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HIGHLIGHTS

GRAPHIC ABSTRACT

* We built a read-mapping framework to profile
human microbes from sewages (HSM).

» There were 95.03% human microbial species
successfully recaptured from sewages.

e The HSM composition showed a distance-
decay pattern at a global scale.

e The HSM communities from developed regions
were separated from developing regions.

* Economy was the key socioeconomic factors
driving the HSM diversity.
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ABSTRACT

The human microbiome leaves a legacy in sewage ecosystems, also referred to as the human sewage
microbiomes (HSM), and could cause potential risk to human health and ecosystem service. However,
these host-associated communities remain understudied, especially at a global scale, regarding
microbial diversity, community composition and the underlying drivers. Here, we built a metagenomic
read mapping-based framework to estimate HSM abundance in 243 sewage samples from 60 countries
across seven continents. Our approach revealed that 95.03% of human microbiome species were
identified from global sewage, demonstrating the potential of sewage as a lens to explore these
human-associated microbes while bypassing the limitations of human privacy concerns. We identified
significant biogeographic patterns for the HSM community, with species richness increasing toward
high latitudes and composition showing a distance-decay relationship at a global scale. Interestingly,
the HSM communities were mainly clustered by continent, with those from Europe and North
America being separated from Asia and Africa. Furthermore, global HSM diversity was shown to be
shaped by both climate and socioeconomic variables. Specifically, the average annual temperature was
identified as the most important factor for species richness (33.18%), whereas economic variables
such as country export in goods and services contributed the most to the variation in community
composition (27.53%). Economic and other socioeconomic variables, such as education, were
demonstrated to have direct effects on the HSM, as indicated by structural equation modeling. Our
study provides the global biogeography of human sewage microbiomes and highlights the economy as
an important socioeconomic factor driving host-associated community composition.

© Higher Education Press 2024
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Anthropogenic activities in cities usually leave chemical
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or biological footprints in sewage (Matus et al., 2019),
such as the release of toxic chemicals and the migration
of microorganisms from human-related sources into
sewage ecosystems (Bibby et al., 2010; Chen et al., 2020;
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Gudda etal.,, 2020). For example, human pathogenic
viruses could be detected from wastewater, including
SARS-CoV-2, influenza virus, and monkeypox viruses
(Li et al., 2022; Tisza et al., 2023). The wastewater-based
surveillance has also shown that antibiotic-resistant bacter-
ial pathogens have been detected in global wastewater
systems (Nowrotek et al., 2019; Zhao et al., 2022; Tiwari
etal., 2024), which are proposed as hotspots for
environmental antibiotic-resistance (Nadimpalli et al.,
2020). In terms of community composition, global
sewage microbes resemble the human-related microbiome
more than other habitats (Garcia-Aljaro etal.,, 2019;
Hendriksen et al., 2019; LaMartina et al., 2021). At the
species level, a human bacteria population of Blautia
obtained from sewage show remarkable similarity as one
in fecal samples (Eren etal., 2014). Considering this
close relatedness between sewage and human-related
microbiomes, the sewage microorganisms derived from
human domestic sources are defined as the human sewage
microbiome, referred to the HSM hereafter, as proposed
previously (Cai et al., 2014).

The possibility of exploring the HSM has been
demonstrated by a series of studies across from cities to
regions (Cai etal., 2014; Newton etal., 2015). For
example, human gut microbial communities are found to
be the dominant force of shaping the influent sewage
bacterial profiles in a Hong Kong Wastewater Plant using
the 16S rRNA gene sequencing (Cai etal., 2014). The
traditional culture-based technologies demonstrate that
the human fecal indicator bacteria, such as Escherichia
coli and Streptococci are often monitored in various
aquatic environments associated with sewage pollution
(Sidhu et al., 2012; Staley etal., 2012). Moreover, the
comparison of oligotying sequence reveal that nearly 97%
of human fecal taxa are recaptured from sewage
communities in 71 American cities (Newton et al., 2015).
The investigation of sewage and human gut microbes
reveals the consistent presence of 14 dominant pathogens
shared by both sewage influents and human gut using
metagenomic approach (Li et al., 2015), suggesting that
sewage microbial composition could well reflect the
average bacterial pathogen in human guts. Taken
together, these studies demonstrate that the analysis of the
human-related microbiome from sewages could effici-
ently explore and compare the microbial communities
from human populations at different demographic scales,
e.g., city, country, or even continent. However, there is a
lack of efficient approaches for monitoring the HSM at a
global scale and comprehensive evaluations of climate
and human-related factors influencing the communities.

