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Supplementary Text
A. Community similarity/dissimilarity metrics

Various similarity/dissimilarity metrics have been applied in ecological research to measure S diversity,
either by taxonomic or phylogenetic p-diversity metrics. Many metrics have both incidence-based
(qualitative) and abundance-based (quantitative) formats. Table S3 summarizes commonly used taxonomic
(1-14) and phylogenetic (15-20) similarity/dissimilarity metrics. Please see Parks and Beiko’s paper (17)
for more phylogenetic S-diversity metrics (39 different indexes). The taxonomic diversity metrics used in
our study were calculated using function “vegdist” and/or “designdist” in R package “vegan” (21).

In principle, our method requires the value of the metric ranging from 0 to 1, and the complementarity
of similarity (C) and dissimilarity (D) indexes (C = 1 — D). Many taxonomic and phylogenetic metrics
satisfy this requirement, such as Jaccard, Ruzicka, Serensen, Bray-Curtis, Kulczynski, Gower, Canberra,
Morisita-Horn, unweighted Unifrac, and Phylosor, which can be directly implemented with our method.
However, quite a few metrics do not have fixed upper limit and/or not have clear defined similarity measure,
such as Euclidean, Manhattan, Binomial, Cao, modified Gower, SMNTD, SMPD, and most of weighted
phylogenetic dissimilarity metrics. These metrics need to be standardized to meet the requirement before
being applied to our method. Inspired by what Cao et al (14) did to define similarity from Cao dissimilarity
index, we proposed a general method as follows.

D;{; — min{D"} D

D =—213 =Y .
Y max{D'} —min{D'} D}ux Eq.S1

where min{D'} = 0, considering the lower limit of dissimilarity metrics is always zero.

Dy if upper limit is fixed

Eq. S2

! —
Dimax = max{D{j, Gax ij} if upper limit is not fixed
i

!

Cijzl_Dijzl_ EqSS

I
Dmax

y Eq. S4

G Eq. S5
i

I
Dmax

Dy Standardized dissimilarity between community i and j.

D;; Unstandardized (original) dissimilarity between community i and j.

Cij Standardized similarity between community i and j.

Diax  Probable maximum unstandardized dissimilarity.

Dyp Defined upper limit of original dissimilarity, e.g. for Bray-Curtis, Dy, = 1.

Gij Standardized null (randomly expected) dissimilarity between community i and j.

G!.

ij Unstandardized null dissimilarity calculated between community i and j.
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E;j Standardized null similarity calculated between community i and j.
Ei’j Unstandardized null similarity calculated between community i and j.
Gmaxij The estimated maximum value of null dissimilarity between community i and j. It is calculated as

li

3 times of smoothing bandwidth beyond the maximum simulated value of the dissimilarity D;;,

using function “density” with Gaussian model in R package “stats”.

Our method described in the main text is based on similarity and dissimilarity metrics ranging from 0
to 1 or standardized according to above equations. If the upper limit of dissimilarity is not fixed, D)4 iS
still not a fixed value but depends on community data matrix and null model algorithms, which leads to the
uncertainty of metrics standardization. Therefore, the original metrics ranging from 0 to 1 (i.e. there is no
need for standardization) are preferred if they have the same performance in terms of accuracy and precision
as standardized metrics.

We tested thirteen incidence-based metrics, which can be classified into three major categories:

i. Unique-ratio metrics: the dissimilarity is measured by the ratio of unique taxa (i.e. the taxa only
observed in one of the two samples). Jaccard is the unique taxa number divided by total observed
taxa number in two samples, which is exactly the same as incidence-based Canberra, modified
Gower (mGower), and modified Manhattan (mManhattan), and will be incidence-based Cao if
multiplied with a constant. Sgrensen is the unique taxa number divided by the sum of observed
taxa number in two samples, which is exactly the same as incidence-based Morisita-Horn.
Kulczynski is the mean of unique taxa percentage in each sample, and Gower is the unigque taxa
number divided by observed taxa number across all samples. Thus, these nine metrics can be
classified into the same type named unique-ratio metrics.

ii. Unique-number metrics: the dissimilarity is directly measured by the number of unique taxa in two
samples. Incidence-based Manhattan is defined as this, and incidence-based Binomial is Manhattan
multiplied with a constant.

iii. Squared-root metrics: the metrics are calculated from squared root of unigque taxa number. This
type includes incidence-based Euclidean and modified Euclidean (mEuclidean) which is Euclidean
divided by total observed taxa number in the two samples.

We also tested fifteen abundance-based metrics, which can be divided into four major groups as below:

i. Relative-difference metrics: the abundance difference (or the relatively smaller abundance) of each

taxon between two samples is divided by the abundances of the taxon in the samples before or after

summed up. Ruzicka, Bray-Curtis, and Kulczynski definitely belong to this type. In Chao’s formula,

the total number of individuals in the taxa shared by the two samples (Ci) is divided by the total

number of individuals in a sample (i.e. abundance sum in a sample), thus Chao is also classified
into this type.

ii. Average-relative-difference metrics: the sum of relative difference between two samples (or other
value represent relative difference) is further divided by total taxa number in the samples. Canberra
is a typical metric defined as average relative difference of taxon abundance between two samples.
In the equation of mGower, the numerator is calculated from the difference of logarithmic
transformed abundances which is equal to the ratio between larger and smaller abundance before

3
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logarithmic transformation, thus can be regarded as relative difference. And the denominator is
total taxa number in the two samples, thus mGower can be classified as average relative difference.
Cao also has a numerator related to the ratio of each taxon’s abundance between two samples and
the total taxa number as the denominator, thus belongs to this type.

iii. Absolute-difference metrics: the abundance difference between two samples is not divided by the
taxa abundances in the two samples. Manhattan is defined as the sum of absolute abundance
difference. mManhattan is Manhattan divided by total taxa number in the two samples rather than
any abundance-related value, thus classified into this type. Gower and Binomial appear like
relative-abundance metrics, but usually show stronger correlation with Manhattan or mManhattan
than other relative-abundance metrics. For example, in the empirical data used in this study, Gower
and Binomial showed obviously higher correlation coefficients with Manhattan (r=0.964 and 0.897)
than with Bray-Curtis (r=0.359 and 0.558). Thus, they are classified into this type.

iv. Squared-sum metrics: the metrics are calculated from the sum of squared abundance difference or
product of abundances in two samples. Euclidean is squared root of the squared difference sum and
mEuclidean is Euclidean divided by total taxa number in the two samples. Morisita and Morisita-
horn are calculated from the product of abundances of each taxon in two samples. By some
mathematical deviation, Morisita-horn is actually the squared sum of each taxon’s proportion

difference divided by the sum of squared proportions, i.e. [Zk(pik - pjk)z]/(Zk P + kDo)

where pik and pjx are the proportions of taxon k in sample i and j, respectively. and Morisita has
some minor difference. Thus, these four metrics are classified as a type of squared-sum.

