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Abstract

The infant gut microbiome develops during the first years of life and influences long-term
health through its interaction with immune system development. However, our understanding
of  early-life  microbiome  assembly  is  biased  by  the  predominance  of  infants  with
industrialized  lifestyles  from North  America  and  Europe.  Here,  we  address  this  bias  by
assembling a globally representative dataset of infant gut microbiomes to train a microbiome
maturation model that can characterize lifestyle specific patterns of microbial maturation as a
function of age.  Models trained exclusively  on industrialized infants perform poorly when
applied to non-industrialized datasets. In contrast, more diverse models including individuals
from both lifestyles achieve increased correlation between microbial and chronological age.
We identified  differences in  relevant  taxa associated with  the maturation  in  the different
lifestyles. Additionally, our modeling approach detects a delay in the microbial maturation of
independent  cohorts  of  severely  malnourished  and preterm infants  compared to healthy
ones. Our results underscore the relevance of global diversity in microbiome research and
provide  deeper  insights  into  context-dependent  maturation  dynamics  of  the  infant  gut
microbiome.
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Early-life maturation of the gut microbiome is a key determinant of human health, influencing
immune  system  development,  metabolic  adjustments,  and  susceptibility  to  diseases
throughout life  (Bisgaard et al. 2011; Willers et al. 2020; Tamburini et al. 2016). However,
our understanding of this process is primarily based on infants in industrialized populations,
which represent only a small fraction of global diversity (Abdill et al. 2022). Infants living in
non-industrialized or traditional communities remain largely underrepresented in microbiome
research,  leaving  a  major  gap  in  understanding  how  different  environments  and  living
conditions shape early-life microbial community assembly. 

Immediately after birth, the infant’s gut is rapidly colonized by a variety of bacteria, and it
progressively develops until it resembles the adult microbiome by around three years of age
(Yatsunenko et  al.  2012).  The microbiome maturation  is  influenced by the simultaneous
development  of  the  immune  system.  However,  other  factors  including  delivery  mode,
gestational  age,  dietary shifts  (Chu et  al.  2017;  Hill  et  al.  2017),  exposure to antibiotics
(Bokulich et al. 2016) and lifestyle (Morandini et al. 2023) continue to shape the microbiome
during all stages of life. Models of microbiome maturation have shown that deviations in the
early microbiome development are associated with malnutrition  (Subramanian et al. 2014)
and health outcomes later in life, such as asthma and allergies (Hoskinson et al. 2023) and
provide a powerful  tool  to  detect  generalizable  microbial  patterns across cohorts  (Fahur
Bottino et al. 2025). Thus, the maturation of the early-life microbiome is a compelling model
system for investigating ecological succession and health-related microbial dynamics.

Despite  the  extensive  research  on  the  early-life  microbiome,  most  studies  remain
disproportionately focused on populations from North America and Europe, resulting in a
significant geographical bias (Abdill,  Adamowicz, and Blekhman 2022). Consequently, the
diversity in host genetics, ethnicity, and particularly lifestyles is limited in most of the studies,
although  those  factors  are  known  to  significantly  impact  the  adult  human  microbiome
(Clemente et al. 2015; Blekhman et al. 2015; Brooks et al. 2018; Yatsunenko et al. 2012,
Morandini  et  al.  2023). The industrialized lifestyle in those geographical  regions involves
increased hygiene and exposure to antibiotics, reduced contact with wildlife and a dietary
shift toward more processed, high-caloric foods. Collectively, these factors lead to a reduced
microbial  diversity  and  altered  community  structures  in  the  adult  human  microbiome
(O’Keefe et al. 2015; Suez et al. 2014; Martínez et al. 2015; Almeida et al. 2019; Nayfach et
al.  2019;  Pasolli  et  al.  2019).  Thus,  the  focus  on  industrialized  populations  skews  our
understanding  of  global  microbiome  dynamics,  particularly  during  the  critical  stages  of
microbiome maturation in infancy.

To address the gap driven by single cohorts and homogeneous populations in microbiome
maturation studies, we performed a globally representative analysis of infant gut microbiome
maturation  across  diverse  populations  and lifestyles.  Our  study  integrates  and analyzes
previously  publicly  available  datasets  using  machine  learning  models.  We  specifically
compare  the microbiome maturation  trajectories  between  infants  from industrialized  and
various non-industrialized populations. Thereby, we contribute to a broader understanding of
early-life microbial colonization and its implications for human health. 

Materials and methods

Data collection
We collected publicly available 16S rRNA gene sequencing data from the stool microbiome
of  human infants.  The inclusion  of  the  samples  in  our  meta-analysis  was based on the
following  characteristics:  a)  Samples  from  full-term,  healthy  infants  under  two  years  of
chronological age, not subject to any intervention b) The sequencing data was generated
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using Illumina platforms c) The targeted amplicon included the V4 region of the 16S rRNA
gene d) Metadata with information on the age of the infant at sampling time was available.

Raw sequencing data was retrieved from the Sequence Read Archive (SRA), and metadata
was obtained either from the original publications or through direct communication with the
authors when necessary. The final dataset consisted of 15,077 samples from 20 studies
across 20 countries inAfrica, America, Asia and Europe, corresponding to 2,720 individuals
(Figure 1A, Supplementary Table S1).  We categorized samples into two lifestyle groups:
Industrialized  and  non-industrialized,  using  the  Human  Development  Index  2022  (HDI)
(United Nations Development Programme 2022) (Figure 1A). Samples from countries with
an HDI-value above the median of 0.742 were classified into the industrialized lifestyle, while
all other samples were classified into non-industrialized lifestyles. Samples from Peru (HDI =
0.762) were treated as an exception and classified as non-industrialized, as they were taken
from individuals living in a remote area of the Amazon rainforest with living conditions more
comparable to other non-industrialized individuals than to industrialized ones (Raman et al.
2019).  The  term  industrialized  lifestyle  serves  here  as  an  umbrella  term  for  complex,
multidimensional  lifestyle  changes  compared  to  pre-industrial  societies,  as  previously
discussed  (Pasolli  et  al.  2019).  These  changes  include  improved hygiene  and sanitized
environments, increased access to healthcare, and higher exposure to antibiotics and other
drugs, reduced contact with wildlife, and a dietary shift toward more processed, high-caloric
foods. These factors are known to have a huge impact on the human gut microbiome.

Samples classified as industrialized in this study are expected to be more affected by these
changes than those classified as non-industrialized. However, it is important to note that the
term non-industrialized here does not refer to a single lifestyle, but rather to a collection of
different lifestyles.

Figure 1. Collection and processing of publicly available datasets. A) Global distribution
of samples. Each circle represents the samples from one study at the specific location. Size
indicates the number of samples and color the lifestyle of the samples. Shading indicates
Human Development Index (HDI).  B) Computational pipeline for microbial age modelling.
The processing has three steps:  i) Raw data preprocessing and taxonomy annotation,  ii)
Random  forest  regression  models  with  leave-one-dataset-out  cross-validation  and  iii)
Evaluation of predicted microbial age by correlation to chronological age.

