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Abstract
Quorum sensing (QS) is a cell-cell communication mechanism that connects members in various microbial systems. Conventionally,
limited QS entries were collected for speci�c microbes, which is far from being able to fully depict QS-based complex microbial
interactions in human gut microbiota. In this study, we proposed a systematic work�ow including three modules and the use of
machine learning-based ensemble classi�ers to collect reported QS entries, expand the QS repository, and mine new potential QS
proteins. Furthermore, we developed the Quorum Sensing of Human Gut Microbes (QSHGM) database (http://www.qshgm.lbci.net/)
including 28,567 redundancy removal QS entries, to bridge the gap between QS repositories and human gut microbiota. With the help
of QSHGM, various QS-based microbial interactions could be predicted and a comprehensive QS communication network was further
constructed and analysed for 818 human gut microbes. This work contributes to the establishment of the QS communication
network which may form one of the key knowledge maps of the human gut microbiota, supporting future applications such as
potential therapies to gut diseases.

Highlights
A systematic work�ow is built for QS entries collecting, expanding, and mining.

Four machine learning-based classi�ers are trained for QS entries prediction.

QSHGM database is developed for various uses such as QS interactions prediction.

A QS communication network of gut microbiota is constructed for diverse applications.

Main Text
Human gut microbiota is a dynamic and complex microbial system1 that links to the pathogen colonization resistance2, immune
system regulation3, and human health maintenance4. Recent breakthroughs in high-throughput screening and multi-omics
technologies have enabled the detection and quanti�cation of the microbiota composition5 in the human gut system. More and more
research suggests that engineering the gut microbiota and regulating the microbial interactions6, 7 can be viewed as potential novel
therapeutics for treating diverse gut diseases8.

Quorum sensing (QS), a population-level communication mechanism, has huge potential to be engineered for regulating microbial
interactions and developing future therapies9, 10. Generally, there are diverse QS signals termed as microbial languages for
intraspecies (N-Acyl homoserine lactones, AHLs; diffusible signal factors, DSFs; 4-hydroxy-2-alkylquinolines, HAQs; cholera
autoinducer 1, CAI-1; auto-inducing peptides, AIPs; dialkylresorcinols; photopyrones)11, 12 and interspecies (autoinducer 2, AI-2; indole)
communications13, 14. The above QS languages in natural microbial systems such as gut microbiota play a signi�cant role in the QS-
based microbial interactions, which are closely relevant to various diseases15. For example, N-(3-oxodecanoyl)-L-homoserine lactone,
a common AHL-type signal, can be incorporated into the host plasma membrane, leading to spontaneous TNFR1 trimerization and
neutrophil apoptosis, thus providing a better colonization for Pseudomonas aeruginosa in the host16. DSF analogues were veri�ed to
strengthen the mucosal barrier and reduce antibiotic tolerance of P. aeruginosa17. Different hosts can utilize the aryl hydrocarbon
receptor (AhR) to “listen in” the concentration of the HAQs from P. aeruginosa to regulate immune responses dynamically18. CAI-1
from V. cholerae can be designed to be recognized by an engineered L. lactis speci�cally in the gut, and the lactic acid from the
engineered strain can repress the infection of V. cholerae in turn19. AI-2 produced by Ruminococcus obeum could repress several
colonization factors of Vibrio cholerae, thus restricting the colonization of V. cholerae, which leads to diarrhoeal diseases20.
Furthermore, indole has been con�rmed to increase the expression of anti-in�ammatory genes, elicit proin�ammatory effects, affect
the immune system of hosts, and decrease pathogen colonization14, 21. The evidence stated above suggests that manipulations of
the level of diverse QS languages such as AI-222 in the QS communication networks play an important role in diverse host-centric
applications for gut microbial systems23. Therefore, it is essential to construct a comprehensive QS database, which includes the
collections of human gut microbes and QS entries repository, to bridge the gap between existing QS repositories and human gut
microbiota.
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Some existing databases relevant to gut microbiota or diverse QS systems have been constructed separately to provide data
integration and interpretation for relevant researches. With respect to gut microbiota, the gutMEGA database24 contains thousands of
gut microbiota composition (metagenomic sequences), phenotypes, and experimental information. GMrepo25 focuses on the
annotated human gut metagenomes to facilitate the development of human metagenomic data. BIO-ML26 includes 7,758 gut
bacterial isolates, 3,632 genome sequences, and diverse longitudinal multi-omics data. Particularly, VMH27 is a database that has
integrated thousands of metabolites, reactions, human genes, microbes (818 strains), microbial genes, and food items that link to
hundreds of gut diseases and nutritional data. With regard to QS, repositories of limited QS systems in Gram-negative and Gram-
positive bacteria have previously been curated to form SigMol28 and Quorumpeps29, respectively. P2CS30, 31 was constructed and
updated for two-component system (TCS), which is a typical QS system that is composed of a histidine kinase receptor and a
response regulator partner. Furthermore, we have previously developed the QSIdb database32 to  expand the potential QS interference
molecules for different QS systems. We applied a pipeline including SMILES-based algorithms and docking-based validations to
obtain a potential QS interference molecules dataset (73,073 compounds) from the existing compounds in the PubChem database.
Note that some recent databases such as gutMDisorder33 have linked the human microbiota and many macro-environmental factors
together to describe the intervention and regulation for various diseases. In addition, exogenous active substances and endogenous
host factors were also collected for human microbiota into MASI34 and GIMICA35, respectively, to provide the information of the
interactions of various substances and gut microbiota. 