B. Normalization of stochasticity ratio

Intuitively, the indexes measuring stochasticity and determinism are expected to range from 0% to 100%,
and reach the extreme values when community assembly is completely deterministic or stochastic. We
defined stochasticity ratio (STj) as the ratio of average null expectation (E_U or G_U) to observed similarity
(Cyj) or dissimilarity (Dj). Because null expectation is calculated from null model which simulates stochastic
assembly, when community assembly is highly stochastic, the average observed similarity or dissimilarity
can be very close to the average null expectation, and ST can approach the accurate value of stochasticity
(i.e. 100%). However, also because null model simulates stochastic assembly, the average null expectation
always has substantial deviations from 0, no matter how deterministic the observed similarity or
dissimilarity is. Therefore, when the community assembly is highly deterministic, the expected stochasticity
approaches 0%, but the values of ST; always has substantial deviations from 0%. It means that ST would
obviously overestimate stochasticity when expected stochasticity is very low, although it could be relatively
accurate when expected stochasticity is high. Thus, we applied the following formula to obtain normalized
selection strength (NSS) and normalized stochasticity ratio (NST).
ss—Tss

NSS = -2 >0 ,
D55 — 7SS Eq. S6
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NST =1 — NSS = 7S5 - 55 Eq. S7
- ~ Dgs— Tss 4

where SS is the observed selection strength, Dgs and TsS are the theoretical extreme values of SS under
completely deterministic and stochastic assembly, respectively. After normalization, when community
assembly is completely deterministic, SS is equal to SS, NSS will be 100%, and NST will be 0%. When
community assembly is completely stochastic, SS will be equal to 7SS, NSS will be 0% and NST will be
100%. Thus, NSS and NST are theoretically better than SS and ST for measuring determinism and
stochasticity in community assembly.

Before further derivation, we introduce a generalized function & to make equations simpler.
XTY o {0 x>y
x—06 1 o x<y
If we set x as the observed similarity between community i and j (C;;), and set y as the average null
expectation of the similarity between community i and j (E_U), X =y means type A situation, x <y means

$(xy) = Eq. S8

type B situation, and ¢(C;;,
can simplify Eq. 1 and Eq. 3 in the main text into one equation as below.

EU) is the same as our definition of SS between community i and j. Thus, we

$Si; = f(cij,E_U) Eqg. S9
and
Ny (k)
" E.
: _ Zea By Eq. S10
]~ Nr

where El.(;‘) is the null similarity between community i and j at the k™ randomization time of null model
analysis, and N,. is the randomization time of null model, which is usually set as 1000 times.

To estimate 2SS, we consider two extreme situations. If the deterministic factors lead to more similar
community structure (C;; = E,, E,,, type A situation), the extremely deterministic assembly should have the

similarity, DCU, approaching to the maximum value of 1. In contrast, if the deterministic factors lead to

more dissimilar community structure (C;; < E,,, type B situation), the extremely deterministic assembly

138
should have the dissimilarity close to the maximum and the similarity, DCL-]- , close to 0. Thus, DSSU- and

Dss can be estimated by following equations.

be (1 CyZEy
=10 o2 Eu Eq. S11
DSSU (DCl]'El]) Eq S12
D D T
Deg _ Lij “SSij _ 2 §(Cij. Ey) Eq. S13

n n

where n is the number of pairwise comparisons.
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Before estimating 7SS, we would like to explain why 7SS cannot be simply set as zero. We need to
consider the “uncertainty” of similarity/dissimilarity of communities when they are under completely
stochastic assembly. Here “uncertainty” means that, similarity of each pairwise comparison under
completely stochastic assembly ( 7¢; ;) has probability to be any value within the range of null expectation,
because of the randomness of stochastic assembly. The completely stochastic assembly can be simulated
by null model. TCU can be estimated as null similarity E;; which is not a certain value but a distribution

{El.(}‘)}k with highest probability usually at the average null expectation E_U The estimated SS under
complete stochastic assembly 7SS is the average relative deviation of E;; from the mean E_U Similar to
standard deviation, 7SS value depends on variance of E; ; and could be equal to zero only if the variances
of E;; in every pairwise comparison are all equal to zero. Due to the randomness of stochastic assembly,
E;; always has variance larger than zero, thus 7SS can never be zero.

To estimate 7SS, we simulate stochastic assembly by randomizing the observed community structure
with a null model algorithm for as many times as necessary (usually N,.=1000 times). At each time of

randomization, the SS value of each null pairwise comparison TSSi(Jf‘)can be calculated from the null

similarity Eg‘). Then, we can obtain the average SS value of the null communities at each randomization

time TSS™ . To ensure the index NSS will not exceed 100%, 7SS is calculated as the minimum value of
{Tss®} . Altogether, "SS can be estimated as following equations.

k k)
Tss® = ¢ (B E,) Eq. S14

T$S = minf Tss®
$$ = min{ 'S5} Eq. 515

Altogether, NSS and NST are calculated as below.

_ss—Tss %i;€(Cy By) - min{%;; € (B By )}
NS = s T ™y (e ) — > 2 (2 T
% ¢(PCiy By) —min{2y¢ (B By )

Eqg. S16

Pss—ss _ Ey§(°Cy Ey) — 2i¢(Cy By)
PSS = 1SS %y4(Pey By) — min (S ¢ (B )}

Because such indexes are originally derived from every pairwise comparison, they are not independent.
The distribution of NSS or NST is unknown and probably not normal. Therefore, the nonparametric
permutation test, permutational multivariate analysis of variance (PERMANOVA), is used to examine
whether the communities under different conditions differ in their NSS and NST. The ST and NST
calculation and PERMANOVA test can be performed using the function “NST” on a web-based pipeline
(http://ieg3.rcce.ou.edu:8080/) built on Galaxy platform (22) or a R package “NST”.

