct causal link, it provides the most comprehensive
prospective evidence to date on the involvement of early-life microbi-
ome maturation in the pathogenesis of T1D from a population-based
perspective. These findings lay a solid foundation for future mecha-
nistic studies. Additionally, we identified both gene-microbiome
interactions related to TID risk and the direct role of geneticsin shaping
the developmental microbiome, offering a more nuanced and novel
understanding of T1D pathogenesis. Our findings are consistent with
conceptual models, such as the hygiene hypothesis, whichemphasize
therole of early-life microbial ecology inimmune development. These
results also highlight the potential for microbial biomarkers to serve
as targets for future interventional strategies aimed at promoting
healthy microbiome developmentin children, as well as for diagnostic
and disease risk prediction applications.

Methods

Ethics statement

The TEDDY study obtained written informed consent for all study
participants froma parent or primary caretaker, separately, for genetic
screening and participationinthe prospective follow-up. The study was
approved by local US Institutional Review Boards (IRBs) and European
Ethics Committee Boards as follows: Colorado’s Colorado Multiple IRB,
Georgia’s Medical College of Georgia Human Assurance Committee
(2004-2010), Georgia Health Sciences University Human Assurance
Committee (2011-2012), Georgia Regents University IRB (2013-2015),
Augusta University IRB (2015-present), Florida’s University of Florida
Health Center IRB, Washington state’s Washington State IRB (2004~
2012) and Western IRB (2013-present), Finland’s Ethics Committee
of the Hospital District of Southwest Finland, Germany’s Bayerischen
Landesdrztekammer (Bavarian Medical Association) Ethics Committee,
Sweden'’s Regional Ethics Board in Lund, Section 2 (2004-2012) and
Lund University Committee for Continuing Ethical Review (2013-pre-
sent). The study is monitored by an External Advisory Board formed
by the National Institutes of Health (NIH).

Study population and design

The TEDDY study is a prospective cohort study funded by the NIHaimed
atidentifying environmental causes of T1D. Detailed study design and
methods have been previously published***’, Between September
2004 and February 2010, the study screened 424,788 newborns who
were younger than4 months. Among them, 21,589 had HLA genotypes
associated with an increased risk of T1D. The parents of 8,676 infants
consented to participate in the follow-up study. The TEDDY study
involvessix clinical research centres: three in the United States (Colo-
rado, Georgia/Florida and Washington) and three in Europe (Finland,
Germany and Sweden). Eligible HLA genotypes differed between par-
ticipants from the general population (four haplogenotypes, DR3/4,
DR4/4,DR4/8 and DR3/3, with HLA-DRBI*04:03 as an exclusion allele)
and those with afirst-degree relative with T1D (nine haplogenotypes,
DR3/4,DR4/4,DR4/8,DR3/3, DR4/4b, DR4/1,DR4/13,DR4/9 and DR3/9,
ensuring broad HLA diversity)*. Children are followed from 3 months to
15years of age, with study visits every 3 months until 4 years of age and
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every 3 or 6 months thereafter depending onautoantibody status. Sex
was recorded at enrolment based on parental report for all participants;
gender was not collected.

Our analysisincluded datafrom two nested case-control studies
within the TEDDY cohort”. Controls were sampled using a risk-set
approach”. Arisk setis defined as the set of individuals who are at risk
of the outcome at the specific time point when a case event occurs*.In
thisstudy, eachrisk set was operationalized as an event-time-matched
stratum containing one case of persistent, confirmed IA or T1D and
one control who remained free of IA or T1D at the same follow-up
time (+45 days)". This approach ensured a representative sample of
person-time accrued during follow-up and allowed for a direct esti-
mation of the incidence rate ratio. Controls were matched by clinical
centre, sex and family history of T1D to control for regional, genetic
and data-handling differences. The final analytical dataset consisted
of 12,151 metagenomes from 887 individuals, including 403 female
and 484 male participants. For analyses incorporating genetic data,
we included 877 genotyped individuals. To derive microbiome matu-
rational patterns through trajectory analysis, we used a subset of 594
individuals, excluding genetic outliers and those with fewer than four
metagenomic samples.

DIABIMMUNE three-country cohort

The DIABIMMUNE three-country cohortincluded 212 infants recruited
from Finland (n=71), Estonia (n =71) and Russia (n = 70), countries
with substantial differences in T1D and allergy incidence. Infants
were selected to have comparable HLA-conferred genetic risk for
T1D and were matched by sex. Monthly stool samples were collected
during the first 3 years of life, together with clinical assessments and
questionnaire-based information on breastfeeding, diet, allergies,
infections, family history and medication use**. Weincluded 785 stool
samples with repeated measures generated by whole-genome shotgun
sequencing fromthese 212 infants to characterize the gut microbiome.
The study was conducted in accordance with the Declaration of Hel-
sinkiand approved by the local ethical committees of the participating
hospitals, with writteninformed consent obtained from the parents or
study participants before sample collection.

