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Microbial communities influence host phenotypes through microbiota-derived metabolites and interac-
tions between exogenous active substances (EASs) and the microbiota. Owing to the high dynamics of
microbial community composition and difficulty in microbial functional analysis, the identification of
mechanistic links between individual microbes and host phenotypes is complex. Thus, it is important to
characterize variations in microbial composition across various conditions (for example, topographical
locations, times, physiological and pathological conditions, and populations of different ethnicities) in
microbiome studies. However, no web server is currently available to facilitate such characterization.
Moreover, accurately annotating the functions of microbes and investigating the possible factors that shape
microbial function are critical for discovering links between microbes and host phenotypes. Herein, an
online tool, CDEM], is introduced to discover microbial composition variations across different conditions,
and five types of microbe libraries are provided to comprehensively characterize the functionality of mi-
crobes from different perspectives. These collective microbe libraries include (1) microbial functional
pathways, (2) disease associations with microbes, (3) EASs associations with microbes, (4) bioactive mi-
crobial metabolites, and (5) human body habitats. In summary, CDEMI is unique in that it can reveal mi-
crobial patterns in distributions/compositions across different conditions and facilitate biological

interpretations based on diverse microbe libraries. CDEMI is accessible at http://rdblab.cn/cdemi/
© 2023 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-
commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Diverse microbial communities are inhabited by various body
sites of humans [ 1]. These microbes influence host phenotypes [2,3]

Abbreviations: EASs, exogenous active substances; t-SNE, t-distributed Stochastic
Neighbor Embedding; PCoA, Principal Coordinates Analysis; MDMs, microbial-derived
metabolites; PERMANOVA, permutational multivariate analysis of variance; MSEA,
microbe set enrichment analysis; LP, leprosy patients; HC, healthy control; OTUs,
Operational Taxonomic Units; DR, diabetic retinopathy; eOTUs, enriched OTUs;
dOTUs, depleted OTUs; oOTUs, ordinary OTUs; LEfSe, linear discriminant analysis
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through microbiota-derived metabolites [4,5] and microbial-se-
creted proteins and cell compositions [6,7]. Moreover, some exo-
genous active substances (EASs) such as diet [8], drug metabolites
[9], traditional medicines [10], and environmental toxins [11] have
previously been reported to contribute to the variation of microbial
communities [12], thereby influencing host phenotypes. Therefore,
associations between microbial communities and various host
phenotypes have attracted considerable attention in current meta-
genomic studies [13].

However, the high dynamics of human microbial composition
and difficulty in functional analysis, have hindered efforts to define
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Fig. 1. The standard workflow of CDEMI: (a) Uploading metagenomics/16S rRNA gene sequencing data (microbiome abundance table); (b) Selection of the types of microbe
libraries; (c) Characterization and visualization of the differences in microbial compositions across various conditions; (d) Annotation and enrichment of microbes from different
perspectives; (e) Heatmap of enrichment analysis of the microbe set across all microbial samples.

the mechanistic links between individual microbes and host phe-
notypes [2]. These microbial community compositions are highly
variable depending on topographical locations, times, and physio-
logical and pathological conditions [14-16]. At the spatial scale,
microbes from various physical niches (for example, spatially dis-
tinct habitats) can greatly differ in community compositions [17,18],
at the temporal scale, microbial diversity and composition can
change substantially across different stages of host development
[19,20]. Studying variations in microbial community compositions
under different conditions enables the development of an associa-
tion between microbes and the host phenotype [21,22]. However,
the active level of microbial function is also substantially diversified
under different conditions [23-25]. Thus, it is also necessary to
construct an online tool for characterizing variations in microbial
composition and function under various conditions in microbiome
studies.