NST = Eq. S17
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C. Estimating stochasticity in simulated communities

C1. Simulation models

(a) Spatially implicit simulation model

We built a spatially implicit simulation model to obtain a total of 21 datasets with the expected abundance-
based stochasticity ranging from 0% to 100% (5% interval, scenario A in Table S1 and Fig. Sl1a). Each
dataset has two groups of local communities from 2 plots under distinct environments (e.g. very hot and
cold environments). The two plots share the same metacommunity. Each plot has 12 local communities
as biological replicates. In each local community, the total richness and total abundances of deterministic
and stochastic species are set according to a certain expected stochasticity. The total abundance of
microorganisms in each local community is set as 20,000, which is a normal sequencing depth of 16S rRNA
gene in many microbial community studies.

The metacommunity structure (i.e. abundance of each species in the metacommunity) is generated
according to metacommunity zero-sum multinomial distribution (mZSM) (23) derived from Hubbell’s
Unified Neutral Theory Model (24), using R package “sads” (25) with J=10%, #=5000, and 10,000 species
sampled. In each local community, the stochastic species are simulated as a random draw of 100 species
(i.e. the assigned richness of stochastic species in the local community) from metacommunity, with
probabilities proportional to their regional frequencies. The regional frequency of a stochastic species is
calculated from its regional relative abundance according to Sloan’s Neutral Model (26) which was also
derived from Hubbell’s neutral theory and particularly developed for microbial communities. The dispersal
rate (m) is set as 0.1. The abundances of stochastic species in a local community are simulated as a random
draw of a certain number of individuals (i.e. the assigned total abundance of stochastic species in the local
community) from metacommunity into the stochastic species in this community, with probabilities
proportional to the regional relative abundances of the species. We set only two types of deterministic
species: one is thermophilic, and the other is psychrophilic. The local communities from hot environment
have equal abundances of the thermophilic species, but no psychrophilic species. The communities from
cold environment are under exactly opposite situation, such that the similarity of deterministic species is
100% within group and 0% between groups.

The expected stochasticity in a simulated community can be defined as incidence-based or abundance-
based measures as below.

St
STexp.in = m Eq S18
Je
ST, = — Eqg. S19
exp.ab ]t + ]d q
STexp.in Incidence-based expected stochasticity in a simulated local community.
STexp.ab Abundance-based expected stochasticity in a simulated local community.
Sd Richness of deterministic species in a simulated local community.
Jd Total abundance of deterministic species in a simulated local community.
St Richness of stochastic species in a simulated local community.
Ji Total abundance of stochastic species in a simulated local community.



211
212

213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236

237
238

239
240
241
242
243
244
245
246
247

(b) Spatially explicit simulation model

To examine scale dependence of stochasticity estimation, we built a spatially explicit simulation model
(Scenario B-F in Table S1, Fig. 2a, and Fig. S1b). The model has four-level metacommunities, including
local (for each site), regional, continental, and global metacommunities. In the model, an area of 16,384
(128x128) cells are divided into 4 (2x2) continents, each continent is divided into 4 (2x2) regions, and each
region is divided into 4 (2 x 2) sites. Each site has 4 (2x2) plots, sharing the same local metacommunity.
Each plot has 64 (8x8) cells, and each cell represents a local community with 20,000 individuals (Fig. 2a).
We take all individuals from a single cell as a sample, and a certain number of samples from each plot (6
samples/plot unless specified) to get a simulated dataset. Ecological stochasticity was estimated with
different indexes based on the pairwise comparisons of all samples within each unit at different spatial
scales, i.e. plot, site, region, continent, or global.

To investigate more complicated deterministic forces, deterministic species were simulated under three
types of scenarios. The first scenario (Scenario B in Table S1 and Fig. S1b) is simple abiotic filtering
without environmental noise. Plots at the same row (like latitude) have the same temperature, while
temperature increases by 2°C per plot along each column (like longitude), from 0°C at the top (northmost)
plot to 30°C at the bottom (southmost) plot (Fig. 2a). The temperature is homogeneous within each plot.
All local communities (cells) under each temperature have equal abundance of the only deterministic
species which prefer this temperature.

The second type of scenarios (Scenario C-E in Table S1) is abiotic filtering with environmental noise.
The mean temperature of each plot is the same as that in the first scenario, but the temperature in each cell
is a random value from a normal distribution with a certain standard deviation (temperature deviation, o).
Temperature within each cell is still set homogenous. The abundances of deterministic species in each cell
are determined by a Gaussian function as below (Eg. S20). The temperature deviation in each plot is set at
different level comparing to fitness deviation (ay, defined in Eq. S20), to simulate low (6,=5%gy, Table S1
scenario C), medium (0,=25%ay, Table S1 scenario D), and high (0,=200%gy, Table S1 scenario E)
environmental noise.

(,-1)°
Ajj = Jao€Xp —sz Eq. S20
Ajj Abundance of species i in local community j.
Jdo Expected maximum abundance of deterministic species i in a local community.
T Temperature of local community j.
Ti Optimum temperature of species i.
of Fitness deviation, set as 0.4 in this study.

The third type of scenario is to consider biotic competition (Table S1 scenario F). Each of the 256
competitors randomly occupies one cell at the very beginning. Then, the competitors randomly disperse to
an adjacent cell at each time step, with equal probabilities to all four directions, until all cells are occupied
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by competitors. In each cell (i.e. each local community), the first-arrived competitor excludes other
competitor(s) and stops them passing through the cell.

The fourth type of scenario is to investigate community under complex deterministic forces (Table S1
scenario G). In each simulated community with deterministic part, deterministic species controlled by
abiotic filtering without environmental noise are simulated as in the first scenario, and then combined at a
certain abundance ratio with species controlled by competition which are simulated as in the third types of
scenarios.

In different scenarios, stochastic species were simulated in the same way as below. First, a global
metacommunity was generated in the same way as that in spatially implicit model, with J=10°, #=5000, and
10,000 species sampled. Second, we developed a two-step random assembly model to simulate stochastic
assembly in the spatially explicit model. At the first step, a certain number of species (S;) are randomly
drawn from the higher-level metacommunity to a lower-level (meta)community, according to the expected
occurrence frequencies and relative abundance of all species in the higher-level metacommunity as
described in the spatially implicit model. The expected occurrence frequencies are calculated according to
Sloan’s neutral model with a certain dispersal rate (m1). At the second step, the species (Sy) for each lower-
level (meta)community are randomly drawn from three sources, the higher-level metacommunity (with a
dispersal rate of m,), first-step pool of this lower-level (meta)community (m;), and all first-step pools of
adjacent (meta)communities (ms), to simulate dispersal from higher-level species pool and adjacent
communities, respectively. Third, we applied this two-step random assembly model to simulate the
(meta)communities at each level. Each continental metacommunity (5,200 species and 8x10” individuals)
is simulated as two-step random draw from global metacommunity with the dispersal rates of m1=0.001,
m;=0.997, and m,=0.002. In the same way, we simulated each regional metacommunity (2,700 species,
2x107 individuals, m;=0.05, m;=0.8, m>=0.15), local metacommunity (each site, 1,400 species, 5x10°
individuals, m;=0.1, m;=0.5, m,=0.4), and local community (each cell, 100 species, m;=0.2, m;=0.2,
m2=0.6). In each local community (cell), the total individual number of stochastic species depends on the
expected abundance-based stochasticity (STexp.qp)- The dispersal rates from the adjacent (meta)community
pool (my) are higher at lower spatial scales because dispersal is easier at smaller spatial scales.

