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Tuberculosis (TB) remains a serious threat to global public health, responsible for an estimated 1.5 million
mortalities in 2018. Discovering new and more potent antibiotics that target novel TB protein targets is an attractive
strategy towards controlling the global TB epidemic. In silico strategies can be applied at multiple stages of the

drug discovery paradigm to expedite the identification of novel anti-TB therapeutics.
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| 1. Introduction

In 1882, Mycobacterium tuberculosis (Mtb) was identified by Robert Koch as the causative agent of tuberculosis
(TB), an infectious disease that continuous to be a relevant threat to global public health, especially in low- to
middle-income countries. The pathogenesis of TB has several risk factors, including HIV infection, malnutrition, air

pollution, type 2 diabetes, alcoholism, and smoking I2IEIAI5],

TB is encountered either as latent TB infection (LTBI), which is non-communicable and asymptomatic &, or active
TB, which is communicable and has symptoms such as fever, weight loss, productive cough, and hemoptysis .
Active infection is also classified depending on the strain: (1) drug-sensitive, (2) multidrug-resistant TB (MDR-TB),
which is resistant to isoniazid and rifampicin, and (3) extensively drug-resistant TB (XDR-TB), which shows
resistance to isoniazid, rifampicin, any fluoroquinolone, and aminoglycoside. Around 1.7 billion people are
projected to suffer from LTBI and are at risk of progressing into active TB infection . The World Health
Organization (WHO) stated that active TB disease can be found in approximately 10 million people and has caused
approximately 1.5 million deaths in 2018. An estimated half million individuals have rifampicin-resistant TB (RR-
TB), of which 78% had MDR-TB. Furthermore, approximately 6.2% are suggested to have XDR-TB from these
MDR cases [&l.

| 2. Current Tuberculosis Management

One of the major challenges in managing TB is the estimated three million ‘missing’ individuals who have
developed active infections but remained undetected or undiagnosed. TB can be deadly if not treated. With the
help of conventional regimen, an estimated 58 million infected individuals were saved from 2000 to 2018. Global
treatment outcome in 2017 shows a success rate of 85% for new TB cases and 56% for those with drug-resistant
TB [,
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2.1. Latent Tuberculosis Infection

Treatment for LTBI are only provided for select groups that have a high risk of transitioning to active TB infection,
including HIV-positive patients, people who were exposed to those with active TB, patients undergoing dialysis for
end-stage renal disease, taking anti-tumor necrosis factor (TNF) medications, preparing for transplant surgery, or
those with silicosis. Depending on whether it is beneficial or not, especially for children below 5 years of age,
exposure to patients with active MDR-TB would require personalized treatment regimens and close observation.
WHO recommended several different treatment regimens for LTBI, including 3 months of rifapentine and isoniazid,
3—4 months of isoniazid and rifampicin, 3—4 months of rifampicin, and 6—9 months of isoniazid 9191 while all these
have established efficacy, poor patient compliance continues to be an issue especially with long treatment periods
[9][10][11]

2.2. Active Drug-Sensitive Tuberculosis

In the last several decades, the treatment strategy for active drug-sensitive TB has not changed from the standard
regimen of first-line drugs rifampicin, isoniazid, pyrazinamide and ethambutol (Figure 1) for the first 2 months
continued by isoniazid and rifampicin for the next 4 months 2131 While this treatment procedure is highly
efficacious and successful, its long duration primarily leads to poor patient compliance. This has long been an
issue in TB management, necessitating monitoring protocols like the directly observed therapy (DOT), wherein a
health professional directly supervises each dose intake 4. Another issue brought about by the prolonged
treatment is drug toxicity resulting in numerous adverse effects such as skin rash, gastrointestinal intolerance,
neuropathy, arthralgia, increase in liver enzymes, hepatitis, immune thrombocytopaenia, agranulocytosis,
haemolysis, renal failure, optic neuritis, and ototoxicity L2261,

https://encyclopedia.pub/entry/17615 2/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

First-line TB drugs

NH,
O. NH N
h N LOH |
\/\ H2N J
N Ho/j N N
| o)
N
\
Isoniazid o =0 Rifampicin Ethambutol Pyrazinamide
Second-line TB drugs
Fluoroquinolones Injectables
OH OH HO NH,
HoN_ HO\O)
HO "~ © NH, HO* O NH,
O~ 0. i
HO‘TQ"’NHQ HO” ™" NH
HoN 0_.0 HO 0_.0 0 OH
HO™ “OH HO™ “OH
HO"~0O HO NH, NH,
Levofloxacin Moxifloxacin Streptomycin Kanamycin Amikacin
Other alternative drugs
o}
HN._SH HO__O O
HO //(
F
= | HN\ «N H2 r\t\i
NS
N O NH, NH
Ethionamide Cycloserine Aminosalicylic Acid Linezolid >'=0
Newly approved drugs
o-
=\ NN
OO ey
o N=( }...o
O O
0 xF
FA FF
AN F F

Delamanid

Bedaquiline

Pretomanid

Figure 1. First- and second-line drugs approved for tuberculosis treatment.

