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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; Martinez 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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97 using lllumina platforms c¢) The targeted amplicon included the V4 region of the 16S rRNA
98 gene d) Metadata with information on the age of the infant at sampling time was available.

99 Raw sequencing data was retrieved from the Sequence Read Archive (SRA), and metadata
100 was obtained either from the original publications or through direct communication with the
101 authors when necessary. The final dataset consisted of 15,077 samples from 20 studies
102 across 20 countries inAfrica, America, Asia and Europe, corresponding to 2,720 individuals
103 (Figure 1A, Supplementary Table S1). We categorized samples into two lifestyle groups:
104 Industrialized and non-industrialized, using the Human Development Index 2022 (HDI)
105 (United Nations Development Programme 2022) (Figure 1A). Samples from countries with
106 an HDI-value above the median of 0.742 were classified into the industrialized lifestyle, while
107 all other samples were classified into non-industrialized lifestyles. Samples from Peru (HDI =
108 0.762) were treated as an exception and classified as non-industrialized, as they were taken
109 from individuals living in a remote area of the Amazon rainforest with living conditions more
110 comparable to other non-industrialized individuals than to industrialized ones (Raman et al.
111 2019). The term industrialized lifestyle serves here as an umbrella term for complex,
112 multidimensional lifestyle changes compared to pre-industrial societies, as previously
113 discussed (Pasolli et al. 2019). These changes include improved hygiene and sanitized
114 environments, increased access to healthcare, and higher exposure to antibiotics and other
115 drugs, reduced contact with wildlife, and a dietary shift toward more processed, high-caloric
116 foods. These factors are known to have a huge impact on the human gut microbiome.

117 Samples classified as industrialized in this study are expected to be more affected by these
118 changes than those classified as non-industrialized. However, it is important to note that the
119 term non-industrialized here does not refer to a single lifestyle, but rather to a collection of
120 different lifestyles.
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124  Figure 1. Collection and processing of publicly available datasets. A) Global distribution
125 of samples. Each circle represents the samples from one study at the specific location. Size
126 indicates the number of samples and color the lifestyle of the samples. Shading indicates
127 Human Development Index (HDI). B) Computational pipeline for microbial age modelling.
128 The processing has three steps:. /) Raw data preprocessing and taxonomy annotation, i)
129 Random forest regression models with leave-one-dataset-out cross-validation and iii)
130 Evaluation of predicted microbial age by correlation to chronological age.
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131

132

133 Processing of sequencing data

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

154

155

156 Alpha and beta diversity analyses

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

170

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


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

bioRxiv preprint doi: https://doi.org/10.64898/2025.12.11.693638; this version posted December 11, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

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

184

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

192

193 Machine learning modelling of age based on microbial composition

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

222

223 For lifestyle specific models, only subjects from the corresponding lifestyle were used in the
224 training set. The performance of lifestyle specific models was compared across studies from
225 both lifestyles using paired Wilcoxon tests with Bonferroni correction for multiple testing.

10
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226 Lifestyle specific relevant features were defined if they were selected as relevant by Boruta
227 in at least two models of LODO-CV for the specific lifestyle.

228

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

237

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

249

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

257

258 Influence of clinical factors on maturation

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

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

272 To determine microbial drivers of age maturation under different clinical conditions, SHAP-
273 values were calculated for preterm and healthy industrialized infants using the industrialized

12
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274 model and SAM and healthy non-industrialized infants using the non-industrialized model.
275 Relative taxon impact was assessed by the differences in mean of SHAP-values between
276 healthy infants and infants of the same lifestyle with a clinical condition in separate age bins
277 using Wilcoxon tests. P-values were adjusted for multiple testing across all taxa and age
278 bins within each lifestyle group using Bonferroni correction.