For each scenario, we combined deterministic and stochastic species at different abundance ratios to
generate 11 datasets with expected abundance-based stochasticity ranging from 0% to 100% (10% interval).
For each dataset, we estimated stochasticity at different spatial scales with the three indexes and evaluated
their accuracy and precision as described below.

C2. Stochasticity indexes

In each dataset, the stochasticity within each group of simulated communities was estimated by ST and NST,
and the neutral species percentage (NP). NST and ST in simulated communities were calculated based on
the null model algorithm “PF” (described in part D and Table S4) and various similarity metrics (Table S2).

Sloan et al. (26) developed a neutral model about the relationship between occurrence frequency and
relative abundance in source community for microbial communities. We applied Sloan’s neutral model to
fit the occurrence frequency of each species in a group of communities and the relative abundance in the
whole dataset. The species within the 95% confidence interval of Sloan neutral model are defined as neutral
species (27). The abundance-weighted and unweighted percentage of neutral species (NP) were used to
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estimate abundance-based and incidence-based stochasticity, respectively. NP was calculated using the R
codes reported by Burns et al. (27).

Modified Roup-Crick metrics (RC) and standardized effect size (SES) were also applied to
communities simulated by spatial implicit model, calculated as previously reported (28-30). The percentage
of turnovers with |SES|<2 and that with |RC|<0.95 were counted as stochastic turnover ratio (SR) based on
SES (SRses) and SR based on RC (SRrc), respectively (29). These indexes showed obviously worse
guantitative performance than NST and ST for data of spatial implicit model, when calculated based on
Bray-Curtis and Ruzi¢ka (Fig. S6). Thus, we did not further apply them to other simulated data or test
various metrics.

C3. Evaluating the accuracy and precision of different stochasticity indexes

We evaluated the performance of each stochasticity index quantitatively by accuracy and precision
coefficients. Concordance Correlation Coefficient (CCC) was developed as a measure of agreement
between two methods (31). It has meaningful components of accuracy (x,, Eq. S21) and precision (p, Eq.
S22) (32), in which the precision coefficient is the same as Pearson correlation coefficient. Thus, we applied
these two coefficients to evaluate the accuracy and precision of stochasticity values estimated by different
methods (Table S2). Based on the equation, high accuracy coefficient value means the estimated values
have very similar mean and variance as true values. In contrast, high precision coefficient means the
variation of estimated values have very similar trend as true values, thus can precisely reflect the relative
change of true values. Therefore, a qualified stochasticity index should have high scores in both accuracy
and precision coefficients. For example, we assume the true values are 20%, 40%, 60%, 80%, 90% in
sequence. When the estimated values are 90%, 60%, 80%, 40%, 20%, the accuracy is very high (y,=1) but
the precision is very low (p=-0.86, negative), thus the index is useless. When the estimated values are 2%,
4%, 6%, 8%, 9%, the accuracy is very low (y,=0.04) but the precision is very high (p=1), thus the index
cannot reflect the magnitude of true value but can be used to estimate the relative changes of true values.
When the estimated values are 19%, 41%, 60%, 79%, 91%, the accuracy and precision are both very high
(>0.99), thus the index can be used to estimate the true values.

20,0,
Xa = 2 Eg. S21
02 + 02 + (e — 1ty)
_ Oy
P 020, Eq. S22
Oyx Covariance of x and y. In our study, X is expected stochasticity, and y is estimated stochasticity.
o2 Variance of x.
o5 Variance of y.
Uy Mean of x.
Ky Mean of y.

10
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D. Null model algorithms

In general, there are nine major types of null model algorithms for species co-occurrence analysis,
previously elucidated by Gotelli (33) (Table S4). When randomizing the observed communities, different
null model algorithms use different ways to constrain the occurrence frequency of each taxon and taxon
richness in each sample. We listed the abbreviation and formula to calculate the probability of a taxon
present in a sample in each algorithm in Table S4. If abundance weighted metrics are used, after getting
occurrence data matrix, abundance can be assigned as random draw of individuals with probabilities
proportional to the regional relative abundances of the taxa as previously described by Stegen et al (29).
All samples of the empirical dataset were considered as from the same regional species pool, thus
randomization was performed across all samples. ST and NST can be calculated based on different null
model algorithms and different metrics wusing the function “NST” on the pipeline
(http://ieg3.rccc.ou.edu:8080), or using the function “tNST” in a R package “NST”.

11
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Abundance of each OTU in each sample (OTU table) Stochasticussumbly modd
Continent C, - C, =
Region R, R R 2 -
Site T, ] T S IR
Plot P, P P, 3L
Sample | 8, 8, .. 8¢ |l fo L)l ] Sig £ R
Deterministic [ OTU d1 [10000 10000 ... tooool [ L L. L [.[.[.[. 1.1 o 5
species OTUd2 | 0 0 1 Y O O Y ]
dtot OTU d16 0 0 0 |l ) ... 10000 .. .Laca[cgmmunitjes
L. [ OTUsl [ 264 0 o [ L] ] 1960 Ly Lo Ly
Stochastic | s | o0 75 O A 5 0 A
specres .
S’.W:4419 ()Tl};ﬂféll() 0 0 ()7 0 Sampling from each plot
o ' P, || Py Plos
Determt‘msttc Abundance 10000 10000 10000 10000 o0 0@ L
species Jy communities
Stochastic  Abundance Li Loy [Lacsbons
b Ny 10000 10000--- 10000 10000 Random
species Jy W 7 7 sampling
. e | | = = = o,
S Abundance-based ST, ,=J,/ J=10000/20000=50% S8y Srey~Siass
336
337  Fig. S1. Community composition, stochastic assembly model and expected stochasticity in the
338  example datasets from (a) the spatially implicit model and (b) the spatially explicit model. The OTU
339 tables and associated annotation (left part of each panel) show the abundances, richness, and abundance
340  sum of deterministic (blue) and stochastic (orange) species in each sample, while Sq and St represent
341  the total richness of deterministic and stochastic species across all samples in a dataset. Each column of
342  the OTU tables represents a sample, and each OTU represents a species. The bottom box (brown) in each
343  panel shows how the expected stochasticity is calculated. The box of stochastic assembly model on the
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344
345
346
347
348
349
350
351