2.3. Multiple and Extensively Drug-Resistant Tuberculosis
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Failure to complete the full TB regimen leads to disease relapse and drug resistance, which is more challenging to
treat. A specific regimen can be designed depending on the resistance profile of the TB strain in a patient [1ZI18],
These treatments are often of longer duration (18 months or more) and utilize the more expensive second-line
drugs (Figure 1) which have uncertain efficacy and high toxicity, resulting in poorer compliance and undesirable
outcomes. To mitigate these issues, an updated seven-drug regimen guideline for the treatment of drug-resistant
TB lasting 9 to 12 months was released by the WHO last 2016 [12],

With the increasing threat of treatment-resistant TB infection, a number of drugs have been fast-tracked to aid with
the efforts in controlling TB worldwide. At the end of 2012, the US Food and Drug Administration (FDA) conferred
accelerated approval to the drug bedaquiline for the treatment of resistant TB 29, Bedagquiline’s anti-mycobacterial
activity is due to its inhibition of the mycobacterial ATP synthase, a key enzyme in ATP synthesis, resulting in
bacterial death. However, its use was shown to have an increased risk of death, thereby causing concerns about
its approval. During clinical trials, roughly 11.4% of patients who took bedaquiline died as compared with 2.5% of
those who took placebo treatments (21, In 2014, the use of delamanid, a nitro-dihydro-imidazooxazole derivative, in
the treatment of MDR-TB in adults was given conditional approval by the European Medicines Agency (EMA) 22,
Delamanid inhibits mycolic acid biosynthesis to block the formation of mycobacterial cell wall leading to improved
drug permeation and more effective treatment 231, Just recently, pretomanid in combination with bedaquiline and
linezolid has also been approved by the FDA for treatment-resistant TB 24, Pretomanid is a prodrug activated by
nitroreductase, which reduces pretomanid’s imidazole ring to generate active metabolites. Specifically, a des-nitro
metabolite leads to elevated levels of nitric oxide, which displays antimycobacterial activities due to its work as a
poison for bacterial respiration under anaerobic conditions 2. In aerobic conditions, it works like delaminid by
targeting cell wall mycolic acid biosynthesis 28, and while there were several potential targets for this drug, its

exact protein target is not yet known [,

An increasing number of XDR-TB cases, such as in India, China, South Africa, Russia, and in eastern Europe,
have proved difficult to treat even with the more intensive drug-resistant TB treatment regimen (8. Novel
therapeutics such as bedaquiline, delamanid, and pretomanid might help in curing these patients, though a suitable
treatment regimen still has to be carefully designed. However, there is an additional difficulty in acquiring these
drugs, especially in developing countries, resulting in a pool of patients that may remain untreated. Essentially, TB
can be cured completely with the use of currently available and newly approved anti-tubercular drugs. However,
difficulties in diagnosing and reporting infection, long treatment durations leading to drug toxicity and poor patient
compliance, emergence of drug resistant strains, and limited acquisition of required treatment urgently necessitates

the discovery and development of newer and effective drugs for TB.

3. Rise of Computer-Aided Drug Design in TB Drug
Discovery

The drug discovery paradigm covers a wide range of fields, including biochemistry, chemical and structural biology,
chem- and bioinformatics, computational chemistry, physical chemistry, organic synthesis, and others. The whole

process entails large investments of time, money, and effort in order to produce promising candidates for the
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pipeline. Over the years, the drug discovery process for new antitubercular therapeutics have changed due to the
increase in biological and chemical data, number of identified and validated targets, and advances in high-
throughput screening technologies and software development. Moreover, the progress in data storage capacities,
supercomputing powers, and parallel processing in the last several years allowed computer-aided drug design
(CADD) to become an integral part of TB pharmaceutical research. This continuing expansion in computing power
can soon potentially allow the exploration of the vast chemical space, thought to comprise of approximately 10%°
organic molecules below 500 Da, in order to identify therapeutically interesting scaffolds [28. Moreover, the boom in
protein structural data, including over 150,000 macromolecular structures found in the Protein Data Bank (PDB,
www.rcsb.org) 22 proved beneficial in elucidating important molecular and computational concepts for drug design
studies. As with any other disease, TB has been the subject of continuous and numerous drug discovery studies,
including thousands of published CADD investigations. Despite this, a paper by Ekins et al. noted gaps in the
application of these methods in TB research 29, resulting in the slow output of candidates into the TB drug pipeline
despite the apparent need and urgency for this disease. This suggests that more rigorous efforts are needed in TB

drug discovery to maximize the advantages provided by computational tools.

Computational or in silico methods are knowledge-driven, rationally exploring available data to investigate protein
function and design new molecular entities (NMES) that can effectively regulate its behavior. Computational drug
discovery approaches are generally divided into structure—(SBDD) and ligand-based drug design (LBDD),
depending on the availability of structural data (Figure 2). However, it has been a common practice to integrate
these methods in a complementary manner in order to increase the success rate of current drug discovery projects
(Figure 2). SBDD requires the target’s three-dimensional (3D) structure to be able to examine and use the binding
pocket for screening and design of suitable ligands, which can then be experimentally validated and optimized. In
the absence of protein structural data, LBDD utilizes knowledge gained from a collection of diverse ligands with
known activity to create predictive models for hit discovery and lead optimization 21, Different types of SB and LB
strategies, or a combination thereof, can be applied at different stages of TB drug discovery and development in
order to alleviate the challenges involved with experimental methods. With the availability of TB genome and
proteome, as well as abundant structural data, data mining and docking strategies can be employed for target
identification. Virtual screening (VS) can then be applied to pick out the best potential candidates from a database
containing millions of molecules for a chosen TB target. After validation of candidates, structure-activity or -property
relationship (SAR/SPR) studies can be implemented to understand mechanism of action and ADMET (absorption,
distribution, metabolism, excretion, and toxicity) properties in order to design compounds with better activity and
pharmacokinetics. Data (both positive and negative results) taken from these investigations can be kept and used
for further iteration and method optimization in the design of novel TB compounds. Both commercial and free
software and webservers have been developed covering different SBDD and LBDD techniques, some of which are
listed in Table 1.
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Figure 2. In silico tools that can be applied to

TB drug design and development.

