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summary

Differentially expressed genes can serve as drug targets and are
used to predict drug response and disease progression. In silico drug
analysis based on the expression of these genetic biomarkers allows
the detection of putative therapeutic agents, which could be used to
reverse a pathological gene expression signature. Indeed, a set of
bioinformatics tools can increase the accuracy of drug discovery,
helping in biomarker identification. Once a drug target is identified,
in vitro cell line models of disease are used to evaluate and validate
the therapeutic potential of putative drugs and novel natural mole-
cules. This study describes the development of efficacious PCR prim-

Introduction

The post-genomic era is marked by several discoveries
in the discipline of molecular medicine that have enabled
the recognition of disease-related genes and the subse-
quent development of targeted therapeutic strategies.
Next generation RNA sequencing clearly demonstrates
that genes do not function alone, but rather constantly
interact with each other. These genetic interactions are
crucial for regulating gene expression, and downstream
biochemical, and signal transduction pathways [1, 2].
Genes that function in the same biological pathway are
regulated by the same transcription factors and tend to
show similar expression levels under a particular stimu-
lus [3]. Networking amongst genes can be identified by
pathway and network analysis models [4]. The topology
of the networks is used to predict gene expression under
different circumstances. For instance, under a particu-
lar environmental condition the expression of a central
or ‘hub gene’ that acts as a transcription regulatory fac-
tor helps determine the expression of the genes that are
regulated by it [5-7]. This means that this regulatory
gene is acting as a switch to control the expression of
its interacting genes. On the other hand, gene network
connections might represent a set of genes activated in a
particular pathway by a biological process or pathogenic
condition, termed gene expression signatures [8]. These
signatures indicate a difference in cellular activity and
depict the interchange of different biological pathways.
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ers that can be used to identify gene expression of specific genetic
pathways, which can lead to the identification of natural molecules
as therapeutic agents in specific molecular pathways. For this study,
genes involved in health conditions and processes were considered.
In particular, the expression of genes involved in obesity, xenobiotics
metabolism, endocannabinoid pathway, leukotriene B4 metabolism
and signaling, inflammation, endocytosis, hypoxia, lifespan, and
neurotrophins were evaluated. Exploiting the expression of specific
genes in different cell lines can be useful in in vitro to evaluate the
therapeutic effects of small natural molecules.

The gene expression signatures and contrasting networks
can explain how aberrations in gene-gene and gene-en-
vironment interactions result in pathological conditions
[3]. Consequently, one of the most powerful uses of high
throughput genomic, transcriptomic, proteomic, and
metabolomics data is the unravelling of the mechanisms
underlying diseases by comparing biological pathways
in control versus disease states [9]. This makes clear the
importance of pathway analyses in deciphering the eti-
ology of a specific disease, in the identification of poten-
tial biomarkers, and in targeted drug discovery [9, 10].

BIOLOGICAL PATHWAYS FROM A BIOINFORMATICS
VIEWPOINT

Biological pathways include are a set of genes or mol-
ecules that act in a synergistic fashion to accomplish a
biological function. Biological pathways play a vital
part in the advancement and survival of an organism and
failure in functioning of a pathway results in the onset
of disease [11]. Based on the cellular requirements at a
particular time, the products of a pathway can manifest
differently as structural or functional responses.
Biological pathways can be broadly categorized into
metabolic, genetic and cell signalling pathways. These
pathways interact with one another, forming a network
of interconnected pathways that deal with complex cel-
lular functions and with the regulation of gene expres-
sion [12, 13].
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Biologic pathway analysis integrates gene ontology
and pathway structure information to identify pathways
whose activation/inactivation is linked with a specific
condition or disease. This makes pathway analysis an
important tool in deciphering mechanisms underlying a
disease and consequent drug discovery [9, 12]. In fact, it
is now clear that complicated diseases are a consequence
of dysregulated pathways rather than the dysregulated
expression of an individual gene. In fact, a variety of
gene pathways may combine to manifest the same con-
dition [14]. In such cases, responses to these disorders
are expected to ultimately affect the same cellular sys-
tem [14]. Pathway-centric models are fundamental in
figuring out the mechanisms of complicated diseases
and recognition of candidate drug targets. Pathway-cen-
tric models represent pathways as graphs of circles or
nodes, where larger nodes denote pathways with larger
numbers of components, and edges between nodes sym-
bolize interaction between the different pathway nodes
[15].

