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ABSTRACT

Imaging technologies have made a significant improvement
in the past few decades and their application made a
great impact on accelerating the process of drug discovery
and development. The ability to non-invasively image an
animal model or co-cultured live cells and validate potential
drug target, biomarkers of drug efficacy and assess a
pharmacological drug interaction significantly contributes
to the process of translating molecules into medicines.
This paper summarizes current trends in bio-imaging
technologies and their application on the process of drug
discovery. In particular, High Content Screening (HCS) and
Virtual Screening (VS) are reviewed, and their respective
examples are discussed to gain insight into state-of-the-art
bio-imaging methodologies used for extracting knowledge
and its application to drug discovery. This paper argues
the need to reduce the gap between experimental (e.g. HCS
based assays) and theoretical (e.g. VS based assays) assays.
Although HCS and VS are leading drug discovery choices
for the pharmaceutical industry and such investigations
have been carried out in their respective campaign, the
potential effects of these approaches together to facilitate
the process of drug discovery has rarely been reported.
Further, the prevalent research trends on developing
hybrid approaches such as VS complementing HCS implies
substantial enhancement to the goal of reliable drug
candidate identification.
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1. INTRODUCTION

It is critical for the pharmaceutical industry to refine
streamline processes which early identify the candidate
molecule for further clinical development. Early pivotal
stages of drug-screening and preclinical testing, accelerate
speed and quality of decision-making, improve efficiency,
provide accurate predictivity for clinical experimentation
and can save a lot of money. Imaging techniques (ITs) used
in drug discovery platforms uniquely provide quantitative
information, accurately assessing every part of the process.
The focus of this review is to present the imaging
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techniques used in drug discovery stage which have
made a significant step beyond prevailing methods of
digital imaging. The advantages of High Content Screening
(HCS) and Virtual Screening (VS), in their individual
campaigns, as well as approaches developed from their
combination are creating new knowledge from a massive
number of throughputs without extensive human interaction
fundamentally changed the concept of drug discovery.

The paper organization is as follows: In the next section
a brief description of drug discovery and development
multilayer process is presented. Section [ is a review,
describing the multiplicity of digital imaging applied
through all stages. A detailed representation of the wide
scope and complexity of HCS and VS technologies in drug
discovery process with examples, is made in section [4] This
leads to a discussion on the attributes of HCS and VS for
drug discovery, which is presented in section [5| and finally
section[f|presents with concluding remarks and furture trend
in drug discovery.

2. OVERVIEW

Generally, for approval of a new drug from beginning takes
more than 10 years, making the drug development process
a lengthy, high-risk, and costly endeavor. Furthermore, in
2013, among more than 5000 medicines in development,
less than 1% of those were approved by the Food and
Drug Administration (FDA) [3]. The selection of promising
drug candidates is critical in the early phase of successful
drug development. Advances in imaging techniques both
from hardware and software perspectives, are making their
contributions at different stages of the drug discovery
and development process. A typical drug discovery and
development process consists of five stages (shown in
Figure . 1. Target selection, 2. Drug discovery, 3. Drug
development, 4. Drug approval and 5. Clinical use. In the
following section, a brief review of imaging techniques for
drug discovery is described.

3. REVIEW OF THE IMAGING TECHNIQUES IN
DRUG DISCOVERY

Imaging sciences have grown exponentially during the past
three decades, and many techniques, such as magnetic
resonance imaging, nuclear tomographic imaging, and
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Fig. 1: Top Row: An illustration of stages involved in Drug Discovery and Development process. Middle Row: Number of years
(approx.) needed for different stages of the drug discovery and development lifecycle. Bottom Row: Types of assays involved at

different stages.

X-ray computed tomography have become indispensable in
clinical use. Following sections present a brief review of
some of the imaging techniques for different stages of drug
discovery.

3.1 Target identification

Advantages of imaging technology advances can be explored
to identify new targets [41] at the earliest stage of
drug discovery and development process. For example,
Drevets et. Al. in [12] could find lower metabolic activity
and decreased cortical volume in patients with bipolar
and unipolar depression by imaging the medial prefrontal
cortex (MPFC). They measured the brain activity from rate
of glucose metabolism and positron emission tomographic
(PET) images of cerebral blood flow. An extended study of
this work can be found [13].

3.2 Drug discovery

A brief review of the imaging techniques used in sub-phases
namely compound screening and compound optimization
for drug discovery are presented.

3.2.1 Compound screening. The compound screening phase
aims to find the ‘hit” molecule. For this purpose, a plethora
of compound screening assays are developed such as
cell-based assay [13], virtual screening [6] 35| 28] etc.
Fluorescent-imaging Plate Reader (FLIPR)

The fluorescent-imaging plate reader (FLIPR) utilizes the
charge-coupled device, imaging of the whole plate and
captures the fluorescent readouts. [43]. FLIPR enables
functional screening of the largest membrane proteins in
the human genome, G protein-coupled receptors (GPCRs).
FLIPR enables functional screening of the largest membrane
proteins in the human genome, G protein-coupled receptors
(GPCRs). FLIPR is sensitive, homogenous, amenable to
automation but cannot be used for inverse agonist screens,
and suffers from fluorescence quenching [46]].