Our understanding of the influence of socioeconomic
factors on the HSM remains elusive. The human
microbiome over the life course could be affected by not
only local and climate drivers (Pasolli etal., 2019;
Gunawan etal., 2023), but also the socioeconomic
factors, such as family income, education and occupa-

tional status (Bradley and Corwyn, 2002; Dowd and
Renson, 2018; Ahn and Hayes, 2021). For example, a
lower area-level socioeconomic status is associated with
reduced alpha diversity, more abundant Bacteroides, and
less abundant Prevotella in the colonic microbiota
according to a study of 44 healthy volunteers in Chicago
(Miller et al., 2016). Socioeconomic status is also one of
the main drivers of differences in the gut microbiota of
Indonesian schoolchildren (Amaruddin et al., 2020) and
in the saliva microbiome (Belstrom et al., 2014). These
studies focused on human gut microbes rather than the
HSM, however, an overall evaluation of the influence of
climatic and socioeconomic factors on the HSM is
urgently needed.

Here, we performed a comprehensive study of the HSM
at a global scale to evaluate their distribution and to
determine the effects of anthropogenic activities on both
the diversity and community structure of the HSM. We
first built a read-mapping framework to profile the 4930
curated human-associated species-level microbial geno-
mes across 243 sewage metagenomes from 74 cities in 60
countries across seven continents (Fig. 1). Our study
aimed to answer three questions: 1) What is the global
biogeographical pattern of HSM? 2) How are the
microbial characteristics of the HSM such as species
abundance, diversity and community composition
affected by climate and socio-economic factors? 3) What
is the relative importance of these types of factors on the
diversity and community composition of the HSM? Our
findings highlight the important roles of anthropogenic
factors, such as economic and health variables, in shaping
the human sewage microbiome.

2 Materials and methods
2.1 Sequence downloads and analyses

To identify and profile the human-associated microbiome
across sewage environments (HSM), a custom pipeline
was developed and described in detail as below. First, we
downloaded the sequence data sets, including the 4930
species-level human microbial genomes of diverse
populations spanning body site, geography and lifestyle
(Pasolli etal., 2019) and 234 metagenomic reads of
sewage samples around the world (Hendriksen et al.,
2019). For sewage communities, 243 metagenomic
samples of untreated sewage from 79 sites in 60 countries
across seven continents were used to represent the
diversity of microbes in sewage environments. Notably,
three samples with missing latitude and longitude data
were discarded from our study. For human microbes,
154723 genomes were first reconstructed from 9428
metagenomic samples, then clustered at 95% sequence
similarity, resulting in 4930 species-level reference
genomes (Pasolli etal., 2019). These high-quality
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Fig. 1 The overview of the framework for exploring HSM. The framework includes three steps highlighted in panels with distinct
colors: (a) The taxonomic profiling of the human-related microbiome in sewage (HSM), (b) The collection of the relevant variables

from the curated databases, (c) Statistical analyses.

genomes spanned six different body sites, including the
stool, oral cavity, skin, airways, nasal cavity, and vagina.
Therefore, these genomes could well represent the great
diversity of the human microbiome and were used as
reference genomes to detect human-associated microor-
ganisms. Second, we estimated the abundance of the
human reference genomes through a metagenome read
recruitment approach. The quality of raw reads was
checked using FastQC v0.11.8 (Andrews 2010),
indicating no sequencing adapters in the samples. The
raw sequencing reads were trimmed using Trimmomatic
v0.39 (Bolger et al., 2014), discarding the reads with an
average Phred quality lower than 25 using a 4-base-wide

sliding window and shorter than 50 bp. The longest
contig from each reference genome was extracted as the
representative sequence, then merged into the reduced
human microbial genome data set. The clean reads from
each sample were mapped against with the genome data
set using Bowtie v2.3.5.1 (Langmead and Salzberg 2012),
and the total bases of the reads uniquely mapped onto the
representative sequence with sequence identity greater
than 99% were counted using the ‘depth’ module of
SAMtools v1.3.1 (Li etal., 2009). The short sequence
showing = 99% similarity against a species’ genome
could be assigned to the sequence belonging to the
species of the interest. This relative strict threshold could



4 Front. Environ. Sci. Eng. 2024, 18(10): 129

be used to target the sequence which are more similar to
the human-related microbial genomes, rather than their
distantly relatives in sewage. The abundance of each
representative across each sewage sample was initially
denoted by the total number of bases mapped to the sites
of the sequence. Finally, we normalized the abundance of
each reference genome in a sample using the length of the
representative sequence and the total sequencing depth of
the sample. The abundances of the reference genomes
across sewage samples and their taxonomic information
were shown in the Supplementary Tables S1 and S2,
respectively.

