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Abstract: Way2Drug aids as a crucial tool for in-silico authentication
experiments conducted on several assessment sets. It validates the suitability of
the computational system for multiple applications in computer-aided drug
design. Moreover, in-silico pharmacological properties predictions were
conducted, the compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-
tetrazol-5-yl) ethanone’ exhibited stronger antibacterial activity. Assessment of
pharmacological properties prediction discovered that the synthesized compound
possesses essential PASS targets, KinScreen analysis, biological activity, breast
cancer cell-line cytotoxicity, and drug-induced changes of gene expression profile
and it make the synthesized compound an eloquent candidate for development of
drugs. PASS targets identified as potential drug targets for both direct and
indirect interactions mostly to various enzymes class. The confidence score for all
the target proteins is greater than 0, indicating that the compound falls within the
applicability domain. On the basis of analogous chemical similarity by KinScreen
analysis, our search arranges predicted kinase targets for the compound including
Interleukin-1 receptor-associated kinase 4, Tyrosine-protein kinase TXK, dual
specificity mitogen-activated protein kinase kinase 7, Mitogen-activated protein
kinase 6, Mitogen-activated protein kinase 4, Receptor protein-tyrosine kinase
erbB-2, Serine/threonine-protein kinase PAK 2, Receptor protein-tyrosine
kinase erbB-4Epidermal growth factor receptor erbB1, Interleukin-1 receptor-
associated kinase 1, Misshapen-like kinase 1, Macrophage colony stimulating
factor receptor Dual-specificity tyrosine-phosphorylation regulated kinase 2,
MAP kinase-activated protein kinase 3, Serine/threonine-protein kinase Aurora-
C, MAP kinase-activated protein kinase 5, Activin receptor type-1B,
Serine/threonine-protein kinase PLK1, and Tyrosine-protein kinase BLK. The
compound was considered as ‘actives’ against 20 bacterial strains, one fungus
Mucor, and 2 viruses. Breast cancer cell-line cytotoxicity prediction highlights
that the cell linesMCF7-DOX, MCF7R, MX1, and ZR-75-1 found to be active
against the test compound. The synthesized compound revealed the explanations
of the assumptions about the potential of the new compounds as anti-bacterial
drugs.

Keywords: Way2drug, PASS prediction, QSAR models, Drug candidate, Anti-
bacterial activitv
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Introduction

The Way2drug project aims to create a computational platform for effectively analyzing and
interpreting wide-ranging biomedical and experimental information. Its goal is to perform
relative analyses that distinguish between normal and pathological states, extract new knowledge
to categorize biomarkers and pharmacologic targets, and design potential drugs meeting required
properties. This involves investigating current data sources, selecting relevant information,
improving or creating methods as necessary, and integrating them into a unified platform.
Publicly available data, despite its diversity, is suitable for use as training set in (Q)SAR
modelling. However, to avoid errors arising from data misinterpretation, additional filtration is
required. A statistics research procedure was created and applied to the information from
ChEMBL_21 [1]. With the help of MOL file, SMILES notation or MarvinSketch app to input
information for the structure of the synthesized compound 2-(4-allylpiperazin-1-yl)-1-(1-(4-
nitrophenyl)-1H-tetrazol-5-yl) ethanone’.

The direct and indirect interactions predictions between drug-like compounds and 930 (direct),
764 (indirect) protein targets of humans achieved an average accuracy, evaluated by the IAP
(equivalent to the ROC AUC), of 0.94 using Leave-One-Out Cross Validation (LOO CV). The
metric for each target is termed confidence. The difference between the probabilities that a
chemical compound will interact with or not interact with a particular target is confidence. A
higher confidence score indicates a greater likelihood that the positive prediction is accurate [2].

Protein kinases play a crucial role in regulating nearby all cellular functions. Dysregulation of
kinase activity often precipitates the shift from normal to pathological cellular states, influenced
disease manifestation at the organismal level [3]. Consequently, kinases are pivotal therapeutic
targets, with more than ten kinase inhibitors approved for clinical use in the past four years. One
of the primary challenges in discovering new kinase inhibitors lies in achieving specificity.
Therefore, early-stage evaluation of compound activity against multiple kinases is crucial to
identifying candidates that balance efficacy and safety [4].

