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Abstract 18 

Most investigations of geographical differences within microbial species are limited to focusing on a 19 

single species. Here, we investigate the global differences for multiple bacterial species by using a 20 

dataset of 757 metagenomics sewage samples from 101 different countries worldwide. The within-21 

species variations were identified by performing unsupervised genome reconstructions that reduce 22 

database and mapping biases, and the analyses were further expanded by using gene focused 23 

approaches. Applying these methods, we recovered 3,353 near complete (NC) metagenome 24 

assembled genomes (MAGs) encompassing 1,439 different MAG species and found that within-25 

species genomic variation was often coherent with regional separation. Additionally, we found that 26 

the variation of organelle genes correlated less with geography compared to metabolic and membrane 27 

associated genes, suggesting that the global differences of these species are caused by regional 28 

environmental selection rather than limitations on dissemination. From the combination of the large 29 

and globally distributed dataset with the in-depth analysis methods, we present the most 30 

comprehensive investigation of global within-species phylogeny from metagenomics data to date. 31 

  32 
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Introduction 33 

Sewage samples have proven useful for surveillance of antimicrobial resistance (AMR)1,2 and 34 

infectious diseases, e.g. poliovirus, norovirus, and rotavirus3,4. Very recently, sewage samples have 35 

been used in the surveillance of the Covid-19 pandemic5–7. In supplement to such surveillance 36 

activities, understanding of the microbial community residing in sewage is important, because sewage 37 

has been suggested to comprise a reservoir of AMR and at the same time, provide an environment 38 

for potential genetic transfer between the bacteria in the community8. Several studies have examined 39 

the bacterial composition of sewage samples by 16S rRNA investigations9–11 or mapping to reference 40 

databases12. However, such investigations are limited to species previously identified and 41 

furthermore, it can be difficult to distinguish closely related species from 16S rRNA analysis, thus, 42 

species living in sewage that are closely related to species from the human gut could be confused. 43 

Within the last decade, investigations of microbiomes in human hosts, soil, plants, and more have 44 

found that differences in bacterial communities correlates with geography11,13–16. Among bacterial 45 

species isolated from clinical infections such as Staphylococcus aureus, Streptococcus pneumoniae, 46 

and Escherichia coli, within-species diversity correlating with geography has been observed in 47 

multiple studies17–19. Some of these geographical differences could be a result of local environmental 48 

selection but may also be due to the effect of dispersal limitations on local prevalence. These findings 49 

challenge the long-standing, Baas Becking ecological hypothesis that “Everything is everywhere, but 50 

the environment selects”20. 51 

 52 

In the attempt to disentangle the effect of environmental selection and/or dispersal limitations, 53 

researchers have studied the within-species diversity not only from isolates, but also in metagenomics 54 

data. Correlations between diversity within species and geography have been identified in bacterial 55 

species, such as Eubacterium rectale and Candidatus pelagibacter, from marine metagenomes21 and 56 
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human gut microbiomes22. Another study did not identify significant geographical differences within 57 

subspecies of for instance Bacteroides vulgatus and Alistipes putredinis from the human gut23. 58 

However, the subjects included in that study were limited to North Americans and Europeans. It has 59 

often been difficult to obtain comparable samples in a standardized way across large geographies. 60 

The Global Sewage dataset, containing samples from 101 different countries, serves as an ideal 61 

candidate for a broader investigation of regional within-species diversity. A phylogenetic analysis of 62 

79 samples focusing only on reference mapping to known bacterial species has previously been 63 

performed12 and found geographical clustering for environmental and human commensal bacteria. 64 

  65 

In this study, we aim to investigate the microbial community of sewage by constructing metagenome 66 

assembled genomes (MAGs) and determine the within-species phylogeny on a global scale, using 67 