High-through Put Screening (HTS)/High-content screening
(HCS)

High content screening is an automated imaging approach

which consists of both the acquisition and analysis of
digital images in a multi-well microtiter plate with and
without other substrates. High content screening differs
from high-throughput screening in regards to its capability,
to simultaneously monitor multiple phenotypes. On the
other hand, HTS measures a signal averaged over all cells
within a microplate well. Hence, HCS provides deeper
insights into biological processes [29]. With technological
advancements in imaging, fast automated microscopes
capable of auto-focusing and sample positioning acquire
high-resolution images. Integrated software platforms
coupled with the automated microscope are running the
analysis by extracting quantitative measurements at the
pixel level from acquired digital images in an unbiased
manner. This multiparametric quantitative data is a result
of the algorithmic extraction of number, size, texture,
fluorescent distribution, fluorescent intensity changes per
pixel, the spatial distribution of objects, statistical analysis,
application of deep learning methods to detect unusual
cell morphologies and network access to databases via
commercial or open source components [39]. Besides the
technological advancements, development in HCS assays
highly depends on physiologically relevant models which
include — primary cells, engineered cell lines, 3D-cell
cultures and whole organisms. The pharmaceutical industry
has been implementing HCS technology in all stages of
contemporary drug discovery, and it is considered as
a mainstream technology [51]. The process results are
optimized, by increasing target confidence, decreasing
the time taken for screening drug libraries, reducing the
number of animals in experiments, better exclusion criteria,
reproducible endpoints and a better understanding of
preclinical pharmacology. Virtual screening

Virtual Screening (VS) approaches provide the possibilities
to process molecules that are physically non-existent
in an investigators collection and can readily acquire
through purchase or synthesis. [4]. Thus, making this
type of compound screening time and cost-effective as
compared to alternative compound screening techniques.
Based on the target or existing ligands information, VS
can be divided into two approaches; structure-based



VS (SBVS) and ligand-based VS (LBVS). SBVS aims to
understand the molecular basis of a disease by using the
known three-dimensional (3D) structure of a biological
target in the process. The available protein (3D)structure
of interest and a synthesized compound library of small
molecules is investigated by docking into the active site
of the biochemical target using computer algorithms and
scoring [48,17,122]]. LBVS explores biological data to identify
known active or inactive compounds form biological data
to retrieve other potentially active molecular scaffolds based
on similarity measures such as common descriptor values.
A combination of these two approaches has also been
proposed previously [42].

Recently, SBVS has been proven to be more effective than
the other traditional ways of drug discovery [30]. In SBVS,
a 3D structure of the target for processing is obtained
from imaging techniques such as X-ray, NMR or neutron
scattering spectroscopy, besides homology modeling, or
from Molecular Dynamics (MD) simulations. However,
SBVS approaches are prone to shortcomings such as tools
developed for specific cases, struggle with very potent leads,
unable to perform in congeneric series etc., making its use in
drug discovery debatable.

3.2.2 Compound optimization. High attrition rate of
compounds entering the clinical phase implies that
academic-industry partnerships could really add value
preclinically and this eventually could help bring more
effective drugs to patients. For lead optimization, techniques
such as hit evaluation [7], (Bio)isosteric replacements [18]
and hit fragmentation [44] could be used. However, these
techniques are beyond the scope of this review and will not
be discussed further.

3.3 Drug development

Non-invasive molecular imaging is making a great
contribution towards chronic investigational animal models,
to image the same animal at different stages of disease
progression, and extract data for the consistency of drug
effect and safety profile over a long period of treatment.

For use of imaging, to be considered reliable in drug
development, it needs to be robust, quantitative and
easy to implement across multiple centers which poses
a major challenge. For data acquisition and analysis
including applications for small animals, a variety
of imaging modalities are available such as Positron
Emission Tomography (PET), Single-Photon Emission
Computed Tomography (SPECT), optical imaging, Magnetic
Resonance Imaging/Spectroscopy (MRI/MRS), ultrasound
and computed tomography (CT).

Using PET by [5] and SPECT by [27], promising results for
drug development have been reported with a premise of the
translation of preclinical studies into clinical applications.
Different imaging modalities give complimentary rather
than competitive results, and the choice of appropriate
imaging technique primarily depends on the specific
question to be addressed. It can be concluded that a
combination of different imaging modalities holds great
promise.
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4. HCS AND VS ASSAYS IN DRUG DISCOVERY

This section discusses the impact of imaging techniques on
drug discovery with the aid of recently reported examples;
an HCS assay example reported and VS assay example from
[24].

4.1 HCS Assay

High content screening is effectively wused for
multiparametric measurement of early cytotoxicity testing
and cell health assessment, during the drug discovery
process. Upon treatment, drugs are mainly metabolized
by the liver or in other words, enzymatically converted
into less active or inactive compounds. Water-soluble drug
metabolites are then easily excreted by the kidney [40]. Some
of the routinely screened biomarkers in drug-induced liver
injury and toxicity are mitochondrial dysfunctions, plasma
membrane permeability, oxidative stress, accumulation of
lipids in lysosomes and defects in lipid metabolism. In an
HCS assay, depolarization of mitochondrial potential in
living cells is possible by using MitoTrackers organic dyes
[32, 38, 21]. These fluorescent dyes, stain mitochondria
in live cells and their accumulation are dependent on
membrane potential and measure membrane dysfunction.
This physiological parameter is in correlation with cells’
capacity to produce ATP (adenosine triphosphate) and deal
with oxidative stress.