Blood and faecal sample collection and preprocessing

Blood samples were obtained every 3 months until 4 years of age and
biannually thereafter for the analysis of IAs (insulin, glutamic acid
decarboxylase (GAD) and insulinoma antigen-2 autoantibodies). Whole
blood was drawninto asyringe and transferred into aserumseparation
tube, allowed to clot at room temperature and centrifuged (800g,
4°C, 20 min) to separate serum from the clot. Stool samples were
collected monthly from 3-48 months of age, every 3 months there-
after until 10 years of age, and biannually subsequently following
standardized TEDDY sample collection protocols; collection ceasedin
August 2018. Children who remained antibody-negative after 4 years
of age were encouraged to submit samples four times annually despite
the transition to a biannual visit schedule. Samples were shipped at
ambient temperature or +4 °C with guaranteed delivery within 24 hto
the National Institute of Diabetes and Digestive and Kidney Diseases
(NIDDK) repository (US participants) or to the affiliated clinical centre
(European participants), which sent monthly bulk shipments of frozen
stool to therepository. Full protocols are availablein the TEDDY Manual
of Operations (https://repository.niddk.nih.gov/studies/teddy/).

Serum islet autoantibody measurements

Serum IAs were measured by radio-binding assays as previously
described”’. Samples were collected longitudinally according to the
TEDDY follow-up schedule (every 3 months from 3-48 months of age,
andevery 3 or 6 months thereafter depending on autoantibody status).
Glutamate decarboxylase autoantibodies (GADA), insulin autoantibod-
ies (IAA) and islet antigen-2 autoantibodies (IA-2A) were measured in

two TEDDY reference laboratories according to the location of the
clinical centre (the Barbara Davis Center for Childhood Diabetes for
US centres and the University of Bristol for European centres). From
February 2010, harmonized assays were used for GADA and IA-2A in
both laboratories, whereas IAA continued to be measured with the
original TEDDY assay. All samples testing positive in one reference
laboratory, together with 5% of negative samples, werere-tested in the
other laboratory and were considered confirmed only if concordant.
Positivity was determined against laboratory-specific thresholds;
results for GADA and IA-2A are expressed in DK U ml~ and those for
IAAasanindex.

Autoimmunity and diagnosis of type 1 diabetes

In this study, persistent autoimmunity was defined as positivity for IAs
intwo consecutive visits. Positive for IAs was defined as positive for at
least one IA in two reference laboratories on at least two consecutive
visits. The date of seroconversion (time to first autoantibody) was
defined as the collection date of the first sample testing positive. TID
was defined according to the American Diabetes Association criteria
for diagnosis®. This classification is based on pathogenesis rather than
the requirement for insulin therapy.

Shotgun metagenomic sequencing and initial bioinformatics
Samples were metagenomically sequenced as one library each mul-
tiplexed through Illumina HiSeq 2000 machines using a 2 x100-bp
paired-end read protocol, and all downstream processing was con-
ducted on paired-end reads. A minimum DNA input of 20 ng was
required for whole-genome shotgun library preparation. Sequencing
runs were considered passing if >60% of reads passed Illumina qual-
ity filtering, with a target sequencing depth of 1Gb per sample and a
minimum acceptable threshold of ~500 Mb when necessary. Samples
failing to meet these criteria or yielding insufficient high-quality reads
were excluded.

Raw FASTQ files generated by Casava v.1.8.2 (Illumina) were
adaptor-trimmed with cutadapt v.1.9dev2, quality-trimmed with
Trim Galore v.0.2.8 (Babraham Bioinformatics) and de-replicated and
low-complexity-filtered with PRINSEQv.0.20.5. Host and non-bacterial
reads were removed using Bowtie2 v.2.2.3 (--end-to-end --sensitive)
by alignment against a reference database derived from the NCBI
whole-genome sequencing archive (March 2015 release), includ-
ing bacterial, viral, human and vector genomes; human reads were
filtered using GRCh38 (hg38), and reads whose best alignment was
non-bacterial were excluded. Default parameters were used unless oth-
erwise specified. Non-default parameters were: Trim Galore/cutadapt,
-q20,--stringency 6, --length 50 and --retain_unpaired with --length_151
and--length_2 51; PRINSEQ, -derep 12, -lc_method dust, -Ic_threshold 5,
-trim_ns_left1,-trim_ns_right 1and -no_qual_header; Bowtie2, --no-unal,
--no-sq and--no-head.

Microbial taxonomical and functional profiling

Taxonomic and functional profiling were performed using the stand-
ardized bioBakery 2.0 workflow, consistent with previous TEDDY
microbiome studies®, to ensure comparability across the TEDDY
metagenomic resource. Taxonomic profiling was conducted using
MetaPhlAn 2 (v.2.6.0)*' with default settings, which employs a library
of clade-specific markers to quantify bacterial and archaeal communi-
ties at the species level.