757 sewage samples from 241 sites and a total of 101 different countries. With these phylogenies, we 68 

increase the depth of the analysis by comparing geographical clustering between different genes when 69 

stratified by the cellular localization of the encoded proteins. Both in terms of sample size and global 70 

reach this study is the most comprehensive investigation of within species diversity among sewage 71 

species to date. From our analysis, we identified 3,353 near complete (NC) MAGs from 1,439 72 

different MAG species and found that variation within species correlated with geographical 73 

separation. Furthermore, we found that genes associated with organelles displayed on average 10% 74 

less geographical variation compared to other groups of genes, suggesting that the geographical 75 

clustering is primarily due to environmental selection. Thus, we confirm the fundamental microbial 76 

ecology doctrine that microbes are globally dispersed but selected by the environment. 77 

  78 
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Results 79 

Predominant bacteria in sewage do likely not originate from the human gut 80 

To identify bacterial genomes from sewage across the world, we used a combination of two different 81 

metagenomics genome binners (VAMB24 and MetaBAT225). From 757 samples across 101 different 82 

countries (Figure 1a and Supplementary Figure 1a), we were able to create 3,353 NC MAGs 83 

assigned to a total of 1,439 different MAG species. Of the MAGs we detected, 3,301 were annotated 84 

to bacteria and 52 to archaea. The taxonomic distribution of the identified MAGs comprised 37 phyla, 85 

75 classes, 151 orders, 259 families, 419 genera, and 215 species. However, we could only annotate 86 

699 MAGs (20.8%) at species level, leaving 2,654 unknowns. Likewise, there were unannotated 87 

MAGs at genus (29%), family (6%), and order (2%) level (see Supplementary Data 1 for complete 88 

taxonomic annotations). The identified MAG species captured a wide range of taxonomy from the 89 

known microbial tree of life (Figure 1b) and geographical origin of the sample did not correlate with 90 

phylogeny (R2=0.01) (Figure 1c). Thus, we do not expect that MAG reconstruction was confounded 91 

by sample origin. 92 

 93 

As the sewage was collected from urban areas, we were interested in knowing how large a fraction 94 

of the MAGs that could be associated with the human gut microbiome. The 3,353 NC MAGs we 95 

identified were less than the number of NC MAGS (5,036) found from binning of 1,000 human faecal 96 

samples24, however, these gut MAGs represented a lower number of different MAG species (645), 97 

suggesting that the binning of sewage metagenomes is more complicated than binning of human gut 98 

samples. Additionally, we found that only 1.2% of all the identified NC MAGs could be annotated to 99 

the human gut microbiome, similar to a previous study based on mapping of reads from a subset of 100 

the Global Sewage samples, where 3.7% of the reads were found to be associated with the human 101 

microbiome2. In contrast to this, other studies using 16S rRNA marker genes have found a higher 102 



 

6 

 

proportion (15% and 4.3-28.7%)10,11. The difference in these results could be due to the limitations 103 

of each of the different methods for bacterial identification. Even though mapping of reads is 104 

restricted to the contents of reference databases, this method has the advantage of needing less 105 

coverage for a read to map, compared to the high read coverage that is necessary for a successful de 106 

novo assembly, which is a prerequisite to genome binning. Due to this high coverage need, genome 107 

binning has limitations in detecting low-abundance species. Thus, there are advantages and 108 

disadvantages for all methods and genome binning can be used to detect prevalent, including novel, 109 

bacterial genomes. 110 

  111 

To further investigate differences in the bacterial composition, we compared the overall ratio of phyla 112 

between the seven World Health Organization (WHO) regions and a pool of human gut samples 113 

(Figure 2a and Supplementary Figure 1b). The phyla compositions of the identified MAGs were 114 

similar between all sewage samples regardless of geographical origin. We found a high proportion of 115 

Firmicutes and Proteobacteria in all regions, which is coherent with 16S rRNA analyses of influent 116 

sewage in Hong Kong and USA9,11. These results also agree with the taxonomic annotation of 117 

metagenomics reads from influent sewage in Portugal26. However, the phylum ratio from 1,000 118 

diverse human gut samples was significantly different from the sewage phylum ratio (two-sample 119 

