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Identifying keystone species in microbial 
communities using deep learning

Xu-Wen Wang    1, Zheng Sun    1, Huijue Jia    2,3, Sebastian Michel-Mata    4, 
Marco Tulio Angulo    5, Lei Dai    6,7, Xuesong He8,9, Scott T. Weiss1 & 
Yang-Yu Liu    1,10 

Previous studies suggested that microbial communities can harbour 
keystone species whose removal can cause a dramatic shift in microbiome 
structure and functioning. Yet, an efficient method to systematically identify 
keystone species in microbial communities is still lacking. Here we propose 
a data-driven keystone species identification (DKI) framework based on 
deep learning to resolve this challenge. Our key idea is to implicitly learn 
the assembly rules of microbial communities from a particular habitat by 
training a deep-learning model using microbiome samples collected from 
this habitat. The well-trained deep-learning model enables us to quantify 
the community-specific keystoneness of each species in any microbiome 
sample from this habitat by conducting a thought experiment on species 
removal. We systematically validated this DKI framework using synthetic 
data and applied DKI to analyse real data. We found that those taxa with 
high median keystoneness across different communities display strong 
community specificity. The presented DKI framework demonstrates the 
power of machine learning in tackling a fundamental problem in community 
ecology, paving the way for the data-driven management of complex 
microbial communities.

The notion of keystone species has its roots in food web ecology1,2. 
Since Paine coined it in describing results from his pioneering field 
experiments in 1969, the notion of keystone species has been widely 
applied in the ecological literature. Such a broad application (and often 
abuse) has generated considerable confusion about what precisely a 
keystone species is3. Here, we adopt the original definition by Paine, 
that is, a keystone species is a species that has a disproportionately large 
effect on the stability of the community relative to its abundance1,2. 
Existing methods to identify keystone species for macro ecosystems 

can be classified into two approaches: experimental manipulations 
and statistical comparisons4.

Previous studies also suggest that microbial communities harbour 
keystone species5–9. Yet, the keystone species identification approaches 
developed for macro ecosystems are challenging to apply to large, 
complex microbial communities5–9. For experimental manipulations, 
targeted removal of each species in a complex community is impos-
sible with current antimicrobial techniques, not to mention the corre-
sponding ethical concerns for host-associated microbial communities 
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Nacional Autónoma de México, Juriquilla, Mexico. 6CAS Key Laboratory of Quantitative Engineering Biology, Shenzhen Institute of Synthetic Biology, 
Shenzhen Institute of Advanced Technology, Shenzhen, China. 7University of Chinese Academy of Sciences, Beijing, China. 8Department of Microbiology, 
The Forsyth Institute, Cambridge, MA, USA. 9Department of Oral Medicine, Infection and Immunity, Harvard School of Dental Medicine, Boston, MA, USA. 
10Center for Artificial Intelligence and Modeling, The Carl R. Woese Institute for Genomic Biology, University of Illinois at Urbana-Champaign, Champaign, 
IL, USA.  e-mail: yyl@channing.harvard.edu

http://www.nature.com/natecolevol
https://doi.org/10.1038/s41559-023-02250-2
http://orcid.org/0000-0001-7670-3544
http://orcid.org/0000-0002-8537-8576
http://orcid.org/0000-0002-3592-126X
http://orcid.org/0000-0003-3424-6669
http://orcid.org/0000-0002-9802-8567
http://orcid.org/0000-0002-5598-5308
http://orcid.org/0000-0003-2728-4907
http://crossmark.crossref.org/dialog/?doi=10.1038/s41559-023-02250-2&domain=pdf
mailto:yyl@channing.harvard.edu


Nature Ecology & Evolution

Article https://doi.org/10.1038/s41559-023-02250-2

degree, betweenness or any topological indices in the correlation  
(or ecological) network.

So far, very few microbial species have been experimentally con-
firmed as keystones5,18–20. An efficient method to systematically identify 
community-specific keystone species in complex microbial communi-
ties is still lacking21–23. In fact, we even lack a widely accepted operational 
definition of keystoneness—an index to quantify the role of a species to 
be a keystone. In this Article, we first proposed an operational definition 
of keystoneness for microbial species on the basis of commonly availa-
ble relative abundance data. Then, we proposed a data-driven keystone 
species identification (DKI) framework to compute the keystoneness. 
The DKI framework does not assume any particular ecological model, 
naturally avoiding the model misspecification issue. Moreover, the 
DKI framework quantifies the keystoneness of each species for each 
community (sample). Hence, it naturally considers the community 
specificity of keystoneness.