Functional profiling was carried out using HUMANN 2 (v.0.9.4)*
to characterize community pathway and gene-family abundance. For
eachmetagenome, HUMANN 2 constructs asample-specific reference
database from the pangenomes® of species detected by MetaPhlAn 2,
maps sample reads against this database to quantify gene abundance
inaspecies-stratified manner, and subjects unmapped reads to a trans-
lated search against UniRef90°* to capture taxonomically unclassified
but functionally distinct gene families. Pathway abundances were
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reconstructed from gene families annotated to metabolic reactions
using MetaCyc definitions® and enzyme abundance (level-4 EC cat-
egories) by summing gene families annotated to each EC number using
UniRef90-EC annotations from UniProt™. Viral functional content was
not analysed, as the underlying ChocoPhlAn and UniRef reference
databases contain limited viral content.

Genotype analysis

TEDDY children were genotyped by the Center for Public Health
Genomics at the University of Virginia using the Illumina Immu-
noChip, a custom array of SNPs from regions robustly associated
with autoimmune disease, selected for 12 autoimmune diseases by
the ImmunoChip Consortium®*®, Genotype quality control (QC)
was performed using KING (v.2.3.0) and PLINK (v.1.90b7). KING
--autoQC was used for sample-level, SNP-level QC (95% call rate) and
sex QC. InPLINK, SNPs withaminor allele frequency of less than 0.05
were removed, as were SNPs that failed the Hardy-Weinberg test
(P<0.001).SNPsinlinkage disequilibrium (window 50, step 5, R*=0.2)
were pruned before calculating heterozygosity, and individuals out-
side 1 £ 30 wereremoved. The proportion of Identity-by-descent was
calculated to identify related individuals; for pairs with PI_HAT > 0.2,
the member with higher missingness was removed. PCA was per-
formed, and the top five PCs were used for downstream analysis.
Individuals with PC scores below Q1 - 1.5 x interquartile range or
above Q3 +1.5 x interquartile range were considered genetic outliers
and removed. BEDTools (v.2.31.1) was used to identify the nearest gene
to each SNP using GRCh37.

Covariable measurement

Metadata were collected using validated questionnaires”. Informa-
tion about mothers, pregnancy and birth was collected by question-
naire at the 3-month clinic visit and included mode of birth, 5-min
Apgar score, pregnancy complications, maternal diabetes, gestational
age, and maternal medication use during pregnancy. Infant diet was
assessed through mailed questionnaires completed before the first
clinic visit, structured interviews at each clinic visit, and records kept
by the motherinthe TEDDY Book, covering breastfeeding duration, age
atintroduction of foods, infant formula type, drinking water source,
elimination diets, and dietary supplements. A 24-h dietary recall was
obtained at the first 3-month clinic visit to aid caretaker training and
to capturetheinfant’s diet at that age. Primary caretakers were trained
at the 3-month visit to keep 3-day food records at 3-month intervals
during the first year and biannually thereafter, reviewed with trained
study personnel at each visit.

Diversity and ordination-based analyses

The structure of the gut microbiome was examined using the vegan
package (v.2.5.6). The Bray—-Curtis distances between samples were cal-
culated based on their MetaPhlAn 2 profiles using the vegan::vegdist().
To measure both species richness and evenness within a sample, the
Shannon diversity index was computed using the vegan::diversity()
(Extended DataFig.3). PCoA was performed based on the Bray-Curtis
distances using the ape::pcoa() from the ape package (v.5.4.1). Addi-
tionally, PERMANOVA was performed on Bray-Curtis distances using
vegan::adonis2(). To respect the non-independence of repeated lon-
gitudinal samples, we used a restricted permutation design in which
whole individuals were treated as the exchangeable unit: individuals
were freely permuted, while no permutation was performed within
individuals. The scheme is appropriate for testing between-subject
covariates such as genetic PCs and country of origin, as it keeps
repeated measures intact and prevents anti-conservative inflation of
significance from pseudo-replication. Significance was assessed using
999 permutations. The stability of the gut microbiome over time was
evaluated by calculating the Bray—Curtis distance from the initial time
point for each individual.

Association between host genetic variation and microbiome
composition

Mantel and Procrustes analyses were performed within predefined age
intervals(<1,1-2,2-3,3-4,4-5and 5-6 years). To ensure sample inde-
pendence, only the earliest stool sample from each participant within
eachageinterval wasretained. Participants without amicrobiome sam-
plein a given interval were excluded from that analysis. Microbiome
compositionwas represented by species-level relative abundance pro-
files using Bray-Curtis dissimilarities, whereas host genetic variation
wasrepresented by Euclidean distances calculated from standardized
top five genome-wide genotype-derived PCs (PC1-PC5).

