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ABSTRACT

Background: Inflammatory Bowel Disease (IBD) is a chronic inflammation of the gastrointestinal tract, the precise origins of which
remain not fully elucidated. This study investigates the complex relationship between gut metagenomics and host transcriptomics in
IBD patients, focusing on Ulcerative Colitis (UC) and Crohn's Disease (CD).

Method: One proposed theory suggests that microRNAs produced by the host may significantly influence IBD development by
impacting the gut microbiota. Conversely, the gut microbiome may regulate the expression of host microRNAs, leading to
dysfunction in the intestinal epithelium. An enrichment analysis was conducted to pinpoint associated pathways. To unravel this
intricate interplay, the study utilized data from the IBDMDB database, selecting samples from adult individuals.

Result: The dataset comprised 50 paired metagenomic and host transcriptomic samples, including 8 controls, 18 UCs, and 24 CDs. Computational
analyses and network constructions were applied to identify relationships between bacterial species, microRNAs, and other transcripts.

Conclusion: This research offers valuable insights into the dynamic relationship between the gut microbiome and human
transcriptomics in IBD, providing a deeper understanding of potential disease mechanisms. Furthermore, it sheds light on the complex
tripartite network connecting bacterial species, microRNAs, and transcripts, contributing to a comprehension of IBD pathogenesis and
the identification of novel therapeutic targets.
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Introduction

Inflammatory bowel disease (IBD), comprising the
two main types of Crohn’s disease (CD) and ulcerative
colitis (UC), represents a chronic relapsing disorder
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with a complex etiology, characterized by inflammation
in the intestinal tract (1). The incidence of IBD,
including in pediatric populations, has risen steadily in
recent decades, transforming IBD into a pressing public
health issue of global significance (2-4). The intricate
multifactorial nature of IBD, combining genetic
predisposition, immunologic factors, gut microbiota
dysbiosis, and environmental elements, poses
significant challenges to effective prevention and
treatment (5, 6).
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Recent findings highlight an overactive immune
response to variations in gut microbiota, in genetically
susceptible hosts, as a principal driving factor in IBD
(7,8). This emphasizes the imperative for further
exploration of the interplay between the gut
microbiome and the host in the etiology and
pathogenesis of IBD. microRNAs, small non-coding
RNAs, have emerged as critical regulators of gene
expression at the post-transcriptional level, and their
dysregulation has been linked to the pathophysiology
of immune diseases like IBD (9-12). These
microRNAs can either enhance or inhibit immune and
inflammatory signaling, thereby regulating the
immune response pathways associated with chronic
inflammation in IBD (13, 14).

Comprising a vast population of microorganisms, with
bacteria being the most abundant, the gut microbiome
plays a vital role in immune regulation, suggesting that
its composition could influence immune responses to
environmental triggers (15, 16). Emerging evidence
indicates that the gut microbiome can modulate host
genome  expression, notably microRNAs, with
subsequent implications for immune pathways in IBD.
Certain differentially expressed microRNAs, such as
mir-1226, mir-515-5p, and mir-548ab, have shown a
distinct impact on gut microbial populations in
conditions of inflammation and cancer (17, 18).
However, the intricacies of the interaction between
microRNAs and the microbiome in the pathogenesis of
IBD remain to be fully elucidated.

Advancements in the field of metagenomics over the
past decade have greatly enriched our understanding of
the role of microbial communities in human health and
disease, despite the challenges posed by the vast
complexity and diversity inherent to these communities
(19). While taxonomic profiling of the microbiome
provides crucial information about the relative
abundance of different microbial species, a
comprehensive analytical approach should also
consider functional and strain-level profiling for a
holistic understanding of microbial community
dynamics (20).