PATHWAY ANALYSIS METHODS AND DATABASES

Differential expression (DE) of genes in experiments
comparing two situations — such as two phenotypes,
two drugs, two states (control vs disease; treated vs un-
treated) — and subsequent statistical analysis approaches
such as ANOVA [16], t test [17], or Z scores [18] can
help identify the genes or set of genes that contribute
to the development of a particular phenotype. However,
as genes are not expressed alone and are under the con-
trol of several regulatory elements, the identification of
genes alone cannot elucidate the mechanisms of complex
diseases; therefore, knowledge obtained from the DE of
genes is studied in the context of information obtained
from pathway databases. Pathway analysis coupled with
data obtained from DE of genes helps to decipher the
mechanisms underlying a particular condition and to
identify which pathways are significantly affected. Sev-
eral studies have reported the use of pathway databases
to identify genetic markers, gene signatures, and mech-
anisms of complex diseases (Tab. I). Important pathway
databases used in studying genetic, signalling, and met-
abolic pathways are presented in Table II. In addition to
pathway analysis, network analysis is also carried out
to see the interactions between various gene networks
which are analyses collected from distinct populations,
conditions, or groups [19].

ALTERED EXPRESSION OF SPECIFIC GENES AS
BIOMARKERS AND THEIR EXPLOITATION AS
THERAPEUTIC TARGETS

Biomarkers are biological molecules that act as indi-
cators of normal or pathological processes or pharma-
cological responses to a directed therapeutic [41]. In
addition, biomarkers are used in screening for disease,
as diagnostic and prognostic factors, and for selecting
patient-specific therapy. Biomarkers are also useful in
evaluating the effect of drugs administered to patients or
to cell lines for therapeutic and experimental purposes,
respectively. Biomarkers must be reliable and reproduc-

Tab. I. Examples of diseases identified by different methodologies
of pathway analysis.

Disease Software References

Glioblastoma TRED database, eQTL (5]

multiforme mapping

Alzheimer’s

disease WebGestalt 1201

Olfactory .

behaviour R spider 211

Esophageal )

squamous cell :_CgsglEF;athvvay server with [22]

carcinoma

White adipocyte | GO analysis; KEGG pathway (23]

insulin resistance | analysis

Biliary cirrhosis LRT and i-GSEA4GWAS [24]
Combined outcomes of

Bladder cancer GSEA and ARTP [25]

Bipolar disorder | IPA and GSEA-SNP [26]

Major depressive - )

disorder GSEA and statistical analysis 1271
ICSNPathway server

, ) with i-GSEA, MAGENTA,

Schizophrenia | | \GATOR, INRICH and Set (28, 291
Screen

Coronary heart ,

disease VSEA in GWAS [301

TRED: Trascriptional Regulatory Element Database; eQTL: expression
Quantitative Trait Loci; ICSNPathway: Identifiy candidate Causal SNPs and
Pathways; i-GSEA: Gene Set Enrichment Analysis; GO: Gene Ontology;
KEGG: Kyoto Encyclopedia of Genes and Genomes; LRT: Likelihood Ratio
Test; GWAS: Genome-Wide Association Study; ARTP: Adaptive Rank Trun-
cated Product; IPA: Ingenuity Pathways Analysis; SNP: Single Nucleotide
Polymorphism; MAGENTA: Meta-Analysis Gene-set Enrichment of variaNT
Associations; ALIGATOR: Association List Go AnnoTatOR; INRICH: INterval
enRICHment analysis; VSEA: Variable Set Enrichment Analysis.

ible because human health is at stake. Biomarkers can be
discovered through gene expression analysis followed
by feature selection methods that enable the discovery of
a small subset of biomarkers that have the ability to dis-
criminate between molecular subtypes of diseases [42].

