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Introduction
How ecological communities such as human microbiota (which 
can be roughly considered as the regional existence of human 
microbiomes) are assembled and how their diversities are 
maintained (without being monopolized by individuals of a 
single species) has been wondered, to the minimum, ever since 
the time of Darwin’s “Origin of Species,” and is still not fully 
settled until today. A central principle of Darwin’s evolution by 
natural selection is that species compete for living in nature and 
it is intuitively plausible that the world could be dominated or 
even monopolized by a single species such as Homo sapiens. 
Nevertheless, the reality diametrically contradicts that obvi-
ously wrong imagination, that is, the nature is astonishingly 
diverse and supports numerous species of living organisms, and 
we humans by no means can dominate the natural world. The 
COVID-19 is a vivid example to demonstrate our competitive 
disadvantage. Our digestive tract (DT) is another example, 
which is believed to harbor the greatest microbiome diversity 
of our bodies (eg,1-3).

In the 1920s, naturalists and ecologists conceived that it 
may be the case that is the diversity (strictly speaking heteroge-
neity) of nature that makes it possible to support the astonishingly 

diverse species, that is, each species may live and prosper in its 
own species-specific niche. Of course, the above statement is an 
overly simplified or idealized view on the niche theory, which 
has been studied and advanced extensively during the last cen-
tury or so (eg,3,4). In reality, niche is a rather vague concept, and 
it is hardly possible to define niches for many species, not to 
mention measure them quantitatively. For example, Deines  
et al4 demonstrated that even with a single metaorganism 
Hydra vulgaris (strain AEP), discrepancies exist between the 
fundamental niches and realized niches of bacteria species that 
colonize Hydra. This suggests that there are other natural forces 
beyond niche selection that are in effects in determining the 
structure of communities.

Indeed, in the 1990s, Hubbell5 had already formulated a 
systematic, alternative theory to the niche (selection) theory, 
well known as the “Unified neutral theory of biodiversity and 
biogeography” (UNTB). Hubbell’s UNTB was inspired by 
Kimura’s neutral theory of molecular evolution in population 
genetics, which maintains that most evolutionary changes such 
as gene mutations are neutral in the sense that they are caused 
by stochastic genetic drifts without phenotypic consequences. 
Similarly, the UNTB maintains that species in communities 
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are neutral in the sense that their differences are irrelevant to 
their successes; essentially niche differentiations do not influ-
ences species abundance, and the abundance of each species 
follows a random walk.6,7 More specifically, neutrality means 
that measured on a per capita basis, species are equivalent in 
their demographic characteristics including birth, death, dis-
persal, and speciation rates. Although the neutrality assump-
tion is frequently violated in reality, the UNTB offered an 
important starting point for understanding the effects of eco-
logical drift (demographic stochasticity) among equivalent spe-
cies with identical vital rates. More importantly, it can be 
formulated as a precise statistical model for testing, and fre-
quently, rejecting, the null hypothesis that community struc-
tures are determined by stochasticity alone.

Like many fields of science, the truth is most likely in the 
middle of both diametrically opposite theories. During the last 
couple of decades, there have been several “hybrid models” that 
tried to reconcile both niche and neutral theories (eg,8-17). 
These hybrid models recognize the roles of both deterministic 
niche selection and stochastic neutral drifts, and often try to 
quantify their relative importance in structuring ecological 
communities. The so-termed niche-neutral continuum is such 
a concept that is often used to represent the spectrum between 
2 extreme ends of total deterministic niche vs. complete sto-
chastic drifts. However, to quantify the niche-neutral contin-
uum is challenging. Two approaches, Sloan et al18,19 near 
neutral model and Ning et al20 stochasticity analysis frame-
work appear to be particularly useful for dealing with the chal-
lenge. We will apply both the approaches in this study for 
quantifying the niche-neutral continuum of the human DT 
microbiomes.