Differential abundance analysis has emerged as a
powerful tool for identifying changes in microbial
community structures across different conditions or
over time. To facilitate this complex analysis,
bioinformatics pipelines like CAMAMED have been
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developed to integrate various analytical approaches
(21). Yet, it is essential to appreciate the importance of
appropriate statistical method selection and proper
result interpretation, especially when employing
nonparametric methods. Furthermore, transcriptomic
analysis, including methods implemented in DESeq2,
offers valuable insights into the functional potential of
microbial communities, which has broad implications
across health and environmental studies (22).
Achieving an accurate alignment of transcriptomic data
is a critical step in these analyses, with additional tools
like HTSeq available for further processing of high-
throughput sequencing data (23). To conclude, the
advent of metagenomics has ushered in an era of both
unparalleled opportunities and formidable challenges.
By enabling a deeper exploration of the intricate
relationships between microbial communities and
human health, metagenomics can pave the way for
critical breakthroughs in our understanding of the
dynamic and multifaceted world of the microbiome.
Concerning these considerations, the primary objective
of the present study was to scrutinize the interaction
between gut microbiota and microRNAs in the context
of IBD. One target was to unravel the intricate
dynamics of the gut microbiome-host interplay, with a
specific emphasis on identifying a distinct microRNA-
bacterial taxa interaction pattern between CD and UC.
Moreover, we leveraged state-of-the-art metagenomic
and transcriptomic analyses to find pieces of evidence
related to the pathogenesis and progression of IBD. As
a result, this study not only furthers our understanding
of the complex etiology of IBD but also lays the
foundation for future research aimed at developing
targeted, precision medicine approaches to IBD
management. Our findings underscore the critical role
of bioinformatics tools and pipelines in deciphering the
multifaceted dynamics of microbial communities,
thereby offering novel insights into IBD, a disease of
global public health significance.

Methods

Metagenomics and host Transcriptomics datasets
This research aims to scrutinize the interplay
between human gut metagenomics and host
transcriptomics profiles in the context of Inflammatory
Bowel Disease (IBD). Our principal objective involves
to examine gut bacterial shifts and their associations



with alterations in human microRNA expression in
IBD. To achieve this, it is essential to utilize
individuals that have both gut metagenomics and host
transcriptomics sequenced. In this study, we utilized the
IBDMDB database (https://ibdmdb.org/). We applied
some filters to select the proper related data. First, the

samples were extracted from individuals who had both
metagenome and host transcriptome samples. Second,
the age of the individual is greater than or equal to 18
years. Third, they have not used antibiotics in the last
six months. Fourth, transcriptomic samples were
obtained from the sigmoid colon and rectum, focusing
on inflamed tissue within the first 4 weeks of the
disease. In cases with multiple samples during this
period, the one with the shorter duration was chosen.

Following these criteria, we identified 50 samples
with paired metagenomic and host transcriptomic data,
comprising 8 controls (non-IBD), 18 UCs, and 24 CDs
samples (details in Supplementary Table S1).
Metagenomic samples were sequenced using the
[lumina platform and paired-end sequencing method.
Host transcriptome samples are presented as raw read
counts, mapped to human genes, reflecting the number
of reads associated with each human gene.
Metagenomic samples analysis

Various tools were employed for the comprehensive
analysis of metagenomic samples. Initially, quantitative
and qualitative assessments of these samples were
conducted using FastQC v0.11.9 software. This tool,
which takes FASTQ format sequence files as input,
provides crucial information such as the total number
of sequences, identification of sequences with poor
quality, and details regarding GC content. Notably, due
to the satisfactory quality of the reads in the samples,
no trimming was applied.

MetaPhlAn3 (24) was used to obtain the taxonomic
profile of metagenomic samples. This tool takes paired-
end FASTQ sequences as input and provides the
percent abundance of each microorganism at different
taxonomic levels. In this study, we focused on bacteria
at the species level. The resulting taxonomic profile, in
its raw form, required normalization. Given the
inherent sparsity of metagenomic data and potential
biases in sampling and sequencing, it was imperative to
employ an appropriate normalization method (25). To
address this, the metagenomeSeq package (26) was
employed, utilizing the cumulative sum scaling (CSS)
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algorithm (27). Proven to be highly effective for sparse
raw abundances (21, 28). This package normalizes and
mitigates bias in metagenomic data.

Finally, to pinpoint microorganisms exhibiting
significant changes among the non-IBD, UC, and CD
groups, the Kruskal-Wallis statistical test was applied.
The Benjamini-Hochberg method was subsequently
employed to obtain the false discovery rate (29)
ensuring robust and accurate results.