While gut microbiota and QS systems have been curated in various databases, they have largely been collected separately so far,
which may limit the understanding of QS-based complex microbial interactions in human gut microbiota. Furthermore, existing
studies have often focused on using limited reported QS entries; novel QS entries mining and comprehensive integration to form a
relatively complete network is yet to be further explored. Although some biological networks such as protein–protein interaction
networks have been relatively mature, they cannot decipher complex microbial cell-cell communications. In this study, we developed a
systematic work�ow including QS collecting, expanding, and mining modules to construct a comprehensive QS repository for human
gut microbiota. In the QS collecting module, we curated the annotated QS entries carefully for each component in human gut
microbiota to form a repository of reported QS entries. Information gathering in this module was also combined with Machine
learning (ML) algorithms including random forest (RF), k-nearest neighbour (KNN), support vector machine (SVM), and deep neural
network (DNN) to develop four ensemble classi�ers, which were then used in the QS expanding module to nominate further
candidates of human gut QS signal molecules and receptors from existing (general-purpose) QS databases. These candidates were
�nally analysed in the QS mining module, where protein annotation, functional analysis and homologous modelling were combined
to re-annotate and mine new QS entries. These have led to a comprehensive QS database of human gut microbiota
(QSHGM, http://www.qshgm.lbci.net/) including the reported (21,410) and extended (7,157) QS entries, which offers user-friendly
browsing and searching functions to support various applications. With the help of QSHGM, we can predict complex QS-based
interactions for different microbial consortia and further proposed a QS communication network for the �rst time to visualize and
decipher intricate QS-based microbial interactions for human gut microbiota. Finally, we identi�ed key challenges and suggest
directions for the QS communication network and how we can engineer them to provide more future applications.

Results
The systematic work�ow for collecting, expanding, and mining QS entries. To construct a comprehensive QS repository for human
gut microbiota, we developed a systematic work�ow which includes three modules (QS collecting, QS expanding, and QS mining
modules) and four ensemble classi�ers based on ML algorithms (Fig. 1). In the QS collecting module, we �rstly obtained 213
recognized QS entries (Dataset I) from SigMol and Quorumpeps databases, and curated their corresponding amino acid sequences
from the UniProt database. In parallel, we manually searched the 818 gut microbes from the VMH database27 (Dataset II) to collect
reported QS entries which are termed “positive samples” (Dataset III). The search was based on four commonly used QS annotations,
i.e., “quorum sensing”, “LuxR”, “two-component”, and “tryptophanase”. The negative samples (Dataset IV) were then obtained by
removing proteins from typical proteomes in dataset II, such as Escherichia coli and Pseudomonas aeruginosa (more details in
Method section), that conform to QS cluster rules. These rules were developed based on Dataset I through sequence analysis,
including evolution analysis, QS-relevant protein annotations, and amino acid sequence descriptors comparison (more details in
Method section). In the QS expanding module, we obtained an extended protein dataset (Dataset V) from the results of the local
BLASTP36 on the datasets I and II with the criteria of the E value37 being smaller than 10-5, which is commonly used in sequence

http://www.qshgm.lbci.net/
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alignment to obtain homologs. Four different ML algorithms (SVM, RF, KNN, and DNN) were used to construct ensemble classi�ers,
which were trained and validated based on the above positive (III) and negative samples (IV). After excluding from dataset V those
which are already collected as the reported QS entries in dataset, the remaining QS entries (Dataset VII) were then classi�ed by the
four ML-based ensemble classi�ers stated above. The output of these classi�ers was further processed in the QS mining module,
where the potential QS entries predicted by the classi�ers, which had not previously been discovered and annotated, were mined and
sorted out manually with the help of the functional analysis and homologous modelling that were supported by UniProt38, NCBI
(https://www.ncbi.nlm.nih.gov/) and Phyre2 databases39.

Reported and annotated QS entries. There are 84 autoinducer synthases and 129 QS receptors in dataset I. With respect to
autoinducer synthases, we divided them into seven types, i.e., AHLs, DSFs, AI-2, indole, HAQs, CAI-1, and others. As a result, AHLs
synthases account for the vast majority, which among other possibilities can be divided into two protein families, LuxI (from Vibrio
�scheri) and YenI (from Yersinia enterocolitica) (Fig. 2A). With regard to QS receptors, we also divided them into seven types, i.e., LuxR
type, TCS type, CAI-1 receptor, AI-2 receptor, DSFs receptor, HAQs receptor, and other receptors (Fig. 2B). LuxR and TCS type receptors
account for the vast majority of QS receptors. Similarly, LuxR type receptors can be roughly divided into two protein families, LuxR
(from V. �scheri) and YenR (from Y. enterocolitica). Note that the evolutionary trees of AHLs synthases and their receptors counterpart
are in a high similarity (Fig. 2A and 2B), part of which was also identi�ed by Gray et al40. This indicates that there is a coevolution for
AHLs synthases and their corresponding receptors. 