Table 1. Free and commercially available programs, webservers, and source codes for SBDD and LBDD.
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Software/
Function Availability Website
Webserver Name
Comparative SWISS- )
) Free webserver https://swissmodel.expasy.org/
modeling MODEL &2
Free standalone
program for
academic https://salilab.org/modeller/
MODELLER i
(23] icense or
commercially https://www.3dsbiovia.com/
available
through BIOVIA
Robetta 341 Free webserver http://new.robetta.org/
Structural
geometry
confirmation Commercially
. available ) )
Prime [£3] https://www.schrodinger.com/prime
through
Schrodinger
Free webserver
or standalone
I-TASSER [28] 4
[37][38]/29][40[41] program for https://zhanglab.ccmb.med.umich.edu/lI-TASSER/

academic

license

HHPred [421[43]

Free webserver

https://toolkit.tuebingen.mpg.de/tools/hhpred

M
Structural Free webserver
PROCHECK .
geometry O(i[j c and source https://www.ebi.ac.uk/thornton-srv/software/PROCHECK/
confirmation code
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Function

Software/

Webserver Name

Availability

Website

Druggability and
binding site

prediction

Druggability and
binding site

prediction

ProSA [48]

Free webserver

VERIFY3D 1

Free webserver

https://servicesn.mbi.ucla.edu/Verify3D/

ERRAT 48l

Free webserver

https://servicesn.mbi.ucla.edu/ERRAT/

PockDrug [49]

Free webserver

http://pockdrug.rpbs.univ-paris-diderot.fr/cgi-bin/index.py?page=home

DoGS;;_?)]Scorer Free webserver https://proteins.plus/
Free/open ) ) )
fpocket 51521 https://github.com/Discngine/fpocket

source platform

CASTp [3134]

Free webserver

http://sts.bioe.uic.edu/castp/calculation.html

[55]
POCk([ZGQUETy Free webserver http:/pocketquery.csb.pitt.edu/
Free/open )
PASS 7 http://www.ccl.net/cca/software/UNIX/pass/overview.html
source platform
Commercially
) available ) )
SiteMap (8] https://www.schrodinger.com/sitemap
through

Schrédinger

https://encyclopedia.pub/entry/17615

8/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

Software/
Function Availability Website
Webserver Name
ConCavity 59 Free webserver https://compbio.cs.princeton.edu/concavity/
PrankWeb €2 Free webserver http://prankweb.cz/
ProFunc 6] Free webserver http://www.ebi.ac.uk/thornton-srv/databases/ProFunc/
AutoDock (62
Free standalone )
and AutoDock http://autodock.scripps.edu/
rogram
Vina (63! Al
Docking,
pharmacophore,
: Free/open
and virtual DOCK [64] : http://dock.compbio.ucst.edu/
screening source platform
Docking, )
Commercially
pharmacophore, ) ) )
T GOLD 3l available https://www.ccdc.cam.ac.uk/solutions/csd-discovery/components/gold/
and virtual
) through CCDC
screening
Commercially
) available ) )
Glide €8] https://www.schrodinger.com/glide/
through

Schrédinger

Induced Fit (7

Commercially
available
through
Schrddinger

https://www.schrodinger.com/induced-fit

Flexx 68l

Commercially

available

https://www.biosolveit.de/flexx/index.html
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Software/
Function Availability Website
Webserver Name
through
BioSolvelT
Free/open

RosettaLigand
[69]

source platform
for academic

license

https://www.rosettacommons.org/software

CDOCKER 10

Commercially
available
through BIOVIA

https://www.3dsbiovia.com/

SwissDock 4
[72]

Free webserver

http://www.swissdock.ch/docking

Pharmer 23

Free/open

source platform

http://smoothdock.ccbb.pitt.edu/pharmer/

CATALYST 74

Commercially
available
through BIOVIA

https://www.3dsbiovia.com/products/collaborative-science/biovia-discovery-
studio/pharmacophore-and-ligand-based-design.html

PharmGist 2!

Free webserver

http://bioinfo3d.cs.tau.ac.il/pharma/php.php

LigandScout
[z6]

Commercially
available
through
Inte:Ligand

http://www.inteligand.com/ligandscout/

SwissSimilarity
|

Free webserver

http://www.swisssimilarity.ch/
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Software/
Function Availability Website
Webserver Name
LEA3D (8] Free webserver https://chemoinfo.ipmc.cnrs.fr/LEA3D/index.html
Free (no
support) or
PyRx 12 P ). https://pyrx.sourceforge.io/
commercially
available
Commercially
available )
Phase 89 https://www.schrodinger.com/phase
through
Schrddinger
Molecular Commerciall
) AMBER [81](82] ) i https://ambermd.org/
Dynamics available
Free or

CHARMM 8]

commercially
available
through

CHARMM or
BIOVIA

http://charmm.chemistry.harvard.edu/

https://www.3dsbiovia.com/products/collaborative-science/biovia-discovery-
studio/simulations.html

CHARMMing
84]

Free webserver

https://www.charmming.org/charmming

GROMACS &3

186]

Freelopen

source platform

http://www.gromacs.org/

NAMD (&7

Free/open

source platform

https://www.ks.uiuc.edu/Research/namd/
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Software/
Function Availability Website
Webserver Name

Commercially

available
Desmond (88 . ) https://www.schrodinger.com/desmond
roug

Schrédinger

SwissParam

89] Free webserver http://www.swissparam.ch/
CHAR[IQ/I_O]M—GUI Free webserver http://www.charmm-gui.org/
ParamChem
CGenEE [1[92]  Free webserver https://cgenff.umaryland.edu/
[93]
™ Free/open )
VMD 24 https://www.ks.uiuc.edu/Research/vmd/
source platform
Molecular Commercially
Descriptors, Dragon [95] available http://www.talete.mi.it/products/dragon_description.htm
Fingerprints, through Talete
and Quantitative
Structure-
Activity E-Dragon ¢ Free webserver http://146.107.217.178/lab/edragon/start.html
Relationship
Commercially
o available )
Canvas &2 https://www.schrodinger.com/canvas
through