Various powerful online tools have been designed to facilitate the
identification of differential microbes under different conditions and
microbial function annotations [26-28]. Some tools have been
dedicated to linking microbial communities and biological functions,
such as KEGG [29], MACADAM [30], HPMCD [31], and fusionDB [32].
Others, including DAnIEL [28], EasyMap [33], VITCOMIC [34], and
PM2RA [35] were developed for the differential abundance analysis
of microbes. Currently, only MicrobiomeAnalyst [36] and FunGeCo
[37] support both, but neither identifies the phenotype-specific
microbes nor displays substantial variations among different phe-
notypes. Moreover, none of the available online tools can visualize
the microbial abundance distributions among different clusters of
microbial samples for a given microbe and identify the EASs inter-
acting with the microbiota (for example, herbal products). Thus, an
online tool that can facilitate such characterization is urgently re-
quired. However, no such tool has been developed.

In this study, a novel web -server, CDEMI, was constructed. As
illustrated in Fig. 1, CDEMI is unique in its capability of (1) discovering
phenotype-specific microbes/subtype-specific microbes and visua-
lizing substantial variations in distributions/compositions across var-
ious phenotypes/subtypes, (2) enabling us to gain functional insights
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from five different microbe libraries (integrating microbial functional
pathways, disease associations with the microbes, EAS associations
with the microbes, bioactive microbial metabolites, and human
body habitats), and (3) offering enrichment analysis based on diverse
microbial libraries and interactive visualization of the result. Collec-
tively, CDEMI is distinguished for its capacity to characterize the
differences in microbial community composition, to investigate
the functions of microbes, and to discover the EAS interacting
with microbiota, and is therefore expected to emerge as an indis-
pensable complement to other available tools. CDEMI web-server can
be freely accessible (without login requirement) at: http://rdblab.cn/
cdemi/.

2. Methods
2.1. Benchmark datasets collected and analyzed in this study

To comprehensively illustrate the performance of CDEMI in
analyzing phenotype-specific microbes, characterizing microbial
function, and detecting the factors influencing microbes, the
PubMed database was screened by searching keywords including
‘Microbiome’, ‘Metagenomic’, and ‘16 S rRNA’ resulting in datasets
from four publications. For evaluating the features of CDEMI in
identifying phenotype-specific microbes, three benchmark datasets
were included: microbiome data from two different human body
sites (gut and nare) [38], skin microbiome data from two geo-
graphical locations (Hyderabad and Miraj in India) [39], and skin
microbiome data from two physiological conditions (leprosy pa-
tients and healthy) [39]. To evaluate the features of CDEMI in char-
acterizing microbial function, the fecal microbiome data of diabetic
retinopathy and healthy samples from Shivaji et al. was used [40].
For evaluating the features of CDEMI in characterizing the exogenous
substance influencing microbial functions, the salivary microbiome
data of acute otitis media samples before and after amoxicillin
treatment from Schrenzel et al. was used [41]. Detailed information
on these benchmark data sets is presented in Table 1.
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Benchmark microbiome datasets involving various biological contexts (BC) were employed for illustrating the capacity of CDEMI from differential perspectives.

Author of publication Sequence technology

Sampling body site (BS)

The description of the sample, microbe, and study condition

Snyder et al. 16S rRNA sequencing
BC: body sites

BS: Gut & Nare

16S rRNA sequencing
BC: living cities

BS: Skin swab

16S rRNA sequencing
BC: biological conditions
BS: Feces

16S rRNA sequencing
BC: biological conditions
BS: Saliva

Mande et al.

Shivaji et al.

Schrenzel et al.

96 gut taxa and 80 nare taxa from 666 samples of 95 healthy individuals and individuals with prediabetes
skin microbiome of 25 phyla and 1016 genera from 88 samples of 30 healthy control and 58 individuals with leprosy
patients from Hyderabad and Miraj in India

3539 OTUs from 58 samples taken from 30 healthy control and 28 samples from diabetic retinopathy

1656 OTUs from 36 acute otitis media saliva samples including 18 pre-amoxicillin and 18 post-amoxicillin samples

2.2. Required data formats of CDEMI input files and server
implementation details

The standard format accepted by CDEMI is ‘CSV’ format with the
dimension of m xn (m and n indicate the numbers of microbe (for
example, taxon, species, genus, strains level) and microbial samples).
The first two rows represent the sample ID and the sample groups.
The sample ID is uniquely assigned according to user' preferences.
For example, users could use ‘sample 1°, ‘sample 2’ to label the
samples ID, and ‘group 1’, ‘group 2’ to label the samples group.
Example files can be directly downloaded from the “Analysis” panel
of CDEMI.

