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Diversity and heterogeneity often are conflated but are fundamentally different. An 
aphorism proposed by Shavit and Ellison (2021; J. Phil. 118: 525–548) for distin-
guishing them is that ‘a zoo is diverse whereas an ecosystem is heterogeneous.’ That 
is, a zookeeper measuring diversity simply enumerates the different types of animals; 
interactions are not expected to occur between animals separated by fences or other 
barriers. In contrast, measures of heterogeneity ought to include both interspecific 
interactions and relationships between species and their heterogeneous habitats. Here, 
we use cross-scale, dual scaling-law analyses of heterogeneity and diversity of animal 
gut microbiomes (AGMs) to address three objectives: 1) estimate the spatial hetero-
geneity and diversity of animal-gut microbiomes; 2) analyze influences of phylogeny 
and diets on scaling of diversity and heterogeneity; 3) explore mechanistic differences 
between diversity and heterogeneity in AGMs. From 4903 AGM samples collected 
from 318 animal species covering all six classes of vertebrates and four major classes 
of invertebrates, we estimated that ≈640  000 operational taxonomic units (OTUs 
or ‘species’) make up the pool of microbial species that could inhabit animal guts, 
among which ≈8000 are relatively common and ≈800 are dominant. The gut of any 
single animal, however, includes only 0.01–0.5% of the total species pool. We applied 
Ma’s diversity-area relationship for scaling diversity, and extend Taylor’s power law and 
Luna et al.’s (2020; Diversity 12: 86) interaction diversity for scaling heterogeneity. 
At the community scale, phylogeny significantly influenced heterogeneity, but diets 
did not. Phylogeny and diets had limited influence on diversity at both community 
and landscape scales. We demonstrated that diversity and heterogeneity measure two 
different properties. Further, differences in scaling of diversity and heterogeneity are 
a result of heterogeneity being primarily the result of evolved dispersal behavior and 
interspecific interactions, whereas diversity results from abundances controlled on eco-
logical time scales.
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Introduction

‘Diversity’ (either species richness [S] or an abundance-weighted 
measures such as Shannon–Weiner’s H′, evenness [H′/ln(S)], 
or their Hill-number equivalents) is a fundamental ecological 
property of communities, landscapes and ecosystems (Magurran 
and McGill 2011, Chao et al. 2014a, b). ‘Heterogeneity’ also is 
a fundamental property of landscapes and ecosystems, where 
it usually refers to spatial heterogeneity (e.g. patchiness, spatial 
turnover in diversity; Kolasa and Pickett 1991, Li and Reynolds 
1995, Cohen and Saitoh 2016). Insofar as diversity (usually S) 
and heterogeneity are considered together, environmental het-
erogeneity is thought to be a cause (or predicate; see Shavit and 
Ellison 2021) of diversity in communities, landscapes and eco-
systems. In practice, two other measures of diversity – uneven-
ness (1–evenness) and beta diversity (the difference between, 
or quotient of, global and local diversity; Ellison 2010) – often 
are synonymized with heterogeneity. However, a clearer dis-
tinction between diversity and heterogeneity has provided 
new insights into the structure and dynamics of communities 
and ecosystems (Shavit and Ellison 2021). Shavit and Ellison 
(2021) also suggested an aphorism for distinguishing between 
diversity and heterogeneity: ‘a zoo is diverse whereas an ecosys-
tem is heterogeneous.’ That is, a zookeeper measuring diversity 
simply enumerates the different types of animals; interactions 
between animals separated by fences or other barriers are irrel-
evant to measures of diversity. Shavit and Ellison (2021) argued 
that in contrast to a zookeeper’s diversity, measures of hetero-
geneity ought to include both interspecific interactions and 
relationships between species and their heterogeneous habitats 
(Luna et al. 2020).

In this study, we recognize commonalities and differences 
between diversity and heterogeneity, and identify them using 
a unified mathematical model (Ma and Taylor 2020) extended 
from Taylor’s power law (TPL; Taylor 2019), the species–area 
relationship (SAR; Connor and McCoy 1979), and the diver-
sity–area relationship (DAR; Ma and Ellison 2021) applied to 
a very large dataset of the animal-gut microbiome (AGM; see 
Box 1 for a full list of abbreviations and acronyms used). We 
estimate the global richness of operational taxonomic units 
(OTUs, or ‘species’) in the AGM, the number of total species, 
common (or abundant; sensu Chao and Colwell 2022) spe-
cies, and highly abundant or dominant species (sensu Ma and 
Ellison 2018, Chao and Colwell 2022) at the community and 
regional (landscape) scales. We also use the extension from 
the SAR to the DAR (Ma 2018a) to estimate potential (or 
‘dark’) diversity: the contribution to the global scale estimate 
of biodiversity of species that are present in the (habitat-spe-
cific) regional species pool but locally absent or undetected 
(Partel et al. 2011, Real et al. 2017).