279 Results

280 Age and lifestyle drive the maturation of the gut microbiome

281 To investigate the development of the human infant gut microbiome across different
282 lifestyles, we analyzed 11,255 samples from infants with an industrialized lifestyle and 3,873
283 samples from infants with non-industrialized lifestyles. We detected 890 genera, of which
284 only 61 were present in all studies regardless of the lifestyle. Among the remaining genera,
285 506 genera were detected in microbiomes from both lifestyles, while 365 genera were
286 exclusive to industrialized microbiomes and 19 were found only in non-industrialized
287 microbiomes (Supplementary Figure S2A). Of the lifestyle specific taxa, 97% had a
288 prevalence below 1% within the respective lifestyle. The relatively small humber of taxa
289 specific to non-industrialized samples may result from differences in sample size between
290 the two lifestyles. Therefore, we created 1,000 downsampled versions of the dataset in
291 which the number of studies, individuals and samples above and below one year of age
292 were equal for both lifestyle groups. In the downsampled datasets, we still detected more
293 lifestyle specific genera in industrialized microbiomes compared to non-industrialized ones,
294 although the difference was less pronounced (mean = 80.35 and 71.02, respectively, paired
295  Wilcoxon test, p-value < 0.001) (Supplementary Figure S3A).

296 We observed that industrialized samples had on average a two times higher sequencing
297 depth compared to non-industrialized samples (Supplementary Figure S2B). Therefore, we
298 rarefied to 2,000 reads per sample for alpha diversity analyses. We observed a positive
299 relationship between the genus richness and the number of studies, individuals, and
300 samples within each lifestyle, independently of the sequencing depth (Supplementary
301 Figures S3B, C and D). Overall, in any of the lifestyles, the number of detected genera
302 reached the saturation of the community, suggesting an unexplored microbial diversity in
303 infants from both industrialized and non-industrialized lifestyles. Genus richness was
304 significantly lower in non-industrialized than in industrialized samples, regardless of the
305 number of studies, individuals and samples included in both groups (Likelihood ratio-test, x2
306 (DF) = 1.72, 2.32, 4.45, p-value<0.01, explained variance: 8.7%, 16.0%, 15.6% for the
307 number of studies, individuals and samples, respectively).

308

309 Microbial diversity (Shannon index, Figure 2A) and richness (Supplementary Figure S2C)
310 increased along the chronological age (Likelihood ratio-test, x2 (DF) = 0.85, p-value<0.01,
311 explained variance: 18.8%), consistent with previous studies (Bokulich et al. 2016; Stewart
312 et al. 2018; Yatsunenko et al. 2012). While the increase in alpha diversity metrics was
313 independent of lifestyle, non-industrialized microbiomes showed reduced overall diversity
314 compared to industrialized ones (Likelihood ratio-test, x?2 (DF) = 0.80, p-value < 0.01,
315 explained variance: 0.1%). The non-industrialized samples had a significantly lower fraction
316 of ASVs unassigned at genus level compared to industrialized samples (Likelihood ratio-test,
317 x2 (DF) = 0.49, p-value < 0.01, explained variance: 0.2%) (Supplementary Figure S2D),
318 indicating that bias in the annotation database is not the cause of a reduced alpha diversity
319 in non-industrialized samples. A study by Raman et al. from 2019 with 1,891 samples mainly

14
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320 from Bangladesh drove this significant effect on alpha diversity between lifestyles. The
321 variance explained by the remaining non-industrialized studies was lower when this study
322 was not included (Likelihood ratio-test, x2 (DF) = 0.88, p-value = 0.78, explained variance <
323 0.001%). However, alpha diversity was consistently reduced in non-industrialized individuals,
324 independently of the study, until around 200 days of chronological age (Figure 2B). While
325 this demonstrates the influence of a single study, it also highlights the importance of
326 gathering multiple studies to assess differences in alpha diversity between lifestyles that are
327 not observable in single cohorts with restricted age spans.