There are 1,640, 5,921, 15,703, and 66 QS entries for “quorum sensing”, “LuxR”, “two-component”, and “tryptophanase”, respectively
(Fig. 2C). LuxR-type and TCS QS entries account for the vast majority, which are 25.38% and 67.31%, respectively. We have also
shown the distribution of QS entries for each strain based on the seven-strain simpli�ed human microbiomes (SIHUMIs) used by
Colosimo et al41 (Fig. 2D). This indicates that LuxR and TCS type QS entries account for the vast majority of QS entries in these
strains. Furthermore, we noted that there are certain overlaps in the distribution of the four QS entries. For example, there are seven
QS entries (P69409, P0ACZ6, P0AGA8, P66798, P0AF30, P0AEL9, and Q8XE66) shared by both LuxR and TCS receptors in the E. coli
O157:H7 strain (Fig. 1E). This suggests potential crosstalk of LuxR type and TCS QS systems. In addition, we have counted and
distributed the total QS entries of the 818 gut microbes from the VMH database27 to form a better picture of the QS repository in
human gut microbiota (Fig. 2F). As a result, we found that about 90% strains contain less than 60 QS entries, and only seven strains
have more than 150 QS entries, which have been listed in Fig. 2F. This distribution will be revisited after extended QS entries are
included (see below). 

Expanded and new QS entries. We conducted 5-fold cross validation to test classi�ers, where the accuracy, prediction, recall, and F1
score (more details were listed in method section) were applied to evaluate their performances. The RF classi�er achieves the highest
accuracy and F1 score among the four classi�ers, which indicates that the RF classi�er achieves the best performance, followed by
KNN, SVM, and DNN. To obtain more details of the positive entries predicted by different classi�ers, we have manually checked their
annotations and categorized the proteins into four types, i.e., QS irrelevant, autoinducer synthases, QS receptors, and uncharacterized
proteins. The results show that QS receptors account for the vast majority, followed by the autoinducer synthases (Fig 3B).

In addition to the collection of the con�rmed autoinducer synthases and QS receptors, we have further analysed the details for the
uncharacterized proteins (534 entries) from the positive ones predicted by the three better performed classi�ers (RF, SVM, KNN), in
order to mine more QS relevant proteins. As a result, we have re-annotated the 534 entries and grouped them into nine protein clusters
manually (Fig. 3C), in which the histidine kinase (a major component in a TCS) occupied the majority. Note that there were another 28
entries that are vaguely described without speci�c protein annotations (Fig. 3C). As listed in Table 1, these entries were further
explored and re-annotated based on the web BLASTP of NCBI database or Phyre2. There were 20 proteins (Table 1, upper) that can be
re-annotated based on the BLASTP results from NCBI. Except U2J6M1 and C0C5Y6, there is much potential for the other 18 proteins
to be QS proteins. ArsR, a component of ArsRS TCS, regulates the acid adaptation and bio�lm formation of the pathogen
Helicobacter pylori in human gut42. Beta-ketoacyl-ACP synthase III catalyzes the condensation reaction of fatty acid synthesis, which
indicates that there is potential for Prevotella bivia to produce Dialkylresorcinols just like the function of DarB from Photorhabdus
asymbiotica43. The histidine kinase, LuxR family regulator, and Rgg/GadR/MutR family regulator are important parts of TCS, LuxR-
type, Rgg-based QS systems44, respectively. 

https://www.ncbi.nlm.nih.gov/
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There are eight entries (Table 1, lower) that have no speci�c annotations or classi�cations in NCBI or UniProt database. We submitted
these protein sequences to Phyre2 to investigate the 2D and 3D structures of their models, their domain compositions and model
quality. A0A4Y4IIW5 and A0A5C4P2T9 are signalling protein and AgrC (belonging to Agr QS system45) family protein, respectively.
This indicates that Lysinibacillus fusiformis and Streptococcus salivarius may have some protein components of the agr QS system,
thus producing and/or responding to the same QS signalling peptide as common pathogen Staphylococcus aureus. The other six of
them are templated on the AimR transcriptional regulator, which is the intracellular signal peptide receptor for the QS-based
communication between viruses that guides lysis–lysogeny decisions46. This suggests that different Bacillus phages may “listen in”
diverse bacterial hosts, such as Bacillus amyloliquefaciens, Bacillus mycoides, Bacillus thuringiensis, and Bacillus atrophaeus, to
coordinate lysis–lysogeny decisions.

Table 1. Results of 28 expanded entries without existing annotations.
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Strains TaxID Entry Template Query
Cover 

Percent
identity

New annotations Sources

Halococcus
morrhuae

931277 M0MA34 WP_004054989.1 100% 100% ArsR subfamily
of regulator

Web
BLASTP

Clostridium
hylemonae

553973 C0C300 WP_006443816.1 100% 100% Autoinducer 2
ABC transporter

Web
BLASTP

Prevotella bivia 868129 I4Z9V6 WP_036847997.1 80% 80.39% Beta-ketoacyl-
ACP synthase III

