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Abstract

In the drug-discovery identification of small molecules that selectively bind to a biological
target from virtually infinite chemical space is a time-consuming crucial step among many
other critical steps in drug development. Identified molecules need to possess adequate
residence times of drug-target complexes to modulate the function of the target protein and
must affect the desirable phenotype. Furthermore, examination of the pharmacological
activity of compounds in in vivo studies is required which are characterized by pharmacoki-
netic and pharmacodynamic properties. Finally, the efficacy of the drug has to be validated
in human.

The huge number of natural products being approved drugs indicates the importance of
natural compounds for drug discovery. Genome-mining tools can be applied to identify a
substantial number of novel natural products and ligand- or structure-based virtual screen-

ing methods will further increase the pace of therapeutic compound discovery.

The present doctoral thesis focuses on developing cheminformatic tools which aid basic
research for lead identification in drug development. The following applications were co-
developed within the scope of this work:

Tools evaluating existing literature by applying text-mining in natural language processing
are becoming an essential part of identifying compound-protein, drug-drug, and protein-
protein interactions along with their associations to diseases in literature. PubMedPortable
is a framework developed for accessing large-scale biomolecule associated data and bridges
the gap between natural language processing components and relation extraction methods
by providing a local queryable and searchable instance of the literature.

NANPDB annotates thousands of compounds from the Northern African region; Strep-



tomeDB is an updated database of molecules produced by actinobacteria. Both developed
libraries contribute significantly to the biologically relevant natural chemical space. Fur-
thermore, provided web services allow for the retrieval of information about a therapeutic
application, physicochemical properties, and synthesis routes.

Structural elucidation of biosynthetic substances is a hurdle. The developed web tool SeMPI
provides a pipeline to identify encoding gene clusters from genomic data and predicts the
basic structure of related natural products.

DVS offers an algorithm that serves to narrow down the chemical space that has to be
screened to identify putative drugs. FragPred provides a solution in another direction by
predicting the activity of compounds based on the knowledge of contained active substruc-

tures.

The cheminformatic tools presented in the thesis are useful for creating hypotheses for the
discovery of novel drugs to certain diseases. A case study, diabetes mellitus, illustrates these
tools and their operation. Starting with finding literature on diabetes mellitus and the identi-
fication of existing drugs for treatment, proposes alternative compounds from the presented
natural databases. Finally, for the alternative compounds, putative targets are predicted.
The manifested drug-discovery cheminformatic tools demonstrate the importance of in

silico methods in modern drug discovery.



Zusammenfassung

Die Identifizierung kleiner Molekiile aus dem nahezu unendlichen chemischen Raum, die
selektiv an ein biologisches Zielprotein binden, ist neben vielen anderen kritischen Schritten
in der Arzneimittelentwicklung ein zeitaufwandiger Prozess. Identifizierte Molekiile miissen
iiber ausreichende Verweilzeiten am Wirkstoff-Zielkomplex verfiigen, um auf die Funktion
des Zielproteins einzuwirken und den gewiinschten Phinotyp zu beeinflussen. Dariiber
hinaus charakterisieren pharmakokinetische und pharmakodynamische Eigenschaften die
pharmakologische Aktivitdt von Molekiilen, die in in vivo Studien weiter untersucht werden
muss. Schliel§lich muss die Wirksamkeit des Medikaments im Menschen validiert werden.
Die groRe Zahl der zugelassenen Naturstoffe zeigt deren Bedeutung fiir die Arzneimit-
telforschung. Genome-mining kann eingesetzt werden, um eine Vielzahl neuartiger Natur-
produkte zu identifizieren. Liganden- oder strukturbasierte virtuelle screening-Methoden

unterstiitzen die Entdeckung neuer therapeutischer Wirkstoffe.

Die vorliegende Dissertation beschiftigt sich mit der Entwicklung cheminformatischer
Werkzeuge, mit deren Hilfe die Grundlagenforschung zur Identifizierung von Leitstrukturen
unterstiitzt werden kann. Die folgenden Anwendungen wurden im Rahmen dieser Arbeit
mitentwickelt:

Text-Mining Werkzeuge mit deren Hilfe Literatur durch die Verarbeitung der natiirlichen
Sprache evaluiert werden kann, sind zu einem wichtigen Bestandteil der Identifizierung
von Interaktionen zwischen Metaboliten, Arzneistoffen und Proteinen geworden und er-
moglichen auch die Erkennung von Assoziationen zu Krankheiten in Texten. PubMed-
Portable ist ein framework mit dessen Hilfe die genannten Biomolekiile und Assoziationen

aus Texten extrahiert werden konnen und dafiir eine lokal verfiigbare Instanz der PubMed-



Datenbank bereitstellt.

NANPDB und StreptomeDB sind biologische Datenbanken, die den verfiigbaren chemis-
chen Raum um relevante Wirkstoffe erweitern: NANPDB beschreibt bekannte Naturstoffe
aus dem nordafrikanischen Raum und StreptomeDB Molekiile, die in Aktinobakterien pro-
duziert werden. Dartiiber hinaus ermoglichen die bereitgestellten webservices das Abrufen
von Informationen iiber therapeutische Anwendungen, physikalisch-chemische Eigen-
schaften und Syntheserouten.

Die strukturelle Aufkldrung biosynthetischer Substanzen ist sehr aufwendig. Die Anwen-
dung SeMPI stellt eine pipeline zur Verfligung, mit deren Hilfe Gen-Cluster aus genomischen
Daten identifiziert und die Grundstruktur der synthetisierten Naturprodukte vorhergesagt
werden kann.

DVS und FragPred sind Algorithmen zur effizienten Filterung des chemischen Raums in
Bezug auf die adressierten Zielproteine bzw. zur Vorhersage der Aktivitdt eines Molekiils

basierend auf bekannten darin enthaltenen aktiven Substrukturen.

Die cheminformatischen Werkzeuge, die im Rahmen dieser Dissertation entwickelt wur-
den, sind niitzlich fiir die Gewinnung von Hypothesen zur Medikamentenentwicklung
und veranschaulichen die Bedeutung von in silico-Methoden in der modernen Wirkstoff-
forschung. Anhand einer Fallstudie, der Krankheit Diabetes mellitus, werden die genannten
Werkzeuge und deren Bedienung illustriert. Beginnend mit einer Literatursuche und der Bes-
timmung der verfiigbaren Medikamente, folgt die Identifizierung weiterer moglicher Wirk-
stoffe mithilfe der zur Verfiigung gestellten biologischen Datenbanken. Daran anschlieBend

werden fiir die betreffenden Molekiile Wechselwirkungen mit Proteinen vorhergesagt.
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Chapter 1

Introduction

1.1 Chemical space

In the field of cheminformatics, chemical space has fundamental relevance for medicinal
chemistry and chemical informatics. The type of bond along with the number of atoms
and their topological connections between structural formula majorly defines molecules.
Combinatorially arranging compounds with heteroatoms, rings and obeying the laws of
chemical valence erupts the chemical space to 10*%° [1]. Applying de novo design (Sec-
tion 2.1) following Lipinski’s rule (Section 2.1.6) of potential drugs, the number of molecules

059, However, that would

that have drug-like characteristics are estimated to scale down to 1
be still more small molecules than the atoms in the Solar System [2], and so it is termed
as Chemical Cosmos. Virtually there are an infinite set of possible organic compounds [3].
Nonetheless, with modern screening methods and with the expansion of biomedical knowl-
edge combining with the completion of Human Genome Project (Figures 3.43, 3.44, 3.45)
the ability to discover new molecules is inconceivable [4-6]. Discovery of new molecules to
a certain extent simplified by natural products. According to the analysis of drugs approved
by FDA since 1939 more than one-third of new molecular entities are natural products and
their derivatives [7]. Although, the total fraction of natural products diminished on the
other side semi-synthetic, and synthetic natural product derivatives have increased. Natural

compounds play a vital role in the discovery of lead structures for drug development as

revealed in numerous analyses [8-13].
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1.2 Natural compounds

Naturally occurring organisms observed in nature which have metabolites produce natu-
ral compounds. Chemical transformations occurring in the cells of life-entities produce
metabolites in the process of metabolism. The metabolites which are essential for the
growth and maintenance of cellular function are primary metabolites. Vitamins, amino
acids, nucleosides and organic acids constitute primary metabolites. Whereas, the products
like alkaloids, flavonoids, steroids, antibiotics, gibberellins, and toxins are the secondary
metabolite compound produced during the stationary phase of the cell growth and are not
essential for growth and maintenance of cellular functions. Secondary metabolites are the
end products of the primary metabolism. They have various features such as structure,
signaling, stimulatory and inhibitory effects on enzymes, catalytic activity, defense, and
interactions with other organisms. These functions of metabolites are responsible for many
therapeutic actions of drugs. These propitious functions make Natural products potential,
or novel drug leads in drug discovery [14]. On applying principal component analysis on
chemical space, significant overlap between natural products and FDA-approved drugs of
the chemical space indicates the importance of NPs to be potential lead compounds [15].
On average between 1981 and 2014 natural products contributed to drugs up to 42% and
the share of natural products increases up to 75% in the area of cancer [12]. Scaffolds (Sec-
tion 2.1.8) in natural products provide vital information as a starting point for hit-lead in
drug discovery (Section 1.5). Collecting information about such natural products into a
library is an extensive process. StreptomeDB 2.0 (Figure 1.3, Section 3.2) and NANPDB
(Figure 1.3, Section 3.3) are such database (Section 2.5) collection combined with several
beneficial features to browse and query compound information. Nature’s library of chem-
icals are the consequences of biosynthetic pathways and are with evolutionary benefits
atop human-made chemicals. The possibility of arranging natural products in number of
ways with natural product biosynthetic logic [16] described by the variety of biosynthetic
paradigms [17-21] makes it interesting to have insight into the diversity and distributions of

natural product biosynthetic gene clusters.
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1.3 Gene clusters

A gene s the basic physical and functional unit of heredity and are made up of a sequence
of nucleotides, i.e., DNA encoding molecules having specific functions to form proteins.
In humans, genes vary in size ranging from few hundred bases to more than 2 million
bases. The Human Genome Project (HGP) initiative upon finishing the human genome
sequence estimated human protein-coding genes to be 20,000-25,000 [5]. Genes during
the evolution due to duplication of a single gene form a set of similar nucleotides share
important characteristics. When a set of such similar genes originated by duplication with
similar biochemical functions consisting of a similar sequence of DNA nucleotides forms a
gene family. A gene family can also be from different genes if the set of genes participate in
the same processes. Phylogenetic tree is formed by identifying similar characteristics and
aligning inferred evolutionary relationships among various entities of biological species.
The phylogenetic tree is a dendrogram or a tree structure representing the relationship
between biological species (interspecific taxonomic level) or strains (intraspecific taxonomic
level). Phylogenetic tree of nucleotide sequences is a rich resource for drug discovery
process [22-25]. In phylogenetic tree (Figure 1.1) of Streptomyces glaucescens a source of
acarbose compound forms the sibling of S. flaveolus forms the sibling and their common
ancestor is S. tenebrarius. Classifying genes into families helps to predict where and when
a specific gene is active or expressed, subsequently gives indications for identifying genes
that are involved in a specific disease [26]. A gene cluster is a portion of a gene family and
is an assortment of two or more genes available within an organism’s DNA that encode
for similar polypeptides, proteins which as a group share a generic function. Recognizing
homologous genomic regions is a vital step for genomic analyses. Identifying homologous
regions is a vital step when two genomic regions located within a few thousand base pairs.
The detection of homologous regions which are scrambled due to evolutionary events is a
difficult task; this requires more effort when gene clusters are in diverged genomes, i.e., gene
and the order of gene not preserved in those locations merely content of gene is similar [27].

The gene clusters can be from some few genes to several hundreds of genes.
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3 Streptomyces
glaucescens

Streptomyces
tenebrarius

3 Streptomyces
flaveolus

Part of Streptomycetes

Fig. 1.1 An example of phylogentic tree representation taken from StreptomeDB 2.0 [22] of
Streptomyces glaucescens. A source organism of Acarbose

Metabolic gene clusters are gene clusters which are genes participating in a typical, dis-
crete metabolic pathway producing either primary or secondary metabolites. Secondary
metabolites are the prolific basis for most antibiotic pharmaceutical compounds, chemical
machinery used for chemical communication and forming a synthetic engagement between
organisms and their environment. Secondary metabolic gene clusters are a common feature
and are a rich source of metabolic diversity in bacteria such as prokaryotic actinomycetes
(Section 3.2), filamentous fungi, and plants. Secondary metabolites are likely to bestow
critical selective advantages for the producing organisms in nature as antibiotics. However,
identifying the structures of secondary metabolite is a complex process to accomplish this
we have devised a web-based tool SeMPI (Section 3.4). Human and veterinary medicines
use these compounds which are the source of bioactive compounds. Clustering facilitates
regulation of a set of genes in controlling steps in the biosynthetic pathway [28]. With
rapidly decreasing costs, genomic screening has become a vastly used method in the search
for new natural drugs [29]. Deciphering the biological activity presented by NP libraries
and biosynthetic pathways of bioactive compounds is exciting for both therapeutic and

diagnostic uses [30, 31].
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1.4 Biological activity

In drug discovery, biological activity or pharmacological activity is one of the important
factors which is defined as the capability of a compound, to alter or to create an effect or to
elicit a response of one or more chemical or physiological functions of living tissue. Small
compounds or the structure of the compound which exerts an activity on the living matter
with the help of in vitro studies [32]. These studies determine if the compound exhibits
positive or the negative effect and are accordingly stated to be a drug or a toxic substance. An
example (Figure 1.2) of such bioactivity exhibited by StreptomeDB 2.0 compound (acarbose!)
which is a potential diabetes drug with alpha-glucosidase bioactivity at target maltase-

glucoamylase, intestinal. Thus acarbose upon clinical trials forms drug Glucobay.

Structure of Biological Maltase-
Acarbose :> Actisity :> glucoamylase, :> Glucobay
intestinal
ol ] Alpha-
Q\ Y IQ' =" glucosidase Target Diabetic Drug

Fig. 1.2 An example of diabetes mellitus bioactivity by the compound in NANPDB

http://phabi.de/streptomedb2/get_drugcard/9895/


http://phabi.de/streptomedb2/get_drugcard/9895/
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1.5 Drug discovery

The motivation for the drug discovery arises with the condition of unavailability of the
medical prescription for a disease or a clinical state or with the precautionary principle [33].
In certain cases, researchers majorly from academia or industry participates in the basic
research (Figure 1.3) and engender data to foster a hypothesis that the activation of protein or
pathway or inhibition will result for curing diseases by showing a therapeutic effect from the
in silico study. The engendered data is an ever-increasing resource especially PubMed [34]
is a huge resource and to search for such humongous resource we have worked up with
a tool PubMedPortable (Figure 1.3, Section 3.1). According to Owens [35], if a molecule
can modulate a protein or the biological target with high affinity while it is binding to it
and if the binding ability modifies the function of the target producing a therapeutic effect
to the patient, then the target is said to be druggable. The primary aim of this stage is to
select a target which should be druggable, safe to use, i.e., not toxic, adapt to clinical needs,
commercially viable. At this stage, the target can be any biological entity such as proteins,
genes, and RNA. A possible target can efficiently bind to the putative small molecule. Drug
molecules evoke a bio-activity response (Section 1.4) when they attach to the target. Right
target identification reduces the time to drug discovery, as the target will have relevance to
the disease. Data mining tools such as PubMedPortable (Section 3.1) induce the process of
target identification in the available ever expanding biomedical data. Validation of selected
target involves several possible techniques which range from in vitro tools, where animal
models are used to modulate the desired target in patients. Other validation techniques
available are disease associated with their genetics and expression data, over-expression of
transgenics, comparative genetics, analysis of molecular signaling pathways, interactions
with immunoprecipitation yeast two-hybrid, tools using bioactive molecules and literature

survey and their competitor information.
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Further, in the lead-discovery phase or the hit-to-lead (H2L) phase compound screening
assays are developed where an activity of the compound is affirmed. Identification of
hit molecules in this stage can use any of the screening methods available such as high
throughput screening, where screening of the collected library against the drug target or
an assay system whose bioactivity is dependent on the target and gets confirmed with
the secondary assays to determine their efficacy [37]. Biophysical testing, such as nuclear
magnetic resonance (NMR) section 2.1.2. The screening is left out with the option of utilizing
laboratories if there is no advance knowledge of the activity of the compound at the target.

However, this is a time-consuming process.

1.5.1 Final phases of drug discovery

The earnings of compound screening is a hit compound which has an activity at the target
protein. Further in the hit and lead discovery phase assay development is involved. In
this test-systems are devised which quantify and determine the cellular levels of a specific
protein, levels of the metabolite in serum or urine, examine catalytic activity of an enzyme
in normal and abnormal tissue. Assays can be biochemical or cell-based. At last in this stage
a potential compound having ADME properties, physicochemical and pharmacokinetic
measurements adequate to examine their efficacy in in vivo models. Subsequently, in the
lead optimization phase, agreeable properties molecules are kept intact while improving on
flaws. Once a candidate compound is selected, it undergoes preclinical steps, which usually
takes unspecified or the longer duration. In the end, the compound chosen heads towards
clinical phase, once a compound entering into this phase has a high probability of reaching

to the market after clearing FDA approval.



Chapter 2

Methods

2.1 Virtual screening

Briefly passage to VS can be divided into two major methods one based on the structure
of the biological target where its three-dimensional description is known, structure-based
drug discovery (SBDD) commences with 3D structural information with the knowledge on
the target of interest. Mostly, the identification of structure is by the experimental methods
of X-Ray, NMR, homology modeling [38]. Molecular dynamics (MD) simulation can play a
key role in the screening process by providing qualitative information about the potential of
the target activity by calculating the binding stabilities of plausible hits with their target [39].
Further, a scoring function is utilized to approximate free energy binding score between
the protein and the ligand in docking pose. Subsequently, selection of compound is made
using filtering tools and empirical rules [40]. DVS (Figure 1.3, Section 3.5) is such method
which gives attention to SBDD. In pharmaceutical chemistry a ligand is a molecule or
an ion binds to a chemical entity with non-covalent bonds, interactions governing non-
covalent bonds can be of electrostatic, m-effects, van der Waals forces, and hydrophobic
effects. Thus a ligand forming a relationship with a binding partner is a function of charge,
hydrophobicity, and molecular structure. In protein-ligand binding, the ligand is usually a
molecule that binds to a site on target protein [41]. SBDD based on the ligand can be a de
novo design [42] in which the ligand molecules are built up with the understanding of the
binding pockets near the targets. Assembling of ligand molecules involves individual atoms

or small fragments and with the help of computer-assisted tools. The major advantage of
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de novo method is the structures are completely novel and synthetic could well be not in
any of the chemical databases. Another category of VS includes ligand-based techniques
such as similarity and substructure searching, quantitative structure-activity relationships
(QSAR) [43], pharmacophore [44] and three-dimensional shape matching [45] made up
the ligand-based virtual screening (LBVS). Properties of known ligands inspire to unearth
new binding compounds called as ligand-based virtual screening. Here 2D molecular
similarity (Section 2.2) is applied to identify new similar molecules [46, 38, 47]. The similarity
technique is also used to cluster data sets to recognize similar chemotypes [48]. Screening
of vast libraries can also be narrowed down by partitioning compounds binding to specific
target classes, knowledge of similar structures, compounds classified by their stereogenicity
or hybridization all forming into smaller focused libraries [6]. Another type of screening
involves in vivo techniques. In this physiological screening effects of the drug at tissue are
built into a model relevant to the patient condition and toxic effects of drugs [49]. In this

method complexity of tissue is better understood which yields drugs pertinent to disease.

2.1.1 Fragment based drug discovery

Inspired by focused or the knowledge-based screening, in fragment screening initially a frag-
ment is acquired, positioned on data of its crystal structure, molecular weight, DNA-encoded
methods recurrently enhanced into robust binding molecule [50]. Furnishing the knowledge
of targets of the existing compounds to the fragments improve fragment-based screening
technique, this predicts the target of the new compound; adaptation of this method is
more explained in FragPred (Figure 1.3, Section 3.6). Arranging the present compounds in
fragments is a combinatorial problem which falls into two categories either biased toward a
broad range of targets or to a specific target. For any fragment based method, fragmenting
the molecule is an important step, and Lewell et al. [51] proposed RECAP (Retrosynthetic
Combinatorial Analysis Procedure) computational based combinatorial technique. It starts
by collecting active structures based on a target class. Subsequently, fragment space is built
based on predefined cleavage rules. Knowledge of standard chemical reactions and affinity
towards synthesizable fragments defines RECAP cleavage rules. Molecules having any of

the eleven chemical bonds (Figure 2.1) triggers the bond cleavage. RECAP does not cleave
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terminal bonds if they include any of the predefined functional groups (hydrogen, methyl,
ethyl, propyl, and butyl).
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2.1.2 NMR

Nuclear magnetic resonance (NMR) spectroscopy is a physical phenomenon, the initial
phase of drug discovery (Section 1.5) takes advantage of this technique. Isotopes with an
odd number of protons have angular and intrinsic magnetic momentum. In the presence
of this static magnetic momentum, the resonance frequency of a particular substance is
directly proportional to the strength of the applied magnetic field. These properties get used
in the physical experiment. The absorption and re-emission of electromagnetic radiation by
nuclei in the arranged magnetic field of the required substance emits a measurable amount
of radio frequency signal. This signal can give information about the molecular structure
and their interactions at the atomic level. The NMR chemical shift being sensitive can give
vital information of the small molecule if it binds to the biological target, i.e., protein or
nucleic acid. It can also give the information about which unit of the small molecule bound
to the macromolecular target [52]. NMR is one of the simple methods for ligand binding
studies about hit identification and validation [53]. StreptomeDB (Section 3.2) and some of

the NANPDB (Section 3.3) compounds are provided by its NMR information.

2.1.3 Mass spectrometry

According to Boggess [54] mass spectrometry (MS) is an analytical metric which measures
the mass of different molecules within the observed sample. It is an experimental technique
which converts the chemical molecule into an atom, molecule, or substance into an ion
or ions, typically by removing one or more electrons. The ions then sorted based on their
mass-to-charge (m/z) ratio. The process of MS involves vaporizing a sample of molecules,
and the electron beam bombards the vapors, which converts the gases to ions. Since mass
spectra measure the mass of the charged ions or broken fragments, neutral molecules are
invisible in this process subsequently positive and negative ions are noticeable. Formation
of positive and negative ions are by taking electrons away and giving electrons to molecule
respectively. The acceleration and the deflection of ions produce the m/z values. Lighter
particles move faster towards negative plates at speed dependent on their mass compared to

the heavier ones, and the deviation of atoms is dependent on the mass of the particles. MS



2.1 Virtual screening 13

functions with a constraint only if vaporization of a chemical substance does not decompose
the compound. In drug discovery mass spectrometry can be a vital tool in determining the

structures of drugs and metabolites and screening for metabolites in biological systems.

2.1.4 QikProp

QikProp [55] is a proprietary software from Schridinger Company. QikProp computes physi-
cal relevant descriptors and uses them to perform absorption, distribution, metabolism, and
excretion (ADME) prediction designed by Prof. W. L. Jorgensen. It’s an easy to use software,
the prediction of pharmaceutically relevant properties of small molecules makes QikProp
vital tool. QikProp extracts properties of small molecules individually, or in batch mode,
which makes the software serviceable as usually in chemical spaces (Section 1.1) there is
alarge number of molecules. Pharmacokinetic profiling uses the properties produced by

QikProp. The complete list of QikProp descriptors and properties are a list in [56].

2.1.5 Pharmacokinetic profiling

Pharmacokinetics is a fundamental discipline in the applied therapeutics and pharmacy.
Proper medication provides patients assistance in health who are in need of medicines for
a clinical condition. The dose is chosen by an evidence-based approach so that it can be
compatible with other drugs or even alternative therapies if the patient is taking or suitable
for the patient’s metabolism [57]. Pharmacists follow drug use process (DUP) and take
into consideration of need, choice, the frequency of the drugs, goals of the therapy, dosage,
monitoring, and counseling. By the patient’s drug handling parameters, which depend on
the processes absorption, distribution, metabolism, and excretion. All these processes of
pharmacokinetics provide the mathematical basis to assess the ability to react for medicine
of the patient against the disease and to determine the drug concentration in the body; these
processes are popularly referred as ADME. Mathematical parameters of ADME provide the

fundamental understanding of them. QikProp generates all these properties.
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2.1.6 Lipinski’s rule

Lipinski’s rule of five [58, 59] is a rule of thumb which is not accurate and also not reliable
for every situation. The rule with the ADME descriptors estimates the drug-likeness of a
chemical compound with a biological activity if it has chemical and physical properties that
would make compound orally active drug for humans. Compounds satisfying the indicators
are just highly probable to be a drug. However, the rule does not predict if the compound
is pharmacologically active. The rule is advantageous in screening large chemical space.
Molecules satisfying the rule of five (RO5) have lower rejection rates during the clinical trials.
Lipinski’s rule prescribes that an orally active drug has no more than one violation of the

following criteria:
e The total number of nitrogen-hydrogen and oxygen-hydrogen bonds forms the hydro-
gen bond donors, and they should not be more than 5.

* Either all nitrogen or oxygen atoms forms the hydrogen bond acceptors which have to

be no more than 10.
* Molecular mass of the molecule should be less than 500 Da
e The octanol-water partition coefficient (log P), i.e., the measure of solubility or the

extent of hydrophilic nature of the chemical substance should not be great than 5.

Lipinski [59] states that 90% compounds satisfying this rule have achieved phase II clinical

status. RO5 is useful in evaluating compound libraries (Sections 3.2, 3.3).
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2.1.7 SP docking

According to Friesner et al. [60] glide HTVS (High throughput virtual screening) and SP
docking use a series of hierarchical filters to search for possible locations of the ligand in the
binding-site region of a receptor. The shape and properties of the receptor are represented
on a grid by different sets of fields that provide progressively more accurate scoring of the
ligand pose. During docking process, exhaustive enumeration of ligand torsions generates
a collection of ligand conformations. Deterministically initial screening done over the
entire phase of chemical space available to the ligand to locate promising ligand poses.
The docking calculations were performed with Glide 5.6 [61]. Glide 5.6 has two modes one
Standard-Precision (SP Docking) mode is a milder approach and minimizes false negatives.
The second mode is Extra-Precision (XP Docking) mode is a more laborious function that
applies penalties for poses that violate established physical chemistry principles such as

that charged and strongly polar groups be adequately exposed to solvent [62].

2.1.8 Scaffolds

A scaffold is a single unit of a compound and usually defined according to the focus of the
problem which is getting addressed. The unit left after dissecting rings, linkers or the single
bonds connecting the ring structures, side chains or the leaves of the graph considering
the molecule as a graph is a scaffold. However, it is not that often that this unit becomes
the critical component or components of the molecule. It is sometimes possible that there
can be multiple deserted units. The definition of a scaffold is better expressed when it
is subjective to the objective presuming that structures are sharing a scaffold also share
common synthetic pathway. Once the scaffold is defined is applied to the screening library,
and the number of units or the diversity represents the character of the compound space.
Either the compact representation or the sparse description of scaffolds can elevate problem
of redundancy or rapid generation of structure-activity relationships respectively [63]. A
suitable depiction of the scaffold is invariant, objective and not dependent on the dataset

that enhances the scaffold diversity.
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And and Murcko [64] proposed a framework to analyze the structures of the discovered drugs.
It suggests forming a structure into rings (Figure 2.2-a), edges connecting the rings acting as
linkers (Figure 2.2-b), leaf nodes or the unsaturated valency bonds (Figure 2.2-c) working as
side chains of molecules. The aggregate of all the above elements in the molecule forms the
framework (Figure 2.2-d). Holding atom type information finally structure encompasses
into Murcko framework (Figure 2.2-e), and the graph representation completes the graph
framework (Figure 2.2-f). Translation of Murcko framework into scaffold tree facilitates
the computational objectives. Attaining the scaffold tree can obey several schemes [65] of
representation according to the requirement securing specific properties such as biological
activity. The procedure to achieve scaffold tree cleaves each molecule in the library iteratively
by pruning rings based on the predefined rules until a ring (Level 0 in Figure 2.2-g) arrives
traversing n levels. Here n’ h 1evel is the whole molecule, and the Level n — 1 is the Murcko

framework (Figure 2.2-d).

2.2 Molecule similarity

The existence of bioisosteres [66, 67], i.e., chemical substituents with common physico-
chemical properties which produce broadly similar biological properties in a molecule and
knowledge of formulating them conceives the idea of molecular similarity. A measure of
similarity or the dissimilarity indicates how close two entities are or group of things are to
one another. Measurement takes into account a confined space within which the close-
ness or the similarity is. Among several methods available for distance d measurement
Euclidean distance is one which measures the distance between two points x and y within

the Euclidean space with dimension S.

(2.1)

The Euclidean distance relates to the molecular similarity. However, the distance mea-
surements cannot be same for molecule distance. To measure the distance between two

molecules points have to be defined, and these points can be chemotypes [48], cliff-forming
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compound pairs [68], i.e., compounds which are structurally similar where bioactivity is
recognized. Molecules can also be described based on the criteria followed to select a com-
pound and sometimes along with its target. Describing the molecule in such a way that
it can be measured can ease the effort of comparing fragments. These multiple descrip-
tors expressed as bits of binary string or instead fingerprint completes the description of
a compound. The primary division of family of descriptors is into 2D and 3D topological

information.