Recent studies have evaluated gene expression in pe-
ripheral blood mononuclear cells (PBMCs) to identify
biomarkers for disease [43], including Crohn’s disease
[44], Behcet’s disease [45] and ulcerative colitis [44].
Relevant to the obesity epidemic, one study identified 9
genes that correlated with obesity indices in humans out
of 19 genes differentially expressed in the PBMCs of
high fat-fed rats [43]. Another study reported the iden-
tification of biomarkers of insulin resistance found in
the expression profiles from adipocytes of subjects with
insulin resistant obesity using Gene Expression Omni-
bus. The study identified 10 hub genes (genes with the
most interactions with other genes) using various bio-
informatic tools, such as GSEA, GO analysis, KEGG
pathway analysis [46], and Cytohubba. Moreover, using
these biomarkers, potential small molecular compounds
that could treat insulin resistance were detected [23].

BIOINFORMATIC TOOLS FOR IDENTIFICATION OF
DRUGS-DISEASE-PATHWAY INTERACTION

In the past few decades, the pharmaceutical industry has
successfully deployed its one drug, one target model,
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Tab. Il. Common pathway annotation databases.

VALIDATING METHODS FOR TESTING NATURAL MOLECULES ON MOLECULAR PATHWAYS
OF INTEREST IN SILICO AND IN VITRO

Name Database Description References

KEGG Genomic and pathway information in various organisms (311

PANTHER v.14 Evolutionary relationships data for protein analysis [321
Contains several biological pathways, including altered and disease pathways, and the

Pathway Ontology relationships between them [531

BioCarta Defines gene sets for data analysis [34]
Focuses on pathways describing cellular responses such as DNA damage response, cell

SPIKE . ) [35]
cycle, apoptosis and hearing-related pathways

GeneOntology Pioneered use of ontologies in computational biology [36]

PID Information about molecular and cellular signalling pathways [371

MetaCyc Metabolic and enzymatic pathways from various organisms (381

REACTOME A platform for annotating and visualising data from several databases [39]

) Collects gene sets by biological functions, GO, KEGG, positions, sequence regulation

MSigDB ) - [401

information

focusing on druggable genes, genes encoding proteins
that can be modulated using experimental small mole-
cule compounds. This model emphasizes only on a small
subset of genes affected by the drugs, completely ignor-
ing the mechanisms underlying the action of the drug on
these genes and molecular pathways [47]. In addition,
this paradigm ignores the function of synergistic mol-
ecules from different pathways and their effects on the
same subset of genes. This means that although success-
fully deployed, this paradigm cannot fully explain the
drug-target interaction. This is due to the fact that the
onset of a disease cannot be reduced to a single change,
but rather to a cascade of gene expression alterations un-
der the influence of the physiological environment of the
body. Furthermore, the drug itself does not only interact
with a single target, but rather with pathways or meta-
bolic patterns of the body [48]. In this scenario, systems
bioinformatics holds promise in predicting drug-path-
way interactions by elucidating the mechanisms under-
lying drug activity and its possible side effects. Identi-
fying enrichment pathways or gene sets from drug-in-
duced datasets can lead to the discovery of promising
drug targets, with a focus on reducing side effects. In
addition, unravelling drug-disease-pathway interactions
can provide useful insights of the systemic drug efficacy.
Some important pathway databases and networks used
for drug-disease-pathway-interactions are presented in
Table III.

CELL CULTURES AS A MODEL FOR STUDYING DRUG-
PATHWAY INTERACTIONS

Preclinical models, such as cell lines, have been success-
fully deployed in studying and predicting the response
and mechanism of action of drugs on disease-related
genes and dysregulated pathways. Cell lines provide a
continuous source of biological material for experimen-
tation. The field in which cell line models are most used
is cancer research. Indeed, cell lines are used to study
the effect of anticancer drugs, as well as to study genetic
alterations found in specific types of tumors. In addition,
cell line models are particularly useful in cases where it
is difficult to obtain clinical samples or where the mone-

E281

tary or human cost of obtaining clinical samples is high
[65].