5

97
98

99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116

117
118
119
120
121
122

123
124
125
126
127
128
129
130

6

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted December 11, 2025. ; https://doi.org/10.64898/2025.12.11.693638doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.11.693638
http://creativecommons.org/licenses/by-nc-nd/4.0/


Processing of sequencing data 
The raw data was re-processed from quality check to taxonomic annotation with the same
pipeline to ensure consistency across samples. The read quality was assessed with FastQC
v0.11.9  (“FastQC” 2015). Where necessary, adapter contamination was removed from the
sequences using Trimmomatic v0.39 (Bolger et al. 2014). As a host decontamination step,
reads were mapped to the reference human genome assembly (GRCh38.p14) using bowtie2
v2.3.4.3 (Langmead and Salzberg 2012) with the --very-sensitive option. Reads mapping to
the  human  reference  were  removed  from  further  analysis.  Quality  checked  and
decontaminated reads were processed and merged to infer  amplicon sequence variants
(ASVs)  using  the  pipeline  from  DADA2  v1.34.0  (Callahan  et  al.  2016) for  each  study
independently.  For  study-specific  details  on  trimming  and  filtering  of  reads,  see
Supplementary  Table  S1.  Taxonomic annotation of  the ASVs was done with the SILVA
database v138 (Pruesse et al. 2007) using DECIPHER v3.2.0 (Wright 2016). ASVs assigned
as “Mitochondria” were also discarded from further analysis. The dataset was aggregated to
genus  level.  Based  on  rarefaction  curves,  study-specific  thresholds  were  established  to
discard samples with low read counts (Supplementary Figure S1, Supplementary Table S1).
The filter threshold was determined as the amount of reads where genus richness (number
of observed genera) reached an asymptote. Relative abundances were calculated for the
filtered datasets. Genera with a mean relative abundance below 0.005 % were removed
from  all  analyses.  The  bioinformatic  analysis  was  performed  on  the  High  Performance
Computing Cluster from the Max Delbrück Centrum, Berlin (Max-Cluster).

Alpha and beta diversity analyses 
All analyses were run in R v4.4.2. Alpha diversity indices were estimated for all samples with
more than 2,000 reads after rarefication to that depth. For samples with less than 2,000
reads that passed the study-specific filter threshold, alpha diversity indices were estimated
based  on  the  raw  read  counts.  To  evaluate  how the  size  of  the  dataset  affects  alpha
diversity, each lifestyle group was randomly subsampled 10 times, increasing the number of
studies by 1, individuals by 10 and samples by 100. For each subsample, the number of taxa
with more than 10 rarefied reads in at least one sample was determined for each lifestyle
group. Differences in the number of detected taxa between lifestyles over the number of
studies, individuals and samples were tested with generalized additive models using gamlss
v5.4-22(R. A. Rigby and D. M. Stasinopoulos 2005). The number of taxa was modeled as a
function  of  lifestyle  and  a  penalized  spline  smoothing  term  for  the  number  of  studies,
individuals or samples was included. The full model was compared with a reduced model
without lifestyle using a likelihood ratio test.

The effects of age and lifestyle on Shannon-diversity were tested with generalized additive
models. The full model had Shannon diversity as response variable and lifestyle and age as
explanatory variables, allowing for nonlinear relationships between age and diversity using
penalized spline smoothing. Study was included as a random factor.  The full  model was
compared to two reduced models using a likelihood ratio test,  one without  age and one
without lifestyle, respectively. The proportion of variance explained by age and lifestyle was
calculated as the relative decrease in deviance in the full model compared to the reduced
model. The effect of individual studies on differences in Shannon diversity and the variance

7

131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178

8

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted December 11, 2025. ; https://doi.org/10.64898/2025.12.11.693638doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.11.693638
http://creativecommons.org/licenses/by-nc-nd/4.0/


explained by each variable  was assessed by repeating  the analysis  and removing each
study from the dataset once. We compared the Shannon diversity of both groups using a 60-
day sliding window advancing in 7-day increments to determine the age intervals in which
microbial diversity differs significantly between the two lifestyles. We used Wilcoxon tests
with Bonferroni correction for multiple testing.

For beta diversity analysis, a principal component analysis was computed on centered-log-
ratio (clr) transformed raw read counts and on clr-transformed counts rarefied to 2,000 reads
per sample to assess the effect  of  differences in  sequencing depth.  The effects of  age,
lifestyle  and  study  on  the  composition  were  analyzed  with  a  permutational  analysis  of
variance  (PERMANOVA)  as  implemented  in  vegan  v2.6-8.  (Oksanen  et  al.  2024).
PERMANOVA  was  run  with  999  permutations  to  model  Euclidean  distance  of  the  clr-
transformed count matrix by adding the terms age, lifestyle and study sequentially.

Machine learning modelling of age based on microbial composition 
To predict  the age of  the individuals  based on their  microbial  composition,  a supervised
machine learner was trained. Random forest regression models with 500 trees were trained
on a dataset including: 1) relative abundances of genera that were detected in at least five
samples in two studies in the training set, and 2) microbial diversity (Shannon index) and
richness. Random forest regression was implemented using the ranger R-package v0.17.0
(Wright  and  Ziegler  2017)  with  default  parameters.  Relative  feature  importance  was
calculated  for  each  feature  as  the  increase  in  out-of-the-bag  (OOB)  error  when  the
respective  feature  was  permuted  and  normalized  to  the  highest  importance  value.
Significantly important features were selected using the Boruta R-package v8.0.0 (Kursa and
Rudnicki 2010) with permutation-based importance values and a p-value threshold of 0.01.
To estimate the performance of the microbial  age model,  a leave-one-dataset-out  cross-
validation  (LODO-CV) was implemented using the caret  R-package v6.0-94.  Thus,  each
study was used once as a validation set to estimate the performance of a model trained on
the  rest  of  studies.  Due  to  the  non-linear  but  monotonous  increase  in  microbial  age
alongside chronological age, microbial  age was rank transformed for model performance
evaluation.  The coefficient  of  determination  (R2)  of  a  linear  model  between  transformed
predicted microbial  and the actual  chronological  age was used as a performance metric
during validation.  To assess the overall  effect  of  lifestyle on the predicted microbial  age
obtained from the LODO-CV, a mixed model with the rank transformed predicted age as
response,  chronological  age and lifestyle as explanatory variables  and study as random
factor was fit to the whole dataset. The full model was compared to a reduced model, without
lifestyle, using a likelihood ratio test (LRT). To assess the effect of individual studies on the
differences in predicted microbial age, the same analysis was repeated by removing each
study from the dataset once. To determine the time at which maturation reaches a more
stable state, a logistic growth model was fitted to the relationship between chronological and
predicted age for each lifestyle. We considered the time when the fitted model reached 90%
of  the  model’s  carrying  capacity  as  the  point  at  which  maturation  rate  decreased  and
reached a more stable state.

For lifestyle specific models, only subjects from the corresponding lifestyle were used in the
training set. The performance of lifestyle specific models was compared across studies from
both lifestyles using paired Wilcoxon tests with Bonferroni correction for  multiple  testing.
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Lifestyle specific relevant features were defined if they were selected as relevant by Boruta
in at least two models of LODO-CV for the specific lifestyle. 