2.2.1 Fingerprints

The idea of molecule similarity is the way of eliminating molecules from the chosen chemical
space. Screening or the substructure search is the method applied to eliminate unrequired
candidates. The elimination process makes use of fingerprints. Fingerprints are an abstract
representation of molecules which are suitable for computational process consequently
can be applied to a big dataset. A pattern of target or substructure, a molecule structure
forms the basic requirements. Fingerprints differ on their length, pattern size, size of count
vectors, active bits, and the cost or the order of algorithms applied to them. Substructure
search is considered to be a non-poliynomial-complete (NP-complete) class of computational
problem [69]. It is similar to subgraph isomorphism problem and its worst-case time can be
of the order (’)(ICkN ) where N is the number of atoms or bonds, which means every addition
of new entry the time complexity doubles. The range of the fingerprint bits length can be
32 to 16,384 in general. However, the length can be more depending on the programming
language capabilities. In C and C++ the typical datatypes found are unsigned short int (16-bit
word), float (32 bit floating point precision), and double (64 bit double precision). The bits
in the fingerprint represent if the encoded feature is available or not in the object or the

molecule in the consideration.
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2.2.2 Types of fingerprints

Classification of fingerprints based on the algorithms can be dictionary-based or structural-
based, topological or path-based, circular and pharmacophores. List of current fingerprints
used for similarity metrics is in table 2.1. Several types of fingerprints were developed for
similarity metrics as no one similarity measure will be the best in every case. In molecule
similarity measure there is no canonical definition of molecule similarity. There have been
several studies [47, 70] to explain about performance and benchmarking of fingerprints.
Further studies confirm that fingerprints performance majorly dependent on the type of
data-set composition or the decoys chosen and the ability of the fingerprint to describe the
molecules regarding bits for computing for a specific activity against a specific target. The
diversity of the molecules in consideration, if they are very similar or very nonsimilar can
make fingerprints uncomfortable as the active and the inactive nature of the compound
cannot be differentiated. Studies also suggested which fingerprints are best for medicines
and which kind of fingerprints to avoid. These studies majorly have used ChEMBL datasets

which have information about their activity.

It is often important to have a performance overview of the fingerprints. O’Boyle and Sayle
[70] illustrated a tree of fingerprint performance (Figure 2.3); it illustrates relative fingerprint
review summarized in a directed graph format. Performance evaluation for benchmarking
in O’Boyle and Sayle [70] adopted single-assay benchmark, multi-assay benchmarks and
also illustrated directed graph for the benchmarking performed by Riniker and Landrum
[47]. According to O’Boyle and Sayle [70] single-assay benchmark analyses the ability to rank
very similar structures relative to a reference chosen. The molecules chosen were differing by
0.4 log units and are structurally similar. Starting from the reference being a most bioactive
unit others test units are decreasingly active units, assuming that more similar activity to the
reference, the more similar structure. On the other hand multi-assay benchmark test focused
on different structures relative to the reference. It has taken four data set of molecules from
the different articles such that from one group to another one connecting molecule is similar
and within the group, they are similar with increasing distance of similarity between them.
Based on the performance of the single and multi assays for all the fingerprints (Table 2.1)

a directed graph is generated (Figure 2.3) fingerprints lower in the graph are worse than
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the fingerprints which are higher. Moreover, the distance or the numbers of directed nodes
(Figure 2.3) indicate the net difference, i.e., number of times better minus number of times
worse. Comparing the single-assay benchmarks (Figure 2.3-a) a notable change observed
for atom pair fingerprints [71], AP and HashAP are on top of the directed graph and were
expected to be poor as they do not encode paths in the structure compared to Daylight-
type fingerprints. With the results from multi-assay fingerprints, LECPF4 and LECFP6 are
consistently among the best fingerprints. And in general extended-connectivity and feature-
class fingerprints performed better than others. Multi-assay benchmarks also reveal that
there is not much difference between LECFP6 and ECFC6 fingerprints. And LFCFP4/FCFC4
are lower in the ladder compared to ECFC6. In case of ECFP fingerprints longer version
LECFP performed better indicating an increase in the length of the fingerprint, increases the

performance.



Radius
(Circular)/
Fingerprint Family Alg(()}ll‘:ltsl;m / ( Sull(:ztlr(ilnc%ﬁ:'e) / Notes
Path-based
(Iength of path)
ECFP (0, 2, 4, 6) [72] 0,123 Extended-connectivity fingerprints
ECFC (0, 2, 4, 6) [73] 01,23 Count vector form of ECFP
FCFP (2, 4, 6) [74] Morgan FP Circular 1,2,2 Fur.lctional.—cla-ss fingerprints. Properties that relate
to ligand binding.
FCEC (2, 4, 6) [47] 1,2,3 Feature-connectivity count vector
LECFP (4, 6) [70] 2,3 Longer version of ECFP (instead of 1024 bits here
16384 bits)
LFCFP (4, 6) [70] 2,3 Longer version of FCFP (instead of 1024 bits here
16384 bits)
MACCS [75] Substructure 166 Molecular ACCess System structural keys
FP3 [75] -based (or) 55 Uses SMARTS pattern
FP4 [75] dictionary 307 Uses SMARTS pattern
Avalon [43] Flag based -based Enumeration of feature classes of molecular graph
AP [71] Atom Pair FP Shorte.st path separations between all pairs of
atoms in topology.
hashAP Path-based or Hashed forms of atom pairs
TT [76] Topological | topological Inspired by the basic conformational element, tor-
torsion FP sion angle
hastTT Binary vector with torsion angle
RDK (5, 6, 7) [77] RDKit FP 56,7 Hashed code of linear subgraphs of specified

Fp2

length of path within minPath and maxPath

Indexes small molecule fragments based on linear
segments

Table 2.1 Various fingerprints utilized for ligand similarity
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Fig. 2.3 Fingerprint performance taken from O’Boyle and Sayle [70] a) performance with
single-assay, b) performance with multiple-assay, ¢) Riniker and Landrum [47] benchmark
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Fig. 2.4 Similarity comparison of Diabetic DrugBank compound with StreptomedDB 2.0
compound and has a Tanimoto coefficient 0.76 while using the ECFP4 fingerprint. (a)
StreptomeDB 2.0 compound ChEMBL1268. (b) DrugBank diabetic compound Pioglitazone

2.2.3 Tanimoto coefficient

After the choice of a fingerprint, the next step is to measure the similarity of the molecules,
i.e., as the Euclidean distance. It is important to understand that Tanimoto measure is
independent of the molecular descriptors or the bits which are encoded. Fingerprints have
to satisfy the requirement of having size with a number raised by 2 and is a multiple of 8; this
eases the requirement of computational encoding of bits. Tanimoto coefficient also referred
as Jaccard coefficient is the simple measure of comparisons among the presence of bits in
two fingerprint strings. Considering two fingerprint bit strings A and B, the formulation can
be a count of bits in fingerprint A but not in B. Let b be a count of bits in fingerprint B but not
in A and lastly ¢ count of bits which are present in both the fingerprints. Tanimoto does not
consider the count of bits which are present in both A and B. Lastly it can be computed with
equation (Equation 2.2). In figure 2.4 a similarity comparison given it is between diabetic
DrugBank compound with StreptomedDB 2.0 compound and has a Tanimoto coefficient of
0.76 while using the ECFP4 fingerprint. Given a N bits string of fingerprint, the number of
possible Tanimoto similarities is its number of Farey numbers. And the asymptotic expected
number of coefficients, i.e., Tanimoto proximities is given by Euler equation 2.3 [78]. The

equation approximates the number of proximities as the length of IV increases.

c
tanimoto coefficient= —— 2.2)
a+b+c
3 2
D(N) = N“+O(NlogN) (2.3)

2
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2.3 Softwares

2.3.1 RDKit

RDKit [79] is an Open-source toolkit Cheminformatics Software which has an extensive
cheminformatics Python1 and C++2 APL. It is based on BSD license, and its basic library is
based on data structures and algorithms in C++ which makes it better regarding performance.
An interface Python wrapper is built over it using Boost libraries for both 2.x, and 3.x version
of Python and the latest 2018.03.1 version completely supports Python 3.x. It has a vibrant
library for calculating all the fingerprints. RDKit operates in Linux along with Mac and

Windows.

RDKit provides an extensive list of cheminformatics libraries in its API. However, some of

the notable libraries which are used in this thesis are listed here:

e Package Chem?®: Module for molecules, several kinds of fingerprints generation. Ac-
cessing all atom pairs of molecules. RDKFingerprint* part of Chem package gives op-
tions to control minimum path size(1), maximum path size(7), fingerprint size(2048),
number of bits per hash(2), minimum fingerprint size(64 bits), and target on bit
densitiy(0.3). The numbers in the parentheses are the default values observed by

RDKFingerprint. Changing these paremeter most of the fingerprints can be acheived.
e Package Draw®: Useful to generate 2D structure images of compounds
e Package pyAvalonTools®: Module containing the functionality from the Avalon toolkit.

* Package DataStructs’: Module containing an assortment of functionality for basic

data structures.

Thttp:/ /www.rdkit.org/docs/api/index.html

2http:/ /www.rdkit.org/docs/cppapi/index.html
3http://rdkit.org/Python_Docs/rdkit.Chem-module.html

4http:/ /www.rdkit.org/docs/api/rdkit.Chem.rdmolops-module.html#RDKFingerprint
Shttp:/ /www.rdkit.org/Python_Docs/rdkit.Chem.Draw-module.html

Shttp:/ /www.rdkit.org/Python_Docs/rdkit.Avalon.pyAvalonTools-module.html
http:/ /www.rdkit.org/Python_Docs/rdkit.DataStructs-module.html


http://www.rdkit.org/docs/api/index.html
http://www.rdkit.org/docs/cppapi/index.html
http://rdkit.org/Python_Docs/rdkit.Chem-module.html
http://www.rdkit.org/docs/api/rdkit.Chem.rdmolops-module.html#RDKFingerprint
http://www.rdkit.org/Python_Docs/rdkit.Chem.Draw-module.html
http://www.rdkit.org/Python_Docs/rdkit.Avalon.pyAvalonTools-module.html
http://www.rdkit.org/Python_Docs/rdkit.DataStructs-module.html
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2.3.2 Python

Python programming language is a easy, expressive, free and open-source, high-level,
portable object-oriented language. Projects PubMedPortable (Section 3.1) StreptomeDB 2.0
(Section 3.2), NANPDB (Section 3.3), FragPred (Section 3.6) were implemented with python.

2.3.3 Galaxy

The evaluation of complex biological datasets is often associated with the incorporation into
program environments and libraries such as R [80] and BioConductor [81], BioPython [82] or
also BioPerl [83]. Galaxy allows the use of these partially complex projects without knowledge
of the underlying programming and represents the functionalities of them with the help of a
minimalistic surface. The individual steps of analysis are transferred to different modules
and can be linked to a sequence. The reproducibility of the results of a study depends on the
availability of the corresponding data sets and the complete documentation of the individual
processing steps. Galaxy allows the creation of analysis schemes for the processing and
evaluation of data from various Bio and cheminformatic fields. The functional scope of
Galaxy as delivered can be considerably improved with the help of packages called tool
sheds. Tools sheds offer through a decentralized organization added to the official galaxy
tool shed [84]. Galaxy uses a client-server model. Accordingly, the program on the server
is readily accessible via the client to the user and application does not necessarily run
on the same computer but can be used within the same network or also openly via the
Internet. Access is via a web browser, and the central computing load lies with the server
computer, which means that even in computationally intensive processes does not use
the local machine. Complete programs or individual program methods can be divided
into modules and combined with each other. Each module is assigned one or more input
and output modules. Files with a specific data type along with their format specifications
are taken into account. Sequences of workflows is a useful method to work with the more

substantial pipeline.
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The ChemicalToolBoX [85] is a collection of cheminformatics tools integrated into Galaxy-
workflow-management enables applications for similarity and substructure searches, clus-
tering of compounds, prediction of properties and molecular descriptors. It also has frag-
mentation and fragment merging tools. Combination of existing tools more customized
tools can be designed. ChemicalToolBox, an open-source software, can quickly be deployed

locally or on a large scale cluster. Galaxy also has several easy to use statistical tools.



2.4 Statistical tools 27

2.4 Statistical tools

2.4.1 Enrichment analysis

Enrichment analysis is a method to identify whether specific event appears in a set of another
group of entity more frequently than expected by chance when examined with a background
set of events related to the entity. And the basic underlying assumption that all events
have an equal probability of being selected under the null hypothesis (Hy), by default null
hypothesis is considered to be valid. The attempt is made to gather the evidence to reject the
null hypothesis. However, there is a chance of dismissing null hypothesis incorrectly, and
itis a Type I Error, which is a false positive study result. The level of probability of making
a Type I error is called «a, and the counter likelihood is Type II Error (). To quantify the
statistical significance of Hy, p-value is evaluated as an evidence. p-value is the probability
of obtaining a result at least as extreme as the current one assuming Hj is true. When the
p-value is very small there is a disagreement between the data considered with the null
hypothesis conversely higher the p-value fail to reject the null hypothesis. The evaluation
of p-valueis the enrichment analysis. Computing p-value value there are several methods

Fisher’s exact test is one of the method.

2.4.1.1 Fischer’s exact test

Fisher’s exact test proposed by Fisher [86], Agresti and Agresti [87] is a statistical significance
test of independence when there are two nominal variables or the categorical data classify-
ing objects in two different ways, Fisher test examines the significance of the association
between two kinds of classification. Most common representation of Fisher test is a 2x2
contingency table (Table 2.2). To represent Fisher’s test mathematically, we take rows and
columns marginal totals and the total represented by N. Thus, the frequency of the event
that we are interested in is a. To evaluate the hypergeometric distribution gives the empirical
probability of a random variable x which is represented by the frequency of a, such that b is

the frequency of event A in the second population, c is the frequency of counter event A
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in the first population, and d is the frequency of counter event A in the second population.

Then the hypergeometric equation is given by equation 2.4.

B |B | X
A fa|fo | fa
Al fe | fa | fa
Y |\ fe|f| fatfotfetfa=N

Table 2.2 Fisher’s absolute frequency contingency 2x2 table

* f,is the absolute frequency of event A in the first population represented in figure 2.5-
il
* fj is the absolute frequency of event A in the second population represented in fig-

ure 2.5-iii

* f.is the absolute frequency of counter event A in the first population represented in

figure 2.5-iv

* f4is the absolute frequency of counter event A in the second population represented

in figure 2.5-v

a+b\(c+d
S ()

(o)

(2.4)
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kCK c=n-k

d=N-n-K+k

Fig. 2.5 Venn diagram representation of Fisher’s exact test of the table 2.2

N is the total population size

K is the number of success states in the total population

e nis the number of samples that we check for success states

k is the number of success states found in n

2.4.1.2 Multiple comparisons problem

As seen earlier in section 2.4.1 « is the level of significance an arbitrary value which deter-
mines whether p-value is low or high. Further, @ implicates the probability of committing
Type I error. With a selection of a hypothesis including a significant value without conclusion
or proof, gives rise to the probability of false positives. The degree of false positives depends
on the type of dataset, and the number of false positives could increase when considering
simultaneous multiple statistical inferences giving way to multiple comparisons problem
or multiple testing problem. The number of false positives is directly proportional to the
number of inferences made. To control this group of false positive or the familywise error

rate (FWER) several statistical methods are in use.
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Bonferroni correction

As described in Goeman and Solari [88] the seriousness of the loss attained is inversely
related to the number of hypotheses rejected. It is apparent to have a desirable error rate
control which it termed as false discovery rate (FDR). Considering H;, Hy, ..., H,, being
family of hypotheses based on p-values p;, p2, ..., pm arranged in increasing order of values.
m being the total number of null hypotheses. Then Bonferroni correction rejects the null
hypothesis (H;) for each evaluated by equation 2.5. The procedure controls the FWER at
< a. Bonferroni procedure does not take into account dependency among p-values also how

many null hypotheses are true, making it be a strict procedure for discarding hypotheses.

pis— (2.5)

Benjamini-Hochberg procedure

Benjamini and Hochberg [89] tries to address the problem in Bonferroni correction (Sec-
tion 2.4.1.2) by introducing a parameter k and finding the most substantial value of it
satisfying the equation 2.6 and then rejecting the null hypothesis for all H;) where i is in
L....,k

< — 2.6
P = m“ (2.6)
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2.4.2 Shannon entropy

Entropy or the information entropy is the amount of information content of the stochastic
source of data. It is the expected bits of information contained in each message by covering
all the areas of the information [90]. For example, to report drug-likeness information
(Section 2.1.6) of five compounds set. The entropy of the message would be bits or shannons
(named after Shannon, and it originates from Pauli and von Neumann) weighted average of
total bits of information supplied among the possible messages (2 compounds satisfying
or 3 compounds satisfying). To express the shannons of information, Shannon entropy
(H) proposes logarithmic formula (Equation 2.7). To formalise, let A = (A, p) be a discrete
probability space such that A= {a, ay, ..., a,} is a finite set each element with probability

pi then Shannon entropy (H(A)) is given by equation 2.7.

n
H(A) =-)_ pilog, pi 2.7)
i=1



32 Chapter 2. Methods

2.5 Databases in bioinformatics

The fast increasing data and information in the field of bio and cheminformatics needed a
system which can efficiently manage the humongous data with every passing day generated
by the domain. The system must also be smart and intelligent enough to access the infor-
mation of gene sequences, amino acid sequences in proteins, motifs, domains in proteins,
structural data from XRD, NMR, metabolic pathways, PPIs, CPIs, gene expression data from
DNA microarrays and many new entities that are getting discovered. The database is a sys-
tem in which data is an organized, structured, searchable, updated periodically. Biological
databases serve the purpose of availability of systemized biochemical data and analysis of
computed information is made easy. Features of databases are data heterogeneity, high
volume of data, accepts curated scientific data, integration of large-scale data and sharing of
it, and it is dynamic to requirements. The database can be classified based on accessibility,
i.e., publicly available, available with copyright, browsable, downloadable, academic but not
free, proprietary or with restricted access. Based on data sources databases can be a primary
database which is an archival database where data is derived experimentally and are directly
submitted such as nucleotide sequences and three-dimensional structures. Examples of
primary database are Gen bank, UniProt, DDB]J. Secondary databases are also known as
curated databases consisting of data derived from analysis of primary data sources such
as sequences, secondary structures, etc. Technically databases are available in flat-files
namely fasta files, relational database (Section 2.5.1) such as PostgreSQL (Section 2.5.2),

object-oriented databases, eg XML database, ontology-based databases.

2.5.1 Relational databases

A relational database (RDB) is a set of multiple relations, where each relation is a dataset
composed of tables, records, and columns. RDBs establish a clear relationship between
database tables. Codd and E [91] first proposed the relational data model in 1970. The
significant advantage of relational model over classical model is its simple representation of

data, and with ease, complex queries can be expressed. Structured query language (SQL)
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is the query language extensively used for creating, manipulating and querying RDBMS.
Data definition language (DDL) is the subset of SQL supports to create, modify, delete tables
and define their integrity constraints. DDL provides access rights to the tables and views.
Data manipulation language (DML) is another subset of SQL which allows users to pose
queries, insert, delete and modify rows. Execution of triggers which are tiny instructions
or commands on databases gets executed when given preconditions met. DML consists
of set-manipulation constructs which are useful when a set of rows are the result of the
select query. UNION, INTERSECT, and EXCEPT are the operations supported under set-
manipulation constructs. RDBMS can perform nested queries, correlated queries with the
help of set-comparison operators (<, <=, =, <>, >=, >). Databases in the extension are used
to do computation and summarization with the help of aggregate operators. Aggregate
operators include COUNT, SUM, AVG, MAX, MIN. Construction of database is always a
preplanned procedure and this preplan in this context is termed as schema. Any schema
usually has multiple tables of definitions, GROUP BY clause extracts the data from multiple
tables. Boolean operations in queries are performed with the help of logical connectives

(AND, OR, and NOT).

Relational algebra is a formal query language for expressing relational model in RDB. Queries
of algebra consists of collections of operators which are guided by the property that every
operator in the algebra accepts one or two relation instances as arguments and returns
a relation instance as the result. This rule makes it easy to compose complex queries in
relational algebra. Basic operators of relational algebra are selection (o), projection (r),

union (V), intersection (N), set-difference (—), and cross-product (x).

msrid | kingdom | country | coll date
7517 | Plantae Morocco | 1998-01-01
3898 | Plantae Egypt 2010-04-01
3366 | Animalia | Egypt 2003-06-01
5161 | Plantae | Algeria 2005-04-01
1730 | Plantae Morocco | 1990-07-01

Table 2.3 Sample sources instance S1 from NANPDB




34 Chapter 2. Methods

msrid | kingdom | country | coll_date

3898 Plantae Egypt 2010-04-01
5161 | Plantae | Algeria | 2005-04-01
3366 | Animalia | Egypt 2003-06-01
Table 2.4 Result instance S2 for the expression 2.8

country | coll_date

Egypt | 2010-04-01
Egypt 2003-06-01
Algeria | 2005-04-01
Table 2.5 Result instance S3 for the expression 2.9

With the help of relational algebra considering the instance in table 2.3 we can retrive rows

corresponding to rows with collection date after year 2000 with expression:

O coll_date>2000(S1) (2.8)

We acheive table 2.4 with the expression 2.8 and to project only few colomns, the expres-

sion 2.9 yields table 2.5

T country,coll_date(S2) (2.9)

2.5.2 PostgreSQL - an open source database

Among available open-source databases PostgreSQL is one of them, and it is free. It is an
object-relational database management system. PostgreSQL is also referred as postgres
and the SQL used in PostgreSQL is psgl. Management of concurrent transactions is effi-
ciently implemented by multi-version concurrency control technique, which manages each
transaction independently allowing changes to be made for each transaction are invisible
to other transaction until complete changes are committed. With this feature deadlock,
read locks are avoided and enable efficient atomicity, consistency, isolation, and duration

(ACID) principles. PostgreSQL presents multi-level transaction isolation, which makes it
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avoid incomplete reads, upon a request for an uncommitted read transaction due to the
isolation level it provides read committed transaction, and it obeys serializability. One of
the important feature required for a database to be stable and reliable, PostgreSQL highly
reliable and stable and can run without crashing for a longer duration. PostgreSQL is ex-
tensible its customizable features are completely available due to its open-source nature.
PostgreSQL design can handle high volumes of the data environment. PostgreSQL incorpo-
rates built-in support for B-tree and hash indexes and four index access methods generalized
search trees (GiST), generalized inverted indexes (GIN), Space-Partitioned GiST (SP-GiST)
and Block Range Indexes (BRIN). In PostgreSQL, a schema holds all objects (except roles
and tablespaces). Schemas efficiently act like namespaces, allowing objects of the same
name to co-exist in the same database. By default, newly created databases have a schema
called public, and additional schemas can be added if required however it is not mandatory.
PostgreSQL assists a wide variety of data types. PostgreSQL is efficiently administered by
pgAdmin a graphical user interface. In all the works in this thesis, we have used PostgreSQL
version from 9.4 to 9.6. Version 9.6 is the first version which supports parallel querying.
Incorporating PostgreSQL with Django framework (Section 2.5.3) is an easy process. We

have used Django as the web framework for developing web resources (Sections 3.2, 3.3).

In PubMedPortable (Section 3.1), a combination of relational database and the full-text
index is utilized to solve the problem of data accessibility. Full-text index builds complex
boolean text queries, whereas a relational database stores all meta information of PubMed
articles and their statistics. StreptomeDB 2.0 (Section 3.2) and NANPDB (Section 3.3) stores
compound information and their relationship based on compound meta information. Strep-
tomeDB 2.0 also stores prepared fingerprints with the help of OpenBabel [92] database
wrapper. FragPred (Section 3.6) adopts the schema presented by ChEMBL and extends it
to the requirement of fragments generated. The main goal of the design is to access the

information with minimum redundancy in the data readily.
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2.5.2.1 Psycopg

To the access the data of PostgreSQL database with Python an adapter is required and Psy-
copg® provides this bridge. Psycopg implements complete Python DB API 2.0 specification
and Python high-level threading interface. It is desinged to perform for mult-threaded appli-
cations which can do several inserts and delete operations simultaneously. It completely
supports Python 3.x environment. Using SQL syntax in Python is made easy by Psycopg.
Django also supports Psycopg library.

2.5.3 Django framework

Django [93] is a python based free and open-source high-level framework. It follows model-
view-template (MVT) architectural pattern and has a Model-View-Controller (MVC) design.
The model is an abstract layer and is not the actual data. Its function is to access actual
data from the database. During access of data Django does not need to know the complete
architecture of the database. The models are reusable on different databases which obey
its properties. The view represents the presentation layer of the model created during the
development phase. The view can collect the user input, and serve it on to the web app
presented via the browser. The controller controls the information flow between model and
view. The logic defined in the program determines what kind of information has to be taken
from the database and which data has to be queried to the user. The controller implements
logic by either changing view or modifying the model or by both. In the presentation, layer
data is displayed via templates using the data presented by view via the model. The Django

core framework includes:

» Standalone web server for development and testing

e The unique nature of differentiating server environment and development environ-

ment is most useful. However, it is sometimes cumbersome.

* Caching framework, useful in serving several images

8http://initd.org/psycopg/
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* Fast environment as it uses python completely

The QuerySet API is an efficient use of accessing the data from databases building very
complex queries with very few lines of code. QuerySet is another datatype which has
iteration, slicing, pickling as evaluating features. Methods of QuerySet are of two types one
which returns a new QuerySet and another does not return. It has field lookups such as
exact, startswith, year, etc. Aggregate functions such as expression, Min, Max, etc. Lastly,

query related tools which collect objects for QuerySet.

* QuerySet can iterate over data presented by the database.

* Slicing is possible with QuerySet, in which when an unevaluated QuerySet gets another
unevaluated QuerySet, then Django executes a database query and return a limited

list according to the slicing parameter.

* Pickling is possible in Django it is a precursor to caching. Pickling forces data to be

loaded into the memory before it gets used.

Complete implementation of projects StreptomeDB, NANPDB are in Django Framework.
NANPDB additionally uses Mezzanine [94] CMS on top of Django framework. Django 1.5 to

1.11 versions were used in all projects of this thesis.






Chapter 3

Results

The section introduces and explains the specific works in detail. The cheminformatic tools
presented in the thesis are useful for creating hypotheses for the discovery of novel drugs to
certain diseases, and metabolic disorder diabetes mellitus (DM) illustrates such hypothesis
as a case study. Diabetes mellitus, commonly referred to as diabetes is the sixth most affected
disease [95]. DM is a chronic disease which occurs when the pancreas does not produce
enough insulin, or it can even occur when the body cannot effectively use the insulin which it
produces, i.e., when the cells of the body are not responding properly to the insulin produced.
Hyperglycaemia is a disorder in which consistently high blood sugar levels are present for a
sustained period. When diabetes exists for over a time, it leads to serious damage and causes
many complications to the body’s systems, especially the nerves and blood vessels. Acute
complications such as diabetic ketoacidosis, hyperosmolar hyperglycemic state are major
determinants for the hospitalization of diabetic patients [96]. Hyperglycaemia and diabetes
are the major causes of mortality which gives rise to cardiovascular disease in patients. The
risk of CVD almost doubles [97] in patients with diabetes compared to patients who are not
affected by diabetes [98]. Other complications include ischemic stroke to the brain; chronic
kidney disease is a state in which kidneys functions are abnormal. In diabetic foot ulcer,
wound healing is an innate ability of the human body gets disturbed. Diabetic retinopathy
is a multifactorial microvascular disease that is also caused by chronic hyperglycemia and

subsequent adverse metabolic sequelae [99]. DM can be mainly of three types:
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* Type 1 DM: This occurs due to deficient in insulin. In this state, the pancreas fails to
produce sufficient insulin thereby it is called as insulin-dependent diabetes mellitus

(IDDM) or juvenile diabetes. Recent studies show there is a rise in Type 1 DM [100].

e Type 2 DM: It occurs due to excess body weight and physical inactivity. In this state,
cells fail to respond to insulin adequately. Subsequently, non-insulin-dependent dia-
betes mellitus (NIDDM); a form of diabetes in which insulin production is inadequate,

or the body becomes resistant to insulin.

e Gestational diabetes: It occurs in the woman who is in pregnancy period. She de-
velops hyperglycemia, i.e., similar to Type 2 DM. During this state the risk of pre-
eclampsia, depression and requiring Caesarean section increases. It is the degree of

glucose intolerance during pregnancy first recognition [101].

There were several works and statistics are done in the domain of DM. There is an increased
mortality rate due to direct and clinical sequelae of CVD and diabetes. Fasting and nonfasting
blood glucose data were collected and examined in COX models, a correlation between risks
of CVD and normal fasting glucose is detected. These associations are independent of age,
sex, and region of the population. In conclusion, significant benefits observed by lowering
blood glucose levels of at least to 4.9 mmol/l [98]. A collaborative analysis of Diagnostic
Criteria in Europe (DECODE) study has confirmed that people with impaired fasting glucose
(IFG) and impaired glucose tolerance (IGT) has a high risk of death from CVD which varies
between an average person and diabetic groups [102]. The DECODE data also interpreted
that 2-h plasma glucose concentration after a 75-g OGTT is an independent predictor of
CVD mortality, while prediction of CVD death by FPG is mostly due to correlation with 2-h
PG concentrations [97] and these concentration levels were superior in Asian populations.
Higher-than-optimum blood glucose concentration attributes to IHD and stroke diseases;
the work used the population distribution of FPG to measure blood glucose. The data
was collected extensively from 52 countries from individual-level records from surveys,
systematic reviews, and data provided by investigators. 84% CVD deaths were in low and
middle-income countries among which 55% were IHD and 28% were the stroke, and 17%
were coded to diabetes directly. Having hemoglobin A; less than 5% is the normal range and

are a lower risk of CVD. However, an increase in hemoglobin A, by 1% point increases the
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average relative risk of death by any cause is by 1.24 with 95% CI in men and goes up to 5.01
when more than 2% point rises. And in woman average relative risk increases by 1.28 with
95% CI and climbs up to 6.91 when hemoglobin A, increases by more than 2% death due
to any cause of reason. These relative risks are independent of age, BMI, waist-to-hip ratio,
systolic blood pressure, serum cholesterol concentration, cigarette smoking and history of

CVD [103].