Kolmogorov-Smirnov, P < 1e-15), again suggesting that the MAGs identified by binning were not 120 

primarily the fraction of bacteria in the sewage originating from the human gut. To investigate the 121 

bacterial composition of the sewage further, we used the abundance of the MAG species across all 122 

samples. To identify abundances, we mapped the reads from the sewage samples and a selection of 123 

human gut samples to a combined catalogue of the sewage and human MAG species. When 124 

comparing the abundances of different bacterial phyla, we again saw similar distributions across the 125 

different regions (Figure 2b). Additionally, these results suggested that the bacteria found in the 126 
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human samples were a smaller fraction of the ones found in sewage, and that the human samples were 127 

less diverse than the sewage samples. This could be due to the high intra-sample diversity, as a result 128 

of the many gut and other microbiomes mixed together in the sewage samples, which is reflected by 129 

the higher Shannon diversity index of the sewage samples (~4 for sewage samples vs. 2.5 for human 130 

gut samples, Figure 2c). Furthermore, when mapping reads to all the MAG species identified in either 131 

human gut or sewage samples, the MAG species captured around 70% of the diversity of the human 132 

samples, whereas only 41% of the sewage reads were mapped. Collectively, these results suggest that 133 

the binning of bacterial MAGs from the species-rich sewage is more complex compared to faecal 134 

samples, probably due to the increased alpha diversity and strain mixing in the sewage samples. 135 

Additionally, the most abundant species in the sewage samples were probably the species capable of 136 

surviving in this environment, which was not necessarily the ones originating from the human gut. 137 

This difference in species composition is supported by the lower number of genes involved in 138 

oxidative phosphorylation found in the most prevalent MAG species from human gut samples as 139 

compared to sewage samples (Figure 2d). 140 

  141 

Sewage bacteria vary according to geography 142 

To infer the phylogeny and identify geographical clustering within single species, we identified MAG 143 

species that were present across multiple samples. From the 1,439 different MAG species, only 41 144 

contained MAGs from ten or more different samples. For each of these 41 species, we identified 145 

orthologous genes and found between 1,437 and 4,967 different orthologous genes for each species. 146 

We inferred a maximum likelihood tree for each gene and created an overall species tree for each 147 

MAG species using ASTRAL. For instance, Cluster 5, which we annotated as a species in the 148 

Brahymonas genus, contained between 1 and 12 MAGs from each of the geographical regions and 149 
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were based on 2,298 orthologous gene trees (Figure 3a). To evaluate geographical clustering, we 150 

performed a PERMANOVA test on the distance matrices from the ASTRAL trees with more than 151 

one genome from at least two regions, leading to a total of 33 tested species trees (Supplementary 152 

Figure 2). Out of these, 12 clustered significantly according to the regional origin of the samples the 153 

MAGs were identified in (Figure 3b). Geographical clustering was identified as the R2 value from 154 

the PERMANOVA test, which describes how much of the variation in the data that can be explained 155 

from the regional origin of the samples. Other metagenomic studies of sewage and human gut samples 156 

have also shown that some species vary according to geographical dispersion, while others do 157 

not12,22,24. One study of the human gut microbiome found a higher number of species within the 158 

phylum Firmicutes, where variation was geographically separated22. However, we did not find any 159 

phyla enriched in geographical clustering (Supplementary Figure 3). On average 56% of the 160 

variation in the 12 significant trees could be explained by geography. This is much higher than the 161 

average of 19% variation in the significant trees found by a similar study of the human gut 162 

microbiome24, suggesting that more of the genomic variation found in environmental bacteria 163 

correlates with geography than the variation found in gut microbes. In four additional trees (C26, 164 

C28, C34, and C38), we found a high degree of geographical clustering (>50%), but this clustering 165 

was not significant, potentially due to a lower number of MAGs in these trees. The geographical 166 

clustering suggests that either dispersal limitations or local selection of these species cause within-167 

species variations from adjacent areas to be more similar. 168 

  169 

Genes associated with organelles contribute less to geographical variation 170 

To investigate whether the observed geographical clustering was the result of dispersal limitations or 171 

local selection, we examined whether the clustering varied between different groups of genes. We 172 

hypothesised that proteins on the surface of the bacteria would be subject to selective pressure from 173 
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the environment, because of their interaction with the surroundings, whereas the intracellular 174 

proteins, not directly interacting with the environment, would vary as a consequence of genetic drift. 175 