Results
An operational definition of keystoneness for microbial 
communities
Consider a microbiome sample or microbial community s = (z, p), where 
the species assemblage of the community s is represented by a binary 
vector z ∈ {0, 1}N  whose ith entry zi is 1 (or 0) if species i is present in 
(or absent from) s. The microbial composition or taxonomic profile of 
this community is characterized by a compositional vector p ∈ ΔN  
whose ith entry pi represents the relative abundance of species i in s 

such as the human gut microbiome. As for statistical comparisons, 
finding two communities that differ by just one species is challeng-
ing, especially for complex host-associated microbial communities 
(for example, the human gut microbiome) with very personalized 
compositions10,11. Moreover, statistical comparisons can suffer from 
numerous confounding factors12. To resolve the above limitations, 
one may consider directly inferring a population dynamics model to 
predict the temporal behaviour of microbial communities and then 
identify keystone species through numerical simulations of targeted 
species removal. Yet, model misspecification and the requirement for 
high-quality absolute abundance data13–15 for those dynamics inference 
methods limit their application for identifying keystone species in 
large, complex microbial communities.

A recent numerical study16 claimed that those highly con-
nected (that is, ‘hubs’) and high-betweenness-centrality species in 
the microbial correlation network are keystone species of microbial 
communities6,17. Despite the popularity and interpretability of the 
correlation network approach, we think this claim is problematic for 
at least two reasons. First, edges in microbial correlation networks 
do not represent direct ecological interactions but just statistically 
significant co-occurrences or mutual exclusions of species. Second, 
the impact of a species’ removal naturally depends on the resident 
community. This underscores a fundamental challenge in keystone 
species identification—the community specificity, that is, a spe-
cies may be a keystone in one community but not necessarily a key-
stone in another community, which is completely ignored based on 
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Fig. 1 | Workflow of the DKI framework. a, The species assemblage of a 
microbiome sample s is represented by a binary vector z ∈ {0, 1}N  whose ith entry 
zi is 1 (or 0) if species i is present in (or absent from) this sample. The microbial 
composition of this sample is characterized by a vector p ∈ ΔN  whose ith entry pi 
is the relative abundance of species i in this sample (each colour represents a 
species) and ∆N is the probability simplex. A deep-learning model (cNODE2) is 
trained to learn the map∶ z ∈ {0, 1}N ↦ p ∈ ΔN . ODE, ordinary differential 
equation. 1 = (1,⋯ , 1)T. τc is virtual time, h is the variable and fw is a linear 
function. b, We conduct a thought experiment on the removal of species i. In 
particular, for the community s = (z,p) with species collection z and microbial 
composition p, we remove species i from z to form a new species collection 

z̃ = z\i. Then, for the new species collection z̃, we use cNODE2 to predict its new 
composition p̃ = φ(z̃). To quantify the impact of the removal of species i, we 
need to compare the new composition p̃ with a null composition p̄ in the absence 
of species i (obtained by assuming that the removal of species i will not affect 
other species’ abundances at all). The structural impact of the removal of species 
i on the community s = (z, p) can be defined as the distance or dissimilarity 
between p̃ and p̄, that is, d(p̃, p̄). Similarly, the functional impact of the removal 
of species i on the community s = (z,p) can be defined as the distance or 
dissimilarity between ̃f  and ̄f  (each colour represents a gene), that is, d( ̃f, ̄f). 
Here, the functional profile ̃f  (or ̄f ) can be computed by multiplying p̃ (or p̄) with 
the incidence matrix of the GCN, respectively.
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and ∆N is the probability simplex. Inspired by the keystoneness defini-
tion in macroecology24, we define the keystoneness of species in micro-
bial communities as the product of two components: the impact 
component and the biomass component.

More specifically, we define the structural keystoneness of species 
i in a community s = (z, p) as

Ks(i, s) ≡ d (p̃, p̄) (1 − pi) , (1)

where the impact component d(p̃, p̄) quantifies the structural impact 
of the removal of species i on community s, while the biomass compo-
nent (1 − pi) captures how disproportionate this impact is.

For the impact component, we quantify the impact of the removal 
of species i on the structure of community s as the dissimilarity between 

the taxonomic profiles p̃ and p̄, that is, d (p̃, p̄), where p̃ is the new 
community composition after the removal of species i and p̄ is the null 
composition obtained by assuming that the removal of species i will 
not affect any other species (Methods).