383

right panel shows how the stochastic species are simulated. In both spatially implicit (a) and explicit (b)
models, the top-level metacommunity is simulated according to Hubbell’s neutral theory model, and each
local community is generated as random draw from local metacommunity based on Sloan’s neutral
model. In the spatially explicit model with four-level metacommunities, lower-level metacommunities are
simulated as random draw of species from higher-level metacommunities using a two-step random
assembly method based on Sloan’s neutral model. In the spatially implicit model, all simulated local
communities (12/plot) are taken as samples. In the spatially explicit model, a certain number (6 in this
example) of local communities are taken as samples from each plot (the box about sampling). See
supplementary text part C and Table S1 for details.
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Fig. S2. Accuracy and precision of stochasticity estimation in simulated communities under abiotic
filtering with noise from deterministic environmental factors (i.e. environmental noise) or with
competition. (a) Influence of sample size on precision of normalized stochasticity ratio (NST) at plot scale
with different degrees of environmental noise. The precision obviously decreased when sample size was
not large enough (<6 samples/plot), which was more obvious when environmental noise was higher. The
accuracy did not show obvious trend, thus not showed here. (b) Accuracy and precision of stochasticity
estimation under low environmental noise (at/or =5%, Table S1 scenario C) and (c) high environmental
noise (ot/or =200%, Table S1 scenario E) across different spatial scales (P, plot; S, site; R, region; C,
continent; G, global). NST can have high accuracy and precision when environmental noise was not too
high. All indexes had very low accuracy especially at large scales, although stochasticity ratio (ST) still
showed high precision across different spatial scales. The community was simulated by spatially explicit
model (see Supplementary text C and Table S1 for details). ot, the standard deviation of temperature in each
plot; oy, the fitness deviation defined in Eq. S20. (d, e, f) Accuracy and precision of stochasticity estimation
when deterministic species include some controlled by abiotic filtering and the others controlled by
competition with the ratio of (d) 20%, (e) 50%, and (f) 80%. NST (red bars), normalized stochasticity ratio;
ST (green bars), stochasticity ratio; NP (blue bars), neutral species percentage. NST and ST were based on
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372
373
374
375
376
377
378
379
380

Ruzicka similarity index (Table S3) and the null model “PF” (Table S4). Accuracy (solid color bars) and
precision (diagonal strip bars) were evaluated by the coefficients derived from concordance correlation
coefficient (Eq. S21-22). (g) NST of simulated communities controlled by abiotic filtering and
competition without stochastic assembly, estimated across different scales. Although the expected
stochasticity is zero, NST still overestimated stochasticity. The overestimation is more obvious
when filtering and competition are comparable (e.g. NST>50% when ratio of competition is
50~60%). The overestimation is the lowest at plot level. In contrast, NST became up to 100% at
regional to global scales when the ratio of competition is 70~90%.
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Fig. S3. Effects of null model algorithms on NST estimation with incidence-based Jaccard (upper)
and abundance-based Ruzi¢ka (lower) similarity metric. The emulsified vegetable oil was injected at
Day 1 and almost exhausted at Day 269, and had minimal impact on the control well (W8). Therefore, at
Day 0, Day 269, and W8, the microbial communities were under very high selection pressure caused by
high concentrations of pollutants (e.g. heavy metals, nitrate) and carbon poor (34, 35), thus they should be
under more deterministic assembly with low stochasticity. The vegetable oil injection significantly
increased carbon resources (electron donors) and decreased some pollutants (34), thus should reduce the
impact of selection and increase stochasticity. The null model PP and PF showed more significant and
expected variations of stochasticity along time. Null model EP and EF showed similar trend but much less
estimated stochasticity than expected. Other null models did not show consistent or clear trend. The NST
values based on Ruzi¢ka were obviously higher than those based on Jaccard although the trend is very
similar. See Table S4 for the detailed algorithms of null models.
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Fig. S4. Effects of similarity metrics on NST estimation. Most metrics showed very similar trend of
stochasticity variation, but the magnitude of NST obviously varied among some metrics. Most abundance-
based metrics showed similar trend of stochasticity variation but obviously higher magnitude of NST
comparing to their corresponding incidence-based metrics. Null model algorithm used was “PF” (Table
S4). See Table S3 for detailed definition of each similarity metric, and supplementary text part A for
metrics standardization method.
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Fig. S5. Comparison between NST and ST estimated with different similarity metrics. Although NST
and ST basically showed consistent trend, NST exhibited much less variation when based on different
similarity metrics, i.e. NST is less sensitive to metric selection than ST.
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Fig. S6. Comparison of different null-model-based indexes applied to the simulated
communities with various levels of expected stochasticity. (a) Estimated stochasticity with
different indexes based on Bray-Curtis; (b) Mean of standardized effect size (SES) and modified
Raup-Crick metrics (RC) based on Bray-Curtis; (c) Estimated stochasticity with different indexes
based on Ruzi¢ka; (d) Mean of SES and RC based on Ruzic¢ka. The simulation model was spatially
implicit. NST (red), normalized stochasticity ratio; ST (green), stochasticity ratio; SES (orange,
panel b and d), standardized effect size; SRses (orange, panel a and c), stochastic turnover ratio
based on SES, i.e. percentage of turnovers with |SES|<2; RC (aqua, panel b and d), modified Raup-

Crick metrics; SRrc (aqua, panel a and c), stochastic turnover ratio based on RC, i.e. percentage
of turnovers with |RC|<0.95.
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Supplementary Tables

Table S1. The richness (S) and abundance (J) of species under stochastic and deterministic
assembly in simulated communities. Seven scenarios (A-G) are considered. Scenario A has 21 datasets,

while the others have 11 datasets.