To test this hypothesis, we divided the orthologous genes into groups based on the GO term cellular 176 

component annotation and selected genes associated with organelles and membranes for comparison. 177 

The genes associated with organelles were mostly coding for proteins that were a part of the ribosome 178 

(85%) and to a lesser extend proteins bound to the chromosome (9%), acting as part of the flagellum 179 

(5%), or polyhedral organelles (1%). For many of the orthologous genes (up to 91%), it was not 180 

possible to annotate them to any cellular component GO term. To include these unannotated genes in 181 

the analysis, we grouped them with gene groups other than membrane and organelles. When 182 

investigating the biological process GO term annotation of this gene group, the largest fraction (on 183 

average 45%) of genes were annotated to be part of a metabolic pathway and we therefore considered 184 

this group to represent metabolic genes. 185 

In soil bacteria27 and throughout a wide variety of different prokaryotes28 ribosomal genes have been 186 

found to have lower nucleotide diversity. In this study as well, the genes in the organelle group varied 187 

less than genes in the other two gene groups for most (94%) of the investigated species 188 

(Supplementary Figure 4). However, we tested whether different amounts of variation within the 189 

gene sequences affected the R2 values and found that this was not the case (Supplementary Table 190 

1). Thus, differences in R2 values found between gene groups was not a result of a reduced variation 191 

of the organelle genes. In addition to this, we tested for the effect of different gene lengths, as well as 192 

the number of MAGs and the distribution of different regions in a tree. For one MAG species (C26) 193 

we found that the R2 values correlated with the number of MAGs in the tree and regional entropy, 194 

therefore, this cluster was excluded from further analyses. For the remaining 32 MAG species, none 195 

of these factors correlated with the R2 values, meaning that they were not relevant to include in 196 

subsequent statistical testing. 197 
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With a Kruskal-Wallis Rank-Sum test on R2 values from the three gene groups (membrane, organelle, 198 

and metabolic), we found nine MAG species with significantly (P < 0.05) different geographical 199 

clustering between the groups after Benjamini Hochberg (BH) correction of p-values. One of the 200 

MAG species with significant differences were Cluster 5, Brachymonas, in which the trees of genes 201 

associated with organelles had significantly lower R2 values, than trees of genes from the other two 202 

groups (Figure 3c). The lower R2 values in organelle gene trees were also found for the eight other 203 

significant MAG species (Figure 3d and Supplementary Figure 5)(two-sided Wilcoxon Rank Sum 204 

test, P < 0.05, Supplementary Data 2). Moreover, six of the nine significant MAG species were also 205 

significantly clustered according to geography in the ASTRAL species tree and the three remaining 206 

clusters (C34, C37, and C38) also showed a high degree of geographical clustering but were not 207 

significant. Likewise, we saw lower R2 in organelle genes for the majority (16 of 23) of the remaining 208 

MAG species without significant difference. To support these findings, we calculated the dN/dS ratio 209 

for the nine MAG species with significant differences between organelle and membrane R2 values. 210 

For all the nine MAG species, the dN/dS ratios were larger for membrane genes than organelle genes, 211 

suggesting more positive selection of the membrane genes (Supplementary Figure 6). Furthermore, 212 

this difference was significant for seven MAG species (C3, C5, C13, C14, C34, C37, and C38). 213 

Collectively, our results show similar levels of geographical clustering in the membrane genes and 214 

metabolic genes, whereas the genes associated with the organelles displayed significantly less 215 

geographical clustering. We expect that the organelle genes would have followed a similar 216 

evolutionary trajectory as the metabolic and surface genes if the clustering was a result of dispersal 217 

limitations. Our results thus suggest that the geographical clustering is primarily due to regional 218 

selection and not dispersal limitations.  219 
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Discussion 220 

Here, we present a comprehensive investigation of how sewage bacteria are dispersed globally. Our 221 

results showed that the phylum composition of the bacteria identified by metagenomic binning in 222 

untreated sewage, from the inlet to the wastewater treatment plants, were similar between all regions 223 

of the world. However, we also found that in general these bacteria showed a degree of geographical 224 

clustering for the within-species diversity. Interestingly, the genomic variation in organelle genes 225 

showed less regional clustering than genes involved in metabolic and membrane functions, 226 

suggesting that the clustering observed is primarily due to selection rather than dispersal limitations. 227 