The CDEMI website was deployed on a server running Cent OS
v7.0 operating system, Apache Tomcat servlet container, and Apache
HTTP web server v2.4. Its interface was developed using R v4.1.2, and
R package Shiny v0.13.1, running on Shiny-server v1.4.1.759. A variety
of R software packages were used in the background processes, in-
cluding shinythemes, shiny, shinyjs, shinyBS, shinydashboard, man-
hattanly, RColorBrewer, Seurat, and d3heatmap, CDEMI has been
running smoothly for months and has been tested from various sites
(such as Google Chrome, Mozilla Firefox, and Safari) worldwide and
is freely accessible to all users without login requirements.

2.3. Characterizing differences in microbial composition across various
conditions

Microbial communities play a fundamental role in human phy-
siology, pathology, and behavioral phenotypes [42]. These microbial
community compositions vary depending on body site, physiology,
and environmental conditions [43,44]. Thus, it is important to
characterize the differences in microbial community composition
across various conditions in microbiome studies. In CDEMI, a non-
linear dimensionality-reduction algorithm, t-distributed Stochastic
Neighbor Embedding (t-SNE) [45], is applied to visualize micro-
biome data. In particular, the microbial samples were clustered
based on the similarity of microbial abundance, independent of the
microbial collection site or time. Then, the distribution of microbes
across various conditions or clusters was further determined using
the ‘featureplot’ function in the ‘Seurat’ package for a specific mi-
crobe. Moreover, a Principal Coordinates Analysis (PCoA) of the Bray-
Curtis distances was also performed to visualize the differences in
microbial community composition [46], and Calculates scores (co-
ordinates) [47] were used to select the significant microbes that
correlated with the ordination (|r| >0.7).

2.4. Annotating the microbe associations based on five types of libraries

Consider a group of microbes as a microbial set if there are es-
tablished, empirically observed, or theoretically predicted functional
associations among them. Based on these criteria, we constructed
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themed collections of microbial libraries. In CDEMI, five microbe
libraries were constructed by integrating well-established databases
including KEGG, MACADAM, VMH [48], MIAOME [49], GIMICA [50],
gutMDisorder [51], Disbiome [52], and MASI [12], as well as manu-
ally searching the literature relevant to microbes. The information
including microbe-derived metabolites and distribution in body site
of microbiota were manually searched from PubMed [53] and Web
of Science (https://clarivate.com/products/web-of-science/) data-
bases using the combinations of keywords ‘microbe’, ‘microbiota’,
‘microbiome’, ‘microbe’, ‘body site’, ‘habitat’, ‘metabolite’, ‘com-
pound’, ‘molecule’ to identify relevant studies published before
November 2022. Publications should contain the following terms:
the known microbial name and the information associated with the
microbe (for example, bioactive microbial metabolite or human body
habitat). To identify additional relevant publications, we checked the
reference lists of the papers found in our search. Additional studies
were included in our CDEMI if they contained (1) information on
molecular compounds biosynthesized or metabolized by microbes,
(2) information on disease associated with microbes, and (3) the
body site distribution of microbes inhabiting humans.

2.4.1. Integrated data on microbial functions

To explore the function of microbes, we constructed a microbial
function library in CDEMI by integrating microbial metabolic path-
ways from the KEGG and MACADAM databases. In sum, for the KEGG
source, 427 metabolic pathways and 22,530 microbes (at species and
genus level) were collected, for the MACADAM source, 1260 meta-
bolic pathways and 3481 microbes (at strain, species, and genus
level) were collected in CDEMI.