Expected stochasticity In each local community In all samples
BEiEEaE Incidence Abundance  Stochastic  Deterministic All Stochastic Ds?;ri:;m All
# -based -based species species species species . species
species
STexp.in STexp.ab St[ll Ji Sd Jd S J St.tot Sd.tot Stot
Scenario A: Spatially implicit model, abiotic filtering without environmental noise
(12 samples/plot x 2 plots = 24 samples)
Al 0% 0% 0 0 1 20000 1 20000 0 2 2
A2 99% 5% 100 1000 1 19000 101 20000 1353 2 1355
A3 99% 10% 100 2000 1 18000 101 20000 1392 2 1394
A4 99% 15% 100 3000 1 17000 101 20000 1433 2 1435
A5 99% 20% 100 4000 1 16000 101 20000 1462 2 1464
A6 99% 25% 100 5000 1 15000 101 20000 1484 2 1486
A7 99% 30% 100 6000 1 14000 101 20000 1498 2 1500
A8 99% 35% 100 7000 1 13000 101 20000 1528 2 1530
A9 99% 40% 100 8000 1 12000 101 20000 1532 2 1534
Al0 99% 45% 100 9000 1 11000 101 20000 1505 2 1507
All 99% 50% 100 10000 1 10000 101 20000 1525 2 1527
Al2 99% 55% 100 11000 1 9000 101 20000 1577 2 1579
Al3 99% 60% 100 12000 1 8000 101 20000 1560 2 1562
Al4 99% 65% 100 13000 1 7000 101 20000 1573 2 1575
Al5 99% 70% 100 14000 1 6000 101 20000 1566 2 1568
Al6 99% 75% 100 15000 1 5000 101 20000 1572 2 1574
Al7 99% 80% 100 16000 1 4000 101 20000 1591 2 1593
Al8 99% 85% 100 17000 1 3000 101 20000 1593 2 1595
Al9 99% 90% 100 18000 1 2000 101 20000 1591 2 1593
A20 99% 95% 100 19000 1 1000 101 20000 1599 2 1601
A21 100% 100% 100 20000 O 0 100 20000 1559 0 1559
Scenario B: Spatially explicit model, abiotic filtering without environmental noise
(6 samples/plot x 256 plots = 1536 samples)
B1 0% 0% 0 0 1 20000 1 20000 0 16 16
B2 99% 10% 100 2000 1 18000 101 20000 3720 16 3736
B3 99% 20% 100 4000 1 16000 101 20000 3965 16 3981
B4 99% 30% 100 6000 1 14000 101 20000 4199 16 4215
B5 99% 40% 100 8000 1 12000 101 20000 4299 16 4315
B6 99% 50% 100 10000 1 10000 101 20000 4419 16 4435
B7 99% 60% 100 12000 1 8000 101 20000 4516 16 4532
B8 99% 70% 100 14000 1 6000 101 20000 4670 16 4686
B9 99% 80% 100 16000 1 4000 101 20000 4688 16 4704
B10 99% 90% 100 18000 1 2000 101 20000 4832 16 4848
B11 100% 100% 100 20000 O 0 100 20000 4807 0 4807
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421  Table S1. Continued

Dataset | Expected stochasticity In each local community In all samples
# STexp.in STexp.ab St Ji Sd Jd S J St.ot Sd.tot Stot

Scenario C: Spatially explicit model, abiotic filtering with low environmental noise
(oot =5%?, 6 samples/plot x 256 plots = 1536 samples)

c2 99% 110002%% 100 2000 1 11776592§ 101 1199698§9~ 3701 16 3717
c3 99% 220002%% 100 4000 1 115579793;;~ 101 1199797;9~ 3980 16 3996
c4 99% 3300-%% 100 6000 1 11337;925;~ 101 1199795§9~ 4161 16 4177
c5 99% 450-%2 100 8000 1 111189155~ 101 1199891;19~ 4349 16 4365
C6 99% 5;’()-%0/; 100 10000 1 99851979~ a9 11998;Jg~ 4454 16 4470
T ewh (o 100 1000 1 Tl oa01 oger BE B B0
ca 99w  ORT 100 14000 1 oo gop LNSST 499216 4008
C9 99% 85002"?/; 100 16000 1 33951959~ 101 1199951;39~ 4699 16 4715
C10 99% 9;)001"?/; 100 18000 1 11996999~ a9 1199996:9~ 4804 16 4820
Cl1  100% 100% 100 20000 O 0 100 20000 4798 0 4798

Scenario D: Spatially explicit model, abiotic filtering with medium environmental noise
(o6t =25%, 6 samples/plot x 256 plots = 1536 samples)

D1 0% 0% 00 12 RS 1 BT g 16 16
D2 9% 0% 100 2000 1-2 L3ST BT AT 735 16 3751
D3 o 0% 100 4000 1-2 AN 956 16 3972
D4 9%  Sp0% 100 6000 1-2 Dol MO LT 4147 16 4163
D5 99% o0t 100 8000 1-2 Soeo LT 1828 4308 16 4324
D6 99% o0 100 10000 1-2 oo T LTSS a3 16 4452
o7 oo 0P 100 12000 1-2 A0 IO 1O asa3 16 4539
D8 9% M 100 14000 1 (o 101 oot 4508 16 4614
DI o O 100 16000 1-2 e T ISSE 4725 16 4741
DI  99%  ghoer 100 18000 1 A 101 RS a7 16 4761
DIL  100%  100% 100 20000 O O 100 20000 4849 0 4849
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423  Table S1. Continued

Dataset | Expected stochasticity In each local community In all samples
# STexp.in STexp.ab St Ji Sd Jd S J St.ot Sd.tot Stot

Scenario E: Spatially explicit model, abiotic filtering with high environmental noise
(66t =200%, 6 samples/plot x 256 plots = 1536 samples)

E1 0% 0% 0 0 1-2 15’9;99 1~2 1;’9;9 0 16 16
E2 99%  qoter 100 2000 0~2 oo t0T 290 3747 16 3763
E3 990 2000 100 4000 0-2 oo 0T 000 3058 16 3974
E4 990 S0V 100 6000 12 oo DU S0 4153 16 4169
E5 999 S0 100 8000 0-2 0o 07 SO0 4300 16 4316
E6 999 00X 100 10000 02 gooo o NOOT 4455 16 4471
E7 999 00 100 12000 02 oo 07 LANOT 4522 16 4538
E8 9906 100 100 14000 12 oo o VOO 4643 16 4659
E9 9996 SO0 100 16000 02 oo 07 DT 4720 16 4736
10 99% 000 100 18000 0-2 oo PN EB00T 4779 16 4795
E1l  100%  100% 100 20000 O 0O 100 20000 4887 0 4887