2.2 Screening socioeconomic and climate factors

We collected two types of factors, namely the
socioeconomic and climate factors, to examine their
influence on the diversity and composition of the HSM
(Amaruddin et al., 2020, Catania et al., 2021). For the
socioeconomic factors, 178 country-specific variables
were collected from the World Bank database and
published elsewhere (Nowak et al., 2015). The variables
that were highly correlated with other ones (Pearson’s
correlation coefficient » > 0.80) were removed to avoid
the collinearity among variables. The remaining variables
were further selected through the “bioenv” function in the
vegan package v2.6.4 (Dixon 2003), which considers the
correlation coefficient between the community structure
distance matrix and the environmental factor distance
matrix. These selected socioeconomic variables were then
classified into four categories, namely economy, health,
environment, and education according to the classifica-
tion system in the World Bank database. For the climate
factors, the local average annual precipitation and average
annual temperature were extracted from the WorldClim
database according to geological locations of sewage
samples (Hijmans et al., 2005). Finally, 40 variables from
five categories, namely, climate, economy, health,
environment, and education, were selected and used to
estimate their contributions to the variations in human
sewage microbial communities. Detailed information on
the climate and socioeconomic variables across sewage
samples was shown in Table S3.

2.3 Statistical analyses

The taxonomic alpha diversity indices, including species
richness, Pielou’s evenness, the Chaol index and the
Shannon index, were calculated using the ‘diversity’
function from the vegan package (Dixon, 2003).
Nonmetric multidimensional scaling (NMDS) analysis
was performed to evaluate microbial community compo-
sitions across seven continents using the Bray-Curtis
distance matrix. To explore the distance-decay relation-
ship (DDR), the dissimilarity between samples or groups
of samples was calculated by using the Bray-Curtis

distance metric. Geographic distance was calculated using
the “distm” function from the ‘“geosphere” package
v1.5.18. The slope of the DDR was calculated via linear
least squares regression on the relationship between
geographical distance and community composition
dissimilarity. The statistical significance was determined
using Mantel tests with 999 permutations and the
Spearman’s correlation method and the observed slopes
were compared between continents.

A series of statistical tests were performed to determine
the main drivers of the diversity and community compo-
sition of the global HSM. The relationships between
species richness of HSM and each of the climate and
socioeconomic variables were tested by linear regres-
sions. A Mantel test was used to examine the correlation
between each variable and community composition
represented by the first axis of NMDS with 999
permutations using the vegan package (Dixon, 2003). We
constructed a correlation matrix and network details of
HSM species abundance and the relevant climate and
socioeconomic variables by calculating all possible
pairwise Spearman’s rank correlations between species
and variables using the “Hmisc” package v5.0.1. Only the
factors that showed robust (Spearman’s rho > 0.5 or rho <
—0.5) and statistically significant (P < 0.01) correlations
with microbial taxa were considered in the network
analysis. The visualization of the network diagram and
the calculation of topology characteristics (e.g., degree,
betweenness centrality, and closeness centrality) of the
network were implemented using the Gephi platform
(Bastian et al., 2009).

Redundancy analysis (RDA) was used to estimate the
effects of each explanatory variable on species distribu-
tion of HSM. Species abundance data were Hellinger-
transformed. Forward selection with 999 permutations
was selected to retain only the significant environmental
variables in the final model (P < 0.05) using the
“ordistep” function in the vegan package. In addition, the
random forest model was further used to calculate the
relative importance of the indicators. We constructed
each model containing 22000 decision trees to predict
climate and socioeconomic indicator variables for HSM
species richness and community composition. The
variables with relative contributions less than 5% were
removed to obtain the best model. The constructed
random forest regression model ranked the variables
according to their degree of contribution. Random forest
modeling analysis was conducted using the ‘randomFor-
estSRC’ package v3.2.2.