2.4.2. Integrated data on microbe-derived metabolites

Microbes produce a broad range of metabolic products that ac-
cumulate in high levels in the body. These metabolic products are
regarded as microbial-derived metabolites (MDMs), which affect
host health [54,55]. Exploring metabolites derived from microbes
may provide mechanistic insights into the link between microbes
and human diseases. Thus, CDEMI collectively contains MDMs by
integrating well-established databases including VMH and MIAOME,
as well as literature reviews. In sum, 11,898 links between 743 me-
tabolites and 1489 microbes were included in CDEMI. We divided
the 743 metabolites into 330 categories based on PubChem [56] and
HMDB [57] databases.

2.4.3. Integrated data on disease association

Increasing research shows that a disturbed microbiome has been
linked to hundreds of diseases, such as cancer, autoimmune, and
cardiovascular diseases [58-60]. Thus, to gain a better under-
standing of the potential association between microbe and disease,
CDEMI integrated the information of the known microbe-disease
associations from the GIMICA, gutMDisorder, and Disbiome
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Statistics of data related to microbes in CDEMI and online databases (the first is the new tool proposed in this study), n: number, NA: not available.

Tools Microbiome data analysis ~ Microbe Microbe-associated Microbe-derived Microbe-associated Body sites of microbe
method function (n) disease (n) metabolite (n) EASs (n) inhabited (n)

CDEMI t-SNE/ PCoA/ 1687 538 743 1296 84
Enrichment analysis

KEGG NA 427 NA NA NA NA

MACADAM NA 1260 NA NA NA NA

GIMICA NA NA 192 NA NA 9

gutMDisorder NA NA 123 NA 77 1 (gut)

Disbiome NA NA 375 NA NA 50

MIAOME NA NA NA 88 NA NA

VMH NA NA NA 126 NA 1 (gut)

MASI NA NA 56 NA 1296 NA

databases, and then constructed a microbe-associated disease li-
brary, which included 538 diseases associated with 1657 microbes.

2.4.4. Integrated data on EAS association

EASs, such as dietary, herbal, and environmental substances,
which interact with host microbes, can affect host health and ther-
apeutics [12]. To provide a better understanding of microbiota
function, we constructed a microbe-related EASs library by in-
tegrating the data from 1296 EASs (divided into 46 categories) as-
sociated with 806 microbes from the MASI database.

2.4.5. Integrated data on the distribution of body habitats

Thousands of species coexist with the host and are distributed on
the surfaces of the skin, intestine, and other mucous membranes
[61]. These microbial distributions and compositions are highly
variable depending on the physiological and pathological conditions
[62]. Thus it is of great importance to characterize microbial com-
position differences across various body sites in microbiome studies.
In CDEMI, we collected body sites inhabited by different microbes
through literature reviews and constructed a body site habitats li-
brary. Consequently, CDEMI contains 942 microbes that habitat over
84 body sites.

In summary, CDEMI currently contains five microbe libraries
involving 1687 microbial functions, 538 microbe-associated dis-
eases, 743 microbe-derived metabolites, 1296 microbe-associated
EASs, and 84 microbial body sites. These microbial associations
provided by CDEMI are more diverse than those provided by the
online databases included in our study (Table 2). Moreover, these
online databases only provided microbe associations and were un-
able to analyze microbial composition variations across different
conditions and support the microbe set enrichment analysis.

2.5. Microbe enrichment analysis based on five libraries types

Enrichment analysis can infer the collective functions of a set of
microbes instead of a single microbe by identifying microbe sets
sharing common attributes with the input microbe list. Based on the
five microbe libraries in CDEMI, enrichment analysis was conducted
to reveal the degree of aggregation of a functional role for the stu-
died microbe list. Over-representation analysis using a hypergeo-
metric test was applied for enrichment analyses. The statistical
significance of enrichment was evaluated using a hypergeometric
test with p < 0.05. Finally, an interactive Manhattan plot illustrating
the enrichment results is displayed directly in CDEMI.