To  assess  the  effect  of  differences  in  dataset  size  between  the  two  lifestyles,  a
downsampling approach was implemented. Lifestyle specific and combined LODO-CV was
performed 50 times for  each study,  with the training set  downsampled to make the two
lifestyles comparable in terms of the number of studies, individuals and samples, as well as
their age distribution. First, studies and individuals in the industrialized group were randomly
selected in equal numbers to those in the non-industrialized group. Then, samples above
and below one year of age were randomly downsampled separately to match the size of the
smaller lifestyle group.

To determine the influence of important features on the prediction of age by lifestyle, two
models  were  trained  on  the  complete  set  of  samples  corresponding  to  each  lifestyle.
Shapley additive explanation (SHAP) values were calculated for all samples on these two
models using fastshap v0.1.1  (Greenwell  2024). Kolmogorov-Smirnof test with Bonferroni
correction for multiple comparisons was used to determine significance and effect size from
differences in taxon-specific SHAP-value distribution between lifestyles and between taxa
within  specific  lifestyles.  The  Spearman  correlation  between  SHAP-values  and  relative
feature abundances for each taxon was used to assess its temporal dynamics. Unlike the
direct correlation between taxon abundance and age, the correlation between SHAP-values
and abundance is a more robust strategy. It  is less sensitive to zero-inflated abundance
distributions and nonlinear abundance-age relationships. 

The longitudinal dynamics of taxa associated with lifestyle specific maturation were further
investigated  to  detect  differences  between  both  lifestyles.  Differences  in  trajectories  of
prevalence over time for those taxa were analyzed using linear models. Therefore, a full
model was trained with age, lifestyle and their interaction as predictors for prevalence. The
full  model  was tested against  a reduced model without  the interaction between age and
lifestyle as a predictor using a likelihood ratio test as implemented in the lmtest R-package
v0.9-40 (Zeileis and Hothorn 2002).

Influence of clinical factors on maturation
To evaluate the effect of lifestyle specific models on the prediction of microbial age under
two clinical conditions, we assembled two supplementary datasets: one from infants born
preterm (before 37 weeks of  gestation)  and another  from infants diagnosed with severe
acute  malnutrition  (SAM)  (Supplementary  Table  S1).  The  raw  sequences  from  these
samples were processed as described above for the training set.

We predicted the microbial age of SAM and preterm infants employing the lifestyle-combined
and lifestyle specific models. To compare differences in maturation, microbiome-for-age Z-
scores (MAZ) were calculated from microbial age predictions for each model. Microbial age
predictions were grouped into weekly chronological age bins. MAZ-scores were calculated
by subtracting the group mean from the microbial age and dividing by the group standard
deviation. Differences in MAZ-scores between healthy, preterm, and malnourished infants
were  tested  using  Wilcoxon  rank-sum  tests  with  Bonferroni  correction  for  multiple
comparisons.

To determine microbial drivers of age maturation under different clinical conditions, SHAP-
values were calculated for preterm and healthy industrialized infants using the industrialized
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model and SAM and healthy non-industrialized infants using the non-industrialized model.
Relative taxon impact was assessed by the differences in mean of SHAP-values between
healthy infants and infants of the same lifestyle with a clinical condition in separate age bins
using Wilcoxon tests. P-values were adjusted for multiple testing across all taxa and age
bins within each lifestyle group using Bonferroni correction.

Results

Age and lifestyle drive the maturation of the gut microbiome
To  investigate  the  development  of  the  human  infant  gut  microbiome  across  different
lifestyles, we analyzed 11,255 samples from infants with an industrialized lifestyle and 3,873
samples from infants with non-industrialized lifestyles. We detected 890 genera, of which
only 61 were present in all studies regardless of the lifestyle. Among the remaining genera,
506  genera  were  detected  in  microbiomes  from  both  lifestyles,  while  365  genera  were
exclusive  to  industrialized  microbiomes  and  19  were  found  only  in  non-industrialized
microbiomes  (Supplementary  Figure  S2A).  Of  the  lifestyle  specific  taxa,  97%  had  a
prevalence below 1% within  the respective  lifestyle.  The relatively  small  number  of  taxa
specific to non-industrialized samples may result from differences in sample size between
the two lifestyles.  Therefore,  we created 1,000 downsampled  versions  of  the dataset  in
which the number of studies, individuals and samples above and below one year of age
were equal for both lifestyle groups. In the downsampled datasets, we still detected more
lifestyle specific genera in industrialized microbiomes compared to non-industrialized ones,
although the difference was less pronounced (mean = 80.35 and 71.02, respectively, paired
Wilcoxon test, p-value < 0.001) (Supplementary Figure S3A). 
We observed that industrialized samples had on average a two times higher sequencing
depth compared to non-industrialized samples (Supplementary Figure S2B). Therefore, we
rarefied to 2,000 reads per sample for alpha diversity analyses. We observed a positive
relationship  between  the  genus  richness  and  the  number  of  studies,  individuals,  and
samples  within  each  lifestyle,  independently  of  the  sequencing  depth  (Supplementary
Figures S3B, C and D).  Overall,  in any of  the lifestyles,  the number of  detected genera
reached the saturation of the community, suggesting an unexplored microbial  diversity in
infants  from  both  industrialized  and  non-industrialized  lifestyles.  Genus  richness  was
significantly  lower  in  non-industrialized  than  in  industrialized  samples,  regardless  of  the
number of studies, individuals and samples included in both groups (Likelihood ratio-test, χ²
(DF)  =  1.72,  2.32,  4.45,  p-value<0.01,  explained  variance:  8.7%,  16.0%,  15.6% for  the
number of studies, individuals and samples, respectively).

Microbial diversity (Shannon index, Figure 2A) and richness (Supplementary Figure S2C)
increased along the chronological age (Likelihood ratio-test, χ² (DF) = 0.85,  p-value<0.01,
explained variance: 18.8%), consistent with previous studies (Bokulich et al. 2016; Stewart
et  al.  2018;  Yatsunenko et  al.  2012).  While  the increase in  alpha diversity  metrics was
independent  of  lifestyle,  non-industrialized microbiomes showed reduced overall  diversity
compared  to  industrialized  ones  (Likelihood  ratio-test,  χ²  (DF)  =  0.80,  p-value  <  0.01,
explained variance: 0.1%). The non-industrialized samples had a significantly lower fraction
of ASVs unassigned at genus level compared to industrialized samples (Likelihood ratio-test,
χ²  (DF)  = 0.49,  p-value < 0.01,  explained variance:  0.2%) (Supplementary Figure  S2D),
indicating that bias in the annotation database is not the cause of a reduced alpha diversity
in non-industrialized samples. A study by Raman et al. from 2019 with 1,891 samples mainly
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from  Bangladesh  drove  this  significant  effect  on  alpha  diversity  between  lifestyles.  The
variance explained by the remaining non-industrialized studies was lower when this study
was not included (Likelihood ratio-test, χ² (DF) = 0.88, p-value = 0.78, explained variance <
0.001%). However, alpha diversity was consistently reduced in non-industrialized individuals,
independently of the study, until around 200 days of chronological age (Figure 2B). While
this  demonstrates  the  influence  of  a  single  study,  it  also  highlights  the  importance  of
gathering multiple studies to assess differences in alpha diversity between lifestyles that are
not observable in single cohorts with restricted age spans.