A multiparametric HCS assay demonstrating mitochondrial
health and cytotoxicity is shown in (Figure 2a). In the
experiment, human liver cancer cell line Hep G2, displaying
robust morphological and functional differentiation is
chosen as a suitable model for ‘in vitro” studies [36]. Cells
are stained with three different dyes, to detect in detail
the processes that occur after being treated with 10uM and
120uM dose of Valinomycin for 24h. Valinomycin is an
ionophore which can destroy the electrochemical gradients
of membranes and lead to cell death. The Image-iT®
DEAD Green™ fluorescent dye is permeant for cells which
plasma membranes are compromised and does not affect
healthy cells. MitoHealth stain in red and is a reagent
that accumulates in active mitochondria thereby the signal
decreases when mitochondrial membrane depolarises. The
third signal in blue is from Hoechst nuclear stain which gives
signal from the nuclei of cells that has not lost their integrity
and intensity decline, measuring the quantity of cell loss.

Control cells not treated with Valinomycin are shown
on the left side of panel A in (Figure with intact
plasma membranes and strong visualisation of their active
mitochondria in red and functional nuclei in blue. The
administration of 10 uM Valinomycin, rapidly changes
the fluorogenic excitation with almost complete loss of
active mitochondria, a weak signal of compromised plasma
membranes and small number of lost cells. When 120
uM Valinomycin are administered the level of cytotoxicity
increases and the excitation from mitochondria, and nuclei
significantly decrease while excitation from compromised
plasma membrane increases. After data analysis, according
to fluorescent intensity changes per pixel, the half-maximal
dose response (EC50), can be calculated with a great accuracy
for each biomarker. The HCS in vitro fluorescence-based
method is routinely used for early cytotoxicity testing in



International Journal of Computer Applications (0975 - 8887)

Volume 182 - No.6, July 2018

Control 10 um 120 pM
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(a) Representative images showing the fluorescent excitation
from cells in the control well (left), cells treated with 10
uM Valinomycin (middle) and cells treated with 120 uM
Valinomycin (right).
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(b) Dose-response curves, showing the change in the intensity
of fluorescent excitation according to the concentration of
Valinomycin. Imaging and analysis of the experiment was done
on a Thermo Scientific Cellomics® ArrayScan® VTI [34].

Fig. 2: A multiparametric HCS assay demonstrating mitochondrial health and cytotoxicity.

order to predict which chemical entities should proceed in
drug development stage.

4.2 VS assay

To elaborate the virtual screening process for drug
discovery, authors of [25, 24] evaluated common virtual
screening tool, which is used to identify novel bioactive
molecules for cyclooxygenases-1 and -2 as representatives
of classical enzymes [25] and to identify novel peroxisome
proliferator-activated receptor (PPAR7y) ligands [24]. PPARy
belongs to nuclear receptor class, and is a valuable drug
target. These upon activation, form heterodimers with the
retinoid X receptor (RXR) that regulates the expression
of genes involved in adipogenesis, lipid homeostasis, and
glucose metabolism [8]. Research on these receptors focuses

on the discovery of novel partial agonists since full activation
of the nuclear receptor adds to unwanted side effects.
An example of such case is evaluated by [24] which by
employing pharmacophore, shape-based virtual screening
and docking, independently and in parallel to identify
novel PPAR+y ligands. These models are briefly explained
to elaborate its effectiveness in the drug discovery. For all
three models, virtual screening of the commercial Maybridge
databasdllwas used.

For pharmacophore modeling, 10 models from five Protein
Data Bank (PDB) entries (2Q5S, 3HOA, 2Q5P, 3FUR, and
3QT0), and one additional ligand-based model generated
with LigandScout 3.1 [24], were used. Three optimized

lwww.maybridge.com
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(@) A. based on the crystal structure of PPARy in complex
with the partial agonist nTZDpa (PDB entry 2Q5S). B. based on
the crystal structure of tetrahydronaphthalene derivative 1 in
complex with PPAR~y (PDB-entry 3HOA) C. ligand-based model
generated with the known partial agonists GQ-16 2 and PA-082

(b) The models were generated with (A) nTZDpa (PDB-entry
2Q5S), (B) MRL24 (PDB-entry 2Q5P), (C) INT131 (PDB-entry
3FUR), (D) telmisartan (PDB-entry 3VN2), and (E) one
low-energy conformation of the known partial agonist
isoxazolone derivative 4.

Fig. 3: a) Pharmacophore models for PPARy partial agonists. b) Shape-based models for PPARy partial agonists [24].

models were selected as shown in Figure [Ba[A-C), based
on their ability to find the majority of compounds in the
“partial agonist” dataset. In the prospective screening of
the commercial Maybridge database (52,000 entries), 9231
unique compounds mapped at least one of the models
and virtual hits were ranked by their relative geometric
pharmacophore fit score [24].

Secondly, employing shape-based modelling, 50 models
using VROCS 3.0.0 tool [2] were generated and a selection
of best performing models were chosen. The co-crystallized
ligands of PPARYy -compound complexes were selected
for model generation, as they describe the biologically
relevant conformations. It also contains a model based on,
one low-energy conformation of the known partial agonist,
isoxazolone derivative 4, which has identified most of
the compounds in the “partial agonist” dataset. The final
shape-based models are depicted in Figure @l (a-e). Color
features were added to refine the shape models: green
sphere, ring feature; red sphere, anion; blue sphere, cation;
yellow sphere, hydrophobic; red mesh, hydrogen bond
acceptors (HBA). For all virtual hits, the relative ComboScore
calculated from shape and color features, was subsequently
used to rank all mapping compounds. Table[T|also known as
prediction matrix, contains list of selected compounds and
their relative ComboScores.