According to Segata et al,2 the DT is differentiated into 4 
diverse habitat types or niches. Their study is important because 
it for the first time proposed the concept of niche differentiation 
of the DT microbiomes, although they failed to present quanti-
fied characterizations of the 4 niches or habitat types. In a previ-
ous study, Chen and Ma21 provided a preliminary quantification 
of the niche types originally proposed by Segata et al2 by apply-
ing Harris et al22 multi-site neutral (MSN) model and Tang and 
Zhou14 niche-neutral hybrid model. Both MSN and NNH 
models can be considered as further advances to Hubbell’s 
UNTB, and both are assumed to measure the levels of stochas-
tic neutrality across multiple sites of the DT microbiomes.21

The primary objective of this study is to further quantify 
the niche-neutral continuum of the DT microbiome beyond 
what is obtained from the MSN/NNH modeling.21 
Specifically, we apply Ning et al20 framework for community 
stochasticity analysis, which offers a metric termed normal-
ized stochasticity ratio (NSR) with a value between 0% and 
100% or between 0 and 1. If the community assembly is 
extremely deterministic without any stochasticity, then NSR 
should be 0%; otherwise NSR should be 100%. Applied to 
niche-neutral continuum, the NSR approaches to 0 at the 

niche end, and approaches to 100% at the neutral end. While 
Ning et al20 NSR metric was computed at the community 
(more accurately, meta-community scale), we applied Sloan  
et al18,19 near-neutral model to perform an OTU (operational 
taxonomic unit) or species-level neutrality analysis, which can 
classify microbial species as neutral, positively selected and 
negatively selected species, similar to the neutral, positively 
and negatively selected genes in population genetics. Sloan et 
al’s18,19 model is termed near-neutral model because it slightly 
relaxed the neutrality assumption in Hubbell’s5 classic UNTB, 
but preserved the essential elements of the UNTB.

To fulfill the previously defined objective, in the remainder of 
this article, we present our integrated analyses of the human 
digestive tract (DT) microbiome with Sloan et al18,19 near-neural 
model and Ning et al20 stochasticity framework by reanalyzing a 
large HMP (human microbiome project) dataset previous pub-
lished by Segata et al.2 The integrated analyses produce quanti-
tative characterization of the niche-neutral continuum of the 
DT microbiome, that is, the level of stochasticity versus the level 
of deterministic selection (in the form of niche differentiations).

Material and Methods
Multi-site microbiome datasets along the human 
digestive tract (DT)

Figure 1 illustrated the 10 sampling sites of the human DT 
(digestive tract) microbiomes,2 as well as the mathematical 
models used to perform OTU-level neutrality/selection analy-
sis18,19 (near-neutral model) and community-level stochasticity 
analysis20 (stochasticity framework). The diagram (Figure 1) 
also showed the roadmap to achieve our objective—character-
izing the niche-neutral continuum of human DT microbiomes. 
In other words, we aim to gage the parameters that can be used 
to quantify the relative importance of stochastic neutral drifts 
versus deterministic niche differentiations (selection) in shap-
ing the community structures (diversity patterns) of human 
microbiomes along the DT.

Segata et al2 collected a total of 2105 microbiome samples 
from 10 sites of over 200 individual subjects long their DTs. 
They sequenced those samples with 16S-rRNA amplicon 
sequencing and computed the OTU (operational taxonomic 
unit) tables of the DT microbiomes. The 10 DT sites they 
sampled include and were grouped as 4 niche types, as follows: 
(i) buccal mucosa (BM), keratinized gingiva (KG), hard palate 
(HP); (ii) saliva (Sal), tongue dorsum (TD), palatine tonsils 
(PT), throat (TH); (iii) sub-gingival plaques (SubP) and supra-
gingival plaques (SupP); and (iv) stool. These 4 DT niches 
were found to possess not only distinctive species community 
compositions, but also different metabolic potentials function-
ally. It should be noted that the niche concept we use in this 
article refers to niche for microbiota, rather than niche for spe-
cific species.23 Similarly, the concept of selection we use in this 
article is also slightly different from its traditional meaning, 
natural selection for species fitness. Instead, we use the term 
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selection to refer to niche selection or selection of microbiota 
niche. Furthermore, selection, in particular, in the context of 
selection in gut environment, can be multidimensional, where a 
high diverse of molecules originated either by the host or the 
microbiota influences positive or negative selection, termed 
complex eco-active intestinal chemosphere.24