Host transcriptomic samples analysis

In this study, human transcriptomic profiles from
colon tissue samples associated with IBD were utilized,
establishing a  one-to-one  relationship  with
metagenomic samples from the IBDMDB database
(30). These samples are in the form of a raw data
matrix that is mapped to human gene catalog. Each row
of this matrix represents the number of reads mapped to
each transcript in the human gene catalog. DESeq2 (31)
facilitated frequency normalization, proving to be an
efficient tool for expression data analysis (21). After
data normalization, the Kruskal-Wallis test and
Benjamini—-Hochberg correction were applied to
identify transcripts showing significant differences
among the non-IBD, UC, and CD groups.
Co-abundance and co-expression network analysis

In section 2-2, using the Kruskal-Wallis statistical
test on metagenomic samples, significant changes in
microorganisms between healthy and diseased states
were determined independently for non-IBD vs. UC and
non-IBD vs. CD groups. Analogous analyses were
performed in section 2-3 on host transcriptomic samples.
With 50 metagenomic samples (8 non-IBDs, 18 UCs,
and 24 CDs) and corresponding host transcriptomic
samples, a bipartite co-abundance network (consistent
presence and similar abundance patterns of microbial
species network) for UC data and CD data was
constructed separately. In this section, we do not use
non-IBD samples and only used them to candidate
species and transcripts in the previous stages as the
nodes of the networks. The Pearson correlation
coefficient of the frequency of transcripts and species is
calculated, and if it is greater than or equal to the
threshold, an edge is drawn between two nodes. Finally,
we extract the co-abundance sub-network related to
microRNAs and species for UC and CD samples.

In sections 2-3, the Kruskal-Wallis statistical test on
host transcriptome samples identified significant
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transcript changes between healthy and diseased states.
Considering the regulatory role of microRNAs, a co-
expression network (correlations between gene
expression levels across samples) in the UC group was
created such that transcripts significantly changing
between non-IBD and UC (adjusted p-value < 0.05)
were categorized into microRNAs and others, and their
Pearson correlation coefficient was calculated. A
similar process was applied to the CD group.

The resultant UC and CD networks—co-abundance
between species and microRNAs, and co-expression
between microRNAs and other transcripts—were then
interconnected. This integration produced a tripartite
network hierarchically correlating species, microRNAs,
and other transcripts.

Pathway Enrichment

For the identification of pathways associated with
microRNAs, a pathway enrichment analysis was
conducted on correlated transcripts from the previous
step using the EnrichR online tool
(www.maayanlab.cloud/Enrichr/). EnrichR, a web-
based tool, offers summaries of collective gene list
functions, providing diverse visualizations for
enrichment results. The Kyoto Encyclopedia of Genes
and Genomes (KEGG) database, encompassing
genomes, enzymatic pathways, and biological
chemicals, was employed for pathway enrichment.
Results with an adjusted p-value < 0.05 were deemed
statistically significant.

Result

Statistical analysis of samples related to IBD disease

The objective of our research is to unveil a
meaningful association between the human gut
microbiome and the expression of human microRNAs.
To achieve this, the comprehensive resource of the
IBDMDB database was utilized. (30). In the IBDMDB,
multiple datasets pertaining to IBD are available. The
study specifically focused on datasets encompassing
gut metagenomics and human transcriptomics samples.
A fundamental criterion for sample selection was the
coexistence of both metagenomic and host
transcriptomic data for a given individual. Additional
filters were also applied, including age restrictions (age
> 18), a six-month antibiotic-free period, and the initial
4-week timeframe of the disease onset. When multiple
samples were available for an individual, the one from
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the earliest week was chosen. Concerning the host
transcriptomic samples, only those derived from
inflamed areas of the sigmoid colon or rectum were
selected.

