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Abstract: (1) Background: A large and diverse microbial population exists in the human intestinal
tract, which supports gut homeostasis and the health of the host. Short-chain fatty acid (SCFA)-
secreting microbes also generate several metabolites with favorable regulatory effects on various
malignancies and immunological inflammations. The involvement of intestinal SCFAs in kidney
diseases, such as various kidney malignancies and inflammations, has emerged as a fascinating area
of study in recent years. However, the mechanisms of SCFAs and other metabolites produced by
SCFA-producing bacteria against kidney cancer and inflammation have not yet been investigated.
(2) Methods: We considered 177 different SCFA-producing microbial species and 114 metabolites
from the gutMgene database. Further, we used different online-based database platforms to predict
1890 gene targets associated with metabolites. Moreover, DisGeNET, OMIM, and Genecard databases
were used to consider 13,104 disease-related gene targets. We used a Venn diagram and various
protein—protein interactions (PPIs), KEGG pathways, and GO analyses for the functional analysis
of gene targets. Moreover, the subnetwork of protein—protein interactions (through string and
cytoscape platforms) was used to select the top 20% of gene targets through degree centrality,
betweenness centrality, and closeness centrality. To screen the possible candidate compounds, we
performed an analysis of the ADMET (absorption, distribution, metabolism, excretion, and toxicity)
properties of metabolites and then found the best binding affinity using molecular docking simulation.
(3) Results: Finally, we found the key gene targets that interact with suitable compounds and function
against kidney cancer and inflammation, such as MTOR (with glycocholic acid), PIK3CA (with
11-methoxycurvularin, glycocholic acid, and isoquercitrin), IL6 (with isoquercitrin), PTGS2 (with
isoquercitrin), and IGFIR (with 2-amino-1-methyl-6-phenylimidazo[4,5-b] pyridine, isoquercitrin),
showed a lower binding affinity. (4) Conclusions: This study provides evidence to support the
positive effects of SCFA-producing microbial metabolites that function against kidney cancer and
inflammation and makes integrative research proposals that may be used to guide future studies.
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1. Introduction

As kidney cancer causes more than 131,000 fatalities and 342,000 incident cases world-
wide each year, it is one of the most serious malignancies [1]. According to 2020 GLOBO-
CAN data, globally, 2.2% of total incidences and 1.8% of total cancer deaths occur in kidney
cancer annually [2,3]. Cancer research has recently shifted its attention to the link between
cancer and inflammation [4]. Numerous studies have demonstrated that the development
of cancer, including breast, pancreatic, colorectal, colon, rectal, prostate, bladder, lung, and
ovarian cancers, is strongly influenced by inflammatory chemicals and pathways [5,6].
Renal cell carcinoma (RCC) and inflammation are both closely related, and both contribute
to the growth of RCC tumors, which are thought to be immunogenic [7,8]. Surgery is
still the most effective treatment for both localized and locally progressed RCC, because
25-30% of affected patients have metastatic disease and, therefore, a poor prognosis [9].
Therefore, the current study focuses on inflammation and kidney cancer. We focused on
network pharmacology analysis to find the safer and more effective therapeutic gene targets
needed to treat inflammation and kidney cancer.

In recent years, there has been growing interest in the gut—kidney interaction as it
relates to chronic kidney disease (CKD), including kidney cancer and inflammation [10].
Microbial metabolites can function as signaling substances when circulated throughout
the body [11]. Currently, short-chain fatty acids (SCFAs) and their receptors, as well as
changes to the gut microbiome, are some of the suggested mechanisms linking dysbiotic
gut microbiota to CKD and its consequences [11-13]. As a class of metabolites, SCFAs
exert advantageous regulatory effects on blood pressure, immunological inflammation,
hormone production, and cancer [14]. A lack of gut-microbiota-produced SCFAs has
also been linked to disorders such as inflammatory bowel disease, obesity, type 1 and
type 2 diabetes, autism, major depression, colon cancer, and renal diseases, which are the
topic of this discussion [15-18]. However, the relationship between bacteria that produce
SCFAs and the various metabolites they secrete, including SCFAs, which help treat kidney
inflammation and kidney cancer, is still not entirely understood. Therefore, the current
study focuses on microbes that produce SCFAs and their metabolites to find potential
targets for the treatment of inflammation and kidney cancer using network pharmacology.

To combat the co-morbidity of these diseases, the goal of this research was to discover
the most significant gut SCFAs-producing microbial compounds that can be used to control
the expression of the hierarchical targets for treating kidney cancer and inflammation. We
also discussed the important SCFAs-producing probiotics that the molecular docking test
(MDT) determined to be the most stably bound metabolites on a significant target. As a
result, our research may identify approaches to reduce kidney cancer and inflammation by
using the effect of complex microbiome networks.

2. Materials and Methods
2.1. Target Gene Prediction of SCFAs Microbial Metabolites and Diseases (Kidney Cancer
and Inflammation)

The targets and metabolites of the gut SCFA-producing microbiota were obtained
using the gutMGene v1.0 database (http:/ /bio-annotation.cn/gutmgene/) (accessed on
10 July 2023) [19]. To retrieve kidney cancer and inflammation-related targets, we used
the DisgeNET v7.0(https://www.disgenet.org/) (accessed on 12 July 2023) [20], OMIM
(https:/ /www.omim.org/) [21] (accessed on 13 July 2023), and Genecard databases v5.8
(https:/ /www.genecards.org/) (accessed on 14 July 2023) [22] databases. The major targets
among the metabolites and chosen disease-related targets were identified using Venny
2.1.0 (https://bioinfogp.cnb.csic.es/tools/venny/ accessed on 15 July 2023), an online
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mapping tool. We used the overlapped genes for further analysis using GeneMANIA
(https://genemania.org/ V3.6.0 version accessed on 16 July 2023) [23] to find the target
genes that are co-expressed and that share the same protein and pathway. We then used
those genes for further analysis.

2.2. Target Gene Location in Chromosomes and Tissues

To evaluate the pathophysiology of some genes and identify the potential therapeutic
targets, the chromosomal location of the target genes needs to be determined. As a result,
the location of the genes on the chromosomes was determined using the ShinyGO web tool
v0.75 (http:/ /bioinformatics.sdstate.edu/go/ accessed on 18 July 2023) [24]. Additionally,
the distribution of shared genes varied in other organs. So, using the Pa-GenBase dataset
from the Metascape web server v3.5.2023.05.01 (https:/ /metascape.org/gp/index.html#
/main/ accessed on 19 July 2023) [25], we were able to determine the distribution of genes
that affect different tissues and cell types.

2.3. Analysis of Target Gene Pathways Using Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) Databases

GO analysis, which was created to define the activities of the targets, included analyses
of cellular components (CC), biological function, and molecular function. The KEGG
pathway analysis shed light on the putative signaling pathways linked to the final targets
against kidney cancer and renal inflammation. The gene ratio of the differentially expressed
genes to the total number of targets in a signaling pathway serves as the foundation for
enrichment plots, which are based on a p-value and adj. p-value [26]. Gene ontology
and pathway studies were performed using the Protein Analysis Through Evolutionary
Relationships (PANTHER) program v18.0 (http://pantherdb.org/ accessed on 20 July 2023)
to determine how these frequently connected genes collectively influence the signaling
pathways [27].

2.4. Protein—Protein Interaction (PPI) Network Analysis of Targeted Gene

Protein interactions are examined throughout the early stages of drug development be-
cause they provide an immense amount of information about the functions of proteins [28].
The total number of intricate biological processes is estimated through a thorough PPI
network investigation [29]. By using the STRING dataset with NetworkAnalyst v3.0
(https:/ /www.networkanalyst.ca/ accessed on 22 July 2023), the PPI of common genes
has been determined to examine the molecular mechanisms linked to major signaling
pathways and cellular activities [30]. The PPI network was created using the fundamental
PPI configuration, which used H. sapiens as the organism, STRING as the database, and a
confidence score cutoff of 900. After assessing the accuracy, we concluded that the common
nodes were the most likely hubs. The creation of sub-PPI networks using CytoHubba v0.1
in Cytoscape version 3.10.1 to select the suitable gene targets using the highest degree
centrality (DC) values, highest betweenness centrality (BC) values, and highest closeness
centrality (CC) values in the top 20% of the PPI networks [31].

2.5. Analysis of the Physiochemical and ADMET Characteristics of Microbial Compounds

The hit compounds were subjected to in silico physiochemical analysis. The Swis-
sADME (http://www.swissadme.ch/index.php accessed on 23-28 July 2023) [32], AD-
METIab2.0 (https:/ /admetmesh.scbdd.com/ accessed on 23-28 July 2023) [33], and pkCSM
(https:/ /biosig.lab.uq.edu.au/pkesm/ accessed on 23-28 July 2023) web servers were used
for the drug-likeness analysis [34], and the Protox-1I web server (https:/ /tox-new.charite.
de/protox_II/ accessed on 23-28 July 2023) was used for the analysis of the predicted AD-
MET properties [35]. To predict ADMET properties (absorption, distribution, metabolism,
excretion, and toxicity), the PubChem Database’s canonical SMILES of the metabolites were
consulted. Finally, we rejected the protein targets connected to Lipinski’s rule of five (LO5)
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metabolites that broke more than two of its rules [36]. Investigations were conducted using
the remaining targets and metabolites.

2.6. Validation of the Expression of the Hub Targets

Information on the expression and distribution of various human proteins in diverse
tissues is made available via the Human Protein Atlas database (HPA) v23.0 (https://
www.proteinatlas.org/ accessed on 2 August 2023) [37]. Using data from the Human
Protein Atlas, we investigated the expression levels of hub targets in the kidneys and
urinary bladder.