Similarly, we define the functional keystoneness of species i in a 
community s = (z, p) as

Kf (i, s) ≡ d ( ̃f, ̄f) (1 − pi) . (2)

Here, the dissimilarity between the new functional profile ̃f  and 
the null functional profile ̄f , that is, d ( ̃f, ̄f), captures the impact of the 
removal of species i on the function of community s. ̃f  (or ̄f ) can be 
computed from p̃ (or p̄) and the genomic content network (GCN)25, 
respectively (Methods).
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Fig. 2 | In silico validation of the DKI framework. Results obtained for pools 
of N = 100 species with GLV population dynamics. We generate 500 samples 
to validate the performance of DKI. The population dynamics is characterized 
by two parameters: the network connectivity C > 0 and the boosting strength 
η > 0. a–f, Hexbin plot of the predicted structural keystoneness and true 
structural keystoneness with network connectivity C = 0.3 (a), C = 0.5 (b) 
and C = 0.7 (c) or boosting strength η = 0.5 (d), η = 1 (e) and η = 1.2 (f). g–l, 
Hexbin plot of the predicted functional keystoneness and true functional 
keystoneness with network connectivity C = 0.3 (g), C = 0.5 (h) and C = 0.7 (i) 

or boosting strength η = 0.5 (j), η = 1 (k) and η = 1.2 (l). For different network 
connectivities, the characteristic interaction strength is σ = 0.01 and the 
boosting strength is η = 1. For different boosting strengths, the characteristic 
interaction strength is σ = 0.01 and the network connectivity is C = 0.4. Each 
panel shows the Spearman correlation (ρ) between the predicted and true 
keystoneness values, and the P value obtained with a two-sided t test. The 
red line in each panel represents the case of perfect regression, where the 
predicted keystoneness equals the true keystoneness.

http://www.nature.com/natecolevol


Nature Ecology & Evolution

Article https://doi.org/10.1038/s41559-023-02250-2

We emphasize that the structural (or functional) keystoneness 
defined here is community-specific, which is fundamentally differ-
ent from those topological indices used in the food web and other 
ecological systems26.

The DKI framework
Consider a particular habitat (or meta-community) that harbours a 
pool of N different microbial species, denoted as Ω = {1,⋯ ,N}. Suppose 
we have a large set of microbiome samples 𝒮𝒮 = {1,… ,M} collected from 
this habitat. A microbiome sample s ∈ 𝒮𝒮 can be viewed as a local com-
munity of the habitat. We assume that the collected samples roughly 
represent the steady states of the local communities so that they can 
be used to learn the assembly rules of those communities.

The DKI framework consists of two phases. In the first phase  
(Fig. 1a), we implicitly learn the assembly rules of microbial 

communities in this habitat using a deep-learning method with 𝒮𝒮 as 
the training data. This is achieved by learning a map from the species 
assemblage z of a sample s = (z,p) to its taxonomic profile p, that is, 
φ ∶ z ↦ p . Various deep-learning methods, including multi-layer 
perceptron27 or ResNet28, can be used to learn such a map without 
using any population dynamic model, but with a few reasonable 
assumptions (for example, the universality of microbial dynamics, 
steady-state samples, no true multi-stability and enough training 
samples; see Supplementary Discussion 1 for details) to ensure the 
problem is mathematically well defined. Here, based on our previous 
work29, we developed composition Neural Ordinary Differential Equa-
tion version 2.0 (cNODE2) to learn the map φ (for details see Sup-
plementary Discussion 1). Learning this map φ will enable us to predict 
what will happen to the taxonomic profile of a local community upon 
removal of any species.
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Fig. 3 | Traditional topological indices calculated from the undirected 
correlation network do not correlate with structural keystoneness. Synthetic 
samples (taxonomic profiles) were generated from the GLV model with N = 100 
species in the species pool. The initial species collection of each sample (local 
community) consists of 50 species drawn randomly from the species pool 
(Supplementary Discussion 2). The structural keystoneness Ks of each species in 
each sample was calculated from the simulated species removal process in the  
GLV model. Two traditional topological indices (betweenness and degree) 
of each species were calculated from the correlation network of species 

