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ABSTRACT 

Natural product compounds databases – analysis of their diversity and 

applicability for virtual screening 

Natural products are molecules, usually secondary metabolites, found in nature and are 

produced by living organisms. They have been used for medicinal purposes for millennia and 

are an essential part of the pharmaceutical industry. The importance of NPs in drug discovery 

is on the rise after a period of relative decline. NPs provide diversity and biological activities 

unmatched by synthetic compounds. While virtual screening methods are continuously gaining 

prominence in the drug discovery process, there is a need for NP databases offering high quality 

and diverse datasets. Currently, there are many resources available that can be implemented in 

a VS of NPs but not much has been done in order to compare and analyze them. 

The purpose of this project was to gather compounds from as many NP and metabolite 

databases as possible, standardize them, analyze and evaluate their diversity by calculating 

physicochemical descriptors and performing ADMET predictions. Additionally, the purpose 

was to perform VS on two well characterized protein targets: the acetylcholinesterase enzyme 

and the NMDA receptor (GLUN1 and GLUN2B subunits), in order to evaluate the applicability 

of the databases for virtual screening under practical conditions. 

The results show that there are many open source NP databases available for download online 

from all over the world. They have diverse physicochemical properties compared with synthetic 

compounds and generally favourable ADMET predictions. The VS was validated by known 

inhibitors of the protein targets. The NP databases had a considerable amount of potential hits 

in the VS of both protein targets making them applicable for VS. 
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ÁGRIP 

Náttúruefnagagnagrunnar – greining á fjölbreytileika og notagildi við 

tölvuhermiskimun 

Náttúruefni eru sameindir, oftast annars stigs efni, sem finnast víða í náttúrunni og eru 

framleidd af lífverum. Þau hafa verið notuð í læknisfræðilegum tilgangi í árþúsundir og gegna 

mikilvægu hlutverki í lyfjaiðnaði. Áhuga á náttúruefnum í tengslum við uppgötvun og þróun 

nýrra lyfjaefna dalaði um nokkurt skeið en er nú aftur að aukast. Náttúruefni bjóða upp á 

fjölbreytileika og lífvirkni langt umfram tilbúin efni. Þar sem vægi tölvuhermuskimunar er 

stöðugt að aukast í lyfjaþróun er þörf fyrir náttúruefnagagnagrunna sem innihalda fjölbreyttar 

efnabyggingar í háum gæðum. Það eru margs konar úrræði í boði sem nýta má við 

tölvuhermiskimun náttúruefna en lítið hefur verið gert til að greina þau eða bera saman. 

Tilgangur þessa verkefnis var að safna saman efnum frá eins mörgum 

náttúruefnagagnagrunnum og hægt var, staðla þau, greina og meta fjölbreytileika með því að 

reikna eðlisefnafræðilega eiginleika og spá fyrir um lyfjahvarfafræðilega þætti. Að auki var 

markmiðið að framkvæma tölvuhermiskimun á tveimur vel skilgreindum prótein skotmörkum: 

asetýlkólínesterasa ensími og NMDA viðtaka (GLUN1 and GLUN2B undireiningar), til að 

meta notagildi gagnagrunnanna við tölvuhermiskimun. 

Niðurstöðurnar sýna að það eru margir aðgengilegir náttúruefnagagnagrunnar alls staðar að úr 

heiminum sem hægt er að hlaða niður á veraldarvefnum. Þeir hafa fjölbreytta eðlisefnafræðilega 

eiginleika í samanburði við tilbúin efni og eru að miklu leyti hagstæðir með tilliti til 

lyfjahvarfafræðilegra þátta. Réttmæti tölvuhermiskimunarinnar var staðfest af nokkrum 

þekktum hindrum prótein skotmarkanna.  Náttúruefnagagnagrunnarnir gáfu góða raun við 

tölvuhermiskimun beggja próteinanna sem staðfestir notagildi þeirra. 
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ABBREVIATIONS 

 

ADMET  Absorption, distribution, metabolism, excretion and toxicology 

CNS   Central nervous system 

EF   Enrichment factor 

Estate   Electrotopological state 

HBA   Hydrogen bond acceptor 

HBD   Hydrogen bond donor 

HTS   High throughput screening 

HTVS   Glide high throughput virtual screening 

MW   Molecular weight 

NME   New molecular entity 

NRB   Number of rotatable bonds 

NP   Natural product 

PAINS   Pan assay interference compounds 

PSA   Polar surface area 

RC   Ring count 

RM   Molar refractivity 

SP   Glide standard precision 

REOS   Rapid elimination of swill 

VS   Virtual screening 

XP   Glide extra precision 
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1. INTRODUCTION 

 

1.1  Natural products 

Natural products (NPs) are chemicals that can be found in nature and are produced by living 

organisms (Harvey, Edrada-Ebel and Quinn, 2015). The term NP is often used synonymously 

with secondary metabolites and thus excludes primary metabolites that are directly involved in 

the development, growth and reproduction of an organism. This means that they are not vital to 

the survival of the organism but rather play a role which gives them a certain advantage, such 

as a defense mechanism. Unlike primary metabolites, which are central to and involved in 

metabolic pathways shared between large groups of organisms (e.g. bacteria, mammals), 

secondary metabolites are much more restricted in occurrence. A particular compound may 

only be found in one species or a genus in a rather low concentration and perhaps only in a 

particular organ, tissue, cell type or even subcellular compartment (Jenke-Kodama, Muller & 

Dittmann, 2008; Krause and Tobin, 2013).  

NPs have been used for medicinal purposes for millennia with some of the oldest references 

dating back to over a thousand years B.C. Morphine was the first NP to be obtained as a pure 

compound. It was isolated from the opium poppy (Papaver somniferum) in 1804 and was 

approved as a new molecular entity (NME) 23 years later (Patridge, Gareiss, Kinch and Hoyer, 

2016). Since the discovery of penicillin and other breakthrough drugs from microorganisms, 

NPs have been a source of many NMEs especially in the categories of antibacterial agents and 

anticancer drugs (David, Wolfender and Dias 2015; Harvey et al., 2015). High-throughput 

screening (HTS) methods in drug discovery shifted the focus away from NPs towards synthetic 

drugs in the 1980s (Roggo et al., 2007). In HTS a large library of synthetic small molecules is 

screened in a relatively short amount of time. The compounds in these libraries are usually 

much simpler than most NPs which were therefore considered incompatible with this highly 

efficient screening method and largely dismissed (Shen 2015; Harvey et al., 2015). Another 

issue with NPs is that they are often only available in minute quantities and in complex extracts 

that need further purification (Harvey et al., 2015). Despite this, NPs play a significant role in 

the pharmaceutical industry and a large part of approved drugs are NPs or their derivatives 

(David, Wolfender and Dias, 2015). They represent about a quarter of all NMEs approved by 
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the FDA and about 77% of new antibacterial agents (Patridge et al., 2016). In the years 1981-

2014 a third af all NMEs approved by the FDA were NPs or their derivatives as can be seen in 

Figure 1 (Newman and Cragg, 2016). Importantly, it is estimated that over 95% of the world’s 

biodiversity has yet to be investigated with regard to biological activity (David, Wolfender and 

Dias, 2015). The diversity continues to expand with a lot of recent focus and interest on NPs 

from the deep seas (Lachance, Wetzel, Kumar and Waldmann, 2012). While HTS methods have 

not lived up to expectations and with fewer NMEs being approved every year there is renewed 

interest in NPs in the pharmaceutical industry (Harvey et al., 2015; Shen, 2015). There has been 

a noticeable shift away from large combinatorial libraries in drug discovery towards smaller 

focused collections (100-3000 plus compounds) that resemble NPs structurally or in other 

characteristics (Newman and Cragg, 2016). It is clear that the diversity of a screening library is 

more important than its size and that a small diverse library can provide the same or more 

amount of hits as a larger monotonous one (Harvey et. al., 2015; Stratton, Newman and Tan, 

2015; Shen, 2015). 

 

 

 

Figure 1. All new approved drugs by the FDA in 1981-2014 by categories (n=1562). V = 

Vaccine, B = Biological macromolecule, N = Unaltered NPs, NB = Botanical drugs, ND 

= NP derivatives, S = Synthetic drugs, S/NM = Synthetic drugs which mimic NPs, S* = 

Synethetic drugs with NP pharmacophore, S*/NM = Synethtic drugs with NP 

pharmacophore which mimic NPs  (Newman and Cragg, 2016, p. 631). 
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1.1.1 Properties and chemical diversity of natural products 

One of the most striking features of NPs compared with synthetic compounds is their structural 

diversity (Chen, Li, Yao and Xu, 2015). NPs occupy a much wider part of biologically relevant 

chemical space than synthetic compounds (Rosén, Gottfries, Muresan, Backlund and Oprea, 

2009). It is therefore desirable to design small molecule librariers based on structures of NPs, 

which are also usually much more complex than synthetic compounds (Lachance et al., 2012). 

In order to expand the chemical space occupied by synthetic compounds attempts have been 

made to synthesize more complex structures similar to those of NPs (NP inspired). In spite of 

these efforts 83% of core ring scaffolds present in NPs are missing from commercially available 

molecules and screening libraries (Hert, Irwin, Laggner, Keiser and Shoichet, 2009). 

A characteristic feature of NPs is that they tend to have a higher MW on average than synthetic 

compounds, and thereby often violate one of Lipinski’s rule of five, see Figure 2A (Feher and 

Figure 2. (A) Molecular weight, (B) number of rotatable bonds, (C) the calculated octanol-

water partition coefficient and (D) number of chiral centers among NPs, compounds from 

combinatorial synthesis and drug molecules (Feher and Schmidt, 2003, p. 221-222). 
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Schmidt, 2003; Henkel, Brunne, Muller and Reichel, 1999; Stratton et al., 2015). Lipinski’s 

rule of five states that in order to be a good oral drug candidate a molecule should have: 

➢ Molecular weight (MW) ≤ 500 Da  

➢ ≤ 10 Hydrogen bond donors (HBD) 

➢ ≤ 5 Hydrogen bond acceptors (HBA) 

➢ ≤ 5 logP  

This does not in any way predict whether a compound is pharmacologically active or not 

(Lipinski, Lombardo, Dominy and Feeney, 1997; Mignani et al., 2018). The number of HBD 

and HBA (along with other properties) correlate with the size of the molecule, thus NPs often 

have more HBD and HBA than synthetic compounds (Stratton et al., 2015). 