In the recent research related there is a rise in search of synthetic drugs for anti-diabetic
agents [104]; further, it discusses interactions between synthetic compounds targets associ-
ated with DM. The association of significant adverse effects of existing medications triggered
for therapeutic strategies to adopt synthetic medications as inhibitors to reduce blood glu-
cose levels [105-107] and also indicates the significance of natural sources. A sulfonylurea
class of organic and antidiabetic compound [108] exhibited its ability to alleviate DM associ-
ated vascular complications. StreptomeDB (Section 3.2) and NANPDB (Section 3.3) being
natural compound databases in sections 3.2.4, 3.3.4 example pipelines are shown how these

natural sources can be helpful for discovery of drugs against this disease.
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3.1 PubMedPortable: Text mining framework

Information science in the field of the biopharmaceutical is growing exponentially, leading
and crucial information retrieval from ever-increasing literature is becoming increasingly
entangled. This complexity is because of the scientific results which are produced as a
means of textual publication and requires text mining techniques to search for needed find-
ings. There have been several enhancement and advances using computational methods
for increased sharing and redistribution of experimental setups and their results. How-
ever, there are suggestions that these enhancements will not cease scientific publication
growth. Equivalently, digitization of preliminary findings and clinical experiences data with
structured data models happening, still the wealth of medical records unstructured using
natural methods, conventional methods [109]. Natural language processing and text mining

applications can expedite in the domain of biomedical science.

The significant barriers in NLP and text mining applications are broadly divided into two
categories. One, the problem of interoperability between NLP components, i.e., identifying
specific words or the entities and classifying them in groups, for example, groups such as
identification of protein-protein interactions [110], drug-drug interactions [111], compound-
protein interactions [112], and their aid to treat diseases [113]. An NER task is to map
named entities to concepts in vocabulary. Performance of later experiments depends on
the mapping of objects, but due to unavailability of standards, this step is complicated.
Secondly, research literature data should be reachable, this metamorphoses into the difficult

task as there is an accelerated growth of publications articles in biomedical science.

In the PubMedPortable publication [114] which is majorly developed by Dr. Kersten Doring!
we tried to address the mentioned problems, PubMedPortable became useful in accessing
the subject required data. Tools employed to use this data are the relational database
(Section 2.5.1), full-text index of all the required text from the PubMed. The tools can be
utilized to acquire the results of complex boolean queries. Combination of both relational

database and full-text index gets used for collecting statistics of the scientific data.

http://phabi.de/main/members/
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PubMed as of mid of 2017 consists more than 27.3 million records stretching back to 1966,
also including selective records to the year 1809. Each year approximately 500,000 new
records are added. Among the listed records 48% are listed with their abstracts, and 52%
articles have links to full-text. About 2.5% of the records in PubMed correspond to diabetes.
Published, and unpublished approaches are available to deal with such a significant amount
of data, and quite a few also provide a BioC interface. BioC is a simple XML format for
sharing biomedical text, their annotations, libraries which can read and write any format
presented to it [115, 116], this enhances interoperable tools for NLP and makes the tool to
be modular which further can be used with least investment on new systems and languages.
Similar web service tools which provide support for the BioC interface are OntoGene [113].

BioC approach is called as the minimalist approach.

3.1.1 Processing of PubMed data

The basic idea of PubMedPortable is to be able to work in a local machine conveniently,
which leads to the prerequisite of garnering PubMed data into the local machine. In Pub-
MedPortable various methods are developed to download data from NLM FTP server as XML
files of the specific subject related term [117]. The XML dataset is also possible to download
as a single file and can later be broken chunks of files as per the requirement of the hardware
availability. For the low and medium range of hardware, the downloaded XML file is split

into smaller pieces of data which gets processed quickly.

The downloaded XML files data is stored into the database which will be more beneficial to
perform various queries as compared to processing with XML files. There are various tools
available which can be used to parse XML files such as LingPipe project, and to build Lucene
based full-text index [118]. Argo [119] is a web-based, text-mining workbench. Argo also
provides a repository of configurable analytics which accepts and produce interchangeable
formats of data. Text mining works are the main application of Argo. Within the workbench,
there is a possibility of workflow construction. It used an old and widely used architecture
called, Unstructured Information Management Architecture (UIMA) [120-122] approach
in which it uses the benefits of its assets such which are organizational structure, skills

alignment, development inefficiencies, and speed of the product. This architecture was
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introduced by IBM research to have a common software architecture for developing. Mainly
two classes are observed in the analysis of unstructured information, namely document-level
and collection-level analysis. Text Analysis Engines (TAEs) does the document-level analysis.
These are analogous to another widely used architecture called General Architecture for Text
Engineering (GATE) [123, 113]. A TAE is a recursive structure which can either consist of
sub or component engines each performing a different stage of analysis in both GATE or
the UIMA architecture. UIMA gets messy quickly with its complex capability. GATE evolved
from mere text processing tool to an extensive software system for developers, language
engineers from various fields. It has the strong footprint and wide range of lifecycle in the
field of text analysis systems. Its major characteristics included scalability, flexibility, and
robustness [109]. For efficient indexing, search and access it possess augmenting full text,
annotating graphs, and structuring data based on knowledge-based ontology. However,
due to all these capabilities, complexity supersedes. BioC uses a minimalistic approach,
as only the data format of XML files is defined in a document type definition (DTD) file,
an additional file describing the semantics of data and annotations serves as user-specific
properties. The interoperability is ensured within the BioC workflow, defining an Input
Connector to read and an output Connector to write BioC XML data. The interface to these
BioC classes is implemented in several programming languages [116, 124]. Producing a

BioC-compatible XML document is much simpler than a UIMA-compatible module [124].

3.1.1.1 BioC interface

The premier advantage of using BioC interoperability is that it can facilitate a wide range
of available BioC tools. Some of those tools are NER tools from PubTator [125, 122]. These
tools can identify genes/proteins, chemicals/species, mutations/variations, taxonomy, dis-
eases. The minimalistic approach of BioC facilitates crowdsourcing projects an example
is mark2cure crowdsourcing project another example can be gene tagger [126]. The BioC
workflow as shown in figure 3.1 shows how any tool supporting input and output format can
add annotations to a document, supporting the idea of interoperability. In PubMedPortable

MeSH terms are added to BioC XML document from the local relational database. The BioC
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BioC classes Data processing: Add BioC classes
containing MeSH terms as containing
input data annotations output data

[
L J
Input connector, Output connector,
e.g. PyBioC API e.g. PyBioC API

A

h 4

BioC XML input:

e.g. PubMedPortable BioC XML output:

Annotated abstract

ahstract

Fig. 3.1 General BioC workflow: Minimalistic approach [116] combining with example
from PubMedPortable [114]. The example shows how to add MeSH terms to BioC PubMed
titles and abstracts from the PubMedPortable PostgreSQL database.

data model describes a data model using an XML DTD, and it avoids dependency on used

language features providing a standardized file format, familiar to the biomedical domain.

3.1.1.2 Employing tools and accessing the data

The requirements of PubMedPortable to be employable are the installation of Python,
Xapian, and PostgreSQL (Section 2.5.2) and recommended in Linux based Operating sys-
tems. Tested on Ubuntu and Fedora operating systems and their installation methods are
described on GitHub project page? respectively. A disk space of around 400 GB which will be
useful to process complete PubMed XML files. The basic workflow of PubMedPortable rep-
resented in figure 3.2. PubMedPortable operates with step by step code snippets execution
and is usable via a command-line interface which requires PubMed XML files as input. A

database needs to be created and configured at first. The schema subsequently is built on it.

2https://github.com/PhaBiFreiburg/PubMedPortable
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Fig. 3.2 PubMedPortable workflow: 1) Download XML files of diabetes from PubMed. 2)
Parse the with PubMedPortable parser and with the help of PubMedPortable import tool,
import data into local PostgreSQL relational database. 3) Build Xapian full text index. 4)
Apply to text mining applications.

In 2004, Oliver et al. [127] compared different approaches in loading PubMed XML files into
arelational database, using NLM provided DTD. There are multiple ways by which a schema
can be designed, however, while designing schema optimization of speed is considered as a
parameter. Priority to minimizing the number of lookups to the database over repetition
of information is the choice made to optimize the speed. The work experimented with
open-source relational database PostgreSQL (Section 2.5.2), due to its free availability and
modifiable property. However, for the final implementation relational databases Oracle
9i and an IBM’s DB2 8.1, combined with code available in Java and PERL programming
languages. There is an unpublished update version from 2010 using Java 6 and MySQL
5.1 [128]. In PubMedPortable, this SQL schema is wholly adapted and slightly modified, how-
ever, combined with object-relational mapping (ORM) in Python to generate a PostgreSQL
database from PubMed XML files. Which facilitates, changes to SQL tables or columns can
be introduced directly in the parser itself; this accelerates the importing process according
to the hardware CPU cores availability. The database schema is available in appendix A.1.
Filling of data into tables from PubMed is done by the process of importing XML files us-
ing a SAX parser. Subsequently, Xapian full-text index is built by querying abstracts, titles,
keywords, MeSH terms, and chemical substances mapped to their data sources from the

relational database. Complete setup can also be executed at once using the virtual container
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Docker without installing additional software packages. With the finished data setup the
subject user-defined terms phrase searches, boolean searches, statistics and their charts are
implemented. Explanation of detailed installation, configuration, execution procedures is

on GitHub project page® [129].

3.1.2 Diabetes mellitus dataset

Downloaded complete DM data as a single 6.5 GB XML data file. Import of records after
1225 splits chunks each consisting of 500 entries into the PubMedPortable database with
hardware comprising of Intel Core i5-3570 CPU having four processors at 3.4GHz along with
32GB memory is utilized and tested to store into the PostgreSQL. It took 82 minutes to parse

the complete DM dataset. A view of PubMed diabetes corpus is in table 3.1.

Descriptor # Descriptor #
Articles 612507 || Distinct authors* 1184462
Abstracts 479473 || Grant agencies 844
Databanks 29 || Chemical substances 28205
Languages 42 || Major mesh names 12718
Gene symbols 587 || Not major mesh names* 22541
Countries 113 || Years 1788 to 2018
Journals* 11158

Table 3.1 Properties of DM dataset in PubMedPortable. *Entries which are not clean given
number is maximum

In the publication case study it has been shown to extract chemical compound entities
names using the tmChem [130] and PubTator web service [125]. Gene and protein synonyms
can be excerpted using GeneTUK:it [131]. While here in this thesis an attempt is made to
find out alternatives to the existing diabetes indications. For this purpose, DrugBank [132]
has been selected to get existing compounds related to diabetes. DrugBank yielded 67

such drugs (most commonly occurring top 10 list of drugs is provided in table 3.2). To

3https://github.com/PhaBiFreiburg/PubMedPortable
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Rank | DrugBank ID Drug Name Occurances || Gene | Occurances
1 DB00331 Metformin 11491 | PPAR 4434
2 DB01132 Pioglitazone 2723 ACE 4167
3 DB00412 Rosiglitazone 2512 DB 3818
4 DB01124 Tolbutamide 2496 | VEGF 3011
5 DB01016 Glyburide 2443 || AMPK 2489
6 DB00047 Insulin Glargine 2226 INS 2122
7 DB06655 Liraglutide 1625 OB 1983
8 DB01261 Sitagliptin 1604 || GLUT4 1913
9 DB00284 Acarbose 1361 || RAGE 1388

10 | DB01276 Exenatide 1337 || CCL2 1051

Table 3.2 Top 10 DM drugs and genes from DrugBank [132] and UniProt [133] respectively
and their number of occurances in PubMed using PubMedPortable [114]

generate a word cloud first the subject is chosen it can be any one of Gene or protein,
Disease, Chemical name from any of the databases as per requirement here in this case
Genes are taken from UniProt [133], for chemical name entities DrugBank [132] is selected.
Subsequently, recognition of entities by their identifiers to summarize the number of entries.

Logarithmic values express the frequency of occurrence of each counted entities.

Word cloud (Figure 3.3) of DrugBank DM shows Metformin is most frequently occurred drug
and in genes (Figure 3.5) PPAR occurred most frequently. An exact number of occurrences
of all the selected DrugBank drugs is in appendix A.1. Metformin is the drug of choice
to treat type 2 diabetes [134], and it prevents type 2 diabetes mellitus [135]. Metformin
function is to decrease hepatic glucose production by inhibiting gluconeogenesis(GNG)
a metabolic pathway that results in the generation of glucose [136]. On the other hand
Peroxisome proliferator-activated receptor gamma (PPARYy) is the key glucose regulator, it is
a vital pharmacological target against metabolic disorders [137]. And the literature gives the
information combining both the data, i.e., Metformin and PPARy. Metformin upregulates
PPARy [138, 139] by elevating AMP-activated protein kinase(AMPK) phosphorylation. Pie
chart 3.4 shows the number of DM publications country wise, which gives the impression of
the amount of research happening related to diabetes in indicated countries. The results of

DM obtained with PubMedPortable are used later in the section 3.2.4.
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Fig. 3.3 Word cloud of DrugBank DM compound generated using PubMedPortable
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Fig. 3.5 Word cloud of Uniprot DM genes generated using PubMedPortable

The knowledge of genes and proteins related to DM would give an understanding of the
function and expression of genes [140], and it is a motivation to create hypotheses for
research. Gene terms about DM have been extracted from UniProt, subsequently with
PubMedPortable again we can form the word cloud displaying the frequency of occurrences
of genes. The word cloud (Figure 3.5) of genes shows most frequently occurred genes in DM
literature of PubMed. The selection of gene names for PubMedPortable synonyms is from
UniProt [133]. Although occurrences of genes do not mostly vary, the table 3.2 illustrates the

top 10 genes and an extensive list of genes is in appendix A.2.

From the table 3.2 it can be seen that drug Metformin mostly occurs. To find most frequently
co-occurring words in texts that contain the search term Metformin a word cloud (Figure 3.6)

was generated.
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3.2 StreptomeDB 2.0

StreptomeDB initially published [141] in the year of 2012 with the then available more
than 2400 unique and distinct compounds from more than 1900 Streptomycetes bacterial
strains and substrains. Streptomyces genus is vital for the production of natural bioactive
compounds such as an antitumor, antibiotic or immunosuppressant drugs. In StreptomeDB
2.0* [22] and update of the earlier version, we have presented several new compounds along
with features such as Scaffold browser, Phylogenetic tree and experimentally predicted

information such as NMR- and MS- spectra of thousands of compounds.

3.2.1 Largest database of Streptomycetes

Literature in PubMed (Figure 3.7) indicates a massive interest in the research community
about the bacteria resulted from genus Streptomyces which are essential for the production
of drugs, antitumor, immunosuppressant, antifungal or natural antibiotic compounds. On
an average 354 publications (Figure 3.7), every year indicates the enormity of engagement
around the Streptomyces bacteria; statistics suggest that over 66% of known natural antibi-
otics are from Streptomyces bacteria [142, 143]. Streptomyces is a genus of Gram-positive
actinobacteria. The phylum Actinobacteria of the order Actinomycetales is one of the largest
taxonomic units within recognized lineages domain of Bacteria. Actinobacteria upon Gram
stain test produces positive test confirming their more receptive nature to antibiotics, and
they are within high range (70%) of G+C content in their DNA [144]. The order Actinomyc-
etales are nearly all from terrestrial soils, with distinct lineage living primarily as saprophytes,

showing labeled chemical and morphological diversity [145].

4http://phabi.de/streptomedb2/
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Fig. 3.7 Graph indicating the number of articles published in PubMed from 1945 to 2017

The abundant usage of the StreptomeDB which is published and made freely available to the
scientific community in the year 2013 motivated us to facilitate more features and update
the comprehensive database with the new discovered compounds and organisms. The
compounds in the latest StreptomeDB 2.0 update [22] have risen to over 4000 compounds
and host organisms to beyond 2500 along with content collected from thousands of abstracts
and full papers by text mining methods and extensive manual curation by members of our
group. More information about the latest StreptomeDB 2.0 content is in table 3.3. For
curation purpose, our group members have programmed CoRSCurator software which is
Java-based standalone software which annotates abstract titles and full texts along with
background information such as compound name, source organism, biological activity,
and synthesis routes. Dr. Kersten Doring ® has improved CoRSCurator software further to
obtain these results and export the collected data into PostgreSQL database (Section 2.5.2).
Subsequently, PostgreSQL stores the data with determined schema and relationships as

described in appendix B.1.

Shttp://phabi.de/main/members/


http://phabi.de/main/members/

3.2 StreptomeDB 2.0

55

Descriptor # Descriptor #
Compounds 4040 || Scaffolds 4485
) Organism
Organisms 2584 6717
Relationships
) Synthesis
Synthesis Pathways | 12 731
Pathway relationships
Activities 905 || Activity relationships | 3813
Compounds with
References 5486 1945
MS spectrum
NMR spectrum 3989 || Gene clusters 251
Number of genomes | 693

Table 3.3 Statistics of StreptomeDB 2.0

StreptomeDB 2.0 [22] being an update to the initially published database thus we decided to

preserve the significant part of the data architecture of the database and more focus was

given to the collection of new data of compounds and their completeness. The names of

several compounds were not found in the original references and were also not found in

PubChem service. Therefore they were manually painted and are stored in the database.

Besides, web service also includes phylogenetic tree feature. Dr. Dennis Klementz % imple-

mented the function, which bases on 16S rRNA sequences, holds more than two-thirds of

the incorporated host organisms.

Shttp://phabi.de/main/members/
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3.2.2 Scaffold browser

As part of the new feature, we have introduced scaffold-based navigation system7, which
facilitates the investigation of diverse chemical compounds of StreptomeDB based on their
structure to understand the character of the library. Additionally, implementation of Phy-
logenetic tree feature by Dr. Dennis Klementz 8, enhances the scaffold browser in their
evolutionary context. Dr. Xavier Lucas ? decomposed StreptomeDB compounds into their
staged scaffolds with the subsidiary tool Canvas 2.3 provided by Schrédinger, LLC, NY,
USA [146]. As discussed in section 2.1.8 scaffold representation of Canvas closely resembles
the Murcko framework. Canvas first identifies unique scaffolds within the available set of
structures. Similarly, it obtains the scaffold by stripping side-chain except for exocyclic
and exolinker double bonds. Further, the Schrédinger tool [147] generates subscaffolds
breaking scaffolds exhaustively. Subsequently for subscaffolds, for instance, R1, R2, and
R3 are the ring systems breaking the scaffold R1-R2-R3 into R1-R2, R2-R3, R1, R2, and R3
subscaffolds. Depending upon the direction of hierarchical scaffold traversal it is either
termed as subscaffolds or superscaffolds. Scaling of scaffolds is linear and quadratic de-
pending upon the number of structures analyzed and unique scaffolds contained in those
structures respectively. When many different backbones exist in the library, it would be
a worst-case scenario consisting of a large number of independent structures. The rich
diversity of chemical scaffolds produced by Streptomycetes allows their use as precursors
for many semi-synthetic therapeutic approaches. An example of scaffold browser is in
figure 3.22. StreptomeDB 2.0 has up to 22 scaffold levels at each scaffold level number of

scaffolds, and related compounds are listed in table 3.4.

A SQL partition function (Listing 1) is applied to extract compounds of the selected scaffold
from the scaffold grid or the scaffold browser. The SQL query (Listing 2) gets the number of

super scaffolds of a selected scaffold or multiple scaffolds.

“http://132.230.56.4/streptomedb2/scaffold_grid/
8http://phabi.de/main/members/
http://phabi.de/main/members/
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;WITH queryscaffolds(gs) AS (
VALUES %s)
SELECT COUNT(DISTINCT(c.compound_id))
FROM (
SELECT scaffold_id, compound_id, COUNT(scaffold_id) OVER
(PARTITION BY compound_id) AS cnt
FROM (
SELECT DISTINCT scaffold_id, compound_id
FROM web.compounds_to_scaffolds
WHERE scaffold_id IN (SELECT gs FROM queryscaffolds)) t ) res
JOIN web.compound c ON c.compound_id = res.compound_id
WHERE res.cnt = (SELECT COUNT(qs) FROM queryscaffolds);

Listing 1: SQL Query paritition function to get compounds of the selected scaffold in scaffold
grid such as figure 3.8

3.2.2.1 Usage of scaffold browser

Scaffold browser plays a vital role in finding novel drugs from NPs. From the distinct set of
molecules, scaffold acts as a uniting factor. For better understanding an example -lactam
antibiotic which is a class of broad-spectrum antibiotics, i.e., working on both gram-positive
and gram-negative bacteria [148]. Broad-spectrum antibiotics are particularly useful when
multiple groups of bacteria are suspected to be infected. It will be interesting to know how
many compounds contain §-lactam antibiotic. Scaffold browser (Figure 3.8) can give us
such a kind of information. In StreptomeDB 2.0 there are 16 compounds (Figure 3.9) which

contain B-lactam scaffold.
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;WITH queryscaffolds(qgs) AS (
VALUES %s)
SELECT MIN(d.level)
FROM (
SELECT scaffold_id, super, COUNT(scaffold_id) OVER (PARTITION BY super) AS cnt
FROM (
SELECT DISTINCT scaffold_id, super
FROM web.super
WHERE scaffold_id IN (SELECT gs FROM queryscaffolds)) t ) res
JOIN web.scaffolds s ON s.scaffold_id = res.super
JOIN web.detect d ON d.scaffold_id = res.super
WHERE res.cnt = (SELECT COUNT(qs) FROM queryscaffolds);

Listing 2 : SQL Query paritition function to get number of super scaffolds available for the
selected single or multiple scaffold in scaffold browser such as figure 3.8

0
HN HN Y, NH
NH <
0 HN

(find super )  Super scaffolds: 1 @
(find sub ) Sub scaffolds: 0

(compounds)  Number of compounds: 16

Fig. 3.8 Use case of scaffold browser: (1) selecting f-lactam scaffold. (2) Showing number
of super, sub scaffolds available to -lactam along with number of compounds containing
the selected scaffold
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Scaffold # of # of Scaffold # of

level scaffolds compounds | level scaffolds compounds
0 1032 3707 12 65 6
1 732 1619 13 53 4
2 672 1048 14 35 5
3 559 709 15 22 4
4 469 478 16 14 2
5 314 270 17 9 2
6 213 177 18 6 2
7 137 115 19 2 1
8 96 51 20 1 1
9 91 30 21 1 1
10 84 21 22 1 1
11 72 7

Table 3.4 Number of Scaffolds and compounds at each scaffold level in StreptomeDB 2.0

16 Compounds
16 results

View the phylogenetic tree of the organisms associated with the following compounds.

Name(s)

Cephamycin C , Cephamycin C

63744-80.9 , 63744-80-9 , cephamycin

7-Meth Fal in C , 7-Meth

O-Carb yl-d SE———

Cephalosporin C , Cephalosporin C

C 2801X , C 2801X , C-2801X , CID6443559 , 5-Thia-1-azabicyclo(4.2.0)oct-...

ycephalosporin C , Antibiotic A 16884 , A-16884 , 5-Thia-1-azabicyclo(4.2.0)oct-...
SF 1623B , SF 1623B , (6r,7s)-7-{[(5r)-5-amino-5-car... , KST-1A7114 , SF-1623B

in C , O-Carbamoyl-deacetyicephalospo... , CPD-9124

cephalexin , cephalexin , Keflex , Keflet , Cefalexin

SF 1623 , SF 1623 , (6r,7s)-7-{[(5r)-5-amino-5-car... , 6345-85-3 , KST-1A6964

cephalosporin C , cephalosporin C , 7-(5-Amino-5-carboxyvaleramido... , CHEBI:15776 , EINECS 200-501-6

7-(5-amino-5-carboxyvaleramido)-7-methoxycephalosporanic acid , 7-(5-amino-5-carboxyvaleramido...
Sodium cephamycin A , Sodium cephamycin A , Antibiotic 810 A , Cephamycin A sodium salt , 810-A

CID6453324 |, CID6453324 , CID 6453324 , 7-(5-Carboxyvaleramido)-7-meth... , 5-Thia-1-azabicyclo(4.2.0)oct-...
Cephemimycin , Cephemimycin , cephamycin C , Cephamycin C sodium , Antibiotic 842 A
Cephamycin B sodium salt , Cephamycin B sodium salt , Antibiotic 810 B , 810-B , 5-Thia-1-azabicyclo(4.2.0)oct-...
Deacetylcephalosporin C , Deacetylcephalosporin C , (6R,7R)-7-{[(5R)-5-amino-5-car... , 1760-71-0 , 1476-46-6

Organisms

1
1
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1
14
1
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1
2
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Fig. 3.9 Compound results for -lactam in StreptomeDB 2.0 arriving through scaffold
browser (Figure 3.8). Figure shows 16 compounds resulting the search, along with their
PubChem links and number of source organisms
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3.2.3 MS spectrain StreptomeDB 2.0

The software CFM-ID generated MS values for the StreptomeDB 2.0 molecules. Typically
identification of metabolite is by comparing the observed MS (Section 2.1.3) with the ref-
erence spectra available in the database and then ranking the candidates based on their
closeness to the target under observation. The limitation of this method is lack of ample
information in the databases. CFM-ID as proposed in Allen et al. [149] uses competitive
fragmentation modeling (CFM) an alternative computation method. CFM computes of a
probabilistic generative model for the electrospray tandem spectrometry fragmentation
(ESI-MS/MS) is used to predict the fragmentation spectrum of molecules which are <30
heavy atoms in positive ionization mode at 10, 20, and 40V. Also in CFM for bombard-
ing collision-induced dissociation (CID) is usually employed. It intentionally fragments
molecules into smaller parts to analyze their structure. StreptomeDB 2.0 reports maximum
five intense peaks, mapping the resulting peaks to their fragment structures at each given

intensity level. An example of MS-spectra values shown in figure 3.10.

Intensity: 10V
MH, ) \1
s
o _:j_ _ a "]:gu—
miz: 118.1 miz: 128.1 miz: 132.1 miz: 146.1 miz: 164.1
Intensity: 20V
OH HO, OH N \1
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HO e T
MS fragmentation pattern _\; ) o= h
MH; \
o fr\H, -
H, T o
miz: 60 miz: 128.1 miz: 132.1 miz: 146.1 miz: 164.1
Intensity: 40V

miz: 58 miz: 60 miz: 72 miz: 1281 miz: 146.1

Fig. 3.10 StreptomeDB 2.0 MS-Spectra results for 1-DEOXYNOJIRIMYCIN
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Query # Notes
Number of DrugBank DM compounds 67 | listed in table A.1
Number of StreptomeDB compounds 3991 | available in StreptomeDB 2.0
Number of Fingerprints used 28 | fingerprints table 2.1
Number of comparisons with all

5697720 | Between DrugBank DM com-
pounds and StreptomeDB 2.0
compounds

Fingerprints

Number of comparison pairs with

Tanimoto >0.85 4769 | Fingerprint wise distribution

listed in table 3.6

Number of unique comparison pairs

with Tanimoto >0.85 4582 | Top 10 pairs according to num-

ber of fingerprints predicted as
similar listed in table 3.7

Table 3.5 Information generated with the molecular similarity between DrugBank DM and
StreptomeDB 2.0 [22] compounds

3.2.4 DM compounds in StreptomeDB 2.0

In continuation of diabetes dataset from section 3.1.2 and the drive for the search of in-
hibitors associated with DM. The basic step of similarity between DrugBank DM compounds

and StreptomeDB 2.0 presented information listed in the table 3.5.

The similarity distribution of the comparisons between above sets (DrugBank DM and
StreptomeDB 2.0) with the several different fingerprints (Table 2.1) exhibited that there
were very few comparisons which are similar to DrugBank DM compounds. It revealed
4769 comparisons (Table 3.5) were similar with Tanimoto coefficient >0.85, filtering almost
99.998% comparisons. The Kernel density estimation of Tanimoto coefficient for some of
the chosen significant fingerprints (significant based on Figure 2.3) can be interpreted from
the graph (Figure 3.11). Kernel density estimation is available for all the fingerprints in the

appendix, figure B.4.
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Fig. 3.11 Graph showing Kernel density estimation of tanimoto coefficient between Drug-
Bank [132] DM compounds and StreptomeDB 2.0 [22] compounds. N indicates the number
of comparisions with each fingerprint

The graph (Figure 3.11) showing very few comparisons having above 0.85 Tanimoto coeffi-
cient for different fingerprints. Table 3.6 presents the data of the graph (Figure 3.11). The
graph has only those fingerprints which have shown better performance (Section 2.2.2).
Observing the kernel density graph and the fingerprint wise distribution table fingerprints,
i.e., TT, LECFP4, FCFP6, ECFP4, ECFP2, ECFC4, ECFC2, AP, LFCFP6, LFCFP4 which have
shown better performance estimated only two comparisons which are above 0.85 Tanimoto
coefficient. On the other side, it would be interesting to know which comparisons were
estimated by multiple fingerprints. And the table 3.7 shows top 10 such pairs according to

the number of fingerprints evaluated above 0.85 Tanimoto coefficient.

