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Multiomics is a powerful technique in molecular biology that facilitates the identification of new associations
among different molecules (genes, proteins & metabolites). It has attracted tremendous research interest from the
scientists worldwide and has led to an explosive number of published studies. Most of these studies are based on
the regulation data provided in available databases. Therefore, it is essential to have molecular regulation data
that are strictly validated in the living systems of various cell lines and in vivo models. However, no database has
been developed yet to provide comprehensive molecular regulation information validated by living systems.
Herein, a new database, Molecular Regulation Data of Living System Facilitating Multiomics Study (REGLIV) is
introduced to describe various types of molecular regulation tested by the living systems. (1) A total of 2996
regulations describe the changes in 1109 metabolites triggered by alterations in 284 genes or proteins, and (2)
1179 regulations describe the variations in 926 proteins induced by 125 endogenous metabolites. Overall,
REGLIV is unique in (a) providing the molecular regulation of a clearly defined regulatory direction other than
simple correlation, (b) focusing on molecular regulations that are validated in a living system not simply in an in
vitro test, and (c) describing the disease/tissue/species specific property underlying each regulation. Therefore,
REGLIV has important implications for the future practice of not only multiomics, but also other fields relevant to
molecular regulation. REGLIV is freely accessible at: https://idrblab.org/regliv/

1. Introduction

[18–21,43]. Some databases provide many enzymatic reactions that are
the building blocks of the regulation network, such as HMDB [44],
KEGG [16] and BRENDA [45]. Some others provide numerous biological
pathways and corresponding biochemical reactions, such as KEGG [16],
MetaCyc [17] and Reactome [46]. Such reaction-based knowledge bases
help to lay the theoretical foundations for molecular network regulation
[18,47–49]. However, the practical regulation networks of different
tissues/species/diseases vary significantly [50–56] cannot be precisely
described by the simple integration of many reactions [57–59]. For
example, these databases describe that metabolite A generates metab
olite B via enzyme A. In a specific disease, alteration of enzyme A
(expression or activity) will lead to a change in metabolite A or B. In
HSV-1-infected host cells, argininosuccinate synthase (ASS1) knock
down could increase levels of aspartate [60]. In B lymphoma and

Multiomics is a powerful technique to identify new associations
among different biological molecules (such as genes, proteins and me
tabolites) [1–5]. It has guided a prevalent trend in biomedical and life
science research studies and led to an explosive number of published
studies [6–15]. Most of these studies are based on regulation data from
existing databases such as KEGG [16] and MetaCyc [17]. In other words,
this valuable regulation data lays the foundation of network analyses in
multiomics [18–23], which helps to construct bioinformatics tools
[24–33] and discovers novel mechanisms underlying the processes of
disease or physiology [34–42].
To date, a variety of popular databases have been constructed to
provide molecular regulation data for current multiomics studies
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Table 1
Statistics for the REGLIV database. MCTG: metabolite changes triggered genetically; GVIM: genetic variations induced by metabolite.
All Regulation Data
The MCTG Data
The GVIM Data

No. of Proteins/Genes

No. of Metabolites

No. of Regulations

No. of Species

No. of Diseases

No. of Tissues

No. of Cell Lines

1194
284
926

1180
1109
125

4175
2996
1179

16
12
8

113
66
49

57
41
41

142
81
70

Fig. 1. Two types of experimentally verified regulation data included in REGLIV. MCTG: metabolite changes triggered genetically; GVIM: genetic variations induced
by metabolite.