NPs show a wide range in flexibility from very rigid to extremely flexible compounds (Rosén 

et al., 2009). The number of rings per compound is generally higher among NPs than synthetic 

compounds. If a structure contains many rings it tends to be more rigid (Henkel et al., 1999; 

Feher and Schmidt, 2003; Rosén et al., 2009). Another measure of rigidity is the number of 

rotatable bonds. NPs usually have a higher number rotatable bonds than synthetic compounds 

owing to their higher average MW (Bade, Chan and Reynisson, 2010; Henkel et al., 1999). 

Feher and Schmidt (2003) however found that NPs have fewer rotatable bonds than 

combinatorial compounds and drugs (see Figure 2B). This is likely caused by differences in the 

datasets used. There are many types of NPs and each class has different properties (Bade et al., 

2010). 

Lipophilicity and polarity appear to be similar between the two datasets (NPs and synthetic 

compounds) compared by Rosén et al. (2009). Feher and Schmidt (2003) however found that 

combinatorial compounds tend to be more lipophilic compared with NPs and drugs (see figure 

2C). Bade et al. (2010) reported that NPs have a lower logP than synthetic drugs. 

NPs often have great steric complexity. The average number of chiral centers is larger in NPs 

compared with synthetic compounds which is not surprising since combinatorial synthesis often 

involves removal of chiral centers due to difficulties and high expenses in separating 

stereoisomers (Feher and Schmidt, 2003; Henkel et al., 1999; Bade et al., 2010). However, 

increased steric complexity has been associated with improved selectivity of ligand binding 

(Stratton et al., 2015). Drugs fall somewhere in between the two datasets with regard to chiral 

centers as can be seen in Figure 2D (Feher and Schmidt, 2003).  
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NPs usually have fewer nitrogen, sulphur and halogen atoms but more oxygen atoms than 

synthetic compounds and this may be related to the lower lipophilicity of NPs compared with 

synthetic compounds (Henkel et al., 1999; Feher and Schmidt, 2003).  

While sometimes lacking in certain drug-like characteristics NPs in general have favourable 

ADMET (absorption, distribution, metabolism, excretion and toxicology) properties, making 

them suitable for drug development (Quinn et al., 2008). 

 

1.2  Drug discovery and development 

Drug discovery and development is a complex and very expensive process that can take 12-15 

years (Hughes et al., 2011). The initial drive behind discovering a new drug is a clinical need 

due to a disease or a condition, the mechanism of which can be known or unknown. 

Identification of a lead compound is one of the first steps in the drug discovery process (Lionta, 

Spyrou, Vassilatis and Cournia, 2014). This can be done by different methods of screening 

compounds in order to identify positive hits. Once a hit has been found it can be used as a 

starting point for hit-to-lead optimization of the compound (Tanrikulu, Kruger and Proschak, 

2013).  

An important part of drug development is identification of the drug target. Lack of activity is 

one of the two main reasons drugs fail in the clinical phases of drug development, the other one 

being lack of safety (Hughes et al., 2011). Screening methods therefore aim towards finding 

hits that act up on the desired target. The two main screening methods used today are high-

throughput screening and virtual screening (VS).  

 

1.2.1 High throughput screening 

HTS was established in the 1980s and it involves systematic testing of large chemical libraries 

against a target in a comparably short amount of time (Tanrikulu et al., 2013). It can also be 

used in cell-based assays. In HTS there are two main approaches, target-based and phenotypic 

screening. In target-based screening the target protein is known. It can for example be a receptor 

(often a G-protein coupled receptor) or an enzyme (Hughe et al., 2011s). In phenotypic 

screening the target protein is unknown and potential drugs are tested against a phenotypes 

(observable characteristics) of an organism by introducing them to cells or animals (Swinney, 

2013). This method was used before target-based screening was introduced. Nowadays it is 

becoming more popular again as the trend towards more functional assays continues (Harvey 

et al., 2015). In phenotypic screening bioavailability is important very early on as the cell or 
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organism won’t show a response unless the chemical has some bioavailability. In this regard 

natural products are more suited for this kind of screening as they are natural metabolites and 

generally have higher bioavailability (Harvey et al., 2015; Hert et al., 2009).  

The typical libraries used for HTS are made using combinatorial synthesis where hundreds and 

even thousands of compounds can be synthesized from a just a few chemical scaffolds 

(Kennedy et al., 2008). These combinatorial techniques were believed to have the potential to 

provide all new leads needed in drug discovery, but have ultimately failed to do so (Macarron 

et al., 2011; Harvey et al., 2015). Typically these compound libraries only cover a small fraction 

of chemical space and tend to oversample certain areas while leaving out others (Rosén et al., 

2009). It has been shown that library size is less important than having a biologically relevant 

diverse set of compounds (Harvey et al., 2015). By integrating some of the properties of NPs 

combinatorial libraries can be made more biologically relevant and successful (Boldi, 2004). It 

was generally considered that natural products were incompatable with HTS methods but by 

applying pre-fractioning methods to NP extracts they can be made more suitable for HTS 

(Harvey et al., 2015).  

 

1.2.2 Virtual screening 

A major flaw of HTS is the incredibly high cost. In search of less expensive methods VS was 

developed around 1990 (Tanrikulu et al., 2013). By using VS the number of compounds tested 

biologically may be reduced, screening time descreased and costs lowered (Koehn and Carter, 

2005). Instead of completely substituting for HTS, these two methods can be used 

complementary, using advantages of each one (Tanrikulu et al., 2013). VS of large compound 

databases against a valid drug target can be used to select a few hits to be screened by biological 

assays, filtering out compounds that don’t show binding in silico (Ntie-Kang et al., 2013a; Ma, 

Chan and Leung, 2011). The popularity of VS is increasing and there is an increasing number 

of reports about successful applications of VS (Ripphausen, Nisius, Peltason, and Bajorath, 

2010). There are two main approaches to VS. The first is structure-based where docking of 

potential ligands into the target protein in 3D is performed. Docking is followed by application 

of a scoring function that estimates the free energy of binding between the protein and ligand. 

In other words, it provides an estimate of how high the affinity is (Lionta et al., 2014). Usually, 

the higher the affinity the better. This method requires 3D information of the protein target in 

atomic resolution and is therefore quite complex and demanding of computational power. 
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However it has the potential to find new lead structures with new methods of binding (Ma et 

al., 2011). 

The other method is ligand based and is used when the 3D structure of the target protein is 

unknown. It can be further classified into pharmacophore mapping, similarity based, and 

quantitative-structure activity relationship (QSAR)-based methods (Preeja, Palivela, Soman, & 

Kharkar, 2015). These methods can be based on the 2D or 3D structure of other known ligands. 

The similarities can be measured by descriptors such as HBDs, HBAs, polar surface area etc. 

In pharmacophore mapping potential ligands can be compared to a model of the pharmacophore 

in order to predict the likeliness of binding. Pharmacophore models are constructed by 

analyzing the structure-activity relationship (SAR) and plotting common structural 

characteristics of active analogs (Khedkar, Alpeshkumar, Coutinho and Srivastava, 2007). One 

must keep in mind that even if predictions are good it does not guarantee that the ligand will be 

active in vitro (Danishuddin and Khan, 2016).  

One issue in VS is conformational flexibility of ligands in a database. The number of 

conformations can be very high even if there are only a few rotatable bonds. Storing the 

information for each conformation is not practical and a better option is to use a hybrid approach 

(Khedkar et al., 2007). Another issue is a lack of common standards in method evaluation and 

comparison. Reproducing calculations, evaluating newly introduced methods and comparing 

different approaches can therefore be problematic in VS (Ripphausen et al., 2010). 

 

1.2.3 Chemical space 

Chemical space encompasses all possible molecules and is infinitely large, exceeding 1060  

compounds (Rosén et al., 2009). Searching for drug-leads within the chemical space as a whole 

would be a difficult and too unfocused task. The fraction of chemical space drug developers are 

interested in is the biologically relevant chemical space and even more specifically, drug-like 

chemical space.  

Compounds that are biologically active fall under biologically relevant chemical space (Rosén 

et. al., 2009). An advantage of natural products is that they automatically fall under biologically 

relevant chemical space since they have a bioactive role in their organism of origin and have 

evolved with through the ages (David et al., 2015).  
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Drug-like chemical space 

occupies a part of the 

biologically relevant 

chemical space that 

includes compounds with 

drug-like qualities. 

Certain criteria have been 

developed that describe 

such compounds, most 

commonly Lipinski’s 

rule of five (Bade et. al., 

2010). Synthetic 

compounds occupy a 

different and less diffuse 

part of chemical space 

compared with NPs as can be seen in Figure 3 which shows the results of a principal component 

analysis (PCA) in 3D (Wetzel, Schuffenhauer, Roggo, Ertl and Waldmann, 2007). 

 

1.2.4 Challenges in natural product drug discovery and development 

There are certain challenges in drug discovery and development of natural products such as 

purification and characterization (Stratton et al., 2015; Harvey et al., 2015). NP libraries often 

contain extracts or only partially purified fractions making them uncompatable with HTS. 

These types of mixtures are complex and it can be difficult to determine which compound is 

responsible for a certain biological activity or if synergy is at work (Harvey et al., 2015). 

Isolation of the active compound can be a daunting task but some pre-fractionation strategies 

have been shown to provide higher hit rates than the crude extract (Elridge et al., 2002; 

Appleton, Buss and Butler, 2007). Complete isolation of each compound may therefore not be 

necessary for preliminary screening. 

