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Convergent genomic responses of human gut bacteria to variations in industrialization
Authors & Affiliations

Malte Rihlemann'?® Lénard L. Szanthé*, Silvio Waschina®, Lucas Moitinho-Silva'?, Laura K.
Mews?, Joan F. Camarena?, Hannah Jebens'?, John Costa'?, Vanessa Juimo'®, Alain Fezeu'®,
Adwoa Agyei'™, Mary Y. Afihene'®, Shadrack O. Asibey'* Yaw A. Awuku"'® Amoako
Duah™"™ Yvonne A. Nartey''?* Fatimah Ibrahim™">'*Yvonne A. L. Lim"">'% Tan M. Pin""3.1%
Charles Onyekwere"'® John Rusine"'"'® |van E. Mwikarago''®'92% Jjohn Baines?'??, Andre
Franke?, Gergely J Szolliési*?®, Ramnik Xavier**?2¢  Eric J. Alm"'?*%28  Mathieu

Groussin®??425278 Mathilde Poyet'?"2425.278

' Global Microbiome Conservancy, microbiomeconservancy.org

2 Institute of Clinical Molecular Biology, Kiel University & University Hospital Schleswig-Holstein,
Kiel, Germany

3 Institute for Medical Microbiology and Hospital Epidemiology, Hannover Medical School,
Hannover, Germany

4 Model-Based Evolutionary Genomics Unit, Okinawa Institute of Science and Technology
Graduate University, Okinawa, Japan

5 Division of Food Technology, Institute of Human Nutrition and Food Science, Kiel University,
Kiel, Germany

® Institut de Recherche pour le Développement, Yaounde, Cameroon

" Department of Medicine and Therapeutics, University of Ghana Medical School and Korle Bu
Teaching Hospital, Accra, Ghana

8 Department of Medicine, Kwame Nkrumah University of Science and Technology, Kumasi,
Ghana

® Catholic University College, Sunyani, Ghana

19 Department of Internal Medicine and Therapeutics, School of Medical Sciences University of
Cape Coast, Cape Coast, Ghana

" Department of internal medicine, University of Ghana Medical Centre, Legon, Accra, Ghana

12 Department of Medical Epidemiology and Biostatistics, Karolinska Institutet, Stockholm,
Sweden

13 Centre for Innovation in Medical Engineering, University of Malaya, Kuala Lumpur, Malaysia
* Department of Molecular Medicine, Faculty of Medicine, Universiti Malaya, 50603, Kuala
Lumpur, Malaysia

& Department of Parasitology, Faculty of Medicine, Universiti Malaya, 50603 Kuala Lumpur,
Malaysia

'® Department of Medicine, Lagos State University College of Medicine, Lagos, Nigeria

' National Institute of Allergy and Infectious Diseases (NIAID), Rockville, Maryland, United States
'8 National Reference Laboratory, Kigali, Rwanda

9 Rwanda FDA and College of Medicine and Health Science of the University of Rwanda
affiliations and that of the Reference laboratory, Rwanda

20 Health Science of the University of Rwanda


https://doi.org/10.1101/2025.10.20.683395
http://creativecommons.org/licenses/by-nc-nd/4.0/

45
46
47
48
49
50
51
52
53
54
55
56
57

58
59

60
61

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.20.683395; this version posted October 20, 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.

2! Institute of Experimental Medicine, Kiel University, Kiel, Germany

22 Guest Group Evolutionary Medicine, Max Planck Institute for Evolutionary Biology, Plén,
Germany

23 HUN-REN Centre for Ecological Research, Institute of Evolution 1121 Budapest, Hungary

4 The Broad Institute of MIT and Harvard, Cambridge, MA, United States.

25 Center for Microbiome Informatics and Therapeutics, Massachusetts Institute of Technology,
Cambridge, MA, United States.

% Center for Computational and Integrative Biology and Department of Molecular Biology,
Massachusetts General Hospital and Harvard Medical School, Boston, MA, United States.

2" Department of Biological Engineering, Massachusetts Institute of Technology, Cambridge, MA,
United States.

*These authors contributed equally to this work

§: co-senior authors
Corresponding authors: Mathilde Poyet, Mathieu Groussin and Eric Alm.


https://doi.org/10.1101/2025.10.20.683395
http://creativecommons.org/licenses/by-nc-nd/4.0/

62
63
64
65
66
67
68
69
70
71
72
73
74
75
76

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.20.683395; this version posted October 20, 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.

Summary

To what extent gut bacteria respond to the distinct ecological pressures imposed by human
lifestyle remains unclear. Here, we investigate how genomic adaptation in gut bacteria differ
between industrialized and non-industrialized human populations. We generated a broad
collection of isolate genomes spanning diverse host geographies, lifestyles, species, and strains.
We first found that compared to MAGs, paired isolate genomes recover more functional elements
and signals of horizontal gene transfers (HGTs). Leveraging isolate genomes from multiple
species, we find that strains from industrialized hosts experience an expansion of proteome size
and harbor greater pangenome fluidity, driven by recent events of HGTs. Gene- and variant-level
analyses reveal convergent patterns of lifestyle-specific adaptation in functions that are critical for
ecological adaptation, such as stress response, cell envelope remodeling and central metabolism.
Our results demonstrate that industrialization imprints evolutionary signatures on gut bacterial
genomes, illuminating the effects of rapidly changing environments on human biology.
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77 Introduction

78
79  Human populations living in industrialized societies harbor gut bacterial communities that differ
80 markedly from those in non-industrialized populations . These differences are driven by
81  variation in lifestyle, diet, sanitation and exposure to environmental microbes *°. As such, lifestyle-
82  associated factors not only reshape the nutrient landscape available to gut bacteria, but also alter
83 the set of microbial interaction partners with which each species coexists and interacts. While
84  shifts in microbiome composition across human populations — particularly in relation to
85 industrialization and subsistence strategies — are now well documented, far less is known about
86 whether and how individual bacterial strains evolve and adapt to these host-associated
87  environments. In contrast to environmental microbes and pathogens 7, adaptive genomic
88  signatures in commensal gut bacteria remain poorly characterized, despite evidence for
89  adaptation occurring within individual hosts on timescales of days to months 82,
90
91  Addressing this gap requires deep, high-quality collections of cultured isolates and their genomes
92 from a wide range of human lifestyles and geographic settings. However, existing culture
93 collections remain heavily biased, primarily representing microbiota from individuals living in
94  countries with high human development index (HDI) such as the United States, China, and
95  European nations > In our previous work 2!, we began to address this imbalance by generating
96 the first Global Microbiome Conservancy (GMbC) isolate genome collection, comprising over
97 4,000 gut bacterial genomes from host populations spanning a broad range of geographies and
98 lifestyles. Others also expanded the phylogenetic and geographic diversity of target taxa, such as
99  Segatella copri (previously named Prevotella copri) 2.
100
101 In addition to isolates, metagenome-assembled genomes (MAGs) have become a widely used
102  resource to explore microbial diversity 2%, including from non-industrialized populations for
103  which access to isolate genomes is more challenging. While MAGs have enabled large-scale
104  surveys of phylogenetic diversity, their use for detecting recent adaptation or fine-scale genomic
105 features remains debated ?"?®. Potential limitations of MAGs include variable completeness, the
106 inability to fully capture within-host population heterogeneity, and the loss of accessory functions
107 - particularly those associated with mobile genetic elements (MGEs) and horizontal gene
108 transfers (HGTs)?"?°. These challenges stem from technical and biological factors: binning errors,
109 reliance on single-copy core genes (SCGs) for estimating completeness, and the inherent
110  difficulty of assembling genomes in the presence of high microdiversity and strain-level variation
111 3%3" To robustly evaluate MAG quality, direct comparison of MAGs to taxonomically-paired isolate
112  genomes from the same sample is required. While efforts have been made in this direction %,
113  such comparisons have so far been limited in scale and taxonomic breadth, leaving a critical gap
114 in our ability to assess how well MAGs represent real genomic diversity.
115
116  Here, we expand and leverage the GMbC collection of isolate genomes and MAGs to investigate
117  how industrialization shapes the evolutionary trajectories and adaptive potential of gut commensal
118  bacteria. We found that gut bacterial genomes from industrialized hosts show evidence of
119  proteome expansion and elevated pangenome fluidity, both owing to a recent acceleration in
120 HGT-driven gene acquisition. Across multiple species, we uncover parallel signals of genomic
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121 adaptation to host industrialization status, including lifestyle-specific gene enrichment, signatures
122  of positive selection, and convergent non-synonymous single nucleotide variants (SNVs) in genes
123  that are functionally relevant for ecological adaptation.
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124 Results

125

126  Extensive species, strain and geographic diversity in the GMbC isolate genome collection
127

128 To build the GMbC isolate genome collection of human gut bacteria, we employed culturing
129  strategies designed to maximize bacterial species and strain diversity (see Methods) (Fig. 1A).
130  Host individuals from the GMbC cohort ® were selected to represent a broad range of lifestyles,
131 geographic backgrounds and microbiome diversity (see Methods) (Fig. 1B & Supp. Table 1). We
132 release a new set of 1,841 high-quality isolate genomes, which we integrate into our previously
133  published set of 4,140 genomes 2, resulting in a total of 5,981 high-quality genomes (see
134  Methods) (Fig. 1C). GMbC genomes have a median completeness of 99.2%, contamination of
135 1.67%, and quality score of 98.3. Using similarity thresholds at 99% and 95%, GMbC isolate
136  genomes were clustered into 1,133 strain- and 434 species-level genome bins (StGBs and SGBs,
137  respectively). Strain-level genome bins represented in multiple hosts were further split by host to
138 ensure that each StGB represented a host-specific strain (see Methods). These isolates were
139  cultured from stool samples of 56 donors across 24 geographic locations in 9 countries (Fig. 1C,
140  Supp. Fig. 1, and Supp. Table 1). Of the 434 SGBs, 403 were obtained from individuals living
141 more non-industrialized lifestyles, and 102 from individuals in more industrialized settings (Fig.
142  1D). For comparison, only 106 SGBs were recovered in our previous BIO-ML collection, which
143  included only individuals from industrialized populations in the United States 2. The median
144  number of GMbC SGBs per donor, geographic location, self-declared ethnicity, and country is 17,
145 41, 52, and 87, respectively (Fig. 1D & E).

146

147  Next, we assessed the phylogenetic and functional diversity of the GMbC isolate genome
148  collection. The 434 GMbC SGBs span 13 distinct phyla and 46 families, encompassing both
149 dominant taxa of the human gut microbiome and phylogenetic groups that are rare,
150 underrepresented, or difficult to cultivate (Fig. 1C). Notably, the collection includes isolates from
151  Spirochaetota (Treponema_ D succinifaciens, n = 5; Treponema_D peruense, n = 2) and
152  Synergistota (Cloacibacillus porcorum, n = 6). Contrarily to Treponema pallidum, which is a
153  pathogen, very little is known about Treponema succinifaciens. It was frequently found to be in
154  relatively high abundance in the gut microbiome of non-industrialized populations, while being
155 absent from those of industrialized populations 323, Treponema in non-industrialized
156  populations is thought to be a commensal that may promote fiber degradation in the context of
157  fiber-rich diets '. Looking at the broader GMbC cohort, we recently found Treponema
158  succinifaciens to be negatively associated with intestinal inflammation markers ©, and to be
159  negatively associated with hypoxia and TNF signaling gene expression in industrialized contexts
160 3% The C. porcorum isolates represent the first cultured strains of human origin, as previously
161  available reference strains (e.g., those in the DSMZ collection) were isolated from pigs *.
162  Furthermore, human-derived C. porcorum genomes are absent from large-scale metagenomic
163  resources such as the UHGGv2 MAG collection 2**¢ (Fig. 1C). The GMbC dataset also includes
164  archaeal isolates, with 7 genomes spanning the phyla Methanobacteriota (Methanobrevibacter_A
165  smithii, n = 2; Methanosphaera stadtmanae, n = 1) and Thermoplasmatota (Methanarcanum
166  hacksteinii, n = 4). Among the 434 SGBs, 55 lack a species-level taxonomic assignment,
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167  highlighting gaps in current reference databases such as GTDB (rel214) *". Of these, 27 belong

168
169

to the Collinsella genus, 2 to Prevotella, and 2 to Faecalibacterium.
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171 Figure 1 — Geographic, species, strain, and host lifestyle diversity in the GMbC collection
172 of human gut bacterial isolate genomes

173 A. Overview of sampling, preservation, culturing, isolation, and sequencing procedures for
174 gut bacterial genomes (see Methods).