Scenario F: Spatially explicit model, biotic interspecies competition
(6 samples/plot x 256 plots = 1536 samples)

F1 0% 0% 0 0 1 20000 1 20000 0 249 249
F2 99% 10% 100 2000 1 18000 101 20000 3721 251 3972
F3 99% 20% 100 4000 1 16000 101 20000 3964 247 4211
F4 99% 30% 100 6000 1 14000 101 20000 4203 248 4451
F5 99% 40% 100 8000 1 12000 101 20000 4351 249 4600
F6 99% 50% 100 10000 1 10000 101 20000 4438 244 4682
F7 99% 60% 100 12000 1 8000 101 20000 4533 253 4786
F8 99% 70% 100 14000 1 6000 101 20000 4629 248 4877
F9 99% 80% 100 16000 1 4000 101 20000 4714 250 4964
F10 99% 90% 100 18000 1 2000 101 20000 4787 251 5038
F11 100% 100% 100 20000 O 0 100 20000 4780 0 4780

Scenario G: Spatially explicit model, abiotic filtering and competition
(6 samples/plot x 256 plots = 1536 samples)

Gl 0% 0% 0 0 2 20000 2 20000 0 272 272

G2 99% 10% 100 2000 2 18000 102 20000 4702 272 4974
G3 99% 20% 100 4000 2 16000 102 20000 4923 272 5195
G4 99% 30% 100 6000 2 14000 102 20000 5107 272 5379
G5 99% 40% 100 8000 2 12000 102 20000 5234 272 5506
G6 99% 50% 100 10000 2 10000 102 20000 5393 272 5665
G7 99% 60% 100 12000 2 8000 102 20000 5447 272 5719
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428

[11

[2]

Dataset | Expected stochasticity In each local community In all samples

# STexp.in STexp.ab St Ji Sd Jd S J St.ot Sd.tot Stot
G8 99% 70% 100 14000 2 6000 102 20000 5557 272 5829
G9 99% 80% 100 16000 2 4000 102 20000 5588 272 5860

G10 99% 90% 100 18000 2 2000 102 20000 5715 272 5987
Gl1 100% 100% 100 20000 O 0 100 20000 5723 0 5723

St, S¢, and S are the richness of stochastic, deterministic, and all species in each local community; J;, Jg, and J are
the abundance of stochastic, deterministic, and all species in each local community; Sttot, Sa.or, and St are the
overall richness of stochastic, deterministic, and all species in all samples.

ot is the standard deviation of temperature in each plot, ot is fitness deviation defined in Eq. S20.

23



429
430
431

432
433
434
435
436
437
438
439
440
441
442
443
444
445

446

Table S2. Accuracy and precision of stochasticity in simulated communities estimated by different

indexes based on various similarity metrics.

[1

[2]

[31

[4]

[5]

[6]

Accuracy coefficientf!! Precision coeff|C|ent[1]

Similarity
NST

JaccardP! 0.999

3 SgrensenC! 0.999
E Kulczynski 0.999
8 Gowerl® 0.994
% Manhattan 0.999
= Euclidean (SH) 0.999
mEuclidean® (S) 0.999

Ruzicka 0.985

Bray-Curtis 0.966

Kulczynski 0.965

Canberra 0.416

Gower 0.616

2 mGower®! (S) 0.989
2 Morisita 0.629
% Morisita-Horn 0.631
g Manhattan (S) 0.986
Py mManhattan®! (S) 0.989
Euclidean (S) 0.652
mEuclidean® (S) 0.637

Binomial (S) 0.380

Chao 0.967

Cao (S) 0.753

ST
0.779
0.764
0.762
0.773
0.607
0.625
0.639
0.968
0.969
0.969
0.255
0.308
0.716
0.809
0.810
0.754
0.714
0.323
0.275
0.148
0.919
0.164

NP[2

0.744181

0.462

NST
1.000
1.000
1.000
1.000
1.000
1.000
1.000
0.985
0.969
0.968
0.532
0.660
0.989
0.724
0.723
0.987
0.988
0.928
0.936
0.370
0.981
-0.484

0.999
0.999
0.999
0.999
0.999
0.999
0.999
0.925
0.897
0.896
0.811
0.865
0.920
0.606
0.609
0.917
0.920
0.822
0.829
0.411
0.940
0.304

0.118

0.275

Communities are simulated by the spatially implicit model described in supplementary text C. Accuracy and
precision coefficients are derived from concordance correlation coefficient according to Lin et al. (31, 32).
Stochasticity indexes: NST, normalized stochasticity ratio; ST, stochasticity ratio; NP, abundance-based or

incidence-based percentage of species fitting neutral model.

The incidence-based similarity metrics Canberra, modified Gower (mGower), Cao, and modified Manhattan
showed exactly the same results as Jaccard metric. The incidence-based Morista-Horn metric showed the same
results as Sgrensen metric. The incidence-based Binomial metrics showed the same results as Gower metric. See

Table S3 for the detailed definition of each similarity metric.

“(S)” means the metrics need to be standardized as described in Supplementary text A before applied to ST and

NST.

mEuclidean, mGower, and mManhattan indicate modified Euclidean, Gower, and Manhattan indexes,

respectively.

NP does not depend on similarity metrics at all, thus only has one value here.
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449

Table S3. List of similarity and dissimilarity metrics.

Dissimilarity (D)

o L Similarity (C)
Methods Qualitative (Duw) Quantitative (D)

Formula U_pp_e r Formula U.pp_e r Formula U.pp_e r
limit limit limit
Taxonomic measures
A+B -2 Xik — X
1 Jaccard 12 J 1 Tl — 23] 1 1-D L
& Ruzicka A+B—] Y max{xik,xjk}
A+B-2 X — %,
Serensen 3.4) + ] 0 el xie — x| Q 1-D 0
& Bray-Curtis A+ B Zk(xik + xjk)
1 1 in{x;, x; in{xy, ;
3 Kulczynski (5) 1-Z=. (i + i) 1 1—=- <Zk min{x 1.} + Zieminfxi x’k}> 1 1-D 1
2 \A B 2 Xk Xik Yk Xjk
A+B—2 1 Xix — X;j
4 Canberra (6) A+B-2 1 Z i — | 1 1-D 1
A+B—] A+B—] kxik+xjk
A+B-2 L — X
5 Gower @) AtB-2 1 1. Z i = 2% 1 1-D 1
M M rmax{x,} — min{x;}
Tielxix — i Cow=1-D 1
Modified A+B—12] TAtB_] y ‘ uw uw
6 S ®) — = 1 , Unfix. Somin{xl; %)
ower A+B _] where Xik = lf)glo(.xik) +1, C. = 3 ijr ik Unfix.
unless x;, = 0, in which x/, = 0 v A+B-—]
B 2 Yk XikXjk
7 Morisita | (9) NA. - (2 + &) Zie e e 1 1-D 1
— _ Zklxig G =]
BT 2 Srxi[(Cr xi)—1]
1 2 Yk XikXjk
. A+B -2 it )Yk Xie D X
8  Morisita-Horn | (10) A+B-2] 1 (%4 23) B Zie 1 1-D 1
A+B where 1, = _ZkXE
T Crexi)?
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450  Table S3. Continued