In order to study the effects of anti-tumoral drugs on
genetic variants involved in tumour formation, several
cell line models are used [66]. Data can also be retrieved
from the Cancer Genome Project (CGP) and from the
Cancer Cell line Encyclopedia (CCLE) [67], which con-
tain data regarding 36 cancer cell lines [68]. Immortal-
ized cell lines are often used to test drug efficacy and
toxicity, or to identify drug-specific biomarkers [69]. A
typical example is the Epstein-Barr virus (EBV) trans-
formed Human Lymphoblastoid Cell Lines (LCLs) [69].
The goal of this study is to demonstrate the importance
of developing an experimental model to study the effects
of natural molecules in cell lines.

Materials and Methods

BIOINFORMATIC STUDY FOR GENE SELECTION

Genes of interest, associated with a specific condition,
disease, or process, were chosen by searching GeneCards
with specific keywords, specifically, obesity, xenobiotics
metabolism, endocannabinoid pathway, leukotriene B4
metabolism and signaling, inflammation, endocytosis,
hypoxia, lifespan, and neurotrophins were considered and
used as keywords. For each query, we identified a list of
genes identified by a score to reflect the association of the
records with the query: the genes above a specific score
threshold were retained for further study. The resulting list
of genes was analyzed in the KEGG database to define
common metabolic, gene regulation or signal transduction
pathways. Genes already studied in the MAGI laboratory
in association with other conditions were also included
in the final list. Reference material supporting the genes
chosen was obtained from PubMed. Finally, using the free
tool STRING the interrelationships between the products
of the identified genes was highlighted.

PRIMER DESIGN

For each selected gene, pairs of primers were designed
for evaluating gene expression through real time PCR
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Tab. IlI. Databases for drug target discovery.

Database Database Description Applications Reference
Retrieval of drug-induced pathway data.
B Reports genes that can be upregulated or o
Drug-Path downregulated by drugs interactions g;sgeh;lsger;ts the dysregulated pathways of [49]
DGIdb 4.0 Information on drug-gene interactions and |dentification of drug targets and studying 50]
: druggable genes drug-gene interactions
. . . - Identification of chemicals that have
PubChem Information on chemicals and on their toxicity potential to be used as drugs [511
) . . ) . Identification of genes involved in a disease
Archived genetic data including the relation . . A X
NCBI dbGaP between phenotype and GWAS z\éﬁgigsenotype phenotype interaction [52]
|dentification of disease genes, prioritization
- ) of candidate loci, prediction of disease risk
GWAS Catalog | Metadata of the most significant published results and molecular [53]
disease mechanisms
Ontology of chemicals and molecular entities, Supply of identifiers for unambiguously refer
ChEBI - ) " [54]
especially small molecules to chemical entities
Drug and Drug Target Info. Provides molecular dv of bh logical ies of
information regarding drugs and their study of pharmacological properties o
DrugBank 5.0 . L2 . . drugs, drug-drug, drug-pathway, drug-food [55]
mechanisms of action, interactions with other interaction elucidation
drugs, and their targets
, . . . Extraction of interactions between drugs-
PharmGKB fegsgproer?saet?r(]itgm;%ggitlon of genetic variants-drug drugs/genes/pathways/SNP, diseases- [56]
pathway/gene-SNP
Chemical interactions using information from
STITCH molecular pathways, crystal structures and Identification of drug-pathway interactions [571
binding experiments
) . Identification of drug-metabolome
HMDB Information about small human metabolites interactions [58]
) . Identification of metabolites’ structure
. Metabolomics experiments used for cross- ) . . ’
Metabolights platform and cross-species studies blolqglcal ro_Iesl, g:oncentratlon, and [59]
localization in living systems.
Identification of disease-gene association,
eDGAR Relationships among genes related to disease- gene-gene interaction. 160]
gene associations Detection of functional terms related to
groups of genes
) . NP(Natural Product)-based drug discovery,
NPASS In:gg?;g'on on activity and sources of natural mechanism elucidation of NP and in silico 611
P algorithms development
MetaCyc Metabolic pathways and enzymatic reactions from | Prediction of the metabolic pathways of an (39]
organisms of all life’s domains organism from its annotated genome
ﬂ%sas:ank Mass spectral data of biological molecules Identification of a chemical compound [62]
HumancCyc Metabolic pathways and enzymatic reactions gggmgygf omics data for metabolic [63]
CMap Gene expression profiles of immortalized human | Prediction of the effects and mode of action 164]
cell lines after chemical treatment of drugs; drug repositioning
experiments. At first, real time PCR primers were re- ¢ Melting temperature: 60°C (the two primers must not

trieved from Harvard Medical School database (https://
pga.mgh.harvard.edu/primerbank/index.html). Pairs of
primers that produced amplicons with a length of <200  «
bp and with the melting temperature of closest to 60°C  »
for both primers were selected.