After adhering to these specific filtration
parameters, a collection of 50 paired metagenomic and
host transcriptomic samples were procured. This
collection consisted of 8 control (non-IBD), 18 UC, and
24 CD samples. Metagenomic samples were in the
format of paired-end FASTQ sequences, while host
transcriptomic samples were represented as raw
abundance matrices, detailing the count of reads
mapped to each human mRNA per sample. The quality
of the metagenomic samples was meticulously
evaluated using FastQC software. The sequencing
quality met the acceptable standard for inclusion in the
analysis, with metagenomic samples boasting an
average of 14.2 million paired reads. Likewise, for the
host transcriptomic samples, there was an average of
37.7 million reads mapped to human mRNAs.

Transcripts were aligned to hgl9 using TopHat
version 2.0.14 (32) and then quantified using htseq-
count version 0.6.1 (33). The quality of the samples
was evaluated by determining the ratio of reads that
mapped to exonic versus non-exonic regions. A sample
was deemed to have failed quality control if over 40%
of the reads were identified to correspond with non-
exonic regions. (30).

To extract the taxonomic profiling of metagenomic
samples MetaPhlAn3 tool (24) was used. This process
led to the identification of 244 bacterial species with
non-zero values at the species level. For normalizing
the taxonomic profile, we used the metagenomeSeq
package (26) in the R software.

In the next step, we used the Kruskal-Wallis
statistical test and the Benjamini-Hochberg method to
identify the species that altered significantly in the two
healthy and diseased groups, and the species with
adjusted p-value < 0.05 were identified. This analysis
was done separately for the two groups of non-IBD and
UC as well as non-IBD and CD, which obtained 53 and
47 species respectively with adjusted. p-value < 0.05.
Figure 1(a) shows the top 10 species for each group.

Erysipelotrichaceae bacterium (adjusted p-value
0.0016), Citrobacter_freundii (adjusted p-value 0.0431)
and Clostridium_clostridioforme (adjusted p-value
0.0017) were the most significant increased taxa in CD



patients with log2FC 6.54, 4.73 and 4.66 respectively.
On the other hand, Ruminococcus champanellensis
0.0006),
(adjusted p-value 0.0008) and Butyrivibrio crossotus

(adjusted p-value Dysgonomonas_mossii
(adjusted p-value 1.74E-05) were the most reduced taxa
in CD patients with log2FC -20.32, -19.36 and -10.41.
In UC patients, Bacteroides fluxus (adjusted p-value
9.70E-05), Synergistes (adjusted p-value 6.28E-05) and
0.0005)
showed the most increased abundance with log2FC
60.50, 57.33 and 55.66.
Bacteroides _barnesiae (adjusted p-value 0.00409),
(adjusted
8.64E-05), and Coprococcus eutactus (adjusted p-

Mitsuokella_multacida (adjusted p-value

Moreover,

Ruminococcus _champanellensis p-value
value 1.09E-05) significantly decreased in UC patients
with log2FC -29.25, -23.36 and -7.56. These findings
demonstrate key microbial shifts in the context of IBD.
As explained in the preceding section, the host
transcriptome dataset is a raw abundance matrix,
indicating the number of reads mapped to human
transcriptome catalog in each sample. This matrix
encompasses 47,024 RNA coding genes (transcripts).
Initial steps involve selecting the 50 samples outlined
in the materials section and filtering out transcripts with
fewer than five mapped reads. This process yields
38,258 transcripts with at least five reads mapped
across the 50 samples. Subsequently, normalization of
the resulting 38,258*50 matrix is executed using the
DESeq2 package (31) in the R software. Moving
forward, the Kruskal-Wallis statistical test and the
Benjamini-Hochberg method are employed to identify
with
adjusted p-value < 0.05. This analysis is conducted

transcripts significant changes, considering

separately for non-IBD vs. UC and non-IBD vs. CD
groups, resulting in the detection of 4,435 and 3,003
transcripts, respectively, with adjusted p-value < 0.05.
Within these analyzed transcripts, 14 microRNAs are
identified for the non-IBD and UC groups, and 9
microRNAs for the non-IBD and CD groups. Figure
1(b) presents the detected microRNAs alongside
log2FC. Notably,
microRNAs are common between UC and CD groups
compared to non-IBD group. MIR199A1 (adjusted p-
value 0.010, log2FC 20.46) and MIR4525 (adjusted p-
value 0.026, log2FC -18.25) stand out as the most
upregulated and downregulated microRNAs in UC

adjusted p-value and some

patients, respectively. Similarly, MIR125B1 (adjusted

d
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p-value 0.009, log2FC 19.58) and MIR596 (adjusted p-
value 0.012, log2FC -2.78) exhibit the most prominent
upregulation and downregulation in CD patients.