Currently, information on antibacterial action of chemical compounds is widely available on
public domain. For instance, the ChEMBL database [5] includes records on the action of
chemical compounds against 1386 bacterial strains. The extraction of biological activity for
minimum inhibitory concentrations of various compounds from ChEMBL_24are processed as
according to the best (Q)SAR activity chemical data were analysed [6]. Biological activity was
accessed to exclude the uncertain aggregated points and to stipulate the records, accompanying
to the resistant microorganisms. [4, 5]. By using this software, we get the most likely compounds
for combination and prioritize them for examining their antibacterial activity. The compound
should have Pa > Pi (confidence > 0) can be considered active. AntiFun enables users to predict
that a compound can obstruct the growth of 38 fungi at concentrations below 5000 nM. Each
compound is assigned a score representing confidence in its activity, calculated as the difference
between the probabilities of the compounds inhibiting or not inhibiting the growth of a specific
fungus. Higher confidence score indicates a great likelihood of a positive prediction being
accurate. This software aims to aid in the identification of novel anti-viral agents within a library
of drug-like compounds. We obtained biological data and chemical structures of compounds
tested for inhibitory activity against viral proteins from ChEMBL v29 [7] and processed them [1].
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BC CLC-Pred utilizes SAR representations developed on the sets with an edge of 1000 nM for
distinguishing between active and inactive compounds based on ICspand IGso values. A
substance is suggested for evaluation by means of the web-application to access cytotoxicity of
cell-lines; it is foreseen active against multiple cell-lines of breast cancer and exhibits high
ICsp or IG5 values. As mentioned earlier, SAR models generally offer higher prediction quality
compared to QSAR models, thus should be prioritized for interpreting prediction outcomes. [8]

The prediction in DIGEP-Pred leverages PASS (Prediction of Activity Spectra for Substances)
[1,2] technology, utilizing training sets derived from data on drug-induced alterations in gene
expression profiles sourced from L1000 Project, Comparative Toxicogenomic Database (CTD),
and Connectivity Map Database [9].

The training sets were created using data as of the Comparative Toxicogenomic Database [10],
focusing on the drug-induced alterations in expression of mRNA and concentration of protein.
These set comprise single structures of electroneutral living compounds with molecular weights
ranging from 50 - 1250 Da, alongside information on drug-induced variations of gene expression
in humans.

In this epoch research, the synthesized compound underwent pharmacological predictors through
the Way2drug website. The objective of this screening was to assess various pharmacological
predictors such as pass targets, KinScreen, anti-bacterial, anti-fungal, anti-viral, breast cancer
cell-line cytotoxicity, and of drug-induced changes of gene expression profile of the synthesized
compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’.

Methodology

Use MOL file, SMILES notation or MarvinSketch app to input data for the structure of the test
synthesized compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl)
ethanone’.

PASS targets

The study accurately predicted direct relations between drug-like compounds and 930 targets of
human protein by an average IAP accuracy 0.94 using LOO CV. Similarly, it achieved an
average accuracy of 0.98 for predicting probable indirect interactions with 764 targets using the
same method. Higher confidence scores corresponded to a higher probability of accurate positive
predictions [1].

Exploration of predicted targets of the compound within specific groups of related proteins, as
classified by ChEMBL. Analysis of prophesied targets elaborate in specific organic processes,
conferring towards ChEMBL GO_slim classification [2].

KinScreen

Using PASS software, predict kinase targets to guide molecular mechanics of compound. Use
kinome tree visualization to examine targets distribution among kinase families. Search the
ChEMBL database for analogous compounds to access their experimental data.

The predictive accuracy was evaluated using ROC AUC through LOO CV, achieving a score
exceeding 0.85. Predicted protein kinases can be visualized by ploting on a dendrogram
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depicting the human kinome and its families. This illustration is reproduced with the permission
from Cell Signalling Technology, Inc. [3]

Search for analogous compounds

Instead of employing chemical similarity, our search focuses on the predicted kinase targets. The
approach allows us to identify analogous compounds that may differ in structure but share a
similar profile of predicted target kinase with the compound. Using the Local Sensitive Hashing
Forest (LSH) method from the sci-kit learn library, the web identifies the five nearest neighbours
for the synthesized compound. [4]

AntiBac-Pred

A training set comprised structures of 41,065 chemical compounds along with data on their
antibacterial properties. The molecules through MIC fewer than 10000 nM were classified as
“actives”. Using this set, PASS [5,6] classified drug-like molecule as “actives” and “inactives”
against 353 bacteria, considering resistant strains.

AntiFun-Pred

AntiFun enables users to expect that a compound can obstruct the growth of any of 38 fungi at
concentrations below 5000 nM. Higher confidence score indicates a great likelihood of a positive
prediction being accurate.