A typical limitation of natural product drug leads is low solubility which can limit absorption 

causing low bioavailability for enteral formulations (Chen et al., 2015). Chemical instability is 

another issue which can be problematic for parenteral formulations (von 

Nussbaum, Brands, Hinzen, Weigand and  Hbich, 2006). As mentioned earlier NPs are often 

complex and therefore large structures with a high MW. This can be a violation of one of 

Figure 3. Chemical space occupied by NPs (green), synthetic 

compounds (orange) and drugs (blue) which fall somewhere in 

between (Wetzel et al., 2007, p. 357). 
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Lipinski’s rules that a drug lead should have a MW < 500 Da. If the MW is too high absorption 

from the gut is limited or impossible, making oral formulations difficult. Synthesis of such 

structures is challenging as well and simplification may be necessary. However, the amount of 

compound needed is sometimes not available for further development (Lachance et al., 2012). 

One way to solve some of these problems is to design a prodrug with increased solubility, 

metabolic stability etc. An example is the prodrug Temsirolimus which is an antineoplastic 

agent. It is a prodrug of Rapamycin (a macrolide) which has poor water solubility and is 

unstable (Boni, Hug, Leister and Sonnichsen, 2009; Rini, Kar and Kirkpatrick, 2007). Another 

issue worth mentioning is intellectual property rights which are often unclear when it comes to 

NPs, especially unmodified ones (Chen et al., 2015). 

 

1.3  Chemical descriptors 

Certain criteria have been defined for drug-likeness. It is an essential step in drug development 

to minimize the amount of failed drug leads and unnecessary cost and time expenditure. 

Descriptors are used to define the molecular structure of a compound in numerical form. These 

descriptors can subsequently be used for QSAR analysis (Danishuddin and Khan, 2016). There 

are many different descriptors available and it is necessary to choose them carefully in order to 

avoid redundancy, noise and irrelevant information for the task at hand. There are no set rules 

regarding selection of descriptors for QSAR analysis and it must be evaluated especially for 

each case (Shahlaei, 2013). Descriptors may be roughly divided into four categories: molecular 

(topological and constitutional), geometric, thermodynamic and electronic (Danishuddin and 

Khan, 2016; Bade et al., 2010). Molecular descriptors describe 2D characteristics such as MW, 

logP value, number of rotatable bonds and chiral centers (Bade et al., 2010). Another word to 

describe these is physicochemical descriptors. Geometric descriptors include 3D information 

regarding size, shape and atom distribution. They generally provide a lot of information about 

a compound but also have some disadvantages. Namely, they require a lot of computational 

power to calculate geometric optimization and are therefore not practical for very flexible 

molecules with many conformations (Danishuddin and Khan, 2016). Some descriptors may 

belong to more than one of these categories. For example, the descriptor electrotopological state 

(Estate) may be classified as a molecular descriptor as well as an electronic and topological 

one. It describes the electronic environment of a molecule, which affects its activity (Roy and 

Mitra, 2012).  

Many of these descriptors correlate strongly with one another. For instance, MW correlates 

with heavy atom count, HBA, HBD, number of chiral centers and rotatable bonds. The high 
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average MW of many NP datasets could therefore be the reason for the higher average of these 

other descriptors (Stratton et al., 2015). In order to estimate ADMET profiling of compounds 

relevant properties and descriptors may be obtained from the 3D structures in programs such 

as the QikProp program from Schrödinger (2017b). These include the predicted blood-brain 

partitioning, skin permeability, HERG K+ channel blockage and number of likely metabolic 

reactions (Schrödinger, 2017b). An important descriptor is the solubility of the compound, 

represented as logS (where S is the concentration in mol/L). If a drug is not soluble enough in 

water it will not be absorbed into the bloodstream from the gastrointestinal tract readily enough 

and will have little or no effect. At the same time, too hydrophilic molecules will have trouble 

passing through biological membranes without the help of active transport (Jorgensen and 

Duffy, 2002). Performing these ADMET predictions in silico may lower cost and time 

consumption in the early stages of drug discovery (Ntie-Kang, 2013). The majority of screening 

libraries based on synthetic compounds are composed of compounds that have favourable 

properties with regard to ADME and toxicity characteristics (Hert et al., 2009).  

 

1.3.1 Filters 

Molecular descriptors help select compounds that are drug-like and are therefore desirable for 

drug development. Based on these and other descriptors, filters have been developed to 

eliminate compounds that fall outside the drug-likeness space and lower the amount of 

compounds for screening. The most common of these is Lipinski’s rule (Mignani et al., 2018; 

Tian et al., 2015). As already stated according to Lipinski’s rule has the following criteria: MW 

≤ 500 Da, logP ≤ 5, HBA, ≤ 10 and HBD ≤ 5. Another property is often added to this rule, 

number of rotatable bonds (NRB), which should be ≤ 10 (Mignani et al., 2018). The majority 

of drug compounds have NRB between five and ten (Bade et al., 2010). An even more stringent 

version of Lipinski’s rule is the rule of 3.5 (150 ≤ MW ≤ 350, logP ≤ 4, HBA ≤ 6 and HBD ≤ 

4) which may be used to predict lead-likeness (Ntie-Kang et al., 2014c). Polar surface area 

(PSA) is also considered a good indicator of oral drug absorption and should be less than 140 

Å2 (Stratton et al., 2015). PSA is also correlated with absorption through other membranes, 

such as the blood-brain barrier. The higher the PSA the less brain penetration (Kelder, 

Grootenhuis, Bayada, Delbressine and Ploemen, 1999).  

The limitations of these filters must be kept in mind as they only apply to molecules absorbed 

with a passive mechanism and don’t usually cover drugs that are derived from large compounds 
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such as peptides and macrocycles. Also, even if compounds adhere completely to Lipinski’s 

rule it does not mean they will necessarily make good drugs (Keller, Pichota and Yin, 2006). 

Filters are also frequently used to eliminate compounds that contain molecular moieties that are 

thought to be problematic (Bade et al., 2010). The Rapid elimination of swill (REOS) filter 

eliminates compounds that contain problematic functional groups. These may cause assay 

interference, lead to false positives due to reactivity or have poor ADME and toxicity 

properties. Weeding out these compounds is important to save both time and money (Walters, 

Stahl and Murcko, 1998). Another commonly used filter is the Pan assay interference 

compounds (PAINS) filter which consists of substructures that are associated with “frequent 

hitters” or false positives and are often missed by more general filters such as REOS (Baell and 

Holloway, 2010). However, there have been reports that the PAINS filters are too restrictive 

and some may even be inappropriate (Baell and Holloway, 2010; Jasial, Hu and Bajorath, 

2017). The use of these filters must therefore be evaluated carefully in each case. 

 

1.4  Databases of natural products 

In order to be able to use VS of compounds there need to be compound databases available 

(Ntie-Kang et al., 2013a). The lack of such databases can be one of the most critical barriers to 

VS (Irwin and Shoichet, 2005). In the past years many new databases of natural product 

compounds have been developed and published including CamMedNP, ConMedNP, 

SANCDB, TCMID and the SuperNatural database (Ntie-Kang et al., 2013a and 2014c; 

Fullbeck, Michalsky, Dunkel and Preissner, 2006; Hatherley et al., 2015; Xue et al., 2013). 

These databases originate from different continents and are as unlike as they are many. They 

differ in size, quality, amount of information and chemical space representation. A review paper 

from 2017 compared 25 virtual NP databases and found the structural overlap between them to 

be rather large (Chen, de Bruyn Kops and Kirchmair, 2017). It is very important that an NP 

database contains a diverse and unique set of compounds in order to cover a larger space of 

biological activity as well as avoiding repetitiveness, thus saving time and money (Ntie-Kang 

et al., 2014c
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2. OBJECTIVES 

 

The importance of NPs in drug discovery is on the rise after a period of relative decline. NPs 

provide diversity and biological activities unmatched by synthetic compounds. While virtual 

screening methods are continuously gaining importance in the drug discovery process, there is 

a need for NP databases with high quality and diverse datasets. There are currently many 

resources available for VS of NPs but not much has been done in order to compare and analyze 

them. 

The primary aim of this project was to gather compounds from various NP and metabolite 

databases, standardize, analyze and evaluate their diversity by calculating physicochemical 

descriptors and performing ADMET predictions. 

Secondly, the aim was to perform VS on two well characterized protein targets: 

acetylcholinesterase enzyme and NMDA receptor, in order to evaluate the applicability of the 

databases for virtual screening. 
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3. MATERIALS, INSTRUMENTS AND METHODS 

 

3.1 Data collection and preparation 

The NP compounds were downloaded from each of the 52 databases’ websites (see overview 

Table 1). Three control databases, Chembridge, Asinex and FDA approved drugs, were 

downloaded as well. The compound files were converted into SMILES format using Open 

Babel, an open source chemical toolbox (O’Boyle et al., 2011). After the conversion a duplicate 

removal was performed within each database, again using Open Babel. The prepared files from 

all the databases were subsequently imported to Canvas (version 3.3) where compounds with a 

heavy atom count of 1 or less were removed. Canvas is a chemoinformatics package providing 

applications for structural and data analysis (Schrödinger, 2018). Thereafter the compounds 

were exported in a SMILES + properties format. Compounds with errors or symbols in their 

SMILES string were removed as were compounds that were lacking unique IDs. A duplicate 

check was performed within the whole collection of compounds from all the databases in order 

to obtain numbers of unique compounds in each database. The compounds were treated with 

the Ligprep program in Maestro in order to prepare them for virtual screening and to obtain 3D 

properties (Schrödinger, 2017a). Maestro is the graphical user interface for the majority of 

Schrödinger’s programs (Schrödinger, 2017c). For practical reasons only compounds with MW 

of 700 Da or less were included in the Ligprep. Before performing virtual screening the REOS 

and PAINS filters were applied in Canvas. 