A  total  of  4%  of  the  microbial  community  structure  was  determined  by  the  lifestyle
(PERMANOVA,  p<0.001),  with  a  clear  separation  between  non-industrialized  and
industrialized samples along PC2 (Figure 2C, Supplementary Figure S2E). Among the most
influential taxa driving this separation are Veilonella, Erysipelatoclostridium and Bacteroides
in  the  industrialized  direction  and  Faecalibacterium in  the  non-industrialized  direction
(Supplementary Figure S2E). An additional 5% was explained by the age (PERMANOVA,
p<0.001),  with  the distinction  between  lifestyles  becoming  clearer  at  older  chronological
ages, following parallel trajectories along PC1 over time (Figure 2D, Supplementary Figure
S2E).  This  trajectory  was  mainly  driven  by  Faecalibacterium,  Bacteroides,
Lachnoclostridium,  Intestinibacter and  Ruminococcus (Supplementary  Figure  S2E).
Although  the  study  specific  effects  accounted  for  7%  of  the  residual  variation
(Supplementary Figure S2F), there was a consistent influence of age and lifestyle. While the
average sequencing depth differed between both lifestyle groups, a PCA on rarefied counts
showed the same pattern in sample distribution. The first two principal components were
largely  driven by the age and lifestyle,  respectively,  indicating  a biological  rather than a
technical effect driven by sequencing depth difference (Supplementary Figure S2G, H).
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Figure 2. Gut microbial diversity and community structure follows lifestyle specific
maturation trajectories. A) Shannon diversity calculated from rarefied counts aggregated
to genus level, plotted over chronological age and stratified by lifestyle. Locally estimated
scatterplot smoothing (LOESS) curves are fit to visualize temporal trends. The solid lines
represent the independent increase in alpha diversity by lifestyle. The dashed line shows the
increase in diversity for non-industrialized microbiomes, excluding one study with a large
sample size (Raman et al., 2019). When all non-industrialized studies are included, diversity
is reduced overall compared to industrialized studies throughout the entire chronological age
span. However, when all samples from Raman et al., 2019 are removed, the difference in
diversity is significant only during the first 200 days of life. B) Difference in Shannon diversity
between industrialized  (W) and non-industrialized (NW) populations  in  a 60 days sliding
window. Red represents comparisons on the complete industrialized vs non-industrialized
datasets  and  blue  comparisons  between  complete  industrialized  and  a  reduced  non-
industrialized dataset without the study of Raman et al., 2019. The number of samples in
each  comparison  is  represented  by  size.  Transparent  points  indicate  no  significant
differences between lifestyles. C) Principal Component Analysis (PCA) on centered log ratio
transformed counts colored by lifestyle and D) age in days of life. R2 values indicate the
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proportion  of  variance  explained  in  a  Permutational  multivariate  analysis  of  variance
(PERMANOVA) using a sequential model with the terms age, lifestyle and study.

A model for microbiome maturation in human infants
We developed a microbiome age index by training machine learning models that predict an
individual’s age based on their microbial composition and diversity at the time of sampling to
identify microbial features that characterize the maturation process in different lifestyles. The
model’s evaluation using LODO-CV demonstrated a strong correlation between predicted
microbial age and chronological age in both industrialized and non-industrialized samples
(R2: 0.85 and 0.76, respectively). 

Microbial age initially increased with chronological age, reaching a stable phase at 455 and
524 days for industrialized and non-industrialized lifestyles, respectively (90% of carrying
capacity, logistic growth model), following the pattern observed for microbial diversity. This
reflects a phase of rapid initial microbial colonization directly after birth, followed by a more
stable  phase  where  the  community  reaches  stability.  Although  the  overall  maturation
trajectory remained consistent across lifestyles, non-industrialized infants exhibited slightly
delayed maturation compared to industrialized infants (Likelihood ratio-test, χ² (DF) = 1,  p-
value  <  0.01,  explained  variance  =  0.01 %).  Similarly,  as  for  alpha diversity,  the 1,891
samples from Raman et al., 2019 were highly influential on the delayed maturation effect,
further confirming the high variability among non-industrialized lifestyles and difficulties of
generalization among studies with non-industrialized lifestyles.

To  determine  whether  microbial  age  prediction  differs  between  industrialized  and  non-
industrialized infants, we trained specific models on three types of datasets: 1) a combined
dataset  including  samples  from  both  lifestyles,  2)  a  dataset  with  samples  from  the
industrialized lifestyle and 3) a dataset from a non-industrialized lifestyle and evaluated their
performance on lifestyle specific datasets as validation (Figure 3B).  Models trained on a
combined dataset did not significantly outperform lifestyle specific models, when the lifestyle
of the validation and training set matched. However, models trained on a single lifestyle and
evaluated  on  a  different  lifestyle  validation  dataset  showed  a  significant  decrease  in
performance.  The performance in  microbial  age prediction  of  non-industrialized  samples
using  an  industrialized  model  significantly  declined  (paired  Wilcoxon  test,  Bonferroni
adjusted p-value < 0.1) compared to models that included non-industrialized samples in the
training  set.  For  industrialized  datasets,  the  performance in  predicting  the microbial  age
showed  a  significant  reduction  when  using  models  trained  only  on  non-industrialized
samples (paired Wilcoxon test, Bonferroni adjusted p-value < 0.05). 

To  determine  whether  differences  in  sequencing  depth  had  an  effect  on  the  observed
differences between the two lifestyles,  we rarefied the samples to the same sequencing
depth and trained a new model on the rarefied dataset (Supplementary Figure S3E). The
significant differences in model performance between different lifestyles were reproducible.
While the combined model did not perform significantly better than the industrialized model
for non-industrialized data, the direction of the effect remained consistent. Studies including
non-industrialized individuals were underrepresented in our study. To assess the effect of
lower sample size on the performance of microbial age prediction of models trained on non-
industrialized samples, we repeated the analysis for each validation set on 50 downsampled
versions of the training set where both lifestyles had a similar number of studies, individuals,
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and samples above and below one year of age. We found a reproducible difference in model
performance  between  lifestyles  when  the  downsampled  industrialized  training  sets  were
used (Supplementary Figure S3G).

Non-industrialized  samples  represent  a  heterogeneous  lifestyle  group,  defined  by  the
absence of industrialized lifestyle characteristics rather than sharing a similar lifestyle. Living
conditions  include  inhabitants  of  a  slum in  Bangladesh,  as  well  as  infants  living  in  the
Amazon rainforest. Despite the expected variability among non-industrialized samples, our
results indicate that training models on a more diverse dataset improved their generalizability
for all non-industrialized datasets. 