3. Results and discussion
3.1. Web service and operating procedure in CDEMI
To make the use of CDEMI convenient, the operating procedure

implemented in this tool is provided in the following procedures
(illustrated in Fig. 1). (a) uploading metagenomic/16S rRNA gene
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sequencing data (microbiome abundance table); (b) selections of the
types of microbe libraries (five libraries were provided for selection
by users); (c) characterization and visualization of the differences in
microbial compositions across various conditions by t-SNE analysis.
t-SNE was applied for sample clustering, and Wilcoxon’s rank-sum
test was used to select the top distinguished microbes for each
identified subcluster. Moreover, PCoA, as a visualization tool, has
been widely used to visualize variations in microbial composition in
current microbiome studies. In CDEMI, PCoA and permutational
multivariate analysis of variance (PERMANOVA) for microbial com-
munity structures were performed [63], and scores (coordinates)
were used to plot important species for PCoA results in CDEMI. (d)
Microbe set enrichment analysis (MSEA) based on the annotation
result of constructed microbe libraries; (e) heatmap of MSEA of the
microbe set across all microbial samples. Detailed user manuals and
website demos are provided in the ‘Manual’ panel of CDEML

3.2. Characterizing the differences in microbe composition by CDEMI

3.2.1. Discovering the microbial composition differences across different
body sites

The human body contains various habitats [64,65]. To evaluate
the capacity of CDEMI to characterize the differences in microbial
composition across body sites, the microbiome data from Snyder
et al. [38] (listed in Table 1) were applied in this case study, which
contained 96 gut taxa and 80 nare taxa from 666 samples (pre-
diabetes and healthy). As shown in Fig. 2, there was an obvious
difference in microbial composition between the gut and nare sites.
Fig. 2A illustrates the relative abundance of dominant genera in the
gut and nare microbiomes using a stack column plot. Interestingly,
we found that the primary genus in the gut was Bacteroides, but not
in the nare. Conversely, the genus Corynebacterium in nare was
primary, whereas it was almost absent in the gut. Similarly, the
difference in microbial composition between the gut and nare sites
was found via the distribution of the most abundant microbes (top
ten microbes). As shown in Fig. 2B, for the gut, the relative abun-
dance of microbes belonging to the phylum Bacteroidetes was ap-
proximately 46.1%, whereas the relative abundance of microbes
belonging to the Actinobacteria phylum in the nare was approxi-
mately 48.2%.

Moreover, to examine the differences between gut and nare sites
at the overall microbiome level, t-SNE clustering was applied based
on all microbial samples. Fig. 2C reveals an obvious separation in the
microbial community composition between the gut and nare groups.
The abundance distributions of six representative microbes (dis-
crepant between the gut and the nare) across all microbial samples
are displayed in Fig. 2D. Blautia [66]|, Faecalibacterium [67], and
Bacteroides [68] were specifically enriched in the gut, whereas Pro-
pionibacterium [69], Corynebacterium [70], and Staphylococcus [71]
were specifically enriched in the nare. In addition, differences in
microbial community composition between the gut and nare were
visualized using PCoA of the Bray-Curtis distances (Fig. 2E). The
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mple data was from Snyder et al. [38]. A. The relative abundance of the 15 dominant genera

and others in the gut and nare microbiome regardless of healthy and prediabetes. The less abundant genera were grouped under "others". B. The relative abundance of the
predominant microbes (top ten microbes) and others in the gut or nare. The less abundant microbes were grouped under "others". The relative abundance of dominant microbes

was calculated using the mean relative abundance for each microbe of the gut and

nare groups. C. The t-SNE plot of the gut and nare microbiome regardless of healthy and

prediabetes. The colors represent the body sites (red: gut; blue: nare). D. The abundance distribution of representative microbes across all samples. The color key from light to dark
indicates abundance levels from low to high. E. The differences in microbial community composition are shown by principal coordinates analysis (PCOA) of Bray-Curtis Distances,
each symbol represents a sample. The color represents the body sites (red: gut; blue: nare). . Biplot of PCoA with projected scores of major microbes which contributed to

differences between the gut and nare sites.

results showed that the microbial composition of the nare group
clusters was more heterogeneous and clearly different from that of
the gut group. Fig. 2F shows the 10 representative microbes that
contributed to the differences between the gut and the nare. These
results showed a distinct microbial community composition be-
tween the gut and the nare.