prostate cancer, upregulation of glutaminase (GLS1) levels induced by
c-myc produces an accumulation of glutamine [61]. In gliomas, iso
citrate dehydrogenase 1 (IDH1) mutations (R132H) produce 2-hydroxy
glutarate (wild-type IDH1 produces alpha-ketoglutarate not
2-hydroxyglutarate) [53]. In various diseases, alteration of enzymes
induced by mutations, reaction direction, or intracellular environment
can lead to a change in metabolite level, which is complicated and de
pends on these alterations. It is crucial to have regulation data that are
strictly validated in living systems of cell line or in-vivo model [62–73].
Existing databases ignore the disease-dependent changeable relation
ships of enzymes and metabolites and exclude associations with non
enzyme or nontransporter, such as transcription factors [74–76]. In
addition, increasing evidence indicates that metabolites can serve as
signaling molecules to regulate proteins, which is also a type of impor
tant association between proteins and metabolites [77–82]. Moreover,
the bioinformatics tools for multiomics are sophisticated with great care
taken for their reproducibility and false discovery [83–85]. The regu
lations tested by living systems can thus be adopted as golden standards
to verify the results of multiomics analysis [86]. To date, no database has
been constructed yet to provide such valuable molecular regulation
data.
Three key points should be included in a good database integrating
proteomics and metabolomics: (1) covering a wide range of protein
types; (2) considering the specificity of regulation in diseases; and (3)
including the regulation not only of protein to metabolite but also
metabolite to protein. Herein, a new database, Molecular Regulations of
Living Systems Facilitating Multiomics Study (REGLIV) is introduced to
describe two types of molecular regulation data tested by living systems.
First, the metabolite changes triggered genetically (MCTGs) yield the
regulations that showed the change of metabolite triggered by an

alteration of genes/proteins. Gene/protein alterations were introduced
by various state-of-the-art methods, such as CRISPR/Cas9-based gene
editing, RNA interference, and virus-mediated overexpression. Metab
olite change is quantified using different techniques based on mass
spectrometry and nuclear magnetic resonance. Second, the genetic
variations induced by metabolites (GVIMs) describe the regulation
showing the variation in proteins induced by endogenous metabolites.
These metabolites are introduced into diverse living systems, including
various cell lines and in-vivo models, and the induced protein variations
are assessed by dozens of methods, including immunoblotting, immu
nofluorescence,
electrophoresis,
northern
blotting,
reverse
transcription-polymerase chain reaction, and so on.
Overall, REGLIV is unique in (a) providing the molecular regulation
data for clearly defined regulatory directions other than by simple cor
relation, (b) focusing on the molecular regulations that are validated in a
living system rather than simply an in vitro test, (c) describing the dis
ease/tissue/species specific properties underlying each regulation.
Therefore, REGLIV has great implications for the future practice of not
only multiomics, but also other directions relevant to molecular regu
lation. The REGLIV database is freely accessible now by all users at:
https://idrblab.org/regliv/
2. Materials and methods
2.1. Collection of regulation data from various living systems
The data of metabolite changes triggered genetically (MCTG) and
genetic variations induced by metabolites (GVIM) in REGLIV were
collected from experiment-supported literature, including 2996 and
1179 items across diverse diseases, respectively. To obtain MCTG,
2
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Fig. 2. A list of search results for MCTG data. The general introduced variations include knockout, overexpression, deletion, inhibition, knockdown and mutation of a
protein. This page presents information that an introduced protein leads to a metabolite change in a disease.

comprehensive literature reviews were performed to confirm the
mechanism of each metabolite regulated by proteins by searching
PubMed using keyword combinations such as: ‘protein name’ +
metabolite, ‘protein name’ + metabolism, enzyme + metabolite, trans
porter + metabolite, transcription factor + metabolite, and so on. For
the GVIM data, corresponding regulation information was collected by
searching PubMed using keyword combinations such as: metabolite +
signaling pathway, signaling metabolite + pathway, metabolism +
pathway, glycometabolism + signaling, and lipid metabolism +
signaling pathway. In particular, the REGLIV recorded the protein/gene
name, metabolite name, method for inducing protein variation, exper
imental design, changes in protein/metabolite, disease, species, organ,
and subcellular location of the MCTG and GVIM data. Overall, the
REGLIV is a powerful database supporting users for trans-omics studies,
especially those related to dynamic simulation [87–93] and machine
learning techniques [94–105].