Further, docking process, that contributes to predicting both
the strength and type of signal produced, was generated
with GOLD v5.2 [23}[1] tool, using the eight crystal structures
2Q58S, 2Q5P, 2Q6S, 2YFE, 3FUR, 3V9Y, 4A4V, and 4A4W [24].
As a result 809 unique compounds were docked into the
binding site of PPARy with a GoldScore of >124.0. Virtual
hits were ranked by their GoldScore (shown in Table [i).
Top 10 compounds from virtual hit ranking list for each

of the three models are further investigated. Overall hit
list obtained from the three models contains 29 unique
compounds as shown in Table [I} All these compounds
are subject to further investigation with the external
bioactivity profiling tools such as SEA [26], PASS [16] and
PharmMapper [31] (shown in Table [I). Lastly, biological
testing could confirm the binding of nine out of the 29
selected test compounds.

5. DISCUSSION

HTS/HCS and VS are conceptually different (experimental
vs theoretical) but widely used for lead compound discovery.
On the one hand, both strategies have their advantages
and limitations when employed individually(summary
presented in Table [2). On the other hand, a combined
approach can impact favorably on lead compound discovery
due to synergies between VS and HTS technology.
This section briefly discusses the potential impact of
VS-HTS/HCS approaches. One of the major challenges for
HTS/HCS is the need for a large and diverse source of
compounds. This particularly affects smaller pharmaceutical
companies. VS methods such as presented by an example
in section showed the ability for compounds selection.
Such utility of VS techniques provides augmentation of
in-house compound databases. Furthermore, the availability
of quality compound libraries can benefit HTS/HCS before
the screening. This can be achieved by compound filtering,
to enrich libraries with molecules that have preferred
properties. Therefore, it is vital that the compound filtering
4.2) achieved by VS methods, is applied as a ‘front-end’
technique, before screening such as reported in [10, [49].
HTS/HCS assays are prone to errors, both random errors,
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Table 1. : Prediction matrix for overall hit list. Values obtained in the top-ten hit lists of the respective methods are highlighted

in bold.

\ |  Name | LigandScout® | ROCS? | GOLD® | SEAY | PASS® | PharmMapperf | Activity™ |
‘ ‘ Compound 5 ‘ 0.97" ‘ - ‘ - ‘ - ‘ - ‘ - ‘ - ‘
\ | Compound 68 | 0.971 | 12188 | - | - | - ] - \ - \
‘ | Compound?7 | 0.97h |- T e B - ‘ - ‘
‘ Top-ranked pharmacophore modelling hits ‘ Compound 8 ‘ 0.96" ‘ - ‘ - ‘ - ‘ - ‘ - ‘ - ‘
‘ ‘ Compound 9 ‘ 0.96" ‘ - ‘ - ‘ - ‘ - ‘ - ‘ + ‘
‘ ‘ Compound 10 ‘ 0.96" ‘ - ‘ - ‘ - ‘ - ‘ - ‘ ‘
‘ ‘ Compound 11 ‘ 0.96" ‘ - ‘ - ‘ - ‘ - ‘ - ‘ - ‘
‘ ‘ Compound 12 ‘ 0.96" ‘ - ‘ - ‘ - ‘ - ‘ - ‘ + ‘
‘ ‘ Compound 13 ‘ 0.96" ‘ - ‘ - ‘ - ‘ - ‘ - ‘ - ‘
‘ | Compound 14 | 0.95! ‘ - ‘ - ‘ - |- - | - |
‘ ‘ Compound 15 ‘ - ‘ 1.265% ‘ - ‘ - ‘ - ‘ 0.607 ‘ + ‘
‘ ‘ Compound 16 ‘ - ‘ 1.254) ‘ - ‘ - ‘ - ‘ - ‘ - ‘
‘ | Compound 17 | - | 12510 | S - ‘ - ‘
‘ Top-ranked shape-based modelling hits ‘ Compound 18 ‘ - ‘ 1.233! ‘ - ‘ - ‘ - ‘ - ‘ + ‘
\ | Compound 19 | 0.93" | 12172 | - | - | - ] - \ - \
‘ ‘ Compound 20 ‘ - ‘ 1.198) ‘ - ‘ - ‘ - ‘ - ‘ - ‘
‘ ‘ Compound 21 ‘ - ‘ 1.196! ‘ - ‘ - ‘ - ‘ - ‘ - ‘
\ | Compound 22 | 0.93" | 11920 | 127019 | - | - | - \ - \
‘ ‘ Compound 23 ‘ - ‘ 1.189% ‘ - ‘ - ‘ - ‘ - ‘ - ‘
| | Compound 24 | - | - | 146.089 | 9.93¢™4 | - | - | + |
| | Compound 25 | - | - | 144.178 | - [ - ] 0.634 | - |
\ | Compound 26 | - \ - | 141.653 | - [ - - \ + \
| | Compound 27 | - | - | 141.154 | - [ - ] - | - |
\ Top-ranked docking hits | Compound 28 | - | 1o11' | 10461 | - | - | - | -
| | Compound 29 | - | - | 139.719 | - [ - ] - | + |
\ | Compound 30 | 0.93" | - | m9ssa| - | - ] - \ - \
| | Compound 31 | - | - | 138.331 | - [ - ] - | - |
| | Compound 32 | - | - | 37.578 | - [ - ] - | + |
\ | Compound 33 | - \ - | 136.966 | - [ - - \ - \
2 Only highest relative pharmacophore fit score is listed for every compound, high values are desirable.

b Only highest relative ComboScore is listed for every compound, high values are desirable.