For heterogeneity, we start with extensions of TPL (of Ma 
2012, 2015, Oh et al. 2016, Li and Ma 2019, Ma and Taylor 
2020) that have been used to quantify spatial heterogeneity 

and temporal stability. We then extend this approach to char-
acterize landscape-scale heterogeneity. These metrics for het-
erogeneity require information on distance and dispersal or 
movement that are associated with spatiotemporal distribu-
tion of abundances (Taylor and Taylor 1977, Taylor 1981a, 
b). We also use Luna et al.’s (2020) measure of ‘interaction 
diversity’ as a measure of heterogeneity, although it does not 
account for differences in species abundances (cf. Shavit and 
Ellison 2021). We revise Luna  et  al.’s (2020) interaction 
diversity to use Hill numbers (Chao et al. 2014a, b), apply it 
to core-periphery networks (CPNs; Ma and Ellison 2019) of 
the AGM, and compare it with the results of our extension 
and application of TPL to measure heterogeneity.

Finally, our common mathematical framework allows to 
compare our results across spatial scales, to investigate how 
evolutionary history (i.e. phylogeny) and diets influence scal-
ing of diversity and heterogeneity, and to investigate simi-
larities, differences and relationships between the scaling of 
parameters of diversity and heterogeneity.

Material and methods

Datasets

We used datasets from 91 published studies that 
included 6900 samples of 16s-rRNA sequencing reads 
from AGMs spanning 5 phyla and 19 classes (Ma and 
Ellison 2024). Of these samples, we excluded any that 
were not collected from the gastrointestinal tract or from 
animals that had been treated with antibiotics. After this 

Box 1. Acronyms and abbreviations used in this 
paper

AGM  Animal-gut microbiome
CPN  Core–periphery network
DAR  Diversity–area relationship
DTAR  Diversity–time–area relationship
H′  Shannon–Weiner diversity = �� p pi iln
qH2  Interaction diversity of Hill-number order q
qDmax  Estimated asymptotic diversity (potential) of 
Hill-number order q
qLGD  Ratio of local to global diversity of Hill-number 
order q
OTU  Operational taxonomic unit; a.k.a. microbial 
species
S  Species richness
SAR  Species–area relationship
STAR  Species–time–area relationship
TPL  Taylor’s power law
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pre-screening, we were left with 4903 samples, of which 
1421 were from carnivores, 1229 from herbivores, 1473 
from omnivores, and 320 from animals with ‘other’ 
diet types (e.g. parasites). We then used QIIME-2 (ver. 
2018.6.0: Bolyen  et  al. 2019) to recompute the OTU 
tables at the 97% similarity level. Phylogenies were visu-
alized with the ‘ape’ (Paradis et al. 2004) and ‘ggtree’ 
(Yu  et  al. 2017) R packages. We obtained estimates of 
phylogenetic timeline (‘taxon age’) from https://time-
tree.org (Kumar et al. 2017).

Microbial scales

Spatial scale is one of ecology’s central organizing principles 
(Levin 1992). Because diversity and heterogeneity depend on 
scale, we need to specify the scale(s) of our analysis. Grain 
(the finest resolution of the data) and extent (the area covered 
by a study) are the primary scaling factors that we need to 
identify (Li and Reynolds 1995), and both vary with observ-
ers (Turner and Gardner 2015). That is, the landscape of a 
microbe is very different from the landscape of a human.

Figure 1. Grain and extents of the three microbial spatial scales at which we measured diversity and heterogeneity.
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We explored patterns of diversity and heterogeneity at 
three spatial scales: the community, regional landscape and 
global scales (Fig. 1). The spatial grain for all three of these 
scales was defined as an individual animal host. At the com-
munity scale, we defined the extent as all the individuals of 
a single animal species in our sample. At the global scale, we 
defined the extent as all the individual animals in all species 
in our sample. In between we defined two regional (land-
scape) scales – one based on diet (the extent defined by all 
animal species sharing a single diet type) and the other based 
on taxonomic class (the extent defined by all the animal spe-
cies in a single class).

Scale-dependent analyses of spatial heterogeneity

We analyzed the spatial heterogeneity using an extension of 
Taylor’s power law,

V amb= 	  (1)

where m is the mean abundance of a group of populations, V 
is its variance, b is a species-specific parameter that measures 
population aggregation, and a is a parameter influenced by 
sampling methods (Taylor 1961, 1984).
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Figure 2. An example of a core–periphery network (CPN) of an animal-gut microbiome (AGM) constructed to enable the calculation of het-
erogeneity using Eq. 11. This CPN is of the samples from the insect order Orthoptera, and illustrates two kinds of nodes: (i) core nodes 
(magenta circles, inside); and (ii) periphery nodes (cyan circles, outside). Six kinds of interactions (links) between nodes are illustrated: (i) posi-
tive core–core links (green lines); (ii) positive periphery–periphery links (green lines); (iii) negative core–core links (red lines); (iv) negative 
periphery–periphery links (red lines); (v) positive core–periphery links (blue lines); and (vi) negative core–periphery links (magenta lines).
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Heterogeneity at the community scale
Ma (2015) extended the interpretation of Eq. 1 to the micro-
bial community scale as:

V am i Ni i
b� � �, , , ,{ }1 2 	  (2)

where mi is the mean of population abundances of all micro-
bial species in the i-th community carried by the i-th animal 
individual (i.e. the mean population size [abundance] per 

microbial species in the community); Vi is the correspond-
ing variance; N is the number of total communities sampled 
(i.e. the number of animal individuals sampled and assuming 
each individual is sampled once). We fit Eq. 2 to the AGMs 
of each of 145 animal species. Because the data did not satisfy 
the assumptions of normality and homoscedasticity, we used 
a two-factor non-parametric ANOVA (i.e. the Scheirer–Ray–
Hare test as implemented in the rcompanion package; 
Mangiafico 2024) to test for the influences of diet type and 
taxon age on the scaling parameter, b.
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Figure 3. Relationship between estimated taxon age (phylogenetic timeline, PT) and the scaling parameter b from Eq. 2 fit to the AGM  
of each animal species in ten classes (indicated in different colors) and four diet types (indicated with different symbol shapes). The full 
phylogenetic tree of these taxa is shown in the Supporting information.

Table 1. Average community-level heterogeneities of the AGM of each combination of taxonomic class and diet group of animals (see Fig. 
1 for illustration of scales). Heterogeneity is measured as the mean over all individuals of each species within each taxonomic class or diet 
group of parameters b and ln(a) from the linearized Eq. 2 (parameter estimates, model fits, sample sizes, and estimated taxon age for each 
of the AGMs of 145 species are listed in the Supporting information). An — in a cell indicates either no animals in that class or group or too 
few animals for reliable estimation. *N is the total number of animal species in each row (all animals in a class) or column (all animals within 
a diet group). 

Class (*N)

Diet group (*N)
Class meanCarnivore (34) Herbivore (44) Omnivore (57) Other (10)

b ln(a) b ln(a) b ln(a) ln(a) ln(a) b ln(a)

Chromadorea (3) — — — — — — 8.666 8.666 2.348 8.666
Arachnida (5) 2.625 4.409 — — — — 5.196 5.982 2.341 5.196
Malacostraca (2) — — — — 2.823 4.315 4.315 — 2.823 4.315
Insecta (31) 2.273 11.267 2.725 3.856 2.498 3.264 5.578 3.926 2.425 5.578
Chondrichthyes (4) 2.052 9.643 — — — — 9.643 — 2.052 9.643
Actinopterygii (24) 2.319 3.831 2.991 4.517 2.290 3.810 4.052 — 2.533 4.052
Amphibia (1) 1.707 4.944 — — — — 4.944 — 1.707 4.944
Sauropsida (5) 1.516 7.632 1.322 7.181 1.514 5.979 6.930 — 1.450 6.930
Aves (14) NA NA 1.637 6.901 3.864 1.311 4.681 5.831 2.711 4.681
Mammalia (56) 2.048 5.576 1.877 5.039 1.906 6.392 5.669 — 1.944 5.669
Diet group mean 2.077 6.757 2.110 5.499 2.482 4.178 5.968 6.101 2.233 5.968
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Heterogeneity at the landscape and global scales
For regional and global scales, we extended Eq. 1 to:

V am i N j Sij ij
b

j� � � � �{ }, , , ; , , ,1 2 1 2 �  (3)

where mij is the mean of population abundances of all micro-
bial species in the i-th individual animal (i.e. the community) 
of animal species j; Vij is the corresponding variance; Nj is the 
number of total communities sampled from species j; and S is 
the number of animal species. Unlike in the community-scale 
analysis (Eq. 2), however, S in Eq. 3 includes multiple host 
species: all species within a single class or diet type (regional 
scale; Fig. 1) or all species in the entire dataset (global scale; 
Fig. 1). We fit Eq. 3 to the AGMs of 11 animal classes, the 
four defined diet types, and the entire dataset.

Scale-dependent analysis of diversity

Estimating diversity using Hill numbers
We used Hill numbers to compute estimates of species diver-
sity (Chao et al. 2014a, b). Hill numbers are defined as:

q

i

S

i
q

q

D p�
�

�
��

�

�
��

�

�� �

�
1

1 1/

	  (4)

where D is the diversity in Hill numbers, q is the order num-
ber of diversity, S is the number of species (or OTUs), and pi 
is the relative abundance of species (OTU) i. q determines the 
sensitivity of the Hill numbers to the relative frequencies of 
species abundances. When q = 0, 0D = S (i.e. species richness). 
When q = 1, 1D = eH′, the exponential of Shannon–Wiener’s 

H′, and when q = 2, 2
2

1D
pi

�
�

, which is the reciprocal of 

Simpson’s diversity index. 0D is equivalent to species richness 
(S), 1D gives an estimator of abundant or common species, 
and 2D gives an estimator of highly abundant or dominant 
species (Chao and Colwell 2022).