3.2.2. Discovering the microbial composition differences across various
physiological conditions

The microbial composition differs across diverse biological con-
ditions [72,73]. To evaluate the capacity of CDEMI to characterize the
differences in microbial composition across physiological conditions,
the skin microbiome data from Mande et al. [39] (listed in Table 1)

2506
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were applied in this case study, which contained 88 skin swab
samples (58 leprosy patients and 30 healthy samples) from Hyder-
abad and Miraj cities in India. As shown in Fig. 3, the microbial
community structure of the human skin was different between le-
prosy patients (LP) and healthy control (HC) groups. Fig. 3A illus-
trates the relative abundance of dominant phyla in the skin
microbiome of the two groups using a stack column plot. The pre-
dominant phyla were largely consistent between the LP and HC
groups, but their relative abundances differed substantially. Notably,
Proteobacteria were enriched in LP samples, whereas Firmicutes were
enriched in HC. At the genus level, each group of samples showed
obvious individual differences: Pseudomonas accounted for 25-7.1%
of the two groups, and the proportion of Staphylococcus in the two
groups ranged from 11.8% to 56.4% (Fig. 3B).

To quantify the variation in microbial community composition
under different physiological conditions, t-SNE clustering was used
for 88 skin swab samples. As shown in Fig. 3C, the microbial com-
position showed clear differences between the LP and HC groups at
the overall microbiome level. The abundance distribution of six re-
presentative microbes (discrepant between the LP and HC groups)
across all microbial samples is shown in Fig. 3D. Limnobacter [74],
Methylobacterium [75], Streptococcus |[76], and Pseudomonas [77]
were specifically enriched in the LP group, especially for Methylo-
bacterium, and depleted in the HC group. These four genera were
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previously reported to be abnormally elevated in the LP group and
are associated with human skin infections [39]. Staphylococcus was
specifically enriched in the HC group and depleted in the LC group.
These results indicate that skin microbiome composition may be
associated with the physiological conditions of the host.

3.2.3. Discovering the microbial
populations within various cities
Increasing evidence shows that microbial communities exhibit
distinct geography trends [39]. To evaluate the capacity of CDEMI to
characterize the differences in microbial composition across popu-
lations within various cities, the skin microbiome data from Mande
et al. was analyzed again. As shown in Fig. 4, the microbial com-
munity structure of human skin was different between Hyderabad
and Miraj cities in India. As illustrated in Fig. 4A, the predominant
phyla were largely consistent among the four groups, but their re-
lative abundances differed substantially. The relative abundance of
phyla Proteobacteria and Firmicutes in the skin microbes of the HC
group exhibited clear differences between Miraj and Hyderabad but
were not distinguished in the LP group of these two regions.
Moreover, at a lower taxonomic level, the genus Staphylococcus
constituted the dominant HC core taxa in the skin microbes of Hy-
derabad and Miraj cities, whereas the relative abundance of the
genera Pseudomonas, Corynebacterium, and Methylobacterium in the

composition differences across
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Fig. 4. The differences in microbial community composition between LP and HC groups at different geographical sampling locations. Sample data was from Mande et al. [39]. A.
The relative abundance of the 10 dominant phyla and others in the LP and HC. The less abundant phyla were grouped under "others". B. The relative abundance of the predominant
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skin microbiome of the LP group exhibited an obvious difference
between Hyderabad and Miraj (Fig. 4B).