abundances constructed using sparCC41 with a threshold of 0.1. a–c, Hexbin 
plot of structural keystoneness versus betweenness for ecological network 
connectivity of C = 0.3 (a), C = 0.5 (b) and C = 0.7 (c) with characteristic 
interaction strength of σ = 0.01 and boosting strength of η = 1. d–f, Hexbin plot 
of structural keystoneness versus betweenness with η = 0.5 (d), η = 1 (e) and 
η = 1.2 (f) with C = 0.4 and σ = 0.01. g–i, Structural keystoneness versus degree 
with C = 0.3 (g), C = 0.5 (h) and C = 0.7 (i) with σ = 0.01 and η = 1. j–l, Structural 
keystoneness versus degree with η = 0.5 (j), η = 1 (k) and η = 1.2 (l) with C = 0.4 and 
σ = 0.01. The grey line in each panel is the best fit in linear regression.
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In the second phase (Fig. 1b), to quantify the community-specific 
keystoneness of species i in a local community or microbiome sample 
s, we conduct a thought experiment of removing species i from s and 
use cNODE2 to compute the impact of the removal of species i on s. 
In particular, for s = (z,p)  with species collection z and microbial 
composition p, we remove species i from z to form a new species col-
lection z̃ = z\i. Then, for the new species collection z̃, we use cNODE2 
to predict its composition p̃ = φ(z̃). To quantify the impact of the 
removal of species i, we need to compare the new composition p̃ with 
the null composition p̄ (with p̄i = 0  and p̄j = pj/∑k≠ipk  for j ≠ i).  
In reality, the map φ cannot be learned perfectly, and the composi-
tion prediction always contains some error. To take this into account, 
we can compute the null composition p̄ by renormalizing the relative 
abundances of the remaining species from the predicted  
composition of the original community, that is, p̄j = p′j/∑k≠ip

′
k, where 

p′ = (p′k) = φ(zzz) . This way, the prediction errors in p̃ and p̄ will be 
cancelled to some extent, and hence the predicted keystoneness will 

be more accurate (Supplementary Fig. 1). From the predicted p̃ and 
p̄, we can compute the functional profiles ̃f  and ̄f , and then compute 
both the structural keystoneness and the functional keystoneness of 
species i in the community s = (z, p).

Validation of DKI framework using synthetic dataset
To demonstrate DKI’s performance in keystoneness prediction, we 
generated synthetic data using the generalized Lotka–Volterra (GLV) 
model with N = 100 species in the species pool (meta-community). 
The initial species collection of each sample (local community) con-
sists of 50 species randomly drawn from the species pool (Supple-
mentary Discussion 2). We characterized the population dynamics 
of the meta-community using two parameters: (1) the connectivity 
C of the underlying ecological network (which encodes all the pair-
wise inter-species interactions), representing the probability that 
two species interact directly, and (2) the characteristic interaction 
strength σ representing the typical impact of one species over the 

0

0.1

0.2

0.3

0.4

0.5

0

0.1

0.2

0.3

0.4

0.5

0

0.1

0.2

0.3

0.4

0.5

0

0.1

0.2

0.3

0.4

0.5

0

0.1

0.2

0.3

0.4

0.5

0

0.1

0.2

0.3

0.4

0.5

0

0.1

0.2

0.3

0.4

0.5

0

0.1

0.2

0.3

0.4

0.5

Sample

K s (
tr

ue
)

ρ = 0.85, P < 0.001

0

0.1

0.2

0.3

0 0.1 0.2 0.3 0.4
Ks (true)

K s (
pr

ed
ic

tio
n)

b
ρ = −0.04, P = 0.748

0

2

4

6

0 0.1 0.2 0.3 0.4
Ks (true)

D
eg

re
e

c
ρ = −0.05, P = 0.7

0

4

8

12

0 0.1 0.2 0.3 0.4
Ks (true)

Be
tw

ee
nn

es
s

d

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20

1 2 3 4 5 6 7 8
Species

Sa
m

pl
e 

ID

e

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20

1 2 3 4 5 6 7 8
Species

Sa
m

pl
e 

ID

f

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20

1 2 3 4 5 6 7 8
Species

Sa
m

pl
e 

ID

g

Ea Pa Pch Pci Pf Pp Pv Sma

Accuracy 0.85 Accuracy 0.4 Accuracy 0.25

Fig. 4 | In vitro validation of cNODE in keystoneness prediction. We analysed 
data from a synthetic consortium of eight soil species: Ea, Sm, Pci, Pp, Pa, 
Pch, Pf and Pv to validate DKI. a, The true keystoneness of each species in 
different communities. b–d, The calculated Spearman correlations between 
the true keystoneness and the DKI-predicted keystoneness (b), degree (c) 
and betweenness (d). Shaded areas indicate 95% confidence intervals of 
the regression (blue line). e–g, The calculated true keystone species in each 