2.7. Protein and Ligand Preparation

From the RCSB protein data bank (www.rcsb.org, accessed on 1 August 2023), the
crystal structures of MTOR (PDB:2FAP), PIK3CA (PDB:5DXT), IL6 (PDB:4ZST), PTGS2
(PDB:5IKQ), and IGFIR (PDB:5FXQ) were retrieved [38]. All of the retrieved protein
structures belonged to the human database. For the selection of protein structures, we
considered mainly the X-ray diffraction experimental method, and also the refinement
resolution range between approximately 1.5 and 2.5. The proteins were prepared by
removing the cofactors, water molecules, and metal ions from the complex structure. After
the non-polar hydrogen atoms were combined and polar hydrogen atoms were added,
Gasteiger charges for the protein were computed [39]. The aromatic carbons were located,
the non-polar hydrogens were combined, and the molecule “torsion tree’ was set up using
AutoDock v4 Tools. For additional screening, the PDBQT file format of these results
was used. Additionally, the PubChem Database (https://pubchem.ncbi.nlm.nih.gov/
accessed on 14-20 August 2023) was utilized to acquire the 3D structures of the active
components [40]. Finally, SDF files were used as the download format.

2.8. Binding Site Identification and Grid Box Generation

Binding sites were found by comparing pockets from known protein—ligand interac-
tions. PDB and CASTp (http://sts.bioe.uic.edu/castp/ accessed on 14-20 August 2023) [41]
were used to extract the known and unknown active sites of the protein structures, re-
spectively, and BIOVIA Discovery Studio Visualizer v19.1 (BIOVIA) was used to examine
the binding site of the proteins [42]. The receptor grid was built using molecular docking
and the binding sites were obtained from the complex structure using the PyRx—Python
Prescription 0.8 virtual screening tool [43].

2.9. Molecular Docking Simulation

A molecular docking simulation was performed using the PyRx v0.8 tool to identify
the candidates that were most compatible with the target proteins [30]. AutoDock Vina
and AutoDock v4 are included in PyRx, a free computational screening application that
can assess a big dataset against a specific biologically targeted macromolecule. The default
setting in PyRx v0.8 is the AutoDock Vina Wizard v4 [44], which simulates molecular
docking. In comparison with other compounds, the top compounds had the highest
binding affinity (kcal/mol) to the target protein. Finally, using the default arrangement,
receptor grids were created.

3. Results
3.1. Retrieve Metabolites and Potential Target Proteins Linked to Kidney Cancer and
Kidney Inflammation

We obtained 177 SCFA-producing microbes and 114 metabolites from the gutMgene
microbiome database. A total of 1890 metabolite-related gene targets were predicted
from the gutMgene, PubChem, and Human Metabolome (HMDB) databases, using the
similarity ensemble approach (SEA), Swiss target prediction (STP), and Chemical Entities
of Biological Interest (ChEBI) (Supplementary S1). A total of 13,104 target genes for kidney
cancer and kidney inflammation-related diseases were retrieved from DisgeNET, genecard,
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Kidney Diseases

and OMIM (Supplementary S2). The revealed targets and compounds were regarded as
important factors for analyzing the treatment outcomes of the gut microbiota. Subsequently,
1436 overlapping targets related to kidney cancer and inflammation were identified through
a Venn diagram (Figure 1A). Therefore, the 1436 selected targets were used for further
analysis in GeneMANIA to find co-expressed genes that shared the same protein domain
and related gene regulation pathways. Finally, we found 38 gene targets that were used for
further analysis (Figure 1B, Supplementary S3).

B

Microbes Targets

Networks

Co-expression
Shared Protein domains

Pathways

Figure 1. (A) Venn diagram analysis between metabolites and disease-related targets. (B) GeneMA-
NIA analysis to predict co-expressed, same protein domain, and pathway targets.

3.2. Distribution and Location of Genes

Identifying the exact cellular and molecular locations of the genes is required to
identify a protein at the transcription level. We used 38 final targets in the Metascape online
server for this analysis. Most of the target genes of kidney cancer and kidney inflammation
were expressed in the placenta (expressed value around 6), while others were also expressed
in smooth muscle (above 3.5) and in the lungs (above 3) (Figure 2C). Additionally, in the
analysis of kidney cancer and inflammation genes, the majority of the common target genes
(six) were present in chromosome 3, and four genes were present in chromosomes 1, 7, and
11. Except for the 4, 5, 6, 8, 14, 16, 18, 21, 22, X, and Y chromosomes, the rest were evenly
distributed throughout the genome (Figure 1A). As a cellular level, most of the genes were
expressed (above 8) in lake adult kidney C8 descending thin limb, and were also highly
expressed (around six) in the lake adult kidney C9 thin ascending limb, as well as the
travaglini lung basophil mast 1 cell (near to six). In the other kidney and lung cells, the
genes were thoroughly distributed (Figure 2B). Finally, we also analyzed and observed that
most of the genes were expressed in different renal cell carcinomas and kidney carcinomas
(Figure 2D).
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Figure 2. Distribution of targeted genea. (A) Chromosomal distribution. (B) Cellular distribution.
(C) Tissue-specific distribution. (D) Distribution in different cancer types.

3.3. Gene Ontology and Pathway Analysis of Gene Targets

To further investigate the potential mechanism of the genes for kidney cancer and
inflammation, GO and KEGG enrichment analyses were conducted based on 38 targets.
We found these genes enriched in 119 biological process (BP) terms, 46 molecular functions
(MF) terms, and 33 cellular component (CC) terms for kidney cancer and inflammation. The
top 12 entries from BP, 7 entries from MEF, and 2 entries from CC terms are shown in Figure 3
(Supplementary S5). In the case of kidney cancer and inflammation, BP analysis showed
that associated targets were primarily centered on biological regulation and cellular and
metabolic processes (Figure 3A). According to the MF analysis, potential kidney cancer
and inflammation targets were determined mainly based on the binding affinity, catalytic
activity, and molecular transducer activity. CC analysis indicated that related targets were
primarily mainly centered on the cellular anatomical entity and protein-containing complex
(Figure 3C). KEGG pathway enrichment analysis was also performed to investigate the
pathways associated with the key targets. The results showed 65 significantly enriched
signaling pathways for kidney cancer and inflammation. The top 32 significantly enriched
pathways displayed in Figure 3D were closely correlated to kidney cancer and inflammation
(Figure 3D). So, the pathway enrichment analysis indicated that the gonadotropin-releasing
hormone receptor pathway, inflammation-mediated chemokine and cytokine signaling
pathway, angiogenesis and apoptosis signaling pathway, endothelin signaling pathway,
interleukin signaling pathway, and nicotinic acetylcholine receptor signaling pathway were
most closely related to kidney cancer and inflammation (Figure 3D) (Supplementary S4).
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Figure 3. Gene ontology (GO) and KEGG pathway analysis of the target genes. (A) Biological process.
(B) Molecular functions. (C) Cellular components. (D) KEGG pathway analysis.

3.4. Screening of Hub Targets and PPl Network Construction

In the PPI network analysis, we used 38 targets. Among these targets, the kidney
cancer and inflammation targets FAAH2 and KCNMA1 did not interact with other targets
that consisted of 38 nodes and 150 edges (Figure 4A). For further screening, we considered
78 nodes and 640 edges and selected the top 20% of targets based on the degree of cen-
trality (DC). We also checked betweenness centrality (BC) and closeness centrality (CC)
(Supplementary S6). Subsequently, we found the top 20 targets that were related to kidney
cancer and inflammation (Figure 4B-D) (Table 1). Furthermore, we selected the common
targets among the 38 common targets of SCFA-producing microbes and kidney cancer and
inflammation, and the top 20 PPI hub targets of kidney cancer and inflammation. Finally,
we found nine hub targets (TP53, CTNNB1, MTOR, PIK3CA, IL6, ERBB2, PTGS2, IGFIR,
and RELA) related to kidney cancer and inflammation. For additional conformation, we
checked the RNA expression of the nine final target genes in the organs of the urinary
bladder and whole kidneys. In this analysis, we found a positive expression in both the
urinary bladder and whole kidneys (Figure 4E). Further analysis proceeded with the nine
final targets, which were related to kidney cancer and inflammation.

3.5. Physiochemical and ADMET Property Analysis of Lead Compounds That Control the Hub
Targets Expression

After the PPI network analysis, we recovered nine hub targets for kidney disease
and inflammation that could be regulated by gut SCFA-producing microbial metabolites
(Table 2) (Supplementary S7). The physiochemical and ADMET (absorption, distribu-
tion, metabolism, excretion, and toxicity) features of these target-regulated metabolites
(75 metabolites) were examined. After analyzing the ADME properties, we screened and
rejected some metabolites that did not meet the drug properties (Supplementary S7). Finally,
we found metabolites that regulated the nine hub targets (Table 2), that mainly determined
by its pharmacodynamics (PD) and pharmacokinetics (PK) properties.
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B Expression Level (n"TPM) Kidney 144 102.7 8 79 171 715 99 1.2 441

Gene

Figure 4. Hub targets and PPI network construction. (A) Identification of kidney cancer and in-
flammation hub proteins. (B) PPI network analysis. (C,D) PPI network of kidney cancer and
inflammation-related hub protein, and screening of the top 20 targets based on the degree of centrality
(the nodes represent proteins, and the edges represent protein—protein interactions). (E) RNA tissue
specificity expression profile in the urinary bladder and whole kidneys.

Table 1. Degree centrality (DC), betweenness centrality (BC), and closeness centrality (CC) of kidney
cancer and kidney inflammation genes.