 

3.2 Data generation and analysis 

The physicochemical descriptors were obtained from the 2D structures in Canvas. A total of 

twelve properties were calculated: MW, logP, HBA, HBD, NRB, polar surface area (PSA), 

electrotopological states, molar refractivity, molecular polarizability, heavy atom count, chiral 

center count and ring count. QikProp descriptors were calculated from the 3D structures in 

Maestro running in fast mode. QikProp is a prediction program for ADMET properties 

(Schrödinger, 2017b). Plots and tables were generated to interpret the results and compare 

properties of the NP databases with the control databases. 
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3.3 Virtual screening 

Two well characterized human proteins were chosen and downloaded from the Protein Data 

Bank webpage (Berman et al., 2000). Crystal structure of recombinant human 

acetylcholinesterase in complex with Donepezil (4EY7, resolution 2,35Å) and crystal structure 

of amino terminal domains of the NMDA receptor subunit GLUN1 and GLUN2B in complex 

with EVT-101 (5EWM, resolution 2,76Å). These proteins were prepared for VS in the Maestro 

prepwizard using the OPLS3 forcefield (Schrödinger, 2017d). Solvents and water were 

removed, protonation states at pH 7,4 were assigned (hydrogens were added). Bond orders were 

assigned using the CCD database and disulfide bonds were created. Next the receptor grids 

were generated.  

The VS was performed using the virtual screening wizard in Maestro (Schrödinger, 2017e). 

The compounds were filtered according to Lipinski’s rule of five as well as a lower limit of 200 

Da for MW. The REOS and PAINS filters were applied. The ligands were docked with the 

three  docking stages: Glide high throughput VS (HTVS), then Glide standard precision (SP) 

and finally Glide extra-precision (XP) with the option “use Epik state penalties for docking” 

selected. First the HTVS (the least accurate) docking was performed with following options 

selected: Dock flexibly, perform post-docking minimization (apply strain correction terms), 

generate up to one pose per compound state. After docking 20% of the best compounds were 

kept and all states were retained. Next the SP docking was performed on the surviving 

compounds from the HTVS docking using same options as before except that after docking the 

best 10% compounds were kept and all good scoring states were retained. Finally the most 

accurate docking was performed (XP docking) with the following options selected: Dock 

flexibly, use selected constraints for each grid, generate up to one pose per compound state. 

After docking 100% of the best compounds were kept and only the best scoring states retained. 

Docking scores were strain corrected with the aid of the Strain Rescore script (OPLS3, water 

solvation model, energy offset 0 kcal/mol and default cartesian constraint settings). Thereafter 

compounds with positive docking scores as well as compounds with 4 kcal/mol strain energy 

or higher were removed from the dataset. Ligand efficiency was calculated accordingly and the 

values obtained normalized: 

𝐿𝑖𝑔𝑎𝑛𝑑 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
𝐺𝑙𝑖𝑑𝑒 𝑑𝑜𝑐𝑘𝑖𝑛𝑔 𝑠𝑐𝑜𝑟𝑒 − 𝑠𝑡𝑟𝑎𝑖𝑛 𝑝𝑒𝑛𝑎𝑙𝑡𝑦

𝑁ℎ𝑒𝑎𝑣𝑦 𝑎𝑡𝑜𝑚𝑠
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4.  RESULTS 

 

4.1  The databases 

A list of all the NP databases along with some basic information is displayed in Table 1. A total 

of 52 databases were gathered from all over the globe and of many different types. They were 

grouped into two main categories: NP databases and metabolite databases. They were further 

categorized by geographical location and type (see Table 3). Three control databases were 

downloaded as well for comparison (see Table 2): Chembridge (diverse set of synthetic 

compounds within strict drug-likeness criteria), FDA approved drugs and Asinex (NP like 

compounds). The FDA approved drugs were divided into two groups, firstly NP and NP derived 

drugs as gathered by Ásrún Karlsdóttir (2016) and secondly all other FDA approved drugs 

excluding NP and NP derived drugs. 

 

Table 1. A list of the 52 NP databases that were downloaded and standardized. Name of 

the database, type, geographical origin, source, content and a link of their website (if 

available) is provided. 

Name Type Geography Source Content Link 

AfroCancer Primary 

database 

African Literature Anticancer NPs 

from the African 

flora 

doi:10.1021/ci5003697 

 

AfroDB Primary 

database 

(Zinc) 

African Literature NPs from medicinal 

African plants 

zinc.docking.org/catalogs

/afronpdoi:10.1371/ 

journal.pone.0078085 

 

AfroMalaria

DB 

Primary 

database 

African Literature Anti-malarial 

compounds of 

African origin 

doi:10.1186/s 

13588-014-0006-x 

 

ConMedNP Primary 

database 

African Literature NPs from the 

Central African 

forest 

doi:10.1039/C3RA43754

J 

Mitishamba Primary 

database 

African Literature NPs from Kenyan 

plants 

http://mitishamba. 

uonbi.ac.ke 

NANPDB Primary 

database 

African Literature NPs from N-

African plants and 

other organisms 

http://african-

compounds.org/nanpdb/ 

p-ANAPL Primary 

database 

African In stock NPs from African 

plants 

doi:10.1371/journal.pone

.0090655 

http://pubs.acs.org/doi/abs/10.1021/ci5003697
http://pubs.rsc.org/en/Content/ArticleLanding/2014/RA/c3ra43754j#!divAbstract
http://pubs.rsc.org/en/Content/ArticleLanding/2014/RA/c3ra43754j#!divAbstract
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SANC Primary 

database 

African  Literature Plant and marine 

compounds from S. 

Africa 

https://sancdb.rubi.ru.ac.

za 

TCMcmps Primary 

database 

Chinese Literature Traditional Chinese 

Medicine (TCM) 

NPs 

http://tcm.cmu.edu.tw 

TCMID Primary 

database 

Chinese Literature TCM NPs http://www.megabionet. 

org/tcmid/ 

TCMSP Primary 

database 

Chinese Literature TCM NPs http://ibts.hkbu.edu.hk 

/LSP/tcmsp.php 

NuBBE Primary 

database 

(Zinc) 

Brazilian Literature Brazilian 

biodiversity 

compounds 

http://nubbe.iq.unesp.br/ 

portal/nubbedb.html 

UEFS Primary 

database 

(Zinc) 

Brazilian Literature Brazilian NPs http://www.uefs.br 

Biophytmol Primary 

database 

International Literature Anti-mycobacterial 

phytomolecules and 

plant extracts 

http://ab-

openlab.csir.res.in/ 

biophytmol/ 

Lycopodium Primary 

database 

International Literature Lycopodium 

alkaloids 

Unpublished 

NIH Cancer 

Institute 

Primary 

database 

International In stock NPs https://dtp.cancer.gov/org

anization/dscb/obtaining/

available_plates.htm 

Supernatural Metadatabase International Literature A large collection 

of NPs 

http://bioinf-

applied.charite.de/ 

supernatural_new/index.

php 

ZINC Metadatabase International Literature A large collection 

of NPs 

http://zinc15.docking.org 

UNPD Metadatabase International Literature A large collection 

of NPs 

https://pharmacognosy.in 

/?p=2254 

Kegg Metabolite 

database 

International Literature Metabolites from 

biological systems 

http://www.genome.jp/ 

kegg/ 

Phenol 

Explorer 

Metabolite 

database 

International Literature Polyphenols from 

foods 

http://phenol-explorer.eu 

Streptome 

DB 

Metabolite 

database 

International Literature NPs from 

Streptomyces 

http://132.230.56.4/ 

streptomedb2/ 

Biocyc - 

Bsubcyc 

Metabolite 

database 

International Literature Genome/metabolic 

pathway database 

for B. subtilis 

https://biocyc.org 

Biocyc – 

Ecocyc 

Metabolite 

database 

International Literature Genome/metabolic 

pathway database 

for E. coli 

https://biocyc.org 
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Biocyc – 

Humancyc 

Metabolite 

database 

International Literature Genome/metabolic 

pathway database 

for H. sapiens 

https://biocyc.org 

Biocyc - 

Metacyc 

Metabolite 

database 

International Literature Genome/metabolic 

pathway database 

for multiple 

organisms 

https://biocyc.org 

Carotenoid 

DB 

Metabolite 

database 

International Literature Carotenoids http://carotenoiddb.jp 

Aster NP Metabolite 

database 

(Zinc) 

International Literature Compounds from 

Asteraceae plant 

family 

http://www.asterbiochem

. 

org/asterdb 

NPACT Metabolite 

database 

(Zinc) 

International Literature NPs with anti-

cancerous activity 

http://crdd.osdd.net/ragha

va 

/npact/ 

EFI amino 

acids and 

their 

derivatives 

Metabolite 

database 

(Zinc) 

International Literature Amino acids and 

their derivatives 

 

www.enzymefunction. 

org 

EFI 

dipeptides 

and 

derivatives 

Metabolite 

database 

(Zinc) 

International Literature Dipeptides and their 

derivatives 

www.enzymefunction. 

org 

EFI gut 

metabolites 

Metabolite 

database 

(Zinc) 

International Literature Gut metabolites www.enzymefunction. 

org 

EFI sugars Metabolite 

database 

(Zinc) 

International Literature Sugars, phosphate 

sugars, acid sugars 

www.enzymefunction. 

org 

FoodDB 

(HMP) 

Metabolite 

database 

(Zinc) 

International Literature Macro- and 

micronutrients from 

food 

http://foodb.ca 

Herbal 

Ingredients 

In-vivo 

metabolism 

Metabolite 

database 

(Zinc) 

International Literature Herbal active 

ingredients from in 

vivo metabolism 

http://58.40.126.120:808

0/him/ 

Herbal 

Ingredients 

targets 

Metabolite 

database 

(Zinc) 

International Literature NP protein target 

database 

http://zinc15.docking.org

/catalogs/hitnp/ 

HMDB 

endogenous 

(HMP) 

Metabolite 

database 

(Zinc) 

International Literature Metabolites from 

the human 

metabolome 

http://www.hmdb.ca 

 

HMDB Food 

(HMP) 

Metabolite 

database 

(Zinc) 

International Literature Food metabolites of 

the human 

metabolome 

http://www.hmdb.ca 

 

HMDB 

Microbe 

(HMP) 

Metabolite 

database 

(Zinc) 

International Literature Microbial 

metabolites of the 

human metabolome 

http://www.hmdb.ca 
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HMDB Plant 

(HMP) 

Metabolite 

database 

(Zinc) 

International Literature Plant metabolites of 

the human 

metabolome 

http://www.hmdb.ca 

 

HMDB 

Toxin 

(HMP) 

Metabolite 

database 

(Zinc) 

International Literature Toxins of the 

human metabolome 

http://www.hmdb.ca 

 

Ecoli 

Metabolome 

Metabolite 

database 

(Zinc) 

International Literature Metabolites 

produced by E. coli 

www.ecmdb.ca 

Yeast 

Metabolome 

Metabolite 

database 

(Zinc) 

International Literature Metabolites 

produced by S. 

cerevisiae 

www.ymdb.ca 

Analyticon Vendor (Zinc) International In stock NP and NP like 

compounds 

https://ac-discovery.com 

Biopurify Vendor (Zinc) Chinese In stock  http://www.biopurify.co

m 

Greenpharma Vendor International In stock Pure natural 

compounds 

http://www.greenpharma. 

com 

IBScreen Vendor International In stock NP and NP derived 

compounds 

https://www.ibscreen.co

m 

Indofine Vendor (Zinc) International In stock NPs https://www.indofine 

chemical.com 

MS 

discovery 

Vendor International In stock NPs and NP 

derivatives from 

plants animals and 

microorganisms 

http://www.msdiscovery.

com 

Selleck Vendor International In stock Structurally diverse, 

bioactive and cell 

permeable NPs 

http://www.selleckchem 

.com 

Specs Vendor (Zinc) International In stock NPs and NP 

derivatives from 

various sources 

http://www.specs.net 

/snpage.php? 

snpageid=home 

Timtec Vendor (Zinc) International In stock NPs and NP 

derivatives 

http://www.timtec.net 
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Table 2. Control databases for purposes of comparing to the NP and metabolite 

databases. The name, content, number of compounds and a link to the website is 

provided. 