Mantel tests were used to evaluate the correspondence between
microbiome and genetic distance matrices using Spearman rank corre-
lations with significance assessed by 999 permutations. For Procrustes
analysis, PCoA was performed on the Bray-Curtis distance matrix, and
the top five microbiome coordinate axes were compared with PC1-PC5
using the vegan package in R. Statistical significance was evaluated
using the PROTEST permutation procedure with 999 permutations.

Microbiome maturational pattern identification

The maturational patterns were identified using a trajectory-clustering
algorithmimplemented in the R package traj (v.2.0.1), which employs
the Bray-Curtis distance to quantify changes ingut microbial composi-
tion from baseline across subsequent visits during the initial 800-day
period. Baseline was defined as the earliest available stool sample,
which reflects a relatively consistent microbial state before major
environmental exposures and dietary diversification. Trajimplements
athree-step procedure to identify clusters of individual longitudi-
nal trajectories. This procedure involves (1) computing a number of
‘measures of change’ capturing various features of the trajectories; (2)
using a PCA-based dimension reduction algorithmto select asubset of
measures; and (3) using the k-means clustering algorithm to identify
clusters of trajectories.

The optimal number of maturational patterns was determined by
balancing the results from various diagnostic metrics, including the
Calinski-Harabasz Index®, the gap statistic®® and the elbow method
(Supplementary Fig. 3), The elbow plot showed a marked reduction
inslope around k = 3, beyond which additional clusters yielded dimin-
ishing returns. Although the Calinski-Harabasz Index favoured k =2,
the gap statistic indicated that this solution was under-separated.
Considering these diagnosticstogether, as well as statistical efficiency
for downstream association analyses, we selected k =3 as the most
parsimonious and robust solution.

Estimation of relative risk of type 1 diabetes

Due to the risk-set sampling design of this study, we were able to esti-
mate RRs®"**for acomposite end point encompassing either the devel-
opmentofIAs (seroconversion) or aclinical diagnosis of T1D, as well as
foreach of these event typesindividually, by comparing amicrobiome
maturation pattern to Early Matured pattern. Utilizing the equivalence
between the partial log-likelihood of the Cox proportional hazards
model and the log-likelihood of conditional logistic regression®, RR
estimation was conducted using the R package survival (v.3.5-5), with
the model stratified by risk sets. The primary exposures of interest were
the maturational patterns of the gut microbiome. The models were
adjusted for potential confounding factors knowntoinfluence therisk
of seroconversion and T1D. These factors included the matching vari-
ablesinthe case-controldesign (clinical centre, sex and family history of
T1D) aswell asadditional covariates, including genetic PCs, interactions
between clusters and PCs, delivery mode, breastfeeding, antibiotic use,
probioticuse and timing of the introduction of solid foods. We applied
methods from Langholz et al.** and Samuelsen et al.* to calculate
adjusted cumulative incidence curves extrapolated to the full TEDDY
cohort from multivariable models incorporating sampling weights to
account for risk-set sampling in the nested case-control design.
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Partitioning of variance in T1D risk

To assess the relative contribution of different components to T1D
risk, we quantified the variance explained using a likelihood-based
pseudo-R?, which reflects the proportion of variation in the model
log-likelihood explained by the included predictors. We compared
pseudo-R? values across a set of nested models designed to partition
the contribution of each component. The baseline model (MO) included
demographicand clinical covariates (for example, sex, clinical centre
and delivery mode). M1added the microbiome maturation pattern; M2
additionally incorporated host genetic PCs (PC1-PC5); and M3 further
included interaction terms between the genetic PCs and the matura-
tion pattern. Differences in pseudo-R? between models were used to
estimate the incremental variance explained by each component.

Taxonomic and functional feature association analyses
For amicrobial species or aMetaCyc pathway to qualify for downstream
analyses, itneeded tobe presentin atleast10% of samples with a mini-
mum detectable relative abundance of 0.0002. The criterion for EC
numbers was that atleast 10% of samples with that feature were detect-
able at a minimum relative abundance of 0.00002. Additionally, we
removed functional features with high correlations to others by select-
ing the most abundant feature from each cluster asits representative.
We employed linear mixed models in MaAsLin 2 (ref. 25), using
gut microbiome features as dependent variables and microbiome
maturational patterns as the independent variable. Individual IDs
were incorporated as random effects, whereas clinical centre, sex,
delivery mode, antibiotic use, introduction of solid foods and breast-
feeding status were included as fixed effects. This approach allowed
us to identify microbial species with differential abundance across
maturational patterns within each 100-day interval. The false discovery
rate (FDR)-adjusted Pvalues (q) were calculated using the Benjamini-
Hochberg method