Structural equation modeling (SEM) was applied to
explore the direct and indirect relationships between the
factors of interest and the diversity and community
composition of the HSM. The 40 indicators selected
above were classified into the five composite variables
through multiple regression, namely climate, economy,
health, environment and education. These composite
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variables were used to account for the joint influence of
five categories of factors on community characteristics.
We first considered a hypothetical model containing all
reasonable paths, then transformed the model into a
regression equation, and eliminated the nonsignificant
paths until the final model contained the significant paths
(P < 0.05). The final optimal model with the lowest
Akaike information criterion (AIC) value was selected
after comparing the AIC values of all alternative models
(Hu et al., 2020). The SEM analysis was conducted using
the “lavaan” R package v0.6.16. All the statistical
analyses described above were performed in R v4.0.2.

3 Results and discussion

3.1 Global patterns of the human sewage microbiomes
(HSM)

The read-mapping-based framework revealed that there
were 4685 human-associated species identified from
sewage, accounting for 95.03% of the reference species
(Fig. 1). The results showed the great potential of the
framework to recapture and profile the human-associated
microbes from sewage (HSM). Among all the human
microbiome species identified above, 77.59% were
derived from stool (Fig. Sla), indicating that HSMs are
dominated by human stool microbes. Our metagenomic-
based results are consistent with previous findings that
the human gut microbiome is the dominant force shaping
influent sewage bacterial profiles based on high-
throughput 16S rRNA gene sequence data (Cai etal.,
2014; Newton et al., 2015). Moreover, the dominant stool
bacteria in the sewage included Firmicutes (50.4%),
Proteobacteria (23.7%), Actinobacteria (16.9%), and
Bacteroidetes (7.05%, Fig. S1b). As expected, these
dominant phyla are among the most common and
abundant taxa in human intestines (Qin etal., 2010),
highlighting the close relatedness between the HSM and
human gut microbes.

Anthrophonic activities produce more than 300 km?3 of
wastewater per year, equaling one-seventh of the global
river volume (Mateo-Sagasta etal., 2015; Wu etal.,
2019) and nearly half of the global wastewater production
is released to the environment untreated (Jones et al.,
2021). A large volume of sewage receives microbial
assemblages from multiple sources, especially from
human domestic waste such as feces, urine, washing and
bathing (Cai et al., 2014). Therefore, the high proportion
of human-related microbiome successfully identified
from global sewage was not surprising, highlighting the
ubiquity of human-associated microbiomes in the sewage
ecosystem. Recent studies further show that wastewater
metagenomics sequencing surveillance facilitate the
identification and source-tracking of viruses, such as
SARS-CoV-2 during the COVID-19 pandemic (Crits-

Christoph et al., 2020; Ji et al., 2021; Tisza et al., 2023),
potentially pathogenic microorganisms (Schneeberger
etal.,, 2019), and even traces of human mitochondrial
DNA (Pipek et al., 2019). The predominant occurrence of
human-associated microbes across global sewage in our
study and elsewhere indicates the potential health
consequences that the HSM imposes upon the exposed
human populations.

Microbial diversity of the HSM showed global
geological variation across latitudes and continents. The
relationship between the HSM species richness and
latitude was examined, revealing that species richness of
the HSM increased toward high latitudes (Fig. 2(a)). In
addition, the spatial distribution of HSM determined by
the distance-decay relationship analysis (DDR) showed
that the HSM community dissimilarity increased signifi-
cantly with increasing of geographic distance at the
global scale (Mantel test, » = 0.18, P = 0.004). However,
the DDRs of the HSM depended on spatial scale, which
was supported by the finding that the DDR pattern was
nonsignificant at the continental scale (Fig. 2(b)). We also
found that species richness of HSM in Europe and North
America was greater than those in the developing regions,
such as Asia and the Middle East, although the variation
was nonsignificant (Fig. S2). Nonmetric multidimensio-
nal scaling analysis revealed that community composi-
tions of the samples from Europe (n = 27) and North
America (n = 13) were more similar than those from
underdeveloped regions of Asia and Africa (Fig. 2(c)).
These clustering patterns for Europe and North America
suggest that microbial composition of the HSM in
developed regions are distinct from those in other regions,
which might be related to the local socio-economic
factors. For example, the composition of human gut
microbiome has been widely demonstrated to be closely
associated with diet (Parizadeh and Arrieta, 2023),
geological location, human lifestyle (Yatsunenko et al.,
2012), and ethnicity (Deschasaux etal., 2018). The
alterations in the human microbiome in industrialized
regions might arise from modern lifestyle practices limi-
ting bacterial dispersal (Martinez et al., 2015). Therefore,
the patterns observed in human-related microbes in
sewage are explained by the alteration in human gut
bacteria associated with socioeconomic factors.