Thus, the bacteria residing in sewage can spread globally, but are under evolutionary pressure to 228 

adjust to the different environments across the world. This selection pressure combined with the co-229 

existence of multiple bacterial species and the presence of antimicrobial resistance genes (ARGs) and 230 

antimicrobial drugs in sewage create a high probability for transferral of ARGs between bacteria8. To 231 

prevent global transmission of these genes, it is important to better understand how sewage bacteria 232 

are globally disseminated. 233 

The WHO has a goal of delaying the dissemination and emergence of AMR through monitoring29. 234 

We have previously suggested that sewage sampling is a desirable strategy for such surveillance 235 

activities30. Metagenomics binning can be used to identify novel, bacterial genomes that are not 236 

present in reference databases. Here, we found that binning of shotgun sequences could identify a 237 

fraction of the bacteria residing in the sewage samples and that the bacteria originating from the 238 

human gut were a small subgroup of the microbiome found in these samples. This is a reminder that 239 

when using sewage samples for surveillance activities, the detection method should be selected 240 

carefully. If monitoring human-derived pathogens in sewage, one needs to consider that DNA from 241 

these organisms is a very small fraction of the total pool of microbial DNA. Mapping to reference 242 

genomes can be useful for the monitoring of the global spread or the local levels of a particular 243 
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species, like we have seen for the covid-19 pandemic7. However, metagenomic assembly and binning 244 

could be used to identify potential candidates for surveillance and possibly to clarify the genomic 245 

context in which ARGs are emerged and disseminated. Thus, there is more potential for new and 246 

important discoveries using metagenomics binning of sewage samples. 247 

In conclusion, this study shows a clear geographical phylogenetic clustering of bacterial species and 248 

underpin the importance of including samples from the entire world if global conclusions must be 249 

made. 250 

  251 
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Methods 252 

Global sewage dataset 253 

Samples were collected and handled as part of the Global Sewage project2,31. In brief, untreated 254 

sewage samples were collected before the inlet to the wastewater treatment plant at sample sites. 255 

DNA was extracted and fragmented from the untreated sewage and libraries were sequenced using 256 

Illumina paired-end sequencing. 757 samples from 241 sites spanning 101 different countries across 257 

the world were included in this project. A complete list of samples included can be found in 258 

Supplementary Data 3. 259 

  260 

Genome binning 261 

Quality trimming of sequencing reads was performed as described in Hendriksen et al. 20192. We 262 

assembled forward, reverse, and singleton reads with metaSpades (v3.13)32 using kmer sizes between 263 

27-127 bp with an interval of 20 bp. Scaffolds above 1,000 bp were saved for further analyses. For 264 

binning with MetaBAT2 (v2.10.2)25, we filtered contigs to a minimum size of 1,500 bp and performed 265 

single-sample binning with MetaBAT2 using default settings. For binning with VAMB (v3.0.1)24, 266 

we combined contigs >2,000 bp from all samples into one catalogue. From a pilot run with VAMB24 267 

binning, we found no increase in the number of NC MAGs when using contigs >1,500bp, therefore 268 

we chose a minimum contig size of 2,000bp to reduce mapping time. We mapped reads from each 269 

sample to the contig catalogue using Minimap2 (v2.6)33. Afterwards, 270 

jgi_summarize_bam_contig_depths from MetaBAT (v2.10.2)25 was used to calculate abundances of 271 

contigs in each sample. The output abundances were combined into a matrix, normalized using 272 

vambtools24, and used as input to VAMB. We calculated and normalized Tetra Nucleotide 273 

Frequencies (TNFs) using vambtools as well. From the contig catalogue, we obtained contig names 274 

and lengths and used them as input to VAMB along with the normalized TNFs. We ran VAMB using 275 
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the memory mapping mode available at the github repository. VAMB was run using a GPU with a 276 

mini-batch size of 256 and a network of 48 latent and 1,024 hidden neurons. 277 

We assessed the quality of all MAGs with a size above 1 Mbp using CheckM (v1.1.3) lineage_wf34. 278 