Diversity–area relationships (DARs)
We used the Hill-number estimates of species diversity to 
examine diversity–area relationships (DARs; Ma 2018a, Ma 
and Ellison 2021) in the entire dataset and separately for com-
munities and regions (taxonomic classes and diet groups). 
Here, we consider ‘area’ (A) to be equivalent to the number of 
samples in a given spatial extent of AGMs. We used two dif-
ferent models to fit the DAR: a power-law model (Eq. 5) and 
a power-law with exponential cut-off model (Eq. 6):

q zD cA= 	  (5)

q zD cA dA� � �exp , 	  (6)

Figure 4. Heterogeneity (slope of the relationship between abun-
dance [ln(mij)] and variance [Vij]) fitted using Eq. 3 for (A) all 
microbial species in the studied AGMs, (B) AGMs in each taxo-
nomic class, and (C) AGMs in each diet group.
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where qD is the Hill number of order q; A is the number of 
samples in a given spatial extent of AGMs; and c and z are 
estimated parameters. In Eq. 7, d is another fitted parameter; 
the exponential decay term exp (dA) leads to an asymptotic 
estimator of maximum diversity when A is very large (Ma 
2018a, Ma and Ellison 2021).

After fitting Eq. 6 to the data at the different scales, we 
used the estimated parameters to determine the asymp-
totic (maximum) diversity of order q (qDmax; Eq. 7) 
and, from qDmax, the ratio of local to global diversity of  
order q (qLGD: Eq. 8):

q
z

zD c z
d

z cA zmax exp� ��
�
�

�
�
� �� � � �� �maxexp 	  (7)

q q qLGD c D= / ,max 	  (8)

where A z
dmax � � is the number of individuals (samples) 

needed to reach the maximum diversity, and c, d and z are 
the parameters estimated from Eq. 6.

We used the non-parametric Scheirer–Ray–Hare test to 
test for the influences of diet type and taxonomic class on the 
DAR scaling parameters at the community scale.

The importance of taxon age for the DAR
Ma (2018b) extended the classic species–time–area relation-
ship model (STAR; Rosenzweig 1995) to a more general 
diversity–time–area relationship (DTAR):

q z wD cA T= 	  (9)

where qD is the diversity measured with Hill numbers of 
order q, A is the area, T is the time, z and w are scaling expo-
nents corresponding to area and time, respectively, and c is 
a parameter that is equal to the diversity when T = 1 and 
A = 1, i.e. a diversity at an initial point in time and space. 
Equation 9 lets us include taxon age to look at the evolution 
of the AGM DAR through time; we set the accumulation 
order of the species to be equivalent to the ordered taxon age. 
The DTAR model can include effects of space and time, so 
we consider it to be a unified model for exploring effects of 
scaling on diversity.

Equation 9 was fit to the Hill-number diversity of the 
AGMs from 195 animal species, including 65 carnivores, 
65 herbivore and 65 omnivores. These species were selected 
from the total of 224 animal species in our dataset for which 
had reliable estimates of taxon age (Ma and Ellison 2024); 
29 species were excluded to balance the sample sizes among 
carnivores, herbivores, and omnivores. To eliminate random 
noise from arbitrarily ordering the diet types, and because the 
estimation of the parameters in Eq. 9 (as with Eq. 7) may be 
influenced by the choice of starting accumulation point, we 
repeated the model-fitting 100 times by using randomly per-
mutated areas (here, microbial samples), and then computed 
the average value of the parameters from the permutations.

Linking diversity and heterogeneity with interactions

Luna et al. (2020) proposed a metric for measuring interac-
tion diversity, which Shavit and Ellison (2021) considered as 
one measure of heterogeneity for a community:

H
a
m

a
mi j

ij ij
2 � �

�
�
�

�
�
��� ln , 	  (10)

Table 2. Regional-scale heterogeneities of the AGM in each taxonomic class of animals (see Fig. 1 for illustration of scales). Heterogeneity 
was measured as the parameters b and ln(a) from fitting the linearized Eq. 3 to the n AGMs in N animal species in each class. The amount 
of variance explained by each model (R2) and its associated p-value are given in the last two columns of the table.

Class b ln(a) N n R2 p-value

Chromadorea 1.200 8.257 84 215 0.618 <0.001
Arachnida 1.089 8.096 10 45 0.489 <0.001
Malacostraca 1.451 8.034 1 30 0.897 <0.001
Insecta 1.554 6.678 86 646 0.702 <0.001
Chondrichthyes 2.009 9.394 5 32 0.861 <0.001
Actinopterygii 1.890 5.607 52 1271 0.929 <0.001
Amphibia 1.653 4.804 3 21 0.607 <0.001
Sauropsida 1.406 7.114 12 284 0.514 <0.001
Aves 1.623 6.152 35 531 0.584 <0.001
Mammalia 1.697 6.414 135 1443 0.794 <0.001
Mean 1.592 7.277 ​ ​ ​ ​
SE 0.089 0.456 ​ ​ ​ ​

Table 3. Regional-scale heterogeneities of the AGM in each diet 
group of animals (see Fig. 1 for illustration of scales). Heterogeneity 
was measured as the parameters b and ln(a) from fitting the linear-
ized Eq. 3 to the n AGMs in N animal species in each diet group. 
The amount of variance explained by each model (R2) and its associ-
ated p-value are given in the last two columns of the table.