When primers were not available in the database or did
not meet the required criteria, we designed new primers
by using the bioinformatics tool Primer3. The criteria for
choosing the primer pairs are as follows:

* Primer length: 18-28 nucleotides;

* Resulting amplicon: < 200 bp (optimal 80-120 bp);

have more than one degree of melting temperature
difference from each other);

GC content: 20-80% (50% was optimal);

Primers must not contain repeated nucleotide se-
quences and complementary regions;

Primers must be designed preferably on different ex-
ons or across exon-exon junctions, to limit as much
as possible, the amplification of non-specific regions.
The resulting primer pairs were analyzed by PRIMER
BLAST to evaluate the specificity of the amplified re-
gion.
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The ENSEMBL genome browser was used to confirm
that the primers mapped at the exon-exon junction or
on different exons. However, this was not an exclusion
criterion of the primer pair, as for some genes it is not
possible to satisfy this characteristic (e.g. monoexonic
genes).

RNA EXTRACTION, RETROTRANSCRIPTION AND QPCR

Total RNA was extracted from selected cell lines and
blood using the Tempus Spin RNA Isolation Kit, follow-
ing the manufacturer’s protocol. Cell lines were selected
referring to GeneCards database “Expression” section,
which shows the tissues that express most highly a gene
of interest. Between the ones proposed, cell lines already
present in MAGI laboratories were used. Blood was col-
lected from patients used as negative control in previous
projects [70]. The SuperScript VILO cDNA Synthesis
Kit was used to generate first strand cDNA. Quantita-
tive real-time polymerase chain reaction (QPCR) was
performed by using the PowerUp SYBR Green Master
Mix (Thermo Fisher Scientific, Vilnius, Lithuania) on a
QuantStudio 3 Real-Time PCR System, as reported [71].

POLYMERASE CHAIN REACTION (PCR) FOR THE
IDENTIFICATION OF CELLS EXPRESSING GENES OF
INTEREST

The PCR was performed with the aim of verifying that
the primers selected for each gene-produced amplicons
of the expected length, that there were no non-specific
amplifications, and that the gene was expressed in the
chosen cell lines.

QPCR PRIMER EFFICIENCY EVALUATION

The evaluation of the efficiency of the primers is a funda-
mental step in qPCR, especially when studying gene ex-
pression, as it allows the correct analysis of data obtained.
When the efficiency is calculated with the AACt meth-
od, it is assumed that the efficiency of the used primer
is comparable to that of the primer for the housekeeping

VALIDATING METHODS FOR TESTING NATURAL MOLECULES ON MOLECULAR PATHWAYS
OF INTEREST IN SILICO AND IN VITRO

Fig. 1. Target genes evaluated in this work.

OBESITY

CD36, APOE, EP300, ACE, FTO, LIPE, MC4R, PPARGCIA, RETN, UCPI, ADIPOQ, HSD11B1,
LEP, LEPR, CYPI9A1, ESRI, IL6,GAPDH

XENOBIOTICS METABOLISM

FAAH, FAAH2, PPARA, LTB4R, LTB4R2, IGF1, AR, ADIPOQ, HSD11B1, LEP, LEPR, AHR,
AHRR, AKRIC1, AKRIC2, AKRIC3, AKRIC4, ESR2, HPGD, LMNA, NCOAI, PLINI, PRLR,
VDR, CYP19A1, ESRI1, ALOX5,GAPDH