sample (yellow squares) and the DKI-predicted keystone (green circles) (e), 
degree-predicted (f) and betweenness-predicted keystone species (g). The true 
(predicted) keystone species is considered to be the species with the highest true 
(predicted) keystoneness. Two traditional topological indices (betweenness and 
degree) of each species were calculated from the correlation network of species 
abundances constructed using sparCC41 with a threshold of 0.05. The P values for 
the Spearman correlation coefficients (ρ) were obtained with a two-sided t test.
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per-capita growth rate of another species if they interact. To intro-
duce keystone species into the local communities, inspired by a 
previous study23, we amplified all the link weights (inter-species 
interactions) to ãij = θijaij , where θij is drawn randomly from a 
log-normal distribution with mean 0 and standard deviation η. This 
will generate a few strong interactions, presumably leading to a few 
species with high keystoneness. Hereafter, we refer η as the charac-
teristic amplification coefficient.

We first trained cNODE2 to minimize the loss function defined as 
the mean Bray–Curtis dissimilarity between the true and predicted 
compositions for all samples (Supplementary Discussion 1). Then, we 
evaluated DKI using all possible new species collections z̃ obtained by 
removing each species present in each sample. We systematically 
evaluated the performance of DKI in predicting the structural keystone-
ness Ks using simulated data generated from the GLV model with dif-
ferent values for the parameter pair (C, η). We found that DKI can 
accurately predict the Ks of each species over different samples for a 
wide range of C or η values (Fig. 2a–f). The Spearman correlation ρ 
between the true Ks (calculated from the simulated species removal 
process in the GLV model) and the predicted Ks is around 0.97 with 
P < 0.001 (two-sided t test). See Supplementary Figs. 2 and 3 and 

Supplementary Discussion 1.3 for a discussion of the performance of 
DKI when varying other factors.

To calculate the functional keystoneness using the synthetic data, 
we generated a random GCN displaying nested structure (with a nest-
edness metric based on overlap and decreasing fill30 (NODF) of 0.31) 
for 100 species and 500 genes. We found that DKI can also accurately 
predict the Kf of each species over different samples for a wide range 
of C or η values (Fig. 2g–l). The Spearman correlation ρ between the 
true Kf (calculated from the simulated species removal process in the 
GLV model and the randomly generated GCN) and the predicted Kf is 
around 0.96 with P < 0.001.

We emphasize that each species’ structural (or functional) key-
stoneness is context dependent or community specific. Yet, existing 
methods, especially those based on topological indices of correlation 
(or ecological) networks constructed (or inferred) from a collection 
of samples, cannot offer community-specific keystoneness. Moreo-
ver, those topological measures do not correlate with each species’ 
structural (or functional) keystoneness. To demonstrate this point, we 
generated synthetic data (Supplementary Discussion 2) and compared 
the structural keystoneness Ks (calculated from the simulated spe-
cies removal process in the GLV model) with two classical topological 
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Fig. 5 | Keystone species in the human gut microbiome. We applied 
DKI to a large-scale human gut microbiome dataset collected in 
curatedMetagenomicData32. This dataset includes 2,815 faecal samples from 
healthy adults without antibiotics usage. In total, we have 1,103 species. a,b, The 
structural keystoneness distribution of the top 20 (a) and bottom 20 species (b) 
ranked by their median structural keystoneness. c, The Spearman correlation 
between the median structural keystoneness and median deviation of the 
keystoneness of each species. d,e, The functional keystoneness distribution 

of the top 20 (d) and bottom 20 species (e) ranked by their median functional 
keystoneness. f, The Spearman correlation between the median functional 
keystoneness and the median deviation of keystoneness of each species. In 
panels a, b, d and e, the top/bottom 20 species were selected among species 
present in at least 10% of total samples. The P values for the Spearman correlation 
coefficients (ρ) were obtained with a two-sided t test. The red line in c and f 
represents the best fit of linear regression.
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indices, that is, degree (the number of species connected with the 
species under consideration) and betweenness (the frequency of the 
species under consideration on the shortest paths connecting all pairs 
of other species) in the directed ecological network or the undirected 
correlation network. As shown in Fig. 3 and Supplementary Fig. 4, 
the two topological indices do not correlate with Ks at all, regardless 
of whether we use the correlation network (Fig. 3) or the ecological 
network (for details see Supplementary Fig. 4 and Supplementary 
Discussion 3).