Figure 3. Lifestyle determines microbial age modelling but not development stages. A)
Microbial  age  development  over  chronological  age.  Microbial  age  was  predicted  using
random  forest  regression  based  on  relative  abundances  of  bacterial  genera  against
chronological  age  using  a  leave-one-study-out  cross-validation  (LODO-CV)  approach.  A
logistic growth curve was fit to visualize the nonlinear trajectory of the maturation dynamic
over  chronological  age.  The solid  lines  represent  the  microbial  age by  lifestyle  with  the
complete  datasets.  The  dashed  line  shows  the  microbial  age  in  non-industrialized
individuals, excluding the study by Raman et al.,  2019.  B) Performance of microbial age
modelling  with  lifestyle  specific  models.  Separate  models  were  trained  either  on
microbiomes  from  industrialized  samples,  non-industrialized  samples,  or  a  combined
dataset.  Performance  was  assessed  using  LODO-CV,  where  each  study  served  as  a
validation set once for each model. Coefficient of determination (R2) from a linear model of
rank transformed microbial age versus chronological age was used as performance metrics
and was calculated for each combination of model and validation set separately. Differences
in model performances were tested with a paired Wilcoxon test and adjusted for multiple
comparisons using Bonferroni correction (*p<0.1, **p<0.05, ***p<0.01).

Specific bacteria drive the microbiome maturation in different lifestyles 
Having identified consistent differences in microbial maturation between lifestyles, we aimed
to investigate which microbial taxa characterize these differences. Thus, we calculated the
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feature importance scores for the random forest models (Figure 4A, Supplementary Figure
S4A, Supplementary Table S2). Overall, we identified 105 important taxa that account for a
mean combined relative abundance of 98 % across all samples. However, only 40 of those
taxa were important in both lifestyles and the majority were lifestyle specific.  Among the
generalist taxa shared across the lifestyles, Faecalibacterium was the most important taxon
in both lifestyles. In contrast,  Ruminococcus and  Staphylococcus were more important in
industrialized  microbiota  than  in  non-industrialized,  and  Subdoligranulum and  Prevotella
showed  greater  importance  in  non-industrialized  models,  suggesting  them  as  lifestyle
specialists.  Additionally,  65  taxa  were  important  only  for  one  lifestyle.  Monoglobus and
Flavonifractor were examples of taxa highly relevant only in industrialized microbiota, while
Oscillospiraceae UCG 002  was an exclusive specialist in non-industrialized individuals. All
taxa important in only one lifestyle specific model were still  present in the other lifestyle,
although less prevalent (Supplementary Figure S5A). Feature importance was independent
of  prevalence for  the non-industrialized  dataset.  For  the industrialized dataset,  however,
feature importance was only correlated with prevalence for taxa with a prevalence below
0.15 (Supplementary Figure S5B).
More taxa were classified as important in industrialized than in non-industrialized models (95
and  50,  respectively).  Our  selection  of  important  taxa could  have  been affected by  the
number of studies and thus number of models in the LODO-CV for each lifestyle. Therefore,
we compared the number  of  taxa identified  as significantly  important  by Boruta in  each
lifestyle  specific  model  trained  on  the  downsampled  data  sets  described  above.
Industrialized models still had a significantly higher number of important taxa on average
than  non-industrialized  models  (103  and  89  respectively;  Wilcoxon  test:  p  <  0.001)
(Supplementary Figure S3F).

Figure  4.  Specific  bacterial  taxa  distinguish  the  microbial  maturation  between
lifestyles. A) Relative feature importance of specific bacteria is different depending on the
lifestyle and its relevance is independent from its prevalence. Relative feature importance in
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random forest models trained separately on samples from individuals with an industrialized
or a non-industrialized lifestyle. Grey bars indicate the mean prevalence of a specific taxon
across studies in both lifestyles. Importances are displayed only for features significantly
important  for  the respective lifestyle.  B) Shapley  additive  explanation  (SHAP)  values for
specific  bacteria  show consistent  predictive  impact  of  a  given  feature  between  the  two
lifestyles. However, the abundance of Lactobacillus or Collinsella has the opposite effect on
the  prediction  of  microbial  age  between  lifestyles:  A  higher  abundance  increases  the
predicted age in non-industrialized individuals, and decreases it in industrialized individuals.
Violin  plots  represent  the distribution  of  SHAP-values per  feature.  Positive  SHAP-values
indicate an increase in predicted microbial age driven by a given feature, whereas negative
SHAP-values  indicate  a  decrease  in  the  predictive  effect.  Color  indicates  relative  taxon
abundance  or  alpha  diversity,  scaled  per  feature.  Only  values  for  features  significantly
important for the respective lifestyle are shown.

Lifestyle specific taxonomic drivers differ in their colonization patterns
Once we identified specialist and generalist features for both lifestyles, we aimed to further
characterize the temporal dynamics of these features and define the changes in maturation
between  the  two  lifestyles.  Therefore,  we  performed  SHAP  analysis  to  assess  the
contribution of each feature to the predicted microbial age (Shapley 1953). Positive SHAP-
values  indicate  that  a  feature in  a given sample  increases  the predicted microbial  age,
whereas negative SHAP-values indicate  a decreasing effect.  The three taxa with higher
relative feature importance values, Staphylococcus, Faecalibacterium, and one unclassified
Lachnospiraceae taxon, also showed the highest range of SHAP-values, underlining their
importance in our model (Figure 4B, Supplementary Figure 4B). In general, feature values
and their  corresponding SHAP-values exhibited  a positive  monotonic  relationship  across
taxa, meaning that the increase in feature value corresponds to an increase in SHAP-values,
and vice versa. However, taxa like  Bifidobacterium and  Staphylococcus showed negative
relationships.  While  the  relationship  between  feature  values  and  SHAP-values  was
consistent  across  lifestyles for  most  taxa,  Lactobacillus  and  Collinsella showed opposite
relationships in each lifestyle group, indicating lifestyle specific ecological roles of those taxa.
All predictive taxa had a significant difference in SHAP-value distribution between lifestyles
(p < 0.001, Kolmogorov-Smirnov test, Bonferroni correction, Kolmogorov-Smirnov D = 0.26
between models, 0.35 within the industrialized model and 0.39 within the non-industrialized
model)  (Supplementary Figure S5C),  which further confirmed the difference in predictive
importance for each taxa between lifestyles and within lifestyles. 

We further evaluated the relationship between the predictive influence of each feature and
the  predicted  microbial  age  and  calculated  Spearman  correlations  between  feature
abundance values and their  corresponding SHAP-values.  A positive correlation indicates
that  higher  abundance  values  for  a  feature  are  associated  with  an  increased  predicted
microbial age and vice versa. Based on the association between abundance and predictive
influence of each taxon, we grouped taxa into four colonization patterns. Early colonizer taxa
were  more abundant  in  early-life  and  declined  over  time,  whereas  late  colonizers  were
largely  absent  in the first  months of  life and increased in abundance later  in  life.  Mixed
colonizers include taxa whose colonization patterns differed between lifestyles and single
lifestyle taxa were only important in models from one lifestyle.
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The majority (89%) of taxa important in both lifestyles had a consistent colonization pattern
across lifestyles (Figure 5A, Supplementary Table S2). Late colonizers accounted for 66% of
these taxa. Similarly, the majority (79%) of the single lifestyle taxa exhibited a late colonizer
pattern.  These  features combined drive  the increase  in  alpha diversity  described  above
(Figure 2A) and the maturation of microbial communities with age. 