ENDOCANNABINOID PATHWAY

CD36, CNRI1, GPRIS, GPRS5S5, FAAH, FAAH2, PPARA, ALOX5,GAPDH

LEUKOTRIENE B4 METABOLISM AND SIGNALING

IL6, TNF, LTA4H, LTB4R, LTB4R2, ALOX5AP, GAPDH

INFIAMMATION

IL2, NOS1, NOS2, TLR2, TLR4, TLR7, IL6, TNF, APOE,GAPDH,RIPK1

ENDOCYTOSIS

CAV1, CLTB, ERLINI, ERLIN2, RFTNI, SGMS1,GAPDH

HYPOXYA

ARNT, HIFIA, HIFIAN, HYOUI, VEGFC, VEGFRI(FLTI), VEGFR3(FLT4), EP300,
VEGFA,GAPDH

LIFE-SPAN

IL6, TNF, APOE, ATGS5, CERS2, COQ7, FCGR24, SIRTI, SIRT3, SIRT6 , SODI1, TGFBI, IGFI,
AR, GAPDH

NEUROTROPHINS

IGF1, BDNF, GDNF, HGF, IGFIR, NGF, NGFR, GAPDH

gene. If the efficiencies of the primers were dissimilar, the
gene expression analysis could be affected by errors and
misleading results would be obtained. The QuantStudio 3
Real-Time PCR System software calculated the efficiency
of each primer pair. Primers whose efficiency was in the
range between 90% and 110% were selected.

Results

In this work, a system for studying the expression of spe-
cific genes in selected cell lines was validated. 101 sets of
primer pairs targeting specific genes (Fig. 1) were tested
based on their efficiency values with the following results:
51 validated, 24 non-validated and 26 sets of primers tar-
geting genes that were not expressed in the available cell
lines requiring re-testing in other cell lines (Tab. IV).

The levels of expression were evaluated on the basis of
the C,. C, £ 20 = high expression; 20 < Ct > 23 = high-me-
dium expression; 23 < Ct > 26 = low medium expres-

Tab. IV. List of primers from this work with gPCR efficiency between 90-110%.

Gene Sequence (5'->3") Tm Cell Line/Tissue Ct Expression Level
MRICT | emTGATAAGCTAGACCTCAACATT o0 dood | 7
MRICZ | CpnNTGARTAAGATACACCTOARCATAG o0 dood | 32
wocs |GG 5 | s | m | e
oo, A
o T o | e | v | e
LEPR Egg;:}%?ﬁggg;iggcc 60 Blood 24 Low-medium
VEGFC éTG(i\TAGGTTG GTTC G%AGTTT(C:]TGACCAAASAAATSTT oA 60 Blood 26 Low-medium
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Tab. IV. Continues.
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Gene Sequence (5'->3") m Cell Line/Tissue Ct Expression Level
FLT1(VEGFR1) gégﬁé\gg G(:TA(I??::T?[%%?CAGT 60 Blood 26 Low-medium
rraveorey | IIACACOTICATGCOME 0 oz | 7 on
o GTIGCTAGTCACATICCTGO 0 o2 | 21| Hehmedum
o | wnm |75 |
oo o | | v |
S0D1 gg;iii%iéiiiig&cgﬁgéc 60 Caco2 23 High-medium
TNF géggggéﬁ%c GCACTTCGTEQS 60 Blood 26 Low-medium
AHR Egﬁggg CA AG éﬁ?&%ﬁég I~ 60 Caco2 25 Low-medium
oot 0 | mr | m | e
oo o0 | s | w | o
CERS2 S?TTGC(T:;;?TCG?;TT%GAEGCTGAAOTAAC 60 Caco2 22 High-medium
GTTGATGGTTACGTTCAGGGT