Name Content Number of 

compounds 

Link 

FDA approved 

NP and NP 

derived drugs 

FDA approved NP 

and NP derived 

drugs 

253 https://www.drugbank.ca 

FDA drugs minus 

NP drugs 

FDA approved 

drugs, excluding 

NP and NP 

derived drugs 

1808 https://www.drugbank.ca 

Asinex  NP like 

compounds with 

lead-like qualities 

204521 http://www.asinex.com 

Chembridge A large library of a 

diverse set of 

synthetic 

compounds within 

certain drug-

likeness criteria 

110000 http://www.chembridge.com 

 

 

Table 3. The databases by group, geographical location and type. Note that one database 

belongs to both the Asian and Vendor group.  

Database group Number of databases 

NP databases 28 

African database 8 

Asian database 4 

Brazilian database 2 

Metadatabase 3 

Vendor 9 

Other 3 

Metabolite databases 24 

Control databases 4 

Chembridge 1 

Asinex (NP like) 1 

FDA approved drugs 2 
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A total of 924244 NP compounds were downloaded originally from the databases. After 

preparation of the compound files the total amount of compounds from all the NP and 

metabolite databases was 901623. Including the four control databases the total of prepared 

compounds was 1.218.205. The number of unique NP compounds was 531744. Table 4 lists 

the number of compounds before and after duplicate removal within each database (unique 

internal) along with the number of unique compounds in each database that were not in any 

other NP or metabolite database. A total of 35 databases had less than 50% unique compounds 

while 16 databases were over 50% unique. The databases with the highest number of unique 

compounds (over 95%) were the vendors IBScreen and Analyticon. These high percentages are 

most likely explained by the fact that IBScreen contains NP derivatives and Analyticon has 

some NP like compounds. Eight metabolite databases had less than 25% unique compounds 

indicating that they contained mostly primary metabolites. 

 

Table 4. A list of all the NP and metabolite databases, the number of compounds from 

the original downloaded files, the number of compounds after preparation (duplicate 

removal within each database, removal of erraneous compounds), the number of unique 

compounds and lastly the percentage of unique compounds.  

Note: Zinc is not included in the list since all the compounds from this database are 

already contained in smaller databases in this list unlike the Supernatural database 

which did not offer this clear distinction and access to the data. 

Database Number of 

compounds 

Number of 

compounds after 

preparation 

Number of 

unique 

compounds 

Percentage 

of unique 

compounds 

IBScreen 67553 66801 65025 96.3% 

Analyticon 31568 31507 30111 95.4% 

Herbal Ingredients 

In-vivo 

663 663 561 84.6% 

UNPD 229358 223355 190155 82.9% 

TimTec 8110 7180 6327 78.0% 

StreptomeDB 3978 3963 2869 72.1% 

Lycopodium 487 486 335 68.8% 

TCMcmps 60033 54746 37234 62.0% 

NuBBe 2217 2195 1279 57.7% 

UEFS  473 473 272 57.5% 

AfroDB 954 903 525 55.0% 

Mitishamba 1160 1046 621 53.5% 
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TCMID 20264 18041 10634 52.5% 

Metacyc 13918 13803 7083 50.9% 

Specs 1601 1257 815 50.9% 

EFI sugars 298 298 149 50.0% 

Herbal Ingredients 

targets 

802 802 388 48.4% 

HMDB Toxin 415 414 199 48.0% 

BioPhytMol 632 609 297 47.0% 

p-ANAPL 539 491 251 46.6% 

CarotenoidDB 1209 1174 561 46.4% 

Aster NP 2581 2581 1186 46.0% 

Kegg 17543 15987 7834 44.7% 

FoodDB 45807 45803 20317 44.4% 

ConMedNP 3118 2631 1339 42.9% 

SANC 711 705 303 42.6% 

E.coli metabolome 1684 1682 711 42.2% 

EFI dipeptides 3527 3504 1453 41.2% 

TCMSP 13144 13105 5205 39.6% 

Supernatural 325508 325448 122804 37.7% 

HMDB Plant 353 351 126 35.7% 

MS Discovery 800 791 274 34.3% 

NANPDB 6842 4465 2277 33.3% 

Greenpharma 552 516 176 31.9% 

Indofine 3317 2067 1054 31.8% 

NPACT 1516 1515 481 31.7% 

NIH 656 421 205 31.3% 

AfroMalariaDB 265 251 80 30.2% 

AfroCancer 390 377 116 29.7% 

Biopurify 3546 3445 961 27.1% 

Yeast metabolome 1746 1746 470 26.9% 

HMDB 

Endogenous 

33554 33350 8491 25.3% 

PhenolExplorer 371 366 85 22.9% 
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EFI amino acids 286 286 47 16.4% 

HMDB Microbe 244 242 21 8.6% 

Selleck 133 131 5 3.8% 

Bsubcyc 872 842 11 1.3% 

HMDB Food 4498 4463 49 1.1% 

Humancyc 1843 1806 2 0.1% 

Ecocyc 2518 2457 0 0.0% 

EFI gut 

metabolites 

87 82 0 0.0% 

Total 924.244 901.623 531.744 - 

 

 

4.2  Physicochemical properties and Lipinski’s rule 

Twelve physicochemical properties were calculated from the 2D structures of the compounds. 

The mean values of each property for the database groups were calculated and are displayed in 

Table 5. The properties of individual databases are reported in the Appendix (Table 10). A 

comparison of the two main database groups and the four control databases for each property 

was made (see Figures 6 and 7). 

 

4.2.1 Lipinski properties 

The distribution of the Lipinski properties along with NRB and PSA is displayed in Figure 6. 

The NP database compounds were 58.3% Lipinski compliant and 77.6% compounds had < 2 

violations (see Figure 4). Less than 1% of the compounds had four violations. Just over half the 

compounds (50.3%) in the metabolite databases were Lipinski compliant. 60.6% had < 2 

violations. Interestingly, a lot more compounds had 2 violations (33.9%) than 1 violation 

(10.3%) (see Figure 5). For both database groups the most commonly violated rule was MW 

followed by logP.  

The FDA approved NP and NP derived drugs had very similar percentages as the NP databases. 

The other FDA drugs however were 79.4% compliant and almost 92% had < 2 violations. The 

Chembridge database was almost perfectly Lipinski compliant (98.3%) and no compounds had 

more than one violation. Lastly the NP like database was 84.9% compliant and 96.5% had < 2 

violations. 
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Figure 4. Lipinski violations as a percentage of the NP databases. 

 

 

Figure 5. Lipinski violations as a percentage of the metabolite databases. 
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Table 5. Mean values of the physicochemical properties: MW; logP (logarithm of the 

calculated octan-1-ol-water partition coefficient); HBA; HBD; NRB (number of rotatable 

bonds); PSA (Polar Surface Area); CC (chiral center count); RC (ring count); HAC 

(Heavy Atom Count); Estate (electrotopological state); Polar (polarizability); RM (molar 

refractivity). 

Database group MW logP HBA HBD NRB PSA 

NP database 460.54 2.95 6.27 2.66 6.47 112.95 

MetaboliteDB 495.52 6.46 5.20 1.79 18.01 103.65 

FDA approved NP and NP derived drugs 518.3 1.12 7.26 3.19 6.87 164.23 

FDA drugs minus NP drugs 365.6 2.18 3.58 1.64 6.22 95.20 

Chembridge 330.24 2.36 3.19 0.84 4.36 69.04 

Asinex (NP like) 398.3 2.32 3.92 0.94 4.80 77.12 

Database group CC RC HAC Estate Polar RM 

NP database 5.27 3.90 32.82 79.81 51.78 121.47 

MetaboliteDB 2.96 1.67 34.90 80.67 56.22 139.9 

FDA approved NP and NP derived drugs 5.90 3.95 36.25 92.91 55.64 132.30 

FDA drugs minus NP drugs 1.52 2.55 24.97 62.89 41.30 94.76 

Chembridge 0.651 3.00 23.35 53.77 40.26 90.60 

Asinex (NP like) 0.858 3.62 28.64 64.69 48.56 109.77 
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Figure 6. Comparative density plots of: (A) the molecular weight (showing 0 to 1800 Da), (B) logP 

(showing logP -14 to 30), (C) HBA (showing 0 to 40), (D) HBD (showing 0 to 25), (E) NRB (showing 0 to 

65) and (F) PSA (showing 0 to 650) for the NP and metabolite databases alongside the four control 

databases: Chembridge (synthetic compounds), Asinex (NP like compounds), FDA approved NP and NP 

derived drugs and FDA drugs minus NP and NP derived drugs. 
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Figure 7. Comparative density plots of: (A) chiral center count (showing 0 to 25), (B) RC (showing 0 

to 20), (C) heavy atom count (showing 0 to 150), (D) Estate (showing 0 to 400), (E) polarizability 