Name Betweenness Centrality Closeness Centrality Degree Number of Directed Edges
TP53 0.319071552 0.872340426 35 2
CTNNB1 0.108958047 0.732142857 26 20
IL6 0.156313791 0.683333333 23 23
MTOR 0.054536656 0.672131148 22 5
PTGS2 0.064988518 0.650793651 20 35
PIK3CA 0.03684383 0.630769231 18 17
ERBB2 0.0341558 0.630769231 17 10
NFKBIA 0.010607996 0.594202899 14 26
KEAP1 0.012401937 0.585714286 13 7
SIRT1 0.020993867 0.585714286 13 6
RELA 0.003634516 0.569444444 11 18
GSTP1 0.01601626 0.554054054 11 22
MET 0.005245046 0.561643836 10 4
SLC2A1 0.007293932 0.561643836 10 3
IGFIR 0.000513 0.554054054 9 6
VHL 0.003383222 0.525641026 8 7
LRRK2 0.006013884 0.532467532 8 14
CTSD 0.006634727 0.518987342 8 8
CYP1A1 0.005259476 0.539473684 7 1
FLT1 0.001178862 0.5125 7 1
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Table 2. Microbial metabolites and hub targets after ADME property analysis.

Hub Target Genes Gene Targeted Compounds and ID Target Microbes [19]
Bacteroides distasonis, Clostridium scindens,
TP53 Bile acid (439520, CHEBI:22868) Faecalibacterium prausnitzii, Haemophilus

parainfluenzae.

2-Hydroxy-3-(5-hydroxy-1H-indol-3-yl)propanoic -

CTNNB1 acid (192215) Clostridium sporogenes.

3-Hydroxy-4-methoxybenzenepropanoic acid . . .

(2752054, HMDB0131138) Clostridium orbiscindens, Eubacterium ramulus,
Bifidobacterium, Bifidobacterium longum, Clostridium

Dihydrocaffeic acid (348154, HMDB0000423, orbiscindens, Clostridium sporogenes, Eubacterium

CHEBI:48400) ramulus, Faecalibacterium prausnitzii, Lactobacillus
mucosae, Lactobacillus zeae.

Indole-3-lactic acid (92904, CHEBI:24813) Clostridium sporogenes.

MTOR 11-Methoxycurvularin (10381440) Bacillus sp.

Dihydrodaidzein (176907, HMDB0005760, Blautia producta, Bacillus sp., Clostridium sp.,

CHEBI:75842) Lactobacillus mucosae, Lactococcus sp.,

Glycocholic acid (10140, HMDB0000138, Bacteroides fragilis, Butyricicoccus pullicaecorum,

CHEBI:17687) Ruminococcus flavefaciens.

PIK3CA 11-Methoxycurvularin (10381440) Bacillus sp.

3-Hydroxyphenethyl alcohol (83404) Bifidobacterium.

Caffeic acid (689043, HMDB0001964, CHEBI:16433)  Bifidobacterium, Bifidobacterium animalis.

Dihydrodaidzein (176907, HMDB0005760, Blautia producta, Bacillus sp., Clostridium sp.,

CHEBI:75842) Lactobacillus mucosae, Lactococcus sp.,

Dihydroglycitein (101101166, CHEBI:174736) Eubacterium limosum.

Glycocholic acid (10140, HMDB0000138, Bacteroides fragilis, Butyricicoccus pullicaecorum,

CHEBI:17687) Ruminococcus flavefaciens.

Isoquercitrin (5280804, HMDB0037362, . . .

CHEBL:68352) Bacillus sp., Bacteroides sp., Eubacterium ramulus.
Bacteroides thetaiotaomicron, Bacteroidetes,
Bifidobacterium dentium, Bifidobacterium longum,
Blautia faecis, Clostridium asparagiforme, Clostridium

L6 Acetate (175, CHEBI:30089) pasteurianum, Clostridium scindens, Clostridium sp.

Butyrate (104775, CHEBI:17968)

Isoquercitrin (5280804, HMDBO0037362,
CHEBI:68352)

Propionate (104745, CHEBI:17272)

L2-50, Eubacterium limosum, Eubacterium ramulus,
Eubacterium rectale, Lawsonibacter asaccharolyticus,
Ruminococcus champanellensis, Succinivibrio
dextrinosolvens,

Butyricimonas synergistica, Butyricimonas virosa,
Clostridium, Clostridium butyricum, Clostridium
pasteurianum, Clostridium tyrobutyricum, Eubacterium
hallii, Eubacterium limosum, Eubacterium ramulus,
Eubacterium rectale, Faecalibacterium prausnitzii,
Firmicutes, Fusobacteriia, Lawsonibacter
asaccharolyticus, Prevotella copri, Roseburia
inulinivorans.

Bacillus sp., Bacteroides sp., Eubacterium ramulus.

Bacteroides, Bacteroides thetaiotaomicron, Eubacterium
limosum, Haemophilus parainfluenzae, Parasutterella
excrementihominis, Phascolarctobacterium succinatutens,
Propionibacterium avidum, Roseburia inulinivorans,
Ruminococcus bromii, Veillonella, Veillonella ratti.
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Table 2. Cont.

Hub Target Genes Gene Targeted Compounds and ID Target Microbes [19]

2,3-Dihydroxypropyl ” )

ERBB2 (E)-3-(3,4-dihydroxyphenyl)prop-2-enoate (5315606)  _1dobacteriurt
2-Hydroxy-3-(5-hydroxy-1H-indol-3-yl)propanoic .
acid (192215) Clostridium sporogenes.
3-Hydroxy-4-methoxybenzenepropanoic acid 1 . )
(2752054, HMDB0131138) Clostridium orbiscindens, Eubacterium ramulus.
4-Hydroxy-(3' 4’-dihydroxyphenyl)-valeric acid .
(52920332, HMDB0041679, CHEBI:137478) Lactobacillus plantarum.
5-(3,4-Dihydroxyphenyl)-valerolactone (45093073) Lactobacillus plantarum.
Caffeic acid (689043, HMDB0001964, CHEBI:16433) Bifidobacterium, Bifidobacterium animalis.
Ethyl phenyllactate, (-)- (9877619, HMDB0032618) Bacteroides caccae, Clostridium sp.
Hydroquinone (785, HMDB0002434, CHEBI:17594) gf{‘;f;fgflff ifidobacterium, Bifidobacterium longum,
Indole-3-lactic acid (92904, CHEBI:24813) Clostridium sporogenes.

PTGS2 (R)-3-(4-Hydroxyphenyl)lactate (9548632, Bacteroides caccae, Clostridium sp.

CHEBI:10980)

2-(4-Hydroxyphenyl)propionic acid, (2S)- (6971268)
2,3-Dihydroxypropyl
(E)-3-(3,4-dihydroxyphenyl)prop-2-enoate (5315606)
2-Hydroxy-3-(4-hydroxyphenyl)propanoic acid
(9378, HMDB0000755, CHEBI:17385)
2-Hydroxy-3-(5-hydroxy-1H-indol-3-yl)propanoic
acid (192215)
3-(3,4-Dihydroxyphenyl)-2-hydroxypropanoic acid
(439435, HMDB0003503, CHEBI:17807)
3-(3-Hydroxyphenyl)propanoic acid (91,
HMDB0000375, CHEBI:1427)
3-(4-Hydroxyphenyl)propionic acid (10394,
HMDB0002199, CHEBI:32980)
3,4-Dihydroxybenzoic acid (72, CHEBI:36062)
3,4-Dihydroxyphenylacetic acid (547,
HMDB0001336, CHEBI:41941)
3-Hydroxy-4-methoxybenzenepropanoic acid
(2752054, HMDB0131138)

3-Hydroxybenzoic acid (7420, HMDB0002466,
CHEBI:30764)

3-Hydroxyphenethyl alcohol (83404)
3-Phenylpropionic acid (107, CHEBI:28631)
4-Hydroxy-(3’ 4’-dihydroxyphenyl)-valeric acid
(52920332, HMDB0041679, CHEBI:137478)
4-Hydroxybenzoic acid (135, HMDB0000500,
CHEBI:30763)

4-Hydroxyphenylacetic acid (127, HMDB0000020,
CHEBI:18101)

Caffeic acid (689043, HMDB0001964, CHEBI:16433)
D-Lactic acid (61503, HMDB0001311, CHEBI:42111)
Ethyl phenyllactate, (-)- (9877619, HMDB0032618)
Isobutyric acid (6590, HMDB0001873, CHEBI:16135)
Isoquercitrin (5280804, HMDB0037362,
CHEBI:68352)

Leucine (6106, HMDB0000687, CHEBI:15603)
Phenolic acid (CHEBI:166890)

Phenylacetic acid (999, HMDB0000209,
CHEBI:30745)

Eubacterium ramulus.

Bifidobacterium,
Clostridium sporogenes.
Clostridium sporogenes.
Clostridium sporogenes.
Bifidobacterium.

Clostridium orbiscindens, Eubacterium ramulus.
Bacteroides sp.

Clostridium orbiscindens, Eubacterium ramulus,
Clostridium orbiscindens, Eubacterium ramulus,

Eubacterium.

Bifidobacterium.
Clostridium sporogenes

Lactobacillus plantarum.
Eubacterium.

Eubacterium ramulus,

Bifidobacterium, Bifidobacterium animalis.
Faecalibacterium prausnitzii

Bacteroides caccae, Clostridium sp.
Butyricimonas synergistica, Butyricimonas virosa

Bacillus sp., Bacteroides sp., Eubacterium ramulus.

Blautia, Faecalibacterium prausnitzii, Ruminococcus
Eubacterium ramulus.

Bifidobacterium.
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Bifidobacterium, Bifidobacterium longum, Clostridium

Dihydrocaffeic acid (348154, HMDB0000423, orbiscindens, Clostridium sporogenes, Eubacterium

CHEBI:48400) ramulus, Faecalibacterium prausnitzii, Lactobacillus
mucosae, Lactobacillus zeae.

Pipecolic acid (849, HMDB0000070, CHEBI:17964) Lactobacillus casei.

Proline (145742, HMDB0000162, CHEBI:17203) Blautia, Ruminococcus.