¢ Only highest GoldScore is listed for every compound, high values are desirable.

d Only lowest E-value below the activity cut-off is listed for every compound, low values are desirable.

¢ Only Pa values above activity cut-off are listed, high values are desirable.

f Highest relative pharmacophore fit score retrieved with a model with at least 6 features, high values are desirable.

& Consensus hit ranked in the top-ten of both the pharmacophore- and shape-based modeling hit list.

h Identified with model pm-2q5s.

! Identified with model pm-3h0a.

) Identified with model shape-2q5s.

K Identified with model shape-3vn2.

! Identified with model shape-3fur.

™ + active in the biological testing, - inactive in the biological testing.

such as noise, and systematic errors that are associated that is required for predictive models of activity for database
with consistent or over-underestimated activity across the mining. Finally, the compound reusability factor is a major
screening collection [11) [14]. This has also been reflected HTS/HCS issue. Nevertheless, in section VS techniques
by examining the examples discussed in section To allowed to analyze the known crystal structure. Such
mitigate this limitation, VS can play key role in extraction of VS techniques allow the creation of compound subsets.
knowledge from HTS experiments and the data derivation These compound subsets are biased towards the target
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\ Type Effectiveness | Integration and automation | Cost | Drug target knowledge |
HTS/HCS benefits HTS/HCS are still costly
from automation. because of the large
Experimental, testing depends on However, integratin 'ever amount of resources no prior target
HTS/HCS as may compounds P d d X s Integ d 8 required in relation information is
as possible compounds screene . Increasing acvances to the number required
in computational technologies .
R of active compounds
pose a continuous challenge N
discovered
VS benefits b.o th cost effective - after a large
. from automation, £ .
theoratical, uses prior depends on quality and integration with number of possible new .
biological i,n formation and completeness state-of-the-art ligands are found, detailed knowledge
\'S giea ! . of input training N only then these active of the target
to identify active £ del computational approaches d . ired
compounds. sets formodel contributing to overall task of compouncs 1s require
generation and validation . are purchased and
compound screening and tested
optimization for drug discovery :
Table 3. : Successful applications of vHTS.
Target Main contribution Method Reference
DNMT Nanaomycin as selective Structure-based 671

DNMT3Db inhibitor

Chk-1 kinase

Thirty-six inhibitors with
IC50values between
68nM and 110pyM

Ligand-centric,
pharmacophore-based [33]
and structure-based

mGlu4 receptor

Six agonists from a library of
720 000 compounds

Structure-based 1471

Neurokinin-1 receptor

One compound with

1C50 = 0.25uM

Pharmacophore-based and [15
structure-based .

Fructose 1,6-

Three compounds
from ZINC6 database

EC50 = 60 nM.

bisphophatase with IC50 values Structure-based (201
between 1.1 and 32 yM
Serine/Threonine Substituted 2-arylbenzothiazoles Structure-based 5]

and tyrosine kinases

class for which structure-activity relationships (SARs) exist
across the different lead chemotypes or active sites [19].
These compound subsets, also known as focused screening
(illustrated in the appendix), can provide sufficient hits
in the drug discovery phase, without screening the whole
molecular inventory.

In light of these complimentary benefits offered by VS
and HCS in the individual campaigns, further research
developing hybrid approaches could mitigate their
limitations and increase the efficiency of the drug discovery
process. Some of the successful approaches based on the
combination of VS and HCS are summarized in Table [3
below.

6. CONCLUSION AND FUTURE REMARKS

In this paper, we briefly present a review of the two
leading imaging techniques i.e HCS and VS, used for drug
discovery to identify potential compound candidates. From
disucssion it can be deduced that the ever-increasing amount
of available compound activity and biomedical data is
leading to the emergence of new hybrid approaches from the
HCS and VS. To mine, efficiently large-scale chemistry data
for such approaches make it a plausible solution for drug
discovery. Deep learning techniques provide the flexibility
to create neural network architectures custom-build for
specific problems. Deep learning techniques are more
complex and large at scale. Some of the applications for
deep learning include compound property and activity

prediction, predicting reactions and retrosynthetic analysis,
predict ligand-protein interactions, Benchmark datasets
within chemoinformatics, biological imaging analysis etc.
In the context of drug discovery, deep learning has been
found to be a suitable solution for tasks with structured input
descriptors such as bioactivity prediction [9].

7. REFERENCES

[1] GOLD, webaccess = https://www.ccdc.cam.ac.uk/
solutions/csd-discovery/components/gold/, note =
Accessed: 2018-04-08.

[2] vROCS Version 3.0.0, webaccess = https://wuw.
eyesopen. com/rocs, note = Accessed: 2018-04-08.

[3] Why and how have drug discovery strategies in pharma
changed? what are the new mindsets? Drug Discovery
Today, 21(2):239 — 249, 2016.