We defined the quality of MAGs as in Almeida et al. 201935 where NC MAGs were defined as >0.9 279 

completeness and <0.05 contamination. We used NC MAGs in our further analysis. To group similar 280 

MAGs (likely to be different variations of the same bacterial species) into clusters, we used dRep 281 

compare (v2.2.3)36 with a mash threshold of 90% and an Average Nucleotide Identity (ANI) threshold 282 

of 95%. dRep dereplication was run with the same thresholds and the resulting score was used to 283 

select between MAGs from the same sample within one cluster, to avoid redundancy if a bin was 284 

identified both by MetaBAT and VAMB. Additionally, the dereplication results were used to select 285 

the best MAG species representative for each cluster of MAGs. We assessed the taxonomy of all NC 286 

MAGs with GTDB-Tk classify_wf (v0.3.2)37. 287 

For comparison of the taxonomic distribution of sewage MAGs to human gut species taxonomy, the 288 

MAGs created in Nissen et al 202124 were used. Difference in phylum distributions between human 289 

and sewage samples were tested for significance with a two-sample Kolmogorov-Smirnov test in R. 290 

Additionally, these human gut MAGs were dereplicated like the MAGs from the sewage data and 291 

used together with reads from 15 randomly selected human samples (no infant or diseased hosts) 292 

from the dataset from Almeida et al. 201935 for abundance comparisons. The abundances of MAG 293 

species were obtained using CoverM (v 0.6.1)38, by mapping to the best representative MAG species 294 

genomes and filtering based on the expected/covered ratio of a genome (>=0.5). The expected 295 

coverage of a genome was calculated as described in Rasmussen et al. 201539. The fraction of sewage 296 

MAGs likely to originate from the human gut microbiome was found by using MASH (v2.0)40 to 297 

map to the Unified Human Gastrointestinal Genome (UHGG) catalogue41 and identified as within a 298 

mash distance of 0.05 to any genomes in this catalogue. 299 
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  300 

Phylogeny 301 

We reconstructed phylogenetic trees containing all the identified MAGs using the marker gene set 302 

from GTDB-Tk. One tree was created including the GTDB-Tk reference species and another without 303 

these. Both trees were inferred with FastTree (v2.1.11)42 and rooted on a Thermotogae, because this 304 

is the bacterial phylum most closely related to Archaea43. We visualized the trees using iTol (v1.0)44. 305 

For the 41 dRep clusters spanning ten or more samples, a separate tree of the MAGs belonging to 306 

each cluster was inferred. For this, we used Prodigal (v2.6.3)45 protein predictions from GTDB-Tk as 307 

input to Sonicparanoid (v1.3.4)46, to identify orthologous genes, using the fast mode. To align DNA 308 

sequences of all identified orthologous, we used MAFFT (v7.453)47. Samples were excluded from 309 

the alignments if they had more than one copy of an orthologous gene, to avoid uncertainty of which 310 

gene was used to infer phylogeny. We used TrimAl (v1.4)48 to convert alignments to phylip format, 311 

prior to building a separate phylogenetic tree for each gene using IQ-TREE (v1.6.8)49 with automatic 312 

model selection. Trees were created if a gene was observed in at least three samples, which is the 313 

lowest possible number of samples that a tree can be inferred from with IQ-TREE. To infer the overall 314 

species tree phylogeny, we used all the gene trees from a specific MAG species as input to ASTRAL 315 

(v5.7.4)50. In this tree, IQ-TREE was used to correct branch lengths with the ASTRAL tree as 316 

constrained tree input. We used the ggtree (v2.0.4) package in R51 for visualization of species trees. 317 

  318 

Functional annotation 319 

To assign functional annotation to the genes, we used the Prodigal protein predictions from GTDB-320 

Tk as input to InterProScan (v5.36-75.0)52. From the InterProScan output, we then extracted the GO-321 

term annotation and used the GO.db-package (v2.1)53 in R to get the annotations within the Cellular 322 