b

'A;‘:;A AMseiPyas v_:':AA Ao Pate

Y

Figure 1. alterations of significant (adjusted p-value < 0.05)
species and microRNAs between non-IBD and subtypes of
IBD (a) Top 10 species that have change significantly
between the non-IBD with Ulcerative colitis (UC) and
Crohn’s disease (CD) groups based on adjusted p-value, (b)
The microRNAs that have change significantly (adjusted p-
value < 0.05) between the non-IBD with UC and CD groups.
The log2 fold change (log2FC) is calculated as log2((UC or
CD)/mon-IBD). (Log2 fold-changes are represented by
triangles, where the size reflects the magnitude of the change
and the direction indicates whether bacterial species or
microRNAs are upregulated or downregulated. Triangle color
corresponds to the adjusted p-value, with dark purple
denoting more statistically significant changes. Only the top
10 most significant changes are displayed in this figure.)

Co-abundance and co-expression network between
metagenomic and host transcriptomic data

As we explained in section 3-1, after analyzing the
metagenomic and host transcriptomic samples, 53 and
47 species, 4435 and 3003 transcripts, and 14 and 9
microRNA were found, respectively, which were
significant changes between two groups of non-IBD
and UC as well as non-IBD and CD. Now we create a
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bipartite co-abundance network between species and
candidate transcripts. This network is created
independently for UC and CD data. If the Pearson
correlation coefficient is greater than or equal to 0.7 or
less than or equal to -0.7, an edge is created between
the species and transcript. This network has 53 and
4435 nodes (for species and transcripts, respectively)
and 4004 edges for UC. Also, the network related to
CD has 47 and 3003 nodes and 2879 edges. A very
important point in these networks is that no negative
correlation between species and transcripts was
observed for UC and CD patients. Now we separate the
sub-network related to species and microRNAs. Table
the

microRNAs and their Pearson correlation coefficient

1 shows relationship between species and
for UC and CD .The interesting point is that there is no
common species and microRNAs between the UC and
CD groups, but in the CD group, most of the species,
have a significant correlation with several microRNAs.

Also, for host transcriptomic data, there are 4435
and 3003 transcripts, which are significantly changed
between the two groups of non-IBD and UC, as well as
non-IBD and CD, respectively. We divide these
transcripts into two groups, microRNA and other
transcripts, respectively, and draw a co-expression
network with a Pearson correlation coefficient greater

than or equal to 0.8 and less than or equal to -0.8. Then

we separate the sub-network related to micro RNAs
(details in Supplementary Table S2).

As depicted in Figure 2 (b), the UC network is split
into 3 separate parts including a microRNA and its co-
expressed transcripts and its co-abundant species. But
in CD group (Figure 2 (a)), we face a more complex
network with denser relationships.

Pathway enrichment

Based on enrichment results for microRNAs’
correlated genes, IBD related pathways including IL-
17, TNF and PI3K-Akt signaling pathways were
enriched for MIR29B1 and MIR125B1 in CD patients.
Furthermore, B cell receptor, NOD-like receptor, Toll-
like receptor and IL-17 signaling pathways for
MIR29B1, Cytokine-cytokine receptor interaction,
PI3K-Akt, TNF and IL-17 signaling pathways for
MIR223, and Chemokine, B cell receptor, Cytokine-
cytokine receptor, C-type lectin receptor and TNF
signaling pathways for MIR589 were enriched in UC
patients (adjusted p-value <0.05).