2.2. Detailed description on each molecular regulation in living system
For each regulatory protein, detailed supplementary information,
such as Synonyms, Gene Name, Gene ID, UniProt ID, Family, Sequence,
Structure, Function from NCBI-gene [106], UniProt [107], KEGG [16],
BRENDA [45], and PDB [108], is provided. For each regulatory
metabolite, detailed supplementary information, such as Synonyms,
Source, Structure Information, Physicochemical Property, HMDB ID
[44], PubChem ID [109], MMEASE ID [110], KEGG ID [16], ChEBI ID
[111], DrugBank ID [112] and FooDB ID [113], is provided. Moreover,
the regulatory network for each molecule (protein or metabolite) was
provided together with its neighbors. By clicking each molecule, REGLIV
will give the corresponding information of that molecule together with
its secondary and tertiary nodes. The network makes it easy to read the
functions and involved pathways for each leading molecule. All data are
publicly available for download from the official website of REGLIV.

3

S. Zhang et al.

Computers in Biology and Medicine 148 (2022) 105825

Fig. 3. A typical page for presenting MCTG data. The upper part presents the general data of the studied protein (such as synonym, gene name, gene ID, UniProt ID,
and functional family); the lower part shows a list of metabolites that are regulated by the studied protein.

3. Results

regulation was recorded with detailed supplementary data supported by
the literature, such as introduced variation and induced change in pro
tein/gene/metabolite, tissue, cell line, organelle, and experimental
method.
Furthermore, all regulations collected in REGLIV can be divided into
two types (Table 1). One is the metabolite changes triggered genetically
(MCTG), and the other is genetic variations induced by metabolites
(GVIM). For the MCTG data, 2996 regulations among 284 proteins/
genes and 1109 metabolites were collected, describing the variations in
metabolites induced by certain proteins/genes in specific living systems
(this regulation may only exist in this living system or disease indication,
and on data on this regulation have been reported from other living
systems). For GVIM data, 1179 regulations among 926 proteins/genes
and 125 metabolites are described in REGLIV. REGLIV unprecedentedly
contains regulatory information that a certain metabolite can regulate
proteins/genes by inducing variations in expression, activity, structure,