3.2 Socioeconomic factors determine the diversity and
composition of the HSM

To determine the underlying factors associated with the
HSM at the global scale, we collected two types of
factors, namely the socioeconomic and climate variables
(see the Method section, Table S3). Socioeconomic
variables were carefully selected from the World Bank
Database and divided into four categories, economic (n =
14), health (n = 10), environment (z = 9), and education
(n = 5). Climate variables, including the average annual
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temperature and precipitation were retrieved from the
WorldClim database based on the geographic location of
each site (Fig. 1).

The relationships between species abundance and both
two types of variables were first investigated using
network analysis (Fig. 3). The nodes of the network
represent the relative abundance of each species in the
HMS, whereas the edges represent the relationships
between species abundance and both climate and
socioeconomic variables. Only the edges with significant
relationships (Spearman’s rho > 0.5, P < 0.05) were
considered, resulting in a network comprising 584 nodes
and 3295 edges (Fig. 3(a)). The network results showed
that the adequacy of social insurance programs
(economy), the number of wage and salaried workers
(economy), electric power consumption of environment
category (environment), and open defecation practices
(health) were significantly correlated with the majority of
HSM species with the greatest network degrees. Among
these significant correlations, the climate, economy and
health showed distinct relationships, including the
positive (n = 2, 94, 83) and negative (n = 152, 65, 66)
links to the HSM species, respectively (Fig. 3(b)). Species
richness of the HSM was also significantly associated
with most of these variables, as indicated by linear
regression analysis, including average annual tempera-
ture, import and export trade, salary and social security,
sanitation, sickness, and health (#-test, P < 0.05, Fig. S3).
Moreover, the healthy factors, such as antiretroviral
therapy coverage for prevention of mother to child
transmission (PMTCT), condom use for young women,
and the tuberculosis case detection rate were significantly
correlated with HSM community dissimilarity (Mantel
test, P < 0.05, Fig. S4). In addition, a total of 16 variables
selected by the redundancy analysis (RDA) explained
28.8% of the community variation, with 16.6% and
12.2% of the total variance explained by RDA1 and
RDA2, respectively (Fig. 4). Interestingly, the health
variables such as the use of antiretroviral drugs had a
significant effect on HSM communities (Fig. 4(c)). This
finding is consistent with previous reports that distinct
antiretroviral combinations could partially alter the

human gut microbial composition (Nowak et al., 2015).

We further quantified the relative contributions of both
groups of drivers to the diversity and community
composition of the HSM by a random forest model.
Consistent with the linear model results, a wide range of
socioeconomic factors were attributed to the variation in
HSM species richness (Fig. 4(a)), including average
annual temperature (climate, 33.18%), the export values
for communications (economy, 16.75%), food imports
(economy, 14.72%), aquaculture production (environ-
ment, 7.36%), open defecation practices (health, 6.07%),
and adequacy of social insurance programs (economy,
5.94%). For community composition, the export values
for communications (economy), proportion of cities with
electricity, import value index and open defecation
practices were attributed to 27.53%, 15.62%, 11.37%, and
10.47%, respectively (Fig. 4(b)).

The direct and indirect effects of both groups of factors
on species richness and community composition of the
HSM were determined through structural equation
modeling (SEM, Fig. 5). Consistent with the linear model
and random forest results above, economy had the stron-
gest direct effect on the species richness (standardized
path coefficient, f = 0.402, P < 0.001), followed by
education (f = 0.272, P < 0.01). Climate variables had no
significant effect on the first axes of NMDS representing
the community structure community composition, but the
environment, economy, education, and health had direct
and positive impacts (Fig. 5(b)). Consequently, anthropo-
genic activity, especially economic factors, serves as a
significant promoter to structure the abundance, diversity,
and community composition of the HSM worldwide.
Here, we linked the observed differences in the HSM
around the world to global socioeconomic factors and
demonstrated their nonnegligible effect on the HSM
community structure variation. To our knowledge, this
was for the first time to explore how both climate and
socioeconomic factors affect human microbial communi-
ties in the sewage ecosystem at a global scale. Earlier
studies focus on the effects of socioeconomic factors on
the human gut microbiome, or the HSM constrained at
the regional scale (Newton etal., 2015; Bowyer etal.,