Sloan et al18,19 near-neutral model for the  
OTU-level neutrality analysis

Sloan et al18,19 derived an alternative neutral model based on 
the principle of Hubbell’s neutral theory. Sloan’s neutral model 
was designed to address the challenges in inferring the species 
abundance distribution of an entire microbial community from 
disproportionally small magnitude of metagenomic samples 
(eg, a few grams of fecal sample vs the whole length intestine). 
The theoretic occurrence frequency of each species predicted 
from Sloan model is compared with the observed species abun-
dances, and all species are classified into 3 categories: neutral, 
below-neutral, and above-neutral species, whose abundances 
are consistent (falling within the 95% confidence interval), 
below or above those predicted by the Sloan model. Unlike 
Hubbell5 neutral model, there is not a community level test 
statistic for determining neutrality. We argue that the value of 
Sloan’s model lies in its capacity to distinguish species as neu-
tral, “positively selected” (above neutral), or “negatively selected” 
(below neutral). Another useful metric for evaluating the good-
ness-of-fitting of Sloan’s model is the generalized R2. For 
detailed information on Sloan model, readers are referred to 

Sloan et al18,19 and Burns et al.25 In this study, we use Sloan et 
al near-neutral model to gain OTU-level insights on the niche-
neutral continuum of the DT microbiomes, while Ning et al20 
stochasticity analysis is used to gain community-level insights. 
Burns et al25 software package that implemented Sloan et al18,19 
model is used in this study to perform OTU-level neutrality 
analysis. Sloan’s near-neutral model is formulated in terms of 
the source and destination communities, and in the present 
study, we apply Sloan model in pair-wise manner—each (of 
the 10 DT sites) acting as the source community paired with 
each (of the other 9 DT sites) as destination community (see 
Figure 1 for the illustration).

The stochastic neutrality analysis framework by 
Ning et al20

There was suggestion that the UNTB might over-estimate the 
true strength of neutral processes, we adopted Ning et al20 nor-
malized stochasticity ratio (NSR) as an alternative approach to 
gaging the “low bounds” of the stochasticity level. The princi-
pal foundation of Ning et al20 mathematical framework is that 
deterministic processes should drive ecological communities 
more similar or dissimilar than null expectation. Ning et al20 
established a sophisticated procedure to implement a null 
model for quantifying stochasticity. A key metric in their 
framework was the utilization of Ružička26 similarity metrics, 
which is a generalization of Jaccard binary similarity coefficient 
and is defined based on species abundance. Let Cij represent 
the observed similarity between the i-th and j-th community,

Figure 1. A diagram for illustrating the sampling sites of the human DT microbiome and analysis design.
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in which nA represents for the number of the pair-wise simi-
larities that are larger than null expectation, and nB represents 
for the number of the pair-wise similarities that are less than 
null expectation. SR represents for the strength of stochasticity in 
the community assembly, and should range from 0% to 100%. 
If the community assembly is extremely deterministic without 
any stochasticity, then SR should be 0%; otherwise SR should 
be 100%. However, when expected stochasticity is very low, SR 
could overestimate stochasticity. To overcome this issue, SR 
should be normalized, and the normalized stochasticity ratio 
(NSR) exhibits higher precision than the SR and its exact defi-
nition and computational procedure are referred to Ning et 
al.20 In the present article, we use Ning et al20 normalized sto-
chasticity ratio (NSR) to gain community-level insights on the 
niche-neutral continuum of human DT microbiomes.