Quinic acid (6508, HMDB0003072, CHEBI:17521) Bifidobacterium animalis.

IGFIR 2-Amino-1-methyl-6-phenylimidazo[4,5-b] pyridine  Blautia obeum, Faecalibacterium prausnitzii,

(1530, CHEBI:76290) Lactobacillus reuteri.

3-(3,4-Dihydroxyphenyl)-2-hydroxypropanoic acid .

(439435, HMDB0003503, CHEBI:17807) Clostridium sporogenes

3-(3-Hydroxyphenyl)propanoic acid (91, o .

HMDB0000375, CHEBI:1427) Bifidobacterium.

3-(4-Hydroxyphenyl)propionic acid (10394, 1 . )

HMDB0002199, CHEBI:32980) Clostridium orbiscindens, Eubacterium ramulus.

3,4-Dihydroxybenzoic acid (72, CHEBI:36062) Bacteroides sp.

3,4-Dihydroxyphenylacetic acid (547, L. .. .

HMDB0001336, CHEBI:41941) Clostridium orbiscindens, Eubacterium ramulus,

3-Hydroxy-4-methoxybenzenepropanoic acid . . .

(2752054, HMDB0131138) Clostridium orbiscindens, Eubacterium ramulus,

3-Hydroxybenzoic acid (7420, HMDB0002466, Eubacterium

CHEBI:30764) '

4-Hydroxy-(3',4’-dihydroxyphenyl)-valeric acid .

(52920332, HMDB0041679, CHEBI:137478) Lactobacillus plantarum.

4-Hydroxybenzoic acid (135, HMDB0000500, Eubacterium

CHEBI:30763) '
Bifidobacterium, Bifidobacterium longum, Clostridium

Dihydrocaffeic acid (348154, HMDB0000423, orbiscindens, Clostridium sporogenes, Eubacterium

CHEBI:48400) ramulus, Faecalibacterium prausnitzii, Lactobacillus
mucosae, Lactobacillus zeae.

Dihydrodaidzein (176907, HMDB0005760, Blautia producta, Bacillus sp., Clostridium sp.,

CHEBI:75842) Lactobacillus mucosae, Lactococcus sp.,

Ethyl phenyllactate, (-)- (9877619, HMDB0032618) Bacteroides caccae, Clostridium sp.

Glutathione (124886, HMDB0000125, CHEBI:16856)  Bacteroides thetaiotaomicron.

Isoquercitrin (5280804, HMDB0037362, . . .

CHEBL:68352) Bacillus sp., Bacteroides sp., Eubacterium ramulus.

Phenolic acid (CHEBI:166890) Eubacterium ramulus.

RELA 2,3-Dihydroxypropyl Bifidobacterium.

(E)-3-(3,4-dihydroxyphenyl)prop-2-enoate (5315606)
Caffeic acid (689043, HMDB0001964, CHEBI:16433)

Bifidobacterium, Bifidobacterium animalis.

As per Lipinski’s rule of five, an orally administrated drug must have HBA < 10,

log P <5, HBD <5, and molecular weight (MW) < 500 Daltons [45]. Due to the vio-
lation of Lipinski’s rules, we rejected (20S)-protopanaxadiol, aglycone, beta-D-Gal-(1-
>4)-beta-D-GlcNAc-(1->3)-beta-D-Gal-(1->4)-D-Glc, and ginsenoside Rh2, as well as be-
cause of the violation of ADME properties, such as the plasma-protein binding prop-
erty. The level of plasma-protein binding impacts the drug’s effectiveness, clearance,
and possible interactions. Only the unbound fraction of the drug is prone to clearance
from the liver and is available for binding to the molecular target [46]. As such, we
rejected molecular candidates that did not have plasma-protein binding values below
<90%. Candidates rejected based on the criterion included 10-keto-12Z-octadecenoic
acid, 2,3-bis(3,4-dihydroxybenzyl) butyrolactone, 6,74 ,rihydroxyisoflavone, 6 -hydroxy-
O-desmethylangolensin, 8-prenylnaringenin, apigenin, arctigenin, chrysin, daidzein, de-
oxycholic acid, dihydrodaidzein, dihydroglycitein, equol, folic acid, genistein, glycitein,
hesperetin dihydrochalcone, kaempferol, naringenin, norathyriol, O-desmethylangolensin,
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palmitic acid, phloretin, protopanaxadiol, quercetin, and secoisolariciresinol. Finally, we
select 9 targets with 41 compounds for further analysis (Table 2, Supplementary S7).

3.6. Molecular Docking of a Bioactive Compound with Its Target

Molecular docking was used to examine the molecular interactions between the
kidney cancer and inflammation-related targets described above, as well as the SCFAs
that produce microbial metabolites. As a control, belzutifan (for kidney cancer) [47] and
levofloxacin (for kidney inflammation) [48] were used, and the critical active site residues
were flexibly maintained. The findings of the interaction were confirmed by the formation
of hydrogen bonds and the binding energy to the necessary active residues and ligands. In
molecular docking, we addressed the top nine targets for kidney cancer and inflammation.
Supplementary 5S4 relays information on the selected targets with ligands and the binding
affinity. Among all of the molecular docking results, the maximum binding energy was
observed to be —2.9 kcal/mol for kidney cancer and inflammation, whereas the minimum
binding energy was observed to be —9.5 kcal/mol. After analyzing the obtained binding
affinities, we obtained five targets (IGF1R, IL6, MTOR, PIK3CA, and PTGS2) for kidney
cancer and inflammation (Table 3). After evaluating the docking results, we predict that
2-amino-1-methyl-6-phenylimidazo (4,5-b) pyridine and isoquercitrin with IGF1R target;
isoquercitrin with IL6 target; 11-methoxycurvularin and glycocholic acid with MTOR
target; 11-methoxycurvularin, glycocholic acid, and isoquercitrin with PIK3CA target; and
isoquercitrin with PTGS2 target showed a lower binding affinity and better stability than
the control ligands.

Then, the results were visualized using Discovery Studio (Figure 5). We observed
the 3D interaction modes of SCFA microbial metabolites with the kidney cancer and
inflammation proteins targets.

We predict that the IGF1R target interacted with 2-amino-1-methyl-6-phenylimidazo
(4,5-b) pyridine via MET1082 (hydrogen bond), as well as LEU1005, VAL1013, LYS1033,
and MET1156 (other bonds), and showing a binding affinity of —7.4 kcal/mol. Another
compound, isoquercitrin interacted via MET1082, MET1156, and THR1083 (hydrogen
bond), as well as GLY1085, ARG1084, LEU1005, and SER1089 (other bonds), and with a
binding affinity of —7.9 kcal/mol. Meanwhile, belzutifan (control drug for kidney can-
cer) interacted via SER1089 (hydrogen bond), as well as LEU1005, ASP1086, MET1142,
MET1156, and VAL1013 (other bonds), with a binding affinity of —7.3 kcal/mol. Lev-
ofloxacin (control drug for kidney inflammation) interacted via LEU1005 (hydrogen bond),
as well as MET1156, VAL1013, and ILE1160 (other bonds), and also with a binding affinity
of —7.6 kcal/mol (Figure 5A, Table 3, Supplementary Figure S1A).

Then, the IL6 target interacted with isoquercitrin via ALA177, GLN114, GLY43, and
THR44 (hydrogen bond), as well as VAL94, GLU157, and PRO158 (other bonds), and with
a binding affinity of —7.9 kcal/mol, whereas both controls drugs showed the same binding
affinity. Such as, belzutifan (control drug for kidney cancer) interacted via ARG103, LEU4,
SER64, and TRP49 (hydrogen bond), as well as ALA99, LEU47, ARG103, and VAL100
(other bonds), and with a binding affinity of —7.5 kcal/mol, and levofloxacin (control drug
of kidney inflammation) interacted via HIS173 and LEU139 (hydrogen bond), as well as
SER141, GLY171, and PHE175 (other bonds), and with a binding affinity of —7.5 kcal/mol
(Figure 5B, Table 3, Supplementary Figure S1B).

Moreover, MTOR target interacted with glycocholic acid via TYR82 (hydrogen bod)
with a binding affinity of —6.5 kcal/mol, whereas, both controls drugs showed different
binding affinity. Such as, belzutifan (control drug for kidney cancer) interacted via GLU54
(hydrogen bond), as well as PHE46 (other bonds), with a binding affinity of —7.4 kcal /mol,
and levofloxacin (control drug of kidney inflammation) interacted via GLU54 (hydrogen
bond), as well as TYRS82, ILE56, and VALS55 (other bonds), with a binding affinity of
—6.3 kcal/mol (Figure 5C, Table 3, Supplementary Figure S1C).
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Table 3. Molecular docking simulation between five targets and their associated compounds.