Gene set enrichment analysis

Tocharacterize further the biological processes associated with genetic
PCs, we performed a SNP-level pre-ranked Gene Ontology (GO) term®
enrichment analysis in which SNPs were ranked by their loading values
foreach PC.Significance was assessed by permuting SNP labels within
SNP sets, with FDR control. This directly tests whether the observed
concentration of high-loading SNPs within a given ontology is greater
than expected by chance, given the fixed PCloadings. We adopted the
definition of ‘informative GO terms’ from previous studies® to curate
alist of GO terms as input for the enrichment analysis. A GO term was
defined as informative if it contained more than 20 genes, and all its
child terms contained fewer than 20 genes. The enrichment analysis
used the ranking of SNP loading factors for each genetic PC. Enrich-
ment scores were calculated using the fgsea R package with 1,000
permutations against curated GO terms, and terms with g < 0.10 were
considered significantly enriched. Visualization was generated using
fgsea(v.1.22.0) and ggplot2 (v.3.3.6).

Genetic and microbiome association analyses over time

We used the following linear mixed-effects model with random
slopes to identify microbiome features that were associated with
genetic features:

microbiome - genetics + age + genetics:age + clinical centre +
(1+age|individual)

Inthis model, age refers to the child’s age in days at the time of stool
collection. Weincludearandomslope onage sothateachindividual can
have their own microbiome developmental trajectory, which accom-
modates the substantial inter-individual heterogeneity characteristic
of early-life microbiome maturation.

The genetic main effect estimates whether genetic variation is
associated with baseline microbiome composition, independently of

time. The genetics:age interaction term tests whether genetic back-
ground is associated with differencesin the rate of microbiome change
over time, rather than at asingle time point. Thus, the interaction evalu-
ateswhether the slope of microbial development varies with genotype,
afteradjusting for clinical centre to account for geographic differences
in environment and sampling.

Samples were subset into two age groups: infant samples col-
lected before 18 months and toddler samples collected after. Models
were run separately for these age groups because gut microbiome
development up to three years may be non-linear. In each age group,
species wereincluded for modelling if they were present at >1% relative
abundance in at least one sample among 25% or more participants.
Similarly, pathways were included for modellingif they were present at
>1copy per millionreadsinatleast one sample from 25% of individuals.
Microbiome feature abundances were transformed using the formula:

log (abundance +¢)

where £is half of the minimum non-zero abundance of the micro-
biome feature of interest. For SNPs, minor homozygous alleles were
includedifthey were presentin>30individuals per age group. Models
were implemented using the ImerTest::Imer() function from ImerT-
est v.3.1-3, and an analysis of variance test was used to determine the
significance of associations in the models. For PC-based models, the P
values were adjusted using the Bonferroni correction methods. For SNP
models, a Pvalue of 5 x 10 ® was used as the threshold of significance.

Statistics and reproducibility

This study is an observational analysis of two nested case-control
studies within the prospective TEDDY birth cohort; no experimental
replication was performed, and all analyses were conducted on the full
set of available samples meeting the quality criteria described above.
No statistical method was used to predetermine sample size; sample
size was determined by the number of eligible case-control sets avail-
able within the existing TEDDY nested case-control design.

Data were excluded as follows: metagenomic samples whose
sequencing run failed quality criteria (<60% of reads passing Illu-
mina quality filtering) or that yielded insufficient high-quality reads;
individuals failing genotype QC (call rate <95%, heterozygosity out-
side p+ 30 or genetic outlier status by PCs) and, for related pairs (PI_
HAT >0.2), the member with higher missingness; individuals with fewer
than four metagenomic samples for trajectory analyses; individuals
without a stool sample in a given age interval for the corresponding
interval-specific analysis; and microbial features not meeting the
prevalence and abundance thresholds described above.

The experiments were not randomized; exposure status was obser-
vational and controls were selected by risk-set sampling matched on
clinical centre, sex and family history of type 1 diabetes rather than by
randomization. The Investigators were not blinded to allocation during
experiments and outcome assessment.

All analyses were performed in R v.4.2.3. Microbiome matura-
tional patterns were derived by trajectory-based clustering of lon-
gitudinal taxonomic profiles; community-level comparisons used
distance-based ordination and PERMANOVA; feature-level associations
between microbiome features and maturational patterns, host genetic
variationand covariates were tested using linear mixed modelsimple-
mented in MaAsLin 2, with individual identifiers as random effects;
andrelative risks of type1diabetes were estimated within the matched
case—-control sets. Full model specifications, including covariates and
random-effects structures, are given in the corresponding Methods
subsections. All tests were two-sided unless otherwise stated. Multi-
ple testing was controlled by the Benjamini-Hochberg FDR, except
for PC-based linear mixed models (Bonferroni) and SNP-level models
(P<5x107°). Permutation-based tests used 999 permutations unless
otherwise specified.