In addition, t-SNE was used to visualize the variation in microbial
community composition between different cities. Fig. 4C shows that
the overall skin microbiome of the Mir_LP and Hyd_LP groups ex-
hibited distinct clusters, whereas the skin microbiomes of the
Mir_HC and Hyd_HC groups could not be well separated. The skin
microbiome of the Mir_LP group was different from that of the other
three types. The abundance distribution of six representative skin
infection-related microbes across all samples was displayed in
Fig. 4D. Methylobacterium [75] was enriched in the Mir_LP group, but
low in the Hyd_LP group, whereas Pseudomonas [ 78] was low in the
Mir_LP group but enriched in the Hyd_LP group. These results
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suggest that the composition of the skin microbiome may be asso-
ciated with the geographical location of the host.

Collectively, the above three case studies demonstrate the cap-
ability of CDEMI to characterize variations in microbial composition
across various conditions (for example, geographical locations,
physiological conditions, and body sites) in microbiome studies.

3.2.4. Microbial functions annotation and enrichment analysis using
CDEMI

The human microbiome harbors hundreds of pathways, many of
which likely modulated host biology [4], and could be an effective
therapeutic target for metabolic diseases [79]. To evaluate the ca-
pacity of CDEMI in microbial function annotation and enrichment
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Fig. 5. Microbial annotation and enrichment analysis based on differentially abundant OTUs between the DR and HC. Sample data was from Shivaji et al. [40]. A. Volcano plot of
differentially abundant OTUs between the DR and HC (]logFC| > 0.585, p-value < 0.05), eOTUs: enriched OTUs, dOTUs: depleted OTUs, 0OTUs: ordinary OTUs. B. LDA scores of the
differentially abundant OTUs between the DR and HC. LDA scores were generated from the LEfSe analysis (LDA > 2.0, p-value < 0.05). One bacterial OTU was enriched in HC and 6
OTUs were enriched in DR. C. Functional enrichment analysis results were based on the microbial function library in the CDEMI. Colors represent the counts of microbes involved
in this pathway. D. Microbe-derived metabolite enrichment analysis results. Colors represent the counts of microbes associated with this metabolite. BCAA transport system:
Branched-chain amino acid transport system; Hydroxypropionate/butylate cycle: Hydroxypropionate-hydroxybutylate cycle; GABA shunt: GABA (gamma-Aminobutyrate) shunt;
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Il component; DR: diabetic retinopathy; HC: healthy controls.

analysis, fecal microbiome data from Shivaji et al.[40] were used,
which contained 3539 Operational Taxonomic Units (OTUs) from 28
diabetic retinopathy (DR) samples and 30 healthy controls (HC). In
particular, differentially abundant OTUs between the DR and HC
groups were identified using edgeR packages [80]. Enriched OTUs
(eOTUs) and depleted OTUs (dOTUs) specifically represented OTUs
that were more than 0.585 times higher or lower in relative abun-
dance (P < 0.05) in the DR samples than in the HC samples. As il-
lustrated in Fig. 5A, 143 OTUs were identified as significantly
different between the DR and HC groups (Supplementary Table S1),
which included 133 eOTUs and 10 dOTUs. The top discriminatory
OTUs are listed by the linear discriminant analysis Effect Size tool
(LEfSe) [81] in Fig. 5B. Bifidobacterium was more abundant in DR
samples, which is consistent with the results of Ma et al. [82].
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Moreover, based on the metabolic pathways from the microbial
function library, we performed metabolic pathway enrichment
analysis for the differential OTUs between the DR and HC groups.
The significantly enriched pathways (for example, glycolysis
pathway [83], valine/isoleucine biosynthesis [84], cell-wall pepti-
doglycan synthesis [85], and tryptophan metabolism [86]) are listed
in Supplementary Table S2, and descriptions of the relevance be-
tween DR and pathways are shown in Supplementary Table S3. The
microbes involved in these pathways are shown in Fig. 5C.