328

329 A total of 4% of the microbial community structure was determined by the lifestyle
330 (PERMANOVA, p<0.001), with a clear separation between non-industrialized and
331 industrialized samples along PC2 (Figure 2C, Supplementary Figure S2E). Among the most
332 influential taxa driving this separation are Veilonella, Erysipelatoclostridium and Bacteroides
333 in the industrialized direction and Faecalibacterium in the non-industrialized direction
334 (Supplementary Figure S2E). An additional 5% was explained by the age (PERMANOVA,
335 p<0.001), with the distinction between lifestyles becoming clearer at older chronological
336 ages, following parallel trajectories along PC1 over time (Figure 2D, Supplementary Figure
337 S2E). This trajectory was mainly driven by Faecalibacterium, Bacteroides,
338 Lachnoclostridium, Intestinibacter and Ruminococcus (Supplementary Figure S2E).
339 Although the study specific effects accounted for 7% of the residual variation
340 (Supplementary Figure S2F), there was a consistent influence of age and lifestyle. While the
341 average sequencing depth differed between both lifestyle groups, a PCA on rarefied counts
342 showed the same pattern in sample distribution. The first two principal components were
343 largely driven by the age and lifestyle, respectively, indicating a biological rather than a
344 technical effect driven by sequencing depth difference (Supplementary Figure S2G, H).

345
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347 Figure 2. Gut microbial diversity and community structure follows lifestyle specific
348 maturation trajectories. A) Shannon diversity calculated from rarefied counts aggregated
349 to genus level, plotted over chronological age and stratified by lifestyle. Locally estimated
350 scatterplot smoothing (LOESS) curves are fit to visualize temporal trends. The solid lines
351 represent the independent increase in alpha diversity by lifestyle. The dashed line shows the
352 increase in diversity for non-industrialized microbiomes, excluding one study with a large
353 sample size (Raman et al., 2019). When all non-industrialized studies are included, diversity
354 is reduced overall compared to industrialized studies throughout the entire chronological age
355 span. However, when all samples from Raman et al., 2019 are removed, the difference in
356 diversity is significant only during the first 200 days of life. B) Difference in Shannon diversity
357 between industrialized (W) and non-industrialized (NW) populations in a 60 days sliding
358 window. Red represents comparisons on the complete industrialized vs non-industrialized
359 datasets and blue comparisons between complete industrialized and a reduced non-
360 industrialized dataset without the study of Raman et al., 2019. The number of samples in
361 each comparison is represented by size. Transparent points indicate no significant
362 differences between lifestyles. C) Principal Component Analysis (PCA) on centered log ratio
363 transformed counts colored by lifestyle and D) age in days of life. R? values indicate the
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364 proportion of variance explained in a Permutational multivariate analysis of variance
365 (PERMANOVA) using a sequential model with the terms age, lifestyle and study.

366

367 A model for microbiome maturation in human infants

368 We developed a microbiome age index by training machine learning models that predict an
369 individual's age based on their microbial composition and diversity at the time of sampling to
370 identify microbial features that characterize the maturation process in different lifestyles. The
371 model's evaluation using LODO-CV demonstrated a strong correlation between predicted
372 microbial age and chronological age in both industrialized and non-industrialized samples
373 (R?*0.85 and 0.76, respectively).

374

375 Microbial age initially increased with chronological age, reaching a stable phase at 455 and
376 524 days for industrialized and non-industrialized lifestyles, respectively (90% of carrying
377 capacity, logistic growth model), following the pattern observed for microbial diversity. This
378 reflects a phase of rapid initial microbial colonization directly after birth, followed by a more
379 stable phase where the community reaches stability. Although the overall maturation
380 trajectory remained consistent across lifestyles, non-industrialized infants exhibited slightly
381 delayed maturation compared to industrialized infants (Likelihood ratio-test, x? (DF) = 1, p-
382 value < 0.01, explained variance = 0.01 %). Similarly, as for alpha diversity, the 1,891
383 samples from Raman et al., 2019 were highly influential on the delayed maturation effect,
384 further confirming the high variability among non-industrialized lifestyles and difficulties of
385 generalization among studies with non-industrialized lifestyles.