3.1. Statistics for the newly developed REGLIV database
In the REGLIV database, a total of 4175 regulations (Table 1) among
1194 proteins/genes and 1180 metabolites were manually curated
based on systematic literature reviews. Particularly, these proteins/
genes are from 103 functional families, and 67% of those families are not
enzyme-related, for example, G protein-coupled receptor rhodopsin,
sodium:neurotransmitter symporter, interleukin, transcription factor,
voltage-gated ion channel. This diverse family coverage is different from
those existing databases focusing primarily on enzymatic reactions [16,
17,44–46]. Moreover, the metabolites collected in REGLIV are from 72
classes defined by HMDB [44], and all regulations are validated in
diverse living systems (including 142 cell lines and various model or
ganisms) and 113 disease classes defined by WHO ICD-11 [114]. Each
4
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the protein SNAIl as an example), the upper section presents the general
information for this particular protein, including Synonyms, Gene
Name, Gene ID, UniProt ID, Family, Sequence, Structure, and Functions,
some of which are linked to associated-databases (such as NCBI Gene,
UniProt, and PDB); the lower section provides a list of metabolites
regulated by this protein, in which each of the MCTG items describe
specifics of how the SNAIl protein regulates each metabolite. For
example, one item records that the SNAIl protein could negatively
regulate lactic acids (Fig. 4). As reported, the knockdown of SNAIl leads
to an increase in lactic acid levels in breast cancer patients. Moreover,
detailed information can be further retrieved by clicking the ‘Experim
Info’ button, which provides the ICD-11 disease data (Breast Cancer:
2C60) and specific cell lines (MDA-MB-231 cells) with 1H NMR
spectroscopy-based metabolomics experiments.
3.3. Genetic variations induced by metabolites (GVIM)
With the development of proteomics [117–119] and metabolomics
technology [110,120,121], metabolites have been found to be signaling
molecules that participate in protein-directed signaling pathways,
including anti-inflammation [77], autoimmunity [82], and
epithelial-to-mesenchymal transition [122]. Some metabolite-induced
protein/gene regulation has been reported to be closely related to dis
ease occurrence, cellular processes and physiological activity. Thus, the
REGLIV includes considerable experimentally verified data on the ge
netic variations induced by metabolites (GVIM) [123] across diverse
diseases/tissues/species from many publications, aiding researchers
who work on the roles of metabolites in protein/gene-directed signaling
transduction. Particularly, the GVIM data includes 1779
experimentally-verified regulations between 125 metabolites and 926
proteins (Fig. 1). All metabolites, proteins and genes are classified into a
family, and users can select their preferred family from a dropdown list.
For example, users who are interested in the roles of amino acids in
signaling transduction can choose ‘amino acids, peptides, and ana
logues’ to find a particular amino acid-based metabolite (glutamine,
arginine, and so on). Users who are interested in glucose-related GVIM
can select the ‘carbohydrates and carbohydrate conjugates’. Users who
study fatty-related GVIM can use the ‘fatty acid esters’, ‘fatty acids, and
conjugates’, ‘fatty acyl thioesters’ or ‘‘fatty alcohols’’ to find their
intended information.
A variety of GVIM data can be retrieved by searching metabolites,
proteins, diseases, and species, for which a brief regulation page is
presented (Fig. 5). The data provided on this page include metabolite
variations, protein changes, directed regulation summary, and ICD-11
disease. The types of metabolite-introducing variation include
decrease, addition, and absence. The user can be redirected to detailed
regulation pages by clicking the buttons of metabolite (red) or protein
(blue). On each page, detailed information about each metabolite and
protein is presented. Taking the arginine-related GVIM page as an
example (Fig. 6), the upper part provides a general description of argi
nine, such as synonyms, source, structure type, PubChem CID, HMDB ID,
formula, and both 2D & 3D structures. In particular, this metabolite is
classified in REGLIV as ‘endogenous’, ‘drug metabolite’, ‘bacteria
metabolite’, ‘yeast metabolite’, ‘toxin/pollutant’, ‘cosmetics’, ‘food ad
ditives’, ‘ingredients of traditional medicine’, and so on. Such infor
mation is valuable for researchers who work on metabolite-related
studies, and can provide a good data basis for researchers working on
disease diagnosis [124–126]. The lower part shows the full list of pro
teins from various functional families regulated by this metabolite.
These families included chaperones (CCT3 & CCT8), isomerases (PDIA3,
TPI1, etc.), lyases (ENO1, ALDOA, etc.), and so on. As shown in Fig. 7, a
decrease in arginine can lead to the indirect inhibition of ASS1 expres
sion in leiomyosarcoma. An experiment page will provide disease ICD
(Leiomyosarcoma: 2B58), cell line name (SKLMS-1 cells), and experi
mental method (capillary western system).

Fig. 4. An example of the mechanism illustration of MCTG data. Inhibition of
SNAIl leads to an increase in lactic acid levels, which makes this MCTG an
indirect one, since many other proteins, metabolites and pathways are involved
in this regulation.

and so on. Such regulation data have been frequently reported in recent
publications [77,79–82], which would emerge to be the key data
analyzable in future multiomics-related studies.
3.2. Metabolite changes triggered genetically (MCTG)
REGLIV collected comprehensive data on experimentally-verified
metabolite changes that are genetically triggered (MCTG) [80]. As
shown in Fig. 1, MCTG data are explicitly presented by disease classes
that are defined based on ICD-11, tissues, cell lines, organelles, experi
mental methods and other factors. Based on the definitions in both the
Pfam [115] and HMDB [44] databases, all the proteins and metabolites
are explicitly classified. Compared with existing databases, the pro
teins/genes collected in REGLIV not only focus on enzymes and trans
porters [45,116], but also cover diverse families (including transient
receptor, nuclear hormone receptor, interleukin, transcription factor,
myosin-kinesin, voltage-gated ion channel, and others). Moreover, all
the metabolites in REGLIV are systematically classified into ‘Superclass’,
‘Subclass’, and ‘Class’ based on the HMDB metabolite taxonomy system
[44]. Particularly, the MYC-related MCTG data can be found under the
protein family of ‘transcription factor’; the mGluR2-relevant MCTG data
can be identified by searching the protein family of ‘GPCR glutamate’;
the glutamine-related MCTG can be retrieved using the metabolite Su
perclass of ‘amino acids, peptides and analogues’; the resolvin
D1-relevant MCTG can be identified by selecting the metabolite Super
class of ‘fatty acids and conjugates’.
A variety of MCTG data are presented in this database, which allows
the searching of proteins, metabolites, diseases, and species. The
induced changes in proteins/genes can be divided into many types,
including knockout, overexpression, deletion, inhibition, knockdown,
mutation, and others (Fig. 2). In particular, the knockout, deletion, in
hibition, and knockdown of a specific protein can result in a decrease in
its expression or activity. As shown in Fig. 2, since the protein mutation
presents a complicated function for signal transduction, an upward
arrow in a mutated protein indicates that such a mutation leads to an
increase in protein expression or activity, and a downward arrow in a
mutated protein indicates that the mutation leads to a decrease in pro
tein expression or activity. Some mutations with the label of ‘M’ indicate
that the mutation does not clearly yield changes in the protein expres
sion or activity.
In a specific page describing MCTG data (as shown in Fig. 3, taking
5
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Fig. 5. A list of search results for GVIM data. The general introduced variations include decrease, addition, and absence of the metabolite. This page presents data
that an introduced metabolite variation leads to a protein change in a disease.