AntiVir-Pred

A compiled set consisting structures of 14,855 chemical compounds. The compound with <
10 000 nM were classified as “actives”. PASS prediction is done using the training set[7,11] to
categorize drug like compounds as “actives” and “inactives” towards 66 proteins for 56 viral
strains.

BC CLC-Pred: Breast cancer cell-line cytotoxicity prediction

This study focusses on the simultaneous qualitative and quantitative predictions of ICsg and
IG5 values across nine cell lines of breast cancer (Bcap37, BT-20, MCF7, MCF7-DOX, Hs-
578T, MCF7R, MXI1, T47D, ZR-75-1). Using GUSAR software and data from ChEMBL
database (v. 30), (Q)SAR models were developed. The mean precisions of prediction 1%, Balance
Accuracy calculated via 5 folds crosss-validation, were 0.599, 0.679 and 0.875, respectively. It
offers potential utility in identifying capable compounds and enhancing chief compounds
throughout the expansion of new antineoplastic drug targeting cancer of breast. Experimental
confirmation of BC-CLC of compounds is more likely successful when SAR models predict
them as active across multiple cell lines and when QSAR models predict ICsy or 1Gs( values
higher than 6 [8].

DIGEP-Pred: Prediction of drug-induced changes of gene expression profile

DIGEP-Pred is an online facility for prediction of drug-induced variation of gene expression
profiles dependent on structural formulas. The mRNA-based set comprises 1756 compounds and
enables prediction of drug-induced variations in gene expression aimed at 1802 genes (1069
upregulations and 733 downregulations). The protein-based comprises 1736 compounds and
facilitates prediction for 123 genes (78 upregulations and 45 downregulations). The MCF7-based
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includes 1024 compounds and supports prediction for 3900 genes (1769 upregulations and 2131
downregulations). The VCAP_6-based comprises 6614 compounds and enables prediction for
16124 genes (10687 upregulations and 5437 downregulations). The VCAP_24-based comprises
6534 compounds and supports prediction aimed at 9716 genes (6078 upregulations and 3638
downregulations). The average accuracy of mRNA-based prediction accessed by LOO CV
procedure (ROC AUC), is 0.853, protein-based prediction is 0.89, MCF7-based prediction is
0.89, VCAP_6-based prediction is 0.80, VCAP_24-based prediction is 0.78 [9,10].

Results

The in-silico authentication experiments conducted on numerous trial sets by using Way2drug.
These research findings validate the suitability of the computational system for multiple
applications in computer-aided drug design. The chemical strcuture of the compound 2-(4-
allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’ is shown in figure 1. The
SMILES of the compound is [O-
J[N+](=0)C1=CC=C(C=C1)N1N=NN=CI1C(=0)CNI1CCN(CC=C)CC1.

W \

M
\ ' et
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Figure 1 Molfile of the compound 2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-
yl) ethanone’.

PASS targets

The prediction of direct interactions between the compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-
nitrophenyl)-1H-tetrazol-5-yl) ethanone’ and available 930 human protein targets on Way2drug
software is shown in the table 1. A higher confidence score suggests a higher probability that the
positive prediction is correct (confidence > 0). The prediction of probable indirect interactions
between the synthesized compound and available 764 targets are shown in table 2.

Table 1 List of proteins predicted as possible drug targets (direct interaction) for compound ‘2-
(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’