Component category. We grouped the genes into the top-level annotations within this category, to 323 
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get overall groupings for comparisons between gene groups. We selected the groups membrane and 324 

organelle for further analysis, and the remaining genes were combined into one collapsed group. The 325 

genes involved in oxygen tolerance were likewise identified from the InterProScan output, by 326 

identifying the genes involved in the KEGG pathway map00190, oxidative phosphorylation. 327 

  328 

dN/dS calculation 329 

Codeml (paml (v.4.9j)54) was used for genewise dN/dS calculation. Genes with genetic variation 330 

between samples were identified with the snppos_analyzer from CSI phylogeny (v1.4)55 and only 331 

these genes were input to codeml. Furthermore, to make sure that gene alignments were in frame, 332 

only alignments starting with a start codon (ATG, TTG, or GTG) were included. The phylip format 333 

gene alignments from the phylogeny reconstruction were converted to fasta files using TrimAl 334 

(v1.4)48 and stop codons were removed prior to dN/dS calculation. Along with the alignments, the 335 

gene tree files from IQ-TREE (v1.6.8)49 were used as input to codeml paml (v.4.9j)54. One dN/dS 336 

ratio per gene was calculated with codeml by setting the model option to 0 and the seqtype option to 337 

codons. Additionally, optimization was performed one branch at the time (method: 1) and ambiguous 338 

sites were removed from the calculation (cleandata: 1), otherwise default settings were used. 339 

  340 

Statistical testing 341 

To determine the amount of geographical variation for both GTDB-TK tree, species trees, and gene 342 

trees, we used the adonis2 function from the vegan package in R (v2.5-6)56 to perform a Permutational 343 

multivariate analysis of variance (PERMANOVA) according to geography. Prior to this testing, 344 

multiple MAGs from the same city within one tree were limited to one representative MAG based on 345 

the dRep score. In addition to this, a MAG was removed from the tree if it was the only representative 346 

of a region in this tree. To adjust for multiple testing, we corrected the p-values from these tests using 347 
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Benjamini & Hochberg57. For some short genes with low variance, the R2-values outputted from the 348 

PERMANOVA test were negative (Supplementary Figure 7), these were excluded from the 349 

analysis. It is possible to get a negative R2 value when the fitted model is worse than a horizontal 350 

line. 351 

To identify species with any significant differences in R2- or dN/dS-values between gene groups, we 352 

grouped the values of the gene trees according to the Cellular Component annotations and used a 353 

Kruskal-Wallis test on the values from the different groups. Afterwards, we applied a Wilcoxon Rank 354 

Sum Test on the groups from MAG species displaying significance (P < 0.05) from the Kruskal-355 

Wallis test, to identify which of the three groups that were differing from each other. 356 

To support the comparisons of R2 values between gene groups, we investigated if different gene 357 

qualities could bias the R2 value. This was done by calculating the Pearson Correlation Coefficient 358 

(PCC) for R2 values according to the number of samples in the tree, gene variation, gene length, and 359 

regional entropy. Number of MAGs was counted in a tree after removing duplicate city and single 360 

region samples, as it was done prior to the PERMANOVA. Gene variation was obtained as the mean 361 

fraction of varying sites across all pairwise sequences (mean pi). Gene lengths were identified as the 362 

number of positions in the fasta output from Sonicparanoid. Regional entropy was calculated as: 363 

−"ln	(𝑝!"!)
#

!$%

 364 

where n was the total number of regions in the tree, and pi was the proportion of samples belonging 365 

to a specific region. We performed these calculations on all gene trees tested with PERMANOVA. 366 

  367 
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Figures535 

 536 

Figure 1. Distribution of samples and MAGS. a) World map of sampling sites. 757 sewage samples 537 

were collected from 241 different sampling sites spanning 101 different countries. Sampling sites are 538 

highlighted and coloured according to the regional grouping from the World Health Organization 539 

(WHO). Sampling times can be found in Supplementary Figure 1a. b) Maximum likelihood (ML) 540 

tree of marker gene, amino acid alignments for all bacterial MAGs and bacterial genomes included 541 
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in GTDB-Tk. The MAGs identified from sewage are scattered throughout the tree of known bacterial 542 

species. c) ML tree of marker gene, amino acid alignments for all bacterial MAGs identified in this 543 

study. The identified MAGs are clustered according to phyla rather than geographical origin. Inner 544 

band is showing the geographical origin of samples according to WHO region, colours follow legend 545 

in b. Outer band is showing the phyla of MAGs, coloured according to the legend on top. 546 
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 548 