386

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

401

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

415

416 Non-industrialized samples represent a heterogeneous lifestyle group, defined by the
417 absence of industrialized lifestyle characteristics rather than sharing a similar lifestyle. Living
418 conditions include inhabitants of a slum in Bangladesh, as well as infants living in the
419 Amazon rainforest. Despite the expected variability among non-industrialized samples, our
420 results indicate that training models on a more diverse dataset improved their generalizability
421 for all non-industrialized datasets.
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424  Figure 3. Lifestyle determines microbial age modelling but nhot development stages. A)
425 Microbial age development over chronological age. Microbial age was predicted using
426 random forest regression based on relative abundances of bacterial genera against
427 chronological age using a leave-one-study-out cross-validation (LODO-CV) approach. A
428 logistic growth curve was fit to visualize the nonlinear trajectory of the maturation dynamic
429 over chronological age. The solid lines represent the microbial age by lifestyle with the
430 complete datasets. The dashed line shows the microbial age in non-industrialized
431 individuals, excluding the study by Raman et al., 2019. B) Performance of microbial age
432 modelling with lifestyle specific models. Separate models were trained either on
433 microbiomes from industrialized samples, non-industrialized samples, or a combined
434 dataset. Performance was assessed using LODO-CV, where each study served as a
435 validation set once for each model. Coefficient of determination (R?) from a linear model of
436 rank transformed microbial age versus chronological age was used as performance metrics
437 and was calculated for each combination of model and validation set separately. Differences
438 in model performances were tested with a paired Wilcoxon test and adjusted for multiple
439 comparisons using Bonferroni correction (*p<0.1, **p<0.05, ***p<0.01).

440

441 Specific bacteria drive the microbiome maturation in different lifestyles

442 Having identified consistent differences in microbial maturation between lifestyles, we aimed
443 to investigate which microbial taxa characterize these differences. Thus, we calculated the
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444  feature importance scores for the random forest models (Figure 4A, Supplementary Figure
445 S4A, Supplementary Table S2). Overall, we identified 105 important taxa that account for a
446 mean combined relative abundance of 98 % across all samples. However, only 40 of those
447 taxa were important in both lifestyles and the majority were lifestyle specific. Among the
448 generalist taxa shared across the lifestyles, Faecalibacterium was the most important taxon
449 in both lifestyles. In contrast, Ruminococcus and Staphylococcus were more important in
450 industrialized microbiota than in non-industrialized, and Subdoligranulum and Prevotella
451 showed greater importance in non-industrialized models, suggesting them as lifestyle
452 specialists. Additionally, 65 taxa were important only for one lifestyle. Monoglobus and
453  Flavonifractor were examples of taxa highly relevant only in industrialized microbiota, while
454  Oscillospiraceae UCG 002 was an exclusive specialist in non-industrialized individuals. All
455 taxa important in only one lifestyle specific model were still present in the other lifestyle,
456 although less prevalent (Supplementary Figure S5A). Feature importance was independent
457 of prevalence for the non-industrialized dataset. For the industrialized dataset, however,
458 feature importance was only correlated with prevalence for taxa with a prevalence below
459 0.15 (Supplementary Figure S5B).