Integrated with the OTU-level insights gained from Sloan 
near-neutral modeling, it is aimed to obtain educated guesses 
for the major parameters that can be used to quantitatively 
characterize the niche-neutral continuum of human DR 
microbiomes. Similar to that Sloan et al18,19 near-neutral model 
that designates source and destination community, Ning et al20 

normalized stochasticity ratio (NSR) measures the stochastic-
ity (stochastic drifts) between (pair-wise) 2 communities by 
measuring their similarity. In other words, the NSR is com-
puted pair-wisely for the 10 DT microbiome sites, as illustrated 
in Figure 1.

While the previously introduced Sloan et al18,19 model esti-
mates the neutrality level (in percentage of neutral OTUs) or 
selection level (in percentages of positively or negatively 
selected OTUs) at the OTU-level, Ning et al20 NSR assesses 
the stochasticity (≈neutrality) at the community (metacom-
munity) level. Putting together, both metrics, ranged between 
0% and 100%, present a rational estimation of the niche-neu-
tral continuum or spectrum from total deterministic selections 
(zero end) to completely stochastic drifts (one end) in the 
human DT microbiome.

Results and Discussion
OTU-level neutrality/selection analysis with Sloan 
et al18,19 near-neutral model

We fitted Sloan et al18,19 near-neutral model in pair-wise man-
ner to the DT microbiomes, that is, building a Sloan model for 
each pair of the 10 DT microbiome sites, one site as source 
community and another site as destination (local) community 
(see Supplemental Table S1 and S2 for the detailed fitting 
results). Figure 2 illustrated the fitting of Sloan model to 2 
pairs of DT microbiomes. Table 1 and Figure 3 further sum-
marized the results on average basis for each DT site from 
Supplemental Table S1.

First, note that the Sloan model failed to fit the stool micro-
biome data, as judged by R2 < 0, for this reason, we primarily 
rely on Ning et al20 NSR metric to evaluate the “position” of 
stool on the niche-neutral continuum. However, the signifi-
cantly lower NSR = 0.067 of stool (3-12 times lower than other 
9 DT sites) seems to suggest that the actually parameters of 
Sloan model for stool are not without merits. Instead, the neg-
ative R2 may have to do with some less satisfactory processing 
of the residual computation in the computational program 
used to fit Sloan model. In other words, we believe that the 
structure of Sloan model per se is solid. For this reason, we pre-
serve the parameters of Sloan model fitted to Stool in Table 1 
and Supplemental Tables S1 to S2. But we caution that for the 
stochasticity of stool samples (site), the inference should be 
primarily based on Ning et al20 NSR. As a further caution, in 
all relevant tables and figures, we reported both versions of the 
aggregation metrics (mean, standard error), one with stool 
parameters included, and another excluded.

Overall but excluding the stool site, Table 1 shows that the 
stochastic neutral drifts, as measured by the proportion of neu-
tral OTUs (46%), are slightly higher than that of the positive 
selection (38%), as represented by the proportion of positively 
selected OTUs. In addition, there are approximately 15% of 
OTUs that are negatively selected, and their abundances are 
smaller than the levels predicted by the neutral model. From 
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Figure 2. Fitting Sloan et al18,19 near neutral model to the DT microbiome; the top graph for the BM-HP pair (Buccal mucosa vs Hard Palate), and bottom graph 

for BM-Stool (Buccal mucosa vs Stool) pair: (i) The 3 curves constitute the 95% confidence interval predicted with Sloan model; therefore, the pink circles 

representing for the species with their occurrence frequency > that of neutral species (ie, the positively selected species), the green circles for the neutral 

species, and the cyan for the species with their occurrence frequency < neutral species (the negatively selected species). (ii) The 2 graphs show contrastingly 

different distribution pattern of 3 categories of species; in the case of gut (stool) microbiome (the bottom), selection effects (such as diet effects from fully 

digested food) may be responsible for significantly large proportion (62%, pink circles) of positively selected species, while the proportion of neutral species 