Web
BLASTP

Enterococcus
caccae

1158612 R3TYZ5 WP_069646785.1 100% 80.80% Histidine kinase Web
BLASTP

Lactobacillus
ruminis

525362 E7FSN7 WP_003695050.1 98% 98.96% Histidine kinase Web
BLASTP

Streptococcus
peroris

888746 E8KCS5 WP_070888551.1 100% 99.58% Histidine kinase Web
BLASTP

Streptococcus
parauberis 

1348 A0A3E1JFV3 WP_116486843.1 100% 100% Histidine kinase Web
BLASTP

Hungatella
hathewayi

566550 D3ADP6 PXX46370.1 98% 92.45% LuxR family
regulator

Web
BLASTP

Enterococcus
cecorum

1121864 S1R0J3 WP_047242627.1 100% 97.31% Rgg/GadR/MutR
family regulator

Web
BLASTP

Enterococcus
cecorum

1121864 S1R7E8 WP_171336239.1 98% 93.70% Rgg/GadR/MutR
family regulator

Web
BLASTP

Streptococcus
constellatus

1035184 U2ZME3 WP_022525523.1 100% 100% Rgg/GadR/MutR
family regulator

Web
BLASTP

Streptococcus
equinus

525379 E8JR85 WP_029875994.1 97% 97.20% Rgg/GadR/MutR
family regulator

Web
BLASTP

Streptococcus
intermedius

1095731 U2XPZ3 WP_003032153.1 100% 100% Rgg/GadR/MutR
family regulator

Web
BLASTP

Candidatus
Melainabacteria

2052166 A0A3S0FWU1 MBI4533416.1 80% 47.68% Sensor histidine
kinase

Web
BLASTP

Candidatus
Melainabacteria

2052166 A0A431KQ57 MBI5174129.1 79% 47.28% Sensor histidine
kinase

Web
BLASTP

Coriobacteriales
bacterium

2491116 A0A437UTJ5 WP_130811315.1 99% 43.81% Sensor histidine
kinase

Web
BLASTP

Lactobacillus
amylolyticus

585524 D4YTV9 EST03116.1 97% 36.63% Sensor histidine
kinase

Web
BLASTP

Alistipes putredinis 445970 B0MUZ2 OKY96599.1 100% 96% Tryptophanase Web
BLASTP

Sphingobacterium
paucimobilis

1346330 U2J6M1 WP_021069213.1 100% 100% DoxX family,
membrane
protein YphA

Web
BLASTP

Clostridium
hylemonae

553973 C0C5Y6 WP_006444869.1 100% 100% Sugar ABC
transporter
protein

Web
BLASTP

Strains TaxID Entry Template Con�dence Coverage New annotations Sources

Bacillus
amyloliquefaciens 

1390 A0A5C8IUS9 c5xybB 100% 97% AimR
transcriptional
regulator

Phyre2

Bacillus mycoides  1405 A0A1W6AJT8 c5zvvA 100% 90% AimR
transcriptional
regulator

Phyre2
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Bacillus
thuringiensis

56955 A0A243M9P9 c5zw5A 100% 95% AimR
transcriptional
regulator

Phyre2

Bacillus
amyloliquefaciens 

1390 A0A5C8IY56 c5zvvA 100% 99% AimR
transcriptional
regulator

Phyre2

Bacillus
atrophaeus

720555 A0A0H3E1W6 c5zvvA 99.90% 98% AimR
transcriptional
regulator

Phyre2

Bacillus
atrophaeus

720555 A0A0H3E2G4 c5zw5A 100% 100% AimR
transcriptional
regulator

Phyre2

Lysinibacillus
fusiformis 

28031 A0A4Y4IIW5 c6mfvC 100% 90% Signaling protein
(tetratricopeptide
repeat)

Phyre2

Streptococcus
salivarius 

1304 A0A5C4P2T9 c4bxiA 99.90% 33% ATP binding
domain of AgrC

Phyre2

To sum up, with the help of the proposed systematic work�ow (Fig. 1), we obtained a comprehensive QS repository including the
manually collected 21,410 positive samples and the extended 7,157 ones for 818 gut microbes, and the total 28,567 QS entries are
composed of 1,882 QS synthases and 26,685 receptors. There was a 33.43% increase of QS entries for the comprehensive QS
repository (Fig. 3D) from the the previous annotation-based QS collections (Fig. 2F). Furthermore, included in the extended entries, we
have re-annotated 534 proteins and mined eight new potential QS proteins with the help of functional analysis and homologous
modelling. This is of great signi�cance to the further exploration of the related QS mechanism and their applications.

QSHGM browsing and searching. To enable user-friendly browsing and searching for QS entries identi�ed in this work, we constructed
a comprehensive QS database of human gut microbiota (QSHGM), which is freely available at: http://www.qshgm.lbci.net/. A user-
friendly “‘browse” option allows to explore the QS data including the annotated QS and extended QS entries. In the “browse” option, a
query box is provided in which the user can enter the query on the basis of “All”, “Synthases” or “Receptors” for the browsing of QS
entries. By “Synthases”, one can query QS entries according to nine QS languages: AHLs, CAI-1, Dialkylresorcinols, Photopyrones,
DSFs, HAQs, AIPs, Indole, and AI-2. As an example, we have illustrated part of browsing results for AHLs language in Fig. 4, and the
output displays information of the QS entries, �elded by Entry, Genus, Species, Strain, Taxonomic identi�er (TaxID), Protein
annotations, conventional abbreviations of QS signals (Languages), and Link Address.