Schrédinger
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Software/ gainst
Function Availability Website .
Webserver Name !
RDKit (98] Freelopen https:// dkit.org/docs/ /rdkit.ML.D iptors.MoleculeD iptors.html 3
p i s://www.rdkit.org/docs/source/rdkit. ML .Descriptors.MoleculeDescriptors.html 3
0. sellalurl, source platform hitps.//Www.rdkit.org/docs/source/rdkit. ML.Descriptors.MoleculeDescriptors.iml 519
infection. I
i Free/open
PyDeg;:nptor . https://ochem.eu/home/show.do survey
(29 source platform
30,
Free/open ) )
Mordred [£09] https://github.com/mordred-descriptor/mordred .
source platform zation
Free/open
Open&;lODlQSAR P http://open3dgsar.sourceforge.net/?Home
(20] source platform
1 ChemSAR [102] Free webserver http://chemsar.scbdd.com/ ‘d
Commercially
available
SeeSAR 193] https://www.biosolveit.de/SeeSAR/
1 through .
BioSolvelT
um
]. 2015,
Pharmacokinetic Commercially
roperties available
prop QikProp [104 https://www.schrodinger.com/gikprop
1 through
Schrédinger
1 Commercially , L.H.;
available
ADMET th h https:// imulati | /soft / iew/ rs for
rou s://www.simulations-plus.com/software/overview,
Predictor [205] . ) E HiR .
SimulationsPlus,
Inc. 2195.

I~ Garmer, P DITECNY ODSETVEU UETapy 10T reauny UDETCUIoSTS. CoCNTane Datanase
Syst. Rev. 2007, CD003343.
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1 Software/ larren ,
Function Availability Website .
Webserver Name IS.
1 Commercially losi
) 1HOSIS
ACD Percepta available _ ,
. https://www.acdlabs.com/products/perceptal/index.php
[106] through
ACD/Labs
2
FAF-E);ugsA Free webserver http://fafdrugs4.mti.univ-paris-diderot.fr/
'sed on
27 Novem
G Free webserver http://mobyle.rpbs.univ-paris-diderot.fr/cgi-bin/portal.py#forms::PatchSearch :
P [108] - - - - : = 1SIC
[109] Commerciall
2 TOPKAT ) / https://www.3dsbiovia.com/products/collaborative-science/biovia-discovery-
and ADMET available ) - .
v studio/gsar-admet-and-predictive-toxicology.html
[L10] through BIOVIA 3.
don 15
Free webserver
) or commercially
2 PASE]nllne available http://pharmaexpert.ru/Passonline/index.php
standalone
2 e — acts
P SW|S[E]DME Free webserver http://www.swissadme.ch/ nics
2 Commercially 'B_;
available .
. . , ic 3-
MetaSite [£13] through https://www.moldiscovery.com/software/metasite/
Molecular
Discovery
2 1ts
o . . . . y y —
2 ,  ,J.-L;vanDeursen, R.; Blum, L.C.; Ruddigkeit, L. Chemical space as a source for new

drugs. MedChemComm 2010, 1, 30-38.
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(@8]

Software/ ]O|Ogy_
Function Availability Website

Webserver Name

()
C

ToxPredict 4] Free webserver https:/apps.ideaconsult.net/ToxPredict#

2

by VirtualToxLab Free standalone a
[115][116][117][L18] software http://www.biograf.ch/index.php?id=home

(@8]

admetSAR

[119][120][121] Free webserver http://Immd.ecust.edu.cn/admetsarl/home/

1ction

(98]

[122]
prediction Meta[z; Free webserver http://way2drug.com/mg2/

38. Yang, J.; Zhang, Y. I-TASSER server: New development for protein structure and function
predictions. Nucleic Acids Res. 2015, 43, W174-W181.

39. Yang, J.; Yan, R.; Roy, A.; Xu, D.; Poisson, J.; Zhang, Y. The I-TASSER Suite: Protein structure
MoPéquI%B%n R&%@Ctm- N)%trahéﬁthgg&%f}%slzfo?_%e programs and servers can be found at

AntRAwvnn:akiekddrigrod . Zhang, Y. I-TASSER: A unified platform for automated protein structure and
function prediction. Nat. Protoc. 2010, 5, 725-738.

A.Qhaﬁggeﬁé\wﬂ; Pitfalls.of InSilica Methds i, casps. proteins 2009, 77.

Thejfg a?e :rlo31jghly 2500 protein structures for tuberculosis in the PDB and perhaps thousands of ligand candidates
A2 hgneaeamase bieephamsmatioars abafabRauih: fduukéghodrdlsdaniie, MM, ablast the Sodirgabng
with-eRieBnd\ BEh A4, A (sofppipelyilke plemeates MR Rieiafermeaticaiaialtsdthie Newid rtpeech
ord e/ eh@rigfearRirkuMabrEdat ROLZo Astliade Iferd 24Bile computational methods have been widely used

43 R ESREDATP MR NP, BRI GUACTS Y ARSI PRt and acculdie A BIRAIR SR ER0er that
theﬁe éa%?l (%ev{)hﬁ Y &tgar %egm%n%@@,pﬁcm%%tfgye to Ilmltatlons dependent on the system and other

various parameters being studied [2271[128](129]
44. Soding, J.; Biegert, A.; Lupas, A.N. The HHpred interactive server for protein homology detection

VS &g BEICiievRrediciionsINIgleicedaidsIRAs .02 00mpddn iy Zt #eMviBASotential inhibitors for a given target