Target name Confidence ChEMBL id Target
classification
Cytochrome P450 0.5866 CHEMBL3491 Enzyme
2]2
Microtubule- 0.3619 CHEMBL1293224 Unclassified
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associated protein protein
tau
Interleukin-1 0.2633 CHEMBL3778 Kinase
receptor-associated
kinase 4
Dual specificity 0.2590 CHEMBL3530 Kinase
mitogen-activated
protein kinase
kinase 7
Mitogen-activated 0.2459 CHEMBLS5121 Kinase
protein kinase 6
Nuclear receptor 0.2107 CHEMBL1293229 | Nuclear receptor
subfamily 4 group A
member 1
Histone 0.1810 CHEMBL3784 Reader
acetyltransferase
p300
Estrogen receptor 0.1694 CHEMBL206 Nuclear receptor
alpha
Serine/threonine- 0.1672 CHEMBL6149 Kinase
protein kinase SIK3
Tyrosyl-DNA 0.1542 CHEMBL1075138 Enzyme
phosphodiesterase 1
Hematopoietic cell 0.1530 CHEMBL2889 Phosphatase
protein-tyrosine
phosphatase 70Z-
PEP
HERG 0.1310 CHEMBL240 Voltage-gated ion
channel
Alpha-2b adrenergic 0.1143 CHEMBL1942 Family A G
receptor protein-coupled
receptor
Poly [ADP-ribose] 0.0937 CHEMBL5366 Enzyme
polymerase 2
Muscarinic 0.0819 CHEMBL216 Family A G
acetylcholine protein-coupled
receptor M1 receptor
Plectin 0.0738 CHEMBL 1293240 Unclassified
protein
Monoglyceride 0.0691 CHEMBLA4191 Enzyme
lipase
Carbonic anhydrase 0.0653 CHEMBL3242 Lyase
XII
Carbonic anhydrase 0.0643 CHEMBL359%4 Lyase
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IX
Beta-chymotrypsin 0.0585 CHEMBLA4796 Protease
Plasma kallikrein 0.0577 CHEMBL2000 Protease
Alkaline 0.0574 CHEMBL5979 Enzyme
phosphatase, tissue-
nonspecific isozyme
Gastric inhibitory 0.0534 CHEMBLA4383 Family B G
polypeptide receptor protein-coupled
receptor
Anandamide 0.0521 CHEMBL?2243 Hydrolases
amidohydrolase
Acetylcholinesterase 0.0493 CHEMBL220 Hydrolase
C-C chemokine 0.0482 CHEMBL3473 Family A G
receptor type 3 protein-coupled
receptor
Cytochrome P450 0.0372 CHEMBL3721 Cytochrome P450
2C8
Phosphodiesterase 0.0367 CHEMBLA4716 Phosphodiesterase
7B
Induced myeloid 0.0291 CHEMBLA4361 Other cytosolic
leukemia cell protein
differentiation
protein Mcl-1
Receptor protein- 0.0234 CHEMBL1824 Kinase
tyrosine kinase
erbB-2
Eukaryotic 0.0186 CHEMBL1293274 Unclassified
translation initiation protein
factor 4H
Protein-glutamine 0.0185 CHEMBL2810 Enzyme
gamma-
glutamyltransferase
K
Trypsin I 0.0157 CHEMBL209 Protease
Long-chain fatty 0.0073 CHEMBL2052038 Other protein
acid transport
protein 1
Estrogen receptor 0.0025 CHEMBL242 Nuclear receptor

beta

Table 2: List of proteins predicted as possible targets (mediated interaction is possible) for

compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’

Target name

Confidence

ChEMBL id

Target
classification
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Nuclear receptor 0.7087 CHEMBL1615382 Writer
coactivator 3
SUMO-activating 0.5444 CHEMBL2095174 Unclassified
enzyme protein
Voltage-gated N- 0.5136 CHEMBL2097170 | Voltage-gated ion
type calcium channel
channel alpha-1B
subunit/Amyloid
beta A4 precursor
protein-binding
family A member 1
Galanin receptor 3 0.4900 CHEMBL2731 Family A G
protein-coupled
receptor
Paired box protein 0.4176 CHEMBL2362980 Other protein
Pax-8
Serotonin le (5- 0.4081 CHEMBL2182 Family A G
HTle) receptor protein-coupled
receptor
Signal transducer 0.3316 CHEMBL6101 Unclassified
and activator of protein
transcription 1-
alpha/beta
Insulin-degrading 0.3266 CHEMBL1293287 Enzyme
enzyme
Nuclear receptor 0.3208 CHEMBL1615387 Writer
coactivator 1
Microphthalmia- 0.2762 CHEMBL1741165 Unclassified
associated protein
transcription factor
Troponin, cardiac 0.2751 CHEMBL2095202 Other cytosolic
muscle protein
Toll-like receptor 9 0.2666 CHEMBL5804 Toll-like and II-1
receptor
Casein kinase 1I 0.2058 CHEMBL2095191 Kinase
Sphingosine 1- 0.1559 CHEMBL3230 Family A G
phosphate receptor protein-coupled
Edg-6 receptor
Adrenergic 0.1081 CHEMBL2094251 Family A G
receptor alpha-1 protein-coupled
receptor
MCOLN3 protein 0.1046 CHEMBL1293243 | Voltage-gated ion
channel
Sigma opioid 0.0900 CHEMBL287 Membrane receptor
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receptor
Alpha-2c 0.0477 CHEMBL1916 Family A G
adrenergic receptor protein-coupled
receptor
P2X purinoceptor 7 0.0471 CHEMBLA4805 Ligand-gated ion
channel
Phosphodiesterase 0.0451 CHEMBL275 Phosphodiesterase
4B
Sphingosine 1- 0.0381 CHEMBL2955 Family A G
phosphate receptor protein-coupled
Edg-5 receptor
Alpha-2b 0.0359 CHEMBL1942 Family A G
adrenergic receptor protein-coupled
receptor
Epidermal growth 0.0274 CHEMBL203 Kinase
factor receptor
erbB1
Cystic fibrosis 0.0271 CHEMBLA4051 Other ion channel
transmembrane
conductance
regulator
Glutamate receptor 0.0194 CHEMBL3684 Ligand-gated ion
ionotropic kainate channel
3
Solute carrier 0.0164 CHEMBL1615384 | Electrochemical
family 12-member transporter
5
11-beta- 0.0161 CHEMBLA4235 Enzyme
hydroxysteroid
dehydrogenase 1
Lysophosphatidic 0.0114 CHEMBL3250 Family A G
acid receptor Edg-7 protein-coupled
receptor
Receptor protein- 0.0098 CHEMBL1824 Kinase
tyrosine kinase
erbB-2
Snl-specific 0.0084 CHEMBLS5545 Enzyme
diacylglycerol
lipase alpha
Glutamate receptor 0.0075 CHEMBL2675 Ligand-gated ion
ionotropic kainate channel
5
Hepatocyte growth 0.0058 CHEMBL3351190 Other protein