(46%, the top graph, green circles) was much higher for the oral sites (Table 1). It should be cautioned that the fitting to Sloan model with stool microbiome data 

failed if judged by R2, and the failure is also obvious in this figure, where positively selected OTUs scattered all over the places above the simulated neutral 

curve. We argue that even though the model fitting for stool microbiome failed, the proportions of the 3 categories of OTUs classified by Sloan model are still of 

important reference value, that is, nearly twice more positively selected OTUs, which is also consistent with the finding from Ning et al20 NSR.
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Table 1. Mean parameters of Sloan et al18,19 near-neutral models fitted to the pair-wise DT microbiomes, summarized from Supplemental Table S1 
(also refer to Supplemental Table S2 for additional information including AIC and BIC).

SOURCE 
COMMUNITY

IMMIGRATION 
PROBABILITY (m)

R2 TOTAL NUMBER 
OF SPECIES

PERCENTAGE 
OF SPECIES 
BELOW 
NEUTRAL (%)

PERCENTAGE 
OF NEUTRAL 
SPECIES (%)

PERCENTAGE 
OF SPECIES 
ABOVE NEUTRAL 
(%)

BM 0.053 0.691 212 15.8 51.5 32.6

HP 0.025 0.638 224.2 16.4 50.2 33.3

KG 0.255 0.494 183.1 11.8 43.8 44.4

PT 0.015 0.688 210.1 12.5 47.0 40.5

Sal 0.018 0.712 216.3 14.3 49.7 36.0

SubP 0.011 0.604 202.1 15.1 41.6 43.3

SupP 0.027 0.544 185 15.2 35.7 49.1

TD 0.064 0.650 168.1 16.1 36.9 47.0

Th 0.012 0.650 229.9 14.9 51.9 33.2

Stool 0.002 −0.440 162.5 11.0 27.2 61.8

Summary statistics of the Sloan model parameters computed from all pairs of DT sites

Mean 0.048 0.523 199.33 14.31 43.55 42.12

Std. Err. 0.024 0.109 7.398 0.597 2.590 2.895

Summary statistics of the Sloan model parameters computed from all pairs except for the Gut (Stool) site

Mean 0.059 0.751 208.580 15.722 46.000 38.256

Std. err. 0.029 0.026 7.206 0.578 2.182 2.269

Figure 3. The percentages of neutral, above neutral (positively selected), and below neutral (negatively selected) species at each of the 10 DT sites: the 

gut (stool) showing significantly higher number of positively selected (above neutral) species, while other sites (most are oral and throat showing more 

neutral species (approximately 46 on average) (see Table 1 for the details).
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the perspective of niche-neutral continuum, one can say that 
both stochastic neutral drifts (such as stochasticity in birth, 
death and immigration) and deterministic selection forces 
(such as site-specific habitats) appear equally important in 
shaping the structure and dynamics of DT microbiomes. It 
should be reiterated that gut (stool) seems to have significantly 
lower neutrality and higher positive selection than other DT 
sites, as further evidenced by the 3 to 12 times lower of NSR 
below (Table 2). As rightly pointed out by an anonymous 
reviewer, the stool microbiota mostly reflects that of the colonic 
area, with an extreme high cell density and low relative (per 
cell) concentration of nutritional resources, which may lead to 
strong interbacterial competition in the form of positive selec-
tion. While, these insights are obviously from the OTU-level 
analysis, in the next section, we expose the results from com-
munity-level stochasticity analysis.

Community-level stochasticity analysis of the  
niche-neutral continuum with the NSR

Table 2 listed the results from using Ning et al20 normalized 
stochasticity ratio (NSR). The NSR of DT microbiomes 
ranged between 0.018 and 0.575, with gut (stool) microbiome 
exhibiting a significantly lower NSR value of 0.067, approxi-
mately one-fifth of the NSR of other sites. This may be 
explained by the fact that food is mostly digested in the gut 
(stool) habitat and is likely to exert more specialized (selection) 

influences on microbes, while food in other DT sites (most are 
oral and throat sites) we analyzed have less specialized influ-
ences on microbes. Consequently, in the gut habitat, selection is 
stronger and neutral drift is weaker than in the other sites.