175 B. Lifestyle and microbiome diversity of donors used for culturing and isolating gut bacteria
176 in the context of the broader GMbC + BIO-ML cohort. Top panel: dimensional reduction
177 analysis of various lifestyle factors (see Methods). Donors used for culturing are shown in
178 larger symbols with dark border. GMbC donors are shown in circles, BIO-ML donors are
179 shown in triangles. Spearman correlations between the first two PCs and individual
180 lifestyle factors are shown on the right. Alpha diversity (measured with Faith PD index)
181 and beta diversity (unweighted UniFrac) of GMbC and BIO-ML isolate donors and
182 participants are shown in bottom panels.

183 C. Phylogenomic tree of representative genomes from 434 species-level genome bins
184 (SGBs). Inner ring shows overlap with external genome collections (UHGG v2, GMbC
185 MAGs, BIO-ML). Middle ring indicates host lifestyle origin (industrialized or non-
186 industrialized). Outer ring shows country distribution and isolate genome counts per SGB.
187 Clade colors represent phyla.

188 D. Isolate genome, strain bin, and SGB counts by country and host lifestyle. Strain bins group
189 genomes from the same donor with >99% similarity (see Methods). Counts that include
190 isolate genomes of the BIO-ML collection per host lifestyle are also shown. BIO-ML isolate
191 genomes were generated following the same pipeline as described in A (see Methods).
192 E. Distribution of strain bin counts across SGBs, localities and individual hosts. Colors denote
193 country.

194 F. Ten bacterial species with 28 strain bins sampled from industrialized or non-industrialized
195 hosts. Barplots show isolate and strain bin counts per lifestyle.

196 G. Phylogenetic trees of representative strain bin genomes for the 10 species in panel E. Tip
197 points indicate host lifestyle; labels show country/locality and are color-coded by country.
198 Trees are midpoint-rooted. Branch length scales are in expected number of substitutions
199 per site.

200

201  The GMbC collection also captures substantial within-species strain genomic diversity (Fig. 1D &
202  E & Supp. Fig. 1). In total, 39 SGBs are represented by at least 10 distinct StGBs, including from
203 multiple key bacterial species in the human gut, such as Bacteroides, Parabacteroides, Blautia
204  species. Genomic-based phenotypic and functional predictions, including amino acid
205 auxotrophies that are associated with chronic diseases *, suggest substantial strain-level
206  diversity among several key taxa, including Prevotella, Veillonella and Blautia species (Supp. Fig.
207  1). Overall, the GMbC collection extensively samples species and strain-level diversity of human
208 gut bacteria across various human host modalities, including geography and lifestyle, providing
209 unprecedented amounts of genomic material for in-depth genomic and functional investigations
210  of the global gut microbiome. We leverage this phylogenomic diversity in the following analyses
211 toinvestigate how host industrialization influences the genomic evolution of human gut bacteria.
212

213
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214  Isolate genomes recover more functional and mobile elements than MAGs

215

216  We first benchmarked our isolate genomes against metagenome-assembled genomes (MAGs)
217  to assess the advantage of combining MAGs with isolate genomes in our analysis. Previous
218  studies have questioned the completeness and quality of MAGs due to errors introduced during
219  metagenomic assembly and binning, as well as challenges such as within-sample strain diversity
220  *°. Although adding MAGs could substantially expand strain representation and species coverage,
221 we wondered whether these hypothesized drawbacks of MAGs could impact our analysis of
222  genomic evolution across host lifestyles, particularly for accessory gene families and mobile
223  genetic elements that may be central to lifestyle-driven adaptive processes. So far, it has
224  remained difficult to systematically evaluate how MAGs compare to isolate genomes because
225  most prior comparisons involved unpaired genomes—i.e., MAGs and isolates obtained from
226  different hosts, and often representing different strains. An advantage of our study design is the
227  ability to directly compare the characteristics of isolate genomes with those of paired MAGs. To
228  do this, we leveraged shotgun metagenomic data that we recently generated from the same fecal
229 samples used to culture our isolates ©, and reconstructed MAGs using a multi-binning strategy
230 %% We filtered out low-quality MAGs using similar thresholds for completeness (<50%) and
231  contamination (>10%) as for our isolate genomes. This allowed us to assemble a unique dataset
232  of 147 paired MAG-isolate genomes, originating from the same species, and sampled from the
233  same donor (Fig. 2A). These pairs span a broad range of bacterial taxonomies and abundances
234  in the human gut (Fig. 2B & Supp. Fig. 2).

235

236  The median assembly quality score of the 147 MAGs is 0.90, comparable to the UHGGv2 MAG
237  collection (MAG_Q = 0.89) (see Methods). The MAGs show a median completeness of 92.5%
238 and contamination of 2.5% (Supp. Table 2). Among high-quality MAGs (MAG_Q > 0.9; n = 74),
239 the median MAG_Q reaches 0.96 (median completeness = 98% and contamination = 2.5%) —
240 close to that of their paired isolate genomes (Q = 0.98) (Fig. 2A). We used genome-scale
241  metabolic models (GMMs) and reference databases to profile all genomes for functional
242  categories and mobile genetic elements (MGEs) (see Methods).

243

244  We found that isolate genomes are significantly larger (paired Wilcoxon test, median difference =
245  458,120bp, p = 3.6e-22) and contain more coding sequences (CDSs) (median diff. = 321 genes,
246  p=2.9e-19)than MAGs (Fig. 2B & C, Supp. Fig. 2 & Supp. Table 2). Isolate genomes also harbor
247  more metabolic features predicted by GMMs, including enzyme-encoding genes (median diff. =
248 31, p = 7.2e-20), reaction pathways (median diff. = 53, p = 7.3e-23), and predicted metabolites
249  (median diff. = 53, p = 7.3e-23) (Fig. 2B & C). This disparity is further pronounced when GMM
250 reconstruction is performed without pathway gap-filling (see Supp. Table 2 and Methods). We
251  also found that MAGs required significantly more pathway gap-filling during GMM reconstruction
252  than isolate genomes (p = 4.7e-12), confirming that gene content inference and metabolic
253  reconstructions are more fragmented in MAGs.

254

255  We then compared the counts of specific gene families involved in key bacterial functions, such
256 as carbohydrate metabolism (carbohydrate active enzyme [CAZyme]), antibiotic resistance
257  (antibiotic resistance genes [ARGs]), and virulence (virulence factors [VFs]). These gene families
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258  were consistently detected in greater numbers in isolate genomes compared to MAGs (p = 2.0e-
259 15, p =6.7e-14 and p = 6e-02, respectively) (Fig. 2B & C, Supp. Fig. 2).
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Figure 2 — Isolate genomes recover more genomic features and HGT events than MAGs.

A

B.

Number and quality scores of MAG—isolate genome pairs. Pairs originate from the same
donor sample and species.

Heatmap comparing genomic feature counts across all genome pairs. Genera and species
of genome pairs are shown on the left and right size of the heatmap, respectively. Genomic
features are shown in columns, and are grouped in four categories: genomic size,
metabolism, key functions and mobile genetic elements (MGEs) & machineries. For each
pair, the difference in counts between the isolate genome and the MAG was calculated
and normalized to the count in the isolate genome. Features with higher counts in the
isolate genome or in the MAG are shown along a gradient of red to blue, respectively.
Summary statistics of feature differences across all pairs.

Comparison of HGT events. Between-species horizontal gene transfers (HGTs) were
detected across isolate genomes, and across MAGs separately (see Methods). Genomes
of MAG-isolate genome pairs cluster in 87 SGBs. Ratio of species pairs with detected
HGTs (n >= 1 HGT) were compared with a proportion test (Two proportion Z-test, ***: p =
7.96e-33). Edges in the network indicate that at least 1 HGT was detected between
species (nodes).
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280 We also profiled mobile genetic elements and machinery involved in horizontal gene transfer,
281 including conjugative elements (Conj), insertion sequences (ISs), prophages, type IV filament
282  (TFF) superfamily proteins, and protein secretion systems (TxSS). Each of these categories was
283  more abundant in isolate genomes compared to MAGs (Fig. 2B & C, Supp. Fig. 2).

284

285 Importantly, these trends remained consistent even when restricting the analysis to high-quality
286 MAGs (MAG_Q > 0.9; n = 74) (Fig. 2C, Supp. Table 2). Finally, differences in functional content
287  between isolates and MAGs were robust across a range of bacterial taxonomies and relative
288 abundances (Fig. 2B, linear models with taxonomy and abundance, see Supp. Table 2).

289

290 Considering that MGEs are better captured in isolate genomes, we next asked whether isolates
291  would also provide greater sensitivity and accuracy for detecting recent horizontal gene transfer
292 (HGT) events. To test this, we applied a previously established BLAST-based pipeline for
293 identifying nearly identical sequences shared between genomes of different species 2'#'. Our 147
294  MAG-isolate pairs represent 87 distinct bacterial species. We used this pipeline to detect HGT
295 events across these 87 species using either MAGs or isolate genomes (Methods). Both the
296  number of candidate HGTs (BLAST hits) and the proportion of species pairs involved in putative
297  HGT were significantly higher when using isolate genomes (paired Wilcoxon test, pl = 3.27e-39;
298  Two proportion Z-test, X-squared = 142.4, p = 7.96e-33) (Fig. 2D).

299

300 Overall, isolate genomes consistently recover higher numbers of genomic and functional features
301 compared to MAGs. Our results also show that high-quality MAGs still capture much of this
302 information (Fig. 2B & Supp. Table 2). With ultra-deep sequencing, long-read metagenomics and
303 advances in binning algorithms 24243 MAGs should achieve performance comparable to isolates
304 in detecting these features. In the following, we chose to consider MAGs for validation analyses:
305 all primary inferences regarding gene content variation and sequence divergence are drawn from
306 the more complete isolate genomes, and MAGs are used when needed to confirm that these
307  patterns persist when sampling a broader set of host individuals (Fig. 7). By leveraging the
308 complementary strengths of both data types, we aim to minimize the risk that assembly artifacts
309 bias our conclusions about lifestyle-associated genomic evolution.

310

311
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312  Bacterial SGBs with broad sampling of StGBs to study the effect of host industrialization
313  status on genomic evolution

314

315  To test whether host industrialized vs. non-industrialized lifestyles exert selective pressures that
316  impact genomic evolution and adaptation of gut bacteria, we investigated a range of genomic and
317  phylogenetic features, including gene content, ancestral gene gain and loss events, signals of
318  positive selection, and individual SNVs. We focused on ten bacterial species that were well-
319  represented in the GMbC collection and included a high number of isolate genomes and StGBs
320 from individuals of both lifestyle types (Fig. 1F & G): Bacteroides fragilis (BFRA), Bacteroides
321 ovatus (BOVA), Bacteroides thetaiotaomicron (BTHE), Bacteroides uniformis (BUNI),
322  Bacteroides xylanisolvens (BXYL), Phocaeicola dorei (PDOR), Phocaeicola vulgatus (PVUL),
323  Parabacteroides distasonis (PDIS), Parabacteroides merdae (PMER), and Blautia A wexlerae
324 (BWEX). We complemented the GMbC genomes with published isolate genomes of these
325  species from the BIO-ML collection (industrialized host donors from the Boston (MA, USA) area)
326 that we generated using similar culturing and sequencing methods "2 (Fig. 1F). For each species,
327  we reconstructed the pangenome (core, accessory and cloud genomes) and the recombination-
328 aware phylogeny of StGB representative genomes (Fig. 1G and Supp. Fig. 3) (see Methods).
329  Phylogenetic signal analyses of the industrialization trait (industrialized / non-industrialized host)
330 using Blomberg’s K revealed that the trait has limited signal in most species (K < 1; Supp. Table
331 1) andis broadly distributed across StGB phylogenies (Fig. 1G). Only BWEX showed a significant
332  phylogenetic signal (K > 1, p-val < 0.01). Combined with appropriate control for phylogenetic
333  structure in statistical models, these patterns enable the detection of convergent genomic
334 responses to host industrialization status among distantly-related strains, as explored in the
335 following sections.