Faecalibacterium, as an example of a late colonizer in both lifestyles, was nearly absent in
the first months of life and increased in prevalence and abundance over time with a similar
rate of  increase in both lifestyles (Figure 5B, Supplementary Figure S6).  Prevotella also
displayed  a  late  colonizer  pattern  in  both  lifestyles.  However,  in  non-industrialized
individuals, the rate of increase in prevalence was higher than for industrialized individuals
(Likelihood ratio-test,  χ²  (DF) = 1.00,  p-value < 0.001),  indicating a different colonization
dynamic  between  lifestyles.  Staphylococcus,  as  an  early  colonizer,  was  predominantly
detected during the first seven months of life and declined in prevalence thereafter, while
Bifidobacterium remained present in most individuals but decreased in relative abundance
over time. Lactobacillus, classified as a mixed colonizer, initially had a similar prevalence in
both lifestyles,  however,  while  it  declined in industrialized infants,  it  became increasingly
prevalent in non-industrialized infants (Likelihood ratio-test, χ² (DF) = 1.00, p-value < 0.001).

Figure 5. Bacterial taxa with significant global importance in lifestyle specific models
differ in their colonization dynamics. A) The majority of taxa with high model importance
in  both  lifestyles  correspond  to  late  (eg.  Faecalibacterium and  Prevotella)  or  early  (eg.
Staphylococcus)  colonizers  for  both  lifestyles.  A  set  of  taxa  shows  a  mixed  dynamic,
meaning that colonization patterns differ between lifestyles. Spearman correlation between
SHAP-values and relative taxon abundance in models trained on industrialized and non-
industrialized  samples  for  all  significantly  important  taxa.  Taxa  consistently  showing  a
negative correlation across both models are classified as early colonizers, while those with a
positive  correlation  are  classified  as  late  colonizers.  Taxa  with  discordant  colonization
patterns between lifestyles are classified as mixed and those significantly important in only
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one  lifestyle  as  single  lifestyle.  Correlations  for  taxa  not  significantly  important  in  the
respective lifestyle or with Bonferroni-adjusted p-values > 0.05 are displayed on the top and
right  side  of  the  plot.  B)  Prevalence  of  taxa representative  of  the  different  colonization
dynamics in samples from both lifestyles plotted over chronological age, binned in months.

Health conditions affect microbiome maturation
We applied the combined and lifestyle specific models to two independent datasets from
clinically relevant conditions: one comprising infants diagnosed with SAM from two cohorts in
Bangladesh,  and another  consisting  of  preterm infants from three industrialized  cohorts.
Both  clinical  conditions  represent  microbial  communities  clearly  distinct  from  healthy
industrialized and non-industrialized infants (Supplementary Figure S7A, B). 

SAM infants exhibited delayed microbial maturation compared to healthy infants from both
lifestyle groups across models (Figure 6A, B, Supplementary Figure S8A, B), consistent with
previous findings (Subramanian et al. 2014; Gehrig et al. 2019). The difference in microbial
age prediction for  SAM infants and healthy non-industrialized infants was stronger when
predictions were based on a model including non-industrialized samples (Δ mean MAZ =
1.44 and 1.40 for the non-industrialized and combined model, respectively) compared to the
industrialized (1.15) model. The industrialized model underestimated microbial age for SAM
and healthy non-industrialized infants, supporting the need for lifestyle specific models to
assess microbial age not only for healthy infants but also for those that deviate from healthy
conditions.

To further investigate the main drivers of this delay, we calculated SHAP-values for healthy
and SAM infants within the non-industrialized dataset based on the non-industrialized model.
We identified  69 microbial  features significantly  associated with delayed maturation.  The
most influential were the abundance of Faecalibacterium and microbial richness (Figure 6E,
Supplementary  Figure  S7C).  When compared to  healthy  non-industrialized  infants,  SAM
infants had very low levels of the important late colonizer Faecalibacterium and did not show
any increase in microbial richness over time (Supplementary Figure S8C).

Preterm infants showed delayed microbiome maturation compared to industrialized full-term
infants,  which  persisted  at  least  up  to  three  months  of  age  (Figure  6C).  The  delay  in
maturation was larger in models including industrialized full-term infants (Δ mean MAZ combined

model = 0.93 and Δ mean MAZ Industrialized model = 0.88) than in the non-industrialized model (0.76).
The  non-industrialized  model  predicts  increased  microbial  age  in  all  preterms  and,  in
general,  industrialized infants.  This  resulted in  lower  MAZ in non-industrialized full-terms
compared to industrialized preterms (Figure 6C, D). Although the non-industrialized model
predicted similar  maturation trajectories for  industrialized preterms and non-industrialized
full-terms,  both  groups  showed  a  distinct  compositional  difference,  with  preterm  infants
clustering independently  from lifestyle (Supplementary Figure S7B).  In contrast,  both the
combined and industrialized models distinguished the maturation trajectories of preterm-born
industrialized infants and non-industrialized infants.

To investigate the drivers of delayed microbial maturation in preterm infants, we calculated
SHAP-values for preterm and full-term industrialized samples based on the industrialized
model. We identified 14 microbial features associated with delayed maturation in preterm
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infants. Microbial richness was the most influential feature, which was reduced in preterms at
all  ages  (Figure  6F,  Supplementary  Figures  S7D and  S8D).  Unlike  in  SAM infants,  we
identified 17 microbial features associated with accelerated maturation in preterms. While for
SAM infants the drivers had a consistent effect across chronological age, most of the drivers
in  preterm  infants  were  more  influential  at  specific  time  points  during  maturation.  We
detected a persistent increase in abundance of Staphylococcus in preterm infants that led to
a  decreased  microbial  age  only  at  older  chronological  ages.  One  caveat  of  analysing
preterm infants is the reduced microbial  diversity and rapid temporal shifts at  early  time
points in life.

Figure  6.  Health  conditions  affect  microbiome  maturation  differently  in  lifestyle
specific models. A) Microbial age development over chronological age in combined and
lifestyle specific models for  healthy industrialized and non-industrialized infants and non-
industrialized infants with acute severe malnutrition (SAM). LOESS curves are fit to indicate
temporal trends.  B) Differences in microbiome-for-age Z-scores (MAZ) between SAM and
healthy  infants  from  both  lifestyles  predicted  with  a  combined  and  the  lifestyle  specific
models.  Diamonds  represent  medians,  thick  lines  50th  percentiles,  thin  lines  95th
percentiles. Differences in MAZ were tested with a Wilcoxon test and adjusted for multiple
comparisons  using  Bonferroni  correction  (*p<0.1,  **p<0.05,  ***p<0.01,  ****p<0.001).  C)
Microbial age development over chronological age in combined and lifestyle specific models
for  full-term  healthy  industrialized  and  non-industrialized  infants  and  preterm  born
industrialized infants. D) Differences in microbiome-for-age Z-scores (MAZ) between preterm
and healthy full-term infants from both lifestyles predicted with a combined and the lifestyle
specific  models.  E) Differences in mean SHAP-values between non-industrialized infants
with SAM and healthy non-industrialized infants for selected taxa binned by month. SHAP-
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values are based on the non-industrialized model. Differences in SHAP-values were tested
for each age bin with a Wilcoxon test and adjusted for multiple comparisons using Bonferroni
correction (*p<0.1, **p<0.05, ***p<0.01, ****p<0.001).  F) Differences in mean SHAP-values
between  preterm  and  full-term  industrialized  infants  for  selected  taxa  binned  by  week.
SHAP-values are based on the industrialized model.