Discussion

With the development of high-throughput sequencing
technologies, host-metagenome interactions were studied
more comprehensively, and new insights about its
regulatory effect on host immunity and inflammatory
responses were achieved (34). Clinical microbiome

Table 1. This table presents the Pearson correlation coefficients reflecting associations between microbial species and
microRNAs in ulcerative colitis (UC) and Crohn’s disease (CD) groups.

uC CD
Species MicroRNA  Pearson  Species MicroRNA  Pearson
correlation correlation
coefficient coefficient
Anaerotruncus_colihominis MIR199A1 0.78 Alistipes_onderdonkii MIR125Bl1 0.72
Bilophila wadsworthia 0.71 Bacteroidales_bacterium_ph8 0.97
Burkholderiales bacterium 1 1 47 0.74 Bacteroides xylanisolvens 0.82
Clostridium_bolteae 0.84 Oxalobacter formigenes 0.73
Clostridium_scindens 0.84 Ruminococcus_callidus 0.95
Clostridium_sp KLE 1755 0.84 Alistipes_onderdonkii MIR29B1 0.83
Eggerthella_lenta 0.84 Bacteroidales_bacterium_ph8 0.97
Eggerthella_unclassified 0.81 Bacteroides_xylanisolvens 0.80
Lachnospiraceae bacterium 5 1 S7TFAA 0.84 Ruminococcus_callidus 0.94
Lachnospiraceae_bacterium 6 1 63FAA 0.84 Alistipes_sp_HGBS MIRS596 0.99
Lachnospiraceae bacterium 9 1 43BFAA 0.84
Alistipes_finegoldii MIR24-2 0.90
Bacteroides_stercoris 0.75
Clostridium_asparagiforme 0.75
Oscillibacter_unclassified 0.87
Clostridium_bartlettii MIR3936 0.81
Streptococcus_vestibularis 0.81
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Oxalobacter_formigenes
Bacteroidales_bacterium_ph8
Bacteroides_xylanisolvens
Ruminocoecus_callidus
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Figure 2: Three layer co-abundant network between microbial taxa, microRNA and other transcript (a) for CD patients and (b)
for UC patients. The edges represent the co-abundant relationship between the two adjacent nodes. In the networks the edges
show the relationship with more than 0.9 co-abundance coefficient. (Since the number of other transcripts in CD network (a), was
very large, only transcripts with [Log2FC[>=4 was included in the network). (The shape of each node represents its type: bacterial
species (squares), microRNAs (rhombuses), and mRNA transcripts (circles). Node size corresponds to the significance level
(adjusted p-value), while color indicates the log2 fold change (Log2 FC): red denotes a decrease, and blue indicates an increase.)

analysis with 16S rRNA gene sequencing provided an
in-depth characterization of the microbiome and its
composition in diseased and healthy subjects (35). In this
study, we analyzed metagenome data from stool samples
alongside their matched colon tissue transcriptome
profile in IBD patients. We aimed to discover the gut
microbiome composition changes and their association
with  dysregulated  transcriptomes, specifically
microRNAs -as a part of transcription regulators in IBD.
Learning about the gut microbiome and host microRNA

relationship could lead to a better understanding of

metagenome impact on cellular processes and
transcription by microRNAs and vice versa.

Based on our metagenome data analysis, a shift in a
gut microbiome and bacterial abundance have been
observed in CD and UC patients compared to controls.
A recent study found that UC patients who responded
to adalimumab had higher levels of Faecalibacterium
prausnitzii and Bacteroides uniformis, while non-
responders showed increased Escherichia coli and
Ruminococcus gnavus. These microbial differences
suggest potential biomarkers for predicting treatment
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response (36). Moreover, another study reported that,
Erysipelotrichaceae_bacterium significantly increased
in CD patients. Erysipelotrichaceae are highly enriched
in colorectal cancer and presented as an inflammation-
related bacteria. However, controversial reports about
its abundance in IBD patients have been disclosed (37).
Schaubeck and colleagues observed an increase in the
abundance of Erysipelotrichaceae in TNF-driven
Crohn's disease (CD)-like mice model (38). On the
other hand, Dey and colleagues found lower levels of
Erysipelotrichaceae in recurrent CD patients (39).
Ruminococcus_champanellensis ~ with ~ the  most
abundance depletion in CD and also a great decrease in
UC is a member of Firmicutes phylum and shows
cellulose-degrading activity (40). The ability of pectin
degradation in these bacteria could lead to anti-
inflammatory activity and promote IL-10 production
(41). Thus, the
Ruminococcus _champanellensis with anti-