3.4. Molecular regulation network explicitly described in REGLIV

ACTR1B), two calcium-binding proteins (RCN3 and SDF4), two amino
acid/polyamine transporters (SLC38A2 and SLC38A4), two cell division
cycle proteins (CDC20 and CDC123), one annexin (ANXA6), one ATPbinding cassette (ABCF3), etc. It also indicates that the glutamine is
actively involved in multiple processes of actin cytoskeleton amino acid
transport, the cell division cycle, and energy metabolism.
As shown in Fig. 4, the knockdown of SNAIL1 leads to an increase in
lactic acid levels in MDA-MB-231 breast cancer cells, which may occur
in the cytoplasm and nucleus. This regulation is indirect and occurs
through another protein, PFKP, via glycolysis, which denotes SNAIL1 as
a regulator of glycol metabolism and hints at similar mechanisms
probably in other cancer types. As shown in Fig. 7, arginine starvation
causes an increase of ASS1 expression in the cytoplasm and nucleus of
leiomyosarcoma SKLMS-1 cells, which also implies the possibility of the
mechanism in other starvation conditions and in leiomyosarcoma. Thus,
REGLIV is unique in providing guidance and a reference for the same or
similar molecular mechanisms in similar models or diseases.
Dr. Frances H Arnold was awarded the 2018 Nobel Prize in Chem
istry for ‘harnessing the power of evolution’. The technology created

To illustrate the complex regulatory networks among genes, pro
teins, and metabolites, REGLIV also provides an explicit description of
(1) one regulatory network connecting a metabolite with its related
proteins (Fig. 8) and (2) another regulatory network linking the protein/
gene with its related metabolites (Fig. 9). Generally, the network shows
a predominant metabolite related to a variety of proteins, or a leading
protein linking to a number of metabolites. As shown in a SNAI1centered regulatory network of Fig. 8, thirteen metabolites were con
nected to this protein, which included one nucleotide analogue, nine
organic acids (creatine, formic acid, glutamic acid, glycine, lactic acid,
proline, taurine, tyrosine, valine), two organic nitrogen compounds
(choline, phosphorylcholine), one organic oxygen compound (myoInositol), etc. This result indicates that SNAI1 is involved in the syn
thesis/degradation processes of nucleotides, organic acids, organic ni
trogen, and organic oxygen compounds. As illustrated in the asparaginecentered regulatory network shown in Fig. 9, various proteins are linked
to glutamine, including four actins (ACTB, ACTBL2, ACTG2 and
6
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Fig. 6. A typical page for presenting GVIM data. The upper part presents the general data of the studied metabolite (such as synonym, classification, formula, and
structure); the lower part shows a list of proteins that are regulated by the studied metabolite.
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Fig. 7. An example of the mechanism illustration of GVIM data. Reduction of
arginine leads to an increase in protein ASS1, which makes this GVIM an in
direct one, since several other proteins and cellular processes are involved in
this regulation.
Fig. 9. A typical metabolite-centered regulatory network illustrated in REGLIV.
All proteins in this network are grouped into specific classes.