Caterina Bissantz, Gerd Folkers, and Didier
Rognan. Protein-based virtual screening of chemical
databases. 1. evaluation of different docking/scoring
combinations.  Journal of Medicinal ~ Chemistry,
43(25):4759-4767, 2000. PMID: 11123984.

Emilio Bombardieri. The added value of metabolic
imaging with fdg-pet in oesophageal cancer: prognostic
role and prediction of response to treatment. European
Journal of Nuclear Medicine and Molecular Imaging,
33(7):753-758, Jul 2006.

[4

—_—

[5

—_


https://www.ccdc.cam.ac.uk/solutions/csd-discovery/components/gold/
https://www.ccdc.cam.ac.uk/solutions/csd-discovery/components/gold/
https://www.eyesopen.com/rocs
https://www.eyesopen.com/rocs

(6]

(11]

(12]

(16]

Kiran Boppana, PK. Dubey, Sarma A.R.P. Jagarlapudi,
S. Vadivelan, and G. Rambabu. Knowledge based
identification of mao-b selective inhibitors using
pharmacophore and structure based virtual screening
models. European Journal of Medicinal Chemistry,
44(9):3584 — 3590, 2009.

Istvan Borza, Sandor Kolok, Aniko Gere, Eva
Agai-Csongor, Bela Agai, Gabor Tarkanyi, Csilla
Horvath, Gizella Barta-Szalai, Eva Bozo, Csilla Kiss,
Attila Bielik, Jozsef Nagy, Sandor Farkas, and Gyorgy
Domany. Indole-2-carboxamides as novel nr2b selective
nmda receptor antagonists. Bio-organic and Medicinal
Chemistry Letters, 13(21):3859 — 3861, 2003.

Vikas Chandra, Pengxiang Huang, Yoshitomo Hamuro,
Srilatha Raghuram, Yongjun Wang, Thomas P. Burris,
and Fraydoon Rastinejad. Structure of the intact
ppar-g-rxr-a nuclear receptor complex on dna. Nature,
456:350 EP —, Oct 2008. Article.

Hongming Chen, Ola Engkvist, Yinhai Wang, Marcus
Olivecrona, and Thomas Blaschke. The rise of deep
learning in drug discovery. Drug Discovery Today, 2018.
Zhi Chen, Hong-lin Li, Qijun Zhang, Xiao-guang
Bao, Kun-qian Yu, Xiao-min Luo, Wei-liang Zhu,
and Hua-liang Jiang. Pharmacophore-based virtual
screening versus docking-based virtual screening:
a benchmark comparison against eight targets.
Acta  Pharmacol Sin, 30(12):1694-1708, Dec 2009.
19935678[pmid].

Plamen Dragiev, Robert Nadon, and Vladimir
Makarenkov. Systematic error detection in experimental
high-throughput  screening. BMC  Bioinformatics,
12(1):25, 2011.

Wayne C. Drevets, Joseph L. Price, Joseph R. Simpson Jr,
Richard D. Todd, Theodore Reich, Michael Vannier,
and Marcus E. Raichle. Subgenual prefrontal cortex
abnormalities in mood disorders. Nature, 386:824 EP —,
Apr 1997.

Wayne C. Drevets, Jonathan Savitz, and Michael
Trimble. The subgenual anterior cingulate cortex in
mood disorders. CNS Spectr, 13(8):663-681, Aug 2008.
18704022[pmid].

Nadine H. Elowe, Jan E. Blanchard, Jonathan D.
Cechetto, and Eric D. Brown. Experimental screening
of dihydrofolate reductase yields a “test set” of 50,000
small molecules for a computational data-mining and
docking competition. Journal of Biomolecular Screening,
10(7):653-657, 2005. PMID: 16170050.

Andreas Evers and Gerhard Klebe. Successful virtual
screening for a submicromolar antagonist of the
neurokinin-1 receptor based on a ligand-supported
homolo model. Journal of Medicinal Chemistry,
47(22):5381-5392, 2004. PMID: 15481976.

D. A. Filimonov, A. A. Lagunin, T. A. Gloriozova, A. V.
Rudik, D. S. Druzhilovskii, P. V. Pogodin, and V. V.
Poroikov. Prediction of the biological activity spectra of
organic compounds using the pass online web resource.
Chemistry of Heterocyclic Compounds, 50(3):444-457, Jun
2014.

Richard A. Friesner, Jay L. Banks, Robert B. Murphy,
Thomas A. Halgren, Jasna J. Klicic, Daniel T. Mainz,
Matthew P. Repasky, Eric H. Knoll, Mee Shelley, Jason K.

International Journal of Computer Applications (0975 - 8887)

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

Volume 182 - No.6, July 2018

Perry, David E. Shaw, Perry Francis, and Peter S.
Shenkin. Glide: a new approach for rapid, accurate
docking and scoring. 1. method and assessment
of docking accuracy. Journal of Medicinal Chemistry,
47(7):1739-1749, 2004. PMID: 15027865.

Pascale Gaillard, Isabelle Jeanclaude-Etter, Vittoria
Ardissone, Steve Arkinstall, Yves Cambet, Montserrat
Camps, Christian Chabert, Dennis Church, Rocco
Cirillo, Denise Gretener, Serge Halazy, Anthony
Nichols, Cedric Szyndralewiez, Pierre-Alain Vitte, and
Jean-Pierre Gotteland. Design and synthesis of the
first generation of novel potent, selective, and in vivo
active (benzothiazol-2-yl)acetonitrile inhibitors of the
c-jun n-terminal kinase. Journal of Medicinal Chemistry,
48(14):4596-4607, 2005. PMID: 15999997.