decreased number of

inflammatory effects may worsen the gut chronic
inflammation in IBD patients. Bacteroides fluxus is a
gram-negative anaerobic bacillus from Bacteroides spp.
and our analysis indicates it’s around 60-fold increase
in fecal samples of UC patients. There isn’t enough
evidence around its role in the gut, however, a case
study reported that Bacteroides fluxus is associated
with  abdominal infection (42). Furthermore,
Coprococcus eutactus, known as a suggested probiotic
with the potential of reducing pro-inflammatory
cytokines and promoting anti-inflammatory factors
such as IL-10 (43), showed a significant decrease in
UC fecal samples compared to controls.

The connection between microRNAs and gut
microbiota has been reported previously. Due to these
studies, in dysbiotic conditions, changes in microRNAs
expression profile affect Intestinal Epithelial Cell (IEC)
regulation and epithelial barrier function (44). In
contrast, IECs can produce secretory microRNAs in the
gut lumen and target bacterial mRNA, regulating their
expression and function (44). Based on bioinformatics
analysis results, in colorectal cancer (CRC), several
dysregulated microRNAs are correlated with the
microbiome abundance in the tumor microenvironment
and regulate genes that control cellular interactions with
microbes (18). Also, Fusobacterium nucleatum,
Escherichia coli, enterotoxigenic Bacteroides fragilis,
and Faecalibacterium prausnitzii reported to be
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associated with microRNA expression and tumor
progression in CRC (45). This study also reported a
positive correlation between some microbiome changes
and alterations in microRNA expression in CD and UC
patients. In our analysis, Alistipes finegoldii showed a
strong correlation (Pearson correlation coefficient: 0.9)
with MIR24-2 in UC patients. Alistipes finegoldii was
reported as a driver microbiome for colitis and
carcinogenesis (46) and MIR-24-2 has a regulatory effect
on MAPK signaling pathway as reported in previous
studies (47). On the other hand, MIRI199A, which
resulted in the most upregulated microRNA in UC
patients, has the potential role in regulating WNT, ERK
and hypoxia-inducible factor (Hif)-1a pathways involved
in differentiation, inhibiting cell proliferation and
apoptosis respectively (48-50). MIR199A correlated
with  Bilophila wadsworthia, which can cause
inflammation  in  mice models (51) and
Clostridium_bolteae abundance in UC patients.
Clostridium_bolteae is known as an autism-associated
Bacterium (52) however studies showed its role in
insulin resistance, dyslipidemia and inflammation in
obese people (53). In contrast, another study reported the
anti-inflammatory role of Clostridium bolteae AHG0001
cell-free culture supernatant by suppressing NF-xkB
factor in organoid culture (54). Eggerthella lenta
enriched in IBD patients gut microbiome and worsens
colitis in mice model (55) and showed a positive
correlation with MIR199A in UC. In CD patients,
MIR125B1, MIR29B1 and MIR596 correlation with
microbiome changes were detected. MIR125B1 with the
highest overexpression in CD, can control cell
proliferation, differentiation and immunity by regulating
NF-kB and Wnt pathways (56) and is considered a
potential biomarker in UC (57). MIR125B1 targets the
3’UTR of TLR4, one of the important cell surface
molecules in detecting microbiome composition by the
host (58). Besides, MIR29 family including MIR29B1
showed a critical role in immune response regulation in
several studies and regulates Thl differentiation and
IFNY pathway (59). Our enrichment results suggested
MIR125B1 and MIR29B1 impact on controlling
inflammation by regulation of IL-17 and TNF signaling.
Alistipes_onderdonkii is abundant in CD patients and
associated with MIR125B1 and MIR29B1 expression,
based on this study. There is contrasting evidence about
the role of Alistipes and they are considered as a



protective or cancer progression factor in several
diseases and inflammatory conditions (60) and their
correlation with MIR596 was also detected. Moreover,
Alistipes onderdonkii was introduced as a CRC tumor
biomarker (61).
Bacteroides_xylanisolvens as another correlated species
with the MIR125B1 and MIR29B1 in CD patients is
under investigation as a next generation probiotic with

tissue-specific bacterial

xylanolytic activity (62).