Validation of DKI using in vitro synthetic microbial 
communities
We then validated our DKI framework using data from an in vitro study 
of synthetic microbial communities comprising up to eight soil bacte-
rial species: Enterobacter aerogenes (Ea), Serratia marcescens (Sm), 
Pseudomonas citronellolis (Pci), Pseudomonas putida (Pp), Pseu-
domonas aurantiaca (Pa), Pseudomonas chlororaphis (Pch), Pseu-
domonas fluorescens (Pf) and Pseudomonas veronii (Pv). Those 
communities involved 101 different species combinations: all 8 solos, 
28 duos, 56 trios, all 8 septets and 1 octet31. To validate the DKI, we used 
duos and trios (in total, 42 species combinations). For each sample 
with species collection z, we examined whether there is a correspond-
ing sample with species collection z̃ = z\i . In total, 56 sample pairs 
were identified to test the prediction of DKI. For each sample pair (z, z̃), 
we used the ground-truth sample z̃ as the test set and the remaining 
samples to train the DKI. We found that the keystoneness of each spe-
cies displays strong community specificity for most of the species  
(Fig. 4a). Then, we compared the predicted keystoneness of each spe-
cies with its true keystoneness, finding that the keystoneness predicted 
by DKI is consistent with the true keystoneness (Spearman correlation 
of ρ = 0.85, P < 0.001; Fig. 4b). Importantly, the two topological indices 
(that is, degree and betweenness) do not correlate with Ks at all  
(Fig. 4c,d). To examine the sensitivity of each method in keystone iden-
tification, we considered the species with the highest true keystoneness 
as keystone species in each community, and the predicted keystone 
as the species with the highest predicted keystoneness or topological 
indices. We found that DKI yields the highest accuracy 0.85 (Fig. 4e) 
compared with degree (accuracy 0.4; Fig. 4f) and betweenness (accu-
racy 0.25; Fig. 4g).

Keystone species in the human microbiome
We applied the DKI framework to the human gut microbiome data 
collected in the curatedMetagenomicDatabase32. We focused on the 
metagenomic data of stool samples of healthy adults aged 18–65 years 
and without antibiotics usage. In total, we have 2,815 samples involving 
1,103 species. In the National Center for Biotechnology Information 
Reference Sequence Database (RefSeq), species are defined on the 
basis of comprehensive, integrated, non-redundant and well-annotated 
reference sequences, including genomic, transcript and protein data.

We first trained cNODE2 by using all the 2,815 samples. Then, 
for each of the 2,815 samples, we computed the structural keystone-
ness Ks for each species present in the sample. For species present in 
at least 10% of the samples, we ranked them based on their median 
structural keystoneness: median(Ks). Figure 5a,b shows the top 20 
and bottom 20 species, respectively. We found that those species with 
higher median(Ks), for example, Prevotella copri, tend to have a larger 
variation of their Ks across different samples, suggesting stronger com-
munity specificity (Fig. 5a), while those species with lower median(Ks), 
for example, Alistipes finegoldii, tend to have a smaller Ks variation, 
suggesting weaker community specificity (Fig. 5b). In addition, those 
species with the highest keystoneness tend to have a much larger bio-
mass component than the impact component (Supplementary Fig. 5).

To systematically explore the community specificity of those 
species’ structural keystoneness, we plotted their median keystone-
ness median(Ks) versus their median absolute deviation of structural 

keystoneness MAD(Ks) over all samples. We found that MAD(Ks) is 
highly correlated with median(Ks) with Spearman correlation of ρ = 0.87 
(P < 0.001; Fig. 5c). This result indicates that taxa with low median struc-
tural keystoneness are unlikely to be keystone taxa in any community. 
By contrast, taxa with high median keystoneness have high keystone-
ness (and hence are probably keystone taxa) in some communities, but 
they can also have small keystoneness in other communities. Similar 
results were also observed from human oral microbiome and environ-
mental microbiomes (for details see Supplementary Discussions 4–7 
and Supplementary Figs. 6–8).

We noticed that the largest (structural) keystoneness value is still 
smaller than 0.2 (Fig. 5a), which is much lower than the upper bound of 
our keystoneness metric, that is, 1. This can be explained by the fact that 
many complex microbial communities (including the human microbi-
ome) typically have high functional redundancy25, meaning that many 
phylogenetically unrelated species carry similar genes and perform 
similar functions. A high level of functional redundancy can be related 
to the reliability with which an ecosystem will continue to deliver ser-
vices under moderate species loss. Such functional redundancy has 
been considered to underlie the stability and resilience of microbial 
communities. Therefore, a complex microbial community with high 
functional redundancy will not be so fragile that removing one species 
will cause a collapse in the services it provides (Supplementary Fig. 9).