It is apparent that Acarbose is dominating the table (Table 3.7) and also Acarbose is available

in the StreptomeDB 2.0 with ID number 778. Acarbose is an anti-diabetic drug for which
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Fingerprint # tanimoto >0.85 | Fingerprint # tanimoto >0.85
rdk7 4344 | fcfc6 2
ecfp0 141 | fcfp4 2
hashap 126 | lfcfp4 2
fcfp2 46 | lfcfp6 2
maccs 28 | ap 1
rdk5 18 | ecfc2 1
rdk6 18 | ecfc4 1
avalon 9 | ecfp2 1
fcfc2 7 | ecfp4 1
laval 7 | fcfp6 1
fcfca 4 | lectp4 1
hashtt 3| tt 1
ecfc0 2

Table 3.6 Fingerprint wise distribution of comparisions between DrugBank DM compounds
and StreptomeDB 2.0 compounds which have tanimoto > 0.85

DM DrugBank StreptomeDB StreptomeDB # of .
DrugBankID | drugname ID compound name ﬁngerPrlnts
predicted
DB00284 Acarbose 3313 | Adiposin 2 25
DB01132 Pioglitazone 5208 | CHEMBL1268 15
DB00284 Acarbose 778 | acarbose 9
DB00284 Acarbose 3310 | Trestatin B 7
DB00284 Acarbose 3311 | Trestatin A 7
DB00284 Acarbose 3769 | Trestatin C 6
DB00284 Acarbose 4506 | acarviostatin 103 6
DB00284 Acarbose 4507 | acarviostatin I103 5
DB00284 Acarbose 9258 | isovalertatin M23 5
DB00035 Desmopressin 5079 | Aspartocin 4

Table 3.7 Top 10 pairs according to number of fingerprints predicted as similar
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Acarbose Adiposin 2

5-{4-[2-(5-Acetyl-pyridin-2-yl)-ethoxyl-
Pioglitazone benzyl}-rhiaznl?dine-z,d-dinne

HH "&

acarbose

Acarbose

Fig. 3.12 Structures of top 10 pair compounds which are listed in table 3.7. DrugBank
compounds (left), StreptomeDB 2.0 compounds (right). Figure: 1/4

16 similar StreptomeDB 2.0 compounds were detected, which have tanimoto coefficent
greater than 0.85 compared with several DrugBank DM compounds. Indicating its most
probable antidiabetic bioactivity. Combining PubMedPortable information (Table 3.2) and
StreptomeDB 2.0 more information can be gathered that Acarbose is one of the top 10
compounds which has substantial literature with 1361 occurances of Acarbose. From the
table 3.2 it can be observed that Acarbose has 1361 occurrences of publications. From the
table 3.7, we can also see more StreptomeDB 2.0 compounds Adiposin2, Trestatin B, Trestatin
A, Trestatin C and others. The structures of the top 10 comparisons (Table 3.7) can be seen
in figures ( 3.12, 3.13, 3.14, 3.15). The FragPred (Section 3.6) tool also predicted a probable

target for the compound Trestatin C it can be seen in table 3.25.
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Fig. 3.13 Structures of top 10 pair compounds which are listed in table 3.7. DrugBank
compounds (left), StreptomeDB 2.0 compounds (right). Figure: 2/4
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Fig. 3.14 Structures of top 10 pair compounds which are listed in table 3.7. DrugBank
compounds (left), StreptomeDB 2.0 compounds (right). Figure: 3/4

Desmopressin Aspartocin

Fig. 3.15 Structures of top 10 pair compounds which are listed in table 3.7. DrugBank
compounds (left), StreptomeDB 2.0 compounds (right). Figure: 4/4
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With the help of PubMedPortable a word cloud be generated for the 50 most frequently
occuring co-occurances of Acarbose (Figure 3.16) compound. With the word cloud it can be
understood that diabetes, cardiovascular, glucose are the frequently occuring terms assuring
that Acarbose is a diabetic compound. Further, StreptomeDB 2.0 provides compound card
(Figures 3.17, 3.18, 3.19, 3.20, 3.21, 3.22) of Acarbose'® containing several useful information

about the compound.
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Fig. 3.16 Word cloud for 50 most frequently occurred cooccurances of Acarbose in the
literature corpus generated (Section 3.1.2)

Whttp://132.230.56.4/streptomedb2/get_drugcard/778/
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Details for Compound acarbose

oH

Names acarbose @
show 40 synonyms

—

PubChem ID 41774 (2)

FAtoms: 44 TPSA: 321.17 FBonds: 47 #RotBonds: 9
MW: 64560482 HED: 14.0 HBA: 15.0 logP: -B.1736
Canonical SMILES: InChl:

@ OC[CEH]10[C@EH] (O[C@EH] 2 [ C@EH] 15/C25H43N018/c1-6-11(26-8-2-7(3-
(Co)oC([C@eH] ([C@H]20)0)0) [C@aH] ([C@H] 27)12(30)15(33)13(8)31)14(32)19(37)2
([CEEH]10[C@H]10[C@H] (C) [C@H] ([CoEH] 4(40-6)43-22-18(5-29)42-

Attributes ([C@H]10)0)N[C@H]1C=C(CO)[C@H] ([CeEH] 25(20(38)17(22)35)44-21-9(4-28)41-
([Ce@H]10)0)0)0)0 23(39)18(36)16(21)34/h2,6,8-39H, 3- -
5H2,1H3/t6-,8+,9-,10-,11-,12-,13+,14

4
Lipinski's Rule of Five:

Violated

HBD =5
logP ==5 HBA = 10
MW == 500

Field 1: In this field, Acarboseimage and link to its synonyms.
Field 2: PubChem ID [150] if available is provided.

Field 3: Some of the important properties and descriptors are listed.

Fig. 3.17 StreptomeDB 2.0 results for Acarbose providing its structural information, com-
pound card: 1/5
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Organism Genome NCEI Taxonomy ID
. Streptomyces glaucescens GLA.O @ Parent ID
Organisms
Streptomyces lividans 68 Parent ID
References J Mol Biol. 2010 Apr 2;397(3):709-23. (PMID 20132828) @

J Biol Chem. 1999 Apr 16;274({16):10859-96. (PMID 10196166)

®

Most Similar
Compounds
(tc = B5):

Field 1:
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parent ID.

Field 2:

Field 3:

0.85 are listed in this field.

In this field, organisms, related to Acarbose are listed along with their taxonomical

References related to Acarbose are listed here.

All the similar compounds 2D structures which have tanimoto coefficient more than

Fig. 3.18 StreptomeDB 2.0 results for Acarbose providing its similar compounds, compound

card: 2/5
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SMILES: C1CCC=CC1 Mol Wi: 82.14 Level: 0

SMILES: C1CCCOC1 Mol Wi: 86.13 Level: 0
CO

SMILES: Mol Wit: 186.25 Level: 1
C1CCC{DOC1)0C1CCCoCc1 : C

Scaffolds SMILES: Mol Wit: 181.27 Level: 1
C1CCC{CO1)NC1CCCC=C1 Q

SMILES: Mol Wit: 281.38 Level: 2
C1CCC{CO1)OCICCC{CO1)NCIC -
5 N
J._ :I’ u-_-.‘,J
@
SMILES: Mol Wit: 286.36 Level: 2
C1CCC{DC1)OCLICCC{OC1)0C1C
P N e,
g (Lr
‘J".
(U

Field 1: In this field all the scaffolds of Acarbose are listed and linked to the compound listing
having the selected scaffold.

Field 2: By selecting this scaffold will yield compounds (Figure 3.20) related to it. Conversely,
the same scaffold can be selected from the scaffold browser (Figure 3.22).

Fig. 3.19 StreptomeDB 2.0 results for Acarbose providing its scaffolds, compound card: 3/5
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View the phylogenetic tree of the organisms associated with the following compounds.

274 Compounds
274 results

Name(s) Organisms:
2-Hydroxyaclacinomycin A | 2-Hydroxyaclacinomycin A | BRN 4901298 | 1-Naphthacenecarboxylic acid, ... . CID160078 160078 1
Glucoallosamidin B , Glucoallosamidin B , Methyl-N-demethylallosamidin , AR-1G2761 , CID195827 195827 2
Niddamycin , Niddamycin None 1
6"-0-Mannopyranosyl mannosi ptomycin , 6"-0O-Mannopyranosyl mannosid... , 8™-Mpms , CID196357 , 100759-54-4 196357 1
Avermectin Ala , Avermectin Ala , SCHEMBL1681257 , CHEBI:29522 | 65195-51-9 11239973 1
Chimeramycin A , Chimeramycin A , CID6450490 , 87084-47-7 , Tylosin, 23-de((6-deoxy-2,3-di... 6450490 1
Avermectin Alb , Avermectin Alb , 65195-52-0 , LMPK04000021 . CID9340924 9940924 2
acetylspiramycin , acetylspiramycin , Spiramycin || , Foromacidine B , Foromacidin B 5282173 2
Saprolmycin E , Saprolmycin E None 1
Avermectin B{1)a , Avermectin B(1)a , abamectin component Bla , Abamectine [French] , Abamectinum [Latin] 6434889 7
Leucomycin A4 , Leucomycin A4 , Leukomycin A4 | BRMN 1678667 |, Leucomycin V. 3-acetate 4{sup ... 6444507 1
3"-Demethylchartreusin , 3"-Demethylchartreusin , CID5748304 | 10-({8-Deoxy-2-0-(6-deoxy-alph... , 128229-64-1 5748304 1
Glucoallosamidin A , Glucoallosamidin A , AR-1C2082 , CID195828 , 2-(dimethylamino)-4-hydrosy-6-... 195828 1
Zorbamycin , Zorbamycin 56842230 2
Relomycin , Relomycin , Dihydrotylosin , Relomicina , Relomycineg 6436058 1
Avilamycin , Avilamycin , Surmax , Avilamycine [INN-French] , Avilamycinum [INN-Latin] 71674 5
Antibiotic A447 B , Antibiotic A447 B , Cosmomycin C |, CID3081508 | 5,12-Naphthacenediong, B-aethyl... 3081509 2
Magnamycin , Magnamycin , Deltamycin A4 , Carbomycin acetate , Magnamycin (VAN) 6433412 4
Dihydroavermectin Bla , Dihydroavermectin Bla , hvermectin Bla , 22 23-Dihydroavermectin Bla . 22,23-Dihydroavermectin B(l)a 6440452 1
avilamyein , avilamyecin None 1
C12406 ., C12408 , 104542-46-3 , CID1755974 . (R)-9-(2,6-Dideoxy-3-0-((25-(2... 175574 2
HSDE 7240, HSDB 7240 , HYALURONIC ACID , hylan , Na-Hylan 24759 1
Obelmycin F , Obelmycin F , CID176072 , 107826-16-4 , 5.12-Naphthacenedione, 8-ethyl... 176072 2
Phenelfamycin C , Phenelfamycin C , CID6443945 , 118498-93-4 , Benzeneacetic acid, 2-(2-((7-(... 6443945 1
landomycin D |, landomycin D 53297397 2

Fig. 3.20 Compounds which have the scaffold selected in figure 3.19 of Acarbose, compound
card: 4/5

NMR spectrum:

multiplicity chemical shift type =

S !i".i.‘{fum D 1.22 1H

P S 2.95 1H
@ D.D 3.18 H -
T 3.23 1H P

5 ©)
fragmentation MS spectrum not available.
pattern

Field 1: NMR spectrum 2.1.2 values can be observed here.
Field 2: Mass spectrometry values can be observed here. For an example of MS-Spectra refer

figure 3.10.

Fig. 3.21 StreptomeDB 2.0 results for Acarbose providing its NMR and MS information,
compound card: 5/5
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(Select Level ) Selected level is 1 ( 1 ,

‘;T.’_ e

(find super ) Super scaffolds: 70

(‘find sub ) Sub scaffolds: 1

{‘compounds )  Number of compounds: 274

Field 1: Here level of the scaffold is selected.
Field 2: Desired scaffold selected in scaffold browser (Section 3.2.2)

Field 3: Options to browse super, sub scaffolds, and compounds related to the selected scaffold.
It also pre lists number of results found for each criterion.

Fig. 3.22 StreptomeDB scaffold browser for the Acarbose scaffold selected in figure 3.19
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3.3 NANPDB

Northern African Natural Products Database (NANPDB)!! is an accessible online database
of Natural products from the region of Northern Africa. The data cover compounds isolated
mostly from plants, with contributions from some endophyte, animal (e.g., coral), fungal,
and bacterial sources. Computed physicochemical properties, often used to predict drug
metabolism and pharmacokinetics, as well as predicted toxicity information, have been
included for each compound in the data set. NANPDB is the most extensive collection of

annotated natural compounds produced by native organisms from Northern Africa.

3.3.1 NANPDB introduction

As introduced the importance of NPs in the section 1.2, which are leading sources of drugs
and drug leads and play an essential role in drug discovery by providing novel scaffolds. One
of the critical strategy adopted in pharmacy research world to explore new NPs and increase
the chemical diversity is to delve into untapped geographical sources [151, 152]. With this
idea, we have invested our resources in exploring much less explored the geographic region
of the world, i.e., North African region. Also, NPs procured from this region are either

identified as drugs or clinically potential compounds [153].

Northern Africa or the Mediterranean countries which are in the northern-most geographical
region of the African continent with an area of 9 million km? [154] of which Sahara desert
covers more than 75 percent, and it is fastly getting desertified [155]. Being a desert area
increases the expectancy of its unearthing unique natural products concerning structural
diversity and bio-activity in the selected region compared to other parts of Africa. Plants,
when exposed to extreme environments such as drought, develop an adaptive defense
mechanism for their survival from abiotic stress which includes morphological as well
as biogeochemical [156]. Similarly, microorganisms such as Fungi are majorly affected

by the pH of their environment changes, due which organisms develop pH-responsive

Uhttp://african-compounds.org/nanpdb/
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signaling pathways [157]. Countries which combine Northern Africa are Algeria, Egypt,

Libya, Morocco, Sudan, South Sudan, Tunisia, Western Sahara, and parts of Northern Mali.

Earlier to our work there were few attempts made to develop such databases and public
resources for the NPs belonging to Africa. Some of these NPs are discussed here, from the
Central Africa CamMedNP [158], chemical library contain generated 3D models of NPs.
CamMedNP contains isolated medicinal plant species belonging to plant families from the
Cameroonian flora. The NPs in CamMedNP are isolated from 224 plant species from 55 plant
families [158]. CamMedNP majorly has compounds which are terpenoids, flavonoids. 1t also
reported isolated secondary metabolites and their known biological activities. CamMedNP
has a wider sampling of the chemical space compared to ChemBridge. Other 3D models
generated natural product database from Africa is ConMedNP [159] it has 3200 compounds
of natural origin. Compounds of ConMedNP reveal information from 376 distinct medic-
inal plants which are extracted from 79 different plant families from the central region of
Africa to show the diversity ConMedNP showed the diversity analysis of physicochemical
properties with DIVERSet ™ database which contained 48,651 compounds from Chem-
Bridge Corporation [160]. It also showed the pharmacokinetic profiling (Section 2.1.5) of
the compounds with the help of QikProp software (Section 2.1.4). AfroDB is another NP
which has distinct NPs from multiple regions of Africa, among which dominating from
Central Africa region. It is relatively a small molecule library of 1000 compounds [161].
Compounds of AfroDB exhibit biological activity in specific areas, e.g., prolyl endopeptidase I
inhibition, 118-hydroxysteroid dehydrogenase inhibition, a -glucosidase inhibition. Generic
classification of AfroDB includes anti-HIV, anti-salmonella, activity against Onchocerca
gutturosa and several others. More than 50% compounds showed no Lipinski violations
(Section 2.1.6). AfroDB compound library a subset of ZINC library [162] produced after
virtual screening ZINC database. p-ANAPL [163] has the compound library which can be
readily used in research experiments for virtual screening (Section 2.1) from the African
medicinal plants [158, 159, 161]. It has the tiny library of just more than =500 compounds.
It has also discussed the pharmacological profiles of few compounds. Compound type of

flavonoids had more representation in pan-African Natural Products Library (p-ANAPL).
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All of the discussed NP resources have several standard things such as all are from the African
region, collected from the various areas. To establish their relevance they have examined
Lipinski’s criteria (Section 2.1.6), compared with DNP datasets [160], known biological activ-
ities, chemical composition by plant origin, diversity analysis, the similarity of compounds,
prediction of dermal penetration, prediction of plasma-protein binding, metabolism predic-
tion, availability of substructures. To indicate their utility they have provided 3D Models,
Calculated molecular descriptors, pharmacokinetic profiling, classification of compounds,

PCA, giving virtual libraries in several file formats, availability of compounds.

3.3.2 Information content of NANPDB

The Northern African Natural Products Database (NANPDB) can be browsed through lists
and searches (Section 3.3.5.2). Natural products from Northern African species are available
to download as SMILES. The data currently covers compounds derived mainly from plants,
with contributions from some endophytes, animals (e.g., corals), fungi, and bacteria. The
available PubChem [150] compounds links are in the database. For the description of the
source species, NANPDB has been linked to available databases; for example, some plant
sources have been linked to the Prota [164] and Tropicos [165] databases, while marine
sources have been linked to the World Register of Marine Species (WoRMS) [166]. Bacterial
sources are connected to GenBank [167] and fungal sources to the Mycobank database [168—
170], while the taxonomic data for a majority of the compounds have been linked to the
National Center for Biotechnology Information (NCBI) Taxonomy database [171]. Addition-
ally, the availability of source organism storage data, e.g., in national and university herbaria
and repositories, has been included, where possible. Literature information (e.g., authors,
journal names, titles of publications, literature reference, doi, among others) has also been

included, via links to PubMed [34] and journal reference links.
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3.3.2.1 Properties of NANPDB compounds

NANPDB represents the largest collection of annotated NPs derived from natural species
found in Northern Africa. We had a recent update of compounds after the NANPDB first pub-
lished in 2017, in this thesis statistics include updated compounds. Although the database
currently includes many known drugs and drug leads, the biological activity for the majority
of compounds is not yet tested. Hence, assessing the medicinal potential of most of the
molecules are needed. It opens a broad window of opportunity for further investigations
in drug discovery studies, analysis of the bioactivity of selected compounds, and probing
of the routes toward the biosynthesis of some of the identified metabolites. An additional
asset of NANPDB is the inclusion of related information such as the terpenoids, flavonoids,
and alkaloids, (Figure 3.23). A total of about 100 known biological activities have been
recorded, along with 43 distinct modes of action. They have been grouped into 99 biolog-
ical activity classes. The majority of the known bioactive compounds are anti-infective
(e.g., exhibiting anti-HIV, other antiviral, antifungal, antitubercular, other antimycobac-
terial, and antibacterial activities), cytotoxic, and potential anticancer drugs. The latter
class of bioactive molecules includes compounds exhibiting inhibitory activities against a
broad range of cancer cell lines or having recorded antileukemic, kinase inhibitory, tumor
anti-initiating, tumor-specific cytotoxic, antimetastatic, antiproliferative, and antitumor
activities, while other compounds have shown clinical potential for cancer treatment. Other
bioactive molecules include antifeedants or insect repellents, among others. Less than half
of the dataset (2367 compounds) were present in PubChem at the time of data curation.
Less than half of the 874 literature references are currently listed in PubMed, making the

database of particular interest.

Besides, estimation of the toxicity predictions with the pkCSM model [172] for ten toxicity
endpoints is summarized (Tables 3.8 and 3.9). The pkCSM is a in silico approach which
uses graph-based signatures to study and predict for ADMET properties of the chemical
compound. The Ames Salmonella mutagenicity assay (Salmonella test; Ames test) is a
bacterial reverse mutation assay to detect molecules which unfold genetic damage. Boolean
toxic properties can be understood from the table 3.8. A compound that tests positive

for AMES mutagenicity is mutagenic and therefore may act as a carcinogen promoting
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Fig. 3.23 Pie chart showing percentages of main compound classes of NANPDB

cancer [173]. NANPDB exhibits under 15% of compounds to be not passing through Ames
test. An hERG I/II inhibitor could cause the development of acquired long QT syndrome,
which leads to fatal ventricular arrhythmia [174] and the compounds did not exhibit any
hERGI inhibition, 70% compounds did not exhibit hERGII inhibition. Hepatotoxicity leads
to drug failures by disrupting the normal function of the liver [175]. A compound that tests
positive has a high probability of in disrupting the normal function of the liver, almost
88% compounds are safe to the liver. Skin Sensitisation test determines if the compound
is dermally safe. A compound that tests positive could have a high potential adverse effect
for products applied to the skin, e.g., cosmetics and antifungals and 84% compounds are
predicted to be safe to skin. The second table 3.9 summarizes further information on some
more toxic points with their minimum, maximum and mean values. Human maximum
tolerated recommended dose provides an estimate of the toxic threshold of the substance in
humans. If the compound is < 0.477 log(mgkg ™' d™!) it is considered low anything greater
than it is considered high. The maximum value of NANPDB compounds is 2.38 indicating
safe values for all compounds. Rat oral acute toxicity indicates the toxic potency of the
molecule. The median lethal dose (LD50) values are the standard measurement of acute
toxicity. The model for acute toxicity is built on over 10000 compounds tested in rats [176].

Rat oral chronic toxicity or the lowest observed adverse effect log is prediction can influence
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the treatment strategy and this a relative term which depends on bioactive concentration
and treatment lengths required [177]. T.pyriformis is a protozoa bacteria, its toxicity is used
as the toxic point and only 1% NANPDB compounds satisfy this parameter. Compounds with
value greater than -0.5 log pL are considered toxic. Tetrahymena Pyriformis is an attractive
test organism for the assessment of environmental impact of toxicants [178]. Indicating not
many NANPDB compounds passed the toxicological properties of industrial chemicals in
the environmental hazard assessment. Minnow toxicity represents the concentration of a
molecule necessary to cause death 50% of the Flathead Minnows toxic to nature [179]. Over
85% of compounds are not toxic satisfying the high acute toxicity threshold value of staying

below -0.3mM.
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o y Predicted | % Compliance

end point
Yes 87.05
AMES test No ot
e qelses Yes 0
hERG I inhibition No s
. og o e Yes 30.22
hERG II inhibition N oo
Hepatotoxici Yes 12.08
i v No 87.92
Skin sensitization Yes 15.89
No 84.10

Table 3.8 Selected predicted toxicity parameters for NANPDB 1/2

Parameter Maximum | Minimum | Mean
Human maximum tolerated recommended dose (log mgkg—'d™") 2.38 -3.09 | 0.13
Rat oral acute toxicity (mgkg™') 4.99 0.69 | 2.39
Rat oral chronic toxicity (log mg/kg bw/d) 44.95 -1.03 | 2.63
T. pyriformis toxicity (logulL) 2.76 -1.57 | 0.46
Minnow toxicity (logmM) 52.29 -9.64 2.55

Table 3.9 Selected predicted toxicity parameters for NANPDB 2/2
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3.3.2.2 Use case of NANPDB

Natural products are a precious resource for the identification of new drugs and are impor-
tant sources of chemical diversity [180-182]. In the diverse compounds, a more in-depth
look at privileged scaffolds which are usually related to specific bioactivity can result in
more bioactive compounds. An example, quinoline is a nitrogen-containing heterocyclic
aromatic organic compound. It is a colorless hygroscopic liquid. And it appears in kinase
inhibitors [183], show potent inhibitory activity at low micromolar concentrations [184],
and quinoline compounds are anti-malarial and anti-cancer agents [185]. Quinolines have
become more useful after having regioselective control over them [186]. A more in-depth
study with PubMedPortable can reveal various information about the quinoline confirming
its appearance in several drugs. A substructure search with quinoline (Figure 3.24-a) in
NANPDB yields 31 different molecules (Figure 3.24-d). The bioactivity and mode of action
of several resulted compounds can be at least partly understood, e.g., the anti-inflammatory
properties of skimmianine (Figure 3.24-b) against such as carrageenan-induced acute in-
flammation [187]. For other molecules such as 1,2,3,11b-tetrahydroquinolactacide (Fig-
ure 3.24-c) a precursor of quinolactacide [188], the activity has to be tested. All the 31

molecules can be a good starting point for the search for novel drugs.

31 results

Compound(s) with Substructures (d )
2-(2'-hydroxy-4'-methoxyphenyl)-5,8-dimethoxy-3-propyl-1H-quinolin-4-one ( b)
58 y-2-(3'-methoxyphenyl)-3-propyl-1H-quinolin-4- one

5,8-dimethoxy-2-(3',4'-dimethoxyphenyl)-3-propyl-1H-quinolin-4-one

X
5,6-dimethoxy-2-(2',5',6"-trimethoxyphenyl)-1H-quinolin-4-one
(a ) N/ gamma-fagarine

citriquinochroman

penicinoline

edulein

skimmianine

1,23,11b ydroquinol

flindersine

evoxine

methylpenicinoline

Fig. 3.24 Identification of potential drugs in NANPDB by substructure search using quinoline
as the privileged scaffold, leading to 31 hits. (a) Quinoline scaffold, (b) skimmianine, (c)
1,2,3,11b-tetrahydroquinolactacide, and (d) Names of the first 13 hits, indicating b and c
compounds



3.3 NANPDB 81

3.3.2.3 NANPDB compared to other NP databases

The compounds in NANPDB were further compared with known drugs and other published
natural products data sets, some of which contain compounds from other specific geograph-
ical regions (Figure 3.25), while others are collections of NPs with activities against specific
diseases tuberculosis and cancer. The Venn diagrams in 3.26 show the overlap of NANPDB

with the selected data sets (Table 3.10).

Dataset # SMILES | Nature of compounds

NANPDB!? [189] 4928 | NPs from Northern African sources

IDAAPM!3 [190] 1617 | FDA-approved drugs

DrugBank!* [132] 7133 | Known drugs

NuBBE!® [191] 1749 | NPs from Brazilian sources

StreptomeDB 2.016 [22] 4040 | NPs from Streptomyces species

ConMedNP [192] 3177 | NPs from Central African sources
BioPhy“[Mol17 [193] 633 | Antimycobacterial NPs from around the world
NPACT!® [194] 1574 | Anticancer NPs from around the world

Table 3.10 Description of datasets used for comparative analysis of ADMET-related descrip-
tors study

2http://african- compounds.org/nanpdb/
Bhttp://idaapm.helsinki.fi/

Yhttps:/ /www.drugbank.ca/
5http://nubbe.iq.unesp.br/portal/nubbedb.html
18http://phabi.de/streptomedb2/
7http://ab-openlab.csir.res.in/biophytmol/
Bhttp://crdd.osdd.net/raghava/npact/


http://african-compounds.org/nanpdb/
http://idaapm.helsinki.fi/
https://www.drugbank.ca/
http://nubbe.iq.unesp.br/portal/nubbedb.html
http://phabi.de/streptomedb2/
http://ab-openlab.csir.res.in/biophytmol/
http://crdd.osdd.net/raghava/npact/
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conmednp

Fig. 3.25 NANPDB compared to NPs from other geographical regions

biophytmol npact

Fig. 3.26 NANPDB compared to NPs of bacterial origin, targeting specific disease tuberculo-
sis and cancer
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ida2pm

Fig. 3.27 NANPDB compared to drugbank

The present database is also compared with the FDA-approved drugs from the DrugBank
and ida2pam (Figure 3.27). All the compared databases information are provided in the
table 3.10. In all the comparisons a common phenomenon is that NANPDB has several
new sets of compounds which are not available in other databases making NANPDB more
interesting and unique. The evaluation of the physicochemical properties (Tables 3.11, 3.12)
employed in Lipinsk’s RO5 (Section 2.1.6) comparing with other data sets (Table 3.10) only
known drugs (DrugBank and IDA2PM), along with NuBBE and BioPhytMol, showed a better
drug-likeness. It was additionally observed that the mean clogP values of both NANPDB and
FDA-approved drugs were equal to =2.15 units (Table 3.10)



Dataset MwW clogP HBA

Max Min Avg Max | Min | Avg | Max | Min | Avg
NANPDB 1625.67 | 55.07 | 419.15 | 20.05 | -9.88 | 2.11 53 0 9.1
IDA2PM 1626.24 | 17.03 | 370.13 | 16.71 | -12.49 | 2.16 64 0| 6.98
DRUGBANK 1150.19 | 17.03 | 341.1 | 17.84 | -16.04 | 1.56 69 0| 7.23
NuBBE 1171.04 | 86.09 | 369.45 | 18.19 | -5.31 | 3.22 38 0| 6.29
StreptomeDB 2.0 | 1473.69 | 17.03 | 514.75 | 19.21 | -18.67 | 1.03 71 0| 1251
ConMedNP 1439.6 | 84.16 | 426.7 | 22.29 -6.8 | 3.86 70 0| 5.85
BioPhytMol 1084.73 | 74.08 | 347.43 | 13.45 | -5.41 | 3.92 39 0| 4.73
NPACT 1383.53 | 106.12 | 441.94 | 18.46 | -6.32 | 3.19 51 0 8.2

Table 3.11 Comparison of RO5 parameters of NANPDB with approved drugs and five other NP datasets 1/2

Dataset HBD NRB NLV

Max | Min | Avg | Max | Min | Avg | Max | Min | Avg
NANPDB 24 0| 3.06 58 0| 7.86 3 01]0.85
IDA2PM 19 01217 52 0| 6.81 4 0| 045
DRUGBANK 25 0] 265 62 0| 6.96 4 0| 0.42
NuBBE 16 0] 1.59 30 0] 599 3 0 | 0.54
StreptomeDB 2.0 29 0] 3.84 66 0| 12.72 4 0| 1.29
ConMedNP 37 01239 56 0| 5.51 4 00.71
BioPhytMol 17 0]1.12 51 0| 578 4 0 | 0.46
NPACT 18 01254 44 0| 841 4 0| 0.79

Table 3.12 Comparison of RO5 parameters of NANPDB with approved drugs and five other NP datasets 2/2

¥8
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3.3.3 NANPDB webservice development

3.3.3.1 Data collection

Our collaborator implemented the data collection Dr. Ntie-Kang'®. The curators and de-
velopers were in different locations, and so good planning was needed, and we followed a
workflow (Figure 3.28) for the entire process. The data related to source organisms, geograph-
ical collection sites and chemical structures of derived compounds have been retrieved from
literature sources from the major international journals on natural products and medicinal
chemistry, alongside available Ph.D. theses, spanning the period 1962 to 2016. The journal
article data sources are from the journals queried with country name as the search term. The
resulting articles were checked to verify that the source species harvest from the Northern
African region. The retained articles were downloaded and referred to henceforth as data
sources. The data sources were arranged by taxonomic families of source organisms, to
avoid duplicate curation. From each data source abstracts and full text are collected. The
accuracy of the manually curated data is particularly checked for chemical information,

biological activity data, and source species information.

Yhttp://pc.pharmazie.uni-halle.de/medchem/mitarbeiter/fidele_ntie-kang/


http://pc.pharmazie.uni-halle.de/medchem/mitarbeiter/fidele_ntie-kang/
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Fig. 3.28 The complete workflow that captures the entire process of construction of NANPDB
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3.3.3.2 Database implementation

The data in NANPDB is organized as a relational database. The main goal of the design
was to access the information with minimum redundancy in the data readily. PostgreSQL
9.5.4 (Section 2.5.2) was applied as a database server [195] combined with the RDKit (Sec-
tion 2.3.1) for processing small molecules [196] and Ubuntu 16.04 LTS as host operating
system. Physicochemical properties of the molecules were generated using QikProp (version
2015) [56] and were used, together with the reported biological activity information, as
molecular properties. Compound-related information stored in a single table also includes
the chemical structure of the compounds in SMILES format as well as names and synonyms
extracted from the PubChem database. The source species information such as kingdom,
family, habitat, and availability is inserted into another table. Two other tables include
literature reference information and information about the curators. Toxicity predictions

were stored in a fifth table (Figure 3.29).