Diet group b ln(a) N n R2 p-value

Carnivore 1.555 6.368 81 1421 0.687 0.000
Herbivore 1.759 6.132 106 1258 0.876 0.000
Omnivore 1.633 6.433 137 1539 0.766 0.000
Other 1.257 7.792 121 331 0.704 0.000
Mean 1.551 6.681 ​ ​ ​ ​
SE 0.107 0.376 ​ ​ ​ ​
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where i and j denote trophic levels of species in a community 
(i > j); aij is the number of species interactions between tro-
phic levels i and j; and m is the number of interactions within 
the community. Luna et al. (2020) considered Eq. 10 only 
for bipartite networks (two-trophic-level communities), but 
Eq. 10 can be extended to more complex communities and 
networks (Ulanowicz 2004, Shavit and Ellison 2021).

Equation 10 requires data from more than one trophic 
level, but current microbiome datasets usually have abun-
dance data for only one trophic level (e.g. bacterial microbi-
ome or virome). As a first effort to using Luna et al.’s (2020) 
approach to measuring heterogeneity of the AGMs, we built 
core-periphery networks (CPNs) of the AGM microbial 
communities in orders of animal hosts using the approach 
of Ma and Ellison (2019) and Li and Ma (2020). We then 
treated ‘core’ and ‘periphery’ as analogs to trophic levels and 

measured heterogeneity in two ways. First, we considered a 
two-level CPN with three possible interaction types — core–
core, core–periphery or periphery–periphery — but without 
distinguishing interaction strengths (e.g. positive or nega-
tive correlations implying, respectively, positive or negative 
effects). Second, we used the same two-level CPN but added 
the sign of interaction strengths (positive or negative) to the 
interaction types (Fig. 2). Calculations were done after modi-
fying Eq. 10 to use Hill numbers to measure the heterogene-
ity of the CPN:

q

i

m

j

n

ij
q

q

H p2
1

1

1 1

�
�

�
�
�

�

�
�
��

�

�� �

� �
/

	  (11)

Table 4. Scaling parameter z and Hill number estimates of maximum species diversity for q = 0 (species richness), and three abundance-
weighted measures (q ∈ {1, 2, 3}) for the AGM in all the samples pooled (global scale), samples from the different taxonomic classes, and 
samples from the different diet groups (regional scales). Additional parameter estimates and model fits are given in the Supporting 
information.

​
q = 0 q = 1 q = 2 q = 3

z Dmax z Dmax z Dmax z Dmax

All samples 0.91 603 937 0.72 8114 0.63 799 0.58 325
Classes ​ ​ ​ ​ ​ ​ ​ ​
  Chromadorea 0.91 11 347 0.59 144 0.51 46 0.47 31
  Arachnida 1.01 6988 0.71 120 0.61 48 0.57 36
  Malacostraca 1.02 7411 0.43 — 0.21 — 0.17 —
  Insecta 0.95 54 783 0.56 380 0.32 47 0.26 27
  Chondrichthyes 1.10 3961 0.59 119 0.39 14 0.33 8
  Actinopterygii 0.85 122 390 0.61 — 0.59 — 0.56 1218
  Amphibia 1.11 3405 0.86 387 0.62 89 0.54 48
  Sauropsida 0.82 93 654 0.63 1082 0.50 205 0.44 102
  Aves 0.87 59 457 0.63 1051 0.52 196 0.48 118
  Mammalia 0.95 311 462 0.73 8531 0.53 674 0.49 313
Diet groups ​ ​ ​ ​ ​ ​ ​ ​
  Carnivores 0.88 143 962 0.66 2583 0.58 507 0.55 280
  Herbivores 0.97 274 108 0.64 2531 0.40 153 0.36 73
  Omnivores 0.91 174 174 0.64 5589 0.63 1935 0.59 443
  Other 0.99 25 743 0.68 304 0.56 72 0.52 43

Table 5. Parameter estimates for the diversity–area relationship (DAR) for q = 0 (species richness) fit using the linearized version power law 
with exponential cut-off model (Eq. 6). See the Supporting information for additional parameter estimates and model fits for the individual 
animal species used for these regional summaries.

Class (*N)