460 More taxa were classified as important in industrialized than in non-industrialized models (95
461 and 50, respectively). Our selection of important taxa could have been affected by the
462 number of studies and thus number of models in the LODO-CV for each lifestyle. Therefore,
463 we compared the number of taxa identified as significantly important by Boruta in each
464 lifestyle specific model trained on the downsampled data sets described above.
465 Industrialized models still had a significantly higher number of important taxa on average
466 than non-industrialized models (103 and 89 respectively; Wilcoxon test: p < 0.001)
467 (Supplementary Figure S3F).
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473 random forest models trained separately on samples from individuals with an industrialized
474  or a non-industrialized lifestyle. Grey bars indicate the mean prevalence of a specific taxon
475 across studies in both lifestyles. Importances are displayed only for features significantly
476 important for the respective lifestyle. B) Shapley additive explanation (SHAP) values for
477 specific bacteria show consistent predictive impact of a given feature between the two
478 lifestyles. However, the abundance of Lactobacillus or Collinsella has the opposite effect on
479 the prediction of microbial age between lifestyles: A higher abundance increases the
480 predicted age in non-industrialized individuals, and decreases it in industrialized individuals.
481 Violin plots represent the distribution of SHAP-values per feature. Positive SHAP-values
482 indicate an increase in predicted microbial age driven by a given feature, whereas negative
483 SHAP-values indicate a decrease in the predictive effect. Color indicates relative taxon
484 abundance or alpha diversity, scaled per feature. Only values for features significantly
485 important for the respective lifestyle are shown.

486

487 Lifestyle specific taxonomic drivers differ in their colonization patterns

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

508

509 We further evaluated the relationship between the predictive influence of each feature and
510 the predicted microbial age and calculated Spearman correlations between feature
511 abundance values and their corresponding SHAP-values. A positive correlation indicates
512 that higher abundance values for a feature are associated with an increased predicted
513 microbial age and vice versa. Based on the association between abundance and predictive
514 influence of each taxon, we grouped taxa into four colonization patterns. Early colonizer taxa
515 were more abundant in early-life and declined over time, whereas late colonizers were
516 largely absent in the first months of life and increased in abundance later in life. Mixed
517 colonizers include taxa whose colonization patterns differed between lifestyles and single
518 lifestyle taxa were only important in models from one lifestyle.

519
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520 The majority (89%) of taxa important in both lifestyles had a consistent colonization pattern
521 across lifestyles (Figure 5A, Supplementary Table S2). Late colonizers accounted for 66% of
522 these taxa. Similarly, the majority (79%) of the single lifestyle taxa exhibited a late colonizer
523 pattern. These features combined drive the increase in alpha diversity described above
524 (Figure 2A) and the maturation of microbial communities with age.

525

526 Faecalibacterium, as an example of a late colonizer in both lifestyles, was nearly absent in
527 the first months of life and increased in prevalence and abundance over time with a similar
528 rate of increase in both lifestyles (Figure 5B, Supplementary Figure S6). Prevotella also
529 displayed a late colonizer pattern in both lifestyles. However, in non-industrialized
530 individuals, the rate of increase in prevalence was higher than for industrialized individuals
531 (Likelihood ratio-test, x2 (DF) = 1.00, p-value < 0.001), indicating a different colonization
532 dynamic between lifestyles. Staphylococcus, as an early colonizer, was predominantly
533 detected during the first seven months of life and declined in prevalence thereafter, while
534 Bifidobacterium remained present in most individuals but decreased in relative abundance
535 over time. Lactobacillus, classified as a mixed colonizer, initially had a similar prevalence in
536 both lifestyles, however, while it declined in industrialized infants, it became increasingly
537 prevalent in non-industrialized infants (Likelihood ratio-test, x? (DF) = 1.00, p-value < 0.001).
538
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540 Figure 5. Bacterial taxa with significant global importance in lifestyle specific models
541 differ in their colonization dynamics. A) The majority of taxa with high model importance
542 in both lifestyles correspond to late (eg. Faecalibacterium and Prevotella) or early (eg.
543 Staphylococcus) colonizers for both lifestyles. A set of taxa shows a mixed dynamic,
544 meaning that colonization patterns differ between lifestyles. Spearman correlation between
545 SHAP-values and relative taxon abundance in models trained on industrialized and non-
546 industrialized samples for all significantly important taxa. Taxa consistently showing a
547 negative correlation across both models are classified as early colonizers, while those with a
548 positive correlation are classified as late colonizers. Taxa with discordant colonization
549 patterns between lifestyles are classified as mixed and those significantly important in only
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550 one lifestyle as single lifestyle. Correlations for taxa not significantly important in the
551 respective lifestyle or with Bonferroni-adjusted p-values > 0.05 are displayed on the top and
552 right side of the plot. B) Prevalence of taxa representative of the different colonization
553 dynamics in samples from both lifestyles plotted over chronological age, binned in months.
554