Andrew C. Good, Stanley R. Krystek, and Jonathan S.
Mason. High-throughput and virtual screening: core
lead discovery technologies move towards integration.
Drug Discovery Today, 5:561 — 569, 2000.

Sabrina Heng, Kimberly R Gryncel, and Evan R
Kantrowitz. A library of novel allosteric inhibitors
against fructose 1,6-bisphosphatase. Bioorganic &
medicinal chemistry, 17(11):3916—3922, June 2009.

Shu-Gui Huang. Development of a high throughput
screening assay for mitochondrial membrane potential
in living cells. Journal of Biomolecular Screening,
7(4):383-389, 2002. PMID: 12230893.

Ajay N. Jain. Surflex-dock 2.1: Robust performance
from ligand energetic modeling, ring flexibility, and
knowledge-based search. Journal of Computer-Aided
Molecular Design, 21(5):281-306, May 2007.

Gareth Jones, Peter Willett, Robert C Glen, Andrew R
Leach, and Robin Taylor. Development and validation
of a genetic algorithm for flexible dockinglledited by
f. e. cohen. Journal of Molecular Biology, 267(3):727 — 748,
1997.

T. Kaserer, V. Obermoser, A. Weninger, R. Gust, and
D. Schuster. Evaluation of selected 3d virtual screening
tools for the prospective identification of peroxisome
proliferator-activated receptor (ppar)y partial agonists.
European Journal of Medicinal Chemistry, 124:49 - 62, 2016.

Teresa Kaserer, Veronika Temml, Zsofia Kutil, Tomas

Vanek, Premysl Landa, and Daniela Schuster.
Prospective performance evaluation of selected
common virtual screening tools. case study:

Cyclooxygenase (cox) 1 and 2. European Journal of
Medicinal Chemistry, 96:445 — 457, 2015.

Michael J. Keiser, Bryan L. Roth, Blaine N. Armbruster,
Paul Ernsberger, John J. Irwin, and Brian K. Shoichet.
Relating protein pharmacology by ligand chemistry.
Nature Biotechnology, 25:197 EP —, Feb 2007.

Henk Kramer, Wendy J. Post, Jan Pruim, and Harry J.M.
Groen. The prognostic value of positron emission
tomography in non-small cell lung cancer: Analysis of
266 cases. Lung Cancer, 52(2):213 - 217, 2006.

Christopher A. Lepre, Jonathan M. Moore, and
Jeffrey W. Peng. Theory and applications of nmr-based
screening in pharmaceutical research. Chemical Reviews,
104(8):3641-3676, 2004. PMID: 15303832.



[29]

(32]

[37]

[39]

Prisca Liberali, Berend Snijder, and Lucas Pelkmans.
Single-cell and multivariate approaches in genetic
perturbation screens. Nature Reviews Genetics, 16:18 EP
—, Dec 2014. Review Article.

Evanthia Lionta, George Spyrou, Demetrios K.
Vassilatis, and Zoe Cournia. Structure-based
virtual screening for drug discovery: Principles,
applications and recent advances. Curr Top Med Chem,
14(16):1923-1938, Aug 2014. CTMC-14-1923[P1I].

Xiaofeng Liu, Sisheng Ouyang, Biao Yu, Yabo Liu, Kai
Huang, Jiayu Gong, Siyuan Zheng, Zhihua Li, Honglin
Li, and Hualiang Jiang. Pharmmapper server: a web
server for potential drug target identification using
pharmacophore mapping approach. Nucleic Acids Res,
38(Web Server issue):W609-W614, Jul 2010. gkq300[PII].

Ying Liu, Battsetseg Batchuluun, Louisa Ho, Dan Zhu,
Kacey J. Prentice, Alpana Bhattacharjee, Ming Zhang,
Farzaneh Pourasgari, Alexandre B. Hardy, Kathryn M.
Taylor, Herbert Gaisano, Feihan F. Dai, and Michael B.
Wheeler. Characterization of zinc influx transporters
(zips) in pancreatic b cells: Roles in regulating cytosolic
zinc homeostasis and insulin secretion. | Biol Chem,
290(30):18757-18769, Jul 2015. M115.640524[P1I].

Paul D. Lyne, Peter W. Kenny, David A. Cosgrove,
Chun Deng, Sonya Zabludoff, John ]. Wendoloski,
and Susan Ashwell. Identification of compounds with
nanomolar binding affinity for checkpoint kinase-1
using knowledge-based virtual screening. Journal of
Medicinal Chemistry, 47(8):1962-1968, 2004. PMID:
15055996.

Bhaskar S. Mandavilli, Robert J. Aggeler, and Kevin M.
Chambers. Tools to Measure Cell Health and Cytotoxicity
Using High Content Imaging and Analysis, pages 33—46.
Springer New York, New York, NY, 2018.

Campbell McInnes. Virtual screening strategies in drug
discovery. Current Opinion in Chemical Biology, 11(5):494
- 502, 2007. Analytical Techniques / Mechanisms.

Stefania Moscato, Francesca Ronca, Daniela Campani,
and Serena Danti. Poly(vinyl alcohol)/gelatin
hydrogels cultured with hepg2 cells as a 3d model
of hepatocellular carcinoma: A morphological study.
Journal of Functional Biomaterials, 6(1):16-32, 2015.