Dissimilarity (D)

Similarity (C)

Methods Qualitative (Duw) Quantitative (D)

Formula U_pp_e ' Formula U.pp_e r Formula U.pp_e r
limit limit limit
9 Manhattan  (11) A+B-2] Unfix. Zklx“‘ — x| Unfix. NA. :
Modified A+B-2] Tl — 2] i
10 Manhatan @) A+B—J 1 A+5=] Unfix. NA.
11 Euclidean  (12) ATB=2] Unfix. /Zk(x“‘ —x)’ Unfix. NA. )
. 2
12~ Modified gy vA+B =2 Unfix. Zi(ie = %) Unfix. NA. ;
Euclidean A+B—] -~
A+B—]
Xik Xik
DN ke
k [Xik t Xjk Xig 1 Xjk
. . . Xjk Xjk .
13 Binomial 12 (A+ B -2)Dlog2 Unfix. +— 1o ( ) Unfix. NA. -
( ) g Xik aF x]'k g Xik aF x]'k
] 1
og 2
1o b
14 Chao (13) NA. - Uit U= UG 1 1-D 1
where U; = Gyttt e, L similar for U;
N; N]' 2q2 N;
A+B—2] 5 (log (xl-k + xjk) _ Xiclogx + xjklogxl-k>
A+B—J " - e i 0
15 Cao (14) where p=1.4954 if using p A= unfix. a max{D}
natural logarithms where if x;,=0 or x;,=0, 0.1 is assigned
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Table S3. Continued

Dissimilarity (D) Similarity (C)

Methods Qualitative (Duw) Quantitative (D)
Formula U_pp_er Formula U-pp.er Formula U.pp-er
limit limit limit
Phylogenetic measures
Z |pin - pjn|Wn .
Phylogenetic a+b—2c " . Unfix. | NA. -
analogue of P — called weighted Unifrac
16 (15-17) atb—c 1 .
Jaccard & anpln p]nlvvn
Ruzicka called Unifrac Y max (pin, Pjn )W 1 1—-D 1
Unnamed
Phylogenetic
anslogue of o DU
17 Serensen (16, 18) — 1 Sn(Pin + D) Wn 1 | 1-D 1
- a
8&5’::33/ called normalized weighted Unifrac
1 A B A YB_  pn.op. §
18 AMPD  (19) = bm Unfix. Zie=1 2o PiPjm e Unfix. NA. -
AB Laj=1 Lam=1 k=1 Xm=1DPikPjm
1[Zha min(8n)  Thoy min(Sim) T : _ _
19 MNTD  (19,20) - n + - Unfix. > Z P Min(8jm) + Z Pjmmin(§n)|  Unfix.  NA. -
k=1 m=1

11 Ais the richness (number of taxa) in community i, while B is the richness in sample j, and J is the number of taxa that occur on both sample i and j.

21 xiis the abundance of taxon k in sample i, while xjis the abundance of taxon k in sample j.

Bl piis the proportion of taxon k in sample i, while pin is the proportion of taxon m in sample j.

M Ix}is the set of abundances of taxon k in all samples.

B M is the number of taxa in all samples.

61 For Chao index, Ci is the total number of individuals in the taxa of sample i that are shared with sample j; Ni is the total number of individuals in sample i,
N; is the total number of individuals in sample j; g1 (and g2) are the number of species occurring in sample i that have only one (or two) individuals in
sample j; s1j is the total number of individuals in the species present in sample i that occur with only one individual in sample j.

1 ais the amount of phylogenetic tree branch length in community i, b is the amount of branch length in community j, and ¢ is the amount of branch length
shared between community i and j.

B pi, is the proportion of sequences (taxa) from community i descendant from branch n; Wi, is the weight or length of branch n.

B 6 is the phylogenetic distance from sequence (taxon) k to sequence (taxon) m.

1101 X is the set of taxa in community i, while Y is the set of taxa in community k.
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467  Table S4. Summary of null model algorithms for species co-occurrence analysis.
468

Abbreviation | Abbreviation | Ways to constrain taxa Wgys 10 Probability of taxon i
| in this paper | in Gotelli (33) | occurrence frequency | ST (TGINESS present in sample j©!
in each samplel?
. . 1
1 EE SIM1 Equiprobable Equiprobable P = i
. . 1 S;
2 EP SIM6 Equiprobable Proportional P = N f]
. . 1
3 EF SIM3 Equiprobable Fixed P = i
. . i1
4 PE SIM7 Proportional Equiprobable P = }%M
. . . Si
5 PP SIM8 Proportional Proportional P; = %f]
6 PF SIM5 Proportional Fixed P = %
. . 1
7 FE SIM2 Fixed Equiprobable P = -
. . S;
8 FP SIM4 Fixed Proportional P; = F]
9 FF SIM9 Fixed Fixed Not applicable
469
470 M Asto occurrence frequency, “Equiprobable” means that all taxa have equal probability to occur; “Proportional”
471 means that the occurrence probability of a taxon is proportional to its observed occurrence frequency; “Fixed”
472 means that the occurrence frequency of a taxon is fixed as observed.
473 @ Asto species richness in each sample, “Equiprobable” means that all samples have equal probability to contain
474 a taxon; “Proportional” means the occurrence probability in a sample is proportional to the observed richness
475 in this sample; “Fixed” means the occurrence frequency of a taxon is fixed as observed.
476 B p; is the probability of taxon i present in sample j in a null model.
477 S; is the observed richness in sample j, N is the total number of taxa, M is the total number of samples.
478 fi is the observed occurrence frequency of taxon i, F is the total number of occurrences.
479 A; is the regional abundance of taxon i, J is the total abundance of all taxa in all samples.
480
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