NANPDB

kaSM t721] b A smies A Toxicity N
E NCBI - Taxonomy [167]

e —— R —
_———s
Sources ——

PubChem [150] |/ Molecules - _
g \ Tropicos [165]
e

Authors References L o PubMed [34]

PostgreSQL 9.5 [50]

Django [93]

Python

Fig. 3.29 Simplified database schema of NANPDB in PostgreSql

Appendix figure C.1 provides a summary of the main contents of each SQL table and how
the tables are connected to each other. Compound names and synonyms were individ-

ually queried in PubChem [150], and related data were retrieved. A Python script was
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used to download individual 2D molecule (sdf) files from PubChem using the manually
retrieved and verified PubChem ID (PCID) compound codes. Where compounds were not
available in PubChem [150] ChemSpider [197] or MarvinSketch [198] the compounds were
sketched (based on reported 2D structures) and compared with the structure (if available) in
SciFinder [199]. The 2D sketches were carried out using the ChemDraw 8.0 Ultra tool [200]
and saved as 2D mol files. Chemical structures were double checked for potential problems
such as incorrect formulas, the presence of salts, and counterions. Unique (canonical)
SMILES strings were generated using Open Babel [92] following the previously described
methodology [141, 22]. Lipinski physicochemical property filters such as molecular weight
(MW), computed logarithms of the n-octanol/water partition coefficients (clogP), number
of hydrogen bond donors (HBDs) and acceptors (HBAs), and other properties related to drug
metabolism and pharmacokinetics (DMPK) were computed using QikProp (Schrodinger,
LLC) [55] after a preliminary ligand preparation treatment on the maestro interface [201]

using LigPrep (Schrodinger, LLC) [202] Data were uploaded in a PostgreSQL 9.5.4 database.
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3.3.4 DM compounds in NANPDB

Exercising further the diabetes dataset from section 3.1.2 calculating the molecular similarity
of NANPDB compounds DrugBank DM compounds (Appendix table A.1) elucidated the

numbers in the table 3.13.

Query # Notes
Number of DrugBank DM compounds 67 | listed in table A.1
Number of NANPDB compounds 4928 | available in NANPDB
Number of Fingerprints used 28 | fingerprints table 2.1

Number of comparisons with all
7035756 | Between DrugBank DM com-

Fingerprints
pounds and NANPDB com-

pounds

Number of comparison pairs with . . ) o
1275 | Fingerprint wise distribution
Tanimoto >0.85 . .
listed in table 3.14

Number of unique comparison pairs ) .
1266 | Top 10 pairs according to num-
with Tanimoto >0.85 . .
ber of fingerprints predicted as

similar listed in table 3.15

Table 3.13 Informaiton generated with the molecular similarity between DrugBank [132]
DM and NANPDB [189] compounds

The similarity distribution of the comparisons between chosen sets of compounds with the
different diverse fingerprints (Table 2.1) showed that there were very few comparisons which
are similar to DrugBank DM compounds. It revealed 1266 comparisons (Table 3.13) filtering
almost 99.999% comparisons. The Kernel density estimation of Tanimoto coefficient for
some of the significant fingerprints (Figure 2.3) can be explained by the graph (Figure 3.30).

Kernel density estimation is available for all the fingerprints in the appendix, Figure C.2.
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Fig. 3.30 Graph showing Kernel density estimation of tanimoto coefficient between Drug-
Bank [132] DM compounds and NANPDB [189] compounds. N indicates the number of
comparisions with each fingerprint. Major fingerprints are taken from 2.3.

The Kernel density graph (Figure 3.30) showing very few comparisons above 0.85 for different

fingerprints are in table 3.14.
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Fingerprint # tanimoto >0.85

rdk7 902
fcfp2 168
ecfp0 152
hashap 42
maccs 10
fcfc2 1

Table 3.14 Fingerprint wise distribution of comparisions between DrugBank DM compounds
and NANPDB compounds which have tanimoto > 0.85

In the table 3.14, there are several results for fingerprints rdk7, fcfp2, ecfp0, and hashap
however on viewing the structures (Figure 3.31) they were not similar in several pairs (Ap-
pendix figures C.3, C.4, C.5, C.6). An hypotheses can be that if a pair indicated as similar by
several fingerprints can be structurally also similar. However this was not the case for the
pairs indicated by several fingerprints are similar, such as top 10 fingerprints estimated by

multiple fingerprints are in table 3.15.

Simvastatin \J 16-epi-scalarolbutenolide

1alpha-acetoxy-3beta-hydroxyeudesm-3-en-6beta,
11betaH-12,6-olide

Fig. 3.31 Structures of top 10 pair compounds which are listed in table 3.15, figure set: 1/5
and more compound structure images are in appendix C.3. DrugBank compounds (left),
NANPDB compounds (right).



c6

DM DrugBank | NANPDB NANPDB # of fingerprints
DrugBank ID | drugname ID compound name predicted
DB00641 Simvastatin 3950 16-epi-scalarolbutenolide 3
DB00641 Simvastatin 1800 lalpha-acetoxy-3beta-hydroxyeudesm-3-en-6beta,11betaH- 2
12,6-olide
DB00641 Simvastatin 3949 sesterstatin 7 2
DB00641 Simvastatin 5158 3,21-dipalmitoyloxy-16beta,21alpha-dihydroxy-beta-amyrine 2
DB09265 Lixisenatide 2259 euphornin D 2
DB09265 Lixisenatide 2262 euphornin G 2
DB09265 Lixisenatide 2316 euphorhelin 2
DB09265 Lixisenatide 2562 cocciferin T2 2
DB00178 Ramipril 3760 3-(3’-methoxytropoyloxy)tropane 1
DB00178 Ramipril 3765 littorine 1

Table 3.15 Top 10 pairs of DrugBank-NANPDB according to number of fingerprints predicted as similar with Tanimoto coefficient
>0.85

symsay ‘¢ 191deyn
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Comparing the two results of similarity, one compounds of DrugBank DM with NANPDB
(Table 3.13) and the other DrugBank DM with StreptomeDB 2.0 (Table 3.5), StreptomeDB 2.0
had better results although NANPDB had more compounds. Indicating StreptomeDB 2.0 has
a closer structural relationship than NANPDB compound with DM compounds. However, in
NANPDB there are several compounds (Table 3.16) with antidiabetic bioactivity. Conversely
when their best Tanimoto estimated is queried among all calculated fingerprints only 25%
compounds (Table 3.17) were having Tanimoto higher than 0.85, and their structures are in

appendix C.4.



NANPDB Molecule name NANPDB Molecule name
ID ID
696 diosmetin 7-O-beta-L-arabinofuranosyl 2773 caryatin
(12) beta-D-apiofuranoside
697 diosmetin 7-O-beta-D-apiofuranoside 2774 caryatin-3’-sulphate
749 berberine 2775 caryatin-3’-methyl ether-7-O-beta-D-
glucoside
1126 quercetin-3-O-beta-D-glucopyranoside 3092 excelside B
1127 isoquercetrin 3094 (25,4S,3E)-methyl 3-ethylidene-4-
{2-[2-(4-hydroxyphenyl)ethyl] oxy-
2-oxoethyl}-2-[(6-O-beta-
D-glucopyranosyl-beta-d-
glucopyranosyl)oxy]-3,4-dihydro-
2H-pyran-5-carboxylate
1171 quercetin-3’-methoxy-3-0-(4"- 3095 nuzhenide
acetylrhamnoside)-7-O-alpha-
rhamnoside
1172 kaempferol-4’-methoxy-3,7- 3096 GI-3
dirhamnoside
2769 protocatechuic acid 3097 GI-5
2770 quercetin 3100 oleoside dimethyl ester
2771 caryatin-3’-methyl ether 3693 scropolioside D
2772 azaleatin

Table 3.16 NANPDB antidiabetic compounds

¥6
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DrugBank DrugBank NANPDB NANPDB Fingerprint | Tanimoto
ID name msrid name type coefficient
DB01200 | Bromocriptine 1171 | quercetin-3’-methoxy-3-0-(4”-acetylrhamnoside)- rdk7 0.886608
7-0O-alpha-rhamnoside

DB09265 | Lixisenatide 615 | saponin 8 hashap 0.86608
DB01200 | Bromocriptine 1172 | kaempferol-4’-methoxy-3,7-dirhamnoside rdk7 0.855044
DB01200 | Bromocriptine 2775 | caryatin-3’-methyl ether-7-O-beta-D-glucoside rdk7 0.852395
DB00284 | Acarbose 3100 | oleoside dimethyl ester ecfp0 0.833333
DB00284 | Acarbose 3092 | excelside B ecfp0 0.833333
DB00284 | Acarbose 3096 | GI-3 ecfp0 0.833333
DB11827 | Ertugliflozin 697 | diosmetin 7-O-beta-D-apiofuranoside ecfp0 0.833333
DB00641 | Simvastatin 697 | diosmetin 7-O-beta-D-apiofuranoside ecfp0 0.833333
DB00284 | Acarbose 3097 | GI-5 ecfp0 0.833333
DB00284 | Acarbose 3095 | nuzhenide ecfp0 0.833333
DB00641 | Simvastatin 1126 | quercetin-3-O-beta-D-glucopyranoside ecfp0 0.818182
DB01200 | Bromocriptine 749 | berberine rdk7 0.787046
DB01200 | Bromocriptine 2774 | caryatin-3’-sulphate rdk7 0.777126
DB00284 | Acarbose 3693 | scropolioside D ecfp0 0.769231
DB01200 | Bromocriptine 2771 | caryatin-3’-methyl ether rdk7 0.733595
DB01200 | Bromocriptine 2773 | caryatin rdk7 0.7238
DB01200 | Bromocriptine 2772 | azaleatin rdk7 0.68952
DB01200 | Bromocriptine 162 | quercetin rdk7 0.657843
DB00966 | Telmisartan 307 | protocatechuic acid ecfp0 0.5
DB01124 | Tolbutamide 307 | protocatechuic acid ecfp0 0.5

Table 3.17 NANPDB compounds which are marked as antidiabetic and their best tanimoto coefficient

dddNVN €€

g6
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3.3.5 NANPDB features

With the rich resource of African compounds compilation, NANPDB provides small molecule

results in various user-friendly formats. Namely, they are as follows:

3.3.5.1 Compounds - Bioactivity search

The essential utility of databases such as NANPDB is to be able to search for compounds.
This feature allows to search based on compound name or its synonyms or the bioactivity.
When bioactivity is given as a query, all the compounds exhibiting the queried bioactivity
are listed. Figure 3.32 shows how compound - bioactivity?® search is performed. The code

listing 3 produces compounds - bioactivity result.

moleculeQuerySetList = moleculeQuerySetList.filter(
Q(mol_name__icontains=query) |
Q(bio_activity__icontains=query)

) .select_related('pubchem') .distinct('mol_name')

Listing 3 QuerySet (Section 2.5.3) code of compound - bioactivity search

20http://african-compounds.org/nanpdb/compounds_search/


http://african-compounds.org/nanpdb/compounds_search/
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Type a compound name or bioactivity in NANPDB:

antidiabetic . ‘ Search

Page 1 of 1.

20 results

PubChem
Compound Name(s) #Synonyms ™ #Sources

(2S,4S,3E)-methyl 3-ethylidene-4-{2-[2-(4-hydroxyphenyl)ethyl]Joxy-2-oxoethyl}-2-[(6-O-

46881042 4
beta-D-glucopyranosyl-beta-d-glucopyranosyl)oxy]-3,4-dihydro-2H-pyran-5-carboxylate
azaleatin 0 5281604 1
caryatin 0 5489501 1

Field 1: In this field, a compound name, a synonym or bioactivity can be entered. Here
cancer is given.

Field 2: These are compounds which are similar to the given compound name or
compounds which contain the queried bioactivity.

Field 3: For the given query the search yields compounds or synonyms indicated by
the displayed number. To view the output, one can click on the compound
name on Field (2).

Field 4: In this field if a PubChem entry of the compopund is availble its link is along
with PubChem ID is provided.

Field 5: The number on Field (5) indicates the number of source species containing
the corresponding molecule or synonym.

Fig. 3.32 Compounds or the Bioactivity search
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3.3.5.2 Listsearches

List search feature starts with alphabetically ascending sorted list, and one can easily switch
to any required alphabet group of compounds. In these lists as shown in figure 3.33 corre-
sponding to each compound its related information is provided. List searches are available
for compounds (Figure 3.33), families (Figure 3.34), references (Figure 3.35), species (Figure

3.36), authors (Figure 3.37).

3.3.5.2.1 Compounds list:

10

11

A typical compounds list?! search result would look like Figure 3.33. Compounds list serves
the purpose of browsing based on a name of the small molecule or the number of sources
available to it. In this example alphabet S is clicked and subsequently 265 results i.e com-
pounds found with letter S. The code listing 4 lists the compound list, the results can be seen

in the figure 3.33.

if currentInitial == "AIll":
moleculeQuerySetList = moleculeQuerySetList.distinct('mol_name')
else:
moleculeQuerySetList = Molecule.objects.filter(
Q(mol_name__istartswith=currentInitial) |
Q(mol_name__istartswith=currentInitial.lower())

) .select_related('pubchem') .distinct('mol_name')

molecules = Molecule.objects.filter (Q(mol_name__istartswith=currentInitial) |
Q(mol_name__istartswith=currentInitial.lower())

) .select_related('pubchem') .annotate(smiles_count=Count('smiles'))

Listing 4 QuerySet code of compound list search

2lhttp://african-compounds.org/nanpdb/compounds_list/


http://african-compounds.org/nanpdb/compounds_list/
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ABCDEFGHIJKLMNOPQRSTUVWXYZ123456789All @

Page 1 of 10. next

499 results

PubChem
Compound Name(s) #Synonyms o #Sources
10,11-epoxycurvularin 0 14314906 1 @
10,14-epoxy-8-epi-confertin 1 g None 2
10(14)-trien-1-ol @ 0 None 1
10alpha,lbeta,4beta,5alpha-diepoxy-7alphaH-germacran-6-ol 0 None 1

10alpha-acetoxy-8alpha-angeloyloxy-3beta,4alpha-dihydroxy-1beta,2beta-epoxy-11,13- N .
one
dehydroguaia-6alpha,12-olide

Field 1: The NANPDB compounds have been arranged alphabetically and numerically,
in Field (1). By clicking any of the letters (A-Z) or numbers (1-9), results in the

list of compounds whose names begin with the matched letter or number.

Field 2: Here selection or search for the compound of interest on the list in Field (2).

To see compound card.

Field 3: The number in Field (3) indicates how many synonyms there are for the cor-
responding molecule. It can be viewed by clicking on the number in Field

(3).

Field 4: If a PubChem ID of the corresponding compound is available, it is shown in

Field (4). Clicking the number in Field(4) redirects to PubChem reference.

Field 5: The number on Field (5) indicates the number of source species containing a

particular molecule or its synonyms.

Fig. 3.33 Compounds list search
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3.3.5.2.2 Families list

10

11

13

Families list??> search can be utilized when the number of compounds allocated to the
family is to be known. The code listing 5 lists the families list, the results can be seen in the

figure 3.34.

if currentInitial == "All":
familyQuerySetList = familyQuerySetList.distinct('family')
else:
familyQuerySetList = Sources.objects.filter(
Q(family__istartswith=currentInitial) |
Q(family__istartswith=currentInitial.lower())
) .distinct('family"')

sourceQuerySetList = \

sourceQuerySetList.annotate(species_count = Count('source_species'))
compoundCount = \

Sources.objects.values('family') .annotate (compound_count = Count('family'),

species_count=Count ('source_species'))

Listing 5 QuerySet code of families list search

22http://african-compounds.org/nanpdb/families_list/
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ABCDEFGHIJKLMNOPQRSTUVWXYZAII@

Page 1 of 1.

10 results

Family Kingdom #Species #Compounds
Dematiaceae Fungi 1 @ 8 @
Dendrophylliidae Animalia @ 1 10
Desmacellidae Animalia 1 8
Dictyonellidae Animalia 1 12
Dictyotaceae Plantae 4 12

Field 1: The NANPDB species have been arranged alphabetically into their respective
families, Field (1).

Field 2: By clicking the first letter of the respective family name, or All, an output is
produced, Field (2). Families for letter A are shown in the picture. By clicking

on a particular family, all its similar species are shown.
Field 3: corresponds to the kingdom of the corresponding family.
Field 4: The number on Field (4) indicates the number of species in a particular family.

Field 5: The number on Field (5) indicates the number of compounds found in all

source species of the corresponding family.

Fig. 3.34 Families list search
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3.3.5.2.3 References list

10

References list?® search can be utilized when the number of compounds described or men-
tioned in a reference is to be known. The code listing 6 lists the references list, the results

can be seen in the figure 3.35. Further for each reference, its PubMed ID is also mapped.

if currentInitial == "All":

referenceQuerySetList = referenceQuerySetList.distinct('reference')

else:
referenceQuerySetList = Reference.objects.filter(
Q(reference__istartswith=currentInitial) |
Q(reference__istartswith=currentInitial.lower())

) .distinct('reference')

compoundCount = Reference.objects.values('reference') .annotate(c=Count('reference'))

Listing 6 QuerySet code of reference list search

Zhttp://african-compounds.org/nanpdb/references_list/
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ABCDEFGHIJKLMNOPQRSTUVWXYZAII@

Page 1 of 6. next

130 results

Reference PMID #Compounds

Journal of Agricultural and

Food
Chemical composition and antioxidant activity of Algerian propolis 23650897 20
Chemistry,2013,61(21),5080-

5088 @ @ @

Journal of Agricultural and

Food Phenolic profile characterization of Chemlali olive stones by liquid . - @
one
Chemistry,2015,63(7),1990-  chromatography-ion trap mass spectrometry

1995

Journal of Agricultural and  Antibacterial sensitivity for some chemically diverse steroidal glycosides in
None 3

Social Sciences,2012,8,24-28 vitro

Field 1: The NANPDB references have been arranged alphabetically, Field (1). By click-
ing any of the letters (A-Z) or All, all references which begin with a particular

letter will be shown.

Field 2: shows the results for references beginning with letter M. By clicking on a

particular reference, it navigates to the reference, e.g., on the journal website.

Field 3: gives the title of the article, thesis or conference paper from the corresponding

reference.

Field 4: The PubMed ID of the article is shown on Field (4), which upon clicking will

navigate to the corresponding article on the PubMed website.

Field 5: The number on Field (5) indicates the number of compounds curated from

the corresponding title.

Fig. 3.35 Reference list search
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3.3.5.2.4 Species list

Species list?*

search can be utilized to know the number of compounds associated with a
species is to be known. The code listing 7 lists the species list, the results can be seen in the
figure 3.36. Further, the description of the source species is linked to available databases;
for example, some plant sources have been linked to the Prota [164] and Tropicos [165]

databases.

if currentInitial == "All":

sourceQuerySetList = sourceQuerySetList.distinct('source_species')

else:
sourceQuerySetList = Sources.objects.filter(
Q(source_species__istartswith=currentInitial) |
Q(source_species__istartswith=currentInitial.lower())

) .distinct('source_species')

compoundCount = \

Sources.objects.values('source_species') .annotate(c=Count('source_species'))

Listing 7 QuerySet code of species list search

24http://african-compounds.org/nanpdb/species_list/
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ABCDEFGHIJKLMNOPQRSTUVWXYZAIIO

Page 1 of 2. next

93 results

Species Name(s) Kingdom Family #Compounds Tropicos WiKi
Acacia farnesiana Plantae Leguminosae 10 13023942  Wiki
Acacia nilotica subsp. tomentosa Plantae Fabaceae 5 13071611 ei
Acacia species ‘ Plantaee Fabaceae O 4 G None Wiki
Achillea coarctata Plantae Compositae-Asteraceae 5 272858, Wiki
Achillea fragrantissima Plantae Compositae-Asteraceae 25 50146@ Wiki
Achillea ligustica Plantae Compositae-Asteraceae 14 2701620 Wiki
Achillea santolina Plantae Compositae-Asteraceae 7 2701630 Wiki
Achyrocline glumacea Plantae Compositae-Asteraceae 1 2727768 Wiki
Adenium obesum Plantae Apocyanaceae 1 1802816 Wiki
Adenocarpus anagyrifolius Plantae Leguminosae 10 13046463  Wiki

Field 1:

Field 2:

Field 3:

Field 4:

Field 5:

Field 6:

Field 7:

The NANPDB species have also been arranged alphabetically, Field (1). By
clicking any of the letters (A-Z) or All, species whose names begin with that

letter will be shown in the results.

Species names are listed in Field (2). Upon clicking the species name, the

detailed information on the species in the species card is provided.

The respective kingdoms of the corresponding species are displayed on Field

3).

The respective families of the corresponding species are displayed on Field (4).
shows the number of compounds contained in the corresponding species.
Provides a link to the Tropicos [165] sources database.

provides the link to the Wikipedia page describing the species, if available.

Fig. 3.36 Species list search
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3.3.5.2.5 Authors list
Authors list search can be utilized to know the number of references and the number
of compounds associated with the queried author. This is available via compound card
(Section 3.3.5.3.1) on clicking the author name. The code listing 8 lists the authors list, the

results can be seen in the figure 3.37.

1 referenceQuerySetList = Reference.objects.filter(
2 molecule__msridtopersons__person_id=personID) .distinct('reference')

3 author = Persons.objects.get(person_id=personID)

Il

4+ author = author.person_name

¢ compoundCount = Reference.objects.values('reference') .annotate(c=Count('reference'))

s table, compoundCountOfReferencesList = \

9 getReferencesResultTable (referenceQuerySetList)

Listing 8 QuerySet code of author list search
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References of the author: Pare PW @

Page 1 of 1.

4 results

Reference ) #Compounds

International Journal of & Euphorbia helioscopia: Chemical constituents @
None 102

Phytopharmacology,2012,3(1),78-90 and biological activities @

New terpenes from the Egyptian soft coral
Marine Drugs,2014,12,1977-1986 24699113 4
Sarcophyton ehrenbergi

Rare trisubstituted sesquiterpenes daucanes
Phytochemistry,2005,66(14),1680-1684 15964039 7
from the wild Daucus carota

Phytochemistry,2006,67,1547-1553 Constituents of Chrysothamnus viscidiflorus 16808933 10

Field 1: On each compound card and species card, a list of authors and curators is
provided. To see compounds which were identified by a particular author,
click on the author’s name on the compound card or species card. Author’s
can also be done directly with author’s name on the keywords search. Only the
author’s surnames (last names) are provided. The other names are abbreviated.

In this example, the author’s name is Elgamal HMA, Field (1).
Field 2: provides all references corresponding to the selected author.
Field 3: provides the title of the reference.

Field 4: gives the PubMed ID of the reference. Upon clicking, it redirects to the article
page in the PubMed website.

Field 5: indicates the number of compounds curated from the corresponding refer-

ence/title.

Fig. 3.37 Authors list search
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3.3.5.3 Cards

Cards are the detailed information of compound or source species.

3.3.5.3.1 Compound card

Following are the fields marked in Compound card (Figure 3.38)

Field 1:

Field 2:

Field 3:

To see that the number of synonyms of the given compound is displayed along with
its source species information. One can click on either the highlighted synonym name

or its species names (in blue) to access the additional information.

shows the PubChem ID of the compound. Upon clicking this link, it will navigate
to the PubChem page, where additional information about this compound can be
accessed. It is followed by computed physicochemical information (from QikProp),
source species information, the predicted toxicity data (from pkCSM) and the reference

information.

shows the information about the authors of the article from which the compound is
obtained. Upon clicking on the author’s name, it redirects to the author’s references

list.
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Details of (2S,4S,3E)-methyl 3-ethylidene-4-{2-[2-(4-hydroxyphenyl)ethylJoxy-2-
oxoethyl}-2-[(6-O-beta-D-glucopyranosyl-beta-d-glucopyranosyl)oxy]-3,4-dihydro-
2H-pyran-5-carboxylate

Image:

SMILES:

CIC=C\I/C(OC=C([C@H]1CC(=0)OCCclccc(cc)0)C(=0)0C)O[C@@H]10[C@H]
(CO[C@@H]20[C@H](CO)[C@H](IC@@H](IC@H]20)0)0)[C@H|(IC@@H]
(IC@HJ10)0)0

Synonyms:

excelside B from Fraxinus excelsior '

PubChem:

46881042 '

Properties

MW: 686.663 cLogP: -1.934 HBD: 8.0

HBA: 25.15 NRB: 20.0 logBB: -4.472

logKp: -5.293 logHERG: -6.062 #metab: 12

TPSA: 179.826 logs: -2.105 logKhsa: -1.739

Lipinski Violations: 3 Biological Activity: Comment: No comment
antidiabetic activity; Molecule Class: Terpenoid
adipocyte differentiation- ~ Molecule Subclass:
inhibitory activity secoiridoid glucoside

Comment: This compound
was isolated here for the
first time.

Source

Source: Fraxinus excelsior

Known use: The plant is also widely distributed throughout the southeast of
Morocco (Tafilalet), where it is locally known as “Lissan Ettir” and its seeds as
“I'ssane I'ousfour”. Aqueous seed extract of F. excelsior (FE) has been shown to be
highly potent in the reduction of blood glucose levels without significantly affecting
insulin levels.

Family: Oleaceae

Kingdom: Plantae

Availability of source sample: Herbarium of Naturex, Inc., 375 Huyler Street, South
Hackensack, New Jersey 07606, Naturex SA, Site d'Agroparc BP 1218, 84911
Avignon Cedex 9, France.

Information

voucher speci (JO2/02/AT7)
Country: Morocco
Place of sample collection: Not reported
GPS Location: Unavailable
Collected on: May 20, 2008
Alternative name: The plant is known as “common ash” or “European ash” in
temperate Asia and Europe.
Taxonomy: Link to taxonomic data
Wikipedia: Link to wikipedia
Additional Information: Data for sample collection is not reported in literature
source. The data curator estimated as 1 year before the submission of the
publication.

Predicted
toxicity
from
pkCSM

AMES toxicity: No (Yes/No)

Max. dose (| ): 0.553 (log

hERG I inhibitor: No (Yes/No)

hERG Il inhibitor: No (Yes/No)

Oral Rat Acute Toxicity (LD50): 1.374 (molikg)

Oral Rat Chronic Toxicity (LOAEL): 2.102 (log mg/kg_bw/day)
Hepatotoxicity: Yes (Yes/No)

Skin Sensitisation: No (Yes/No)

T.Pyriformis toxicity: 0.285 (log ug/L)

Minnow toxicity: 3.11 (log mM)

Reference
information

Type: Journal article

Reference: Journal of Natural Products,2010,73(1),2-6

Title: Iridoids from Fraxinus excelsior with adipocyte differentiation-inhibitory and
PPARalpha activation activity

PubMed: Link to PubMed article

Link: Link to reference

Authors
information

Author(s): BaiN, HeK, IbarraA, BilyA, Roller M, Chen X, RihlR .
Curator(s): Ntie-Kang F.

Fig. 3.38 Compound card
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3.3.5.3.2 Species card
Following are the fields marked in Species card 3.39
Field 1: gives the name of the selected species.

Field 2: gives the names of all compounds identified from the selected species. Each com-

pound card can be accessed by simply clicking on the highlighted compound links.

Field 3: shows the names of the authors of the article from which information about the

selected species is taken. On clicking shows the author’s references.
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Species Card of Agave decipiens

Home / NANPDB

Home Details of Agave decipiens .
NANPDE « Source: Agave decipiens
Compounds « Known use: The leaves of this plant showed high molluscicidal
(search by activity against Biomphalaria alexandrina snail, the intermediate
name) host of Schistosoma mansoni in Egypt.
« Family: Agavaceae
Compounds » Kingdom: Plantae
{search by » Availability of source sample: Not specified
ID) Source « Reference: No reference
Compounds Species " Gountry: Eaypt )
(structure) Information  * Place of sample collection: Orman Garden, Egypt
) + GPS Location: Unavailable
Compounds « Collected on: June 1, 1996
List « Alternative name:
+ Taxonomy: None
Families List - Wikipedia: Link to wikipedia
References « Additional Information: Reported in literature source as June
List 1996.
Species List
« 3-O-alpha-L-rhamnopyranosyl-{1—2)-[alpha-L-rhamnopyranosyl-
Keyword (1—4)]-beta-D-glucopyranosyl-26-0-beta-D-glucopyranosyl-22
Search alpha-methoxy-(25R)-furost-5-ene-3beta,26-diol
Downloads . « neoruscogenini-0-beta-D-glucopyranosyl-(1—3)-[alpha-L-
rhamnopyranosyl-(1—2)]-beta-D-glucopyranosyl-(1—4)-beta-D-
History of galactopyranoside
NANPDB Compounds * 1-0-alpha-L-rhamnopyranosyl-(1—2}-[alpha-L-rhamnopyranosyl-
of Agave (1—4)]-beta-D-glucopyranosyl-26-0-beta-D-glucopyranosyl-22-
Our Current decipiens O-methylfurosta-5,25(27)-diene-1beta,3beta,22,26-tetraol
Data _ + nechecogenin 3-0-beta-D-glucopyranosyl-(1—3)-[beta-D-
Collection xylopyranosyl-(1—3)-beta-D-xylopyranosyl-(1—2)]-beta-D-
NANPDBE glucopyranosyl-(1—4)-beta-D-galacto-pyranoside
Statistics + n-hexacosane
« beta-sitosterol
About the « oleic acid
Databases
Help » Type: Jounal article
« Reference: Fitoterapia,1999,70,371-381
« Title: Molluscicidal steroidal saponins and lipid content of Agave
Reference decipiens
information | pypMed: Link to PubMed article
« Link: Link to reference
+ Additional Information: None
Authors « Author(s): Abdel-Gawad MM, El-Sayed MM, .
information * Curator(s): Ntie-Kang F, El-Sayed MM.