factor activator
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KinScreen

By means of PASS software, we predicted kinase targets to inform the molecular mechanics of
compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’. Protein
kinases predicted by the analysis were visualized by plotting them on a dendrogram that
illustrated the human kinome and its families as shown in figure 2. Relying solely on chemical
similarity, our search prioritizes predicted kinase targets. This approach enables us to identify
compounds that, while structurally different, share a similar profile of predicted target kinases
with our synthesized compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl)
ethanone’ as shown in table 3.

AGC

CAMK

I1lustration reproduced courtesy of Cell Sianaling Technoloay. Inc. (www.cellsianal.com)
Figure 2 KinScreen results of the compound 2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-

tetrazol-5-yl) ethanone’.

Table 3: Kinscreen process of the compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-
tetrazol-5-yl) ethanone’

Confidence Name UniProt ID ChEMBL ID Prediction
accuracy
(AUC, LOO
CV)
0.48 Dual specificity 014733 CHEMBL3530 0.69
mitogen-

activated protein
kinase kinase 7

0.38 Interleukin-1 QoNWZ; CHEMBL3778 0.83
receptor-

associated kinase
4
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0.34

Serine/threonine-

protein kinase
PAK 2

Q13177

CHEMBLA4487

0.77

0.33

Mitogen-
activated protein
kinase 6

Qi6659

CHEMBLS5121

0.71

0.31

Receptor
protein-tyrosine
kinase erbB-4

Q15303

CHEMBL3009

0.8

0.29

Tyrosine-protein
kinase BLK

Psi451

CHEMBL2250

0.76

0.27

Epidermal
growth factor
receptor erbB1

Poos33

CHEMBL203

0.96

0.23

Mitogen-
activated protein
kinase 4

P31152

CHEMBL5759

0.78

0.22

Interleukin-1
receptor-
associated kinase
1

Psi617

CHEMBL3357

0.74

0.16

Dual-specificity
tyrosine-
phosphorylation
regulated kinase
2

Q92630

CHEMBLA4376

0.82

0.15

Tyrosine-protein
kinase TXK

Paesi

CHEMBLA4367

0.8

0.14

MAP kinase-
activated protein
kinase 3

Ql 6644

CHEMBLA4670

0.74

0.11

MAP kinase-
activated protein
kinase 5

QsIWy,

CHEMBL30%4

0.78

0.11

Receptor
protein-tyrosine
kinase erbB-2

Pous2e

CHEMBL1824

0.97

0.08

Activin receptor
type-1B

P36896

CHEMBLS5310

0.78

0.07

Serine/threonine-
protein kinase
PLK1

Ps3350

CHEMBL3024

0.92

0.06

Misshapen-like
kinase 1

QsN4Cs

CHEMBL5518

0.73
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0.03 Serine/threonine- QoUQBy CHEMBL3935 0.71
protein kinase
Aurora-C

0.01 Macrophage Po7333 CHEMBL 1844 0.85
colony
stimulating
factor receptor

Prediction of biological activity

(Antibac-Pred, Antifun-Pred, and Antivir-Pred)

Molecules by MIC score lesser than 10000 nM were categorizing as “actives” for Antibac-pred.
By means of this dataset, PASS categorize drug-like molecule as “actives” and “inactives”
contrary to 353 bacteria. The compound ¢2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-
tetrazol-5-yl) ethanone’ was considered as ‘actives’ against 20 bacterial strains mentioned in
table 4.