Reproducibility was addressed in three ways. All 12,151 metage-
nomes from 887 children were processed through a single identical
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bioinformatic pipeline, with software versions, reference databases and
analytical parameters reported above. The trajectory-clustering frame-
work was applied independently to the DIABIMMUNE three-country
cohort, in which qualitatively similar maturational patterns were recov-
ered. The primary association between maturational patternand T1ID
risk was examined in sensitivity analyses, including sex-stratified mod-
elsand models with additional covariate adjustment.

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

Data availability

TEDDY microbiome whole-genome sequencing and SNP data that
support the findings of this study are available in the NCBI database
of Genotypes and Phenotypes (dbGaP) under primary accession code
phs001442.v4.p3, in accordance with the dbGaP controlled-access
authorization process. Datafrom TEDDY at https://doi.org/10.58020/
y3jk-x087 (ref. 68) reported here are available upon request through
the NIDDK Central Repository website, Resources for Research (https://
repository.niddk.nih.gov/). Processed taxonomic profiles and meta-
datafromthe DIABIMMUNE three-country cohortare available through
the DIABIMMUNE website (https://diabimmune.broadinstitute.org/
diabimmune). Source data are provided with this paper.

Code availability

This study relies mainly on open-source bioinformatic tools. The
analysis-specific programs are available on GitHub at https://github.
com/biobakery/teddy_genetics.
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Extended Data Fig. 1| Data distribution for taxonomic and functional profiles Polysaccharide degraders and butyrate producers are among the most abundant
of the gut microbiome. Distributions of the 10 most abundant microbial species,  gut microbes. Enzymesinvolved in DNA replication, energy production, and
microbial enzymes, and biochemical pathways in the analysed metagenomes are protein folding are highly abundant. Nucleotide biosynthesis and amino acid
shown at the top, middle, and bottom, respectively. The analysis included 12,151 biosynthesis pathways are also highly abundant.

metagenomic samples.The samples are ordered by country of origin and age.
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Extended Data Fig. 2 | Principal coordinate analysis of all the microbiome (R*=5.90%). Samples are coloured by age and country at the time of sampling.
samples based on species-level Bray-Curtis dissimilarity. (a) Principal R%values were calculated using permutational multivariate analysis of variance
coordinate analysis of species-level Bray-Curtis dissimilarity colouredin (PERMANOVA; 999 permutations) and indicate the percentage of variance in the
correspondence to the relative abundance of Actinobacteria and Firmicutes overall microbiome community attributable to age, and geographic location.
phyla. As expected, amajority of variation in the species-level compositional Each pointindicates one metagenomic sample froma genotyped participant

structure of the gut microbiome was driven by a tradeoff between Actinobacteria ~ who passed genetic quality control (n =10,851).
versus Firmicutes phyla. (b) Age accounted for the largest percentage of variance

Nature Metabolism


http://www.nature.com/natmetab

Article https://doi.org/10.1038/s42255-026-01614-9

a Before 400 Days b After 400 Days
44 3.9e-05 0.01
7.9e-17 44 0.0088
1.8e-10 0.71
£31 z E—
— (7) 3 <4
'g Cluster 8 Cluster
38, EJ Early Matured (n = 1050) 8 E3 Early Matured (n = 952)
5 EJ Late Matured (n = 2199) S 21 E9 Late Matured (n = 2352)
% E- Early Plateaued (n = 672) S EJ Early Plateaued (n = 143)
c 11 @
14
2] ) i
01 ol ¢ °
O O S U Y
(@ (@ 9 (o) O o)
. ,b\\X ,&\) d\e’b\) ,&\\)‘e N\.a\\)‘e'\ ’8@'&‘6
O N
¢ 2 (,,'b‘\* g&‘\\‘ N ?,’0‘\\‘?
Extended Data Fig. 3| The diversity of the gut microbial communities across (IQRs; 25th-75th percentiles), and whiskers extend to the most extreme values

different microbiome maturational patterns during early and late follow-ups.  within1.5times the IQR from the lower and upper quartiles, respectively. Points
Samples with an Early Matured pattern show higher microbiome diversity during ~ beyond the whiskers represent outliers. Pvalues were calculated using two-sided
the first 400 days, whereas those with an Early Plateaued pattern exhibit lower t-test, pairwise comparisonsincluded Early Matured vs Late Matured (before 400
diversity beyond 400 days. We assessed a-diversity using the Shannon Diversity days: P=1.8 x107'; after 400 days: P= 0.71), Early Matured vs Early Plateaued
Index. Box plot centre lines represent the medians of the Shannon Diversity Index  (before 400 days: P=7.9 x107"; after 400 days: P=0.0088), and Late Matured vs
for different microbiome maturational patterns during the first 400 days of Early Plateaued (before 400 days: P=3.9 x107%; after 400 days: P=0.01). Then
follow-up (a) and beyond 400 days (b). The boxes show the interquartile ranges indicates the number of longitudinal stool samplesin each group.
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Extended DataFig. 4 | Differentially abundant microbial species across
different maturational patterns during the first 800 days of follow-up.