To compute the functional keystoneness, we constructed a refer-
ence GCN (for details see Supplementary Discussion 4). We found that, 
in general, a species’ functional keystoneness is smaller than its struc-
tural keystoneness (Supplementary Fig. 10). This is also closely related 
to the concept of functional redundancy25. Similar to our results on 
structural keystoneness, we found that those species with higher 
median(Kf), for example, Bifidobacterium bifidum, tend to have a larger 
variation of their Kf across different samples, suggesting stronger 
community specificity (Fig. 5d), while those species with lower 
median(Kf), for example, Roseburia hominis, tend to have a smaller Kf 
variation, suggesting weaker community specificity (Fig. 5e). We  
found that median(Kf) and MAD (Kf)  are strongly correlated with a  
Spearman correlation of ρ = 0.88 (P < 0.001; Fig. 5f).

On the basis of the ranking of the median structural keystoneness, 
we found that, among those top-ranking species, many have been 
identified as keystone species that carry unique functions and are 
essential for maintaining host–microbe haemostasis33. For example, 
Bifidobacteria are keystone microorganisms in gut microbiota associ-
ated with early life34; Prevotella copri is a keystone species of a healthy 
human intestinal mucosa35; Faecalibacterium prausnitzii is a keystone 
species that produces butyrate and whose reduced abundance has been 
associated with Crohn’s disease36; Bifidobacterium longum is a minority 
species, but influences gut microbiota formation by breaking down 
complex carbohydrates and providing degradants for other bacterial 
groups to use37; Ruminococcus bromii plays key roles in promoting the 
synergistic utilization of resistant starch by initiating degradation of 
insoluble resistant starch particles5,33 (Fig. 5a).

Interestingly, some of the species with high median structural 
keystoneness also have high median functional keystoneness, for 
example, Faecalibacterium prausnitzii and Prevotella copri (Fig. 5d). 
Based on the high median functional keystoneness, we also identified 
some potential keystone species that have been reported to perform 
important functions. For example, Intestinimonas-like bacteria are 
important butyrate producers that utilize N-ε-fructosyllysine and 
lysine in formula-fed infants and adults38.

Discussion
The concept of keystone species has been extensively investigated in 
ecology. Despite the considerable confusion and difference3, the opera-
tional definitions agree that a keystone species disproportionately 
affects its natural environment relative to its abundance. Systemati-
cally identifying keystone species in complex microbial communities 
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is very challenging owing to our limited knowledge of the population 
dynamics of those communities, as well as many logistical and ethi-
cal concerns regarding the manipulation of those communities. In 
this work, we propose a data-driven framework to systematically 
identify keystone species in complex microbial communities. This 
framework enables us to compute the structural and functional key-
stoneness of each species in a community for the first time. Our frame-
work can be used to facilitate data-driven management of complex  
microbial communities.

We emphasize that the proposed framework is general enough 
and can be modified in many different ways. For example, instead of 
using cNODE2, one can use other deep-learning models (for example, 
multi-layer perceptron) to learn the map φ ∶ zzz ↦ ppp (Supplementary 
Fig. 11). Moreover, instead of using Bray–Curtis dissimilarity, one can 
use other dissimilarity or distance measures (for example, the weighted 
UniFrac distance) to quantify the structural or functional impact of 
species’ removal (Supplementary Fig. 12). One can also use other for-
mulas that combine the impact component and the biomass compo-
nent to quantify the keystoneness24. In addition, beyond studying the 
impact of a species’ removal on the community-level functional profile, 
we can also focus on its impact on any specific microbial function and 
hence quantify its sensitivity. For instance, one can calculate the rela-
tive abundances of a function before and after a species’ removal, 
respectively (Supplementary Fig. 13 and Methods).

Among all the five microbiome datasets analysed in this work, 
we found that the keystoneness value of in vitro synthetic microbial 
communities can be higher than 0.4. However, the keystoneness of the 
other four large real microbial communities is much lower than 1. This 
result could be interpreted as saying that there are hardly any keystone 
species for the studied microbiome samples in those four datasets. 
Importantly, this conclusion does not imply that there are hardly any 
keystone species for any microbial community, because of the strong 
community specificity of keystoneness. Indeed, one may design a syn-
thetic community with a few keystone species present. However, for 
naturally observed microbial communities (be they host-associated or 
host-free), we believe that the chance of finding keystone species is quite 
low. In addition, the relative ranking of keystoneness might be more 
important, instead of the absolute value, in quantitatively identifying 
keystone species. For example, the species with highest median key-
stoneness across communities are more likely to be keystone species.