Minglei Ren et al. Disentangling the h

uman microbiome in sewage

(a)
: ° SL.EMP.WORK.ZS . .
o o o
EG.USEELEEKHPC §H'SGF§PRGC'P5°
. ° e °© ° . . Climate
: ° oTMVALMRCH.XD.WD <-' ° o
sP. URB. TOJ'L IN z3 SM.POP.BOTLZS o . Economy
o
e . SE 'FE&NRR Mg eper_si_alls ?dq_Porf fot - Health
. . - W 7028 UN o ‘ .
TM.VAL FOOD.ZS.UN oL ° o e SH.MED CMHW. Ps- Environment
. . ° IC.IMP,TMPC, ° :
SH.STA. ngc RU.2S §L EfIP. INSV FE.ZS : Education
e e ° o °
. SH TBS. m%c 7S, ° o R
ER FSHAQUA. MT o . . EGoELC ACC§ . SH.CON. 1524 FESS °
EG.USE. CRNW. s, Tmean o, .
. . SL ISV.IFRM.MA.ZS ° :
B °  SH.MED BEDS ZSo . Llimate:
Q R R Tmuean Average annual temperature
SESEC RL TC. zs . : *Economy:
. o © ° SL.EMP.WORK.ZS: Number of wage
. SE. SEC PROG MA ZS 0, o ° and salaried worked
R R EN.MAM THRD NO Health:
R e 0 o ° SH.STA.ODFC.RU.ZS: Open defecation
- ° SH.STAORCE.ZS practicing
° °  SE.PRM.UNER.MA
Education:
. SE.SEC.ENRL.TC.ZS: Pupil-teacher ratio,
NE.GDI.FPRV.ZS secondary
(b) (©
300
150+ ° o
Group
5 B Negative ¢
o B Positive
£
2 200 -
g‘» 100+ 8 ° °
= o N °
= a
N o
g - 100
] i
<
o o
o °
0 0 - % ol
T T T T
e 0(\ x& N \(\ e o\
0“\ a\‘ o 2 B o AN N A
\\“\ o O W e ot G o W
O < AN & C ¢S ANPFN e

Fig.3 The correlation network of the HMS and variables. The network represents the relationships between species abundance and
both two types of variables (a). The distributions of average linking numbers and degrees across different types of variables were

shown in panels (b, c).

2019). For example, there are strong correlations between
human gut microbial diversity of twin cohort of UK and
socioeconomic parameters, such as income, area-level
socioeconomic status, and education level (Bowyer et al.,
2019). The human demographic patterns, such as city

population percent obesity are correlated the variation in
human fecal communities in sewage influent 71
American cities (Newton et al., 2015). Specifically, the
countries with low socioeconomic condition likely face
the challenges related with poor health-related behaviors,
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Fig. 4 The relative importance of the variables to HMS diversity. The relative contributions of the variables to HMS species
richness and community composition based on the random forest model results (a, b). The effects of the significant variables on the
HMS were shown based on redundancy analysis (c).
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Fig.5 The drivers of the HMS diversity revealed through SEMs. The SEMs showed the relationships among the variables and
HMS species richness and community composition (a, b). The width of the arrows represents the strength of influence between
variables, with numbers denoting the standardized path coefficients.

higher rates of morbidity and mortality (Ahn and Hayes, socioeconomic factors and lifestyles are an important
2021). Together, these characteristics associated with driver of human sewage microbial composition based on
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a large number of samples around the world combined
with the consideration of a wide range of regional
socioeconomic factors.

4 Conclusions

In conclusion, our study provides an efficient approach
for comprehensively exploring the biogeographical
patterns of the human microbial community dispersed in
sewage (HSM) from 60 countries across seven continents
and determining the potential socioeconomic-associated
drivers within the context of theoretical ecological
frameworks. Our characterization of the persistence,
biogeography and underlying driving factors of the
human-associated microbiomes from sewage at the
continental scale is particularly relevant to global public
health. Nearly half of the global wastewater production is
released to the environment untreated (Jones et al., 2021),
from which potential antibiotic-resistant pathogens and
viruses are increasingly being detected by the wastewater-
based surveillance. The human-related microbes, especi-
ally stool microbes were detected at high abundance in
global sewage serving as a complex species pool, using
the framework implemented here. These findings
highlight the use of sewage as a lens to explore the fecal
microbiota from millions of people and its potential to
elucidate microbiome patterns associated with socioeco-
nomic factors such as economic or sanitary conditions or
human demographics.
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