336

337  While we use a binary variable for industrialization status (industrialized vs. non-industrialized
338 host) to investigate patterns of bacterial adaptation, we acknowledge that this classification
339 oversimplifies a broad spectrum of lifestyle differences. In particular, non-industrialized
340 populations exhibit greater diversity in subsistence strategies and environmental exposures
341  compared to industrialized populations °. To address this limitation, we also incorporate a
342  continuous variable derived from a multidimensional reduction of lifestyle-related factors
343  (named “PC1 Lifestyle” thereafter), including but not limited to industrialization status (Fig. 1B).
344  This variable was computed from the broader GMbC cohort (n = 1,015 participants) that we
345  recently described °, which includes the GMbC participants used here for bacterial isolation. PC1
346 Lifestyle is strongly correlated with industrialization status, while also capturing finer-scale
347  variation in lifestyle across participants (Fig. 1B). Where appropriate (i.e. gene enrichment and
348  single nucleotide variant (SNV) analyses in Fig. 5 & 7), we use this higher-resolution variable as
349 a continuous proxy for industrialization to validate associations identified using the binary
350 classification.

351

352

353
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354  Proteome expansion and increased pangenome fluidity in gut bacteria of hosts with
355 industrialized lifestyles

356

357  We first tested whether the total protein-coding gene content differs between strains colonizing
358 individuals from industrialized vs. non-industrialized lifestyles. Across all 10 species examined,
359  strains from industrialized hosts consistently exhibited larger proteome sizes than those from non-
360 industrialized hosts (Fig. 3A). To account for phylogenetic structure, we applied phylogenetic
361 linear regression models across species and identified eight species with significantly larger
362  proteomes in industrialized strains (p < 0.05). Combining species-level p-values using Fisher’s
363 method revealed a strong overall signal of proteome expansion in industrialized populations (p =
364  6.2e-12) (Fig. 3A).

365

366  This proteome expansion may be associated with increases in pangenome size and fluidity. We
367 first confirmed that core genome size does not differ between strains from industrialized and non-
368 industrialized hosts (paired Wilcoxon test, p = 0.92), as expected, indicating that the observed
369 proteome expansion is not driven by changes in conserved genes. We then assessed pangenome
370 fluidity, which quantifies the variability in gene content among strains of the same species.
371 Specifically, fluidity measures the proportion of genes that are not shared between genome pairs,
372  relative to the total number of genes (see Methods). Higher pangenome fluidity reflects a more
373  open and dynamic pangenome, characterized by extensive gene turnover and accessory genome
374  diversity. Across all ten species analyzed, we consistently observed higher pangenome fluidity
375  among strains from industrialized hosts (p-val < 0.01 for each species; Fisher's combined p-val =
376  2.0e-91) (Fig. 3B), suggesting that bacterial strains in industrialized environments experience
377  stronger gene turnover and greater genomic plasticity. These findings align with our previous work
378 showing elevated rates of horizontal gene transfer (HGT) in gut bacteria from industrialized
379  populations %'

380

381
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Figure 3 — Industrialized host strains exhibit larger proteomes and signatures of relaxed
selection

A. Comparison of proteome size (coding gene counts) between strains of host with
industrialized vs. non-industrialized lifestyles (in purple and green, respectively) across
the 10 species presented in Figure 1. Counts were statistically compared while accounting
for phylogeny (phyloglm function, see Methods) (***: p-value < 0.001; **: p-value < 0.01;
*: p-value < 0.05; NS: non-significant — this legend applies to all other panels). P-values
were combined with the Fisher's method to test for cross-species evidence of differences
in proteome size against the null hypothesis. This p-value is shown on the right of the
panel.

B. Comparison of pangenome fluidity among industrialization- and non-industrialization-
associated strains. The ratio of shared genes was calculated for strain bin pairs, using
representative genomes. P-values were combined with the Fisher's method (p-value
shown on the right of the panel)
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399 Recent increase in rates of bacterial gene gains among industrialized hosts

400

401 We next sought to test whether the observed increase in proteome size among strains from
402 industrialized hosts is driven by elevated rates of gene acquisition or by reduced levels of gene
403 loss, relative to strains from non-industrialized hosts. Moreover, it remains unclear whether this
404 expansion reflects a recent evolutionary response to industrialized lifestyles. If the latter were the
405 case, we would expect gene gains and proteome size increases to be confined to terminal
406 branches of bacterial species trees, corresponding to more recent evolutionary events.
407  Alternatively, these events could have occurred along ancestral lineages, with ecological niche
408  selection favoring the colonization of industrialized hosts by strains of larger proteomes.

409

410 To distinguish between these scenarios, we used a species tree-gene tree phylogenetic
411 reconciliation method implemented in AleRax ** to identify the branches of the species trees along
412  which genes were gained or lost. AleRax distinguishes two processes of gene gain, either via
413  horizontal transfer or by origination. In order to reconstruct gene trees, we considered all gene
414  families being present in at least 4 different genomes across StGBs. We inferred whether
415  ancestral nodes along the species phylogeny were from industrialized or non-industrialized hosts
416  using Wagner parsimony. We then quantified gene gain/loss events and copy numbers across
417 internal and terminal branches based on reconciliation scenarios, stratified by host lifestyle (See
418  Methods, Supp. Table 4). We found higher counts of gene gains along branches associated with
419  industrialized lifestyles, that gene gains outnumbered losses across most species, and that they
420  mainly occurred along terminal branches (Fig. 4A, Wilcoxon-tests, plain circles show species with
421  statistically significant differences (p-val < 0.05) in event counts between lifestyles). Interestingly,
422  the higher rate of gene gain in B. thetaiotaomicron is amplified by high rates of gene gains along
423  ancestral branches associated with industrialized lifestyle, and higher rates of gene loss along
424  ancestral branches associated with non-industrialized lifestyle (Fig. 4A).

425

426  We further found that the difference between gene gain and loss counts across all branches is
427  strongly correlated with the number of HGT events per branch, supporting HGT as the primary
428 driver of gene acquisition in these lineages (Fig. 4B). Additionally, reconciliation-based
429  reconstructions of gene copy number along the species tree revealed that increases in gene
430 content predominantly occur along terminal branches associated with industrialized hosts (Fig.
431  4C and Supp. Fig. 4). Notably, gene families consisting of singletons or occurring in less than 4
432  StGBs were excluded from this analysis, indicating that proteome expansion is not solely driven
433 by the acquisition of rare genes, but also involves genes that are more broadly shared across
434  strains.

435

436  Altogether, these results show that the expansion of bacterial proteomes in industrialized hosts is
437  arelatively recent phenomenon, likely associated with the emergence of industrialized lifestyles,
438 and is mainly driven by high occurrence of HGTs.

439
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Figure 4 — Recent and HGT-driven gene gains promote proteome expansion in
industrialized strains
A. Species tree - gene tree reconciliations were sampled to detect and count per-branch

events of gene transfer, loss, origination and speciation (see Methods). Counts of per-
branch gene loss (left column) and gain (middle), and differences between gain and loss
counts (right) were compared between host lifestyle categories (industrialized: purple
area; non-industrialized: green area). Gene gains were defined as the sum of gene
transfer and origination events. Top row: counts aggregated across all branches. Middle
row: Counts of internal branches. Bottom row: counts of terminal (tip) branches. For each
species, median counts are shown, with intervals ranging from the 25th to the 75th
quantiles. Plain points indicate species for which the difference in counts between host
lifestyle categories is significantly different (Wilcoxon tests). Species are colored-coded.
Correlation between per-branch gain—loss differences and HGT counts, broken down by
internal (green) and terminal (orange) branches. All correlations are statistically significant
(p-val < 0.001; Spearman correlation tests).

Increasing gene content along lineages of industrialized hosts. The panel depicts the
evolution of the number of genes along the phylogeny of BOVA, BTHE, BXYL, PDOR and
PVUL, based on the reconciliation-aware reconstruction of ancestral gene contents.
Reconciliations were calculated from the set of gene families present in at least four StGBs
(tips of the tree). These 5 species have significant differences in proteome size (Figure 3)
and in gene gains along terminal branches between host lifestyles. Data for the other five
species, which show similar trends, is presented in Supp. Fig. 4.
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464 Differential enrichment of genes based on host industrialization status

465

466  Building on our finding that host industrialization influences pangenome size and fluidity, we
467  hypothesized that specific gene families within the accessory genome may exhibit differential
468 prevalence between strains from industrialized and non-industrialized hosts. To test this, we
469 analyzed gene presence/absence patterns across the pangenome of each species (mean = 2,691
470 gene families; SD = 1,515), using phylogeny-aware logistic regression models and the
471  recombination-aware StGB phylogenies. We considered host industrialization status as a binary
472  response variable, and significant associations were further validated using PC1 Lifestyle as a
473  continuous response variable (see Fig. 1B and Methods) for host industrialization. On average,
474  we found that5.13% (SD = 8.32%) of gene families were significantly associated with host lifestyle
475 (FDR-adjusted p < 0.05) (Fig. 5A, Supp. Fig. 5 & Supp Table 5).

476

477 To assess whether gene-level associations reflect convergent adaptation across species, we
478 identified genes with significant industrialization-associated prevalence in multiple taxa. Such
479  convergent signals, replicated both within and between species, would support the hypothesis of
480 positive selection acting on specific genes in response to lifestyle-related environmental
481 pressures. We found six gene families with significant associations in two or more species, with
482 all but one gene showing consistent direction of enrichment direction in relation to
483 industrialization: cas1 (BFRA, PDIS), int (BUNI, PDIS), ugd (BUNI, PDIS), wecA (BOVA, PDIS),
484  per1 (BUNI, PDIS, PVUL), and traM (BOVA, BUNI, PDIS) (Fig. 5B). Interestingly, both ugd and
485  wecA are involved in the formation of bacterial cell surface structures, particularly in the synthesis
486  of polysaccharides and glycans that form key components of the envelope, such as capsule, O-
487  antigen LPS, and enterobacterial common antigens **“°.

488

489  Expanding to functional annotations, we identified 23 KEGG Ortholog (KO) groups with significant
490 prevalence associations in at least two species. Of these, four appeared in three or more species:
491 K01185 (lysozyme; BOVA, BUNI, PDIS); KO7154 (serine/threonine-protein kinase HipA; BFRA,
492  PDIS, PVUL); K17836 (beta-lactamase class A; BUNI, PDIS, PVUL); and K21572 (starch-binding
493  outer membrane protein SusD/RagB; BFRA, BOVA, BUNI, BXYL, PDIS, PDOR) (Supp. Table 5).
494

495  To further explore cross-species convergence, we clustered the species-level catalogs of 90%-
496  similarity gene families into a broader, cross-species catalog at 50% sequence similarity. This
497  revealed 25 gene families with industrialization-associated signals in multiple species (Fig. 5B &
498  Supp. Table 5). Although many of these lacked annotations, we found that four belong to the tra
499  operon, involved in conjugative transfer of genetic material (traD, traK, traM, traN) *’, with traK
500 found to be associated with industrialization status in five species (BOVA, BUNI, PDIS, PVUL,
501 PMER). Additionally, two gene families were annotated as relaxases, enzymes involved in the
502  mobilization of plasmids and other mobile elements. Other annotated genes included a putative
503 virulence factor and a lysozyme, both of which may play roles in microbial competition or host
504 interactions (Fig. 5B).