Binging Hydrogen

Other Bonds Grid Box Center Dimension
Energy Bond

Targets Compound

2-Amino-1-methyl-6-
phenylimidazo(4,5-b) —7.4 MET LEU, VAL, LYS, MET
pyridine_CID_1530

Isoquercetin_COMPOUND x =74.703,
IGFIR _CID. 5280804 7.9 MET, THR GLY, ARG, LEU, SER  x=20.89, y =3.76, — 55.85,
Control_Belzutifan_Cancer z=4548 }z] =62.013
_CID. 117947097 —-7.3 SER LEU, ASP, MET, VAL
Control_levofloxacin__inflam-
mation_CID_149096 —76 LEU MET, VAL, ILE
Isoquercetin_CID_5280804 —-7.9 é]I:YA ,TCI;-?I;\I " VAL, GLU, PRO
L6 Belzutifan_Cancer_CID _75 ARG, LEU, ALA, LEU, ARG, x =16.06, y = 14.52, X i gig(;’g
117947097 : SER, TRP VAL 2=2237 A
levofloxacin__inflammation 2=26.
_CID._149096 —7.5 HIS, LEU SER, GLY, THR
2fap_Glycocholic
acid_COMPOUND_CID —6.5 TYR
10140
2fap_Belzutifan_Cancer
vror | -COM- 74 GLU PHE x=—645y=2163, X ZES’-Z?/
POUND_CID_117947097 z=43.68 y= i
2fap_levofloxacin__inflam- z=20
mation
_COM- —6.3 GLU TYR, ILE, VAL
POUND_CID_149096
5dxt.p_11-
Methoxycurvularin_ COMP- —8.2 GLN, SER VAL, GLU, PRO
OUND_CID_10381440
5dxt.p_Glycocholic
acid_COMP- -9.3 II\A/[SEI;F »GLU,
OUND_CID_10140 183 v=571 X =79.48,
PIK3CA  5dxt.p_Isoquercetin_CID _g4 GLN, LYN, ASP X - ;7 (')4 Py =974 y =96.48,
5280804 : SER, ASN = 7 =89.84
5dxt.p_Belzutifan__CID
117947097 —-7.3 ARG, HIS SER, PHE, LEU
5dxt.p_levofloxacin__inflam-
mation_COMP- —8.1 ARG, ASN GLU, LEU, GLN
OUND_CID_149096
5ikq.pp_Isoquercetin_ COMP-
OUND _CID 5280804 9.5 TYR, ASN PRO, CYS, ASP
5ikq.pp_Belzutifan_Cancer _
prasy  —COM- —9.1 QS\GI' GLN. " LEU, GLY, PHE x=27.15,y=3838, X~ zg-zgf
POUND_CID_117947097 z=41.79 y : 1 0;1 0/6
5ikq.pp_levofloxacin__inflam- 2=
mation_COMPOUND -9 CYS PRO, TYR, GLN
_CID_149096

In addition, PIK3CA target interacted with 11-methoxycurvularin via GLN682 and
SER464 (hydrogen bond), as well as VAL680, GLU135, and PRO466 (other bonds), with a
binding affinity of —8.2 kcal/mol. Then, glycocholic acid interacted with MET811, GLU259,
and ASP258 (hydrogen bod) with a binding affinity of —9.3 kcal/mol. Finally, isoquercitrin
interacted via GLN682, LYN678, SER464, ASN428 (hydrogen bond), and ASP133 (other
bonds) with a binding affinity of —8.4 kcal/mol, whereas belzutifan (control drug for kidney
cancer) interacted via ARG818 and HIS670 (hydrogen bond), as well as SER629, PHE666,
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and LEU755 (other bonds) with a binding affinity of —7.3 kcal/mol, and levofloxacin
(control drug of kidney inflammation) interacted via ARG683 and ASN428 (hydrogen
bond), as well as GLU135, LEU645, and GLN643 (other bonds), with a binding affinity of
—8.1 kcal/mol (Figure 5D, Table 3, Supplementary Figure S1D).

IGFIR

CID 149096

I’ s~ ¥
\ B }h. 3
| 94
CID 10140 CID 117947097 d CID 149096

Figure 5. Cont.
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PIK3CA

PTGS2

CID 52808804 CID 117947097 CID 149096

Figure 5. The 3D interactions of kidney cancer and inflammation-related targets with their related
SCFA-producing microbial metabolites and control (Belzutifan_ Cancer and Levofloxacin_ inflam-
mation). (A) (a) IGFIR with 2-amino-1-methyl-6-phenylimidazo(4,5-b) pyridine (CID 1530); (b) iso-
quercitrin (CID 5280804); (c) belzutifan (CID 117947097); (d) levofloxacin (CID 149096). (B) (a) IL6
with isoquercitrin (CID 5280804); (b) belzutifan (CID 117947097); (c) levofloxacin (CID 149096).
(C) MTOR with glycocholic acid (CID 10140); belzutifan (CID 117947097); levofloxacin (CID 149096).
(D) PIK3CA with 11-methoxycurvularin (a) (CID 10381440); (b) glycocholic acid (CID 10140); (c) iso-
quercitrin (CID 5280804); (d) belzutifan (CID 117947097); (e) levofloxacin (CID 149096). (E) PTGS2
with (a) isoquercitrin (CID 5280804), (b) belzutifan (CID 117947097), and (c) levofloxacin (CID 149096).

Finally, PTGS2 target interacted with isoquercitrin via TYR136 and ASN34 (hydrogen
bond), as well as PRO156, CYS36, PRO154, and ASP157 (other bonds), with a binding
affinity of —9.5 kcal/mol, whereas belzutifan (control drug for kidney cancer) interacted via
ARG376, GLN375, and ASN376 (hydrogen bond), as well as LEU224, GLY225, and PHE142
(other bonds), with a binding affinity of —9.1 kcal/mol. Levofloxacin (control drug of
kidney inflammation) interacted via CYS39 and CYS47 (hydrogen bond), as well as PRO156,
TYR136, PRO154, and GLN328 (other bonds), with a binding affinity of —9 kcal/mol
(Figure 5E, Table 3, Supplementary Figure S1E).

4. Discussion

According to epidemiological data for kidney cancer (KC) as a whole, renal cell carci-
noma (RCC) represents the vast majority (90%) of KC cases, with clear cell RCC (ccRCC;
70%), papillary RCC (pRCC; 10-15%), and chromophobe RCC (5%) being the most common
types [49]. Recently, research topics like kidney cancer are a major challenge for scien-
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tists. To address challenges like the lack of efficacy and the development of resistance to
single-targeted drugs, drug discovery frequently necessitates a system-level pharmacol-
ogy approach. Network pharmacology techniques are created and used more frequently
to identify new therapeutic possibilities and repurpose current medications [50]. To as-
sess the pharmacological significance of the primary target discovered using microbiome
analysis, we conducted a network pharmacology inquiry. Using data-driven analysis,
we investigated the interaction of kidney cancer and inflammation with gut microbiome
metabolites. Malnutrition, hypertension or hypotension, microinflammation, immune
system dysbiosis, and numerous oxidative stresses are frequently associated with kidney
illness and can all be treated with SCFAs [14]. SCFA-producing microbes also release
different types of metabolites. However, currently, there is a lack of information on the role
and interaction of gene targets with SCFA-producing microbial metabolites in regulating
kidney cancer and inflammation. To investigate such a novel hypothesis, we performed
several network pharmacology-based analyses. In this study, we analyzed SCFA-producing
microbial metabolites and disease-related targets to investigate SCFA-producing microbial
metabolites and disease networks.

During data collection, we selected microbes that produce SCFAs (177 different species,
114 metabolites, and 1890 gene targets from gutMgene [19]) and 13,104 disease targets from
the DisgeNET [20], Genecard [22], and OMIM [21] database platforms. For validation of the
data, we collected gene targets from three different platforms. Furthermore, we performed
PPI network analysis; the physical connections between proteins in a cell were mathemat-
ically modeled by PPI networks. These unique interactions between specified binding
sites in the proteins have a particular biological significance (i.e., they perform a particular
function) [51]; therefore, we found functionally correlated genes. For further validation,
we observed the RNA expression in different organs, and found a positive expression in
the urinary bladder and kidney (Figure 4E). Absorption, distribution, metabolism, and
excretion are together referred to as ADME. This group of characteristics is essential for
a drug molecule to be an acceptable drug candidate within the human body. The ADME
profile is affected by a number of variables, including physicochemical qualities, protein
binding, solubility, permeability, and inhibitory screening results. A drug’s probability of
success will also be significantly influenced by its ADME profile [52]. As a result, ADME
features were used to select potentially significant substances. Finally, we performed a
molecular docking simulation to predict possible targets. Due to its capacity to predict the
binding conformation of small molecule ligands to the proper target binding site, molecular
docking is one of the most widely utilized techniques in structure-based drug design. The
rational design of medications and understanding of the basic biological processes both
benefit greatly from the characterization of the binding behavior [53,54]. Therefore, after
PPI network analysis, RNA expression validation, ADMET properties screening, and molec-
ular docking simulation, we selected five (5) different targets (IGF1R, IL6, MTOR, PIK3CA,
and PTGS2) and four (4) different metabolites including different targets (isoquercitrin,
glycocholic acid, 11-methoxycurvularin, and 2-amino-1-methyl-6-phenylimidazo (4,5-b)
pyridine). Among our selected metabolites, isoquercitrin prevents the spread of blad-
der, pancreatic, and liver cancer. The main mechanisms are that isoquercitrin activates
caspase-3, -8, and -9; reduces the phosphorylation of ERK; and promotes the phosphory-
lation of c-Jun N-terminal kinase (JNK). Additionally, isoquercitrin blocks the cell cycle
in the G1 phase to promote the death of cancer cells through apoptosis [55-57]. Further,
isoquercitrin dramatically reduces the mRNA expression of proinflammatory factors such
as tumor necrosis factor-, interleukin (IL)-1, IL-6, monocyte chemoattractant protein-1,
and prostaglandin E synthase 2 (PTGES2). As a result, isoquercitrin serves as a possi-
ble pharmaceutical substitute for the treatment of diseases caused by inflammation [58].
Through our network pharmacology study, we found that the isoquercitrin compound can
be isolated from Bacillus sp., Bacteroides sp., and Eubacterium ramulus [19] SCFA-producing
microbes, and can be used to treat kidney cancer and inflammation-related diseases by
regulating PIK3CA, IL6, PTGS2, and IGFIR gene targets (Table 4). Another compound,
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glycocholic acid, was discovered to be a highly effective and secure anti-inflammatory
medication. It is a lead compound that can be utilized to treat an overactive immune
system [59]. We also found that glycocholic acid can be isolated from Bacteroides fragilis, Bu-
tyricicoccus pullicaecorum, and Ruminococcus flavefaciens [19] SCFA-producing microbes, and
can be used to treat kidney cancer and inflammation-related diseases through regulating
MTOR and PIK3CA targets (Table 4). Furthermore, 11-methoxycurvularin derived from
a fungal strain Penicillium sp. and acts as an anti-inflammatory compound that exhibits
strong inhibitory effects on nitric oxide (NO) and prostaglandin E, (PGE,), with ICs5j values
ranging from 1.9 to 18.1um, and also on ICsj values from 2.8 to 18.7 uM, respectively, in
RAW?264.7 cells induced by LPS [60]. In our study, we found that the 11-methoxycurvularin
compound could be isolated from Bacillus sp. SCFAs produce microbes [19] and can be
used to treat kidney cancer and inflammation-related diseases through regulating MTOR
and PIK3CA targets (Table 4). Finally, pathway analysis and gene—gene interactions show
that 2-amino-1-methyl-6-phenylimidazo[4,5-b] pyridine (PhIP) regulates STAT3-regulated
genes and starts leptin signaling through the JAK/STAT and MAPK pathway cascades.
PhIP can be isolated from Blautia obeum, Faecalibacterium prausnitzii, and Lactobacillus reuteri
SCFA microbes [19]. As a result of the many limitations and toxicity of this compound, it
cannot be used as a postbiotic compound [61]. However, further experiments need to be
conducted to confirm the role and relation of these compounds with the IGF1R target of
kidney inflammation and kidney cancer.