Mendez Lucio Oscar, Tran Jeremy, Medina Franco Jose
L., Meurice Nathalie, and Muller Mark. Toward
drug repurposing in epigenetics: Olsalazine as a
hypomethylating compound active in a cellular context.
ChemMedChem, 9(3):560-565.

Seth  W. Perry, John P. Norman, Justin Barbieri,
Edward B. Brown, and Harris A. Gelbard.
Mitochondrial membrane potential probes and the
proton gradient: a practical usage guide. Biotechniques,
50(2):98-115, Feb 2011. 21486251[pmid].

Obdulia Rabal, Wolfgang Link, Beatriz G. Serelde,
James R. Bischoff, and Julen Oyarzabal. An integrated
one-step system to extract, analyze and annotate all
relevant information from image-based cell screening of
chemical libraries. Mol. BioSyst., 6:711-720, 2010.

H. Remmer. The role of the liver in drug metabolism.
The American journal of Medicine, 49(5):617-629,
2018/04/08 1970.

International Journal of Computer Applications (0975 - 8887)
Volume 182 - No.6, July 2018

[41] Markus Rudin and Ralph Weissleder. Molecular

imaging in drug discovery and development. Nature
Reviews Drug Discovery, 2:123 EP —, Feb 2003. Review
Article.

[42] Georg Sager, Elin O. Orvoll, Roy A. Lysaa, Irina

Kufareva, Ruben Abagyan, and Aina W. Ravna. Novel
cgmp efflux inhibitors identified by virtual ligand
screening (vls) and confirmed by experimental studies.
Journal of Medicinal Chemistry, 55(7):3049-3057, 2012.
PMID: 22380603.

[43] Kirk S. Schroeder and Brad D. Neagle. Flipr: A

new instrument for accurate, high throughput optical
screening. Journal of Biomolecular Screening, 1(2):75-80,
1996.

[44] Bruce G. Szczepankiewicz, Gang Liu, Philip J.

Hajduk, Cele Abad-Zapatero, Zhonghua Pei, Zhili Xin,
Thomas H. Lubben, James M. Trevillyan, Michael A.
Stashko, Stephen ]. Ballaron, Heng Liang, Flora
Huang, Charles W. Hutchins, Stephen W. Fesik, and
Michael R. Jirousek. Discovery of a potent, selective
protein tyrosine phosphatase 1b inhibitor using a
linked-fragment strategy. Journal of the American
Chemical ~ Society, 125(14):4087-4096, 2003. PMID:
12670229.

[45] Stefan Tasler, Oliver Miiller, Tanja Wieber, Thomas

Herz, Stefano Pegoraro, Wael Saeb, Martin Lang, Rolf
Krauss, Frank Totzke, Ute Zirrgiebel, Jan E. Ehlert,
Michael H.G. Kubbutat, and Christoph Schéchtele.
Substituted 2-arylbenzothiazoles as kinase inhibitors:
Hit-to-lead optimization. Bioorganic &  Medicinal
Chemistry, 17(18):6728 — 6737, 2009.

[46] William Thomsen, John Frazer, and David Unett.

Functional assays for screening gpcr targets. Current
Opinion in Biotechnology, 16(6):655 — 665, 2005. Chemical
biotechnology/Pharmaceutical biotechnology.

[47] Nicolas Triballeau, Francine Acher, Isabelle Brabet,

Jean-Philippe Pin, and Hugues-Olivier Bertrand.
Virtual screening workflow development guided
by the “receiver operating characteristic” curve
approach. application to high-throughput docking on
metabotropic glutamate receptor subtype 4. Journal
of Medicinal Chemistry, 48(7):2534-2547, 2005. PMID:
15801843.

[48] Gregory L. Warren, C. Webster Andrews, Anna-Maria

Capelli, Brian Clarke, Judith LaLonde, Millard H.
Lambert, Mika Lindvall, Neysa Nevins, Simon FE.
Semus, Stefan Senger, Giovanna Tedesco, Ian D. Wall,
James M. Woolven, Catherine E. Peishoff, and Martha S.
Head. A critical assessment of docking programs
and scoring functions. Journal of Medicinal Chemistry,
49(20):5912-5931, 2006. PMID: 17004707.

[49] Alisa Wilantho, Sissades Tongsima, and Ekachai

Jenwitheesuk. Pre-docking filter for protein and ligand
3d structures. Bioinformation, 3(5):189-193, Dec 2008.
004100032008[PI1].

[50] Jiirgen K. Willmann, Nicholas van Bruggen, Ludger M.

Dinkelborg, and Sanjiv S. Gambhir. Molecular imaging
in drug development. Nature Reviews Drug Discovery,
7:591 EP —, Jul 2008. Review Article.



[51] Fabian Zanella, James B. Lorens, and Wolfgang Link.
High content screening: seeing is believing. Trends in
Biotechnology, 28(5):237-245, 2018 /04/08 2010.

International Journal of Computer Applications (0975 - 8887)
Volume 182 - No.6, July 2018

10



	Introduction
	Overview 
	Review of the imaging techniques in drug discovery
	Target identification
	Drug discovery
	Compound screening
	Compound optimization

	Drug development

	HCS and VS assays in drug discovery
	HCS Assay
	VS assay

	Discussion
	Conclusion and future remarks
	References