Diet group (*N)
Class meanCarnivore (19) Herbivore (26) Omnivore (30) Other (3)

z Dmax z Dmax z Dmax z Dmax z Dmax

Chromadorea (2) — — — — — — 0.855 2,341 0.855 2341
Arachnida (0) — — — — — — — — — —
Malacostraca (0) — — — — — — — — — —
Insecta (15) — — 0.752 7426 0.829 3281 1.018 5,651 0.866 5453
Chondrichthyes (1) 1.155 — — — — — — — 1.155 —
Actinopterygii (13) 0.894 12 117 0.467 1279 0.931 2757 — — 0.764 5384
Amphibia (1) 0.937 1728 — — — — — — 0.937 1728
Sauropsida (5) 0.764 10 741 0.774 17 063 0.885 14 121 — — 0.808 13 974
Aves (9) — — 0.865 1582 0.874 7602 — — 0.870 4592
Mammalia (32) 0.845 3176 1.004 503 004 0.855 4684 — — 0.901 170 288
Diet group mean 0.919 6940 0.772 106 071 0.875 6489 0.937 3996 ​ ​
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Figure 6. The relationships between estimated taxon age (phylogenetic timeline, PT) and the parameters and estimates from the diversity–
area relationship (DAR) of the animal-gut microbiomes (AGMs) for q ∈ {0, 1, 2, 3}. The four columns of panels are for the four values of 
q. The top row of panels plots z versus PT; the second row plots c versus PT; and the third row plots the estimate of maximum global 
diversity Dmax versus PT. Note that y-axis values change on plots within rows. See the Supporting information for the correlation coefficients 
and associated p-values.

where pij is the proportion of the interactions between type 
i and j, m is the strength of interaction types (here, m = 2, 
for positive or negative correlations), and n is the number 
of interaction types in our simplified CPN (here, n = 3, for 
intra-core, intra-periphery and inter-core-periphery links). 
Our intent here was to test whether heterogeneity measured 
using the extended TPL (Eq. 3) is correlated with hetero-
geneity measured as interaction diversity (Eq. 11), at least 
in a CPN.

Results

Heterogeneity of the AGM

Heterogeneity at the community scale
All estimates of the heterogeneity parameter b from the lin-
earized version of Eq. 2 (ln (Vi) = bln(mi) + ln (a)) were > 1, 
indicating that the AGM was heterogeneous and spatially 
non-random across all animal species and diet groups (Fig. 3). 
The scaling parameter b was significantly associated with esti-
mated taxon age (phylogenetic timeline PT; Spearman’s r = 
0.20, p = 0.04; Fig. 3). In addition, b-value fits a power-law 
statistical distribution (K = 4.263; p = 0.759), suggesting a 
highly skewed distribution of the b-values.

Animal class was significantly associated with b 
(H9,122 = 21.55, p = 0.01), but diet type (H3,122 = 1.66, 
p = 0.65) and the class × diet type interaction (H9,122 = 6.03, 
p = 0.74) were not (Table 1). The grand means of b and ln(a) 
were 2.233 and 5.968, respectively (Table 1).

Table 6. Parameters of the general diversity–time–area relationship 
(DTAR). Eq. 9 was fitted to the Hill-number diversity of the AGMs for 
orders q ∈ {0, 1, 2, 3}, animal taxon age (T in Eq. 9) and diet group 
as a proxy for area (A in Eq. 9). 

q w (time) z (area) ln(c) R2 p-value

0 1.26 (0.014) 0.32 (0.074) 6.08 (0.078) 0.90 < 0.001
1 1.46 (0.017) 0.46 (0.067) 2.38 (0.095) 0.92 < 0.001
2 1.32 (0.010) 0.30 (0.054) 0.97 (0.067) 0.92 < 0.001
3 1.20 (0.007) 0.26 (0.050) 0.65 (0.058) 0.90 < 0.001
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Global-scale heterogeneity
Considering the entire AGM across all species without regard 
to diet group or taxonomic class, b = 1.645 and ln(a) = 6.325 
(p < 0.001; Fig. 4A).

Heterogeneity at regional (landscape) scales
At the regional scales of taxonomic classes and diet groups 
(Fig. 1), heterogeneity was lower than community-scale 
heterogeneity (Table 2, Fig. 4B, 4C). Among taxonomic 
classes, b ranged from 1.089–2.009 (mean = 1.592), with 
invertebrates (b = 1.448) having, on average, lower values 
of b than vertebrates (b = 1.713) (Table 2, Fig. 4B). Among 
diet types, b ranged from 1.257–1.759 (mean = 1.551) and 
was ordered as herbivore > omnivore > carnivore > other 
(Table 3, Fig. 4C).

Diversity of the AGM

Diversity–area relationships of the AGM at the  
community scale
At the community scale and across all samples, z = 0.91 and 
estimated global species richness 0Dmax > 600  000 OTUs 

(Table 4; first row). Within classes and diet groups, the scal-
ing parameter (z) of the DAR (Eq. 5, 6) for species rich-
ness (q = 0) ranged from 0.76 (for carnivorous Sauropsida) 
to 1.16 (for carnivorous Chondrichthyes) and estimated 
potential AGM richness (Dmax in Eq. 7) ranged from 1728 
OTUs (in carnivorous Amphibia) to >500  000 OTUs (in 
herbivorous Mammalia) (Table 5). The estimated maximum 
Hill-number diversity 1Dmzx was just over 8000 common or 
abundant species, and 2Dmzx was ≈ 800 highly abundant or 
dominant species (Table 4; first row). For all diversity orders 
q ∈ {0, 1, 2, 3}, neither the DAR parameters nor the ratio of 
local (community scale) to global-scale (all AGMs) diversity 
(qLGD; Eq. 8) was significantly related to taxonomic class, 
diet type, or their interaction (p > 0.1, all cases).

