


















Fig 4. Sub-species diversity in gut-associated bacterial species as a potential marker for human population size.

(A-F) Comparison of sub-species diversity of gut-associated bacteria in human gut microbiome samples

(LifelinesDeep) and MIT sewage samples. Nucleotide diversity and numbers of polymorphic sites were computed from

ten phylogenetic marker genes. (G) and (H) Simulation results showing intra-species diversity in response to

increasing population size, as represented by the number of polymorphic sites (G) and nucleotide diversity (H).

https://doi.org/10.1371/journal.pcbi.1010472.g004
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could be viewed as a kind of regional meta-communities, because these communities are

linked by dispersal that can take place among people connected by social networks and

through a shared built environment. The meta-community framework is considered to pro-

vide useful new conceptual tools to understand the largely unexplained inter-personal vari-

ability in gut microbiomes, with expansions of the theory to consider biotic interactions

suggested by Miller, Svanbäck, and Bohannan [26]. In considering a sample of meta-com-

munities, Leibold and Chase asked provocatively “what is a community?” and observed that

the definition of a community is usually “user-defined and could be context-dependent”

–“one community ecologist might explore the patterns of coexistence and species interac-

tions among species within a delimited area, the other might ask the same question but

define a community that encompasses more area and thus types of species, as well as differ-

ent degrees of movements and heterogeneity patterns” [27]. The ambiguity between samples

of meta-communities and local communities is particularly challenging for samples of

microbial communities, because dispersal boundaries are difficult to delineate. Despite the

conceptual importance, empirical methods that explicitly test whether a microbiome sample

is a sample of a meta-community or a local community have not been available. Microbio-

meCensus directly distinguishes samples of meta-communities and local communities by

enumerating the number of hosts contributing to a microbiome. While MicrobiomeCensus

is trained on gut microbiome data, the procedure may have wide applications in other

microbial ecosystems.

There are several limitations of this study. First, our approach requires a sizable set of indi-

vidual gut microbiome data to generate the empirical distributions employed in maximum

likelihood estimation. Second, accurate estimations of population sizes will depend on good

estimations of the population means and variances of relative abundances in individual gut

microbiomes. Future studies generating data of individual-level gut microbiome of residents

in specific cities, as well as model training based on those data, will help bridge the applications

to sewage samples at the corresponding areas. Third, our current application procedures

require minimal decays of gut-associated bacteria, thus are suitable for applications at catch-

ments near residential buildings (e.g., sentinel monitoring). Better understandings of the

growth/death dynamics of human gut-associated microbial taxa in the sewer environment and

feature selection leveraging that information will help bridge the applications to larger

catchments.

In response to the COVID-19 pandemic now affecting the human population globally, sew-

age-based virus monitoring is underway [28]. Our analysis calls for attention to the denomina-

tor used in normalizing the biomarker measurements. While in practice, loading-based

population proxies such as the copy numbers of pepper mild mottle viruses are used to nor-

malize data generated from sewage, such proxies would likely have high error at the neighbor-

hood level because of their variability in human fecal viromes (106-109 virions per gram of dry

weight in fecal matters)[11], while they likely have reasonable performance when the popula-

tion size is sufficiently large and the means of biomarker loadings converge under the Central

Limit Theorem. Thus, the relationships between sewage measurements and true viral preva-

lence in small populations are hard to establish despite the need for sentinel population stud-

ies. Our model has immediate application in detecting false negatives, because it alerts us to

the possibility that an absence of biomarkers might be caused by a sewage sample that under-

represents a population. With further developments incorporating local training data, the

model can potentially generate a denominator that can help turn biomarker measurements

into estimates of prevalence and enable the application of epidemiology models at finer spatio-

temporal resolutions.
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26. Miller ET, Svanbäck R, Bohannan BJM. Microbiomes as Metacommunities: Understanding Host-Asso-

ciated Microbes through Metacommunity Ecology. Trends Ecol Evol. 2018; 33(12):926–935. https://doi.

org/10.1016/j.tree.2018.09.002 PMID: 30266244

27. Leibold MA, Chase JM. Metacommunity Ecology, Volume 59. Princeton University Press; 2017.

28. Bivins A, North D, Ahmad A, Ahmed W, Alm E, Been F, et al. Wastewater-Based Epidemiology: Global

Collaborative to Maximize Contributions in the Fight Against COVID-19. Environ Sci Technol. 2020; 54

(13):7754–7757. https://doi.org/10.1021/acs.est.0c02388 PMID: 32530639

29. Burkholder DL. Sharp inequalities for martingales and stochastic integrals. Astérisque. 1988; 157
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