Fig. 3.39 Species card



112 Chapter 3. Results

3.3.5.4 Keyword search

Keyword search? is useful when the term has to be searched in entire database irrespective
of which field because keyword search searches for the queried term in all fields of the

database. The result of keyword search will give properties of the compound.

Search for compound which has information of your query in any field of compound
properties(generic search):

Query can be any of the following: molecule class, subclass, comments, source, known use, family, kingdom, availability, reference,

country, place of sample, alternative name, authors

antidiabetic @ ‘ Search |

Page 1 of 3. next

125 results

PubChem
Compound Name(s) #Synonyms W #Sources
18-hydroxy-dollabela-8(17)-ene 9 0 None 2
1,9-dihydroxyeudesm-4-en-6,12-olide 0 None 1 @
1,9-dihydroxygermacr-4-en-6,12-olide 0 None 1
lalpha,5beta-guai-10(14)-ene-4beta,6beta-diol 4 @ 16046185 10

Field 1: In this field, any keyword can be entered in Field (1).

Field 2: By clicking a compound in the column of Field (2), the page will navigate to

the compound card of the corresponding compound.

Field 3: The number on Field (3) indicates how many synonyms exist for the corre-

sponding molecule. To view, those synonyms click the number.

Field 4: The number on Field (4) indicates from the number of sources from which the
corresponding molecule or its synonyms are obtained. To view, those sources

click the number.

Fig. 3.40 Keyword search

ZShttp://african-compounds.org/nanpdb/keyword_search/
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3.3.5.5 Similarity search

The user can seek to the similarity search?® when similar compounds are required. For
the queried compound NANPDB searches all the compounds using fingerprints technique
(Section 2.2.1) here we have chosen Circular Morgan (Table 2.1) fingerprint technique. The

steps are listed in figure 3.41.

3.3.5.6 Sub-structure search

In the Substructure search?’ module, one can search for molecules with a particular sub-
structure or for a fragment of a compound. A substructure search is performed in a similar
way to the Similarity search. The only difference is that at field 4 of the Similarity search

(Figure 3.41), substructure search instead of Similarity search is chosen.

26http://african-compounds.org/nanpdb/compounds_structure/
27http://african-compounds.org/nanpdb/compounds_structure/
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Home

Homr

ne

NANPDB

NANPDB

Compounds
(structure)

Compounds (structure)

Draw a structure to search for similar/substructure molecules:

O O » & v 7 Q QR T

HO.

Formula: C7HgO3

Mol. Weight: 138.1205
_|C(=CC=C1C(0)=0)C=C10 @ y

d

Select search method: | Similarity Search

Search

Field 1: To draw the structure for either the similarity or the substructure search. The

Field 2:

Field 3:

Field 4:

Field 5:

structure depicted on the Field (1) window is 2-hydroxybenzoic acid. It can be

illustrated by picking the benzene ring on the top panel, followed by the single

bond, then the oxygen atom. The carboxylic group can be drawn by clicking

on the single bond, then attaching the single bond, double bond, and oxygen

atoms, placing each one at the appropriate position.

This automatically generates the SMILES string for the drawn molecule on

Field (2).

a preferred Tanimoto filter value can be given, which is useful for similarity

searches.

Selecting either the similarity or substructure search after drawing the desired

molecule.

Clicking the Search button submits the query.

Fig. 3.41 Similarity and substructure search
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3.3.5.7 ID search

In the ID search?® known NANPDB id can be directly given to see its compound card. NAN-
PDB ids are availble in the SMILES list which can downloaded?®.

Search for compound with its id, useful if you know the id of the compound:

Compounds ID you can get in SMILES, SDF dowloadable files or from compound URLs which you get in either Compounds,

Familes, References, Species Lists

3950 @ Search ‘

Field 1: Each molecule has a compound ID which is given in the download file. The ID

can be used in Field (1) to access a molecule directly.

Fig. 3.42 Compound ID search

Zhttp://african-compounds.org/nanpdb/msrid_search/
2http://african-compounds.org/nanpdb/downloads/
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http://african-compounds.org/nanpdb/downloads/
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3.4 SeMPI

SeMPI is a genome-based secondary metabolite prediction and identification web server°.
SeMPI identifies encoding gene clusters from genomic data and predicts the basic structure

of related natural products synthesized by polyketide synthases of type I modular.

3.4.1 Idea of SeMPI

Natural products (Section 1.2) which are primary sources of drugs and bioactive compounds
and play an essential role in drug discovery. Conventionally use of chemical, and analytical
methods contributed to cultivating antibiotic microorganisms. Since the arrival of HGP and
the amount of whole-genome sequencing technologies, the field of natural compounds is
attempting to explore the new direction of omics technologies (genomics, transcriptomics,
proteomics, and metabolomics) based methods to locate, distinguish and describe lead
molecules for drug discovery. This lead to the development of several genome mining and
computational tools in the identification of biosynthetic gene clusters [203]. The prediction
of new compounds based on genome mining become ever more significant seeing the trends
of the number of bases and sequence records submitted each year to GenBank. From the
graphs (Figures 3.43 and 3.44), it is evident that since ascertaining the sequence of nucleotide
bases that make up human genetic blueprint (around the year 2003) a drastic increase
in determining gene sequences of various species. The graph also indicates about the
Shotgun sequencing is a technique used for sequencing longer DNA strands, in this technique
DNA is split into several random smaller segments to produce a representative library of
the more extended DNA strand, in the end, a final sequence is made up of overlapping
sequence segments [204]. Adding to it the decreasing costs of DNA sequencing (Figure 3.45)
contributing to shifting in the paradigm, the new paradigm utilizes biosynthetic methods.
Natural products are the building blocks of biosynthetic methods. However, instability of
intermediates in biosynthetic pathways are still larger hurdles [205]. Many natural products

which are known to be secondary metabolites provided by polyketides having a significant

30http://phabi.de/sempi
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Bases GenBank & WGS

0000000000000 == GenBank == WGS

100000000000

1000000000

10000000

Fig. 3.43 GenBank and Whole Genome Shotgun sequences (WGS) Statistics are showing
the trend of increasing number of Bases submitted each year to GenBank [171].

relationship with fatty acid biosynthesis and have the important therapeutic effects. The
scientific enthusiasm in natural products accelerated resolve structures of compounds
yielding from them, but identification of their engaged genome clusters and structure
elucidation of the actual secondary metabolite is a challenging task [206, 207]. The built
web server Secondary Metabolite Prediction and Identification Pipeline (SeMPI) identify
genome clusters and predict structures also show corresponding matched similar natural

compounds from StreptomeDB 2.0, allowing for a more thorough investigation.

3.4.2 SeMPI pipeline

Our group members Paul F Zierep! and Natalia Padilla Sirera®” majorly accomplish the im-
plementation of SeMPI [206] pipeline. SeMPI adopts a streamlined pipeline to predict best
matching compounds for the given gene cluster (Section 1.3). The flowchart (Figure 3.46) be-
gins with accepting raw DNA code in the formats of FASTA, GenBank files. With the received
data antiSMASH 3.0 [209] identifies the PKS Gene cluster. Polyketide synthases (PKS) are the

multi-domain enzymes that produce Polyketides a class of secondary metabolites produced

3lhttp://phabi.de/main/members/ziereppaul/
32http://phabi.de/main/members/
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Sequences GenBank & WGS
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Fig. 3.44 GenBank and Whole Genome Shotgun sequences (WGS) Statistics are showing
the trend of increasing number of Sequences submitted each year to GenBank [171].
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Fig. 3.45 DNA Sequencing costs changing trends [208]
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by living organisms for their survival. Polyketides are a diverse group of compounds that are
produced by similar synthesis pathways and are of three types, SeMPI identifies type-I PKS
which can be divided into structured modules and are also a well-structured building-block
composition that eases during product formation [210, 211]. Polyketide chain prediction
step follows with a dual step involving prediction of PK-chain and identification of putative
molecule scaffolds that fit the predicted PK-chain (Figure 3.46 C). The predicted PK-structure
represents the initial PKS biosynthesis without any cyclization or further post-modifications.
The calculated paths of the molecule are stored in matrix format (Figure 3.46 D) which
enables quick comparison. To limit the possible structures of PKS products, we developed
an automated workflow which compares the predicted polyketide chain to pre-processed
annotated natural products in a large database of natural products (StreptomeDB 2.0 [22],
Figure 3.46 E). Creation of another matrix annotation of the predicted molecule from the
NP database via the same algorithm (Figure 3.46 D) and the results are stored in the matrix
again for the predicted compound (Figure 3.46 F). Comparisons of both matrices are scored
(Figure 3.46 G) according to the maximum common sub-paths within each molecule utilizes
the RDKit Chem module (Section 2.3.1) MCS package. Finally ten best matching compounds

along with their domain information.

3.4.3 Implementation of website

The SeMPI*3 project is an in-house developed API based content management system (CMS).
The CMS has been developed using Django web framework (Section 2.5.3). The CMS and its
API is optimized, and its adaptation applied to multiple databases ( [212, 22, 206]) that exist
in our group, it is small and modular according to the requirements. RDKit (Section 2.3.1) an
open-source toolkit for cheminformatics supplied definitions, subroutines, and protocols to

access the structures of the natural compound from StreptomeDB.

Apache a free and open-source cross-platform web server assisted in serving the data via
Hypertext Transfer Protocol (HTTP). Apache can work in wide variety of platforms and

environments through its modular design and has several ways to implement its features.

33http://phabi.de/sempi
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<"A Webserver input (FASTA, GenBank) ‘-_

E >Borrelidin

: CGGA'I'I'I'CTCGCGCTCC'I'I'I'CA'I'I'CTI'C
GACGCTGCATTGCAGCTCTCATCATGT ::
: CCGCACGGCCGCCGAGCATTGCCTAG ::
: CGGTGAGGACACAGCTCAGGTGCAGA
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Fig. 3.46 Flowchart of the SeMPI pipeline taken from Zierep et al. [206]. (A) Data can be
submitted as FASTA, GenBank files, or raw DNA code. (B) Gene cluster is identified with
antiSMASH 3.0. (C) Structure of the carbon chain is predicted. (D) Carbon chain is translated
into the matrix annotations. (E) StreptomeDB 2.0 provides the natural compounds for the
path similarity search. (F) A set of matrices was computed for each compound. (G) The
matrix from the prediction is compared with each matrix set of the database. (H) The
web server output displays the prediction and domain information as well as the ten best

matching compounds.
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The modular design allows the web server to have a specific configuration by selecting which
modules to load at compile or runtime. Apache has Multi-Processing Modules (MPMs) which
are a group of parameters that are responsible for binding to network ports on the server,
handling the number of requests that server can serve, and protocols for dispatching child
processes to handle the web requests [213]. SeMPI runs on the web server configuration
which uses event MPM which is threaded highly scalable category of MPM. The Apache
server is resting on the Debian open-source operating system connected to a PostgreSQL

database via the psycopg2 wrapper for database access.

Since multiple web servers run on PostgreSQL and it is an Open Source SQL database it
is incredibly flexible. However, the flexibility feature becomes a drawback as there are no
default settings which are already optimized. StreptomeDB (Section 3.2) requires more of
accessing the static data compared to SeMPI and SeMPI requires more computing power
compared to StreptomeDB. Considering the complexity of multiple databases in the design
plays a vital role in fine-tuning. In fine-tuning maximum connections [214] that database
can have at any given time is keenly observed for duration of time and has been adapted
accordingly. Fine tuning reduces the influence of excessive lousy web bots which are small
predefined web programmable scripts, and they run by tracking some keywords or location-

based servers.

3.4.4 DM dataset with SeMPI

The basic functionality of SeMPI is to take genome sequences as input and identify the
encoding gene clusters and predicts the basic structure of the related natural products. To
understand the usage of SeMPI a converse SeMPI scheme is assumed. Using the DrugBank
DM dataset from StreptomeDB (Section 3.2.4) and holding the DM compounds in Strep-
tomeDB 2.0 (Table 3.7), examined if SeMPI predicted this DM related secondary metabolites
from Streptomycetes genomic data acquired from MIBiG [215] database. Minimal Informa-
tion about a Biosynthetic Gene cluster (MIBiG) is a data standard which facilitates consistent
and systematic deposition and retrieval of metabolic data on biosynthetic gene clusters.
Regarding the input sequences of the top ten DM similar StreptomeDB 2.0 molecules, none

of the specific strains are available in MIBiG. Here parent strains of the specific strains were
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considered. Few organisms had structure predictions (Table 3.18), and several others had
issues such as not finding genome sequences in MIBiG, No signature of modular KS, too
many NRPS signatures, no gene cluster found, and flaws in input sequences. A complete list
of results are in appendix D.1. SeMPI could predict five among 21 found DNA sequences. Fur-
ther observing results eleven had issues during the polyketide chain prediction individually
while screening for domain signatures of modular ketoacyl synthase (KS) after antiSMASH
3.0 screened for gene clusters of PKS type I and three of them had too many Nonribosomal
peptide synthetases (NRPS) signatures. For SeMPI it is essential to have KS domain to select
the start codon which is considered to be 30-40 residues from KS domain [216], and it is the
length of N-terminal docking domain. In five DNA sequences, antiSMASH 3.0 could not find
gene clusters of PKS type L.



StDB StDB StDB MIBiG MIBiG SeMPI
compound . . .
ID organism accession organism result
name
Streptomyces | BGC0001297 No signature of modular KS, Too many NRPS
L Streptomyces .
3313 | Adiposin 2 calvus calvus signatures
TM-521 BGC0001298 Predicted
BGC0001387 No gene cluster found
BGC0000345 No signature of modular KS, Too many NRPS
signatures
Streptomyces | BGC0000603 Streptomvces No signature of modular KS
5208 | CHEMBL1268 | ygroscopicus | BGC0000066 | fo o Y o | Predicted
UC 11099 BGC0000068 | V& %OPIUS Mpredicted
BGC0000074 Predicted
BGC0000388 No signature of modular KS, Too many NRPS
signatures
BGC0000698 No gene cluster found

Table 3.18 SeMPI results of DM compounds of StreptomeDB 2.0 [22](StDB) 1/4 other three parts of the table is in appendix D.1

(AN

symsay ‘¢ 191deyn
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For example from the table 3.18 compound Adipoisin 2** with id 3313 with source organism
Streptomyces calvus TM-521 was not available in MIBiG and Streptomyces calvus gene cluster
is given as input to SeMPI. For Streptomyces calvus there was nonribosomal peptides (NRP)
class cluster (BGC0001297), polyketide (PK) class cluster (BGC0001298) and lastly another
one with general class (BGC0001387). For the NRP class, SeMPI reported an issue of too
many NRPS. The PK class was able to predict the structure (Figure 3.47), and with general
class, SeMPI reported that it could not find gene cluster. In the predicted result (Figure 3.47-
1) on the top, it shows the structure predicted, and under it, two of top ten results are in
the picture (Figure 3.47-2). The traffic lights (Figure 3.47-3) gives a quick visual evaluation
of presented molecule quality. Here the color is yellow indicating quality between 50-100.
Other colors red shows a score of <50, and green >100. However, prediction of Adipoisin 2
compound did not happen. The explanation can be that input is parent organism and not

the specific strain Streptomyces calvus TM-521.

34http://132.230.56.4/streptomedb2/get_drugcard/3313/
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Results for cluster at position 0:41001(+) (era detaied expianstion of the reuit, pisase conscit the heip page)

Modular PKS cluster:

CCC=CC=C(C)C=CC=CC=CC=0

Module order: Acyl monomers: Reduction type:

$S'AT'DH'KR'ACP' malonyl ketone
malonyl enoyl

KS-AT-DH-KR-ACP

KSATOHKRAGP Malom enovt

KS-ATDHKR-ACP  melyiialony! enot o @
malon; enoyl

&gé&-ﬁ 22;(; -ACP methyimalonyl enoyl % N AN N AN NS

Information Best matching sub-path Metabolite from the StreptomeDB

Rank: 1 o \ ﬁ
Compound: 4-Z-annimycin AN AN AN AN — " A "
Total score: 51 -

Length score: 13 NH OH -

Main bond score: 11
Main atom score: 13 -~
Neighbor score: 10
Side chain score: 4

©)
000

Rank: 1 o
Sompound: g-annimycn N g\ WW D
Total score: 51

Length score: 13

Main bond score: 11 /NH OH

Main atom score: 13

Fig. 3.47 SeMPI result of Streptomyces calvus, a parent organism of Streptomyces calvus
TM-521, it being a source organism of Adiposin 2
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3.5 Dynamic Virtual Screening

Dynamic virtual screening (DVS) offers an algorithm which understands the physicochemi-
cal properties of the chemical library and serves to narrow down the chemical space that

has to be screened to identify putative drugs against a specific target.

3.5.1 Requirement of DVS

Virtual screening is a far-reaching technique used in drug discovery which can substitute
time-consuming in vitro assays to identify inhibitors for a protein. Chemical space (Sec-
tion 1.1) contains over 35 million drug-like molecules [162, 6] molecule library for virtual
screening. Usually, brute-force-technique are employed, i.e., all compounds are docked one
after the other. It is a time-consuming process considering the scale of data available [217].
To optimize the technique and accelerate the structural based virtual screening (Section 2.1)

process we developed a rational approach called dynamic virtual screening (DVS).

Top score compound ©
properties .

-~ . //’7:7"\\\ Top score coml)glinds ‘ |
......... e B —
(a) SP Docking —_— = \ [
GRS > G of few :D Sorted :D —o |:“ > 4 \ B\
pysinerical | . | compouncs | compounds by L
i y::ﬁ;t;n?en:ca docking score _ _ ~_
N
\ QikProp o Reduced
\ / compound library
~_
; (d) ; )
Benchmarkin Check if required
9 BRD4 inhibitors SP Docking _. compounds are not
filtered

Fig. 3.48 Dynamic Virtual Screening workflow. (a) Arbitrary compounds representing
diverse library acquired from the compound library for SP docking. The step can repeatedly
be performed to better-configured model. (b) Compounds arranged by their docking score
and are ready to be configured by their properties to build a model. (c) The configured model
applied on compounds to filter the compound library. (d) The input of BRD4 inhibitors for
benchmarking DVS algorithm. (e) Model configured in the earlier flow is applied on BRD4
inhibitors to test DVS workflow
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3.5.2 Acquiring data for DVS

As seen the importance of chemical space in section 1.1. In DVS first prominent step is to
collect the compound library. Generation of ligand library is with ChemicalToolBoX [85]
by merging several compound databases which are from Dictionary of Natural Products °,
the ChEMBL database [218], and the purchasable dataset of ZINC [162]. The compounds
yielding from the databases and compounds sources are duly processed using LigPrep 2.4

(Schrodinger, LLC) in combined generated a dataset of 9.4 million molecules [217].

3.5.3 Preparatioin for filtering data

To filter the compounds a model is required and to generate the model representing the
compounds space their physicochemical properties are needed, QikProp (Section 2.1.4)
computes the necessary physicochemical properties of the compound library. Further,
based on the docking score the screening of the library is performed. SP Docking (Section
2.1.7) in in silico evaluates the affinity of a protein-ligand complex and estimates the docking
score. In this step, docking calculations were performed using the crystal structure of BRD4.
The BRD4 protein belongs to BET (bromodomain and extra-terminal domain) family. The
human genome encodes up to 61 different bromodomains which are part of chromatin
modifying enzymes [217]. Bromodomain is a protein domain recognizing acetylated lysine
residues, those on the N-terminal tails of histones [219]. Histones are globular proteins
with a flexible N terminus that protrudes from the nucleosome and is subject to a wide
range of potential covalent modifications that are believed to have an essential influence on
chromatin structure and the accessibility of the proximal DNA to transcription [220]. This
step ensures to select putative binders of BRD4. However, SP Docking is performed only to
few compounds (Figure 3.48 a) which arbitrarily represent the complete chemical library,
here we have chosen randomly distributed hundred thousand compounds. In the next step

model generation with the help of physicochemical properties is implemented.

35http://dnp.chemnetbase.com
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3.5.3.1 Physicochemical properties range configuration

In the next step the appropriate configuration of physicochemical properties (Figure 3.48
b) give the representation of high-affinity compounds. To achieve this, the SP docked
compounds are ordered by their docking score to take top ten thousand high-affinity com-
pounds along with their selected QikProp descriptors for filtering. Among 150 QikProp
descriptors [56], prominent guiding descriptors (Table 3.19) are chosen to estimate the infor-
mation gain of each descriptor. To each descriptor further interquartile range is calculated
to consolidate information of each descriptor. Here we have taken 0.9 and 0.1 as upper
and lower percentile respectively. In the end, Shanon entropy (Section 2.4.2) determines
the information gain of each descriptor so that we can choose descriptors which have high
information gain. It is an information theory metric, which indicates dispersion of the
physicochemical property. In our method, we have taken properties which have Shannon
entropy <0.7. With the help of algorithm applying the configured filter (Figure 3.48 c), the
library is reduced by 18%. Steps selecting random SP docked compounds and defining
quartile value of descriptors can be repeated several times until the best model (Figure 3.48

b) is available at final filtering level (Figure 3.48 c).



Property Description

#rotor Number of non-trivial (not CX3), non-hindered (not alkene, amide, small ring) rotatable Bonds

mol MW Molecular weight of the molecule

SASA Total solvent accessible surface area (SASA) in square angstroms using a probe with a 1.40A Radius

volume Total solvent-accessible volume in cubic angstroms using a probe with a 1.40A radius

donorHB Estimated number of hydrogen bonds that would be donated by the solute to water molecules in an aqueous
solution. Values are averages taken over a number of configurations, so they can be non-integer.

accptHB Estimated number of hydrogen bonds that would be accepted by the solute from water molecules in an
aqueous solution. Values are averages taken over a number of configurations, so they can be non-integer.

glob Globularity descriptor, where r is the radius of a sphere with a volume equal to the molecular volume.
Globularity is 1.0 for a spherical molecule.

QPlogPo/w  Predicted octanolwater partition coefficient.

IP(eV) PM3 (Parameterized Model number 3) calculated ionization potential.

EA(eV) PM3 (Parameterized Model number 3) calculated electron affinity

PSA Van der Waals surface area of polar nitrogen and oxygen atoms.

#NandO Number of nitrogen and oxygen atoms.

RuleOfFive Number of violations of Lipinski’s rule of five. The rules are: mol_MW <500, QPlogPow <5, donor HB <5,
accptHB < 10. Compunds that satisfy these rules are considered drug-like. (The five refers to the limits,
which are multiples of 5.)

#nonHatm  Number of heavy atoms (nonhydrogen atoms).

RuleOfThree Number of violations of Jorgensen’s rule of three. The three rules are: QPlogS >-5.7, QPPCaco >22 nms,

Primary Metabolites <7.Compounds with fewer (and preferably no) violations of these rules are more likely to
be orally available.

Table 3.19 Selected QikProp properties & descriptors taken from [56], and there more descriptors in the specified source
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3.5.4 Benchmarking

To benchmark method we have chosen Bromodomain BRD4 inhibitors [221]. BET and
BRD4 inhibitors (Figure 3.48 d) are the class of drugs with immunosuppressive, antitumor
effects in drug development [112, 222, 220]. Drugs inhibiting BRD4 are in the later stages
of clinical trials [223]. Again these compounds are subjected to Glide to generate docking
scores against BRD4. The filtering of compounds is with the physicochemical and glide
score model created in earlier step (Figure 3.48 b). The compounds which fall in the range of
10% lower percentile and 90% percentile of model yield minimum and maximum values
for all the guiding properties (Table 3.20). Evaluating Shannon entropy (Section 2.4.2) of
all the physicochemical properties resulted in ranges of properties (Table 3.20 sorted by
information gain) serve as the information of the dataset we have chosen. The table shows
properties Rotatable bonds (#rotor) should be in between 2 and 7, Hydrogen bond donors
(donorHB) between 0 and 3, Ionization potential (IP(eV)) = between 8 and 9, Van der Waals
surface area (PSA) = between 50 and 116, Number of Nitrogen and oxygen atoms (#NandO)
between 4 and 8 were the top five ranked descriptors which had significant information.
Molecular weight (mol_MW) being the least significant shannon (information bit). The list
of BRD4 binders also had known hits [217] (Lucas_XD14, JQ1, I-BET) and was expected to be
not filtered. Taking the constraint of satisfying at least three properties among top 5 ranked
information bits the model is applied in benchmarking step (Figure 3.48 e). Figure 3.49
represents information bits of the resultant compounds. The column information gain
(Table 3.20) tells the percentage of compounds satisfying the recommended property range

values. And it indicates the model is gaining the information of all those compounds.
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Property or Range or .. . Shannon | Information
descriptor recommended | Minimum | Maximum entropy gain (%)
values
donorHB 0.0-6.0 0 3 0.23 96.20%
RuleOfThree | maximum is 3 0.23 96.20%
#NandO 2-15 4 8 0.51 88.61%
#rotor 0-15 2 7 0.55 87.34%
RuleOfFive maximum is 4 0.58 86.08%
IP(eV) 7.9-10.5 8.383 9.469 0.67 82.28%
PSA 7.0-200.0 50.381 116.8445 0.70 81.01%
accptHB 2.0-20.0 3.5 8.5 0.77 77.22%
glob 0.75-0.95 0.78 0.87 0.80 75.95%
QPlogPo/w -2.0-6.5 1.2545 4.485 0.80 75.95%
SASA 300.0-1000.0 505.05 732.25 0.82 74.68%
EA(eV) -09-1.7 0.227 1.433 0.85 72.15%
#nonHatm 19 30 0.85 72.15%
volume 500.0 - 2000.0 851.67 1309.91 0.87 70.89%
mol_MW 130.0 - 725.0 266.33 428.52 0.89 69.62%

Table 3.20 Guiding properties of the benchmarking compounds BRD4 inhibitors [221] sorted
by information gain. Information gain is the percentage of compounds which satisfy the
specified range of property.
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Fig. 3.49 The graph shows how the method performed against Bromodomain inhibitors.
Molecular had a modest role compared to nRot, HBD, IP(eV), PSA, and nN+0O. Compounds
which are marked in blue color are the hits which should pass through the filter to indicate
model is working. Purple color strips show which are in the range of recommended values of
molecular weight and molecular weight being the least informative property for the model.
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3.6 Fragment based target prediction

Fragment-based target prediction or the FragPred predicts the activity of compounds based
on the knowledge of contained active substructures in the chosen chemical library to expe-

dite the drug discovery.

3.6.1 Preamble to FragPred

The initial study in chemical space (Section 1.1) subsequently probe into the NP libraries
sections 3.2 and 3.3 instigated data to foster a hypothesis that the biological pathway or
activation of a protein or inhibition can result in a therapeutic effect in a disease state. The
outcome of this process leads to the selection of target which further needs to be validated
ere it progresses to the lead discovery phase (Section 1.5). Before the lead discovery phase
compounds binding to targets with high selectivity and affinity are selected, which increases
the probability of the druggable targets [224]. As discussed various methods of VS in sec-
tion 2.1 and is known that in silico VS methods [225] dominate other ways. Ligand-based
approaches mainly confide in the global structure of druggable molecules and their overall
similarity to existing ligands. Although ligand-based methods yield reasonable results when
it comes to finding structurally similar molecules, problems arise when no globally similar
compounds with activity exist [47, 226]. Scaffold hopping is directed at recognizing isofunc-
tional and structurally different compound substances, which find the maximum number of
a diverse set of active compounds from the available chemical space. However, this remains
a hurdle with the existing similarity methods [227, 226, 228]. Scaffold retrieval is an essential
step one of such technique available in StreptomeDB 2.0 (Section 3.2.2) as a diverse set of
chemotypes among the potential hits improve the possibilities for lead optimization and
thus for successful completion of the drug discovery pathway [227, 226]. The hypothesis
in this study is that common structures yielded from fragmentation could be a significant
addition to global similarity searches in cases of globally different structures because frag-
ments might sometimes be more relevant for target-binding than overall structure. The

substructures approach can act as an incentive in drug discovery process [71, 229]. Break-
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ing compounds into fragments is taken as an initial step in fragment informatics analysis.
Fragmentation of molecules can enable several cheminformatics similarity approaches.
Fragment-based drug discovery (FBDD), both in vitro and in silico, has become an import
alternative and complement to HTS [230, 231]. Screening and identification of fragments
that bind the target of interest from fragment libraries for higher binding affinity complete
the classification of hits, which further take part in drug discovery process (Section 1.5).
Moreover, the integration of chemical background knowledge information of substructures
improves ligand-based similarity screenings [232]. The advent of several target prediction
tools based on the compound-target interactions has increased as the chemical space in the
drug research increased. In the Similarity Ensemble Approach (SEA) [233] although ligands
do not share any ligands, they are appraised as similar based on the ligand annotations
for their drug targets. This annotation to targets forms a collection of sets which are made
independent of their size and chemical constitution using a technique similar to BLAST,
which enables connection of composition sets to their corresponding protein targets in a
minimal spanning tree forming a network of pharmacological space. Further, this approach
propagates one that most ligand sets are related to only a few others also a majority of
ligand sets are unrelated. Two, sufficient connections link almost all sets together forming a
compelling chemical space. And three clustering of targets which are biologically connected
blend together on the pharmacological map. There are also works which illustrated that
a supervised learning prediction model could be devised between compounds and target
proteins [234]. Considering the popularity of FBDD and target prediction models the ques-
tion it was inquisitive to know if fragments or the substructures are also relevant for the
prediction of interactions between drug-like compounds and biological targets. Integrating
global similarity of compounds with fragment-based prediction improves the prediction of

target at the binding pocket. The project is in its final stages of completion.
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Fig. 3.50 Fragment based target prediction workflow.
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3.6.2 Data collection

The initial task of data collection of majorly required chemical compounds, activity infor-
mation, and biological targets information. We have chosen ChEMBL [235] as it is an open
large-scale bioactivity database which is freely accessible and frequently maintained, the
database with on an average more than one yearly update. ChEMBL data model includes
data generated from pre-clinical and clinical phases of the drug discovery, specifically drug
metabolism and disposition data. Learning from the failed drug candidates, ChEMBL has
a mapping of drug-target annotations including clinical candidates to their therapeutic
indications. The richness of assay information increases with functional or phenotypic as-
says which were challenging in earlier versions to indicate a molecular target are improved.
The authenticity of ChEMBL increases with the inclusion of approved drugs (e.g., U.S. FDA,
Orange Book (ora)). Sources such as Journal of Medicinal Chemistry, Bioorganic Medici-
nal Chemistry Letters and Journal of Natural Products were used for manually extracting
full-text data [218, 236]. ChEMBL compounds have dose-response measurements (e.g.,
ICsp, K;) of an affinity which particularly infuse biologically relevant entities, the response
measurements have been extended to publicly available assay data of BioAssay agreeable
database PubChem [150], which are exclusive to PubChem. Categorization of assays by
BAO [237], improve the information strength of the data. Drug indicators or the efficacious
drug-disease pairs can be a useful basis for therapeutic information [238], ChEMBL collected
these indicators from various sources (DailyMed 36, Anatomical Therapeutic Chemical 3’

and ClinicalTrials.gov 38) for its database.