A5 Ak SSHEES ATIRIRNCK M G SITNE: RISLETRsSUSe Sl ksig, GskPVBR BRISEERS ANl i MY PENBIsiNg
COMBRRULIE e Bh SR (PN i B o PR BRIBY s P H BNy 851§ NS s 3d8p{opment.  However,

optimization and validation of these methods are far from perfect and are highly dependent on the protein system
A VGBI M oS RREV 1daFG 6+ MR I BIBIACHY GHYCR HPMGRAAN TRELSCRANLIANOf ISR to
detHPﬁ%ﬁédim?dﬂSiH@ﬁJo%”HQHJEﬁé Oafd%ﬁﬁ&s-ob'&c'%&ﬁ&!?%'ﬁﬁ?-t?e%ﬁmﬁﬁ \é\(&(ggs_ Wék;eo'been published
ArIEidien By ey R Bwee mpior EIRIOYS (chsisediinalie fiprossimorsinelwigintiiediiy and
ol e AlLSristites . qTBEGIS Th AWREN at@chegd7p theg: fpgiprs [l Fortunately, available technologies

seem to be catching up as enhance sampling methods, HPC, and MD platforms are now routinely applied in drug

https://encyclopedia.pub/entry/17615 15/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

4@scootoy peojectsYaatese kdwWesitaatitmeofiproteitisicastsressiPattaons tfrnanbas dedeataaniets [L321133]
[L34nteractions lipaotebassdi i 903 2y 54 Indib Halvantage is its simplicity and efficiency. Indeed, LBDD has a
8L SIS ATESRES RO DR BT T RS RS R
f ti th | fact hould b idered h li d b tool
i, S i, i AR o SIS, A SR L RS s s
Flrséléllgagg WX%%&& based on the lowest conformation energy, WhICh |s often different from the bioactive
conformation 13811391 as well as on the assumption that ligands bind in the same site and display the same

n¥slkarBar fedtHiNedhpRIRBMMNIeRIERANM RARSHERCOFslpAINGErReNVET EAtRMGtie same
assRindingusite predistipneeraly sis AndigkHacahilify- assessmanty B iHefpsaarsEler 2hidP actures

disgl&y Similar activities’ are contradicted by the existence of activity cliffs [1411421[143] and so care should be taken

AN RRAIAAHRE, 1919NEA AR, RARLBEROL O HIFHAY NS (HBkEL ChIRO B TS HA SO I8INER B8R dhe
effesitREIUHERT BAMAEA MY duReie REAaHE S Tt 8186 IV 582-W589.

S&s L faUHIQLX tNe e BUSIER 5, THEIRROR. JTREGKRI:/ABIRBSAIMHE BRIAHBETOLHBAH BREHRE when
deifiRglan BMERIQIRE OO dRed 8Bsvercome the shortcomings of each individual tools. Despite requiring
SROFRARMAHIAERH [eSOYres SXASHAUBUION: qfiSpiy P YaEHB TN T itk HARA S ISR R BYUY AR Of
hitsoﬁ'ﬂ)fi"ﬂ@iifﬂ@’I‘{P&I@?@,@ER}@P@E?‘Zﬁi%?rﬁﬁ?r\ﬁmiwledge with the computational efficiency of these

tools is perhaps the best integration of all, as a human’s touch continues to be irreplaceable in the interpretation of

é\r tﬁ éﬁ \évgl%u'urcéd t’>\|yai9 pczcgirq]%%og.s;. Liang, J. CASTp: Computed Atlas of Surface Topography of

proteins. Nucleic Acids Res. 2003, 31, 3352-3355.

55. Dundas, J.; Ouyang, Z.; Tseng, J.; Binkowski, A.; Turpaz, Y.; Liang, J. CASTp: Computed atlas of
surface topography of proteins with structural and topographical mapping of functionally
annotated residues. Nucleic Acids Res. 2006, 34, W116-W118.

56. Koes, D.R.; Camacho, C.J. PocketQuery: Protein-protein interaction inhibitor starting points from
protein-protein interaction structure. Nucleic Acids Res. 2012, 40, W387-W392.

57. Brady, G.P., Jr.; Stouten, P.F. Fast prediction and visualization of protein binding pockets with
PASS. J. Comput. Aided Mol. Des. 2000, 14, 383-401.

58. Halgren, T.A. Identifying and characterizing binding sites and assessing druggability. J. Chem. Inf.
Model. 2009, 49, 377-389.

59. Capra, J.A.; Laskowski, R.A.; Thornton, J.M.; Singh, M.; Funkhouser, T.A. Predicting protein
ligand binding sites by combining evolutionary sequence conservation and 3D structure. PLoS
Comput. Biol. 2009, 5, e1000585.

60. Jendele, L.; Krivak, R.; Skoda, P.; Novotny, M.; Hoksza, D. PrankWeb: A web server for ligand
binding site prediction and visualization. Nucleic Acids Res. 2019, 47, W345-W349.

61. Laskowski, R.A.; Watson, J.D.; Thornton, J.M. ProFunc: A server for predicting protein function
from 3D structure. Nucleic Acids Res. 2005, 33, W89-W93.

https://encyclopedia.pub/entry/17615 16/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Morris, G.M.; Huey, R.; Lindstrom, W.; Sanner, M.F.; Belew, R.K.; Goodsell, D.S.; Olson, A.J.
AutoDock4 and AutoDockTools4: Automated docking with selective receptor flexibility. J. Comput.
Chem. 2009, 30, 2785-2791.

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

Allen, W.J.; Balius, T.E.; Mukherjee, S.; Brozell, S.R.; Moustakas, D.T.; Lang, P.T.; Case, D.A,;
Kuntz, I.D.; Rizzo, R.C. DOCK 6: Impact of new features and current docking performance. J.
Comput. Chem. 2015, 36, 1132-1156.

Verdonk, M.L.; Cole, J.C.; Hartshorn, M.J.; Murray, C.W.; Taylor, R.D. Improved protein—ligand
docking using GOLD. Proteins 2003, 52, 609-623.

Schrédinger. Glide. Available online: https://www.schrodinger.com/glide (accessed on 26 October
2019).

Schrédinger. Induced Fit. Available online: https://www.schrodinger.com/induced-fit (accessed on
26 October 2019).