QSHGM also includes “Search” searching facilities for different QS entries. In the search option, a query box is provided in which the
user can enter the query on the basis of “Microbes”, “Synthases” or “Receptors” for the searching of QS entries. By “Microbes”, one
can query QS entries according to different options: Entry (e.g., J7JCP9), Name (e.g., Pseudomonas aeruginosa), or TaxID (e.g.,
208964). The output displays information of the QS entries, �elded by Entry, Organism from WMH, TaxID from Uniprot (Uniprot),
Proteome ID, substitute organism (Organism), substitute organism TaxID (Organism ID), all protein counts (All Proteins), QS entries
counts for the strain (Counts), and Protein annotations. The “Synthases” is provided according to different options: Entry (e.g.,
J7JCP9) or Languages (e.g., AHLs). By “Receptors”, one can search with different options: Entry (e.g., P25084) or Annotations (e.g.,
Histidine kinase). The output displays information of QS synthase and QS receptors, �elded by Entry, Genus, Species, Strain, TaxID,
Protein annotations, and Languages. Note that search type allows users to retrieve either an exact match or the match containing the
query.

QS-based microbial interactions prediction. QS-based microbial interactions play an essential role in deciphering complex interactions
of natural microbial systems and dynamically manipulating diverse synthetic microbial consortia. According to the collected data in
the QSHGM database, we can predict various potential pairwise QS-based microbial interactions. For example, we predicted AI-2-
based communication between E. coli O157:H7 and Bacteroides pectinophilus ATCC 43243 (Fig. 5A), which is in line with the
previously reported observation that AI-2 produced by E. coli can in�uence the Bacteriodetes47. Furthermore, TnaA (encoding indole)
was previously reported in E. coli48 and Enterobacteriaceae49, which is also indicated by the QSHGM database, suggesting that there
will be indole-based interaction between these two microbes. Therefore, we predicted that a microbial consortium including E. coli

http://www.qshgm.lbci.net/
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O157:H7, B. pectinophilus ATCC 43243 and E. bacterium 9_2_54FAA can be regulated by manipulating the concentration level of AI-2
and indole (Fig. 5B). Furthermore, we can predict more sophisticated interaction networks. When introducing the P. aeruginosa PAO1
into the above three-strain consortium, there will be complex microbial cell-cell communications based on AI-2, AHLs and indole (Fig.
5C), in which the interactions between P. aeruginosa PAO1 and E. coli were reported and validated previously50, 51. When adding
Burkholderia cepacia GG4 to the above four-strain consortium, we can also predict the complex QS-based interaction network for a
�ve-strain consortium that communicates with AI-2, indole, AHLs, HAQs, and DSFs (Fig. 5D), which included a previously validated
HAQs-based interaction between P. aeruginosa and B. cepacia GG452. To sum up, QS-based interaction predictions stated above have
been partially veri�ed in the corresponding experiments from other reported researches. Therefore, it has huge potential to predict
more complex QS-based interaction networks including multi-component strains based on diverse QS languages.

QS communication network construction for the human gut microbiota. Microbes communicate via various QS signals, and it is
possible to construct a cell-cell communication network among different gut microbes based on diverse QS languages, which we
termed as “QS communication network”. With the help of the comprehensive QS repository in the QSHGM database, we constructed a
QS communication network for the 818 gut microbes based on the “speaking” of the above nine QS languages (Fig. 6A). This
intricate network visualizes the complex QS-based communications and interactions among human gut microbiota. Different
microbes are linked together through various languages to form a microbial communication network, and the connections could be
used to regulate the microbial interactions between themselves and the surrounding ones. As shown in Fig. 6A, most of the strains
produce the signal AI-2 (567, 69.3% of 818 gut microbes) as the communication language, followed by HAQs (332, 40.6%), DSFs
(325, 39.7%), CAI-1 (259, 31.7%), Dialkylresorcinols (129, 15.8%), Photopyrones (107, 13.1%), indole (77, 9.4%), AHLs (64, 7.7%), and
AIPs (22, 2.7%). 

Note that multiple microbes can speak one common language which is in line with the interspecies crosstalk53. Taking six typical
languages (AHLs, CAI-1, HAQs, DSFs, Indole, and AI-2) as example, we found that there are 64, 40, 22 and 5 species sharing two, three,
four, and �ve QS languages, respectively (Fig. 6B). AI-2 also ranks �rst with the highest genus-level counts (138 genus) than the other
languages, which is in line with what has been broadly observed13. Many overlaps of the languages being spoken (between different
microbes) include AI-2 or indole for various genus, which also indicates that both of them are widely recognizable languages playing
a major role for inter-specie communications54, 55. We found that those traditionally often considered as intraspecies languages
(AHLs, CAI-1, HAQs, and DSFs) may also be involved in some interspecies communications. In addition, the crosstalk of different QS
languages for various microbes implies the redundancy of microbial languages that is potentially helpful for the stability of natural
microbial systems. 

The QS communication network was constructed based on the 818 human gut microbes, which include mainly Firmicutes (79),
Actinobacteria (36), Proteobacteria (69), Bacteroidetes (16) and others (10). We have collected and sorted the nine QS languages for
210 microbes at the genus level, shown by the heatmap representation in Fig. 6C to gain a better understanding of the QS
communication network (Fig. 6A). It has previously been reported that AHLs are only found in Proteobacteria56, AIPs exist mostly in
Firmicutes12, and other QS languages are distributed in-homogeneously in the whole genus-level microbes57, with which the QS
communication network predicted by the QSHGM database agrees. Surprisingly, there are no highly similar distributions of QS
languages within the same genus-level microbes. On the contrary, taking the distribution of QS languages in Actinobacteria as an
example, the language distributions are quite different between its members (Fig. 6C, cyan). This suggests that the existence and
evolution of autoinducer synthases in microbes might have not been strictly familial at the genus level, but are more likely to be
related to a variety of factors, such as environmental factors and spatial distributions58-60. To sum up, these predicted patterns of
distribution of QS languages between these microbes suggests the diversity of the microbial communication languages, the
complexity of cell-cell communication, and the redundancy of QS-based interactions among human gut microbiota.