(showing 0 to 250) and (F) MR (showing 0 to 600) for the NP and metabolite databases alongside the 

four control databases: Chembridge (synthetic compounds), Asinex (NP like compounds), FDA 

approved NP and NP derived drugs and FDA drugs minus NP and NP derived drugs. 
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4.2.1.1 Molecular weight 

The MW of the NP databases was diverse with a mean value of 460.54 Da and a right skewed 

distribution ranging from 26.04 to 6045.7 Da. The majority of the compounds were < 500 Da 

while 28.3% had a MW > 500 Da. The metabolite databases in comparison had a higher mean 

value of 495.52 Da with two peaks in the distribution, a larger one around 250 Da and a smaller 

one around 900 Da, caused mostly by large fatty chain compounds. The lowest value was 26.02 

Da and the highest value was 13.334 Da. A rather large portion of the compounds had a MW > 

500 Da or 40.9%. The FDA approved NP and NP derived drugs had an even higher average of 

518.3 Da ranging from 102.1 to a maximum of 2002.2 Da. 38.7% of the compounds had MW 

> 500 Da. In contrast the other FDA drugs had a roughly gaussian shaped distribution curve 

with a mean value of 365.60 Da ranging from 28.01 to 7177.15 Da and only 12.78% had MW 

> 500 Da. The Chembridge dataset had the lowest mean MW value of 330.24 Da with a narrow 

range of 98.11 to 499.31 Da and no compounds exceeding 500 Da. Lastly the NP like 

compounds of Asinex were somewhere in the middle with a mean MW of 398.3 Da and a range 

of 100.1 to 923 Da with 11.8% compounds having MW > 500 Da. 

 
4.2.1.2 LogP 

All the database groups had a gaussian shaped distribution of atomic logP except for the 

metabolite databases which had more than one peak (see Figure 6B). The NP databases had a 

mean logP of 2.95 and 81.3% of the compounds had logP  5. The metabolite databases had a 

high mean logP of 6.46. This may be explained by some exceptionally high logP values 

observed of up to 66.7. The distribution curve has three peaks at about 2, 12 and 21. The 

compounds producing these high values are almost exclusively fatty chains. Despite this 61.7% 

of the compounds had logP  5. The NP drugs had the lowest mean logP (1.12) of all the 

database groups and a peak between 0 and 1. The range was from -9.13 to 8.53 and only 5.14% 

of the compounds had logP > 5. The other FDA drugs had a mean logP of 2.18 ranging from -

69 to 24.5. The peak in the distribution curve was approximately at the mean value and 11,1% 

of the drugs had logP >5. The Chembridge dataset had the narrowest distribution curve centered 

around the mean value of 2.36. 98.34% of the compounds had logP  5. The NP like database 

also had a narrow distribution curve, a mean value of 2.322 and 93.3% of the compounds had 

logP  5. The logP showed no correlation with any of the other 11 physicochemical properties 

and was thus an independent property. 
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4.2.1.3 Hydrogen bond acceptors 

The NP databases had a mean value of 6.27 HBA with a distribution curve peaking at around 

5 HBA before rapidly dropping with only 14.45% of the compounds having HBA > 10 (Figure 

6c). The metabolite databases had a similar looking curve but a lower average of 5.20 HBA and 

just 8.32% of the compounds exceeding 10 HBA. The NP drugs had a different looking broad 

curve without an apparent peak and the highest mean value of all the datasets at 7.26 and 22.5% 

of the compounds had HBA > 10. The other three datasets (other FDA drugs, Chembridge and 

NP like) all had much lower mean values of 3.58, 3.19 and 3.92, respectively.  

 

4.2.1.4 Hydrogen bond donors 

The HBD showed a similar pattern as the HBA (Figure 6D). The NP and metabolite databases 

had a similar looking distribution curves with mean values of 2.66 and 1.79. The majority 

(>85%) had HBA  5. The NP drugs had a broad and flat distribution curve with a mean value 

of 3.19 and 86% were  5. The other FDA drugs had a mean value of 1.64 and 96% were  5. 

The Chembridge and NP like dataset had narrow and very similar looking distribution curves 

with mean values of 0.84 and 0.94 HBD. Chembridge had no compounds > 5 while the NP like 

dataset had less than 1% > 5. 

 

4.2.2 Other physicochemical properties 

 

4.2.2.1 Rotatable bonds 

The distribution curves of all six database groups peaked around 4-5 rotatable bonds (Figure 

6E). The NRBs was more diverse among the NP and metabolite databases as well as both 

groups of FDA drugs compared with the Chembridge and NP like datasets. The NP databases 

had a mean value of 6.47 NRB and a maximum value of 193 but the majority (84.7%) of the 

compounds had  10 NRB. The metabolite database had by far the highest mean value of 18.01 

which can be explained by a small peak in the distribution centered at 50 NRB. Even so, 61.4% 

of the metabolite compounds had  10 NRB. The NP drugs had a mean of 6.87 NRB and 85% 

had  10 RB. The other FDA drugs had a lower mean of 6.22 and 87.8% had  10 RB. The 

Chembridge compounds had the lowest mean value of 4.36 and almost no compounds 

exceeding 10 RB. As often is the case the NP like dataset falls somewhere in the middle between 
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the NPs and the synthetic Chembridge compounds. It had a similar looking but slightly broader 

distribution compared to Chembridge with an average of 4.80 and 1.3% of the compounds 

exceeding 10 RB. The number of rotatable bonds did not correlate strongly with any of the 

other 11 properties but had a moderate positive correlation with a few of them, the strongest 

being molar refractivity with a correlation coefficient of 0.63.  

 

4.2.2.2 Polar surface area 

All of the database groups had a peak PSA between 50 and 100 Å2 except for the NP drugs 

which had a very broad peak centered between 100 and 200 Å2 (Figure 6F). The NP databases 

had a mean PSA of 112.95 ranging from zero to 2784 while 75.8% of the compounds had PSA 

< 140 Å2. The metabolite databases had a similar looking distribution but with a sharp peak and 

values ranging all the way to 5903 Å2. The majority (80.1%) of the compounds had PSA < 140 

Å2. The NP drugs had by far the highest mean value of 164.23 and a very broad distribution 

curve ranging from 12.47 to 972.16 with just over half (50.2%) of the compounds < 140 Å2. 

The other FDA drugs had a mean PSA value of 95.20 and 87.0% of the compounds had a value 

< 140 Å2. The NP like and synthetic (Chembridge) datasets had very similar looking, gaussian 

shaped and narrow distribution curves with mean values of 77.12 and 69.04 respectively and 

very few compounds exceeding 140 Å2. 

 

4.2.2.3 Chiral center count 

The NP databases had an average of 5.27 chiral centers ranging from 2 to 420 and a low peak 

in the distribution between 0-5 chiral centers (see Figure 7A). The metabolite databases also 

peaked between 0-5 dropping more distinctly around 5 chiral centers. They had a mean 2.96 

chiral centers ranging from 0 to 293. The NP drugs had no apparent peak in the distribution 

curve with a mean value of 5.90 ranging from 0 to 40 chiral centers. The other FDA drugs 

however had a peak centered close to 1 chiral center and a mean of 1.52 ranging from 0 to 153. 

The NP like database had a high peak between 0 and 1 chiral centers with a mean value of 0.86 

and a narrow range of 0 to 14. The Chembridge database had an even higher peak between 0 

and 1 with a mean of 0.65 chiral centers and no compound had more than 8 chiral centers. 
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4.2.2.4 Ring count 

The NP databases had a mean of 3.90 rings per compound (the approximate peak of the 

distribution curve) ranging from zero to 67 (Figure 7B). The metabolite databases had a similar 

looking distribution curve further to the left (peaking at about 2 rings) with the lowest mean 

value (1.67) of all the databases and a range from zero to 87. The NP drugs had a mean of 3.95 

rings and a rather narrow range of zero to 13. The other FDA drugs had a mean 2.55 rings 

ranging from zero to 46. The NP like database had 3.62 rings on average and a narrow range of 

zero to 8. The Chembridge database also had a narrow range of zero to 7 rings and a mean value 

of 3.00. 

 

4.2.2.5 Heavy atom count 

As expected the heavy atom count had an almost perfect correlation with the MW. The heavy 

atom count distribution curves are almost identical to the MW distribution curves (see Figures 

6A and 7C). 

 

4.2.2.6 Electrotopological state 

The Estate (electrotopological state) describes the electronic environment of a molecule (Roy 

and Mitra, 2012). The NP and metabolite databases both had averages close to 80 but different 

looking distribution curves (see Figure 7D). The NP drugs had a mean of 92.91 and a broad 

distribution curve. The other FDA drugs had a mean value of 62.89. The NP like dataset had 

an average of 64.60 while Chembridge had the lowest average of 53.77. The Estate correlated 

very highly with many of the other 11 properties and had a correlation coefficient of 0.90 or 

higher with MW, heavy atom count, PSA, polarizability, molar refractivity and HBA. 

 

4.2.2.7 Polarizability 

The polarizability describes the ability of a compound to form instantaneous dipoles (Zhou, 

Lee, Wilcox and Christensen, 2003). The NP databases had an average of 51.78  while the 

metabolite databases had a slightly higher mean of 56.22  and two separate peaks in the 

distribution at about 25 and 110  (Figure 7E). The NP drugs had a mean polarizability of 55.64 

 and the other FDA drugs had an average of 41.30 . The NP like database had a mean of 
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48.56  and the Chembridge database had a mean of 40.26 . The polarizability correlated very 

strongly with molar refractivity (0.99), MW (0.97) and the Estate (0.91). 

 

4.2.2.8 Molar refractivity 

Molar refractivity (RM) is a measure of the total polarizability of a mole of a compound and is 

therefore directly proportional to the property polarizability (Sawale, Kalyankar, George and 

Deosarkar, 2016). It is consequently not surprising that the correlation coefficient of these two 

properties was nearly perfect (0.99) (Figures 7E and 7F). 