Rarey, M.; Kramer, B.; Lengauer, T.; Klebe, G. A fast flexible docking method using an incremental
construction algorithm. J. Mol. Biol. 1996, 261, 470-489.

Davis, I.W.; Baker, D. RosettaLigand docking with full ligand and receptor flexibility. J. Mol. Biol.
2009, 385, 381-392.

Wu, G.; Robertson, D.H.; Brooks, C.L., 3rd; Vieth, M. Detailed analysis of grid-based molecular
docking: A case study of CDOCKER-A CHARMm-based MD docking algorithm. J. Comput.
Chem. 2003, 24, 1549-1562.

Bitencourt-Ferreira, G.; de Azevedo, W.F., Jr. Docking with SwissDock. Methods Mol. Biol. 2019,
2053, 189-202.

Grosdidier, A.; Zoete, V.; Michielin, O. SwissDock, a protein-small molecule docking web service
based on EADock DSS. Nucleic Acids Res. 2011, 39, W270-W277.

Koes, D.R.; Camacho, C.J. Pharmer: Efficient and exact pharmacophore search. J. Chem. Inf.
Model. 2011, 51, 1307-1314.

Dassault Systemes BIOVIA. Catalyst. Available online:
https://www.3dsbiovia.com/products/collaborative-science/biovia-discovery-
studio/pharmacophore-and-ligand-based-design.html (accessed on 26 October 2019).

Schneidman-Duhovny, D.; Dror, O.; Inbar, Y.; Nussinov, R.; Wolfson, H.J. PharmaGist: A
webserver for ligand-based pharmacophore detection. Nucleic Acids Res. 2008, 36, W223-W228.

https://encyclopedia.pub/entry/17615 17/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

Inte:Ligand. LigandScout. Available online: http://www.inteligand.com/ligandscout/ (accessed on
26 October 2019).

Zoete, V.; Daina, A.; Bovigny, C.; Michielin, O. SwissSimilarity: A Web Tool for Low to Ultra High
Throughput Ligand-Based Virtual Screening. J. Chem. Inf. Model. 2016, 56, 1399-1404.

Douguet, D. e-LEA3D: A computational-aided drug design web server. Nucleic Acids Res. 2010,
38, W615-W621.

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

Schrédinger. PHASE. Available online: https://www.schrodinger.com/phase (accessed on 26
October 2019).

Case, D.A.; Cheatham, T.E., 3rd; Darden, T.; Gohlke, H.; Luo, R.; Merz, K.M., Jr.; Onufriev, A.;
Simmerling, C.; Wang, B.; Woods, R.J. The Amber biomolecular simulation programs. J. Comput.
Chem. 2005, 26, 1668—1688.

Salomon-Ferrer, R.; Case, D.A.; Walker, R.C. An overview of the Amber biomolecular simulation
package. Wiley Interdiscip. Rev. Comput. Mol. Sci. 2013, 3, 198-210.

Brooks, B.R.; Brooks, C.L., 3rd; Mackerell, A.D., Jr.; Nilsson, L.; Petrella, R.J.; Roux, B.; Won, Y.;
Archontis, G.; Bartels, C.; Boresch, S.; et al. CHARMM: The biomolecular simulation program. J.
Comput. Chem. 2009, 30, 1545-1614.

Miller, B.T.; Singh, R.P.; Klauda, J.B.; Hodoscek, M.; Brooks, B.R.; Woodcock, H.L., 3rd.
CHARMMINg: A new, flexible web portal for CHARMM. J. Chem. Inf. Model. 2008, 48, 1920-1929.

Van Der Spoel, D.; Lindahl, E.; Hess, B.; Groenhof, G.; Mark, A.E.; Berendsen, H.J. GROMACS:
Fast, flexible, and free. J. Comput. Chem. 2005, 26, 1701-1718.

Abraham, M.J.; Murtola, T.; Schulz, R.; Pall, S.; Smith, J.C.; Hess, B.; Lindahl, E. GROMACS:
High performance molecular simulations through multi-level parallelism from laptops to
supercomputers. SoftwareX 2015, 1-2, 19-25.

Phillips, J.C.; Braun, R.; Wang, W.; Gumbart, J.; Tajkhorshid, E.; Villa, E.; Chipot, C.; Skeel, R.D.;
Kale, L.; Schulten, K. Scalable molecular dynamics with NAMD. J. Comput. Chem. 2005, 26,
1781-1802.

Schradinger. Desmond. Available online: https://www.schrodinger.com/desmond (accessed on 26
October 2019).

Zoete, V.; Cuendet, M.A.; Grosdidier, A.; Michielin, O. SwissParam: A fast force field generation
tool for small organic molecules. J. Comput. Chem. 2011, 32, 2359-2368.

https://encyclopedia.pub/entry/17615 18/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

Jo, S.; Kim, T.; lyer, V.G.; Im, W. CHARMM-GUI: A web-based graphical user interface for
CHARMM. J. Comput. Chem. 2008, 29, 1859-1865.

Vanommeslaeghe, K.; Hatcher, E.; Acharya, C.; Kundu, S.; Zhong, S.; Shim, J.; Darian, E.;
Guvench, O.; Lopes, P.; Vorobyoy, I.; et al. CHARMM general force field: A force field for drug-like
molecules compatible with the CHARMM all-atom additive biological force fields. J. Comput.
Chem. 2010, 31, 671-690.

Vanommeslaeghe, K.; MacKerell, A.D., Jr. Automation of the CHARMM General Force Field
(CGenFF) I: Bond perception and atom typing. J. Chem. Inf. Model. 2012, 52, 3144-3154.

Vanommeslaeghe, K.; Raman, E.P.; MacKerell, A.D., Jr. Automation of the CHARMM General
Force Field (CGenFF) II: Assignment of bonded parameters and partial atomic charges. J. Chem.
Inf. Model. 2012, 52, 3155-3168.