The complete process of FragPred is illustrated with the flow chart (Figure 3.50). ChEMBL
(Table 3.21) provides data in several methods, for our purpose we used PostgreSQL (Sec-
tion 2.5.2) method. The database is built up with the downloaded ChEMBL data, such that
compounds and their target interaction can be accessible from the database. Subsequently
a prefiltering (Figure 3.50 b) step exercised to improve the efficiency of the dataset by accept-
ing only high-affinity targets [239, 224, 240]. The filtering process involves discarding all the

36https://dailymed.nlm.nih.gov/dailymed/
37https://www.whocc.no/atc_ddd_methodology/history/
38https://clinicaltrials.gov/
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data with affinity values of 1Csg, K;, K, ECs5¢ higher than 20puM, null values, and data which
does not have affinity values. Further discarding molecules involving hexafluorophosphate

ligands completes the filtering process.

Item ChEMBL 22.1 ChEMBL 23
Compound records 2,036,512 2,101,843
Distinct compounds 1,686,695 1,735,442
Activities 14,371,197 14,675,320
Assays 1,246,683 1,302,147
Targets 11,224 11,538

Table 3.21 ChEMBL statistics in different used versions and detail information about the
data available at ChEMBL 22.13% and 230 pages.

3.6.3 Fragmentation

The filtered library is now ready for fragmentation (Figure 3.50 c), in fragmentation, a
fragment tool principally breaks small molecules into chemically meaningful fragments.
RECAP (Section 2.1.1) based rules guide which bonds of small molecules are to be broken in

both the tools (molBlocks [241], Fragmenterr [242]) used in this work.

3.6.3.1 molBlocks

The molBlocks [241] has a limitation which takes into account SMILES which are up to 200
characters. In molBlocks, four atoms being the minimum number of atoms in a fragment.
Two types of fragmentation methods available in molBlocks, extensive and nonextensive
and molBlocks recommends using extensive fragmentation [243]. In the project this flag is

enabled, which ensures following steps during fragmentation of each molecule:

3ftp:/ /ftp.ebi.ac.uk/pub/databases/chembl/ChEMBLdb/releases/chembl_22_1/
chembl 22 1 release_notes.txt

#0ftp:/ /ftp.ebi.ac.uk/pub/databases/chembl/ChEMBLdb/releases/chembl_23/
chembl_23_release_notes.txt
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* identify all cleavable bonds in the molecule

* build a graph representation of the cleavable bonds, where there is an edge between

cleavable bonds if they can be cleaved simultaneously
¢ identify all the maximal cliques in the graph; these cliques can be overlapping

* fragment the original molecule by breaking all the bonds in each maximal clique, one

clique at a time

Further, if bonds are cuttable at the same time, then the cleavable bonds are represented as
nodes in an undirected graph, with an edge between two nodes. Subsequently, the Bron-
Kerbosch algorithm [244] is used to identify all maximal cliques. Finally, all the possible
fragments are generated by cutting the bonds within each maximal group, one clique at a

time.

Without the -e flag, the bonds are applied sequentially until no more fragments can be

produced. In general, molBlocks recommends using the -e flag.

3.6.3.2 Fragmenter

Fragmenter [245] is a tool part of ChemicalToolBoX [85]. Fragmenter does not have the
limitation of SMILES to be 200 characters. It also takes molecules which have a minimum
of four atoms. It parses the molecules as SMILES and first looks for rotatable bonds, ring
patterns, and the RECAP patterns by marking their starting and ending points. Subsequently,

it makes fragments while recursively searching for its children.

Combining c and d steps in the flowchart (Figure 3.50) targets of molecules and fragments
resulting fragmentation process, and their parent molecules kept in the database for enrich-

ment analysis.
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3.6.4 Enrichment analysis

Enrichment analysis (Figure 3.50 e) takes into account the dataset (Table 3.22) to perform

Fisher’s exact test ( 2.4.1.1) provided by SciPy stats python API [246]. Computation of p-value

of each fragment per target is according to the figure 2.5 where:

K is number of times specific fragments appearing in N

n is the number of fragments per target

N is the total number of fragments produced by the ChEMBL compounds

k is the number of times specific fragment associated with a target.

Number of molBlocks Fragmenter
Distinct compounds (a) 1600407 1600407
Compounds after filtering (b) 430648 433009
Fragments (c) 2719016 2086288
Distinct fragments (c) 220141 215586
Distinct targets 10980
Targets after filtering (d) 4817
Enriched fragments after Benjamin Hochberg (f) 63992
Enriched fragments after Bonferroni (f) 31405
Enriched targets (g) 3643

Table 3.22 Number of compounds, fragments at various steps in the workflow. Alphabets in

first column parenthesis refer to the workflow (Figure 3.50)

To control the number of false positives, Bonferroni (Section 2.4.1.2) and Benjamini-

Hochberg (Section 2.4.1.2) procedures were applied using python StatsModels API [247].

It has options of selecting Bonferroni correction or Benjamini-Hochberg test model. The

function of StatsModels also has options to set the level of probability of committing Type I

error (a) to determine if p-valueis high or low. Here the traditional value of « is chosen is

set to 0.05 or the 5% probability.
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As shown in the table 3.22, a relaxed model Benjamini-Hochberg (Section 2.4.1.2) yields more
number enriched fragments compared to stricter Bonferroni correction (Section 2.4.1.2)

almost 50% fragments were filtered.

—— molBlocksBH
molBlocksBF

FragmenterBH

0.08
1

FragmenterBF

0.06
1

Density of number of enriched fragments
0.04
1

0.02
1

0.00
L

0 200 400 600 800 1000 1200 1400

Enriched Fragments per targets

Fig. 3.51 Enrichment analysis of fragments per target with molBlocks, Fragmenter tools and
applying Benjamini-Hochberg (BH), Bonferroni (BF) model

The Kernel density estimation of enrichment analysis indicates the number of enriched
fragments per target in the figure 3.51. The graph suggests that in all the four methods, i.e.,
molBlocks with Benjamini-Hochberg and Bonferroni, Fragmenter with Benjamini-Hochberg
and Bonferroni have fewer targets with several enriched fragments and many targets with
few enriched sub-molecules. The list of top 25 proteins of the peak spike in the graph
is in table 3.23. RERG (human ether-a-go-go-related gene) with 1261 fragments has the
highest number of fragments is aa-subunit ion channel of a potassium ion channel. It is an
off-target protein, and inherited mutations in hERG are the cause of long QT syndrome, a
cardiac repolarization disorder called arrhythmia. In drug discovery inhibition of RERG is
avoided [248]. Vascular endothelial growth factor receptor 2 [249](VEGFR-2) is a prominent

kinase insert domain receptor (KDR) has 1169 fragments associated with it, and it belongs
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to type Il receptor tyrosine kinase. KDR is a protein-encoding gene and is associated with
diseases Capillary Infantile and Hemangioma. VEGFR-2 is a potential cell mitogen which
regulates blood and lymphatic vessel development and homeostasis [250, 251]. Inhibition
of VEFGR-2 by SU5416 significantly reduces parasites in the blood [252]. A high number
of fragments associated with the target mean that they can be potential targets to several
molecules. Another receptor Dopamine receptor D, (D2R) encoded by DRD2 gene and a
GPCR (G protein-coupled receptor). GPCRs form a large protein family of receptors and are
targets for more than 50% of current drugs in the market [253, 254]. Antipsychotic drugs
are antagonists for D2R [255]. 1028 fragments associated with the D2R GPCR. Cytochrome
P450 3A4 (CYP3A4 [256]) or CYP is an important heme-containing enzyme in the body,
primarily found in the liver and the intestine. It oxidizes small foreign organic molecules
(xenobiotics), such as toxins or drugs, so that they can be removed from the body. CYP3A4
gene encodes protein CYP34A, and the gene is part of Cytochrome P,50 cluster [257]. CYPs
are a major enzyme family metabolizing almost 60% of prescribed drugs [258] and are a
major source of variability in drug response. CYP3A4 have almost thousand fragments

association. Structures of the fragments listed in table 3.23 are in figure 3.52.

Taking the converse view of the enriched analysis data obtained from the figure 3.51 gives
the number of targets associated with the fragments (Table 3.24). Their structures can be

viewed in figure 3.53.



Target name # of Min Min p-value
fragments p-value fragment

HERG 1261 2.23E-133 NCclnc2c(OCC(=0)N2)ccl
Vascular endothelial growth factor receptor 2 1169 2.39E-249 clcc(NC=0)cccl
Thrombin 1137 4.29E-282 NCclccc(C(=N)N)ccl
Coagulation factor X 1119 1.01E-302 C(=0)clsc(Clccl
Beta-secretase 1 1039 4E-261 NC(C(C)O)Cclccccecl
Dopamine D2 receptor 1028 1.06E-201 CCCCN
Cannabinoid CB2 receptor 998 1.55E-185 NC12CC3CC(CCc(C3)c2)C1
PI3-kinase p110-alpha subunit 897 5.09E-294 clnc(N)nc(C)nl
Cytochrome P450 3A4 894 4.51E-171 OCclscncl
Serotonin transporter 892 4.48E-118 NICCNCC1
Cannabinoid CB1 receptor 885 6.41E-228 clc(Cl)cc(Clecl
Epidermal growth factor receptor erbB1 859 2.23e-315 Nclcc(Chc(F)ccl
Serotonin 1a (5-HT1a) receptor 844 2.23E-114 COclcccccl
Carbonic anhydrase I1 788 1.78E-214 [O-][Cl1(=0)(=0)=0
MAP kinase p38 alpha 787 7.93E-185 CScl[nH]ccnl
Kappa opioid receptor 775 9.49E-185 CC1CCC1
Melanin-concentrating hormone receptor 1 772 6.79E-164 NI1CCCC1
Mu opioid receptor 772 2.11E-178 CC1CCC1
Adenosine A2a receptor 750 1.9E-134 O0OCC=0
Acetylcholinesterase 742 1.79E-130 Nclc2c(cceec2)nc2CCCCcl2
Dopamine D3 receptor 740 9.73E-270 CCCCN
Adenosine Al receptor 738 1.72E-159 [nH]1lc2c(cncn2)ncl
Serotonin 2a (5-HT2a) receptor 738 1.70E-119 N1CCC(c2c3c(cccec3)oc2)CCl1
Peroxisome proliferator-activated receptor gamma 734 1.48E-293 C(C(=0)clcc2c(c([nH]c2ccl)C)C
Carbonic anhydrase I 732 4.78E-168 [O-][Cl](=0)(=0)=0

Table 3.23 List of top 25 targets with highest number of fragments associated with it, corresponding enriched fragment and its
p-value. The peak spike of the number of fragments can be observed in figure 3.51 obtained by fragmenter tool and Benjamini-
Hochberg model
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Fig. 3.52 List of top 20 targets with highest number of fragments associated with it. (a)
SMILES of the enriched fragment. (b) Target name. (c) Number of fragments associated
with the target. The peak spike of the number of fragments can be observed in figure 3.51
obtained by fragmenter tool and Benjamini-Hochberg model



Fragment # of Min Min p-value
targets p-value target name

clcceecl 787 1E-298 P2X purinoceptor 3
Nclcccececl 473 1.1E-53 Purinergic receptor P2Y1
N1CCOCC1 450 7.42E-299 PI3-kinase p110-delta subunit
C(=0)clccccecl 360 5.5E-89 Cyclin-dependent kinase 5/CDKS5 activator 1
N1CCCCC1 355 4.39E-191 Calcitonin gene-related peptide type 1 receptor
N1CCCCl1 304 6.79E-164 Melanin-concentrating hormone receptor 1
clcencecl 293 1.59E-176 MAP kinase p38
N1CCN(C)CC1 269 9.78E-47  Tyrosine-protein kinase SRC
C(=0)CN 227 4.25E-267 C-C chemokine receptor type 2
OCCC 226 2.24E-58  Hepatocyte growth factor receptor
CCNCC 209 1.05E-93  Delta opioid receptor
NS(=0)(=0)clcccececl 200 2.81E-142 Matrix metalloproteinase-2
clnccenl 196 1.76E-86  Isocitrate dehydrogenase [NADP] cytoplasmic
NCclcccecl 195 4.74E-116 Transitional endoplasmic reticulum ATPase
clnccccl 194 1.31E-251 CyclinT1
OC(F)(F)F 191 4.03E-130 Glucagon receptor
clenceccl 189 1.82E-238 Cytochrome P450 11B2
clncnccl 187 5.22E-176 Isocitrate dehydrogenase [NADP] cytoplasmic
CNCIC(O0C)C2(n3edc Mitogen-activated protein kinase kinase
(c5¢c(c6c7c(n(C(02)C1) 178 0.000907 kinase 7-interacting protein 1
c46)cccc7)C(=0)NC5)clcecce3l)C
C(=0)C(N)C 177 5.48E-100 Glucagon-like peptide 1 receptor
clccc(N)ccl 174 5.67E-36  Cyclin-dependent kinase 4
C(=0)CINCCC1 170 1.54E-157 Thrombin
CC(=0)0 168 1.34E-123 Retinoid X receptor alpha
Cclc(C=0)c(C)c(C)[nH]1 167 0.000114  Serine/threonine-protein kinase SRPK2
N1C(C=0)CCC1 165 9.49E-252 Thrombin

Table 3.24 List of top 25 fragments with highest number of targets associated with it, corresponding enriched target name and its
p-value, obtained by fragmenter tool and Benjamini-Hochberg model
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Fig. 3.53 List of top 20 fragments with highest number of targets associated with it. (a)
SMILES of the enriched target. (b) Target name. (c) Number of targets associated with the
fragment. The structures obtained by fragmenter tool and Benjamini-Hochberg model
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3.6.5 Target prediction

The final phase in the Fragment-based target prediction is to predict a target for a given
compound. For this purpose I have taken compounds diabetes workflow from StreptomeDB
2.0 diabetes-related compounds (Table 3.7) and NANPDB diabetes-related compounds
(Table 3.15). These compounds serve as an input (Figure 3.50 h). Fragments of these com-
pounds are extracted with Fragmenter tool and are mapped (Figure 3.50 j) to the targets
with the help of earlier established model (Figure 3.50 g). The expected results are to be the
target proteins which exhibit antidiabetic activity. The inputs are unknown to the model as
the compounds from StreptomeDB 2.0 and NANPDB are not part of the initially acquired
data. Prediction of targets can be observed in tables (Table 3.7 for StreptomeDB 2.0 and
Tables E.1, E.2 for NANPDB). Multiple targets are predicted as there were multiple fragments
for each compound and the targets pancreatic alpha-amylase, salivary alpha-amylase [259],
Sodium/glucose cotransporter 2 [260], HMG-CoA reductase [261], are antidiabetic activity
targets. In the table 3.25 for the compound Trestatin C (with StDB ID 3769) has nine frag-
ments, and all have the Tanimoto 1 indicating the very similar match of the fragment found
in the model. There are also duplicate rows in the nine fragments, indicating that Trestatin C
has same fragment multiple number of times. The compound Trestatin C is also similar to
DrugBank compound Acarbose, one of the most commonly found compound in literature
(Tables 3.2, 3.7) and its comparitive structure is in figure 3.13. For the nine fragments, eight
fragments were the representatives in the model as two of nine fragments has the same
representative. Comparing initial mapping (Figure 3.50 e) before the enrichment model
these eight fragments were mapped to 543 targets. With the enriched model obtained after
FDR (Benjamini-Hochberg test) these fragments were mapping to 103 targets. From which
after checking with p-value highly ranked fragments mapping targets were chosen resulting
the four targets (pancreatic alpha-amylase, salivary alpha-amylase, and sodium/glucose
cotransporter 2in Homo sapiens, Adhesin protein fimH in E.coli K-12). However, one has to
distinguish that model creation is with the principle of the number of fragments enriched
per target. Checking the database conversely revealed that these four targets were attached
to 1849 fragments before enrichment analysis and after enrichment analysis, these were 212

fragments ranked by their p-value.



StDB | Compound Tanimoto . Predicted target where Diabetic
between2 | p-value Organism . . target
ID name fragment is enriched
fragments (Y/N)
1098 pravastatin 1 | 7.78E-57 | Rattus norvegicus | HMG-CoA reductase Y [261]
pravastatin 0.84 | 5.35E-05 | Mus musculus Voltage-gated L-type calcium channel alpha- —
1C subunit
Adiposin 2 1 | 2.02E-20 | Homo sapiens Pancreatic alpha-amylase Y [262]
3313 Adiposin 2 0.52 | 7.37E-20 | Human immun- | Human immunodeficiency virus type 1 pro-| Y [263]
odeficiency virus | tease
1
Adiposin 2 1 2.09E-17 | Homo sapiens Pancreatic alpha-amylase Y [262]
Adiposin 2 1 | 1.32E-07 | Homo sapiens Salivary alpha-amylase Y [264]
Trestatin C 1 | 2.39E-123 | Homo sapiens Sodium/glucose cotransporter 2 Y [260]
Trestatin C 1 | 2.78E-64 | Escherichia coli | Adhesin protein fimH —
K-12
Trestatin C 1 | 2.02E-20 | Homo sapiens Pancreatic alpha-amylase Y [262]
3769 | Trestatin C 1 2.02E-20 | Homo sapiens Pancreatic alpha-amylase Y [262]
Trestatin C 1 | 2.09E-17 | Homo sapiens Pancreatic alpha-amylase Y [262]
Trestatin C 1 2.51E-17 | Homo sapiens Pancreatic alpha-amylase Y [262]
Trestatin C 1 | 6.92E-15 | Homo sapiens Pancreatic alpha-amylase Y [262]
Trestatin C 1| 1.10E-08 | Homo sapiens Pancreatic alpha-amylase Y [262]
Trestatin C 1 | 1.45E-04 | Homo sapiens Salivary alpha-amylase Y [264]

Table 3.25 Target prediction of StreptomeDB 2.0 DM compounds (Table 3.7). In the coloumn Tanimoto between 2 fragments, it is

the similarity between the fragment of the unknown input molecule and the fragmend found in the database.
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Chapter 4

Discussion and outlook for the future

Drug discovery includes drug designing and development, is a diverse and expensive effort,
where least number of drugs that pass the clinical trials makes it to market. The chemical
space being almost infinite multiplies the challenge to the pharmaceutical industry. The
primary hurdle being is it expedient to use such a chemical universe. Combined with
compound space research happening around the world in the pharmaceutical industry
and producing voluminous data. PubMed alone produces half million records every year.
Subsequently, how to organize such an extensive data. The success rate is one in ten
thousand compounds. And only one out of twenty approved drugs brings revenue to the
academia and industry. The age of a drug discovery being ten years. Although challenges
being several, compared to the number of drugs discovered in the last couple of decades as
part of solutions are very few. Software-based drug discovery and development methods
evolving from it have vital importance in the development of bioactive compounds. The
computational techniques provide speed and accuracy to the experimental findings and
mechanisms of action. The HGP added another dimension of a solution to the problem. The
promise of BigData after Human Genome project adds to the advantage. The pharmaceutical
industry adopts the modular approach in resolving challenges of drug discovery. Phases of

drug discovery (Section 1.3) signify the modular approach.

The presented thesis endeavored to built cheminformatic tools which could form as modules
in the drug discovery. A localized text mining tool (Section 3.1), ligand and structure-based
virtual screening (Section 2.1) tools, databases (Sections 3.2, 3.3) incorporating essential
natural products and convenient way of accessing them with several related features. The

present work further explains how the sub-modular tools can be kept into practice by
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explaining diabetes drug research with a hypothesis as a case study. And to contemplate all
the tools the doctoral research presents all the applications in a pipeline. The thesis focus is

to present ligand based tools for drug discovery from natural products.
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4.1 PubMedPortable: Incorporating into a pipeline

PubMedPortable is a modular based program and has modules for downloading the disease-
specific dataset in multiple methods, creating the required schema and importing the
downloaded dataset into the PostgreSQL database. Building up a full-text index with Xapian
and Lucene [265] as an alternative option. Because of its portable and multiplatform capa-
bility, we have tested the complete workflow in Fedora Operating system, and it’s complete

instructions are available in the project page [129].

The use cases of PubMedPortable in publication and this thesis with pancreatic cancer [114]
and diabetes mellitus (Section 3.1.2) respectively indicate some of the features of the Pub-
MedPortable. The project is wholly open-source and free to be efficiently adapted to the
requirement of the user. In the research field, it's always useful to get the latest information
about the topic we are studying. In locally built PubMedPortable as of now, the recom-
mendation is to make a new instance of the local database instead of updating the existing
database; this is a drawback as of now. It is a future endeavor to provide options to build
arobust PubMedPortable which can be quickly updated with every day growing PubMed
literature. The modularity of software makes tiresome to execute several scripts, if a GUI
is provided to the complete workflow or integrating into Galaxy framework it will be an
easy tool to use. In the use case of DM (Section 3.1.2), PubMedPortable uses named entity
recognition of chemical entity on DrugBank and for protein entity on UniProt. As having
the synonyms is an essential part of the PubMedPortable it will be preferable to connect

standard NER sources of bio-concepts such as from PubTator.

From this PubMedPortable following conclusions can be drawn:

e PubMedPortable is a handy tool which can be used to build hypotheses from the
PubMed literature.

* The tool being highly modular is an advantage at every step which can be customized
quickly for the hypothesis. However, same modularity can be disadvantageous to

realize several steps.
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* There is a great need of applying a framework for PubMedPortable so that the user is

comfortable.

4.2 Natural compound databases

In the present work, I have presented two natural compound databases namely StreptomeDB
2.0 and NANPDB. Both the natural databases are significant concerning actinobacteria and
North African region respectively. The former has plenty of literature already available in
the research field due to interest in its genus actinobacteria. Whereas later one does not
have much research available to it; it's relatively new to the online world although research
is happening (oldest research reference available is from the year 1908, Herbarium, Cairo
University (Egypt)) their knowledge was limited to printed literature in libraries of African
universities. Curation is one of the time-consuming step in natural compounds collection.
The curation becomes more difficult for a database like NANPDB compared to StreptomeDB
as there is a limited volume of literature. We made a double check of every detail and also

provided an extensive option of giving feedback! where one can also submit new data.

Tanimoto similarity estimated in the two NP databases explored uses two different tools,
StreptomeDB 2.0 uses Openbabel and NANPDB uses RDKit. Both the databases have same
time complexity. However, ease of installing and setting up on a server and hosting natural
products databases RDKit performs better by calculating the Tanimoto distance on the
fly. One of the reasons being RDKit works in Python environment whereas Openbabel is a
C++ based tool. RDKit has several fingerprints techniques enabled, it is simpler to select
different kinds of Fingerprints simultaneously, and RDKit has a very active community
and working on parallel execution solution since the arrival of PostgreSQL 9.6 which has
Parallel Querying feature. Scaffolds are of particular interest in drug discovery [63, 266], as
on average each commercialized drug contains a novel scaffold, thus stressing the crucial

relevance of examining both natural sources and literature for new drugs.

http://african-compounds.org/nanpdb/downloads/


http://african-compounds.org/nanpdb/downloads/

4.2 Natural compound databases 155

4.2.1 StreptomeDB update

StreptomeDB 2.0 update in 2015 is significant update after its first inception in 2012. Con-
sidering the amount of research (Figure 3.7) happening around Streptomycetes the update is
deemed to be overdue update. StreptomeDB till now had two updates, and the latest update
is work in this thesis which provided features like scaffolds browsing, phylogenetic tree, and
vital information NMR, MS-spectra data for VS improving the chemical and evolutionary

context of the library.

We could identify hundreds of naturally occurring level 1 scaffolds not found in purchasable
compounds [6]. Scaffolds aid in compound design in medicinal chemistry. Dimova et al.
[267] uses series-based scaffolds substituting multiple sites into account. Initially, it builds
analog series of same core structures having different substituents at one or more sites.
These analog series are used to build an analog series-based scaffold. The analog series
based scaffold capture target information of analog series. For such scaffold applications,
scaffolds browser is beneficial. In future works of scaffold providing such a series based
scaffold would be high interest for the research community. The present update of the
database offers MS and NMR data improving the quality of filtering compounds based on
characterization measures. These measures are useful in primary structure determination
by delivering strategies in differentiating isomers [268] of secondary metabolites. Now
users of StreptomeDB 2.0 gets the opportunity to select compounds based on the MS and
NMR spectra. However, as of now, information is provided under each compound a range

querying browser would be more beneficial.

In the diabetes mellitus case study of StreptomeDB 2.0, it is observed that there were several
fingerprints (Table 3.6) which estimated similar compounds (Tanimoto >0.85). However,
compounds listed with antidiabetic activity were not the results Agn-PC-0BKWXC, Nfat-133,
Platensimycin with best Tanimoto values and exhibiting 0.50, 0.20, and 0.25 as their best

Tanimoto coefficient respectively irrespective of any fingerprint.
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4.2.2 NANPDB: A North African resource

NANPDB is the first African database among the series® of databases from the region of
Africa. Initiated by our collaborator Dr. Ntie-Kang®. Further, there are other areas (West,
East) of compounds will be implemented as part of this series. For all comprehensive

databases, one website? is chosen.

After the recent update of NANPDB number compounds found in PubChem [150] increased
to 52%, indicating the uniqueness and importance of the database. About 20% compounds
have shown at least one biological activity, and 2% of compounds are with the mode of action.
Almost 18% of compounds required research to know their mode actions as their bioactivity
is already known. An evaluation of the physicochemical properties (Tables 3.11, 3.12)
operated in Lipinski’s RO5 (Section 2.1.6) suggests that 53% of NANPDB compounds showed
no Lipinski violations, while 71% of the NPs showed less than one violation. Indicating
high probability of being drug compounds. Almost 25% of molecules are heavy molecules
which are not suitable for DMPK/ADMET predictive models. The predictions are, therefore,
guiding information could be of interest for future drug discovery. As with the intention
of updating the compound information with continuous data curation, there has been
already an update of compounds in NANPDB. However in future updates, we intend to
expand are more features by including more computed molecular descriptors, experimental
data leading to the characterization of the NPs, e.g., NMR (Section 2.1.2) and MS data
(Section 2.1.3), melting and boiling points, and possible biosynthesis pathways with the
included metabolites. PubChem vendor information can be retrieved. In future updates, we
would include data for compound sample availability and vendor information for samples

scattered in academic laboratories. NANPDB is planned to be upgraded annually.

For the exclusive database resources new and missing compounds are always interesting.

For this purpose, we have provided new data submission pipeline®. Here we present a

2http: / lafrican-compounds.org/about/
3http://pc.pharmazie.uni-halle.de/medchem/mitarbeiter/fidele_ntie-kang/
4http://african-compounds.org
Shttp://african-compounds.org/nanpdb/downloads/
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spreadsheet consisting of all the fields required to upload new or correct the existing data.

The submissions provided by pipeline improves the quality of the database.

In the DM case study (Section 3.3.4) of NANPDB compounds it is found that maximum
of three fingerprints predicted DrugBank DM similar compounds (Table 3.15). However,
the structures (Figures 3.31, C.3, C.4, C.5, C.6) were not promising. Although there are
antidiabetic compounds (Table 3.16) in NANPDB they were only predicted by one fingerprint
with Tanimoto coefficient >0.85 (Table 3.17). This indicates that available fingerprints were
not able to estimate antidiabetic compounds or NANPDB has contrasting compounds

compared to DrugBank compounds which have to be investigated and validated.

4.2.3 Django QuerySets

The QuerySets (Section 2.5.3) are very useful in database resources. NANPDB takes advan-
tage of these QuerySets. The compound list search (Figure 3.33) lists the compounds for
the selected alphabet. The code snippet (9) is QuerySet access the database only when it
sees the Q object (line 2 of the listing) and then filters it according to the expression in the Q
object. QuerySet reduces database accessing time and accesses it only when it required to

retrieve the specific expression data.

moleculeQuerySetlList = Molecule.objects.filter(
Q(mol_name__istartswith=currentInitial) |
Q(mol_name__istartswith=currentInitial.lower())

) .select_related('pubchem') .distinct('mol_name')

Listing 9 QuerySet example

From natural product databases following conclusions can be drawn:
 Scaffold-based molecular representations is an important tool in medicinal chem-
istry [63] and allow classifying and characterize the StreptomeDB 2.0 library.

» With phylogenetic tree conceiving the distribution of a particular scaffold, chemotype,

bioactivity or synthetic route becomes easier in the evolutionary context.
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StreptomeDB 2.0 facilitates building relationship between different data, such as

scaffolds, activities or phylogenetic distribution.

NANPDB compounds do not have compounds which are much similar to DrugBank

diabetic compounds, but it has several antidiabetic compounds.

Natural compound databases are starting point with several additional tools for the
discovery of new compounds, virtual screening campaigns, biochemical engineering

and cheminformatics.