505

506 Together, these findings highlight the key role of horizontal gene transfer and mobile genetic
507 elements in shaping the accessory genome in response to host lifestyle ***°. The recurrence of
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industrialization-associated gene families across multiple species suggests that adaptation to
industrialized and non-industrialized environments may be mediated, in part, by the acquisition
and spread of genes involved in cell surface structure, conjugation, resistance, and species-
species interactions.
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Figure 5 — Genes differentially enriched between host industrialized and non-industrialized
lifestyles

A

Gene enrichment analysis based on categorical and continuous levels of industrialization.
Gene profiles were coded as presence/absence data and were correlated to host
industrialization status encoded as a binary variable. Differential enrichment was tested
while controlling for phylogeny. Significant hits (g-value < 0.05) are colored coded based
on host lifestyle (purple: industrialized; green: non-industrialized). Non-significant genes
are colored in grey. Top row: volcano plots showing all genes. The number of statistically
significant genes is shown next to each species acronym. Significantly differentially
enriched genes validated by measuring correlations with PC1 Lifestyle rather than
industrialization status as a binary variable are shown in plain circles. Significant genes
not validated with PC1 Lifestyle are shown as empty circles. Bottom row: top 10 most
differentially enriched genes, for each lifestyle category. Genes with similar
presence/absence profiles are collapsed into a single gene cluster. Gene labels indicate
the number (n) of 90% gene families collapsed together.

Data for 5 species are shown. These species harbor most of the significant hits. Data for
the other 5 species is shown in Supp. Fig. 5.

Gene families (90% and 50% similarity gene clusters on top and bottom panels,
respectively) with signals of differential enrichment across multiple species. Most gene
families show convergent signals of differential enrichment based on host lifestyle
(enrichment in one of two lifestyle categories across multiple species).
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537 Lifestyle-specific signals of selection at the genome and gene levels

538

539 We next quantified gene-level signatures of selection to identify protein-coding genes under
540 positive selection in industrialized or non-industrialized host environments. To do so, we focused
541  onunicopy core protein-coding genes and calculated Ka/Ks ratios separately for strains from each
542 lifestyle category. On average, 1,724 genes were included in the Ka/Ks analysis per species
543  (range: 1,146 for Bacteroides xylanivorans to 2,065 for Bacteroides ovatus), with 87% of these
544  gene families having sufficient synonymous divergence (Ks) to be analyzed with confidence (see
545  Methods, Supp. Table 6).

546

547  Across species, 1.4% of genes showed evidence of positive selection (Ka/Ks > 1) in at least one
548 lifestyle category (Fig. 6A). The prevalence of positively selected genes varied substantially
549  between species, being highest in P. dorei (PDOR, 6.05%), P. merdae (PMER, 1.89%), and P.
550  wulgatus (PVUL, 1.81%), and lowest in B. ovatus (BOVA, 0.22%), B. xylanivorans (BXYL, 0.31%),
551  and P. distasonis (PDIS, 0.36%) (Fig. 6C). These differences are consistent with species-specific
552  variation in overall selection pressure, as reflected in median Ka/Ks values across genes, with
553 PDOR displaying the highest (0.28) and BXYL the lowest (0.09) (Fig. 6B). We also identified
554  numerous genes that were under positive selection specifically in either industrialized or non-
555  industrialized hosts, suggesting context-specific adaptive pressures (Fig. 6A & C-D).

556

557  To collect additional evidence of positive selection associated with industrialization status, we
558 searched for convergent signals across species — specifically, gene functions under
559 industrialization-specific positive selection in multiple taxa. This analysis revealed two KEGG KOs
560  with repeated signatures of positive selection in strains from industrialized hosts (Fig. 6E). The
561 first, KO3088, encodes rpoE, an extracytoplasmic function sigma factor from the sigma70 family,
562  which regulates the expression of stress response genes involved in maintaining cell envelope
563 integrity and responding to oxidative stress *°. K03088 genes are under positive selection in
564  strains of PDIS, PDOR, and PVUL in industrialized hosts, suggesting a lifestyle-associated
565 diversification of envelope stress responses in industrialized environments. The second, K06381,
566  groups genes with peptidoglycan Iytic transglycosylase activity, including spolID that is involved
567 in sporulation (Fig. 6E) ®'. Two genes within this orthologous group showed signals of positive
568 selection in industrialized hosts: spollD itself in BWEX, and a SpollD/LytB domain-containing
569 protein in BFRA. These findings suggest that peptidoglycan hydrolase functions — which play
570 roles in cell wall remodeling during sporulation in BWEX — may be adaptive targets in
571 industrialized gut environments.

572

573  We also identified six operons containing multiple genes under positive selection across species:
574  genes of the CoA biosynthesis (coa) (coaE in PVUL and coaX in PDOR) and of the purine
575  metabolism (pur) (purT in BOVA and purN in PVUL) operons are under positive selection in
576 industrialized hosts. Genes of the DNA damage response (din) (dinB in BFRA and dinF in PDOR)
577 and of the cysteine metabolism (cys) (cysK in PDOR and cysC in PMER) operons are under
578  positive selection in non-industrialized hosts (Fig. 6E).

579

580
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583 Figure 6 — Lifestyle-specific signals of positive selection at the gene level

584 A. Gene-level Ka/Ks values across species and host lifestyles (90% similarity gene families).
585 For each lifestyle category and each gene, Ka/Ks values were computed for all pairs of
586 codon-aligned gene sequences. Median Ka/Ks values are reported.

587 Distribution of species-level median Ka/Ks values, aggregated across all genes.

588 Counts of genes with median Ka/Ks values >= 1 (positive selection) across host lifestyle
589 categories.

590 Percentage of genes with median Ka/Ks values >= 1 across host lifestyle categories.

591 Operons, 50% similarity gene clusters and KEGG KOs with convergent signals of positive
592 selection across 2+ species.

593 F. Top genes with highest absolute differences in median Ka/Ks values between
594 industrialized and non-industrialized lifestyle categories.
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595

596

597  To further investigate host lifestyle-driven selection, we ranked genes based on the difference in
598 Kal/Ks between strains from industrialized and non-industrialized hosts, regardless of whether
599 Kal/Ks exceeded 1 (Fig. 6F). This analysis revealed a set of genes with consistently elevated
600 selection pressure in one lifestyle category across multiple species (Supp. Fig. 6), many of which
601  are associated with stress response, metabolism, or virulence (Supp. Fig. 6). For instance, both
602 pepP and tpiA exhibited elevated Ka/Ks in industrialized hosts across eight species. pepP
603 encodes Xaa—Pro aminopeptidase P, a cytosolic metallo-exopeptidase involved in peptide
604  degradation, outer membrane vesicle (OMV) production, and bacterial virulence 2. tpiA encodes
605 triosephosphate isomerase, a central enzyme in glycolysis essential for growth on glucose and
606 other glycolytic substrates *. In several bacteria, tpiA has also been linked to virulence,
607 pathogenicity, and antibiotic resistance **. Another gene, truB, showed elevated Ka/Ks in
608 industrialized hosts across seven species. truB encodes a tRNA pseudouridine synthase, which
609 contributes to ribosome stability and stress adaptation. truB has also been implicated in bacterial
610  virulence in pathogenic contexts °.

611

612  Conversely, uppS and serC exhibited elevated Ka/Ks in non-industrialized hosts across eight and
613  seven species, respectively (Supp. Fig. 6). uppS encodes an undecaprenyl diphosphate
614  synthase, an essential enzyme in the biosynthesis of lipid carriers required for peptidoglycan
615 synthesis, cell wall assembly, and antibiotic resistance *°. serC encodes a phosphoserine
616  aminotransferase, which is critical for serine biosynthesis and supports metabolic flexibility,
617  particularly under nutrient-limited conditions -8,

618

619 Together, these results demonstrate that host industrialization status can exert selective
620 pressures on specific genes and pathways across multiple gut bacterial species.
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621 Parallel SNV-level adaptation to host industrialization across gut bacteria

622

623  Next, we identified single nucleotide variants (SNVs) that are associated with host industrialization
624  status to go beyond the detection of positive selection at the level of genes, as individual variants
625 may also evolve in response to host environments. To investigate this, we analyzed non-
626 synonymous SNVs in the core genome, while accounting for phylogenetic structure (see
627  Methods). To limit the confounding effect of recombination, we excluded SNVs predicted to be
628 part of recombination regions *° (see Methods). This analysis was restricted to the five species
629  with the largest number of genomes and StGBs (BFRA, BOVA, BUNI, PDIS and PVUL) to ensure
630 sufficient statistical power for detecting lifestyle-associated SNVs. To validate associations drawn
631  from the analysis of isolate genomes, we performed a secondary association analysis using SNVs
632 called from MAGs reconstructed from gut shotgun metagenomes of the entire GMbC cohort (n =
633 1,015 individuals, 12 countries and 35 localities spanning a range of a range of industrialization
634 levels and subsistence strategies), which we recently described ° (see Methods). We also
635 considered an additional layer of validation, using PC1 Lifestyle as a continuous response
636 variable for host industrialization. We then defined an SNV hit as “high-confidence” if (i) it showed
637 a consistent direction of effect with both isolate and MAG data, (ii) it achieved FDR-adjusted
638  significance (p-val < 0.05) in the isolate genome analysis, (iii) it achieved significance (p-val <
639  0.05) in the validation analysis with MAGs, and (iv) it achieved significance (p-val < 0.05) in the
640 validation analysis with PC1 Lifestyle (Supp. Table 7).

641

642  Across the five species tested, we found numerous high-confidence non-synonymous SNVs in
643  core genes that are significantly associated with host industrialization (Fig. 7A). The identification
644  of such SNVs suggests that convergent adaptation to host industrialization across distantly-
645 related strains is occurring within each of these species. Interestingly, 93%, 71%, 79%, 85% and
646  100% of hits detected with industrialization categories were validated with PC1 Lifestyle for BFRA,
647 BOVA, BUNI, PDIS and PVUL, respectively. Beyond showing robustness, these validations also
648  suggest that changes in non-synonymous SNV frequencies occur along a spectrum of host
649 lifestyle variation. Interestingly, genes containing these host lifestyle-associated SNVs are part of
650 operons involved in stress response (e.g. mut, uvr), nutrient acquisition and central metabolism
651 (e.g. asn, nad), host interaction and virulence (e.g. ent, prt), and transport and membrane
652 remodeling (e.g. feo, mal) (Fig. 7A & Supp Table 7).

653

654
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657 Figure 7 — Patterns of single nucleotide polymorphisms reveal genes and operons that
658 undergo cross-species parallel evolution associated with host lifestyle

659 A. Associations between single nucleotide variants (SNVs) and host lifestyle categories were
660 calculated while accounting for phylogeny (see Methods). Associations were calculated

for the 5 species with enough genome sample size to yield sufficient statistical power. Hits

662 (g-value < 0.05) were cross-validated using GMbC shotgun metagenomes (n = 1,015, see
663 Methods) that were sampled from diverse geographies worldwide, including those from
664 which isolate genomes originate (reference). Hits validated by metagenomes are shown
665 as diamonds and annotated.

666 B. Convergent signals of SNV-host lifestyle associations across bacterial species. Each tile
667 represents an operon—species association and contains the names of genes within that
668 operon that contain host-lifestyle associated SNVs. Operons are shown along the x-axis,
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669 and species along the y-axis, cells are color-coded by species identity. Black points show
670 operons in which similar genes contain host-lifestyle associated SNVs across species. All
671 SNV data can be found in Supp. Table 7.