4. Discussion
Multiomics, integrating two or more omics datums, has become a
popular research trend and has promoted further molecular mechanism
understanding, diagnosis and treatment of diseases [1–5,127,128].
Central Dogma, ‘DNA makes RNA, and RNA makes proteins’, connects
DNA, RNA and protein, i.e., genomics, transcriptomics, and proteomics.
Combined with some established theories, such as that DNA methylation
restrains gene expression, transcription factors generally promote gene
transcription, and miRNAs inhibit gene expression, other branches of
omics have been well linked to the mainstream three. However,
although the relationship between these omics and metabolomics is well
established, existing evidence [16,17,44–46] that enzymes catalyze the
production of metabolites and transporters import and export them is
insufficient to completely link proteins and metabolites in different
diseases. To overcome this challenge, our established database REGLIV
collected more than 4000 experiment-validated regulations between
proteins (including enzymes, transporters, transcription factors, ligands,
etc.) and metabolites, which is a good platform to connect proteomics
and metabolomics for understanding the mechanism of diseases. In
addition, we collected associations where metabolites regulate proteins,
which has been a research hotspot in the field of metabolic disease and
cancer research [77–82]. In addition, the fact that the 2018 Nobel Prize
in Chemistry was awarded for ‘harnessing the power of evolution’ also
implies that the considerable data in REGLIV demonstrating mutated
protein producing aberrant metabolites will be an available source for
application in synthetic biology and industry. Conclusively, we have
constructed a large knowledge base containing molecular regulations
between proteins and metabolites in specific diseases/tissues/species
that will facilitate multiomics research.
However, although our data are experimentally validated in the
literature, covering proteins and metabolites in all known molecular
regulations is insufficient because actual metabolite-regulated proteins
or protein-regulated metabolites are still under study, and the number is
increasing. Even though our database contains more than 4000 proteinmetabolite regulations, this is many fewer than the real proteinmetabolite regulations in a living system. Future work may consider
using a machine learning method to predict accurate protein-metabolite

Fig. 8. A typical protein-centered regulatory network illustrated in REGLIV. All
metabolites in this network are grouped into specific classes.

new enzymes to generate available products for industries by controlling
their directed evolution. Thus, various mutated enzymes were collected
and included in REGLIV (Fig. 2) for some diseases especially cancers,
which showed a novel metabolic mechanism. For example, the R132H
mutation of IDH1 and R172K mutation of IDH2 lead to an increase in 2hydroxyglutarate, which probably implies that a directed mutation on
IDH1/IDH2 may be applicable for producing 2-hydroxyglutarate. Other
examples included the following: (1) the mutation (p.277-279 HVA >
QLS) of SLC2A2 leads to the increase of 2-deoxyglucose, (2) the muta
tion (nonsense mutations or missense mutations leading to a KMT2D
loss) of L2HGDH leads to an increase in serine; and (3) the mutation
(L14A & L15A or L318A & V319A) of SLC15A4 results in an elevation of
histidine. Therefore, >400 mutation-based regulation data in REGLIV
will benefit researchers who work in the fields of synthetic biology and
enzyme engineering.
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regulation in specific diseases, which may provide more information on
valuable protein-metabolite regulations to support multiomics research.
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5. Conclusion
In this study, a new database, molecular regulations of a living sys
tem facilitating multiomics study (REGLIV), was introduced to describe
different types of molecular regulation tested by living systems. First, a
total of 2996 regulations describe the changes in 1109 metabolites
triggered by the alterations of 284 genes or proteins, and second, a total
of 1179 regulations describe the variations in 926 proteins induced by
125 endogenous metabolites. As a result, this newly constructed data
base is unique in (a) providing the molecular regulation data for a large
number of clearly defined regulatory directions other than by simple
correlation, (b) focusing on the molecular regulations that are validated
in a living system rather than simply in an in vitro test, and (c) describing
the disease/tissue/species specific properties underlying each regula
tion. Therefore, REGLIV has great implications for the future practice of
not only multiomics but also other directions relevant to molecular
regulation. Our database is freely accessible now by all users at: https://
idrblab.org/regliv/
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