Figure 4 displayed the average NSR for each of the 10 DT 
sites, averaged from pairing with 9 other DT microbiome sites. 
The NSR of DT microbiomes suggest that the upper section 
of DT exhibits significant portion of stochasticity or neutrality 
(approximately 0.36), while the stool exhibits nearly negligible 
stochasticity (0.067). These findings are consistent with those 
from previous OTU-level analyses. Therefore, the community-
level stochasticity framework analysis seems to depict a picture 
of niche-neutral continuum along the DT: the upper DT sec-
tion appears to fall on the neutral side of the continuum, while 
the lower terminal side of DT (stool) appears to fall on the 
niche side of the continuum. We postulate that this pattern (or 
spectrum) of DT niche-neutral continuum has to do with the 
nature of food in DT. In the upper section of the DT, the food 
is largely raw and exerts relatively weak selection forces to the 
microbes, and the food is more thoroughly digested and exerts 
strong and specialized (niche) selection forces to the microbes 
in the lower section. Particularly in the gut, the previously 
mentioned eco-active intestinal chemosphere24 may lead to 
strong selection effects. Note that the term weak (or strong) 
selection we use in this article means that neutral drifts are 
relatively strong (or weak), possibly due to relatively stronger 
selection force in the lower DT section, especially from 

Figure 4. The average NSR (normalized stochasticity ratio) for each of the 10 DT sites, averaged from pairing with other 9 DT sites.
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intestinal chemosphere. Our usage of weak selection is related 
but different from Wu et al27 usage in the context of evolution-
ary game theory, in which weak selection means that the game 
has only a small influence on evolutionary dynamics.

Quantification of niche differentiations

In previous subsections, we envisioned and interpreted the 
niche-neutral continuum of the human DT microbiomes from 
species and community level analyses. Here we further analyze 
the niche differentiations by drawing heatmaps with the immi-
gration probability (m) from Sloan et al18,19 near-neutral model 
and NSR from Ning et al20 stochasticity framework, respec-
tively. Figure 5 illustrated the heatmap based on Sloan et al18,19 
near-neutral model, and Figure 6 illustrated the heatmap based 
on Ning et al20 NSR framework. Both approaches cluster the 
10 DT microbiome sites as exactly same 5 groups, as illustrated 
in Figures 5 and 6. Four of the 5 site types (niches) actually 
correspond to the 4 niches previously discovered by Segata et 
al,2 including: (i) Stool; (ii) sub-gingival plaques (SubP) and 
supra-gingival plaques (SupP); (iii) tongue dorsum (TD), 
throat (TH), palatine tonsils (PT), and saliva (Sal); and (iv) 
hard palate (HP) and buccal mucosa (BM), and keratinized 
gingiva (KG). However, the site of keratinized gingiva (KG), 

which was originally classified into the same niche with HP 
and BM, may represent a potentially distinct niche candidate. 
In fact, the site KG is dissimilar with any of the other 9 sites, as 
illustrated in Figures 5 and 6. The stand-alone nature of KG is 
even more obvious in Figure 7, which compared the migration 
probability (m) of 10 DT microbiome sites. The migration 
probability (m = 0.255) of KG site is 4 to 128 times that of the 
other 9 sites (0.002-0.064). This suggests that KG might be a 
transitional site for microbial migrations, a possibly fifth niche 
previously ignored, while Segata et al2 original study only 
revealed 4 distinctive site types (niches).