672

673

674  We then searched for genes and gene functions that harbor lifestyle-associated non-synonymous
675 SNVs in multiple species. As for our previous analyses on gene enrichment and Ka/Ks, the
676 rationale is that cross-species convergent evolution would provide even further compelling
677 evidence of adaptation to host environments shaped by industrialization beyond strain-level
678  convergent evolution. This analysis revealed 23 genes with lifestyle-associated non-synonymous
679  SNVs occurring in at least two different species (Fig. 7B). We further identified 30 operons
680 containing genes with lifestyle-associated non-synonymous SNVs across multiple species.
681  Remarkably, we found that the cob operon, which encodes enzymes for cobalamin (vitamin B12)
682  biosynthesis, harbors lifestyle-associated SNVs in PDIS and PUNI. This mirrors recent findings
683  from our analysis of GMbC gut metagenomes ®, which identified cobalamin biosynthesis pathways
684  as significantly enriched in populations having increased levels of industrialization, after adjusting
685  for geographic, dietary, and host genetic confounders. These two independent lines of evidence,
686  found at the genomic and metagenomic levels, strongly suggest that vitamin B12 biosynthesis is
687 a key adaptive trait in response to industrialized host environments. Second, we observed
688 repeated signals in the mur operon, which is essential for murein (peptidoglycan) biosynthesis, a
689  core component of the bacterial cell wall. Specifically, lifestyle-associated non-synonymous SNVs
690  were identified in murE in BUNI, murF in PVUL, and murA, murB, murD, murE, and murF in PDIS.
691  This points to a potential role of cell wall remodeling and integrity in adaptation to differing host
692 lifestyles. Third, we found that two operons involved in lipopolysaccharide (LPS) biosynthesis (Ipx,
693  encoding genes for lipid A biosynthesis and rfb, encoding genes for O-antigen biosynthesis) also
694  harbor host lifestyle-associated SNVs in multiple species. Given the role of LPS in host immune
695 recognition and membrane structure, these findings suggest that modulation of LPS structure may
696 be an important contributor to adaptation to host lifestyle-specific environments.

697

698  Together, these findings provide evidence for SNV-level parallel evolution across gut bacteria,
699 highlighting shared functional targets that may mediate adaptation to host lifestyle and
700  industrialization.

701

702

703

704

705
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706  Discussion

707 In this study, we provide evidence that human lifestyle, particularly factors associated with
708 industrialization status, shape the genomic evolution of bacterial commensals. We show that
709  strains from industrialized hosts harbor larger proteomes and exhibit increased pangenome
710  fluidity. We found that recently acquired genes during bacterial evolution, explained by HGT, are
711 driving these phenomena. These findings confirm that HGT is a primary mechanism for rapid
712 evolutionary innovation in the human gut microbiome, and are in line with our previous discovery
713  that frequencies of HGT are elevated among microbes co-occurring in industrialized hosts 2'.
714 Interestingly, a recent study also showed that HGT facilitates adaptative selective sweeps of
715  mdxEF genes, involved in maltodextrin metabolism, among industrialized populations 2. We
716  further accumulated multiple lines of evidence of convergent evolution of genomic features with
717  respect to host industrialization status and lifestyle (PC1 Lifestyle), including the differential
718  enrichment of genes, gene-level positive selection, and non-synonymous SNV frequency. Such
719  convergent patterns could be observed at different taxonomic resolutions, both between strains
720 and across species. These parallel genomic signatures are consistent with adaptation to the
721  ecological conditions associated with industrialized or non-industrialized environments, including
722  exposure to different commensal and environmental microbes, dietary profiles and medication
723  usage %. The functional categories involved in these changes include traits that are relevant for
724  ecological adaptation. In particular, genes under selection or containing lifestyle-associated SNVs
725  are involved in stress response (e.g., rpoE, uvr, mut), cell envelope remodeling (e.g., mur, Ipx,
726  rfb), central metabolism (e.g., cob, nad, asn), and host interaction or virulence-related functions
727  (e.g., prt, ent) (Fig. 5 & 6).

728

729  Lastly, several of the adaptive features that we identified may have important implications for host
730  physiology and health. Notably, genes involved in vitamin B12 biosynthesis harbor lifestyle-
731 associated non-synonymous SNVs across multiple bacterial species. Several vitamin B12
732  biosynthesis pathways were also found to be differentially abundant in the metagenome of the
733 broader GMbC cohort (n = 1,015) ©, with higher abundance among populations more exposed to
734  industrialized environments. This suggests that cobalamin biosynthesis constitutes a key adaptive
735  ftrait in industrialized gut ecosystems. Similarly, we observed multiple signals of adaptation in
736  lipopolysaccharide (LPS) biosynthesis pathways — including wecA, Ipx, and rfb genes (Figs. 5 &
737  7) — which are critical for bacterial membrane structure, bacteria-bacteria interactions and host
738 immune recognition. These findings indicate that LPS remodeling may not only contribute to
739  microbial adaptation in industrialized hosts, but could also influence host immune and
740  inflammatory responses °'.

741

742  Limitations

743  Our analysis focused on ten bacterial species. While these species are prevalent and functionally
744  significant components of the human gut microbiome, further investigations that broadens
745  taxonomic and host representation will be necessary to assess the generalizability of our findings.
746  In addition, even though we discovered several associations between host industrialization status
747  and microbial genomic features, it is still unclear which environmental factors, such as dietary
748  composition, medication use, sanitation, or other exposures related to lifestyle, are responsible
749  for these correlations. Future research combining functional validation, experimental evolution,
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and fine-scale environmental variable measurement will be essential to identify and separate the
selective pressures that influence the evolution of microbial genomes in response to variations in
the industrialization of host environments.

Finally, the evolutionary mechanisms driving the expansion of proteomes in strains from
industrialized hosts remain unclear. Although we find signatures of adaptation shaping the
distribution of individual genes, the overall proteome expansion may result from the relaxation of
purifying selection, allowing the accumulation of slightly deleterious genes and mobile elements.
Future studies involving population structure reconstruction, effective population size estimation,
the study of mutational and recombination processes influencing allele frequencies, and fitness
experiments will be required to distinguish the relative contributions of adaptive versus non-
adaptive processes in influencing the evolution of the bacterial genome across lifestyles.
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769 Methods

770

771 Participant recruitment and collection of biospecimens

772  To culture and isolate the additional 1,841 GMbC bacterial strains generated in this study, we
773  selected 20 participants from the GMbC cohort (cross-sectional population cohort of healthy
774  adults that we recently described °). These individuals were chosen to represent a broad range
775  of lifestyle, urbanization levels, and geographic origins (see below), and none had taken
776  antibiotics or antiparasitic treatments recently. All participants were asymptomatic for infectious
777  or chronic diseases at the time of enroliment. The 20 participants were from Cameroon, Ghana,
778  Malaysia, Nigeria, and Rwanda. This new set of isolate genomes builds upon our initial GMbC
779  collection of 4,140 isolates 2!, bringing the total to 6,000 isolates from 56 participants spanning
780  nine countries, including the USA, Canada, Finland, and Tanzania. Written informed consent was
781  obtained from all participants, using translations in local language when appropriate. Research &
782  ethics approvals were obtained from the MIT IRB (protocol #1612797956) and from the Ethics
783  commission of the Medical Faculty of Kiel University (Studie D 511/24). Permits were also
784  obtained in each sampled country prior to the start of sample collection, from the following ethics
785  committees:

786 e Cameroon: Comité National d’Ethique de la Recherche pour la Santé Humaine, protocol
787 #2017/05/901/CE/CNERSH/SP;

788 e Ghana: Cape Coast Teaching Hospital Ethical Review Committee, protocol
789 #CCTHERC/RS/EC/2016/3 and Committee on Human Research, Publication and Ethics
790 of the Komfo Anokye Teaching Hospital, protocol #CHRPE/AP/398/18;

791 e Malaysia: Universiti Malaya Medical Research Ethics Committee, MREC ID No.: 2018219-
792 6033;

793 e Nigeria: National Health Research Ethics Committee of Nigeria, protocol
794 #NHREC/01/01/2007-29/04/2018.

795 e Rwanda: National Ethics Committee, protocol IRB 00001497 of IORG0001100

796

797  Participants self-collected a fresh fecal sample using sterile containers, which were returned to
798  GMDbC scientists for on-site processing within 3 hours after defecation. Raw stool was diluted 1:5
799 in a 25% pre-reduced anaerobic glycerol solution containing acid-washed glass beads for
800 homogenization, then aliquoted into 2 mL cryogenic tubes. Aliquots in cryoprotectant were flash-
801  frozen either in liquid nitrogen (-196 °C) using a cryoshipper tank or stored at -80°C. An
802  additional 1-2 g of stool was preserved in RNAlater for DNA stabilization and sequencing. All
803 samples were subsequently shipped to MIT for further processing and storage.

804

805 Host metadata and industrialization status

806 Lifestyle metadata were collected for all GMbC participants and analyzed using dimensionality
807  reduction techniques °. Briefly, we used the Human Development Index (HDI), as described
808 previously ', as a measure to determine the industrialization status of sampled populations.
809  Populations from localities with HDI values below the national median (0.739 in 2022) were
810 classified as non-industrialized, while those with values above this threshold were classified as
811 industrialized. We also collected a range of lifestyle variables including, e.g., population density,
812  main subsistence strategies, type of floor in households, access to electricity, household size,
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813  contact with animals, frequency of physical activities per week and source of drinking water. A full
814 list of lifestyle variables, along with dietary and medication data for the participants used for
815  bacterial culturing is provided in Supp. Table 1.

816  We used the PCAmix function from the PCAmixdata R package to perform a principal component
817  analysis of lifestyle variables (Fig. 1B). PC1 Lifestyle strongly correlates with industrialization
818  status, along with other key factors such as access to electricity, main subsistence strategy, floor
819 type and type of drinking water (Fig. 1B). PC1 Lifestyle is used as a continuous proxy for
820  industrialization.

821

822  Culturing and isolation of gut bacteria

823  We used the same culturing procedures as used previously to build the BIO-ML '? and the GMbC
824  ?'isolate collections. Fecal samples were processed anaerobically (5% Hydrogen, 20% Carbon
825  dioxide, balanced with Nitrogen) and diluted in pre-reduced PBS (with 0.1% L-cysteine
826  hydrochloride hydrate). Samples were plated onto pre-reduced agar plates and incubated
827  anaerobically at 37C for 7 to 14 days. Both general (nonselective) and selective media were used
828  to culture diverse groups of organisms (Supp Table X). After incubation, bacteria were isolated
829  and purified through two rounds of picking and re-streaking at 37C. One colony was then
830 inoculated in liquid media. After 2 days of anaerobic incubation at 37C, the taxonomy of the isolate
831  was identified using 16S rRNA gene Sanger sequencing (starting at the V4 region). We first
832  amplified the full 16S rRNA gene by PCR (27f 50-AGAGTTTGATCMTGGCTCAG-30 - 1492r 50-
833 GGTTACCTTGTTACGACTT-30) and then generated a 1kb long sequence by Sanger reaction
834  (u51550-GTGCCAGCMGCCGCGGTAA-30). Isolates were then stored at -80C in a pre-reduced
835  cryoprotectant glycerol buffer. See Supp Table X for the list of culturing media, selection
836  treatments and isolate metadata.

837

838 DNA extraction, library prep and sequencing of isolate genomes

839  We used the same procedures used to generate the first set of GMbC isolate genomes 2'. Briefly,
840 whole genome DNA from isolates was extracted with the DNeasy UltraClean96 MicrobioalKit
841  (QIAGEN), following manufacturers’ protocols. Genomic DNA libraries were built from 1.2ng of
842  extracted DNA using the Nextera DNA Library Preparation kit (lllumina), following the
843  manufacturer’s protocol, with reaction volumes scaled accordingly. Isolated libraries were pooled,
844  with insert size and concentration of each pooled library being determined using an Agilent
845  Bioanalyzer DNA 1000 kit (Agilent Technologies). Paired-end (2x150bp) reads sequencing was
846  performed using an lllumina NextSeq 500 instrument (lllumina Inc) at the Broad Institute.