Table 4. Final targets, compounds, and microbial sources for kidney cancer and inflammation-related

diseases.
Final Target Gene Gene Targeted Compounds and ID Target Microbes [19]
MTOR 11-Methoxycurvularin (10381440) Bacillus sp.
Glycocholic acid (10140, HMDB0000138, Bacteroides fragilis, Butyricicoccus pullicaecorum,
CHEBI:17687) Ruminococcus flavefaciens.
11-Methoxycurvularin (10381440) Bacillus sp.
PIK3CA Glycocholic acid (10140, HMDB0000138, Bacteroides fragilis, Butyricicoccus pullicaecorum,
CHEBI:17687) Ruminococcus flavefaciens.
Isoquercitrin (5280804, HMDB0037362, ) ) )
CHEBI:68352) Bacillus sp., Bacteroides sp., Eubacterium ramulus.
Isoquercitrin (5280804, HMDB0037362, . . .
IL6 CHEBL:68352) Bacillus sp., Bacteroides sp., Eubacterium ramulus.
Isoquercitrin (5280804, HMDBO0037362, . . .
PTGS2 CHEBI:68352) Bacillus sp., Bacteroides sp., Eubacterium ramulus.
2-Amino-1-methyl-6-phenylimidazo[4,5-b] Blautia obeum, Faecalibacterium prausnitzii,
IGFIR pyridine (1530, CHEBI:76290) Lactobacillus reuteri.
Isoquercitrin (5280804, HMDB0037362, . . .
CHEBL:68352) Bacillus sp., Bacteroides sp., Eubacterium ramulus.

5. Conclusions

Our findings imply that a variety of microorganisms can offer crucial metabolites
against kidney cancer and disorders linked to inflammation. We found four typical micro-
bial metabolites along with five gene targets related to kidney cancer and inflammatory dis-
eases. SCFA-producing microbial metabolites, such as isoquercitrin, 11-methoxycurvularin,
and glycocholic acid, are involved in regulating kidney cancer and inflammation-related
diseases, and could be useful as postbiotics. Moreover, isoquercitrin with PIK3CA, IL6,
PTGS2, and IGFIR gene targets; 11-methoxycurvularin; and glycocholic acid with MTOR
and PIK3CA gene targets are all involved in controlling kidney cancer and diseases related
to kidney inflammation.

However, there are certain limitations on the amount of information that has been
assembled on the microbiome. Because of the limitations of bioinformatics and chem-
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informatics, we propose conducting additional preclinical or clinical experiments to confirm
these findings.
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GO and KEGG pathway analysis. Supplementary S6: PPI network analysis. Top 20 target selection.
Supplementary S7: ADME properties of selected compounds. Supplementary Figure S1: Molecular
docking analysis of selected compounds and targets showing different bond attractions between the
compounds and targets.

Author Contributions: M.R.K.: data analysis, analysis design, and writing the original manuscript;
M.N.M.: data analysis and writing the original manuscript; S.I.: editing and review; S.M.: review;
R.M.: editing; D.C.Y.: review and editing; Y.J.K.: grammar check, review, and editing, ].H.S.: review,
supervision, and editing; D.U.Y.: review and supervision. All authors have read and agreed to the
published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: All data generated or analyzed during this study are included in this
published article (and its Supplementary Information files).

Acknowledgments: We appreciate the work of the teams of Hanbangbio Inc., Yong-si 17104,
Gyeonggi-do, Republic of Korea. We also thanked ABIOME, 6, Jeonmin-ro 30 beon-gil, Yuseong-gu
34052, Daejeon, Republic of Korea for supporting our study.

Conflicts of Interest: We appreciate the work of the teams of Hanbangbio Inc., Yong-si 17104,
Gyeonggi-do, Republic of Korea.

References

1. Shi, J.; Wang, K.; Xiong, Z.; Yuan, C.; Wang, C.; Cao, Q.; Yu, H.; Meng, X,; Xie, K.; Cheng, Z.; et al. Impact of inflammation and
immunotherapy in renal cell carcinoma. Oncol. Lett. 2020, 20, 272. [CrossRef] [PubMed]

2. Sabarwal, A.; Kumar, K,; Singh, R.P. Hazardous effects of chemical pesticides on human health-Cancer and other associated
disorders. Environ. Toxicol. Pharmacol. 2018, 63, 103-114. [CrossRef] [PubMed]

3.  Chhikara, B.S.; Parang, K. Global Cancer Statistics 2022: The trends projection analysis. Chem. Biol. Lett. 2022, 10, 451.

4. Galdiero, M.R; Marone, G.; Mantovani, A. Cancer Inflammation and Cytokines. Cold Spring Harb. Perspect Biol. 2018, 10, a028662.
[CrossRef] [PubMed]

5. Kay, J.; Thadhani, E.; Samson, L.; Engelward, B. Inflammation-induced DNA damage, mutations and cancer. DNA Repair 2019,
83,102673. [CrossRef] [PubMed]

6. Ha, H.; Debnath, B.; Neamati, N. Role of the CXCL8-CXCR1/2 Axis in Cancer and Inflammatory Diseases. Theranostics 2017,
7,1543-1588. [CrossRef]

7. Brighi, N.; Farolfi, A.; Conteduca, V.; Gurioli, G.; Gargiulo, S.; Galla, V.; Schepisi, G.; Lolli, C.; Casadei, C.; De Giorgi, U. The
Interplay between Inflammation, Anti-Angiogenic Agents, and Immune Checkpoint Inhibitors: Perspectives for Renal Cell
Cancer Treatment. Cancers 2019, 11, 1935. [CrossRef] [PubMed]

8.  Nakamura, K.; Smyth, M.]. Targeting cancer-related inflammation in the era of immunotherapy. Immunol. Cell Biol. 2017,
95, 325-332. [CrossRef]

9. Hammers, H.J.; Plimack, E.R.; Infante, J.R.; Rini, B.I.; McDermott, D.F,; Lewis, L.D.; Voss, M.H.; Sharma, P; Pal, S.K.; Razak,
A.R.A,; et al. Safety and Efficacy of Nivolumab in Combination with Ipilimumab in Metastatic Renal Cell Carcinoma: The
CheckMate 016 Study. J. Clin. Oncol. 2017, 35, 3851-3858. [CrossRef]

10. Hsu, C.N,; Tain, Y.L. Chronic Kidney Disease and Gut Microbiota: What Is Their Connection in Early Life? Int. . Mol. Sci. 2022,
23,3954. [CrossRef]

11.  Yang, T.; Richards, E.M.; Pepine, C.J.; Raizada, M.K. The gut microbiota and the brain-gut-kidney axis in hypertension and
chronic kidney disease. Nat. Rev. Nephrol. 2018, 14, 442—456. [CrossRef] [PubMed]

12.  Hobby, G.P.,; Karaduta, O.; Dusio, G.F,; Singh, M.; Zybailov, B.L.; Arthur, ].M. Chronic kidney disease and the gut microbiome.

Am. ]. Physiol. Renal Physiol. 2019, 316, F1211-F1217. [CrossRef]


https://www.mdpi.com/article/10.3390/biom13111678/s1
https://www.mdpi.com/article/10.3390/biom13111678/s1
https://doi.org/10.3892/ol.2020.12135
https://www.ncbi.nlm.nih.gov/pubmed/33014151
https://doi.org/10.1016/j.etap.2018.08.018
https://www.ncbi.nlm.nih.gov/pubmed/30199797
https://doi.org/10.1101/cshperspect.a028662
https://www.ncbi.nlm.nih.gov/pubmed/28778871
https://doi.org/10.1016/j.dnarep.2019.102673
https://www.ncbi.nlm.nih.gov/pubmed/31387777
https://doi.org/10.7150/thno.15625
https://doi.org/10.3390/cancers11121935
https://www.ncbi.nlm.nih.gov/pubmed/31817109
https://doi.org/10.1038/icb.2016.126
https://doi.org/10.1200/JCO.2016.72.1985
https://doi.org/10.3390/ijms23073954
https://doi.org/10.1038/s41581-018-0018-2
https://www.ncbi.nlm.nih.gov/pubmed/29760448
https://doi.org/10.1152/ajprenal.00298.2018

Biomolecules 2023, 13, 1678 19 of 20

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

Al Khodor, S.; Shatat, L.E. Gut microbiome and kidney disease: A bidirectional relationship. Pediatr. Nephrol. 2017, 32, 921-931.
[CrossRef] [PubMed]