Discussion

In this study, we analyzed the maturation dynamics of the infant gut microbiome between
industrialized  and  non-industrialized  populations  using  machine  learning  models  and  a
globally  diverse  dataset  of  more  than  15,000  early-life  microbiomes  from  20  different
countries.  This  comprehensive approach allowed us to detect significant  lifestyle specific
maturation signatures. Here, we highlight the importance of diverse datasets in microbiome
research,  demonstrating  that  more  homogenous  datasets  predominantly  based  on
industrialized populations  significantly  decrease model  performance for  non-industrialized
populations.  Our  analysis  included  a  particularly  diverse  non-industrialized  dataset,
consisting of infants living in vastly different conditions, including a slum in Bangladesh and
the Amazon rainforest. Despite the wide diversity of living conditions within these groups, a
greater lifestyle diversity significantly improved model performance for all non-industrialized
lifestyles.  This  enabled  us  to  identify  both  distinct  microbiome  maturation  dynamics
compared to those of industrialized populations, and characteristics generalizable between
all lifestyles, as well as deviations from a healthy microbiome maturation in clinically relevant
conditions such as severe acute malnutrition (SAM) or preterm birth. 

At  the intra-individual  level,  age was the strongest  driver of  microbial  diversity.  It  rapidly
increased during the first months of life, followed by a stabilization phase around 18 months
consistent  across  lifestyles  and  in  line  with  previous  studies  (Bokulich  et  al.  2016;
Yatsunenko et al.  2012; Roswall  et al. 2021; Kuang et al.  2016). While previous studies
observed a higher alpha diversity in non-industrialized infants after two years (De Filippo et
al.  2010;  Yatsunenko  et  al.  2012),  in  our  study,  alpha  diversity  was  reduced  in  non-
industrialized individuals compared to industrialized ones early in life. This might reflect the
higher prevalence of formula feeding in high income countries (Zong et al. 2021), which is
associated  with  an  increased  microbial  diversity  before  the  introduction  of  solid  food
(Dwijayanti et al. 2025; Ho et al. 2018). Our findings highlight the need for caution when
generalizing diversity trends in early-life microbiomes from understudied non-industrialized
populations. 

In contrast to the minimal impact on intra-individual diversity, lifestyle had a strong and age-
independent effect on the inter-individual microbiome variation and taxonomic composition.
These  compositional  differences  underscore  the  importance  of  lifestyle  as  a  primordial
ecological factor shaping the early-life microbiota rather than geography (Olm et al. 2022).
Our findings emphasise that  while  the microbial  maturation process follows a conserved
longitudinal trajectory, its community diversity and composition at an early age are distinctly
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modulated by lifestyle. This provides the foundation for exploring the specific colonization
patterns that differentiate these microbial trajectories, as well as for predicting microbial age.

Microbial age prediction models revealed distinct colonization dynamics shaped by lifestyle.
In  non-industrialized  infants,  Prevotella  appeared  as  a  relevant  late  colonizer  with  high
predictive importance, aligning with its known underrepresentation in industrialized adult gut
microbiome  (Tett  et  al.  2019).  Our  findings  suggest  that  the  diminished  prevalence  of
Prevotella  in  industrialized  adults  may  result  from  early-life  colonization  patterns.
Conversely,  Staphylococcus  was  identified as  a  highly  relevant  early  colonizer  in
industrialized  populations,  possibly  reflecting  its  higher  prevalence  in  infants  born  via  c-
section, which is more common in countries with higher HDI  (Ye et al. 2016; Dominguez-
Bello et al. 2010; Reyman et al. 2019). Interestingly, while  Prevotella  and  Staphylococcus
showed  consistent  trajectories  across  lifestyles,  Lactobacillus  had  divergent  colonization
patterns,  increasing in  prevalence in  non-industrialized infants but  declining over  time in
industrialized  ones.  The  observed  contrasting  patterns  may  reflect  both  ecological
succession  events  during  the  maturation  (Pasolli  et  al.  2020) and  differences  in  the
prevalence of c-sections (Tamburini et al. 2016; Ye et al. 2016).

Contrary to our hypothesis, not all the taxa known to play important roles in the early-life
microbiota were informative for age prediction. Despite its well-documented biological role in
the  metabolism  of  breast  milk  oligosaccharides  (Ennis  et  al.  2024;  Ojima et  al.  2022),
Bifidobacterium  had little  contribution to the performance of  our microbial  age prediction
model, likely due to its ubiquity in infants. This highlights a key challenge in using amplicon
based data for age modeling and emphasizes the need for higher taxonomic resolution to
disentangle the functionality of distinct species or strains at different stages of an infant's life
(Vatanen et al. 2022; Ennis et al. 2024).

Our modeling framework can detect clinically relevant deviations in microbiome maturation
by applying it to infants diagnosed with SAM and preterm born infants. Delayed microbiome
maturation  in  SAM infants and microbial  signatures  distinguishing preterm from full-term
infants have been reported previously (Subramanian et al. 2014; Van Rossum et al. 2024).
Here, we identify specific microbial taxa associated with delayed maturation in both clinical
conditions, providing a deeper insight into the drivers of these conditions. It has also been
reported  that  malnutrition  during  pregnancy  is  associated  with  preterm birth  (Bloomfield
2011) and preterm born infants show increased susceptibility to malnutrition (Harding et al.
2017),  particularly  in  low  income  countries  (Sania  et  al.  2014).  Our  results  indicate  a
potential developmental and nutritional link between both conditions. Although the preterm
and SAM infants differed in lifestyles and age span, further studies should examine whether
delayed microbiome maturation represents a shared signature of both conditions. Notably,
the observed differences in maturation delay between lifestyle specific models highlight the
importance of using reference populations that reflect the diversity of the target population.

Despite the limited taxonomic resolution of amplicon-based data, our study advances our
understanding  of  global  microbiome  maturation  and  highlights  the  value  of  integrating
underrepresented  populations  into  microbiome  research.  By  compiling  one  of  the  most
diverse infant microbiome datasets to date, we improved microbial age prediction models
that can be applied across lifestyles and help address persistent geographic biases in the
study  of  early-life  microbiomes.  Previous  work  has  shown  that  microbiomes  from  non-
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industrialized populations also differ markedly between those populations(Abdill et al. 2025).
However, limited data from non-industrialized infant cohorts prevented deeper comparisons
across  lifestyles  or  larger  geographic  regions.  Expanding  studies  of  infant  microbiome
maturation  in  globally  diverse  populations  will  be  essential  to  refine  these  models  and
broaden  their  applicability.  Achieving  more  equitable  and  globally  represented  early-life
microbial  studies  will  also  require  going  beyond  sample  inclusion  to  foster  close
collaborations and promote capacity building with local researchers and ensure reciprocal
benefits for the communities (Armenteras 2021). While these goals go beyond the scope of
this study, our work illustrates the potential and responsibility of microbial research to draw
more globally representative conclusions. 
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Table S1. List of studies with number of samples and individuals, assigned lifestyle, 
countries of origin and filtering thresholds