Parallels between phylogenetic relationships of animal hosts, 
their AGMs, and the scaling parameters of their community-
level DARs are illustrated in Fig. 5. All associations between esti-
mated taxon age (PT) and the DAR parameters z, c and Dmax 
were negative (Fig. 6), but these correlations were statistically 
significant (p < 0.05) only for z versus PT for q = 0 and q = 1; c 
versus PT for q = 0, and Dmax versus PT for q = 1 and q = 2.

Table 7. Species heterogeneity qH2 (Eq. 11) for q ∈ {0, 1, 2, 3} and the parameter b from the extension of Taylor’s power law (Eq. 3) in the 
core–periphery networks of the AGMs in taxonomic orders of animal hosts.

Class Order
Species heterogeneity qH2

bq = 0 q = 1 q = 2 q = 3

Nematoda Rhabditida 2 1.505 1.322 1.256 1.969
Insecta Blattodea 6 4.029 3.364 3.074 4.951

Cingulata 5 2.777 2.609 2.511 0.981
Coleoptera 3 2.018 1.679 1.547 1.682
Diptera 3 2.385 2.005 1.814 1.864
Hemiptera 5 2.886 2.205 1.952 1.568
Hymenoptera 4 2.903 2.546 2.423 2.361
Lepidoptera 4 3.572 3.240 3.000 2.012
Orthoptera 3 2.425 2.243 2.173 1.681

Arachnida Araneae 3 2.453 2.237 2.136 2.180
Malacostraca Amphipoda 3 2.807 2.640 2.507 2.486

Decapoda 3 2.239 1.838 1.664 1.865
Chondrichthyes Carcharhiniformesmes 3 2.681 2.505 2.408 2.075
Actinopterygii Acanthuriformes 3 2.198 2.018 1.941 2.497

Centrarchiformes 5 2.614 2.375 2.247 2.059
Cichliformes 6 3.036 2.668 2.499 2.092
Cypriniformes 5 3.751 3.064 2.690 3.037
Salmoniformes 3 2.173 1.810 1.655 1.601

Amphibia Anura 3 2.512  2.234 2.078 1.280
Reptilia Squamata 4 1.915 1.559 1.438 1.648
Aves Anseriformes 3 2.792 2.615 2.476 1.438

Charadriiformes 4 3.310 2.937 2.719 2.350
Columbiformes 6 2.611 2.109 1.917 1.902
Passeriformes 4 2.819 2.269 2.027 1.841
Psittaciformes 2 1.854 1.742 1.664 1.489
Struthioniformes 5 2.847 2.599 2.437 1.741

Mammalia Carnivora 3 1.798 1.444 1.340 1.862
Chiroptera 3 2.094 1.694 1.541 1.481
Diprotodontia 6 4.476 4.054 3.845 2.509
Perissodactyla 3 2.768 2.607 2.498 1.188
Pilosa 4 2.459 2.146 1.980 2.336
Primates 4 2.519 2.261 2.129 1.524
Proboscidea 3 2.109 1.753 1.607 2.091
Rodentia 3 1.777 1.451 1.351 1.903
Tubulidentata 5 2.394 2.033 1.858 1.188
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Diversity–area relationships of the AGM at the regional scale
At the regional scales of taxonomic class and diet type, the 
ordering of qDmax values (Table 4) and the scaling coefficients 
z (Table 5) of the AGM DARs paralleled those at the com-
munity scale. Estimated maximum species richness, 0Dmax, 
of the AGMs of the animals with different diets were ≈ 
274  000 for herbivores, 174  000 for omnivores, 144  000 
for carnivores, and 25  000 for ‘others’ (Table 4).

The importance of taxon age for the DAR
The joint relationship between phylogeny and diversity of the 
AGM within diet types was fit well by the bivariate power-
law (Eq. 9; p < 0.001). The scaling parameters (w for phy-
logeny and z for diet) was highest at diversity order q = 1 and 
the ratio of w/z ranged from 3.2 for q = 1 to 4.6 for q = 3 
(Table 6).

Linking diversity and heterogeneity with interactions

Like 0H, heterogeneity of order q = 0 (0H2 from Eq. 11) mea-
sures the ‘richness’ of interactions which in this case is the 
number of linkage types in a CPN (out of six possible: core–
core, core–periphery, periphery–periphery, each with either a 
positive or negative sign). Across 35 orders of host animals, 
0H2 ranged from 2 to 6 (Table 7). For q > 0, the range of qH2 
was 1.2–4.5 (Table 7).

For all q, qH2 was significantly correlated with b (values in 
last column of Table 7), our measure of heterogeneity based 
on the extended TPL (Eq. 3). For q = 0, r = 0.47 (p = 0.03); 
for q = 1, r = 0.62 (p = 0.001); for q = 2, r = 0.54 (p = 0.003); 
and for q = 3, r = 0.58 (p = 0.009). However, b as a mea-
sure of heterogeneity was not significantly correlated with 
the diversity scaling parameter z for any order q (r = −0.09, 
−0.06, −0.04 and −0.03 for q ∈ {0, 1, 2, 3}, respectively; p 
> 0.4, all cases), illustrating that heterogeneity and diversity 
scaling reflect two independent aspects of AGM.