Existing studies (eg,28,29) may offer some clues for explain-
ing the distinctiveness of the KG site. There have been many 
studies on the role of KG in marginal periodontal behavior. 
Some studies suggested that a minimum of 2.0 mm of KG 
width is needed to maintain marginal periodontal health,  
and others suggested that KG width is negligible if excellent 
oral hygiene is maintained.28 KG is found to play an important 
role in marginal periodontal homeostasis, and specialist 
microbes of KG site should have far reaching implications to 
dental health.28,29 Most recently, Chen and Ma21 also classified, 
through multi-site neutral and niche-neutral hybrid models, 
the KG as a separate niche, distinctively different from hard 
palate (HP) and buccal mucosa (BM).

Table 2. The average similarity (S) and normalized stochasticity ratio (NSR) for each pair among the 10 DT sites, summarized from Supplemental 
Table S3.

SITE ID SIMILARITY (S) NORMALIZED STOCHASTICITY RATIO (NSR)

BM 0.717 0.344

HP 0.730 0.374

KG 0.727 0.322

Sal 0.713 0.319

PT 0.722 0.353

Th 0.725 0.354

TD 0.724 0.349

SubP 0.693 0.264

SupP 0.694 0.263

Stool 0.819 0.067

Summary Statistics of all pairs of DT sites

Mean 0.726 0.301

Std. Err. 0.008 0.021

Range 0.65-0.829 0.018-0.575

Summary Statistics of all pairs of DT sites except for the Stool site

Mean 0.703 0.360

Std. Err. 0.005 0.015

Range 0.65-0.791 0.208-0.575
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Discussion
In summary, whether it is the niche-neutral continuum hypoth-
esis or Vellend30 and Hanson et al31 4-processes (drift, selection, 
dispersal, and speciation) synthesis, a key to deciphering their 
underlying mechanisms is to estimate the stochastic neutral 
drifts, which can be performed with Sloan et al18,19 near-neutral 
modeling at the species or OTU level, or Ning et al20 normal-
ized stochasticity ratio (NSR) at the community level. Sloan 
model offers OTU-level insights that both stochastic neutral 
drifts and deterministic positive selection play nearly equal 
roles, except for the stool microbiome site, in shaping the assem-
bly of DT microbiomes. The community-level stochasticity 
analysis with Ning et al20 NSR analysis generated the similar 
findings as the OTU-level analysis did. Although Sloan model 
failed to fit the stool microbiome data, Ning et al20 NSR revealed 
that the stool microbiome seem to have experienced much 
stronger deterministic selections, likely 3 to 12 times stronger 
than the other sites do. We postulate that the strong positive 
selection occurring in stool microbiome should be attributed to 
the mostly digested food that exerts more specialized (niche dif-
ferentiation effects) selections to stool microbes. One additional 

finding of this study is a possibly fifth niche (KG), as demon-
strated by its exceptionally high migration probability, which 
suggests that KG might be a particularly active transitional site 
for microbial dispersal along the DT, a possibly fifth niche pre-
viously ignored. This new proposal (hypothesis for a fifth niche) 
seems to support the distinctive characteristics of KG previously 
discussed by Lagos et al28 and Mark Welch et al.29

Compared with the microbiomes of upper DT sites (mouth 
and throat), the microbiomes of lower DT sites (intestine and 
stomach) are likely shaped by much stronger selection from the 
intestinal (eco-active) chemosphere, as briefly discussed previ-
ously. The concept of intestinal (eco-active) chemosphere24 
refers to the ensemble of chemical molecules in the lumen and 
on the surface of gut, namely, the chemical substances that pro-
mote or inhibit bacterial growth. Those chemical molecules of 
intestinal chemosphere can originate from nutrient uptake, or 
be produced by the host and their intestinal microbiome.