Li, L.; Ma, L.; Fu, P. Gut microbiota-derived short-chain fatty acids and kidney diseases. Drug Des. Devel. Ther. 2017, 11, 3531-3542.
[CrossRef]

Diaz Heijtz, R.; Wang, S.; Anuar, F; Qian, Y.; Bjorkholm, B.; Samuelsson, A.; Hibberd, M.L.; Forssberg, H.; Pettersson, S. Normal
gut microbiota modulates brain development and behavior. Proc. Natl. Acad. Sci. USA 2011, 108, 3047-3052. [CrossRef]
Vijay-Kumar, M.; Aitken, J.D.; Carvalho, EA.; Cullender, T.C.; Mwangi, S.; Srinivasan, S.; Sitaraman, S.V.; Knight, R.; Ley, R.E,;
Gewirtz, A.T. Metabolic syndrome and altered gut microbiota in mice lacking Toll-like receptor 5. Science 2010, 328, 228-231.
[CrossRef] [PubMed]

Uronis, ].M.; Miihlbauer, M.; Herfarth, H.H.; Rubinas, T.C.; Jones, G.S.; Jobin, C. Modulation of the intestinal microbiota alters
colitis-associated colorectal cancer susceptibility. PLoS ONE 2009, 4, e6026. [CrossRef]

De Filippo, C.; Cavalieri, D.; Di Paola, M.; Ramazzotti, M.; Poullet, ].B.; Massart, S.; Collini, S.; Pieraccini, G.; Lionetti, P. Impact of
diet in shaping gut microbiota revealed by a comparative study in children from Europe and rural Africa. Proc. Natl. Acad. Sci.
USA 2010, 107, 14691-14696. [CrossRef]

Cheng, L.; Qi, C,; Yang, H.; Lu, M,; Cai, Y.; Fu, T.; Ren, |.; Jin, Q.; Zhang, X. gutMGene: A comprehensive database for target genes
of gut microbes and microbial metabolites. Nucleic Acids Res. 2022, 50, D795-D800. [CrossRef]

Pifiero, J.; Ramirez-Anguita, ].M.; Satich-Pitarch, J.; Ronzano, F.; Centeno, E.; Sanz, E; Furlong, L.I. The DisGeNET knowledge
platform for disease genomics: 2019 update. Nucleic Acids Res. 2020, 48, D845-D855. [CrossRef]

Hamosh, A.; Scott, A.E.; Amberger, ]J.S.; Bocchini, C.A.; McKusick, V.A. Online Mendelian Inheritance in Man (OMIM), a
knowledgebase of human genes and genetic disorders. Nucleic Acids Res. 2005, 33, D514-D517. [CrossRef] [PubMed]

Stelzer, G.; Rosen, N.; Plaschkes, I.; Zimmerman, S.; Twik, M.; Fishilevich, S.; Stein, T.I.; Nudel, R.; Lieder, 1.; Mazor, Y.; et al.
The GeneCards Suite: From Gene Data Mining to Disease Genome Sequence Analyses. Curr. Protoc. Bioinform. 2016,
54,1.30.31-31.30.33. [CrossRef]

Warde-Farley, D.; Donaldson, S.L.; Comes, O.; Zuberi, K.; Badrawi, R.; Chao, P.; Franz, M.; Grouios, C.; Kazi, F.; Lopes, C.T.; et al.
The GeneMANIA prediction server: Biological network integration for gene prioritization and predicting gene function. Nucleic
Acids Res. 2010, 38, W214-W220. [CrossRef]

Ge, S.X,; Jung, D.; Yao, R. ShinyGO: A graphical gene-set enrichment tool for animals and plants. Bioinformatics 2020, 36, 2628-2629.
[CrossRef]

Zhou, Y.; Zhou, B.; Pache, L.; Chang, M.; Khodabakhshi, A.H.; Tanaseichuk, O.; Benner, C.; Chanda, S.K. Metascape provides a
biologist-oriented resource for the analysis of systems-level datasets. Nat. Commun. 2019, 10, 1523. [CrossRef]

Shi, L.; Yu, L.; Zou, F; Hu, H.; Liu, K,; Lin, Z. Gene expression profiling and functional analysis reveals that p53 pathway-related
gene expression is highly activated in cancer cells treated by cold atmospheric plasma-activated medium. Peer] 2017, 5, e3751.
[CrossRef]

Mi, H.; Muruganujan, A.; Huang, X.; Ebert, D.; Mills, C.; Guo, X.; Thomas, P.D. Protocol Update for large-scale genome and gene
function analysis with the PANTHER classification system (v.14.0). Nat. Protoc. 2019, 14, 703-721. [CrossRef]

Siki¢, M.; Tomi¢, S.; Vlahovicek, K. Prediction of protein-protein interaction sites in sequences and 3D structures by random
forests. PLoS Comput. Biol. 2009, 5, €1000278. [CrossRef]

Rao, VS,; Srinivas, K.; Sujini, G.N.; Kumar, G.N. Protein-protein interaction detection: Methods and analysis. Int. ]. Proteom. 2014,
2014, 147648. [CrossRef]

Zhou, G.; Soufan, O.; Ewald, J.; Hancock, RE.W,; Basu, N.; Xia, J. NetworkAnalyst 3.0: A visual analytics platform for
comprehensive gene expression profiling and meta-analysis. Nucleic Acids Res. 2019, 47, W234-W241. [CrossRef]

Tang, Y.; Li, M.; Wang, ]J.; Pan, Y.; Wu, EX. CytoNCA: A cytoscape plugin for centrality analysis and evaluation of protein
interaction networks. Biosystems 2015, 127, 67-72. [CrossRef] [PubMed]

Daina, A.; Michielin, O.; Zoete, V. SwissADME: A free web tool to evaluate pharmacokinetics, drug-likeness and medicinal
chemistry friendliness of small molecules. Sci. Rep. 2017, 7, 42717. [CrossRef] [PubMed]

Xiong, G.; Wu, Z,; Yi, ].; Fu, L,; Yang, Z.; Hsieh, C.; Yin, M.; Zeng, X.; Wu, C; Lu, A.; et al. ADMETlIab 2.0: An integrated online
platform for accurate and comprehensive predictions of ADMET properties. Nucleic Acids Res. 2021, 49, W5-W14. [CrossRef]
[PubMed]

Pires, D.E.V,; Blundell, T.L.; Ascher, D.B. pkCSM: Predicting Small-Molecule Pharmacokinetic and Toxicity Properties Using
Graph-Based Signatures. |. Med. Chem. 2015, 58, 4066—4072. [CrossRef] [PubMed]

Banerjee, P; Eckert, A.O.; Schrey, A.K,; Preissner, R. ProTox-II: A webserver for the prediction of toxicity of chemicals. Nucleic
Acids Res. 2018, 46, W257-W263. [CrossRef] [PubMed]

Benet, L.Z.; Hosey, C.M.; Ursu, O.; Oprea, T.I. BDDCS, the Rule of 5 and drugability. Adv. Drug Deliv. Rev. 2016, 101, 89-98.
[CrossRef]

Thul, PJ.; Lindskog, C. The human protein atlas: A spatial map of the human proteome. Protein Sci. 2018, 27, 233-244. [CrossRef]
Pallesen, J.; Wang, N.; Corbett, K.S.; Wrapp, D.; Kirchdoerfer, R.N.; Turner, H.L.; Cottrell, C.A.; Becker, M.M.; Wang, L.; Shi, W.
Immunogenicity and structures of a rationally designed prefusion MERS-CoV spike antigen. Proc. Natl. Acad. Sci. USA 2017,
114, E7348-E7357. [CrossRef]


https://doi.org/10.1007/s00467-016-3392-7
https://www.ncbi.nlm.nih.gov/pubmed/27129691
https://doi.org/10.2147/DDDT.S150825
https://doi.org/10.1073/pnas.1010529108
https://doi.org/10.1126/science.1179721
https://www.ncbi.nlm.nih.gov/pubmed/20203013
https://doi.org/10.1371/journal.pone.0006026
https://doi.org/10.1073/pnas.1005963107
https://doi.org/10.1093/nar/gkab786
https://doi.org/10.1093/nar/gkz1021
https://doi.org/10.1093/nar/gki033
https://www.ncbi.nlm.nih.gov/pubmed/15608251
https://doi.org/10.1002/cpbi.5
https://doi.org/10.1093/nar/gkq537
https://doi.org/10.1093/bioinformatics/btz931
https://doi.org/10.1038/s41467-019-09234-6
https://doi.org/10.7717/peerj.3751
https://doi.org/10.1038/s41596-019-0128-8
https://doi.org/10.1371/journal.pcbi.1000278
https://doi.org/10.1155/2014/147648
https://doi.org/10.1093/nar/gkz240
https://doi.org/10.1016/j.biosystems.2014.11.005
https://www.ncbi.nlm.nih.gov/pubmed/25451770
https://doi.org/10.1038/srep42717
https://www.ncbi.nlm.nih.gov/pubmed/28256516
https://doi.org/10.1093/nar/gkab255
https://www.ncbi.nlm.nih.gov/pubmed/33893803
https://doi.org/10.1021/acs.jmedchem.5b00104
https://www.ncbi.nlm.nih.gov/pubmed/25860834
https://doi.org/10.1093/nar/gky318
https://www.ncbi.nlm.nih.gov/pubmed/29718510
https://doi.org/10.1016/j.addr.2016.05.007
https://doi.org/10.1002/pro.3307
https://doi.org/10.1073/pnas.1707304114

Biomolecules 2023, 13, 1678 20 of 20

39.

40.

41.

42.

43.

44.

45.

46.