A three-layered network between the bacterial taxa,
microRNA and related transcripts showed the indirect
regulatory effect of dysbiosis on cell function and
pathways. The findings presented in Figure 2 reveal a
consistent three-layered network structure in CD
patients. Our analysis indicates that nearly all bacterial
species  display  connections with  dysregulated
microRNAs, which subsequently regulate a set of
mRNAs. In contrast, our investigation of ulcerative UC
patients yielded three distinct networks featuring unique
bacterial species, microRNAs, and related mRNAs.
These results suggest that the two conditions may differ
in their underlying molecular mechanisms. Further
research is necessary to elucidate the precise nature of
these differences. Metagenome-correlated microRNAs
were in charge for controlling various genes including
immune response related genes. In CD patients, Alistipes
onderdonkii, Oxalobacter formigenes, Ruminococcus
callidus, Bacteroides xylanisolvens and Bacteroidales
bacterium_ph8 / MIR125B1 MIR125B1 and MIR29B1
MIR29BI1 axis controls IL17A, IL17F, IL8 and IL1B
expression. These cytokines are known to trigger
inflammation signaling and drive chronic inflammation
in UC and CD patients and previous studies reported the
link between gut microbiome composition and cytokine
production in gut (63). Furthermore, this axis correlates
with MMP1, MMP10 and MMP3 which is assumed to
be involve in fistulae formation in CD patients (64). In
UC patients, each microRNA correlates with a unique set
of bacterial taxa and transcripts which most of them are
non-code RNAs. These networks clearly represent the
axis between bacterial taxa/microRNA/transcripts and
the regulatory effect of metagenome and microRNAs on
cell function and inflammation pathways.

Although our study has yielded some valuable
insights, it is important to note that we encountered
certain limitations along the way. For instance, we were
unable to procure an adequate number of samples with
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matching transcriptome and metagenome data, which
may have limited the robustness of our results.
Moreover, in this study, the method used for microRNA
detection was based on total transcriptome analysis.
However, the database did not utilize a specific library
for detecting microRNAs, which could have provided a
wider range of microRNAs and improved the accuracy
of the results. By not using a specialized library, some
microRNAs may have been missed, and the overall
variability of the detected microRNAs may have been
limited. Additionally, the presence of abundant
ribosomal and mRNAs can further dilute the detection of
microRNAs. Therefore, including a specific library for
microRNA detection could potentially enhance the
study's findings and provide a more comprehensive
understanding of the microRNA expression profile.
Nonetheless, our research has yielded valuable insights
into the pathogenesis of IBD by establishing an
innovative connection between the gut microbiome,
microRNA, and transcriptome in CD and UC patients.
Our findings serve as a solid foundation for future
studies in this area and have the potential to greatly
enhance our understanding of the underlying
mechanisms of IBD. The unique relationship that we
have uncovered between these factors provides a
promising avenue for further exploration.

Based on the insights from previous studies and
results obtained from our bioinformatics analysis, it is
suggested that the interaction between microRNA and
the gut microbiome may play a significant role in the
pathogenesis of IBD. It seems that changes in the gut
microbiome  composition  alongside = microRNA
expression alterations could lead to dysregulation of
proliferation, inflammation, and differentiation pathways
and cause IBD or worsen the inflammation condition in
the gut. A compelling topic for additional exploration
could involve investigating the cause-and-effect
dynamics within this relationship. It remains unclear
whether changes in microRNAs are a precursor to
alterations in the microbiota, or conversely, if dysbiosis
could trigger microRNA dysregulation and subsequent
transcriptomic alterations. However, this interaction
between microRNA and the microbiome could be a
possible biomarker for predicting gut microbiome or
microRNA expression shifts. Also, distinct correlated
microRNA and microbiome changes in CD and UC
could have the potential to use as a marker for
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distinguishing CD and UC. However, further
investigations are warranted to validate these in silico
findings in vitro and provide a clearer understanding of
the precise interactions between bacteria and microRNA.
By doing so, we can better comprehend the complex
mechanisms underlying IBD and, potentially, pave the
way for novel diagnostic and therapeutic strategies.
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