Humphrey, W.; Dalke, A.; Schulten, K. VMD: Visual molecular dynamics. J. Mol. Graph. 1996, 14,
27-38.

Helguera, A.M.; Combes, R.D.; Gonzalez, M.P.; Cordeiro, M.N. Applications of 2D descriptors in
drug design: A DRAGON tale. Curr. Top. Med. Chem. 2008, 8, 1628—-1655.

Tetko, I.V.; Gasteiger, J.; Todeschini, R.; Mauri, A.; Livingstone, D.; Ertl, P.; Palyulin, V.A.;
Radchenko, E.V.; Zefirov, N.S.; Makarenko, A.S.; et al. Virtual computational chemistry laboratory
—Design and description. J. Comput. Aided Mol. Des. 2005, 19, 453-463.

Schrédinger. Canvas. Available online: https://www.schrodinger.com/canvas (accessed on 26
October 2019).

Landrum, G. RDKit: Open-Source Cheminformatics. Available online: http://www.rdkit.org
(accessed on 26 October 2019).

Masand, V.H.; Rastija, V. PyDescriptor: A new PyMOL plugin for calculating thousands of easily
understandable molecular descriptors. Chemom. Intell. Lab. Syst. 2017, 169, 12-18.

Moriwaki, H.; Tian, Y.S.; Kawashita, N.; Takagi, T. Mordred: A molecular descriptor calculator. J.
Cheminform. 2018, 10, 4.

Tosco, P.; Balle, T. Open3DQSAR: A new open-source software aimed at high-throughput
chemometric analysis of molecular interaction fields. J. Mol. Model. 2011, 17, 201-208.

Dong, J.; Yao, Z.J.; Zhu, M.F.; Wang, N.N.; Lu, B.; Chen, A.F,; Lu, A.P.; Miao, H.; Zeng, W.B.;
Cao, D.S. ChemSAR: An online pipelining platform for molecular SAR modeling. J. Cheminform.
2017, 9, 27.

BioSolvelT. SeeSAR version 9.2. Available online: https://www.biosolveit.de/SeeSAR/ (accessed
on 26 October 2019).

https://encyclopedia.pub/entry/17615 19/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

Schrodinger. QikProp. Available online: https://www.schrodinger.com/qikprop (accessed on 26
October 2019).

SimulationsPlus. ADMET Predictor. Available online: https://www.simulations-
plus.com/software/admetpredictor/ (accessed on 26 October 2019).

ACD/Labs. Percepta Platform. Available online: https://www.acdlabs.com/products/percepta/
(accessed on 26 October 2019).

Miteva, M.A.; Violas, S.; Montes, M.; Gomez, D.; Tuffery, P.; Villoutreix, B.O. FAF-Drugs: Free
ADME/tox filtering of compound collections. Nucleic Acids Res. 2006, 34, W738-W744.

Rasolohery, I.; Moroy, G.; Guyon, F. PatchSearch: A Fast Computational Method for Off-Target
Detection. J. Chem. Inf. Model. 2017, 57, 769-777.

Dassault Systemes BIOVIA. DS TOPKAT. Available online:
https://www.3dsbiovia.com/products/collaborative-science/biovia-discovery-studio/gsar-admet-
and-predictive-toxicology.html (accessed on 26 October 2019).

Dassault Systemes BIOVIA. DS ADMET. Available online:
https://www.3dsbiovia.com/products/collaborative-science/biovia-pipeline-pilot/component-
collections/adme-tox.html (accessed on 26 October 2019).

Poroikov, V.; Filimonov, D.; Lagunin, A.; Gloriozova, T.; Zakharov, A. PASS: Identification of
probable targets and mechanisms of toxicity. SAR QSAR Environ. Res. 2007, 18, 101-110.

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

Cruciani, G.; Carosati, E.; De Boeck, B.; Ethirajulu, K.; Mackie, C.; Howe, T.; Vianello, R.
MetaSite: Understanding metabolism in human cytochromes from the perspective of the chemist.
J. Med. Chem. 2005, 48, 6970-6979.

Tcheremenskaia, O.; Benigni, R.; Nikolova, |.; Jeliazkova, N.; Escher, S.E.; Batke, M.; Baier, T.;
Poroikov, V.; Lagunin, A.; Rautenberg, M.; et al. OpenTox predictive toxicology framework:
Toxicological ontology and semantic media wiki-based OpenToxipedia. J. Biomed. Semant. 2012,
3, S7.

Smiesko, M.; Vedani, A. VirtualToxLab: Exploring the Toxic Potential of Rejuvenating Substances
Found in Traditional Medicines. Methods Mol. Biol. 2016, 1425, 121-137.

Vedani, A.; Dobler, M.; Smiesko, M. VirtualToxLab—A platform for estimating the toxic potential of
drugs, chemicals and natural products. Toxicol. Appl. Pharmacol. 2012, 261, 142—-153.

Vedani, A.; Smiesko, M.; Spreafico, M.; Peristera, O.; Dobler, M. VirtualToxLab—In silico
prediction of the toxic (endocrine-disrupting) potential of drugs, chemicals and natural products.
Two years and 2000 compounds of experience: A progress report. ALTEX 2009, 26, 167-176.

https://encyclopedia.pub/entry/17615 20/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

118.

1109.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

Vedani, A.; Dobler, M.; Spreafico, M.; Peristera, O.; Smiesko, M. VirtualToxLab—In silico
prediction of the toxic potential of drugs and environmental chemicals: Evaluation status and
internet access protocol. ALTEX 2007, 24, 153-161.

Cheng, F.; Li, W.; Zhou, Y.; Shen, J.; Wu, Z; Liu, G.; Lee, P.W.; Tang, Y. Correction to “admetSAR:
A Comprehensive Source and Free Tool for Assessment of Chemical ADMET Properties”. J.
Chem. Inf. Model. 2019.