Discussion
The construction of several types of biological networks including protein–protein interaction networks, genome-scale metabolic
networks, gene regulatory networks, and gut microbial co-abundance networks has been relatively mature. However, these networks
do not directly reveal the structure of microbial cell-cell communications. The QS communication network we established for the �rst
time is thus of great potential for the investigation of the complex QS-based interactions in human gut microbiota. On the one hand,
the QS communication network can give us a better understanding of QS-based microbial communication principles which determine
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the dynamics of the complex ecological systems. On the other hand, this network will do much help for developing potential therapies
for the pathogen-relevant diseases by manipulating different QS languages or strains (probiotics). Thanks to the large scale of the
data established in this work, potential useful details for the QS-based communications among different gut microbes can be
obtained in our QSHGM database.

The QS communication network we presented above (Fig 6A) is a bipartite network involving two types of nodes, namely QS
languages and microbes. This network can be projected to a one-mode network that visualizes microbe-microbe interactions directly.
The giant network would consist of 801 nodes connected via 190,580 edges (Fig. S1). The largest degree in the giant network is 771,
while its average degree is 237.93. This network is characterized by a large number of highly connected nodes, while only a small
number of nodes have few connections, which suggests that microbes are not limited to communicate within their own species but
are capable of ‘listening in’ and ‘broadcasting to’ unrelated species for the good of the population61. The dense QS network is similar
to other microbial interaction networks that carry high degrees for individual strains62, 63. Key nodes in this network were selected
from 5% of the total nodes (40 nodes, Table S1) of the network with large degree and high betweenness centrality64. Note that all of
the 40 key nodes are Firmicutes, Bacteroidetes, or Proteobacteria, (Table S1) which are known to be dominating species of the human
gut microbiota65, 66. For illustrative purposes, a complete graph of the 40 key nodes is shown in Fig. 7A, where there is a link between
every pair of nodes. While such a dense network more likely approximates a theoretical maximum set of QS-based interactions it
nevertheless indicates excellent microbial communications among the core microbes. 

It is worth noting that the network shown in Fig. 6A and Fig. 7A illustrate diverse language connections, which lacks the further
interactions between QS languages sender and receiver. By differentiating QS signals producing and receiving with the help of both
QS synthases and receptors, there is potential to construct a directed QS network. Taking the seven-strain simpli�ed human
microbiomes from Colosimo et al41 as an example, we constructed a typical small QS communication network that includes QS
languages producing and receiving (Fig. 7B). QS languages receiving (Fig. 7B, right) is more complicated than language producing
(Fig. 7B, left), which indicates that some microbes can receive a particular QS signal without producing it. This phenomenon is
consistent with the previously observed QS cheating behaviour in certain microbes, such as P. aeruginosa67 and E. coli68. The reliable
construction of directed QS networks still faces many challenges, such as the huge network scale, multi-layer control structures,
complex QS crosstalk, intricate social cheating, diverse environmental factors, different spatial distributions, and insu�cient QS
entries for many uncultured microbes. Nevertheless, we expect that the further comprehensive QS communication networks including
QS languages producing and receiving will receive increasing attention from future research which will be engaged in developing
more knowledge and technologies for various gut microbes, aiming to construct the valuable comprehensive QS communication
networks which can be regarded as one of the key knowledge maps of the human gut system.

Conclusion
Various QS-based interactions play an essential role in the regulation of homeostatic states, metabolism, and immunity responses for
the human gut system. Therefore, constructing a comprehensive QS database for the human gut microbiota is highly desirable for
making gut microbiology more predictable and for developing potential therapies for diverse gut diseases. In this work, we developed
a systematic work�ow including QS collecting, QS expanding, and QS mining modules to construct a comprehensive QS repository
for the human gut microbiota. machine learning algorithms including SVM, RF, KNN, and DNN were combined with protein
annotations, functional analysis and homologous modelling to facilitate the e�ciency of data collection and mining. As a result, we
established the QSHGM database (http://www.qshgm.lbci.net/, with browsing and searching functions) which contains 28,567
redundancy removal QS synthases (1,882) and receptors (26,685) entries for 818 gut microbes.

With the help of QSHGM database, users can predict many QS-based interactions for various microbial consortia based on diverse
QS languages. We constructed a QS communication network to visualize and decipher intricate QS-based microbial interactions for
human gut microbiota. We found that the distribution of QS languages in microbes is not strictly familial at the genus level, but is
more likely to be related to other factors. There are signi�cant genus-level overlaps between microbes on what are commonly
regarded as intraspecies languages, which suggests that these languages may also be involved in some interspecies
communications. The predicted sharing of various subsets of the QS languages between microbes supports the notions of the
diversity of the microbial language and the redundancy of cell-cell communications, which are helpful for maintaining the stability of
natural microbial systems. This work contributes to the construction of the QS communication network for human gut microbiota
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that may form one of the key knowledge maps of the human gut system in the future. Such a network holds huge potential for
improving our understanding of the dynamics and resilience of the gut microbiology and for developing applications such as
potential therapies.