555

556 Health conditions affect microbiome maturation

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

562

563 SAM infants exhibited delayed microbial maturation compared to healthy infants from both
564 lifestyle groups across models (Figure 6A, B, Supplementary Figure S8A, B), consistent with
565 previous findings (Subramanian et al. 2014; Gehrig et al. 2019). The difference in microbial
566 age prediction for SAM infants and healthy non-industrialized infants was stronger when
567 predictions were based on a model including non-industrialized samples (A mean MAZ =
568 1.44 and 1.40 for the non-industrialized and combined model, respectively) compared to the
569 industrialized (1.15) model. The industrialized model underestimated microbial age for SAM
570 and healthy non-industrialized infants, supporting the need for lifestyle specific models to
571 assess microbial age not only for healthy infants but also for those that deviate from healthy
572 conditions.

573

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

581

582 Preterm infants showed delayed microbiome maturation compared to industrialized full-term
583 infants, which persisted at least up to three months of age (Figure 6C). The delay in
584 maturation was larger in models including industrialized full-term infants (A mean MAZ combined
585  model = 0.93 and A mean MAZ nqustriaiized model = 0.88) than in the non-industrialized model (0.76).
586 The non-industrialized model predicts increased microbial age in all preterms and, in
587 general, industrialized infants. This resulted in lower MAZ in non-industrialized full-terms
588 compared to industrialized preterms (Figure 6C, D). Although the non-industrialized model
589 predicted similar maturation trajectories for industrialized preterms and non-industrialized
590 full-terms, both groups showed a distinct compositional difference, with preterm infants
591 clustering independently from lifestyle (Supplementary Figure S7B). In contrast, both the
592 combined and industrialized models distinguished the maturation trajectories of preterm-born
593 industrialized infants and non-industrialized infants.

594

595 To investigate the drivers of delayed microbial maturation in preterm infants, we calculated
596 SHAP-values for preterm and full-term industrialized samples based on the industrialized
597 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.
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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-


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

bioRxiv preprint doi: https://doi.org/10.64898/2025.12.11.693638; this version posted December 11, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

33

624 values are based on the non-industrialized model. Differences in SHAP-values were tested
625 for each age bin with a Wilcoxon test and adjusted for multiple comparisons using Bonferroni
626 correction (*p<0.1, **p<0.05, ***p<0.01, ***p<0.001). F) Differences in mean SHAP-values
627 between preterm and full-term industrialized infants for selected taxa binned by week.
628 SHAP-values are based on the industrialized model.

629

630

631

632 Discussion

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

648

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

661

662 In contrast to the minimal impact on intra-individual diversity, lifestyle had a strong and age-
663 independent effect on the inter-individual microbiome variation and taxonomic composition.
664 These compositional differences underscore the importance of lifestyle as a primordial
665 ecological factor shaping the early-life microbiota rather than geography (Olm et al. 2022).
666 Our findings emphasise that while the microbial maturation process follows a conserved
667 longitudinal trajectory, its community diversity and composition at an early age are distinctly
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668 modulated by lifestyle. This provides the foundation for exploring the specific colonization
669 patterns that differentiate these microbial trajectories, as well as for predicting microbial age.
670