45

886
887

888
889
890

891
892
893

894
895
896
897
898

899
900

901
902
903
904

905

906
907
908
909
910
911
912
913
914
915
916
917
918
919
920

921
922
923

924

925
926

46

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted December 11, 2025. ; https://doi.org/10.64898/2025.12.11.693638doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.11.693638
http://creativecommons.org/licenses/by-nc-nd/4.0/


Table S2. Classification of taxa into early and late colonizers for each lifestyle

Figure S1. Study specific rarefaction curves to determine study-specific filtering threshold.
Filter  thresholds are indicated by red dashed vertical  lines and specified  after  the study
name in the pane title. Color indicates the total number of taxonomically assigned reads for
each sample.
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Figure S2. Gut microbial diversity across lifestyles and datasets A) Venn diagram for
the amount of genera detected in each lifestyle. B) Difference in sequencing depth between
lifestyles. Violin plot with the distributions of total read counts per sample. Dashed line marks
10,000 reads. C) Microbial richness over time calculated from rarefied counts aggregated to
genus  level,  plotted  over  chronological  age  and  stratified  by  lifestyle.  Locally  estimated
scatterplot smoothing (LOESS) curves are fit  to visualize temporal trends.  D) Fraction of
ASVs unassigned at genus level per samples plotted over chronological age and stratified by
lifestyle.  Locally  estimated  scatterplot  smoothing  (LOESS)  curves  are  fit  to  visualize
temporal trends. E) Drivers of beta diversity in a PCA on clr-transformed raw counts. Upper
panel:  Spearman correlations of sample variables with the first two principal components
(PCs). Lover panel: Top 10 loadings of taxa on the first two PCs. Loadings not in the top 10
for one PC are transparent. F) PCA on clr-transformed raw counts colored by study. R2 value
indicates the proportion of variance explained in a PERMANOVA using a sequential model
with the terms age, lifestyle and study. G) PCA on clr-transformed rarefied counts colored by
lifestyle and H) age. Read counts were rarefied to 2,000 per sample.

Figure S3. Results for downsampling both lifestyle groups to the same amount of studies,
subjects and samples. A) Difference in the number of genera detected only in industrialized
or non-industrialized samples. Each value represents one downsampling iteration. Diamonds
represent medians, thick lines 50th percentiles, thin lines 95th percentiles. Significance was
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tested  with  a  paired  Wilcoxon  test  (*p<0.1,  **p<0.05,  ***p<0.01,  ****p<0.001).  B,  C,  D)
Number of taxa detected in rarefied count data by lifestyle in randomly subsampled datasets
to  specific  numbers of  studies,  subjects  and samples.  E) Performance of  microbial  age
modelling with lifestyle specific models on relative abundances of  read counts that  were
rarefied to 2,000 reads per sample.  Performance was assessed using LODO-CV, where
each  study  served  as  a  validation  set  for  models  trained  on  a  downsampled  dataset.
Coefficient  of  determination  (R2)  from a linear  model  of  rank  transformed microbial  age
versus  chronological  age  is  used  as  performance  metrics  and  was  calculated  for  each
combination of model and validation set separately. Differences in model performances were
tested with a paired Wilcoxon test and adjusted for multiple comparisons using Bonferroni
correction. F) Difference in the number of important features between industrialized and non-
industrialized  models  trained  on  downsampled  data.  Each  value  represents  one
downsampling  iteration.  Significance  was  tested  with  a  paired  Wilcoxon  test.  G)
Performance of microbial age modelling with lifestyle specific models. Separate models were
trained either on microbiomes from industrialized samples, non-industrialized samples, or a
combined  dataset.  Each  point  represents  the  mean  out  of  50  downsampling  iterations.
(*p<0.1, **p<0.05, ***p<0.01, ****p<0.001).
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Figure S4. Relevance of important taxa in lifestyle specific models. All  taxa identified as
significantly important by Boruta in at least two models of LODO-CV for the specific lifestyle
are displayed. A) Relative feature importance in random forest models trained separately on
samples from individuals with an industrialized or a non-industrialized lifestyle. Grey bars
indicate  the  prevalence  of  a  specific  taxon  in  each  of  the  lifestyles.  Importances  are
displayed only for features significantly important for the respective lifestyle. B) Violin plot for
Shapley additive explanation (SHAP) values. Color indicates relative taxon abundance or
alpha diversity, scaled per feature. Only values for features significantly important for the
respective lifestyle are shown.

Figure S5: A)  Density plots for the distributions of effect sizes derived from Kolmogorov-
Smirnov tests comparing SHAP-value distributions. Comparisons were made either between
models  for  the same taxa or  between different  taxa within  individual  models.  Diamonds
represent medians, thick lines 50th percentiles, thin lines 95th percentiles. Significance was
tested with a paired Wilcoxon test (*p<0.1, **p<0.05, ***p<0.01, ****p<0.001). B) Correlation
of mean relative feature importance and mean prevalence over all studies for all taxa from
Figure  S4.  C)  Difference  in  prevalences  of  taxa  important  only  in  one  lifestyle  group.
Prevalences  are compared between the lifestyle  where the feature is  important  and the
lifestyle where it is not important. Squares represent medians. 
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Figure S6. Longitudinal dynamics of taxa representative of the different colonization 
dynamics in samples from both lifestyles. A) Prevalence over chronological age binned in 
months in rarefied data. B) Relative abundance over chronological age in un-rarefied and C) 
rarefied data. LOESS curves are fit to visualize temporal trends.

61

1004
1005
1006
1007
1008

62

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted December 11, 2025. ; https://doi.org/10.64898/2025.12.11.693638doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.11.693638
http://creativecommons.org/licenses/by-nc-nd/4.0/


Figure S7: Application of the microbial age model to health conditions. A, B) PCA on clr-
transformed raw counts colored by lifestyle and health condition for healthy infants and non-
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industrialized infants with SAM (A) and preterm industrialized infants (B). Healthy samples 
outside the age range of non-healthy samples were excluded. R2 values indicate the 
proportion of variance explained in a Permutational multivariate analysis of variance 
(PERMANOVA) using a sequential model with the terms age, lifestyle, health and study. C) 
Differences in mean SHAP-values between non-industrialized infants with SAM and healthy 
non-industrialized infants by month. Depicted are all taxa with a significant difference in at 
least one month. SHAP-values are based on the non-industrialized model. Differences in 
SHAP-values were tested for each age bin with a Wilcoxon test and adjusted for multiple 
comparisons using Bonferroni correction (*p<0.1, **p<0.05, ***p<0.01, ****p<0.001). D) 
Differences in mean SHAP-values between preterm and full-term industrialized infants 
binned by week. Depicted are all taxa with a significant difference in at least one week. 
SHAP-values are based on the industrialized model.
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Figure S8: A) Predicted age for healthy and SAM infants in studies containing both healthy 
and SAM infants. B) Differences in MAZ between healthy and malnourished infants in 
studies containing both healthy and SAM infants. Diamonds represent medians, thick lines 
50th percentiles, thin lines 95th percentiles. Significance was tested with a paired Wilcoxon 
test (*p<0.1, **p<0.05, ***p<0.01, ****p<0.001). C) Relative abundance over time for selected
taxa and observed richness driving a delay in maturation in SAM and D) preterm infants 
plotted over chronological age. LOESS curves are fit to visualize temporal trends.
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