3.2.5. Characterizing metabolites produced/synthesized by microbiota
using CDEMI

Diverse microbial communities modulate host phenotypes
through the production of small molecules (for example, bile acids,
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Fig. 6. Microbial annotation and enrichment analysis based on differentially abundant OTUs between the pre-amoxicillin and post-amoxicillin groups. Sample data from
Schrenzel et al. [41]. A. Volcano plot of differentially abundant OTUs between the pre-amoxicillin and post-amoxicillin groups (|logFC| > 0.585 and p-value < 0.05), eOTUs: enriched
OTUs, dOTUs: depleted OTUs, 0OTUs: ordinary OTUs. B. LDA scores of the differentially abundant OTUs between the pre-amoxicillin and post-amoxicillin groups. LDA scores were
generated from the LEfSe analysis (LDA > 2.0, p-value < 0.05). 12 OTUs were enriched in the pre-amoxicillin group and 7 were enriched in the post-amoxicillin group. C. EASs
enrichment analysis results based on microbe-associated EASs library in CDEMI. Colors represented the counts of microbes involved in EASs.

short-chain fatty acids, and indole derivatives) [87] and have been
considered to be related to the pathogenesis of metabolic disorders
[88]. To evaluate the capacity of CDEMI to investigate how microbes
modulate host phenotypes through the production of small mole-
cules, fecal microbiome data from Shivaji et al. were used. Based on
the bioactive microbial metabolite library in CDEMI, we performed a
microbe-derived metabolite enrichment analysis for the 143 differ-
ential OTUs between the DR and HC groups. The DR-associated
metabolites (for example, indole, arachidonic acid, and trimethyla-
mine N-oxide) [86,89,90] are listed in Supplementary Table S4, and
descriptions of the relevance between DR and metabolite are shown
in Supplementary Table S5. The associations between the microbes
and the derived metabolites are shown in Fig. 5D. In summary, these
results demonstrate the capability of CDEMI for microbial function
annotation and characterization of MDMs.
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3.2.6. Characterizing the potential EAS interacting with microbe by
CDEMI

The interaction between EAS and microbes plays a crucial role in
human health, disease, and physiological responses to diverse clues
and treatments [12]. To evaluate the capacity of CDEMI to char-
acterize the potential exogenous active substances interacting with
microbes, the salivary microbiome data from Schrenzel et al. [41]
was applied, which contained 1656 OTUs from 36 acute otitis media
samples before and after amoxicillin treatment. In particular, the
differential abundance of microbes between the pre-amoxicillin and
post-amoxicillin groups was identified by edgeR [80]. As shown in
Fig. 6A, 32 significantly different OTUs with a p-value < 0.05 were
identified between the pre-amoxicillin and post-amoxicillin groups
(Supplementary Table S6), including 18 enriched OTUs (eOTUs) and
14 depleted OTUs (dOTUs). The top discriminatory OTUs are listed
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using LEfSe [74] in Fig. 6B. Amoxicillin treatment resulted in a re-
duction in the abundance of the phyla TM7 and Actinobacteria, and
the genus Streptococcus, which was consistent with the findings of
Schrenzel et al.[41]. Moreover, based on the EASs library in CDEMI,
we performed EASs enrichment analysis on the differential OTUs
between the pre-amoxicillin and post-amoxicillin groups and found
that most EASs are involved in various antibiotics that possess anti-
inflammatory potencies (for example, gemifloxacin [91], penicillins
[92], and lemofloxacin [93]) (Supplementary Table S7), and in-
flammation associated active substances (for example, arsenic, gly-
phosate, and bisphenol A) [94-96]. The relationship between EASs
and inflammation is shown in Supplementary Table S8. The asso-
ciations between the microbes and EASs are shown in Fig. 6C. In
conclusion, these results suggest that EASs has a potential impact on
the microbial community composition.

4. Conclusions

Collectively, CDEMI is distinguished for its capacity to char-
acterize the differences in microbial community composition and
function from five microbe libraries integrated for microbiome
study, and it is expected to emerge as an indispensable complement
to other available tools. With the emergence of large metagenomic
and 16 S rRNA sequencing data, CDEMI could be used to investigate
how exogenous substances (for example, nutritional and environ-
mental substances) affect microbial community distribution, com-
position, and function, discover the related mechanisms involved in
mediating human diseases, and facilitate the development of a
treatment strategy that improves human health.
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