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

685

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

694

695 Our modeling framework can detect clinically relevant deviations in microbiome maturation
696 by applying it to infants diagnosed with SAM and preterm born infants. Delayed microbiome
697 maturation in SAM infants and microbial signatures distinguishing preterm from full-term
698 infants have been reported previously (Subramanian et al. 2014; Van Rossum et al. 2024).
699 Here, we identify specific microbial taxa associated with delayed maturation in both clinical
700 conditions, providing a deeper insight into the drivers of these conditions. It has also been
701 reported that malnutrition during pregnancy is associated with preterm birth (Bloomfield
702 2011) and preterm born infants show increased susceptibility to malnutrition (Harding et al.
703 2017), particularly in low income countries (Sania et al. 2014). Our results indicate a
704 potential developmental and nutritional link between both conditions. Although the preterm
705 and SAM infants differed in lifestyles and age span, further studies should examine whether
706 delayed microbiome maturation represents a shared signature of both conditions. Notably,
707 the observed differences in maturation delay between lifestyle specific models highlight the
708 importance of using reference populations that reflect the diversity of the target population.
709

710 Despite the limited taxonomic resolution of amplicon-based data, our study advances our
711 understanding of global microbiome maturation and highlights the value of integrating
712 underrepresented populations into microbiome research. By compiling one of the most
713 diverse infant microbiome datasets to date, we improved microbial age prediction models
714 that can be applied across lifestyles and help address persistent geographic biases in the
715 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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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
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937 Figure S2. Gut microbial diversity across lifestyles and datasets A) Venn diagram for
938 the amount of genera detected in each lifestyle. B) Difference in sequencing depth between
939 lifestyles. Violin plot with the distributions of total read counts per sample. Dashed line marks
940 10,000 reads. C) Microbial richness over time calculated from rarefied counts aggregated to
941 genus level, plotted over chronological age and stratified by lifestyle. Locally estimated
942 scatterplot smoothing (LOESS) curves are fit to visualize temporal trends. D) Fraction of
943 ASVs unassigned at genus level per samples plotted over chronological age and stratified by
944 lifestyle. Locally estimated scatterplot smoothing (LOESS) curves are fit to visualize
945 temporal trends. E) Drivers of beta diversity in a PCA on clr-transformed raw counts. Upper
946 panel: Spearman correlations of sample variables with the first two principal components
947 (PCs). Lover panel: Top 10 loadings of taxa on the first two PCs. Loadings not in the top 10
948 for one PC are transparent. F) PCA on clr-transformed raw counts colored by study. R? value
949 indicates the proportion of variance explained in a PERMANOVA using a sequential model
950 with the terms age, lifestyle and study. G) PCA on clr-transformed rarefied counts colored by
951 lifestyle and H) age. Read counts were rarefied to 2,000 per sample.

A) B) Q)
700-
o
< 100- 600 600-
ot IS g
o S S
© o o
S o O 500
5 2 g
& 3 400- 2
v 50- 400-
3
g .
c Lifestyle
=) o 300-
B Industrialized 200-
B non-Industrialized ) ) ) )
o- 5 10 500 1000 1500
Number of Studies Number of Subjects
D) F) 125 . ns
*k
— _ *
600- ~y, 1.00 .
P — ns -
S € 0.75- ° e . L
& 400- S =
5 0.50- ° °
o ° °
© o
o
200- 0.25- ° ° o
0 3000 6000 9000 non-Industrialized Industrialized
Number of Samples Validation set
F G ns
) ) 1.25- —
o — KK
b )
O 100- — 1.00- Sk .
o o ns —— Training Set
5 g 0 o M non-Industrialized
© E 0.75- e, ° olo Combined
i SIS o2 o5 ] B Industrialized
: 13 ] e
g S0- ;E <] |
— ° o
s 0.50- ! .
£ . § . .
non-Industrialized Industrialized
954 0 Validation set