47.
48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Opo, EA.; Rahman, M.M.; Ahammad, F.; Ahmed, I.; Bhuiyan, M.A.; Asiri, A.M. Structure based pharmacophore modeling,
virtual screening, molecular docking and ADMET approaches for identification of natural anti-cancer agents targeting XIAP
protein. Sci. Rep. 2021, 11, 4049. [CrossRef] [PubMed]

Zhang, J.; Liu, X.; Zhou, W.; Cheng, G.; Wu, J.; Guo, S;; Jia, S.; Liu, Y.; Li, B.; Zhang, X.; et al. A bioinformatics investigation
into molecular mechanism of Yinzhihuang granules for treating hepatitis B by network pharmacology and molecular docking
verification. Sci. Rep. 2020, 10, 11448. [CrossRef]

Tian, W.; Chen, C,; Lei, X.; Zhao, J.; Liang, J]. CASTp 3.0: Computed atlas of surface topography of proteins. Nucleic Acids Res.
2018, 46, W363-W367. [CrossRef]

Kemmish, H.; Fasnacht, M.; Yan, L. Fully automated antibody structure prediction using BIOVIA tools: Validation study. PLoS
ONE 2017, 12, €0177923. [CrossRef] [PubMed]

Dallakyan, S.; Olson, A.]. Small-molecule library screening by docking with PyRx. Methods Mol. Biol. 2015, 1263, 243-250.
[CrossRef] [PubMed]

Trott, O.; Olson, A.]. AutoDock Vina: Improving the speed and accuracy of docking with a new scoring function, efficient
optimization, and multithreading. J. Comput. Chem. 2010, 31, 455-461. [CrossRef] [PubMed]

Lipinski, C.A.; Lombardo, E; Dominy, B.W.; Feeney, P.J. Experimental and computational approaches to estimate solubility and
permeability in drug discovery and development settings. Adv. Drug Deliv. Rev. 2001, 46, 3-26. [CrossRef] [PubMed]

Toutain, P.L.; Bousquet-Melou, A. Free drug fraction vs. free drug concentration: A matter of frequent confusion. J. Vet. Pharmacol.
Ther. 2002, 25, 460—463. [CrossRef]

Zhou, J.; Gong, K. Belzutifan: A novel therapy for von Hippel-Lindau disease. Nat. Rev. Nephrol. 2022, 18, 205-206. [CrossRef]
McGregor, J.C.; Allen, G.P,; Bearden, D.T. Levofloxacin in the treatment of complicated urinary tract infections and acute
pyelonephritis. Ther. Clin. Risk Manag. 2008, 4, 843-853. [CrossRef] [PubMed]

Bukavina, L.; Bensalah, K.; Bray, E; Carlo, M.; Challacombe, B.; Karam, J.A.; Kassouf, W.; Mitchell, T.; Montironi, R,;
O’Brien, T; et al. Epidemiology of Renal Cell Carcinoma: 2022 Update. Eur. Urol. 2022, 82, 529-542. [CrossRef]

Kibble, M.; Saarinen, N.; Tang, J.; Wennerberg, K.; Mikel4, S.; Aittokallio, T. Network pharmacology applications to map the
unexplored target space and therapeutic potential of natural products. Nat. Prod. Rep. 2015, 32, 1249-1266. [CrossRef] [PubMed]
Athanasios, A.; Charalampos, V.; Vasileios, T.; Ashraf, G.M. Protein-Protein Interaction (PPI) Network: Recent Advances in Drug
Discovery. Curr. Drug Metab. 2017, 18, 5-10. [CrossRef] [PubMed]

Balani, S.K.; Miwa, G.T; Gan, L.S.; Wu, ].T,; Lee, EW. Strategy of utilizing in vitro and in vivo ADME tools for lead optimization
and drug candidate selection. Curr. Top. Med. Chem. 2005, 5, 1033-1038. [CrossRef]

Kitchen, D.B.; Decornez, H.; Furr, ].R.; Bajorath, J. Docking and scoring in virtual screening for drug discovery: Methods and
applications. Nat. Rev. Drug Discov. 2004, 3, 935-949. [CrossRef]

Mostashari-Rad, T.; Arian, R.; Sadri, H.; Mehridehnavi, A.; Mokhtari, M.; Ghasemi, E.; Fassihi, A. Study of CXCR4 chemokine
receptor inhibitors using QSPR and molecular docking methodologies. J. Theor. Comput. Chem. 2019, 18, 1950018. [CrossRef]
Chen, F; Chen, X; Yang, D.; Che, X.; Wang, J.; Li, X.; Zhang, Z.; Wang, Q.; Zheng, W.; Wang, L.; et al. Isoquercitrin inhibits bladder
cancer progression in vivo and in vitro by regulating the PI3K/Akt and PKC signaling pathways. Oncol. Rep. 2016, 36, 165-172.
[CrossRef]

Chen, Q.; Li, P; Li, P; Xu, Y.; Li, Y.; Tang, B. Isoquercitrin inhibits the progression of pancreatic cancer in vivo and in vitro
by regulating opioid receptors and the mitogen-activated protein kinase signalling pathway. Oncol. Rep. 2015, 33, 840-848.
[CrossRef]

Huang, G,; Tang, B.; Tang, K.; Dong, X.; Deng, J.; Liao, L.; Liao, Z.; Yang, H.; He, S. Isoquercitrin inhibits the progression of liver
cancer in vivo and in vitro via the MAPK signalling pathway. Oncol. Rep. 2014, 31, 2377-2384. [CrossRef]

Lee, E.-H.; Park, H.-].; Jung, H.-Y.; Kang, I.-K.; Kim, B.-O.; Cho, Y.-]. Isoquercitrin isolated from newly bred Green ball aapple peel
in lipopolysaccharide-stimulated macrophage regulates NF-«B inflammatory pathways and cytokines. 3 Biotech 2022, 12, 100.
[CrossRef]

Ge, X.; Huang, S.; Ren, C.; Zhao, L. Taurocholic Acid and Glycocholic Acid Inhibit Inflammation and Activate Farnesoid X
Receptor Expression in LPS-Stimulated Zebrafish and Macrophages. Molecules 2023, 28, 2005. [CrossRef] [PubMed]

Ha, TM.; Ko, W,; Lee, S.J.; Kim, Y.-C.; Son, ]J.-Y.; Sohn, ].H.; Yim, J.H.; Oh, H. Anti-Inflammatory Effects of Curvularin-Type
Metabolites from a Marine-Derived Fungal Strain Penicillium sp. SF-5859 in Lipopolysaccharide-Induced RAW264.7 Macrophages.
Mar. Drugs 2017, 15, 282. [CrossRef] [PubMed]

Rogers, L.J.; Basnakian, A.G.; Orloff, M.S.; Ning, B.; Yao-Borengasser, A.; Raj, V.; Kadlubar, S. 2-amino-1-methyl-6-
phenylimidazo(4,5-b)pyridine (PhIP) induces gene expression changes in JAK/STAT and MAPK pathways related to
inflammation, diabetes and cancer. Nutr. Metab. 2016, 13, 54. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1038/s41598-021-83626-x
https://www.ncbi.nlm.nih.gov/pubmed/33603068
https://doi.org/10.1038/s41598-020-68224-7
https://doi.org/10.1093/nar/gky473
https://doi.org/10.1371/journal.pone.0177923
https://www.ncbi.nlm.nih.gov/pubmed/28542300
https://doi.org/10.1007/978-1-4939-2269-7_19
https://www.ncbi.nlm.nih.gov/pubmed/25618350
https://doi.org/10.1002/jcc.21334
https://www.ncbi.nlm.nih.gov/pubmed/19499576
https://doi.org/10.1016/S0169-409X(00)00129-0
https://www.ncbi.nlm.nih.gov/pubmed/11259830
https://doi.org/10.1046/j.1365-2885.2002.00442.x
https://doi.org/10.1038/s41581-022-00544-5
https://doi.org/10.2147/TCRM.S3426
https://www.ncbi.nlm.nih.gov/pubmed/19209267
https://doi.org/10.1016/j.eururo.2022.08.019
https://doi.org/10.1039/C5NP00005J
https://www.ncbi.nlm.nih.gov/pubmed/26030402
https://doi.org/10.2174/138920021801170119204832
https://www.ncbi.nlm.nih.gov/pubmed/28889796
https://doi.org/10.2174/156802605774297038
https://doi.org/10.1038/nrd1549
https://doi.org/10.1142/S0219633619500184
https://doi.org/10.3892/or.2016.4794
https://doi.org/10.3892/or.2014.3626
https://doi.org/10.3892/or.2014.3099
https://doi.org/10.1007/s13205-022-03118-1
https://doi.org/10.3390/molecules28052005
https://www.ncbi.nlm.nih.gov/pubmed/36903252
https://doi.org/10.3390/md15090282
https://www.ncbi.nlm.nih.gov/pubmed/28869509
https://doi.org/10.1186/s12986-016-0111-0
https://www.ncbi.nlm.nih.gov/pubmed/27547236

	Introduction 
	Materials and Methods 
	Target Gene Prediction of SCFAs Microbial Metabolites and Diseases (Kidney Cancer and Inflammation) 
	Target Gene Location in Chromosomes and Tissues 
	Analysis of Target Gene Pathways Using Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) Databases 
	Protein-Protein Interaction (PPI) Network Analysis of Targeted Gene 
	Analysis of the Physiochemical and ADMET Characteristics of Microbial Compounds 
	Validation of the Expression of the Hub Targets 
	Protein and Ligand Preparation 
	Binding Site Identification and Grid Box Generation 
	Molecular Docking Simulation 

	Results 
	Retrieve Metabolites and Potential Target Proteins Linked to Kidney Cancer and Kidney Inflammation 
	Distribution and Location of Genes 
	Gene Ontology and Pathway Analysis of Gene Targets 
	Screening of Hub Targets and PPI Network Construction 
	Physiochemical and ADMET Property Analysis of Lead Compounds That Control the Hub Targets Expression 
	Molecular Docking of a Bioactive Compound with Its Target 

	Discussion 
	Conclusions 
	References