Methods
Data acquisition. QS is a common mechanism which includes autoinducer synthase and relevant QS receptors69. For most Gram-
negative bacteria, the autoinducer produced by the autoinducer synthase accumulates in the culture with the cell density increasing;
When the concentration of the autoinducer reaches a certain threshold, it will diffuse back into strain and be recognized and bonded
by the QS receptor to be a complex to activate or inhibit the transcription of downstream genes54. The autoinducer synthases and
receptors for Gram-negative bacteria from SigMol (http://bioinfo.imtech.res.in/manojk/sigmol), and QS receptors for Gram-positive
bacteria from Quorumpeps (http://quorumpeps.ugent.be) are utilized as the validated QS proteins in our research. Their
corresponding amino acid sequences are obtained from UniProt (https://www.uniprot.org/)38. In addition, 818 gut microbes from
virtual metabolic human database (www.vmh.life)27 are regarded as the human gut microbiota in this study, and their corresponding
proteomes are also obtained from UniProt. 

Feature extraction and classi�ers development. The secondary and tertiary structure of a protein depends on its amino acid
sequence70. Therefore, a large amount of physiochemical and structural descriptors extracted from amino acid sequences have been
widely used to predict drug-target interactions71, variable-length antiviral peptides72, and protein-ligand binding sites73 etc. In this
study, the information of amino acids in protein sequences was calculated, and ML algorithms (SVM74, RF75 and KNN76) and deep
learning algorithm (DNN77) were trained on the carefully curated positive and negative samples to develop different classi�ers. We
calculated the frequency of each amino acid type in each QS related protein sequence. The frequencies of all 20 natural amino acids
are the percent of the number of amino acid type divided by the length of a protein sequence78. 

Positive and negative samples construction. With the help of the evolution analysis of amino acid sequences of autoinducer
synthases and receptors, we collected the reported and annotated QS proteins for 818 gut microbes as the positive samples. In the
QS expanding module, we did an evolutionary analysis for the validated QS entries to propose a possible cluster rules for negative
samples collection with the help of MEGA X79, and iTOL80. The evolutionary history was inferred using the Neighbor-Joining
method81. The tree is drawn to scale, with branch lengths in the same units as those of the evolutionary distances used to infer the
phylogenetic tree82. The evolutionary distances were computed using the Poisson correction method and are in the units of the
number of amino acid substitutions per site79. We constructed negative samples by removing QS-related components from typical
Gram-negative bacteria (Aliivibrio �scheri, Escherichia coli, Pseudomonas aeruginosa, Salmonella typhimurium, and Vibrio
parahaemolyticus) and Gram-positive bacteria (Bacillus subtilis, Staphylococcus aureus, and Lactococcus lactis), and removing
proteins that directly and indirectly associated with QS, i.e., cluster rules, such as quorum sensing, luxR, two-component, homoserine-
lactone synthase, histidine kinase, bio�lm, autoinducer, bacteriocin, competence, virulence, signal, sensor, response, regulator,
membrane, binding, transcriptional activator etc.

ML-based classi�ers. All the four classi�ers were applied to predict that whether the input amino acid sequences are QS entries or not
with the output being 1 (yes) or 0 (no), respectively. Classi�ers were trained and validated based on the positive and negative
samples, and then tested on the dataset V (Fig. 2). Performances of the four ML-based classi�ers were measured based on the
accuracy, precision, recall, and F1 score, which are de�ned as follows 83.

Accuracy = (TN+TP) / (TN+FP+FN+TP)                                                (1)

Precision = TP / (TP+FP)                                                         (2)

Recall = TP / (TP+FN)                                                           (3)

F1 = 2 * Precision * Recall / (Precision + Recall)                                         (4)

where TP represents true positives, TN denotes true negatives, and FP and FN are false positives and false negatives, respectively. F1
score is the harmonic mean of prediction and recall. The higher the F1 score is, the better performance the classi�er will be of.

http://bioinfo.imtech.res.in/manojk/sigmol
http://quorumpeps.ugent.be/
https://www.uniprot.org/
http://www.vmh.life/
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SVM is a commonly used supervised ML algorithm in proteins prediction83, 84. The basic idea of SVM is to �nd the separated
hyperplane in a very high-dimension feature space that can correctly partition the training data set74. SVM can also integrate kernel
functions, which make it to be a nonlinear classi�er. In this study, for our results we applied the radial basis function (RBF) with
standard deviation σ = 0.125 and set regularization parameter C = 4 to train the positive and negative samples.

K-nearest-neighbour (KNN) is also a traditional classi�cation method when there is little or no prior knowledge about the distribution
of the data85. The principle behind KNN is to �nd k training positive and negative samples nearest in the distance to the new point,
and predict the label from these samples. Firstly, the distance between the test sample point and each other sample point is
calculated, then each distance will be sorted and k points with the smallest distance will be selected, and the categories of K points
will be compared and classi�ed. We used a MultiScheme package in WEKA to choose between 12 KNN models (1, 3, 5, 10, 20, 30, 50,
100, 150, 200, 250, 300) and the KNN with k = 5 yielded the best result. 