We postulate that the assembly and diversity maintenance of 
DT microbiomes could be deeply influenced by the intestinal 
chemosphere. The intestinal chemosphere is part of the “invi-
ronment” of the DT microbiomes—“a shared space where the 

Figure 5. A heatmap showing the m (mean migration probability) of the 10 sites: the larger the m-value is (the deeper the color in the heatmap is), the 

higher the similarity between the DT sites (see Supplemental Table S1 for detailed results of other Sloan model parameter). The site KG (keratinized 

gingival), together with the 4 niches (the 4 types of DT microbiota, ie, “BM-HP-KG,” “Sal-PT-Th-TD,” “SubP-SupP,” and “Stool,” colored differently, and 

originally discovered by Segata et al2) emerged as 5 clusters here. The KG site was originally classified into the “BM-HP-KG” type by Segata et al,2 but it 

is obviously different from the other 4 clusters (also see Figure 7), likely more deeply shaped by deterministic selection force (also refer to Figure 7 for its 

exceptionally high immigration probability).
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Figure 6. A heatmap showing the pair-wise NSR value between the 10 DT sites: the larger the NSR is (the deeper the color in the heatmap is), the higher 

the similarity between the DT sites (see Table 2 and Supplemental Table S3 for detailed information).

Figure 7. The mean migration probability (m) of each site computed from Supplemental Table S1. The KG site was originally classified into the  

“BM-HP-KG” type by Segata et al,2 but it is obviously rather unique, likely more deeply shaped by deterministic selection force than the neighboring sites. 

The migration probability (m) is 4 to 128 times higher than the other 9 sites.
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interior and exterior of the organism merge.”24,32 The term 
“invironment” was coined by Baquero32 to reflect somewhat 
uniqueness of DT microbiome environment, which is both 
“open” and “closed.” It is open, because the DT is partially influ-
enced by factors external to the host and microbiomes such as 
food, swallowed environmental microorganisms, and abiotic 
environmental factors. It can be considered as closed given that 
much of the intestinal mucosal cells and lumen fluids are not 
exposed to the outside of the host. Therefore, the future studies 
on the niche-neutral continuum of DT microbiomes should 
certainly take the intestinal chemosphere into consideration.

There are limitations with our study. The first is that the 
middle section (stomach and small intestines) of the DT was 
not sampled. In addition, some of the sites may also be consid-
ered as habitats of the respiratory microbiomes, and in most 
existing studies, the intestinal microbiome starts in the esopha-
gus, not in the mouth. Strictly speaking, DT should be consid-
ered as the tract where solid and liquid food are in touch with 
human mucosa to be processed as nutrients, and overlapping 
respiratory tract is the tract where inhaled air is in touch with 
human mucosa.33 Furthermore, the delineation of  42 or pro-
posed 5 niches may simply be the “checkpoints” on the niche-
neutral continuum, likely influenced by the sampling scheme 
adopted by Segata et al.2 A second limitation of this study is to 
do with the computational nature of this study, which depends 
on statistical inferences and simulations to infer ecological 
insights from species abundance distributions (SAD) in the 
human DT microbiome. The SAD data were from sequencing 
microbiome samples, and no manipulative experiments (which 
are generally infeasible for healthy humans for ethic reasons) 
data are available. Therefore, any of the mechanistic claims 
(parameters) in this study should be treated as educated guesses, 
rather than precise numbers or mechanisms. A third limitation 
is that our study, like most existing studies, failed to consider 
the compartmentalization of DT, which can be considered as 
one of the most compartmentalized organs in our body, but our 
treatment of the DT sites was essentially in “linear” manner. 
Baquero and Negri34 discusses the influences of compartmen-
talization of our body parts on the development of bacterial 
resistance to antibiotics, which is of obvious significance for 
clinical medicine. Similarly, it is likely that different compart-
ments (eg, stomach) may have differentiated into different 
niches. This limitation also implicates our usage of the niche-
neutral continuum along the DT, which implies a “linear” spec-
trum in the level of neutrality. In this sense, our usage of the 
term “continuum” should be considered as an analogy. Of 
course, the usage of continuum is not related to its usage in real 
analysis (mathematics), and is pure ecological sense.
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