Yang, H.; Lou, C.; Sun, L.; Li, J.; Cai, Y.; Wang, Z.; Li, W.; Liu, G.; Tang, Y. admetSAR 2.0: Web-
service for prediction and optimization of chemical ADMET properties. Bioinformatics 2019, 35,
1067-1069.

Cheng, F.; Li, W.; Zhou, Y.; Shen, J.; Wu, Z.; Liu, G.; Lee, P.W.; Tang, Y. admetSAR: A
comprehensive source and free tool for assessment of chemical ADMET properties. J. Chem. Inf.
Model. 2012, 52, 3099-3105.

Rudik, A.; Bezhentseyv, V.; Dmitriev, A.; Lagunin, A.; Filimonov, D.; Poroikov, V. Metatox-Web
application for generation of metabolic pathways and toxicity estimation. J. Bioinform. Comput.
Biol. 2019, 17, 1940001.

Rudik, A.V.; Bezhentsev, V.M.; Dmitriev, A.V.; Druzhilovskiy, D.S.; Lagunin, A.A.; Filimonov, D.A.;
Poroikov, V.V. MetaTox: Web Application for Predicting Structure and Toxicity of Xenobiotics’
Metabolites. J. Chem. Inf. Model. 2017, 57, 638-642.

Villoutreix, B.O.; Eudes, R.; Miteva, M.A. Structure-based virtual ligand screening: Recent
success stories. Comb. Chem. High Throughput Screen. 2009, 12, 1000-1016.

Talele, T.T.; Khedkar, S.A.; Rigby, A.C. Successful applications of computer aided drug discovery:
Moving drugs from concept to the clinic. Curr. Top. Med. Chem. 2010, 10, 127-141.

Clark, D.E. What has virtual screening ever done for drug discovery? Expert Opin. Drug Discov.
2008, 3, 841-851.

Scior, T.; Bender, A.; Tresadern, G.; Medina-Franco, J.L.; Martinez-Mayorga, K.; Langer, T,;
Cuanalo-Contreras, K.; Agrafiotis, D.K. Recognizing pitfalls in virtual screening: A critical review. J.
Chem. Inf. Model. 2012, 52, 867—-881.

Baig, M.H.; Ahmad, K.; Roy, S.; Ashraf, J.M.; Adil, M.; Siddiqui, M.H.; Khan, S.; Kamal, M.A;
Provaznik, I.; Choi, I. Computer Aided Drug Design: Success and Limitations. Curr. Pharm. Des.
2016, 22, 572-581.

Coupez, B.; Lewis, R.A. Docking and scoring—Theoretically easy, practically impossible? Curr.
Med. Chem. 2006, 13, 2995-3003.

Geppert, H.; Vogt, M.; Bajorath, J. Current trends in ligand-based virtual screening: Molecular
representations, data mining methods, new application areas, and performance evaluation. J.

https://encyclopedia.pub/entry/17615 21/22



In Silico Strategies in Tuberculosis Drug Discovery | Encyclopedia.pub

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

Chem. Inf. Model. 2010, 50, 205-216.

Jain, A.N.; Nicholls, A. Recommendations for evaluation of computational methods. J. Comput.
Aided Mol. Des. 2008, 22, 133-139.

Lindorff-Larsen, K.; Maragakis, P.; Piana, S.; Shaw, D.E. Picosecond to Millisecond Structural
Dynamics in Human Ubiquitin. J. Phys. Chem. B 2016, 120, 8313-8320.

Noe, F. Beating the millisecond barrier in molecular dynamics simulations. Biophys. J. 2015, 108,
228-229.

Shi, J.; Nobrega, R.P.; Schwantes, C.; Kathuria, S.V.; Bilsel, O.; Matthews, C.R.; Lane, T.J.;
Pande, V.S. Atomistic structural ensemble refinement reveals non-native structure stabilizes a
sub-millisecond folding intermediate of CheY. Sci. Rep. 2017, 7, 44116.

Fujita, T. Recent Success Stories Leading to Commercializable Bioactive Compounds with the Aid
of Traditional QSAR Procedures. QSAR 1997, 16, 107-112.

Gao, Q.; Yang, L.; Zhu, Y. Pharmacophore based drug design approach as a practical process in
drug discovery. Curr. Comput. Aided Drug Des. 2010, 6, 37—-49.

Sardari, S.; Dezfulian, M. Cheminformatics in anti-infective agents discovery. Mini Rev. Med.
Chem. 2007, 7, 181-189.

Bostrom, J.; Norrby, P.O.; Liljefors, T. Conformational energy penalties of protein-bound ligands. J.
Comput. Aided Mol. Des. 1998, 12, 383-396.

Perola, E.; Charifson, P.S. Conformational analysis of drug-like molecules bound to proteins: An
extensive study of ligand reorganization upon binding. J. Med. Chem. 2004, 47, 2499-2510.

Verma, J.; Khedkar, V.M.; Coutinho, E.C. 3D-QSAR in drug design—A review. Curr. Top. Med.
Chem. 2010, 10, 95-115.

Hu, Y.; Bajorath, J. Extending the activity cliff concept: Structural categorization of activity cliffs
and systematic identification of different types of cliffs in the ChEMBL database. J. Chem. Inf.
Model. 2012, 52, 1806-1811.

Hu, Y.; Stumpfe, D.; Bajorath, J. Advancing the activity cliff concept. F1I000Res 2013, 2, 199.

Stumpfe, D.; de la Vega de Leon, A.; Dimova, D.; Bajorath, J. Advancing the activity cliff concept,
part Il. F1000Res 2014, 3, 75.

Retrieved from https://encyclopedia.pub/entry/history/show/41856

https://encyclopedia.pub/entry/17615 22/22