coa TTGTTGTAGTGATGTGCTATGCT 60 MCF7 27 Low
o ECCeTTOCT 0 | wx | x|
e SO 0 | wz | a
i CANCOTCOMAMOAATCICC 0 oo | 245 | Lowmedum
Wew  [ACOOACOTICOCTAATITCCA 0 o B T ——
IGF1R éiggf:g AG GG :ggéiééig% 60 Caco2 25 Low-medium
LMNA /SQTCGCTCCTGT(CZLTGGAGCCT((;:%TGCTTGAACT 60 Caco2 25 Low-medium
NCOA1 ﬁgﬁg?gé:%iiﬁg;ﬁﬁ/@é& 60 Caco?2 24 Low-medium
NGFR EEBXCC%%%AT%AT%(:??%TA e 60 Primary fibroblasts 335 Low
o2 TOAGTHICACACCTCAGCAAS 0 2| 25 | towmedum
SIRT3 ég;c_f GG GTSSTCTA(ITT(S:AA/S?/S % 60 Caco2 26 Low-medium
s | ceoeoeocen 0 | ww | # o
TGFB1 gﬁggggﬁﬁ?gﬁ?ﬁgw 60 Caco2 25 Low-medium
w  mccver 0 | wa | n | o
TLR4 égi;%ﬁg;ﬁi%iii%&iﬁ 60 Primary fibroblasts 30 Low
VEGFA Qggg?@? ? GA;EQSAATCGGGA&GT 60 Caco2 26 Low-medium
VEGFC ?éggg%iﬁgﬁgi&g?& 60 Primary fibroblasts 25.5 Low-medium




Tab. IV. Continues.

VALIDATING METHODS FOR TESTING NATURAL MOLECULES ON MOLECULAR PATHWAYS
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Gene Sequence (5'->3") m Cell Line/Tissue Ct Expression Level
HYOU1 gé}ig?gg;gégf GTAGCT;? o 60 Primary fibroblasts 26 Low-medium
IL6 $$ g/f?é:ggiiéﬁgéggi 60 Primary fibroblasts 29.5 Low

Fro FCTIGCCTECCTIATCTOACC 0 2| 25| Hehmedum
e oTOTCROIOE o | w2 | o
e o | w2 | n | o
T 0 | o |z o
s cocosocoutc o | wm | m | e
ADIPOR2 ?;g géﬁgﬁ;gﬁgﬁégéﬁ;g 60 Primary fibroblasts 24.5 Low-medium
EP300 ¢§§géﬁg§§§%§iﬁ§g c 60 Primary fibroblasts 27 Low
RFTN1 giigﬁigiﬁggﬁé;éﬁf T 60 Primary fibroblasts 24 Low-medium
SGMS1 ;S:T(-]GT'CI'E'?'I/} GGTT GCTT GC CCTTTCCTCGAAA A 60 Primary fibroblasts 24 Low-medium
CLTB ggﬁggééggrcfg%/ﬁc 60 Primary fibroblasts 24 Low-medium
ERLINT ;g%il%gﬁgg?ﬁ&;%?gﬁn c 60 Primary fibroblasts 21 High-medium
ERLIN2 ;i%ﬁ%i?giﬁ? GC;AG GA AA CC CCTACﬁ‘r C 60 Primary fibroblasts 26 Low-medium
o ecomcTou. 0 | owm | n | e
e COCATIGAAGAMAATTACGD " dood | 2 | Hghmedum

sion; Ct > 27 = low expression. T,, = melting temperature;
C, = cycle threshold; Caco2 = human colorectal adenocar-
cinoma; HepG2 = human hepatocyte carcinoma; MCF-
7 = human breast cancer; SH-SYS5Y, SK-N-SH = human
neuroblastoma from bone marrow; HaCaT = human kera-
tynocyte; HL60 = human promyelocytic leukemia.

Discussion

Identification of dysregulated gene expression pathways
involved in human health and disease has significantly
contributed to the testing of new compounds as potential
drugs. The study of the genes involved in the conditions
considered in this study, such as obesity and inflam-
mation, are essential to learn more about the molecular
pathways in these diseases and to potentially find new
small molecule compounds that might help prevent or
treat these diseases. Many primer pairs resulted in high
or medium-high expression levels. Because of the ele-
vated expression levels, these primer pairs can be ex-
ploited to evaluate dysregulated gene expression in vitro
in various conditions. Following this method, it may also
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be possible to find and test in vitro new molecules with
therapeutic potential that could be included in dietary
supplements. Finally, diverse study models can be con-
structed based on these methods, focusing not only on a
particular biochemical pathway-natural molecule inter-
activity, but also on a wider relationship.
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