847

848 Assembly and quality estimation of GMbC isolate genomes and MAGs

849 Isolate genome assemblies were reconstructed as follows. We first used cutadapt v1.12 52 (with
850 parameters -a CTGTCTCTTAT -A CTGTCTCTTAT) and Trimmomatic v0.36 ®* (with parameters
851 PE -phred33 LEADING:3 TRAILING:3 SLIDINGWINDOW:5:20 MINLEN:50) on demultiplexed
852  paired-end short reads to remove barcodes and lllumina adapters and for base quality filtering.
853  We then used SPAdes v.3.9.1 ® (with parameter—careful) for de novo assembly of reads into
854  contigs. To iteratively improve genome assemblies, we used SSPACE v3.0 ®° and GapFiller v1-
855 10 ® to scaffold contigs and to fill sequence gaps (with default parameters). We removed scaffolds
856  smaller than 1kb. All reads were aligned back to the assembly to compute genome coverage
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857 using BBmap v37.68 (https://jgi.doe.gov/data-and-tools/bbtools/) and the covstats option (with
858  default parameters).

859 MAGs were reconstructed from n = 1,015 shotgun metagenomes of the GMbC cohort, as
860  described in our recent work , resulting in a total of n = 24,163 quality-filtered MAGs (see below).
861 Among these, 1,424 MAGs originated from the donors used for generating GMbC isolate
862 genomes (from the same original stool sample). Briefly, quality filtered short read shotgun
863 metagenomic data was assembled into contigs using Megahit ’. Contigs were binned using a
864  multi-binning and refinement strategy in MAGScoT *°, using MaxBin2 8, Metabat2 ®°, CONCOCT
865 "°and VAMB "' binning tools.

866  Genome completeness and contamination were estimated using CheckM and MAGSco
867  Standard thresholds for completeness (>50%) and contamination (<10%) were used to filter out
868  low-quality genomes. Genome quality was defined as Q = Completeness - 0.5 * Contamination.
869  We considered genomes with Q > 0.7 as high-quality genomes, and genomes with 0.7 > Q > 0.5
870  as medium-quality genomes. All GMbC isolate genomes are high-quality genomes, with median
871 Q=0.98, min Q = 0.88, max Q = 1. Assembly and genome quality statistics for GMbC isolate
872  genomes and MAGs can be found in Supp. Table 1.

873

874  External collections of human gut bacterial isolate genomes and MAGs

875 We included 3,632 human gut bacterial isolate genomes from the BIO-ML collection, which we
876 generated in a previous study '2. These isolates were obtained from participants with
877  industrialized lifestyles recruited in the Boston (MA, USA) area and were processed using the
878 same culturing, sequencing, and assembly protocols described above for the GMbC isolate
879 genomes. MAGs were also reconstructed from the 11 BIO-ML participants used for culturing and
880 isolating bacteria, using the same pipeline as for GMbC MAGs. For comparative analyses, we
881 also included 4,644 representative MAGs from the UHGGV2 collection of human gut MAGs 243,
882

883 GMbC shotgun metagenomes

884  We generated shotgun gut metagenomic data for GMbC cross-sectional population cohort (n =
885 1,015 healthy adult participants). This includes the participants whose sample we used in this
886  study to culture and isolate gut bacteria. We present the shotgun metagenomic data in our
887  recently published work °. Briefly, the data were sampled from 12 countries and 35 localities,
888 across a range of industrialization levels and subsistence strategies. Briefly, DNA was extracted
889  from stool samples stored in RNAlater using the MoBio Powersoil 96 kit, and sequencing libraries
890 were prepared with the Nextera XT kit. Paired-end 150 bp sequencing was performed on the
891  lllumina NovaSeq S4 platform, generating a median of 21.7 million reads per sample. GMbC and
892  BIO-ML MAGs were reconstructed as described above (section “Assembly and quality estimation
893  of GMbC isolate genomes and MAGs”). GMbC and BIO-ML MAGs and isolate genomes were all
894  clustered into reference species-level genome bins (SGBs) using a multi-step workflow based on
895  ANI clustering with dRep and fastANI, resulting in a final non-redundant set of 2,379 SGBs, 480
896  of which contained isolate genomes °. SGB representatives were taxonomically annotated with
897  GTDB-Tk (v2.3) and the GTDB reference database (rel214). They were used as references for
898 abundance estimation with Salmon in metagenome mode °. Relative abundances were
899  expressed in TPMs, filtered to remove low-abundance SGBs (<1,000 reads and <250 TPMs), and
900 transformed using CLR with a pseudocount of 1. Fig. 1B shows the microbiome alpha and beta

T 40,72
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901  diversity of GMbC and BIO-ML participants from whom bacterial isolates were obtained. Alpha
902  diversity was calculated using Faith’s PD index, while beta diversity was assessed using the
903 unweighted UniFrac dissimilarity implemented in the GUniFrac R package (https://cran.r-
904  project.org/web/packages/GUniFrac/index.html). Both metrics were computed using a
905 phylogenetic tree of the reference SGBs based on the GTDB single-copy marker gene alignments
906 and the GTDBtk “infer” workflow.

907

908 SGB and StGB reconstruction from isolate genomes and MAGs

909  We clustered genomes into species-level genome bins (SGBs) by combining GMbC and BIO-ML
910 isolate genomes with GMbC MAGs. To ensure high-quality clustering, we implemented an
911  iterative workflow that optimizes cluster resolution and quality. First, GMbC MAGs were clustered
912  within each geographic location at 97% average nucleotide identity (ANI) using dRep (v3.4.0).
913  For each cluster, we selected the MAG with the highest quality score as its representative. These
914  representative MAGs were then classified as either high-quality (HQ; score > 0.7) or medium-
915  quality (MQ; 0.5 < score < 0.7). Next, HQ MAG representatives were combined with all GMbC
916  and BIO-ML isolate genomes and clustered into SGBs (95% ANI). Each MQ MAG representative
917  was then compared to the HQ SGB representatives using fastANI (v1.33) and assigned to an
918 SGB if it shared at least 95% ANI. MQ MAGs without matches at the required threshold were
919  reclustered using dRep to form MQ SGBs, and we conserved bins only if they contained more
920 than one genome. Finally, HQ and MQ clusters were merged to generate the final set of non-
921  redundant SGBs. GMbC and BIO-ML isolate genomes were also clustered at 99% ANI to form
922  strain-level genome bins (StGBs). For the evolutionary genomic analyses of the 10 species
923  presented in Fig. 3-7, StGBs containing genomes from multiple donors were further split by donor
924  to ensure that each StGB represented a donor-specific strain.

925

926 Comparison of GMbC isolates with UHGG MAGs, BIO-ML isolates and GMbC MAGs

927  SGB and StGB representative genomes were compared to the UHGGv2 representative MAGs (n
928 = 4,644) using fastANIl. A genome was classified as “included in UHGG” if it shared >95% ANI
929  with a UHGG representative genome. GMbC isolate genomes were considered to be represented
930 in GMbC MAGSs or BIO-ML isolates if they clustered within the same SGB or StGB.

931

932 Identification of Isolate-MAG pairs of genomes

933 Isolate-MAG pairs from the same donor and same species-level taxonomy were identified by
934 matching MAGs and isolate genomes from the same individual that clustered within the same
935 SGB. If multiple isolate genomes from a given donor were present within an SGB, we calculated
936  pairwise ANI values between each isolate and the corresponding MAG. The isolate genome with
937  the highest ANI to the MAG was selected as the representative genome for downstream pairwise
938 comparisons of genomic features (Fig. 2).

939

940 Gap-seq metabolic features

941  Genome-scale metabolic models were reconstructed using gapseq (v1.2, commit 2dfa8c80) " for
942  all paired MAGs and isolate genomes (Fig. 2). The reconstruction workflow using gapseq
943  consisted of 5 steps. First, all bacterial pathways from the MetaCyc and gapseq database were
944  retrieved with ‘gapseq find’ and options ‘-p all -t Bacteria’. Second, all cross-membrane metabolite
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945  transporters were recovered using ‘gapseq find-transport’. Third, draft metabolic networks were
946  reconstructed from the two previous steps using ‘gapseq draft’. Fourth, an anoxic growth medium
947  for the given organism is predicted from the draft metabolic network using ‘gapseq medium’ and
948  the option ‘-c "cpd00007:0™, following our previous study °. Finally, gaps in the draft metabolic
949  network were filled in order to enable growth (i.e. formation of biomass), assuming the growth
950 medium predicted at the previous step. This step was performed using the ‘gapseq fill’ module.
951 For all models, the number of reactions, metabolites, and genes that are linked to reactions or
952 transporters are counted for the draft network reconstruction and for the gap-filled network.

953

954 Functional profiling of ARGs, VFs, CAZymes, MGEs and MGE machineries in isolate-MAG
955  pairs

956  Antibiotic resistance genes and virulence factors were identified in genome assemblies using
957  Abricate (https://github.com/tseemann/abricate), with annotations based on the NCBI
958  AMREFinderPlus database ® for resistance genes and the VFDB database ’” for virulence factors.
959 CAZyme genes were detected using dbCAN3 (https://github.com/linnabrown/run_dbcan) 8. We
960 used MacSyFinder (version 2.0) ™ to profile MGEs and MGE machineries of three key systems:
961  type secretion systems (TXSS), type IV filaments (TFF), and conjugative transfer systems (Conj).
962  We used ISEScan (version 1.7.2.3) & to identify insertion sequences (IS). We used geNomad
963  (v1.7.4)® to detect prophages. Following a recently established protocol 82, we first used checkV
964  (v1.5) ® to measure phage sequence quality, retaining only prophage sequences with >50%
965 completeness (including medium-quality, high-quality and complete sequences) for downstream
966  analysis. Prophage sequences were then clustered based on average nucleotide identity, with
967 the longest prophage contig in each cluster selected as the representative sequence.

968

969 Inference of horizontal gene transfers from isolate genomes and MAGs

970  We detected HGTs on the 147 pairs of MAG and isolate genomes, identifying HGTs among MAGs
971  and isolate genomes separately. We focused on HGTs occurring between bacterial species. The
972 147 genomes cluster into 87 different SGBs, which constitutes 3,741 species pairs. To detect
973  HGTs, we used methods that we implemented in previous studies 2! that rely on the Blast-based
974  detection of blocks of DNA that are shared by two genomes of different species. We retained blast
975  hits with 100% similarity and that are larger than 500bp, to focus on the most recent HGTs . We
976 analyzed HGT sequences that have a relative read coverage higher than 0.2 compared to the
977  average genome coverage in at least one of the two compared genomes 2'. We considered a
978  HGT having occurred between two species when we could identify at least one genome pair with
979  atleast one blast hit.

980

981 Species selection

982  We ranked species in the combined GMbC and BIO-ML isolate genome collection based on the
983  total number of distinct StGBs sampled, as well as their representation across industrialized and
984  non-industrialized hosts. For downstream genomic analyses, we selected the top 10 species
985 meeting these criteria (Fig. 1G), each represented by a minimum of eight StGBs per host
986 industrialization category (Supp. Table X). Included species are Bacteroides fragilis (BFRA),
987  Bacteroides ovatus (BOVA), Bacteroides thetaiotaomicron (BTHE), Bacteroides uniformis
988  (BUNI), Bacteroides xylanisolvens (BXYL), Phocaeicola dorei (PDOR), Phocaeicola vulgatus
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989 (PVUL), Parabacteroides distasonis (PDIS), Parabacteroides merdae (PMER), and Blautia A

990 wexlerae (BWEX). We purposefully excluded Escherichia coli, as our focus was on abundant

991  members of the gut microbiome that have not yet been extensively characterized — unlike E. coli,

992  whose global genomic diversity has been well studied 8.