 

4.3  ADMET prediction descriptors 

A total of 51 descriptors were obtained from the QikProp program which may be used to predict 

the ADMET properties of compounds (Schrödinger, 2017b). In order to give an overview of 

the results, nine representative properties were selected and are presented below. Only 

compounds with MW of 700 Da or less were included in these calculations. For all of the 

properties presented below, the synthetic compounds of Chembridge and NP like compounds 

of Asinex had the most favourable ADMET predictions (falling most often within the 

recommended range). The exception is the cardiac toxicity descriptor (HERG K+ channel 

blockage) where these two databases had the least favourable predictions of all. 

 

4.3.1 Oral bioavailability 

 

4.3.1.1 Solubility (logS) 

The QplogS descriptor predicts the aqueous solubility of a compound where S is the 

concentration (in mol/L) of the solute in a saturated solution that is in equilibrium with the 

crystalline solid. The recommended range for 95% of known drugs is -6.5 – 0.5 (Schrödinger, 

2017b). The NP databases had a roughly Gaussian-shaped distribution curve (see Figure 8) with 

a mean logS of -4.14 and 85.4% of the compounds within the recommended range. The 

metabolite databases had a mean logS of -3.14 and 82.0% were within the range. The NP drugs 

had the highest mean logS of -1.96 and 75.9% of them were within the recommended range. 

The small second peak observed in the distribution of the NP drugs (see Figure 8) at around 

logS 2.0 was caused by aminoglycosides such as Gentamicin and Kanamycin. The other FDA 

drugs had a mean value of -3.19 and 86.6% were within the recommended range. 
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Figure 8. Comparative density plot of the predicted aqueous solubility (logS) for the NP 

and metabolite databases alongside the four control databases: Chembridge (synthetic 

compounds), Asinex (NP like compounds), FDA approved NP and NP derived drugs and 

FDA drugs minus NP and NP derived drugs. 

 

4.3.1.2 Caco-2 cell permeability 

QPPCaco is a descriptor that predicts the apparent Caco-2 cell permeability in nm/sec. The 

Caco-2 cells are a model for the gut-blood barrier (non-active transport only). Values > 500 are 

considered great while < 25 are poor (Schrödinger, 2017b). Among the NP databases 38.6% of 

the compounds had great predicted permeability while 17.3% had poor permeability (see Figure 

9). The metabolite databases had less favourable values with 31.9% having great and 37.4% 

having poor predicted permeability. The NP drugs had even lower values with just 20.0% of 

the compounds having a great prediction while 52.4% had values < 25. The other FDA drugs 

had similar percentages to the NP databases, 39.3% were > 500 while 18.0% were < 25. 
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Figure 9. Comparative density plot of the predicted Caco-2 cell permability in nm/sec 

(showing 0 to 4500) for the NP and metabolite databases alongside the four control 

databases: Chembridge (synthetic compounds), Asinex (NP like compounds), FDA 

approved NP and NP derived drugs and FDA drugs minus NP and NP derived drugs. 

 

4.3.1.3 Human oral absorption 

The percent human oral absorption was predicted where > 80% is considered high and < 25% 

is considered poor absorption. The NP databases had a mean 75.06% predicted oral absorption 

and 58.0% of the compounds had a high predicted absorption. The mean value was lower for 

the metabolite databases or 59.33% while 42.1% of the compounds had a high predicted oral 

absorption. The NP drugs had an even lower mean of 46.04% and just 27.2% were predicted to 

have a high oral absorption. At the same time the other FDA drugs had a mean value of 74.43% 

and over half (56.3%) were predicted to have a high oral absorption. 
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4.3.2 The blood brain barrier and predicted central nervous system activity 

 

4.3.2.1 Brain-blood partition coefficient 

The QPlogBB (logarithm of predicted brain/blood partition coefficient) was calculated and the 

distribution is displayed in Figure 10. This value applies to orally delivered drugs only. The 

QPlogBB range for 95% of known drugs is -3.0 – 1.2 (Schrödinger, 2017b). The NP databases 

had a mean coefficient of -1.13 and 89.2% were within the recommended range. The metabolite 

databases had a slightly lower mean of -1.58 and 82.4% of the compounds were within the 

given range. The NP drugs had an average of -1.53 and were 84.9% within the range. The other 

FDA drugs had a mean value of -0.748 and were mostly (94.1%) within the given range. 

 

 

Figure 10. Comparative density plot of the predicted brain/blood partition coefficient 

(logBB) for the NP and metabolite databases alongside the four control databases: 

Chembridge (synthetic compounds), Asinex (NP like compounds), FDA approved NP and 

NP derived drugs and FDA drugs minus NP and NP derived drugs. 
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4.3.2.2 MDCK cell permeability 

The QPPMDCK (predicted apparent MDCK cell permeability in nm/sec) descriptor is 

considered a good mimic for the blood-brain barrier (non-active transport only). Values < 25 

are considered poor while > 500 are great (Schrödinger, 2017b). All the database groups had a 

wide range of values (high standard deviation) ranging from zero up to 10.000 nm/sec. Both 

the NP and metabolite databases had average values close to 650 nm/sec. The NP databases 

had a prediction of 27.9% with great and 22.3% with poor predicted permeability. The values 

were not as advantageous for the metabolite databases. 23.9% had a great prediction while 

42.8% had a poor prediction. The NP drugs had a much lower mean value of 289.80 nm/sec 

and just 10.2% were > 500 while more than half (54.0%) were < 25. The other FDA drugs had 

a high mean value of 905.98 nm/sec and 35.2% were predicted to have great permeability while 

21.7% had a poor prediction. See Figure 11 for distribution graphs for all the database groups. 

 

 

Figure 11. Comparative density plot of the predicted MDCK cell permeability (nm/sec, 

showing 0-4000) for the NP and metabolite databases alongside the four control 

databases: Chembridge (synthetic compounds), Asinex (NP like compounds), FDA 

approved NP and NP derived drugs and FDA drugs minus NP and NP derived drugs. 
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4.3.2.3 Central nervous system activity 

The predicted central nervous system (CNS) activity was given on a scale of -2 to +2 where -2 

is inactive and +2 active (Schrödinger, 2017b). This calculation showed that in the NP databases 

only 6.1% of the compounds could have an activity in the CNS (with a value of +2) while 

43.8% of the compounds were likely to be inactive (with a value of -2). The metabolite 

databases had the lowest percentage of predicted CNS active compounds (4.1%) while 59.1% 

were predicted to be inactive. Similarly, the NP drugs had a low predicted activity in the CNS 

of 4.9% while 60.5% were predicted inactive. The other FDA drugs had 12.4% predicted active 

compounds and 33.8% inactive. 

 

4.3.3 Metabolism 

The number of likely metabolic reactions was calculated and the recommended range was 1-8 

for 95% of known drugs (Schrödinger, 2017b). The distribution graphs are displayed in Figure 

12. The NP databases had a mean 5.41 predicted metabolic reactions and 83.6% were within 

the given range. The metabolite databases had a mean 5.20 predicted metabolic reactions and 

82.2% were within the given range. Meanwhile only 74.8% of the NP drugs were within the 

range and had a mean 6.49 metabolic reactions. The other FDA drugs were 89.9% within the 

range and had a mean value of 3.93.  
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Figure 12. Comparative density plot of the number of likely metabolic reactions for the 

NP and metabolite databases alongside the four control databases: Chembridge (synthetic 

compounds), Asinex (NP like compounds), FDA approved NP and NP derived drugs and 

FDA drugs minus NP and NP derived drugs. 

 

4.3.4 Serum albumin binding 

The predicted human serum albumin binding was expressed as the logKHSA parameter with a 

recommended range of -1.5 – 1.5 for 95% of known drugs (Schrödinger, 2017b). The NP 

databases adhered predominantly (93.5%) to this range with a mean value of 0.144 (see Figure 

13). The metabolite databases were more spread out and 85.0% were within the recommended 

range (mean = -0.257). The NP drugs and the other FDA drugs were chiefly within the range 

(90.2% and 92.7%) and had mean values of -0.459 and -0.0739, respectively. 
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Figure 13. Comparative density plot of the predicted serum albumin binding (QPlogKHSA) 

for the NP and metabolite databases alongside the four control databases: Chembridge 

(synthetic compounds), Asinex (NP like compounds), FDA approved NP and NP derived 

drugs and FDA drugs minus NP and NP derived drugs. 

 

4.3.5 HERG K+ channel blockage 

Blockage of the HERG potassium channel is related to the potentially fatal heart QT interval 

prolongation (Haverkamp et al., 2000). The QPlogHERG descriptor predicts the IC50 value for 

blockage of the HERG channel. If the value is below -5 there is cause for concern (Schrödinger, 

2017b). It was observed that a little over half (54.6%) the compounds in the NP databases had 

an IC50 value of -5 or above (Figure 14). The distribution curve was roughly Gaussian-shaped 

and the peak was centered at about -5. The distribution curve for the metabolite databases 

peaked at a little higher value (between -4 and -5) and 74.1% of the compounds had IC50 values 

of -5 or greater, having by far the most favourable predictions. The NP drug distribution peaked 

at about -5 and a bit more than half (54.2%) had IC50 values of -5 or greater. The percentage 

was slightly lower for the other FDA drugs or 50.1%. 
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Figure 14. Comparative density plot of the predicted HERG K+ channel blockage (IC50) 

for the NP and metabolite databases alongside the four control databases: Chembridge 

(synthetic compounds), Asinex (NP like compounds), FDA approved NP and NP derived 

drugs and FDA drugs minus NP and NP derived drugs. 