AntiFun allows users to expect that a compound can prevent the growth of any of 38 fungi at
concentrations lower than 5000 nM. The compound 2-(4-allylpiperazin-1-yl)-1-(1-(4-
nitrophenyl)-1H-tetrazol-5-yl) ethanone’ was found to be active against one fungus as shown in
table 4.

Antivir consents users to expect that molecules with activity, IC50, Ki, EC50 or Kd < 10 000 nM
were categorizing as “actives”. PASS prediction is done via the training set to classify the
created compound to 66 proteins of 56 viruses. The compound ‘2-(4-allylpiperazin-1-yl)-1-(1-
(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’ was considered as ‘actives’ against 2 viruses as
shown in the table 4.

Table 4: Antiviral, antifungal and antibacterial activity prediction of the compound ‘2-(4-
allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’

Predicted inhibition towards viral proteins

Virus Protein target Confidence
Severe acute respiratory Replicase polyprotein 1ab 0.5967
syndrome coronavirus 2
Infectious bronchitis virus 3C-like protease 0.1805
Predicted antifungal action
Fungus Confidence ChEMBL ID
Mucor 0.1051 CHEMBL612521
Predicted antibacterial targets
Bacteria Confidence ChEMBL ID
Porphyromonas 0.1846 CHEMBL615058
asaccharolytica
Prevotella oralis 0.1673 CHEMBL612687
Actinomyces meyeri 0.1455 CHEMBL612289
RESISTANT Finegoldia 0.1078 CHEMBL614615

magna
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RESISTANT Bacillus 0.1009 CHEMBL613070
cereus
Mycobacterium 0.0766 CHEMBL360
tuberculosis
RESISTANT 0.0632 CHEMBL614983
Mycobacterium fortuitum
RESISTANT Clostridium 0.0598 CHEMBL613074
tertium
RESISTANT Clostridium 0.0470 CHEMBL615027
paraputrificum
RESISTANT Clostridium 0.0470 CHEMBL614968
septicum
Prevotella buccae 0.0454 CHEMBL612234
Bacillus 0.0427 CHEMBL612428
RESISTANT 0.0377 CHEMBL614985
Mycobacterium phlei
Actinomyces israelii 0.0335 CHEMBL614976
Shigella flexneri 0.0296 CHEMBL614396
Mycobacterium kansasii 0.0239 CHEMBL614984
Prevotella intermedia 0.0179 CHEMBL613261
Mycobacterium marinum 0.0146 CHEMBL614987
RESISTANT 0.0041 CHEMBL614419
Peptoniphilus
asaccharolyticus
RESISTANT 0.0041 CHEMBL612380
Peptostreptococcus micros

BC CLC-Pred: Breast cancer cell-line cytotoxicity prediction

This study emphasizes the immediate qualitative and quantitative predictions of ICsyand
IG5 values across nine breast cancer cell lines against the compound 2-(4-allylpiperazin-1-yl)-
1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’. Some cell lines are found to be active and
some are inactives; most of the cell lines are in the applicability domain (AD) according to
suitable (Q)SAR model mentioned in table 5.

Table 5: BC CLC pred of the compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-
tetrazol-5-yl) ethanone’

Name Classification Quantitative
IC50 GI50 pIC50 pGI50
Valu | AD | Valu | AD | Value AD Value AD
e e

Bcap-37 | inacti | +
ve

BT-20 inacti + activ + 6.0795 +
ve e
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Hs-578T | inacti | + | inact | +
ve ive
MCEF7 inact | + | 4.7679 - 5.6349 -
ive
MCF7- | inacti | + 4.5683 +
DOX ve
MCF7R | inacti | + 4.4989 +
ve
MX-1 inacti | + 5.9262 +
ve
T47D inacti | + | Inact - 47822 - 4.6994 -
ve ive
ZR-75-1 | activ + | activ | + | 6.4453 + 6.5533 +
e e

‘+’ - the structure of compound is in the applicability domain of the appropriate (Q)SAR model;
‘-” - the structure of compound is out the applicability domain of the appropriate (Q)SAR model

DIGEP-Pred: Prediction of drug-induced changes of gene expression profile

It is an online tool for predicting drug-induced changes in gene expression profiles based on
formulasof structures. The prediction results, the UpRegulation and DownRegulation score, and
the gene responsible for drug-induced changes are shown in table 6.