The colours of the heatmap represent the beta coefficients for the comparison
between two maturational patterns derived from linear mixed modelsin MaAsLin
2, with the relative abundance of each microbial species as the dependent
variable. The heatmap displays microbial features that were differentially
abundant (g-value < 0.25) between maturational patterns at least once during

the follow-up. Each model accounted for the participant’s identifier asarandom
effect and was adjusted for age, clinical centre, sex, delivery mode, antibiotic
use, probiotic use, solid food introduction and breastfeeding duration as

fixed effects. To correct for multiple comparisons, we applied the Benjamini-
Hochberg method to calculate g-values (false discovery rate-adjusted P values).
Significance levels are indicated as follows: * g < 0.25,** ¢ < 0.05, *** ¢ < 0.001.
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Extended Data Fig. 5| Differentially abundant microbial enzymesinvolved in
the biosynthesis of aromatic amino acids, branched-chain amino acids, and
the metabolism of vitamin B and galactose maturational patterns during

the first 800 days of follow-up. The colours of the heatmap represent the beta
coefficients for the comparison between two maturational patterns derived from
linear mixed models in MaAsLin 2, with the relative abundance of each microbial
enzyme as the dependent variable. The heatmap displays microbial features,
which were involved in the biosynthesis of aromatic amino acids, branched-

-15 -05 05
AAA biosynthesis

. Galactose metabolism . Vitamin B and co—factor

chain amino acids, and the metabolism of vitamin B and galactose, and were
differentially abundant (g-value < 0.25) between maturational patterns at least
once during the follow-up. Each model accounted for the participant’sidentifier
asarandom effect and was adjusted for age, clinical centre, sex, delivery mode,
antibiotic use, probiotic use, solid food introduction and breastfeeding duration
as fixed effects. To correct for multiple comparisons, we applied the Benjamini-
Hochberg method to calculate g-values (false discovery rate-adjusted P values).
Significance levels are indicated as follows: *g < 0.25,** ¢ < 0.05, *** ¢ < 0.001.
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Extended Data Fig. 6 | Differentially abundant microbial biochemical pathway  atleast once during the follow-up. Each model accounted for the participant’s

across maturational patterns during the first 800 days of follow-up. The identifier as a random effect and was adjusted for age, clinical centre, sex,
colours of the heatmap represent the beta coefficients for the comparison delivery mode, antibiotic use, probiotic use, solid food introduction and
between two maturational patterns derived from linear mixed modelsinMaAsLin  breastfeeding duration as fixed effects. To correct for multiple comparisons, we
2, withtherelative abundance of each microbial biochemical pathway as the applied the Benjamini-Hochberg method to calculate g-values (false discovery
dependent variable. The heatmap displays microbial biochemical pathways that rate-adjusted Pvalues). Significance levels are indicated as follows: * ¢ < 0.25,
were differentially abundant (g-value < 0.05) between maturational patterns **@<0.05,**q<0.001.
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Genetic data were processed using KING (v2.3.0) and PLINK (v1.90b7).
All the data analysis and plotting were performed using R v4.2.3 (Main package: vegan v2.6-4, Maaslin2 v1.12.0, ggplot2 v3.4.2, ImerTest
v3.1-3, traj v2.0.1, survival v3.5-5)
The analysis-specific programs are publicly available through https://github.com/biobakery/teddy_genetics

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

TEDDY microbiome whole-genome sequencing and SNP data that support the findings of this study are available in the NCBI database of Genotypes and Phenotypes
(dbGaP) under the primary accession code phs001442.v4.p3, in accordance with the dbGaP controlled-access authorization process. Data from The Environmental
Determinants of Diabetes in the Young (https://doi.org/10.58020/y3jk-x087) reported here are available upon request through the NIDDK Central Repository
(NIDDK-CR) website, Resources for Research (R4R), https://repository.niddk.nih.gov/. Processed taxonomic profiles and metadata from the DIABIMMUNE three
country cohort are available through the DIABIMMUNE website (https://diabimmune.broadinstitute.org/diabimmune).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender For the TEDDY cohort, sex was recorded at enrolment based on parental report for all participants. Gender was not assessed
in this study. The study included 403 (45.4%) female and 484 (54.6%) male participants. Sex was included as a covariate in all
analyses to account for potential sex-related influences on the outcomes. In addition, sex-stratified analyses of the primary
findings yielded results consistent with the main analyses.

For the DIABIMMUNE three-country cohort, which was used as a secondary replication cohort specifically for the microbiome
maturation pattern analysis, sex was recorded as reported in the original study and was not used as a stratification variable.