In both presented NP databases antidiabetic compounds were not the best similar
(Tanimoto coefficient >0.85) compounds affirming the lesser role of Tanimoto mea-
sures. However, antidiabetic active compounds do exist and they have to be validated

with experimental measures.
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4.3 SeMPI prospects

SeMPI a structure prediction tool predominantly depends on the algorithm used to measure
structural similarity and the minimum threshold which is required to consider a molecule
from the test dataset as a putative match to a subjected gene cluster. SeMPI could rank 67.5%
actual gene cluster products within first ten ranks among 2839 candidates compared to
antiSMASH could rank only 12.5% gene cluster products [206]. Demonstrating the efficiency
of the algorithm to detect the correct paths in a large number of molecules. There were
two limitations for the poor ranking one being path algorithm reaches its limitations in
gene clusters which have multiple tailoring reactions. Another difficulty being the wrong
identification of starting unit for the path algorithm due to an unexpected tailoring reaction
of the unit. In subsequent updates, SeMPI will add more databases such as NANPDB and
other NP databases to manifest a maximum number of putative annotated molecules that
come into inquiry for subjected gene clusters. SeMPI depends on NP databases, and so
maintenance of such prediction tools is complex on the servers as yet NP databases do not
have any standards in providing as a service. ChEMBL can lead for such a kind of solution as
it already provides ChEMBL RDF model [269]. Which will make easier for tools like SeMPI to

integrate themselves into natural products chemical space.

In the case study of DM compounds of StreptomeDB 2.0 with SeMPI several DNA sequences
were not available. Indicating the need of annotation of DNA sequences of natural databases.
For the possible DNA sequences, SeMPI could not predict structures due to too many NRPS
(Nonribosomal peptide synthetases) signatures, No signature of modular KS (ketoacyl syn-
thase). The problem with NRPS genes is that they are built template independent building
blocks called nonproteinogenic amino acids which are about 500 naturally occurring iden-
tified amino acids [270]. And every module in the NRPS has specificity for each amino
acid with various functions such as antibiotics, pigments, etc. A possible solution could
be categorizing building blocks into few classes and working based on the specific type of
blocks. And for the problem of no signature of modular KS or the start codon by having

unique open reading frames (ORFs or start codons) to each domain [271].
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The SeMPI and StreptomeDB services use Apache web server, although Apache and another
popularly available web server Nginx are well in use. One has to decide the web server based
on the application requirements. NANPDB, on the other hand, is using Nginx. Seeing the
experience with both the web servers for Python based application Nginx performance is far
better. Nginx combined with gunicorn a Python-based dynamic content WSGI HTTP server
works fast consuming fewer resources compared to Apache. Apache requires higher memory
usage with comparatively lower performance. Nginx, even more, better when it is serving
static files from a Python-based framework. Apache configuration settings differ from with
operating system and is another disadvantage. In configuring the number of processors and
amount of serving connections to the server, Apache has several options whereas Nginx has
mere few possibilities. Apache web server would help for more customized environment

according to the need compared to Nginx.

From SeMPI following conclusions can be drawn:

* SeMPI through its benchmark test proved better than antiSMASH 3.0 and could im-
prove the prediction ability for the products of modular PKS fype I gene clusters [206].

* SeMPI combines multiple tools to that are available for polyketide prediction and

joins the prediction with NP databases assuring compound availability in nature.

* SeMPIis in its early stages in the process of solving problems such as too many NRPS

signatures.

* Tools such as SeMPI emphasizes the importance of standardizing the natural product

databases.

* Choosing a good web server environment is one of the key factors for the server to

work efficiently.
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4.4 DVS discussion

Dynamic virtual screening is a method of structure-based drug discovery. It takes into
account the structural information generated by Glide [61] tool with SP Docking. And is
mainly dependent on the score it makes (Figure 3.48 a). Glide is optimized to work on
generic cases over a wide range of systems. As per the Glide documentation [272], Glide has
three modes of docking HTVS, SP, and XP. All the three employ a hierarchical filter to search
for prospective locations of the ligand in the binding site of a receptor. The exhaustive search
of ligand torsions lists a collection of ligand conformations. From these confirmations,
the method of detecting poses differs in each mode. Each of them takes 2, 10, and 120
seconds respectively for each compound. These options balances between speed and
accuracy. Implementation of SP docking is against the target BRD4 limits the docking score
applicability to bromodomain inhibitors. However, the specific nature of algorithm enables
greater customization of parameters while building the model particular to the inhibitors in
focus. Benchmarking step that we have used is a particular dataset of Bromodomains and
their inhibitors, and so the application of the model of physicochemical properties with top

scored compounds has to be tested further with other datasets.

From DVS following conclusions can be drawn:
* DVS requires high intensive computing environment and good docking tools for
generating efficient docking scores.

* It is a good strategy to filter vast chemical spaces if the large chemical spaces are

available such as PurchasableBoX [6].

* Once the docking scores are available then the algorithm can be dynamically reconfig-
ured according to the requirement and repeat the arbitrary compound collection step

until an optimum level of physicochemical properties model arrives.

e It can be a lengthy process to attain an optimum model.
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4.5 FragPred antecedents and future

The fragment-based virtual screening (Section 2.1.1) technique applied to FragPred (Sec-
tion 3.6) initially started with the idea of clustering to reduce the number of different sub-
structures. Implementation of clustering step was before enrichment analysis (Figure 3.50
e). In clustering, fragments were clustered and matched to their biological target that their
parent compounds interact. Among several clustering methods, we have considered Taylor
Butina clustering and k-means clustering. Taylor Butina clustering Butina [273] which is a
Javis-Patrick’s algorithm takes fingerprints of the fragments and identifies latent cluster cen-
troids and gathers substructures by measure their Tanimoto distance near to the potential
centroid. In this process, it is very likely some of the fragments are lost or instead left alone
as singleton sets. The advantage of being less number of heterogeneous clusters compared
to J-P Taylor Butina. Creation of false singletons sets and there were 19% singleton sets
compared to the method adopted without clustering had 4% significance difference. The
initial step of comparing all molecules against all is also a CPU intensive step becomes a
drawback. Also, Butina clustering wrapper provided by RDKit (Section 2.3.1) was not able to
cluster all compounds. We have also tried k-means clustering, for this, we have employed
Canvas [146] module of Schrodinger software. It uses the algorithm of Lloyd [274], in the
k-means clustering algorithm several numbers of iterations are performed on the dataset,
and each iteration starts by selecting k number of data points at arbitrary centroids of the
cluster. Subsequently, assigning of data points to the closest centroid at every iteration.
Also dynamically the algorithm updates the position of centroid by calculating the average
position of all its existing data points. The process continues until a predefined number of
iterations are reached, or until a convergence condition. In the end, cluster points belonging
to the least cost run are the final clustered set. The selection of points being random it could
be possible that selected points lie in between clusters and those points could be wrongly
mapped. This reason pushes back the k-means algorithm to be efficient only locally. With k-
means clustering, singleton sets were 13%. FragPred is the running project, although results
(Section 3.6.5) test case shows good prediction with the help of StreptomeDB 2.0 diabetes
compound. FragPred has to undergo some more tests as the results of NANPDB compounds

(Appendix tables E.1) were not as good as StreptomeDB 2.0. In principle, clustering idea
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is a useful technique however to achieve an optimized algorithm number of clustering
techniques have to be tested. Locality-sensitive hashing (LSH) can be one such clustering
technique it generates random hyperplanes. To every data point, generation of hash-code
happens in every iteration, as per the position of the data point in the hyperplane. Clustering
of similar data points will be in the same hyperplane, and the significant advantage of LSH
is it eliminates false positives during the assigning process. Fingerprint-based Tanimoto
calculation is restrictive and may not represent the whole chemical similarity of a structure

as the occurrence of same elements is rather important than functional groups.

In the target prediction phase (Section 3.6.5) to understand the working of FragPred com-
pounds of StreptomeDB 2.0 and NANPDB which were similar to the DrugBank diabetes com-
pounds given as input. StreptomeDB 2.0 compounds showed right predictions, NANPDB
compound did not show diabetes targets although compounds were already antidiabetic

nature. Many predictions have to be studied with more number test cases.

From FragPred following conclusions can be drawn:

FragPred is an initial step towards filtering chemical space with the aid of existing

bioactive compounds and predicting a putative target.

Enrichment analysis can filter the considerable amount of compounds. It improved

further with minimizing the Type 1 error.

Applying cluster techniques did not show better results, however with better algo-

rithms; there is a high probability of improvement in results.

Although initial results of diabetic compounds predicted diabetic targets they are yet

to be validated to confirm the working of FragPred.

All the cheminformatic tools presented in this doctoral research are useful however there
are several things such as understanding how the tool work, what are the inputs to the
applications, sometimes visiting several websites to obtain results. If the tools presented in
the thesis are joined in one framework using Galaxy framework (Section 2.3.3) with series of

actions would be extremely beneficial for pharmacy research. The galaxy workflow can take
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input about the disease and download all the PubMed data related to disease entity to the
local machine. In the next step, it generates series of basic statistics related to the disease
and provides options to moderate statistics according to the user. If alternative less toxic
natural compounds are possible, it can check available natural databases (Section 3.2, 3.3)
and offer several available open natural compound databases. Produce ready to use links
to the features provided by the web resources. If the Genbank [167] data of the organism is
available, then a secondary metabolite prediction can be instantly made and check if similar
compounds are available in natural compound databases. After predicting a synthetic
compound, FragPred (Section 3.6) can take it as input and predict if any suitable targets
are available exhibiting bioactivity. There is enormous scope for farther development and

working on the projects provided in the thesis.

If computer applications developed are user-friendly to biologists, chemists, and pharma-
cists the drug research can progress much faster and reduce the age of new drug develop-
ment and secure the health of humankind. The accomplishment of the complete work of
this doctoral thesis is in the premises of university indicating the strength of the universities

and their contribution to research in life sciences.

I conclude my thesis by thanking everybody named in acknowledgments. I respectfully

appreciate the academia and all the funding agencies for the doctoral dissertation.



Appendix A

PubMedPortable

A.1 PubMedPortable detailed database schema

tbl_medline_citation

thl_space_flight_mission

2 fl_pmid
% space_flight_mission

PubMedPortable DBSchema (Diabetes)

thl_suppl_mesh_name

tbl_medline_citation

- data_bank_name

72 fk_pmid A 4 pmid
| suppl_mesh_name date_created
% suppl_mesh_name_ui D date_completed
“ |suppl_mesh_name_type pdate_revised
number_of_references
keyword_list_owner
citation_owner
citation_status
© | article_title
start_page
i i end_page
thl_gualifier_name ’m) medine pan
22 fk_pmid 1A article_affiliation
* descriptor_name article_author_list_comp_yn
“* qualifier_name data_bank_list_ complete_yn
qualifier_name_major_yn = |grant_list_complete_yn
2 qualifier_ui ~—= |vernacular_title
thi_data_bank thl_gene_symbol
2 fi_pmid A 7 fk_pmid 1

/- gene_symbaol

fl_pmid thl_medline_journal_info
7 fi_pmid 11
A nim_unigque_id
10 medline_ta
country

ANNNNRSNNINNN]

Fig. A.1Part 1/3 of complete PubMedPortable database schema

fk_pmid
thl_mesh_heading
3 fie_pmid %
 descriptor_name
descriptor_name_major_yn
2 descriptor_ui
—
fie |
thl_general_note
7 fi_pmid 1A
./~ general_note
general_note_owner
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thl_pmids_in_file

thi_personal_name_subject
id
fk_pmid
0 last_name
fore_name
initials
suffix

thl_publication_type

S fk_pmid
7 publication_type

fk_pmid
tbl_grant

id

2O fie_prnid

O grantid
acronym
agency
country

1A

flk_pmid

thl_pmids_in_file =
2| fic_prnid 1A
id_file LA tbl_keyword
* | xml_file_name 1A 4 fi_pmid 1A
% keyword
= keyword_major_yn
x -
thl_xml_file 3
tbl_abstract
id K] =
S xml_file_name k] A fk_pmid 1A
doc_type_name abstract_text
dtd_public_id copyright_infarmation
dtd_system_id
time_processed
tbl_author
#id fik
K)fk_pmid % thl_accession_number
£ last_name = =
fore_name % fk_prnid A
initials / data_bank_name
suffix ¥ accession_number
L callective_name

Fig. A.2 Part 2/3 of complete PubMedPortable database schema

thl_other_id
prpid
thl_investigator
Hid
* | fk_pmid
A last_name
fore_name
initials
suffix
investigator_affiliation

fk_prnid

thl_journal

4 fie_pmid

Iissn
issn_type
wvolume
issue

£ pub_date_year
pub_date_month
pub_date_day
medline_date
title
iso_abbreviation

thi_other id =
| fk_pmid Al tbl_chemical

“ other_id

* | other_id_source 2 tk_prnid 1A

¥ registry_number
% name_of_substance
L substance_ui

thl_language

2 fik_prid A
“*language

thl_citation_subset

2 fk_prnid A
£ citation_subset

thl_other_abstract

- tbl_comments_correction
2 fk_pmid 1A = =
other_abstract id
40 fie_pmid A
fk_prnid | |ef_tvpe
" ref_source
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Fig. A.3 Part 3/3 of complete PubMedPortable database schema
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A.2 Diabetes mellitus data used in PubMedPortable

’ DBID ‘ Drug name ‘ Occurances ‘ ‘ DBID ‘ Drug name ‘ Occurances ‘
DB00331 | Metformin 11491 DB00071 | Insulin Pork 427
DB01132 | Pioglitazone 2723 DB00912 | Repaglinide 427
DB00412 | Rosiglitazone 2512 DB00790 | Perindopril 358
DBO01124 | Tolbutamide 2496 DB01029 | Irbesartan 345
DB01016 | Glyburide 2443 DB09564 | Insulin Degludec 345
DB00047 | Insulin Glargine 2226 DB00722 | Lisinopril 316
DB06655 | Liraglutide 1625 DB00731 | Nateglinide 315
DB01261 | Sitagliptin 1604 DB06203 | Alogliptin 314
DB00284 | Acarbose 1361 DB09265 | Lixisenatide 263
DB01276 | Exenatide 1337 DB01200 | Bromocriptine 261
DB00672 | Chlorpropamide 1275 DB01278 | Pramlintide 245
DB00046 | Insulin Lispro 1102 DB00275 | Olmesartan 240
DB01076 | Atorvastatin 1085 DB01309 | Insulin Glulisine 219
DB01306 | Insulin Aspart 1040 DB01233 | Metoclopramide 204
DB00641 | Simvastatin 1031 DB00491 | Miglitol 177
DB00678 | Losartan 976 DB09045 | Dulaglutide 161
DB01120 | Gliclazide 893 DB00519 | Trandolapril 137
DB00222 | Glimepiride 866 DB00930 | Colesevelam 131
DB01307 | Insulin Detemir 825 DB09043 | Albiglutide 129
DB00999 | Hydrochlorothiazide 777 DB08885 | Aflibercept 128
DB01197 | Captopril 727 DB00839 | Tolazamide 119
DB00584 | Enalapril 722 DB00834 | Mifepristone 97
DB04876 | Vildagliptin 684 DB00542 | Benazepril 85
DB01067 | Glipizide 657 DB04861 | Nebivolol 85
DB08907 | Canagliflozin 571 DB00796 | Candesartan cilexetil 80
DB09038 | Empagliflozin 556 DB01184 | Domperidone 79
DBO00178 | Ramipril 539 DB00492 | Fosinopril 72
DB06292 | Dapagliflozin 527 DB00881 | Quinapril 68
DB00035 | Desmopressin 513 DB00102 | Becaplermin 42
DBO00177 | Valsartan 492 DB00876 | Eprosartan 35
DB01270 | Ranibizumab 472 DB09477 | Enalaprilat 22
DB06335 | Saxagliptin 457 DB11827 | Ertugliflozin 18
DB08882 | Linagliptin 450 DB09054 | Idelalisib 1
DB00966 | Telmisartan 434

Table A.1 DM drugs from DrugBank [132] and their number of occurances in PubMed using
PubMedPortable [114]
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Gene/Protein | Occurances Gene/Protein | Occurances Gene/Protein | Occurances
PPAR 36467 ABCC8 24653 RET 21205
ACE 36198 HNF1A 24623 AVPR2 21139
DB 35818 OX 24563 CAPN10 21105
VEGF 34787 PON1 24517 SOD2 21072
AMPK 33960 CTLA4 24409 ICA512 20899
INS 33267 PTPN22 24149 CAV 20791
OB 32973 WFS1 24149 GIPR 20791
GLUT4 32817 ADIPOQ 24132 CCR5 20791
RAGE 31423 IRS2 24132 GLP1R 20644
CCL2 30216 PERK 24048 ENPP1 20644
CP 30153 NGN3 23979 PDK4 20606
PERI 29907 HMGB1 23944 ATGL 20569
GADG65 29666 RAD 23909 LMNA 20492
AVP 28573 SLC30A8 23909 VEGFA 20334
TCF7L2 28350 GAL 23673 CEL 20211
LPL 28331 INSR 23579 XBP1 20211
IAPP 28155 ZNT8 23560 NEUROD 20170
C3 28155 CDKALI1 23521 PC1 20128
FOXP3 28135 LEP 23502 APOA5 20043
STAT3 28109 HFE 23404 GCG 19912
PDX1 28061 HNF4A 23364 NAMPT 19822
GLUT2 27656 CART 23242 IFIH1 19777
KCNJ11 27442 KCNQ1 23138 V2R 19542
HLA-DRB1 27411 HLA-DQA1 22900 GCGR 19493
GLUT1 27363 UCP3 22878 FLT 19444
GCK 27299 FABP4 22576 IGRP 19344
PKB 26972 PAX4 22479 GSP 19344
IRS1 26444 PTC 22405 GPX1 19294
VDR 26095 AKT2 22329 IPEX 19030
CO2 26085 AIRE 22253 PPARA 18920
UCP1 26042 AKT1 22253 MCP1 18864
DRG 25865 VP 22068 CD38 18864
NDI 25809 SUR 21903 PCK1 18808
LEPR 25705 gamma2 21875 GNAS 18808
PRL 25682 PON 21846 IL2RA 18750
PPARG 25611 NEUROD1 21818 HT2A 18750
SUR1 25587 OGT 21731 DCP 18692
ucCp2 25390 IGF2BP2 21702 GLIS3 18692
HLA-A 25340 AS160 21673 IPF1 18633
UCP 25276 FOXA2 21522 TCF2 18573
POMC 25276 HNF1B 21492 NKX2.2 18573
EPO 25185 CPM 21430 EIF2AK3 18573
HLA-DQB1 25105 GCKR 21398 SGK1 18512
NLRP3 24828 RAC 21303 SLC2A2 18512
AQP2 24800 ASC 21238 COX2 18450

Table A.2 Extensive list of genes taken from UniProt and their number of occurances in DM
PubMed literature using PubMedPortable
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StreptomeDB 2.0

B.1 StreptomeDB 2.0 detailed database schema

compound_attribute_class scaffolds e e compounds_to_scaffolds
A attribute_class_id /- scaffold_id A7 compound_id compound_gene_cluster
attribute_type_id scaffold_canonical_smiles /- scaffold_id = =
attribute_class_name svg_image Aid
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>0~ iupac_name © lcompound_name

‘6’ mw compound_name_org
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attribute_type_name n_atoms
- tpsa
hbd < — sub SUper
hba
logp /- scaffold_id 1 /- scaffold_id
R logd sub A super
compound_attribute logs
= salubility j‘
7 compound_attribute_id <

£ compound_id

£ attribute_type_id

A attribute_value
attribute_class_id
prid

Fig. B.1 Part 1/3 of complete StreptomeDB2 database schema
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source
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B.2 Part 2/3 of complete StreptomeDB2 database schema

nmr
fullmolecules

0% % search_term_id | compound_id
7 search_term_type_id . search_term 2 nmr_type | compound_id
search_term_type search_term_type_id A 2 ppm canonical_smiles
search_term_source_id 2 multiplicity svo_image
chemical_formula
iupac_name
mw
heavy_atoms
charge
T is_chiral
compound _genome compound synonym _ stereogenic_complexity
= = - svg_image shape_complexity
#id 7 compound_id “ | compound_id o_atoms
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link [—more— m_by_z hba
source peak_intensity logp
logd
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Fig. B.3 Part 3/3 of complete StreptomeDB2 database schema
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B.2 Kernel density function of similarities
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Fig. B.4 Graph showing Kernel density estimation of tanimoto coeficcient between Drug-
Bank [132] DM compounds and StreptomeDB 2.0 [22] compounds. N indicates the number

of comparisions with each fingerprint.
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NANPDB

C.1 NANPDB detailed database schema
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Fig. C.1 Complete overview of NANPDB database schema
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C.2 Kernel density function of similarities
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Fig. C.2 Graph showing Kernel density estimation of tanimoto coefficient between Drug-
Bank [132] DM compounds and NANPDB [189] compounds. N indicates the number of
comparisions with each fingerprint. All fingerprint listed in table 2.1.
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C.3 Top 10 similar pair structures

Simvastatin sesterstatin 7
R S5
SV O

3,21-dipalmitoyloxy-16beta,21alpha
-dihydroxy-beta-amyrine

Simvastatin

Fig. C.3 Structures of top 10 pair compounds which are listed in table 3.15, figure set: 2/5.
DrugBank compounds (left), NANPDB compounds (right).

Lixisenatide euphornin D

euphornin G

Fig. C.4 Structures of top 10 pair compounds which are listed in table 3.15, figure set: 3/5.
DrugBank compounds (left), NANPDB compounds (right).
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Fig. C.5 Structures of top 10 pair compounds which are listed in table 3.15, figure set: 4/5.
DrugBank compounds (left), NANPDB compounds (right).
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Fig. C.6 Structures of top 10 pair compounds which are listed in table 3.15, figure set: 5/5.
DrugBank compounds (left), NANPDB compounds (right).
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C.4 NANPDB antidiabetic indicated compounds

quercetin-3?-methoxy-3-0-
Bromocriptine (4**-acetylrhamnoside)-7-0-alpha-rhamnoside

oo
ﬁ;} 693%

Fig. C.7 Structures of DrugBank DM compounds (left) compared with NANPDB antidiabetic
indicated compounds (right) which are listed in table 3.17 Figure: 1/11
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Fig. C.8 Structures of DrugBank DM compounds (left) compared with NANPDB antidiabetic
indicated compounds (right) which are listed in table 3.17 Figure: 2/11
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Fig. C.9 Structures of DrugBank DM compounds (left) compared with NANPDB antidiabetic
indicated compounds (right) which are listed in table 3.17 Figure: 3/11
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Fig. C.10 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 4/11
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Simvastatin diosmetin 7-O-beta-D-apiofuranoside

Fig. C.11 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 5/11

Acarbose _ nuzhenide

Simvastatin

quercetin-3-0-beta-
D-glucopyranoside

Fig. C.12 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 6/11
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o Bromocriptine berberine

Fig. C.13 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 7/11
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Fig. C.14 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 8/11
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Wethrsee

Bromocriptine g‘"
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Bromocriptine ;

Fig. C.15 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 9/11
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Fig. C.16 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 10/11
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Fig. C.17 Structures of DrugBank DM compounds (left) compared with NANPDB antidia-
betic indicated compounds (right) which are listed in table 3.17 Figure: 11/11






Appendix D

SeMPI

D.1 SeMPI results of DM compounds



StDB
ID

StDB
compound
name

StDB
organism

MIBiG
accession

MIBiG
organism

SeMPI1
result

5208

CHEMBL1268

Streptomyces
hygroscopicus
UC 11099

BGC0000994

Streptomyces
hygroscopicus
subsp.
Ascomyceticus

Too many NRPS signatures

BGC0000067

Streptomyces
hygroscopicus
subsp.
Duamyceticus

Predicted

BGC0000699

Streptomyces
hygroscopicus
subsp.
Hygroscopicus

No signature of modular KS

BGC0000722

Streptomyces
hygroscopicus
subsp.
Jinggangensis

No signature of modular KS

BGC0000701

Streptomyces
hygroscopicus
subsp.
Yingchengensis

No signature of modular KS

778

acarbose

Streptomyces

glaucescens GLA.O

BGC0000275

BGC0000690

Streptomyces
glaucescens

No signature of modular KS

No signature of modular KS

Table D.1 SeMPI results of DM compounds of StreptomeDB 2.0 [22] 2/4
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StDB

StDB StDB MIBiG MIBiG SeMPI
compound . . .
ID organism accession organism result
name
StrepionTvees BGC0001168 | Streptomyces | Unfortunatly no gene cluster could be found
778 acarbose rrepromy lividans 1326 | in the file you submitted. Pleace control your
lividans 66 . . .
input file for possible flaws and check if there
are clusters present.
BGC0001283 No signature of modular KS
Strept
BGC0000596 Frepromyces Unfortunatly no gene cluster could be found
lividans TK24 | . .
in the file you submitted. Pleace control your
input file for possible flaws and check if there
are clusters present.
Streptomyces
3310 | Trestatin B | dimorphogenes | Does not exist
NR 320-OM7HB
Streptomyces
3311 | Trestatin A | dimorphogenes | Does not exist
NR 320-OM7HB
Streptomyces
3769 | Trestatin C | dimorphogenes | Does not exist

NR 320-OM7HB

Table D.2 SeMPI results of DM compounds of StreptomeDB 2.0 [22] 3/4
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StDB StDB StDB MIBiG MIBiG SeMPI
compound . . .
ID organism accession organism result
name
Streptomyces
4506 | acarviostatin 103 | coelicoflavus Streptomyces | Unfortunatly no gene cluster could be found
var. nankaiensis | BGC0000804 | coelicoflavus | in the file you submitted. Pleace control your
ZG0656 input file for possible flaws and check if there
are clusters present.
Streptomyces
4507 | acarviostatin I103 | coelicoflavus Unfortunatly no gene cluster could be found
var. nankaiensis in the file you submitted. Pleace control your
input file for possible flaws and check if there
are clusters present.
Streptomyces
4507 | acarviostatin I103 | coelicoflavus Unfortunatly no gene cluster could be found
ZG0656 in the file you submitted. Pleace control your
input file for possible flaws and check if there
are clusters present.
9258 | isovalertatin M23 Strep ”’T”y ces Does not exist
luteogriseus
5079 | Aspartocin Streptomyces Does not exist

Table D.3 SeMPI results of DM compounds of StreptomeDB 2.0 [22] 4/4
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Appendix E

FragPred

E.1 NANPDB DM compound results from FragPred



NANPDB Compound Tanimoto . Predicted target where Diabetic
ID name between2 | p-value Organism fragment is enriched target
fragments (Y/N)
1800 lalpha- 0.36 | 2.17E-04 | Homo sapiens Mu opioid receptor Y [275]
acetoxy-3beta-
hydroxyeudesm-
3-en-
6beta,11betaH-
12,6-olide
9959 euphornin D 1.00 | 1.29E-87 | Rattus norvegicus | Squalene monooxygenase N
euphornin D 0.55 | 4.66E-04 | Rattus norvegicus | Squalene monooxygenase N
euphornin G 1.00 | 1.29E-87 | Rattus norvegicus | Squalene monooxygenase N
9962 euphornin G 0.58 1.49E-15 | Homo sapiens Protein kinase C (PKC) Y [276]
euphornin G 0.64 | 8.42E-05 | Homo sapiens Induced myeloid leukemia cell N
differentiation protein Mcl-1
euphornin G 1.00 | 8.68E-04 | Rattusnorvegicus | Squalene monooxygenase N
euphorhelin 1.00 | 2.39E-123 | Homo sapiens Sodium/glucose cotransporter | Y [260]
2316 2
euphorhelin 1.00 | 1.29E-87 | Rattus norvegicus | Squalene monooxygenase N
euphorhelin 0.59 1.49E-15 | Homo sapiens Protein kinase C (PKC) Y [276]
euphorhelin 0.64 | 8.42E-05 | Homo sapiens Induced myeloid leukemia cell N

differentiation protein Mcl-1
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NANPDB Compound Tanimoto . Predicted target where Diabetic
between 2 | p-value Organism . . target
ID name fragment is enriched
fragments (Y/N)
cocciferin T2 1.00 | 1.29E-87 | Rattus norvegicus | Squalene monooxygenase N
cocciferin T2 1.00 | 1.29E-87 | Rattus norvegicus | Squalene monooxygenase N
cocciferin T2 0.47 | 1.49E-15 | Homo sapiens Protein kinase C (PKC) Y [276]
2562 cocciferin T2 0.87 | 1.49E-15 | Homo sapiens Protein kinase C (PKC) Y [276]
cocciferin T2 1.00 | 5.35E-05 | Homo sapiens Alpha-(1,3)-fucosyltransferase 7 | Y [277]
cocciferin T2 0.64 | 8.42E-05 | Homo sapiens Induced myeloid leukemia cell N
differentiation protein Mcl-1
cocciferin T2 1.00 | 8.68E-04 | Rattus norvegicus | Squalene monooxygenase N
3760 3-(3’-methoxy 1.00 | 1.11E-56 | Rattus norvegicus | Serotonin 3 (5-HT3) receptor N
tropoyloxy) 0.64 | 4.50E-06 | Homo sapiens Glutaminase kidney isofor mito- N
tropane chondrial
3765 littorine 1.00 | 6.18E-75 | Homo sapiens Renin Y [278]
littorine 1.00 | 1.11E-56 | Rattus norvegicus | Serotonin 3 (5-HT3) receptor N
3949 Sesterstatin 7 0.34 | 2.80E-05 | Homo sapiens Protein-tyrosine phosphatase | Y [279]
1B
16-epi-
3950 scalarol 0.39 | 2.80E-05 | Homo sapiens Protein-tyrosine phosphatase | Y [279]
butenolide 1B
3,21- 1.00 | 7.49E-70 | Homo sapiens Lysophosphatidic acid receptor N
5158 dipalmitoyloxy- Edg-7
16beta,21alpha- 1.00 | 7.49E-70 | Homo sapiens Lysophosphatidic acid receptor N
dihydroxy-beta- Edg-7
amyrine 0.65 | 1.04E-05 | Homo sapiens CD81 antigen —

Table E.2 Target prediction of NANPDB DM compounds(Table 3.15) 2/2
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