Random forest (RF) is a classi�cation algorithm that uses a set of decision trees75. Each decision tree is constructed by using a
sample of training data, and each segmentation candidate set is a subset of random characteristics. RF has been proven to have
excellent performance in classi�cation tasks77, 86, 87. In this study, positive and negative samples are randomly selected from the
original data to construct the sub-training set to generate the decision tree. At each node, we randomly selected the n child variables
(n ≪ N) from the N input variables. The optimal segmentation coe�cients on these N sub-variables are used to segment the nodes.
The n value remains constant during the growth of the forest. For new samples, the classi�cation results can be obtained by voting
on these decision trees. N is generally taken as the square root of the dimension of the eigenvector of the input samples. Here, we set
n_estimators = 122 (the number of trees in the forest), and max_depth = 55 (the maximum depth of the tree).

Neural Networks (NN) plays an essential role in biomedicine77, antiviral peptides prediction72, protein-RNA interaction88, and protein
data mining89. For regular neural networks, the most common layer type is the fully connected layer in which neurons between two
adjacent layers are fully pairwise connected. In the input layer, there are a certain number of neurons corresponding to input features.
In the �rst layer (one-to-one layer), the same number of neurons are used, and each is connected to one neuron from the input layer.
Then we added two hidden layers after the one-to-one layer. The �rst hidden layer is fully connected with one-to-one layer and second
hidden layer is fully connected with the �rst hidden layer. The last layer is an output layer which only has two neurons. Batch
normalization was applied to one-to-one layer and each hidden layer to accelerate the training process. SGD optimizer was used to
train the DNN model and learning rate was �xed as 0.01. 
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Figures

Figure 1

Schematic diagram of the systematic work�ow including three modules. There are nine engaged datasets in our systematic work�ow,
i.e., 213 validated QS entries from Gram-positive (G+) and Gram-negative (G-) microbes (Dataset I), 818 proteomes for the gut
microbiota from VMH and UniProt (Dataset II), positive samples collected manually from dataset I (Dataset III), negative samples
obtained from dataset I (Dataset IV), results of local BLASTP with E ≤ 10-5 (Dataset V), overlaps of the reported QS entries in dataset
III and V (Dataset VI), proteins dataset excluded dataset VI for dataset V (Dataset VII), positive ones classi�ed by different ML-based
classi�ers (Dataset VIII), and potential QS entries (Dataset IX). There are another three abandoned datasets in the work�ow of the
systematic work�ow, i.e., protein dataset with E  10-5 (Output S1), negative ones classi�ed by ML-based classi�ers (Output S2), and
proteins without QS functions (Output S3).



Page 16/21

Figure 2

Results of collections of the reported and annotated QS entries. Evolutionary trees of QS synthases (A) and receptors (B). A. The
optimal tree with the sum of branch length = 40.33 is shown. This analysis involves 84 amino acid sequences, and there are a total of
1,374 positions in the �nal dataset. B. The optimal tree with the sum of branch length = 91.14 is shown. This analysis involves 129
amino acid sequences, and there are a total of 1,010 positions in the �nal dataset. C. Total QS entries with four protein annotations,
i.e., “quorum sensing”, “LuxR”, “two-component”, and “tryptophanase”. D. QS entries distribution of the seven-strain simpli�ed human
gut microbes used by Colosimo et al41. E. The overlap of the four types of QS entries in Escherichia coli O157:H7 strain. F. QS entries
counts distribution of 818 human gut microbes from the VMH database27.
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Figure 3

Results of the expansion and mining for QS entries based on the proposed systematic work�ow. A. Accuracy, precision, recall, and F1
score of the four classi�ers based on SVM, KNN, RF, and DNN algorithms. B. Groups classi�cation for the positive ones of SVM, KNN,
and RF classi�ers based on protein annotations; C. Results of the protein clusters of 534 re-annotated protein entries. D. Distribution
of the total 28,567 redundancy removal QS entries in 818 gut microbes.



Page 18/21

Figure 4

Part of browsing results for AHLs language in QSHGM database.
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Figure 5

QS-based interactions predictions for two-strain (A), three-strain (B), four-strain (C), and �ve-strain (D) consortium based on diverse
QS languages.
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Figure 6

QS communication network for human gut microbiota based on QS languages. A. QS communication network for 818 human gut
microbes based on nine languages. Note that the network diagram was generated using EVenn (http://www.ehbio.com/test/venn). B.
Microbial genus distribution for six typical QS languages, i.e., AHLs, CAI-1, HAQs, DSFs, Indole, and AI-2. C. Hierarchical clustering of
nine QS languages found in 210 human gut microbial genus. The constructions are classi�ed into 10 genus-level clusters based on
their phyla and taxonomy. Microbial genus from Firmicutes is coloured in blue; Actinobacteria, cyan; Proteobacteria, green;
Bacteroidetes, yellowish. Heatmap on the outermost layer indicates QS languages distribution in each cluster, existence is coloured in
blue; no existence, grey.



Page 21/21

Figure 7

Extended QS-based microbial interaction networks. A. a complete graph that links every node to every other node for the 40 core
microbes; B. A typical small QS communication network that includes QS signals producing and receiving for the seven human gut
species form Colosimo et al41.
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