993

994  Variant calling and annotation

995 For the ten species, we considered all GMbC and BIO-ML isolate genomes with >95%

996 completeness, based on MAGScoT estimates. A reference genome per species was chosen

997  based on the best quality score Q (see above) and the highest L50 value. Contigs were joined

998 into a single fasta sequence with a stretch of 100 ambiguous bases between contigs to create an

999 artificial continuous genome for downstream read mapping and variant calling. Short read data of
1000 allisolate genomes were mapped against their respective species reference genome using snippy
1001  with default parameters, requiring a coverage >= 10-fold for the variant calling. MAGs derived
1002  from metagenomic data of the broader GMbC cohort © that are of the same species were also
1003 included. We selected MAGs that have >97% average ANI (using skani) to any of the isolate
1004 genomes in each species, and that have low contamination estimates (<10%) data. MAGs were
1005 processed with snippy in the “contigs” mode (--ctgs flag) (https://github.com/tseemann/snippy).
1006 Isolate and MAG-derived snippy variant calls were combined in a single whole-genome alignment
1007 using the ‘snippy-core’ command. The alignment was then cleaned using the ‘snippy-
1008 clean_full_aln’ utility script provided by the snippy developer. To discriminate gaps within the
1009 alignment from gaps at the end of contigs, gaps of length <= 10bp were masked. We discarded
1010 genomes that had more than 40% ambiguity calls or gaps from the final snippy output. The
1011 alignment was converted to a VCF file of all single-nucleotide variants (SNVs) using ‘snp-sites’
1012  utility script of snippy. Multi-allelic variants were decomposed to individual entries in the VCF file
1013  using vt decompose (https://github.com/atks/vt). Variant effects were predicted using snpEff °.
1014
1015 Recombination-aware reconstruction of StGB phylogenies
1016 A reference genome per StGB and per individual was selected using the same criteria as for the
1017  selection of species-level reference genomes (see previous section). Reference genomes were
1018 extracted from the whole genome alignment reconstructed with snippy and used for phylogeny
1019  reconstruction using IQ-TREE2 and a generally time reversible (GTR) substitution model . We
1020  then used Gubbins *° to identify and mask regions of homologous recombination. The masked
1021  alignment was then reused in IQ-TREE2 (GTR model) for phylogenetic reconstruction.
1022
1023  Gene calling and pangenome reconstruction
1024  Protein-coding gene sequences from all isolate genomes of the ten selected species were
1025  predicted using PROKKA (default parameters) . Coding sequences (CDSs) were then clustered
1026 into gene families at 90% sequence identity using MMseqs2 (v13.45111) and the ‘easy-linclust’
1027  module with the options ‘--cov-mode 1 -c¢ 0.8 --kmer-per-seq 80’ 8. Representative sequences for
1028 each gene family were functionally annotated using EQgNOG-mapper (v2.1.3; database version
1029  220425) ®. Within each species, gene families were subsequently categorized into three groups
1030 based on their prevalence across genomes: (soft-)core genome (>95% of genomes), accessory
1031  genome (5-95%), and cloud genome (<5%).
1032
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1033  Quantifying mutational selective pressures

1034  Species-level single-copy core gene families (SCGs) were defined as being present in 95% of all
1035 isolate genomes of a species, and found in each individual StGB. SCG protein sequences of the
1036  representative StGB genomes were aligned using MAFFT in ‘--auto’ mode %. Protein-level
1037  alignments were translated back to nucleotidic sequences to obtain codon-level alignments, which
1038  were subjected to pairwise Ka and Ks value calculations using the kaks() function of the ‘seqinr’
1039 R package. Sequence pairs with at least one synonymous and one non-synonymous mutation
1040 were included, while others were assigned a -1 value and excluded from the analysis as
1041  recommended in PAML. For each gene family, mean Ka/Ks values were calculated for each host
1042  industrialization category. Mean Ka/Ks values for which > 90% of pairwise comparisons were
1043  excluded due to lack of mutations were marked as ‘low confidence’.

1044

1045 Calculation of the pangenome fluidity

1046  We calculated pangenome fluidity as described previously . Briefly, pangenome fluidity
1047 measures the average proportion of genes that are not shared between pairs of genomes from
1048 the same species. For each species, we computed fluidity separately for strains isolated from
1049 industrialized and non-industrialized hosts, using the representative genome of each StGB.
1050  Specifically, we calculated the pairwise proportion of non-shared gene families between all StGB
1051  pairs within each lifestyle category. To compare the distribution of non-shared gene proportions
1052  between lifestyles, we performed Wilcoxon rank-sum tests.

1053

1054  Gene tree — species tree phylogenetic reconciliations

1055  We used the species tree-aware gene tree reconciliation method, ALE * implemented in AleRax
1056  ** (commit version: 8705a60, 2025-06-02) to harvest signals of gene evolutionary events (gene
1057  duplications, transfers and losses) from all the gene families of the 10 selected species. We used
1058 the recombination-aware strain-level StGB phylogenies (see above) as species trees, and all
1059 individual gene trees of the gene families containing at least 4 representative genomes. The
1060  species tree was midpoint-rooted using ete3 °. The nucleic acid sequences were ordered based
1061  onthe 90% sequence identity clustering into per-family sequence files and deduplicated (keeping
1062  only the gene families which still had at least 4 unique sequences for downstream analysis). The
1063 number of gene families per species distributes as follows: BFRA: 4095; BOVA: 6238; BTHE:
1064  4436; BUNI: 4906; BWEX: 3596; BXYL: 5047; PDIS: 5042; PDOR: 2968; PMER: 3340; PVUL:
1065  4988. Gene families were aligned using MAFFT (with L-INS-i option) *° with default settings. From
1066 the alignments, gene trees were inferred under the GTR+G+F model using IQ-TREE2 % and
1067 generating 1000 ultrafast bootstrap samples % with the ‘-bnni’ option. AleRax analysis was
1068 performed on these ultrafast bootstrap gene tree samples of all the gene families using the
1069 GLOBAL model parametrization (i.e. the DTL-rates are shared among families and jointly
1070 estimated), the UndatedDTL reconciliation model and taking 1000 reconciled gene trees along
1071  the species tree. Based on the reconciled gene trees, AleRax reports the number of evolutionary
1072  events along the branches and leaves of the species tree. Wagner-parsimony % was used on the
1073  species tree to deduce host industrialization status at internal nodes based on existing status at
1074  terminal nodes. Evolutionary events could then be associated with industrialization state on a per
1075  branch level (Fig. 4A). All reconciliation data can be found in Supp Table 4.

1076

91,92
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1077  Gene Family enrichment analysis

1078  Accessory gene families (present in 5-95% of genomes) were included in the gene enrichment
1079  analysis if they were found in at least five StGBs and absent from at least five others. Gene
1080 distribution data were encoded as presence/absence data. To detect differentially enriched genes
1081  while accounting for phylogenetic structure, we used a phylogeny-aware logistic regression model
1082  implemented in the phyloim R package ¥’. Host industrialization status (industrialized vs. non-
1083 industrialized) was used as a binary explanatory variable, and we additionally tested associations
1084  using PC1 Lifestyle, a continuous proxy of industrialization derived from multidimensional lifestyle
1085 data (see section above). Significant associations identified with the binary industrialization
1086  variable were validated using PC1 Lifestyle and a phylogeny-aware linear regression model in
1087  phylolm. Recombination-aware phylogenies at the StGB level were used in all phyloim models.
1088  All genomes within each species were included in the regression analyses, with an arbitrary
1089 branch length equal to 1% of the median cophenetic distance added to non-representative isolate
1090 genomes to preserve tree topology.

1091

1092 Detection of bacterial single nucleotide variants (SNVs) associated with host
1093 industrialization status

1094  For SNV-host industrialization associations, we analyzed biallelic and non-synonymous variants
1095 located within single-copy core gene families (defined as present in >99% of genomes), retaining
1096 only variants with a minor allele frequency >5%. Variants located in predicted recombination
1097  regions were masked prior to analysis. Associations were tested using a logistic regression model
1098 that accounts for phylogenetic structure (‘phyloim’ R package). Host industrialization was
1099 considered both as a binary response variable (industrialized vs. non-industrialized) and using
1100 PCH1 Lifestyle as a continuous proxy, consistent with the approach used in the gene enrichment
1101  analyses. The latter served as a validation for significant associations identified using the binary
1102  variable.

1103  To further validate SNV-level associations, we examined corresponding significant SNVs in the
1104 metagenomic data of the broader GMbC cohort by mapping metagenomes against the reference
1105 genome of each species (see section “Variant calling and annotation” above). Associations with
1106  metagenome-derived SNVs were also tested using logistic regression against host
1107  industrialization status as a binary variable.

1108
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Data availability

Short read data and assemblies of GMbC isolate genomes generated in this study will be made
available online on the dbGaP server (Study ID: 38715; Accession: phs002235.v1.p1; Accession:
phs002205.v1.p1) upon publication of the article. GMbC metagenomes used in this study and
published in our recent study ° will be made available at the same dbGaP study.

Code availability

Scripts and command lines used to process the data will be made available at
https://github.com/MMmicrobiome-Lab upon publication of the article.
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1511  Figure 1 — Geographic, species, strain, and host lifestyle diversity in the GMbC collection
1512  of human gut bacterial isolate genomes

1513

1514 H. Overview of sampling, preservation, culturing, isolation, and sequencing procedures for
1515 gut bacterial genomes (see Methods).

1516 I. Lifestyle and microbiome diversity of donors used for culturing and isolating gut bacteria
1517 in the context of the broader GMbC + BIO-ML cohort. Top panel: dimensional reduction
1518 analysis of various lifestyle factors (see Methods). Donors used for culturing are shown in
1519 larger symbols with dark border. GMbC donors are shown in circles, BIO-ML donors are
1520 shown in triangles. Spearman correlations between the first two PCs and individual
1521 lifestyle factors are shown on the right. Alpha diversity (measured with Faith PD index)
1522 and beta diversity (unweighted UniFrac) of GMbC and BIO-ML isolate donors and
1523 participants are shown in bottom panels.

1524 J. Phylogenomic tree of representative genomes from 434 species-level genome bins
1525 (SGBs). Inner ring shows overlap with external genome collections (UHGG v2, GMbC
1526 MAGs, BIO-ML). Middle ring indicates host lifestyle origin (industrialized or non-
1527 industrialized). Outer ring shows country distribution and isolate genome counts per SGB.
1528 Clade colors represent phyla.

1529 K. Isolate genome, strain bin, and SGB counts by country and host lifestyle. Strain bins group
1530 genomes from the same donor with >99% similarity (see Methods). Counts that include
1531 isolate genomes of the BIO-ML collection per host lifestyle are also shown. BIO-ML isolate
1532 genomes were generated following the same pipeline as described in A (see Methods).
1533 L. Distribution of strain bin counts across SGBs, localities and individual hosts. Colors denote
1534 country.

1535 M. Ten bacterial species with 28 strain bins sampled from industrialized or non-industrialized
1536 hosts. Barplots show isolate and strain bin counts per lifestyle.

15637 N. Phylogenetic trees of representative strain bin genomes for the 10 species in panel E. Tip
1538 points indicate host lifestyle; labels show country/locality and are color-coded by country.
1539 Trees are midpoint-rooted. Branch length scales are in expected number of substitutions
1540 per site.
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1542  Figure 2 — Isolate genomes recover more genomic features and HGT events than MAGs.
1543

1544 E. Number and quality scores of MAG—isolate genome pairs. Pairs originate from the same
1545 donor sample and species.