955 Figure S3. Results for downsampling both lifestyle groups to the same amount of studies,
956 subjects and samples. A) Difference in the number of genera detected only in industrialized
957 or non-industrialized samples. Each value represents one downsampling iteration. Diamonds
958 represent medians, thick lines 50th percentiles, thin lines 95th percentiles. Significance was
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959 tested with a paired Wilcoxon test (*p<0.1, **p<0.05, **p<0.01, ****p<0.001). B, C, D)
960 Number of taxa detected in rarefied count data by lifestyle in randomly subsampled datasets
961 to specific numbers of studies, subjects and samples. E) Performance of microbial age
962 modelling with lifestyle specific models on relative abundances of read counts that were
963 rarefied to 2,000 reads per sample. Performance was assessed using LODO-CV, where
964 each study served as a validation set for models trained on a downsampled dataset.
965 Coefficient of determination (R?) from a linear model of rank transformed microbial age
966 versus chronological age is used as performance metrics and was calculated for each
967 combination of model and validation set separately. Differences in model performances were
968 tested with a paired Wilcoxon test and adjusted for multiple comparisons using Bonferroni
969 correction. F) Difference in the number of important features between industrialized and non-
970 industrialized models trained on downsampled data. Each value represents one
971 downsampling iteration. Significance was tested with a paired Wilcoxon test. G)
972 Performance of microbial age modelling with lifestyle specific models. Separate models were
973 trained either on microbiomes from industrialized samples, non-industrialized samples, or a
974 combined dataset. Each point represents the mean out of 50 downsampling iterations.
975 (*p<0.1, **p<0.05, ***p<0.01, ****p<0.001).
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977 Figure S4. Relevance of important taxa in lifestyle specific models. All taxa identified as
978 significantly important by Boruta in at least two models of LODO-CV for the specific lifestyle
979 are displayed. A) Relative feature importance in random forest models trained separately on
980 samples from individuals with an industrialized or a non-industrialized lifestyle. Grey bars
981 indicate the prevalence of a specific taxon in each of the lifestyles. Importances are
982 displayed only for features significantly important for the respective lifestyle. B) Violin plot for
983 Shapley additive explanation (SHAP) values. Color indicates relative taxon abundance or
984 alpha diversity, scaled per feature. Only values for features significantly important for the
985 respective lifestyle are shown.
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989 Figure S5: A) Density plots for the distributions of effect sizes derived from Kolmogorov-
990 Smirnov tests comparing SHAP-value distributions. Comparisons were made either between
991 models for the same taxa or between different taxa within individual models. Diamonds
992 represent medians, thick lines 50th percentiles, thin lines 95th percentiles. Significance was
993 tested with a paired Wilcoxon test (*p<0.1, **p<0.05, ***p<0.01, ****p<0.001). B) Correlation
994 of mean relative feature importance and mean prevalence over all studies for all taxa from
995 Figure S4. C) Difference in prevalences of taxa important only in one lifestyle group.
996 Prevalences are compared between the lifestyle where the feature is important and the
997 lifestyle where it is not important. Squares represent medians.
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1004 Figure S6. Longitudinal dynamics of taxa representative of the different colonization

1005 dynamics in samples from both lifestyles. A) Prevalence over chronological age binned in
1006 months in rarefied data. B) Relative abundance over chronological age in un-rarefied and C)
1007 rarefied data. LOESS curves are fit to visualize temporal trends.
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1011 transformed raw counts colored by lifestyle and health condition for healthy infants and non-

64


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

bioRxiv preprint doi: https://doi.org/10.64898/2025.12.11.693638; this version posted December 11, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

65

1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028

1029

66

industrialized infants with SAM (A) and preterm industrialized infants (B). Healthy samples
outside the age range of non-healthy samples were excluded. R? 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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1030 Figure S8: A) Predicted age for healthy and SAM infants in studies containing both healthy
1031 and SAM infants. B) Differences in MAZ between healthy and malnourished infants in

1032 studies containing both healthy and SAM infants. Diamonds represent medians, thick lines
1033 50th percentiles, thin lines 95th percentiles. Significance was tested with a paired Wilcoxon
1034 test (*p<0.1, **p<0.05, ***p<0.01, ***p<0.001). C) Relative abundance over time for selected
1035 taxa and observed richness driving a delay in maturation in SAM and D) preterm infants
1036 plotted over chronological age. LOESS curves are fit to visualize temporal trends.
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