We admit that there are some caveats to our calculation/inter-
pretation of functional keystoneness (Supplementary Discussion 
8). All the functions are potential functions encoded in the microbial 
genomes. They do not have to be active. To study the true functions, 
it is necessary to leverage metaproteomics data. It is known that the 
(protein-level) functional profiles, or the selective expression of pro-
teins, might depend on the community itself. That is, some species 
might express certain proteins to consume certain resources to avoid 
niche overlap with other species in the community. In other words, the 
protein-content network is community dependent, while the GCN is 
independent of the community39.

Methods
Keystoneness calculation
Inspired by the keystoneness definition in macroecology24, we defined 
the structural keystoneness of species in microbial communities as the 
product of two components: the impact component and the biomass 
component. The impact component is computed as the dissimilarity 
between the taxonomic profiles p̃ and p̄, that is, d (p̃, p̄). Here, p̃ is the 
new community composition after the removal of species i, while p̄ is 
the null composition computed by simply setting p̄i = 0 and renormal-
izing the relative abundances of the remaining species, that is, 
p̄j = pj/∑k≠ipk  for j ≠ i. Note that d(p̃, p̄) can be any distance or dissimi-
larity measure, for example, the Bray–Curtis dissimilarity. The biomass 
component is simply computed as (1 − pi).

Note that our structural keystoneness Ks (i, s) = d (p̃, p̄) (1 − pi) has 
clear lower and upper bounds. The lower bound of Ks (i, s) is 0, represent-
ing the case that species i is not interacting with any other species in the 
community, hence its removal will have zero impact on the community. 
This is, of course, an extreme case. The upper bound of Ks (i, s) is 1. This 
corresponds to another extreme case that the relative abundance pi of 
species i is close to 0, and its removal will cause many other species to 
die out and only a few species survive, and the sum of those survived 
species’ initial relative abundances is also close to 0. Hence, mathemati-
cally, our quantitative metric describes the qualitative keystoneness 
(in terms of species extinction or system collapse). In fact, our keystone-
ness definition is more generic in the sense that, as long as species i has 
a very low relative abundance and its removal will have a very large 
impact on the community composition (not necessarily leading to many 
species extinctions), then its keystoneness will be very high.

To compute the functional keystoneness Kf (i, s) = d ( ̃f, ̄f) (1 − pi), we 
need to compute the functional profiles ̃f  and ̄f  from their taxonomic 
profiles p̃ and p̄, and the GCN25. Here, the GCN is a weighted bipartite 
graph connecting the N species to their genes (Supplementary Discus-
sions 4 and 5). Suppose that there are, in total, M genes in the metagen-
ome of the N species. The GCN can then be represented by an incidence 
matrix G = (Gia) ∈ ℝN×M, where a non-negative integer Gia indicates the 
copy number of gene a in the genome of species i. The gene composition 
or functional profile f ∈ ΔM  of a microbiome sample with taxonomic 
profile p can then be calculated as f = cpG, where c = [∑M

a=1∑
N
i=1piGia]

−1
 

is a normalization constant.

Function sensitivity
Instead of studying the impact of a species’ removal on the community- 
level functional profile, we can also focus on the impact on any specific 
function and hence quantify the sensitivity of the function. This study 
provides insight into microbial metabolites and associated functional 
pathways in controlling host physiology33. Here, we quantified the 
sensitivity of each specific function (that is, metabolic pathway) in the 
human gut microbiome by calculating its abundance change, that is, 
the abundance change in pathway a caused by the removal of species 
i from community s, given by δ(s,i)a = | f

(s)
a − f (s)a (z\i)|/( f (s)a + ϵ), where f (s)a  

and f (s)a (z\i) are the relative abundances of pathway a before and after 
the removal of species i, respectively, and ϵ = 10−10. Then, we ranked 
the pathways based on their mean change over different species and 
samples/communities, that is, ̄δa = ∑N

i=1(∑
Mi
j=1δ

(s,i)
a /Mi)/N, where Mi is the 

prevalence of species i.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
Gut microbiome data were collected from the curatedMetagenom-
icData32 database. Oral microbiome data are available at the CNGB 
Sequence Archive (CNSA) of the China National GeneBank DataBase 
(CNGBdb) (CNSA CNP0000687 for the 4D-SZ cohort and CNP0001221 
for the Yunnan cohort). Coral and soil microbiome data were collected 
from Qiita40 (IDs 10895 and 2104). Data supporting our findings are 
provided at https://github.com/spxuw/DKI.

Code availability
The code used in this work is available at https://github.com/ 
spxuw/DKI.
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