Discussion

Diversity and heterogeneity are both properties of groups of pop-
ulations or species, but they have important differences (Shavit 
and Ellison 2021). Diversity reflects the number of discrete 
types whereas heterogeneity also includes interactions among 
the diverse objects. Information-theoretic (‘entropy’) measures 
such as Hill numbers suffice to measure diversity (Chao et al. 
2014a, Chao and Colwell 2022), but corresponding measures 
of heterogeneity are still being developed (Luna  et  al. 2020, 
Shavit and Ellison 2021). Our analysis of diversity and hetero-
geneity of the animal-gut microbiome (AGM) suggests that 
diversity is shaped primarily by ecological processes, whereas 
heterogeneity is shaped primarily by evolutionary processes. 
This conclusion aligns with an extension of Taylor's (1981a, b, 
1984, 1986) classic theories of population regulation (Taylor 
1981a, b, Taylor 1984, 1986) in which spatial movement (an 
evolutionary characteristic) drives population aggregation (an 
ecological process; b in Eq. 1) in space and time.

Our extensions of Taylor’s power law and Luna’s measure 
of interaction diversity (heterogeneity) fit well the AGM data-
sets measured at three spatiotemporal scales of animal hosts. 
We estimated the total potential richness of the AGM, 0Dmax, 
to be ≈ 600  000 OTUs, of which ≈ 10% were abundant or 
common (1Dmax ≈ 8000) and ≈ 1% were highly abundant 
or dominant (2Dmax ≈ 800). The maximum variation (values 
of w and z in Eq. 9) among taxonomic classes and diet types 
were highest common species (i.e. for diversity order q = 1); 
w/z ranged from ≈ 3–4, suggesting that phylogeny is more 
important than diet type for AGM diversity. Similarly, our 
data suggest that phylogeny has a stronger effect on heteroge-
neity than does diet type.

However, these conclusions should be interpreted cau-
tiously. Most importantly, the parameters we estimated — b, 
z, c and Dmax — are not direct measures of heterogeneity or 
diversity. Rather, b and z are scaling parameters; b measures 
the rate of change of variance with respect to the mean (on a 
log-scale), whereas z measures the change of diversity across 
area (space) and serves as a proxy for beta diversity. c and Dmax 
are, respectively, estimators of average local (alpha) diversity 
and potential (‘dark’) diversity. Secondarily, diet types also 
are evolved traits, and the associations between the AGM and 
phylogenetic relationships, taxon age, and diet type are likely 
to be more complex than can be captured directly in coarse 
taxonomic classifications or ANOVA tables.

Nonetheless, our data suggest that taxon age is a power lens 
through which to discern scaling patterns in microbial diver-
sity and heterogeneity. We hypothesize that the identity of 
individual host taxa, as representatives of singular evolution-
ary events, has little effect on scaling of microbial diversity. In 
contrast, taxon age better reflects evolutionary relationships 
emerging across taxa over time. In support of this hypothesis, 
we observed that z (a proxy for beta-diversity) of the AGM 
is negatively correlated with the estimated taxonomic age of 
the host-animal species. This negative correlation implies that 
younger species generally host more diverse AGM commu-
nities. In contrast, b (a proxy for the scaling relationship of 
heterogeneity) of the AGM is positively correlated with esti-
mated taxon age of the host-animal species, implying that the 
AGMs of younger species have lower heterogeneity scaling, 
potentially more stable.

We propose that the differences between diversity and 
heterogeneity reflect processes occurring at different time 
scales. From their studies on insect population dynamics, 
Taylor (1981a, b) and Taylor (1986) suggested that b is a spe-
cies-specific characteristic reflecting spatial behavior that is 
shaped by long-term evolutionary processes. Metagenomics 
has allowed these population-level analyses to be extended to 
communities and meta-communities (Ma 2012, 2015, Ma 
and Taylor 2020) and reinforces the conclusion that heteroge-
neity (often referred to as aggregation in population ecology) 
primarily reflects evolved behavioral traits and interactions, 
whereas diversity reflects the spatiotemporal redistribution 
or fluctuation of species abundances in ecological time. In 
short, we hypothesize that heterogeneity reflects long-term 
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evolutionary processes whereas diversity reflects shorter-term 
ecological dynamics.

Finally, our results that z and b are uncorrelated at all 
diversity orders q ∈ {0,1,2,3} support the conclusions of 
Shavit and Ellison (2021) that diversity and heterogene-
ity are two different properties of communities at any 
scale. Although bivariate power-law distributions, which 
we used for modeling both heterogeneity and diversity, 
share the properties of log-linear scaling, self-similarity 
or scale invariance, and ‘no-averages’ (Stumpf and Porter 
2012), successfully using the same type of equations to 
model two datasets does imply that they share similar  
scaling mechanisms.
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