Figure 2. Bacterial composition of sewage. a) Relative frequency of the 11 most prevalent phyla 549 

between the different regions. The ratio plotted is the taxonomy of the combined pool of MAGs from 550 

all samples of a certain region. In this plot, only the 11 phyla found in more than ten samples across 551 

regions were plotted, while the remaining MAGs were grouped into one combined category (others). 552 

A plot of all phyla identified can be found in Supplementary Figure 1b. The phyla ratio between 553 

sewage samples of all regions were similar, but the phyla distribution in the human gut samples were 554 

different from these. b) PCA plot of clr transformed read count abundance of the combined data set 555 

of 2,084 MAG species obtained in this work and in Nissen et al. 202124. The bacterial abundances in 556 

sewage samples across all regions were similar, however, the bacteria in the human gut samples 557 

consists of only a small fraction of the variety of bacteria found in sewage. c) Shannon Diversity 558 

index comparison between sewage samples from different regions and human gut samples. The 559 

Shannon diversity index was calculated from Transcripts Per Kilobase Million (TPM) using the vegan 560 
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package in R56. The alpha diversity is similar between sewage samples from all regions, but the 561 

diversity in the human gut samples is lower. d) Frequency of genes involved in the oxidative 562 

phosphorylation pathway. These genes were identified from the best representative genome of the 40 563 

most prevalent MAG species from the Global Sewage data set and from the MAG species obtained 564 

in Nissen et al. 202124. Colours according to sample origin of the MAG species genome. Only one 565 

gene involved in oxidative phosphorylation is found in all MAG species from sewage, whereas up to 566 

five genes from this pathway is found in the human gut MAG species. 567 
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 569 

Figure 3. Geographical clustering. a) ASTRAL species tree of Brachymonas, Cluster 5. This tree 570 

was created from 2,298 orthologous gene trees. The tips in the tree are coloured according to WHO 571 

regions. PERMANOVA testing of this tree gave an R2 of 0.62 and a p-value < 0.001. b) Geographical 572 

clustering of 33 MAG species. Results from PERMANOVA testing on ASTRAL species trees; the 573 

R2 values are plotted against the number of MAGs in the tested tree. MAGs that were the only 574 

representative of a region in a tree were excluded from the tree prior to PERMANOVA testing. 575 

Additionally, trees could only be tested if MAGs from at least two different regions were present in 576 

the tree. Points were coloured according to significance level of the PERMANOVA p-value after 577 

Benjamini-Hochberg (BH) correction. In 12 ASTRAL species trees the MAGs were significantly 578 

clustered according to regional origin. c) Geographical clustering in different cellular component 579 

groups of C5. The geographical R2 values of Brachymonas at the y axis, Cluster 5 divided by the 580 

different gene groups (membrane, metabolic, and organelle) at the x axis. We tested for significant 581 
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differences between the groups with a Kruskal-Wallis Rank Sum Test (P=0.032), and afterwards for 582 

significance levels between gene groups with a Pairwise Wilcoxon Rank Sum test (P=0.008). P-583 

values from both tests were BH corrected. d) Geographical clustering in different cellular component 584 

groups of all tested MAG species. Mean R2 values from PERMANOVA testing on gene trees in each 585 

cellular component group plotted for all 32 tested MAG species. Differences in geographical R2 586 

values between groups, where tested like described previously with a Kruskal-Wallis Rank Sum Test 587 

and subsequent Pairwise Wilcoxon Rank Sum test. The significance level highlighted is of the p-588 

value between genes from organelles and membrane from the Wilcoxon test adjusted by BH 589 

correction. We found the R2 values of the organelle genes to be lower than the ones from the 590 

membrane genes in 25 MAG species, of which nine were significantly lower. *: P<0.05, **: P<0.01, 591 

***: P<0.001. 592 
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