Table 6: DIGER-Pred. of the compound ¢2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-
tetrazol-5-yl) ethanone’

Prediction | UpRegulation Gene DownRegulation Gene
result Pa | Pi Pa | Pi

mRNA 0.577 | 0.103 | SLC2A4 [12,13] - -
based

Protein 0.630 | 0.059 | NFE2L2 [14,15] - -
based

MCF7 based | 0.641 | 0.046 HMOX1[16] 0.537 0.119 ZNF142
0.569 | 0.106 | MAPIB [17,18] 0.518 0.115 | ALDH1A3
[19,20,21]

0.513 | 0.064 ZNF451

VCAP_6h | 0.705 | 0.041 HSPAS [22] 0.741 0.035 ZNF711
based 0.514 | 0.072 KDM3A [23] - -

VCAP_24h | 0.508 | 0.115 ASPM [24,25] - -

based
Overlap
count
Combination 2 CBR3 2 0 CBR3
prediction [26]
result 0 DPH2 2 2 DPH2
[27]
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2 UGDH 2 0 UGDH
[28]

Discussion

The Way2drug software has been utilized to predict direct interactions amongst the compound
‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’ and available 930
human protein targets. The proteins identified as potential drug targets for both direct and
indirect interactions predominantly belong to various enzymes class, including: unclassified
protein, kinase, nuclear receptor, reader, proteases, hydrolases, phosphatases, voltage-gated ion
channel, family A G protein-coupled receptors, cytochrome P4so, phosphodiesterase, writer,
membrane receptors, ligand gated ion-channel, other ion-channel, lyases, family B G protein-
coupled receptors, electrochemical transporters, other cytosolic protein, and other proteins as
mentioned in table 1 and 2. A higher confidence score suggests a higher probability that the
positive prediction is correct (confidence > 0). The confidence score for all the target proteins is
greater than 0, indicating that the compound falls within the applicability domain. With the help
of PASS software, we foretold kinase targets to inform the molecular procedure of compound 2-
(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’. Protein kinases
projected by the analysis were envisioned by plotting them on a dendrogram that illustrated the
human kinome and its relations as shown in figure 2. On the basis of analogous chemical
similarity, our search arranges predicted kinase targets for the compound ‘2-(4-allylpiperazin-1-
yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’, including  Dual specificity mitogen-
activated protein kinase kinase 7 with a confidence of 0.48 and prediction accuracy of 0.69,
Interleukin-1 receptor-associated kinase 4 with a confidence of 0.38 and prediction accuracy
score of 0.83, Serine/threonine-protein kinase PAK 2 with a confidence score of 0.34 and
prediction accuracy of 0.77, Mitogen-activated protein kinase 6 with a confidence of 0.33 and
prediction accuracy of 0.71, Receptor protein-tyrosine kinase erbB-4 with a confidence of 0.31
and prediction accuracy of 0.8, Tyrosine-protein kinase BLK with a confidence of 0.29 and
prediction accuracy of 0.76, Epidermal growth factor receptor erbB1 with a confidence score of
0.27 and prediction accuracy of 0.96, Mitogen-activated protein kinase 4 with a confidence of
0.23 and prediction accuracy of 0.78, Interleukin-1 receptor-associated kinase 1 with a
confidence of 0.22 and prediction accuracy of 0.74, Dual-specificity tyrosine-phosphorylation
regulated kinase 2 with a confidence of 0.16 and prediction accuracy of 0.82, Tyrosine-protein
kinase TXK with a confidence of 0.15 and prediction accuracy of 0.8, MAP kinase-activated
protein kinase 3 with a confidence of 0.14 and prediction accuracy of 0.74, MAP kinase-
activated protein kinase 5 with a confidence of 0.11 and prediction accuracy of 0.78, Receptor
protein-tyrosine kinase erbB-2 with a confidence of 0.11 and prediction accuracy of 0.97,
Activin receptor type-1B with a confidence of 0.08 and prediction accuracy of 0.78,
Serine/threonine-protein kinase PLK1 with a confidence of 0.07 and prediction accuracy of 0.92,
Misshapen-like kinase 1 with a confidence of 0.06 and prediction accuracy of 0.73,
Serine/threonine-protein kinase Aurora-C with a confidence of 0.03 and prediction accuracy of
0.71, and Macrophage colony stimulating factor receptor with a confidence of 0.01 and
prediction accuracy of 0.85 as presented in table 3. Molecules through MIC standards lesser than
10000 nM categorizing as “actives” for AntiBac-pred. By this dataset, PASS categorize drug-like
molecule as “actives” and “inactives” in contrast to 353 bacteria. The compound ¢2-(4-
allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’ was considered as ‘actives’
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against 20 bacterial strains such as Porphyromonas asaccharolytica, Prevotella oralis,
Actinomyces meyeri, Finegoldia magna, Bacillus cereus, Mycobacterium tuberculosis,
Mycobacterium fortuitum, Clostridium tertium, Clostridium paraputrificum, Clostridium
septicum, Prevotella buccae, Bacillus, Mycobacterium phlei, Actinomyces israelii, Shigella
flexneri, Mycobacterium kansasii, Prevotella intermedia, Mycobacterium marinum,
Peptoniphilus asaccharolyticus, and Peptostreptococcus micros mentioned in table 4.