Reporting on race, ethnicity, or | The study population are 887 mostly white, non-hispanic children from six different clinical centers in the U.S. (Colorado,

other socially relevant Georgia/Florida, and Washington) and Europe (Finland, Germany, and Sweden). For the DIABIMMUNE cohort, race and
groupings ethnicity were not systematically collected or used in the replication analysis.
Population characteristics The study included children from the TEDDY and DIABIMMUNE cohorts. TEDDY participants were infants and young children

with increased genetic risk for type 1 diabetes based on HLA genotype, including children from the general population and
those with a first-degree relative with type 1 diabetes. DIABIMMUNE participants were followed from birth to three years of
age and carried HLA alleles associated with increased risk of autoimmunity.

Recruitment Families with a newborn in participating clinical centers with HLA-conferred genetic predisposition for T1D or first-degree
relative(s) with T1D were invited to join the TEDDY study. The DIABIMMUNE three-country cohort recruited newborn infants
from Finland, Estonia, and Russia with increased HLA-conferred genetic susceptibility.

The recruitment procedures for the published datasets were described in the corresponding papers.

Ethics oversight The study was approved by local US Institutional Review Boards and European Ethics Committee Boards in Colorado’s
Colorado Multiple Institutional Review Board, Georgia’s Medical College of Georgia Human Assurance Committee (2004—
2010), Georgia Health Sciences University Human Assurance Committee (2011-2012), Georgia Regents University
Institutional Review Board (2013—-2015), Augusta University Institutional Review Board (2015—present), Florida’s University of
Florida Health Center Institutional Review Board, Washington state’s Washington State Institutional Review Board (2004—
2012) and Western Institutional Review Board (2013—present), Finland’s Ethics Committee of the Hospital District of
Southwest Finland, Germany’s Bayerischen Landesarztekammer (Bavarian Medical Association) Ethics Committee, Sweden’s
Regional Ethics Board in Lund, Section 2 (2004—2012) and Lund University Committee for Continuing Ethical Review (2013—
present). The study is monitored by an External Advisory Board formed by the National Institutes of Health.

The DIABIMMUNE study was conducted according to the guidelines laid down in the Declaration of Helsinki, and all
procedures involving human subjects were approved by the local ethical committees of the participating hospitals. The
parents and/or study subjects gave their written informed voluntary consent prior to sample collection.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size All stool samples with metagenomic data (N = 12,151 stool samples) from subjects in TEDDY islet autoimmunity and type 1 diabetes case-
control cohorts are being analyzed for maximal power. This includes all participants with islet autoimmunity or type 1 diabetes and their
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matched controls in TEDDY study as of May 31, 2012 (N = 887 participants; host genetic data available for 877 participants).
For the DIABIMMUNE three-country cohort, 785 stool metagenomic samples from 212 infants and young children were included for the
microbiome maturation pattern analysis.

Data exclusions  The exclusion criteria were pre-specified. At the sample level, metagenomes failing quality control were excluded before analysis. At the
feature level, microbial features were retained only if they were present in at least 10% of samples, with minimum relative abundance
thresholds of 0.0002 for species and pathways and 0.00002 for level-4 EC categories; these filters were specified in advance to avoid spurious
associations arising from sparsely detected features. For genetic analyses, sample-level and SNP-level quality control was performed using
KING --autoQC and PLINK, and individuals identified as genetic outliers by principal component analysis were removed. For trajectory
clustering analyses, individuals with insufficient longitudinal sampling (<4 metagenomic samples) were excluded because reliable
developmental patterns could not be inferred.

Replication Replication of the microbiome maturation pattern was performed in an independent birth cohort (DIABIMMUNE). Other analyses were
conducted in the primary TEDDY cohort only.

Randomization  Controls were matched individually to cases as described in detail in the manuscript text. Cases were sampled until diagnosis of T1D and
matched control samples were included up until the corresponding day of life.

Blinding No blinding used, TEDDY is an observational follow-up study

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
Antibodies |:| ChIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging
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Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  NCT00279318
Study protocol https://repository.niddk.nih.gov/studies/teddy/

Data collection The TEDDY study involves six clinical centers across four countries: the United States (Colorado, Georgia/Florida, and Washington),
Finland, Sweden, and Germany. Participant recruitment took place between September 2004 and February 2010, enrolling 8,676
infants aged 3—4 months who were identified through newborn genetic screening for HLA genotypes associated with increased risk
for type 1 diabetes (T1D).

Blood samples were collected every three months until participants reached the age of four, transitioning to biannual collections
thereafter. Stool samples were collected monthly from three months to 48 months of age, then every three months until 10 years of
age, and biannually thereafter. Stool sample collection ceased for all participants in August 2018

Qutcomes Appearance of one or more islet cell autoantibodies: GADA, IAA, or IA-2A confirmed at two consecutive visits. And development of
Type 1 Diabetes
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Seed stocks Not applicable

Novel plant genotypes  Not applicable

Authentication Not applicable
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