1546 F. Heatmap comparing genomic feature counts across all genome pairs. Genera and species
1547 of genome pairs are shown on the left and right size of the heatmap, respectively. Genomic
1548 features are shown in columns, and are grouped in four categories: genomic size,
1549 metabolism, key functions and mobile genetic elements (MGEs) & machineries. For each
1550 pair, the difference in counts between the isolate genome and the MAG was calculated
1551 and normalized to the count in the isolate genome. Features with higher counts in the
1552 isolate genome or in the MAG are shown along a gradient of red to blue, respectively.
1553 G. Summary statistics of feature differences across all pairs.

1554 H. Comparison of HGT events. Between-species horizontal gene transfers (HGTs) were
1555 detected across isolate genomes, and across MAGs separately (see Methods). Genomes
1556 of MAG-isolate genome pairs cluster in 87 SGBs. Ratio of species pairs with detected
1557 HGTs (n >= 1 HGT) were compared with a proportion test (Two proportion Z-test, ***: p =
1558 7.96e-33). Edges in the network indicate that at least 1 HGT was detected between
1559 species (nodes).
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Figure 3 — Industrialized host strains exhibit larger proteomes and signatures of relaxed
selection

C. Comparison of proteome size (coding gene counts) between strains of host with
industrialized vs. non-industrialized lifestyles (in purple and green, respectively) across
the 10 species presented in Figure 1. Counts were statistically compared while accounting
for phylogeny (phyloglm function, see Methods) (***: p-value < 0.001; **: p-value < 0.01;
*: p-value < 0.05; NS: non-significant — this legend applies to all other panels). P-values
were combined with the Fisher's method to test for cross-species evidence of differences
in proteome size against the null hypothesis. This p-value is shown on the right of the
panel.

D. Comparison of pangenome fluidity among industrialization- and non-industrialization-
associated strains. The ratio of shared genes was calculated for strain bin pairs, using
representative genomes. P-values were combined with the Fisher's method (p-value
shown on the right of the panel)
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1579 Figure 4 — Recent and HGT-driven gene gains promote proteome expansion in
1580 industrialized strains

1581

1582 D. Species tree - gene tree reconciliations were sampled to detect and count per-branch
1583 events of gene transfer, loss, origination and speciation (see Methods). Counts of per-
1584 branch gene loss (left column) and gain (middle), and differences between gain and loss
1585 counts (right) were compared between host lifestyle categories (industrialized: purple
1586 area; non-industrialized: green area). Gene gains were defined as the sum of gene
1587 transfer and origination events. Top row: counts aggregated across all branches. Middle
1588 row: Counts of internal branches. Bottom row: counts of terminal (tip) branches. For each
1589 species, median counts are shown, with intervals ranging from the 25th to the 75th
1590 quantiles. Plain points indicate species for which the difference in counts between host
1591 lifestyle categories is significantly different (Wilcoxon tests). Species are colored-coded.
1592 E. Correlation between per-branch gain—loss differences and HGT counts, broken down by
1593 internal (green) and terminal (orange) branches. All correlations are statistically significant
1594 (p-val < 0.001; Spearman correlation tests).

1595 F. Increasing gene content along lineages of industrialized hosts. The panel depicts the
1596 evolution of the number of genes along the phylogeny of BOVA, BTHE, BXYL, PDOR and
1597 PVUL, based on the reconciliation-aware reconstruction of ancestral gene contents.
1598 Reconciliations were calculated from the set of gene families present in at least four StGBs
1599 (tips of the tree). These 5 species have significant differences in proteome size (Figure 3)
1600 and in gene gains along terminal branches between host lifestyles. Data for the other five
1601 species, which show similar trends, is presented in Supp. Fig. 4.
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1604  Figure 5 - Genes differentially enriched between host industrialized and non-industrialized
1605 lifestyles

1606

1607 C. Gene enrichment analysis based on categorical and continuous levels of industrialization.
1608 Gene profiles were coded as presence/absence data and were correlated to host
1609 industrialization status encoded as a binary variable. Differential enrichment was tested
1610 while controlling for phylogeny. Significant hits (g-value < 0.05) are colored coded based
1611 on host lifestyle (purple: industrialized; green: non-industrialized). Non-significant genes
1612 are colored in grey. Top row: volcano plots showing all genes. The number of statistically
1613 significant genes is shown next to each species acronym. Significantly differentially
1614 enriched genes validated by measuring correlations with PC1 Lifestyle rather than
1615 industrialization status as a binary variable are shown in plain circles. Significant genes
1616 not validated with PC1 Lifestyle are shown as empty circles. Bottom row: top 10 most
1617 differentially enriched genes, for each lifestyle category. Genes with similar
1618 presence/absence profiles are collapsed into a single gene cluster. Gene labels indicate
1619 the number (n) of 90% gene families collapsed together.

1620 Data for 5 species are shown. These species harbor most of the significant hits. Data for
1621 the other 5 species is shown in Supp. Fig. 5.

1622 D. Gene families (90% and 50% similarity gene clusters on top and bottom panels,
1623 respectively) with signals of differential enrichment across multiple species. Most gene
1624 families show convergent signals of differential enrichment based on host lifestyle
1625 (enrichment in one of two lifestyle categories across multiple species).

1626

1627
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Figure 6 — Lifestyle-specific signals of positive selection at the gene level

G.

Gene-level Ka/Ks values across species and host lifestyles (90% similarity gene families).
For each lifestyle category and each gene, Ka/Ks values were computed for all pairs of
codon-aligned gene sequences. Median Ka/Ks values are reported.

Distribution of species-level median Ka/Ks values, aggregated across all genes.

Counts of genes with median Ka/Ks values >= 1 (positive selection) across host lifestyle
categories.

Percentage of genes with median Ka/Ks values >= 1 across host lifestyle categories.
Operons, 50% similarity gene clusters and KEGG KOs with convergent signals of positive
selection across 2+ species.

Top genes with highest absolute differences in median Ka/Ks values between
industrialized and non-industrialized lifestyle categories.
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1643 Figure 7 — Patterns of single nucleotide polymorphisms reveal genes and operons that
1644  undergo cross-species parallel evolution associated with host lifestyle
1645

1646 C. Associations between single nucleotide variants (SNVs) and host lifestyle categories were
1647 calculated while accounting for phylogeny (see Methods). Associations were calculated
1648 for the 5 species with enough genome sample size to yield sufficient statistical power. Hits
1649 (g-value < 0.05) were cross-validated using GMbC shotgun metagenomes (n = 1,015, see
1650 Methods) that were sampled from diverse geographies worldwide, including those from
1651 which isolate genomes originate (reference). Hits validated by metagenomes are shown
1652 as diamonds and annotated.

1653 D. Convergent signals of SNV-host lifestyle associations across bacterial species. Each tile
1654 represents an operon—species association and contains the names of genes within that
1655 operon that contain host-lifestyle associated SNVs. Operons are shown along the x-axis,
1656 and species along the y-axis, cells are color-coded by species identity. Black points show
1657 operons in which similar genes contain host-lifestyle associated SNVs across species. All
1658 SNV data can be found in Supp. Table 7.

1659
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Supplementary Figure 1 — Distribution and functional predictions of GMbC genomes reveal
host and strain-level diversity.

A. Distribution of SGB and genome counts across localities and individual hosts. Colors
denote country.

B. Phylogenomic tree of representative genomes from 434 species-level genome bins
(SGBs). Outer rings show annotations of functional and phenotypic categories predicted
by Traitar. For each trait and SGB, trait prevalence was first calculated across all genomes
of the corresponding strain-level genome bins (StGBs), and SGB-level conservation
scores were then obtained by averaging StGB prevalence values. Trait conservation
scores are visualized using an opacity gradient (‘score’ variable).

C. Heatmap of strain-level amino acid auxotrophy variability across species (y axis). Values
show the variance in auxotrophy predictions across genomes of a given species. Only
genomes with quality score higher than 95% were included in the variance calculations.
Auxotrophy predictions were performed from gapseqg-derived genome-scale metabolic
models (see Methods).

Supplementary Figure 2 — Pairwise comparisons of genomic features between MAG and
isolate genomes sampled from the same donor highlight the recovery limitations of MAGs.
A. Metagenomic abundance of species included in the MAG vs. isolate genome comparison.
Each data point represents a pair of MAG and isolate genome from the same species,
sampled within the same host. Species are colored by phylum.

B. Counts of various genomic features in the paired MAG and isolate genomes (n = 147).
Genome pairs (species shown along the x axis) are grouped by genus. Empty green
circles depict MAG estimates, black filled circles depict isolate genome estimates. See
Methods for a full description of the functional categories and their genomic profiling.

Supplementary Figure 3 — Pangenome characteristics of the ten species studied for
convergent adaptation to industrialization.

A. Count of the number of genes in the core-, accessory- and cloud-genome of the ten
species of interest. See Methods for the definition and reconstruction of each pangenome
category.

B. Count of the number of genes in pangenome categories as a function of the number of
strain-level genome bins (StGBs) per species. Linear regressions per pangenome
categories were calculated — core-genome: beta = -2.8, p-val = 0.8; accessory-genome:
beta = 4.8, p-val = 0.9; cloud-genome: beta = 282, p-val = 5.59e-05. Size of core and
accessory genomes are stable across species irrespective of the number of StGBs. The
size of the cloud genome is positively correlated to the number of sampled StGBs.

Supplementary Figure 4 — Gene tree-Species tree reconciliations reveal increasing gene
content along lineages of industrialized hosts.

The panel depicts the evolution of the number of genes along the phylogeny of BFRA, BUNI,
PDIS, PMER and BWEX, based on the reconciliation-aware reconstruction of ancestral gene
contents. Reconciliations were calculated from the set of gene families present in at least four
StGBs (tips of the tree). Overall trends for an increase in gene content along lineages occurring
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1706 inindustrialized hosts is observed (Fig. 4), and is statistically significant for BFRA and PMER (Fig.
1707  4).

1708

1709

1710 Supplementary Figure 5 — Gene enrichment analysis based on industrialization level for
1711 BTHE, BXYL, PDOR, PMER and BWEX.

1712  Gene enrichment analysis performed for BTHE, BXYL, PDOR, PMER and BWEX, based on
1713  categorical and continuous levels of industrialization. Data is presented as in Fig. 5. In brief, gene
1714  profiles were coded as presence/absence data and were correlated to host industrialization
1715  status, controlling for phylogeny. Significant hits (g-value < 0.05) are colored coded based on host
1716 lifestyle. Volcano plots showing data for all genes (top) and effect size plots of top hits (bottom)
1717  are shown. The number of statistically significant genes is shown next to each species acronym.
1718 Differentially enriched genes also correlated with PC1 Lifestyle (continuous proxy of
1719  industrialization) are shown in plain circles.

1720

1721  Supplementary Figure 6 — Convergent elevation of gene-level Ka/Ks based on
1722  industrialization status.

1723  Evidence for convergent positive selection on individual genes based on host industrialization
1724  status. The panel shows a heatmap of Ka/Ks differences for 90% gene families between
1725 industrialized and non-industrialized strains across species (x-axis). Genes with higher Ka/Ks
1726  values in industrialized strains are shown in purple, and those with higher values in non-
1727  industrialized strains are shown in green. Absent genes shown in white. Ka/Ks differences are
1728 displayed on a square-root—transformed color gradient. Mean Ka/Ks differences across species
1729  are shown on the left of the heatmap. Gene family annotations (preferred gene names or COG/KO
1730 IDs) are displayed on the y-axis. Genes with consistent Delta Ka/Ks signs across 8 or 7 of 10
1731 species are shown at the top and bottom, respectively.

1732

1733  Supplementary Figure 7 — Convergent signals of SNV-host lifestyle associations across
1734  bacterial species at the level of KEGG KO categories.

1735  Convergent signals of SNV-host lifestyle associations across bacterial species at the level of
1736 KEGG KOs. Each tile represents a KEGG KO that contains at least one 90% gene family with
1737  host industrialization-associated SNVs. KEGG KOs are shown along the y-axis, and species
1738 along the x-axis, cells are color-coded by species identity. All SNV data can be found in Supp.
1739 Table 7.
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