AntiFun permits handlers to predict that the test compound can prevent the growth of any of 38
fungi at concentrations lesser than 5000 nM. The compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-
nitrophenyl)-1H-tetrazol-5-yl) ethanone’ was found to be active against one fungus Mucor as
shown in table 4.

AntiVir consents users to expect that molecules with activity, IC50, Ki, EC50 or Kd < 10 000
nM were categorizing as “actives”. PASS prediction is performed to classify the synthesized
compound to 66 proteins of 56 viruses. The compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-
nitrophenyl)-1H-tetrazol-5-yl) ethanone’ was considered as ‘actives’ against 2 viruses severe
acute respiratory syndrome coronavirus 2 of target protein Replicase polyprotein lab and
infectious bronchitis virus of target protein 3C-like protease as listed in the table 4.

Breast cancer cell-line cytotoxicity prediction highlights the immediate qualitative and
quantitative calculations of ICsy and 1G5, values athwart nine cell lines of breast cancer including
Bcap37, BT-20, , MCF7, MCF7-DOX, Hs-578T, MCF7R, MX1, T47D, and ZR-75-1. against
the compound °2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’. On
the basis of 1Csg values of qualitative classification, including Bcap37, BT-20, Hs-578T, MCF7,
MCF7-DOX, MCF7R, MXI1, T47D found to be inactive, only ZR-75-1 found to be active
against the compound and Bcap37, BT-20, Hs-578T, MCF7-DOX, MCF7R, MX1, T47D, and
ZR-75-1 belongs to the applicability domain. On the basis of Glsp scores of qualitative
classification, BT-20 and ZR-75-1 found to be actives whereas Hs-578T, MCF7, and T47D
found to be inactive against the test compound; BT-20, Hs-578T, MCF7, and ZR-75-1 belongs to
the applicability domain. On the basis of ICsy values of quantitative classification, MCF7-DOX,
MCF7R, MX1, and ZR-75-1 belongs to the applicability domain. On the basis of Glsg scores of
quantitative classification, BT-20 and ZR-75-1 belongs to the applicability domain according to
suitable (Q)SAR model listed in table 5.

DIGEP-Pred is an online tool for foreseeing drug-induced changes in gene expression outlines
created on structure-based formulas. The mRNA-based prediction involves the gene SLC2A4 in
UpRegulation, the protein-based prediction includes the gene NFE2L2 in UpRegulation, the
MCF7-based includes HMOX1, MAP1B, and ZNF451 genes in UpRegulation, and ZNF142 and
ALDHIA genes in DownRegulation, the VCAP_6-based comprises HSPA8 and KDM3A genes
in UpRegulation and ZNF711 gene in DownRegulation, and the VCAP_24-based comprises of
the gene ASPM in UpRegulation listed in table 6.

The in-silico pharmacological prediction analysis results validate with the computational
assessment, sustaining the pharmacologically vigorous basis of the test compound. This
configuration accentuates the feasibility of proceeding further with probable hits recognized
through the valuation process.


https://www.way2drug.com/micf/alist.html
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Conclusion

The compound ‘2-(4-allylpiperazin-1-yl)-1-(1-(4-nitrophenyl)-1H-tetrazol-5-yl) ethanone’
displayed stronger antibacterial activity. Furthermore, assessment of pharmacological properties
prediction revealed that the synthesized compound possesses essential PASS targets, KinScreen
analysis, biological activity, breast cancer cell-line cytotoxicity, and drug induced variations of
gene expression profile and it make test compound a worthwhile applicant for drug advancement.
This study underscores how our technique facilitates the discovery of novel, promising structures.
In conclusion, it abridges the inferences of the assumptions about the potential of the new
compounds as anti-bacterial drugs.
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