 

4.4  Virtual screening 

VS was performed for all compounds adhering to the Lipinski, REOS and PAINS filters. After 

filtering the total number of compounds was 951435. In the Glide program from Schrödinger, 

receptor flexibility is not allowed but scaling of Van der Waals radii of nonpolar atoms can be 

used to model a slight “give” in the receptor and ligand (Schrödinger, 2017e). Three different 

values were tested for the receptor and ligand of each protein and the combination with the 

lowest root-mean-square deviation (RMSD) value was selected (see Tables 8 and 9 in the 

appendix). For the acetylcholinesterase protein, Van der Waals scaling factors of 1.0 and 0.85 

for the receptor and ligand were used, respectively. For the NMDA receptor the scaling factors 

were 1.1 and 0.85. For each database the enrichment factor (EF) was calculated by the following 

formula (Pearlman and Charifson, 2001):  

𝐸𝐹 =  
𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 ℎ𝑖𝑡𝑠𝐷𝑎𝑡𝑎𝑏𝑎𝑠𝑒/𝑁𝐷𝑎𝑡𝑎𝑏𝑎𝑠𝑒

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 ℎ𝑖𝑡𝑠𝑇𝑜𝑡𝑎𝑙/𝑁𝑇𝑜𝑡𝑎𝑙
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4.4.1 Acetylcholinesterase 

The results from the VS showed that a total of 1533 compounds may be considered as potential 

hits for the acetylcholinesterase (see Table 6). Potential hits were found in 10 out of 52 NP and 

metabolite databases and in all of the control databases. Almost half the hits were from the NP 

like database Asinex (763 compounds) while 28.2% (433 compounds) were from the synthetic 

Chembridge database. These two also had the highest EF of 2.32 and 2.44 along with the vendor 

Analyticon which had an EF of 2.40. Seven potential hits came from the FDA drugs dataset 

with a good EF of 2.26. One was Donepezil, a reversible acetylcholinesterase inhibitor which 

was also the ligand that came with the crystal structure of the protein. 322 potential hits (21.0%) 

were observed among the NP databases, 191 of which were from the vendor databases 

(including Analyticon which also contains NP like compounds) and 114 from Supernatural. 

Besides Analyticon, the highest EF of the NP databases was 0.61 from the vendor IBScreen. 

Just eight potential hits were observed among the metabolite databases, all with low enrichment 

factors of 0.17 or less. 

 

Table 6. The number of potential hits by database for the acetylcholinesterase enzyme, 

the percentage of the total number of potential hits, percentage of the original number 

of compounds screened and the enrichment factor. 

Database Number of 

potential hits 

Percentage of 

total potential hits 

Percentage of 

screening 

database 

Enrichment 

Factor (EF) 

Asinex 763 49.77% 21.43% 2.32 

Chembridge 433 28.25% 11.56% 2.44 

Analyticon 120 7.83% 3.26% 2.40 

Supernatural 114 7.44% 30.90% 0.24 

IBScreen 65 4.24% 6.96% 0.61 

UNPD 15 0.98% 20.06% 0.05 

FDA drugs 7 0.46% 0.20% 2.26 

TimTec 5 0.33% 0.75% 0.43 

Kegg 4 0.26% 1.53% 0.17 

HMDB endogenous 3 0.20% 2.35% 0.08 

TCMcmps 2 0.13% 3.62% 0.04 

Specs 1 0.07% 0.13% 0.51 

FoodDB 1 0.07% 2.29% 0.03 
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4.4.2 NMDA receptor 

A total of 1663 compounds were considered potential hits for the NMDA receptor (see Table 

7). Hits were found in 16 NP and metabolite databases as well as all of the control databases. 

As with the acetylcholinesterase screening, almost half the hits (808 compounds) were from the 

NP like database Asinex and almost a third (543 compounds) from the Chembridge database. 

These had high EFs of 2.27 and 2.82, respectively. The FDA drugs had eight potential hits and 

an EF of 2.39. From the NP databases, 289 compounds (17.4%) were found to be potential hits 

for the NMDA receptor of which 111 were from the Supernatural database and 32 were from 

the Asian databases. The NP database with the highest EF (1.21) was the small Brazilian 

database UEFS with just one potential hit. All the other NP databases had EF < 1.0. 15 potential 

hits were observed among the metabolite databases with EF of 0.90 or less. 
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Table 7. The number of potential hits by database for the NMDA receptor, the 

percentage of the total number of potential hits, percentage of the original number of 

compounds screened and the enrichment factor. 

Database Number of 

potential hits 

Percentage of 

total potential 

hits 

Percentage of 

screening 

database 

Enrichment 

Factor (EF) 

Asinex 808 48.59% 21.43% 2.27 

Chembridge 543 32.65% 11.56% 2.82 

Supernatural 111 6.67% 30.90% 0.22 

IBScreen 53 3.19% 6.96% 0.46 

UNPD 45 2.71% 20.06% 0.13 

Analyticon 43 2.59% 3.26% 0.79 

TCMcmps 15 0.90% 3.62% 0.25 

TCMID 13 0.78% 1.68% 0.47 

FDA 8 0.48% 0.20% 2.39 

Kegg 6 0.36% 1.53% 0.24 

TCMSP 4 0.24% 1.25% 0.19 

StreptomeDB 3 0.18% 0.32% 0.56 

FoodDB 3 0.18% 2.29% 0.08 

Biopurify 2 0.12% 0.31% 0.38 

TimTec 2 0.12% 0.75% 0.16 

UEFS 1 0.06% 0.05% 1.21 

Metacyc 1 0.06% 1.24% 0.05 

HMDB endogenous 1 0.06% 2.35% 0.03 

HI in vivo 1 0.06% 0.07% 0.90 
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5.  DISCUSSION 

 

It is evident that there are many open source NP and metabolite databases available for 

download. Some of them (mostly the vendors) also offer physical samples of the compounds 

for purchase. Close to a million compounds from 52 NP databases were downloaded, 

standardized and analyzed, out of which 531744 compounds (57.5%) were unique, with no 

duplicates in other databases. This is a rather high number given that the Dictionary of Natural 

Products, which is the most comprehensive NP database available, contains just close to 300000 

compounds (Chapman and Hall, 2017). A partial explanation may be the fact that some of the 

databases (particularly the vendors) contain NP derivatives and some NP like compounds. 

Another explaination may be that there are newly discovered NPs in some of the databases. The 

access to these NP databases is important as the lack of such databases, limited accessability or 

low quality of the data can be one of the most critical barriers to VS (Irwin and Shoichet, 2005). 

 

5.1 Physicochemical descriptors 

The results from the descriptor calculations conformed largely to what is already known and 

has been reported about NPs as well as the differences between NP and synthetic compounds. 

NP compounds have been shown to occupy a wider and more diverse part of biologically 

relevant chemical space than synthetic compounds while drugs have been found to occupy the 

space between the two (Rosén et al., 2009; Wetzel et al., 2007).  

Characteristic features of NPs compared with synthetic compounds include higher MW and 

more HBA and HBD, which also makes them more likely to violate one of Lipinski’s rules 

(Feher and Schmidt, 2003; Henkel et al., 1999; Stratton et al., 2015). The results of this study 

were in compliance with these observations. The NP and metabolite databases as well as the 

NP and NP derived drugs had a greater amount of Lipinski violations compared with the other 

FDA drugs, Asinex and Chembridge. They had higher averages and broader ranges for MW, 

HBA and HBD (which correlated well with one another) compared with the other datasets. That 

was the case for the NRBs (number of rotatable bonds) as well. Usually, NPs have been found 

to have a larger NRBs on average than synthetic compounds although the opposite has also 

been reported (Bade et al., 2010; Henkel et al., 1999; Feher and Schmidt, 2003). There have 

also been different reports on logP values of NPs compared with synthetic compounds, some 

finding that NPs have lower logP values than synthetic compounds while others report similar 

values for both datasets (Rosén et al., 2009; Feher and Schmidt, 2003; Bade et al., 2010). These 
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differences are not surprising given the enormous amount of different compounds available and 

are likely due to differences in the datasets used. In this project the logP values of the NP and 

metabolite databases were found to be highest on average while the NP drugs had the lowest 

average logP value of all the datasets. Some exceptionally high logP values were observed, 

especially in the metabolite databases, caused mostly by large fatty chain compounds. These 

very high logP values are inaccurate due to incompatibility of these compounds with the atomic 

logP calculation method, which is more suited to smaller molecules (Ghose and Crippen, 1987). 

The number of chiral centers was found to be higher on average among the NP and metabolite 

databases and NP drugs compared with the other FDA drugs, Chembridge and Asinex. This is 

not surprising since NPs are known for great steric complexity while in combinatorial synthesis 

chiral centers are avoided (Feher and Schmidt, 2003; Henkel et al., 1999; Bade et al., 2010).   

 

5.2 ADMET descriptors 

It is known that NPs often lack drug-like characteristics while they generally have favourable 

ADMET properties (Quinn et al., 2008). The results showed that the NP databases generally 

had favourable ADMET predictions, usually falling somewhere in the middle between the 

synthetic or NP like compounds and the FDA approved drugs. The metabolite databases 

commonly had less favourable values except in the case of cardiac toxicity where they had the 

best predictions by far, owing at least partly to the extensive amount of primary metabolites. It 

was expected that the Chembridge and Asinex databases would have (in most cases) the most 

favourable values since these libraries have been carefully crafted and were designed within 

certain drug-likeness criteria. It must be kept in mind however that only compounds with MW 

of < 700 Da were included in the ADMET predictions, excluding a number of NP and 

metabolite compounds while having little effect on the other databases. The reason for this 

exclusion was problems encountered in the Ligprep program runs due to the size and high NRBs 

of these compounds.  

It was observed that the FDA drugs were often outside the range for 95% of known drugs given 

by the QikProp program. A possible explanation may be that the QikProp program is using an 

older dataset as a reference for known drugs whereas the FDA drugs dataset used in this project 

is a recently updated one.  

An important ADME descriptor is solubility, which has sometimes been found to be low in 

NPs, limiting bioavailability (Chen et al., 2015). However, the results show that the vast 

majority (85.4%) of the NP compounds have predicted solubility values within the 
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recommended range given by the QikProp program. The metabolite databases have just a 

slightly lower percentage of 82.0%. 

The physicochemical descriptor PSA (polar surface area) is considered a good indicator of oral 

drug absorption as well as absorption through other membranes such as the blood-brain barrier. 

Values should be < 140 Å2 otherwise absorption will be limited (Stratton et al., 2015; Kelder 

et al., 1999). The NP and metabolite databases complied 75-80% with this range. Around a 

third had great Caco-2 cell permeability predictions ( > 500 nm/sec) indicating good oral 

bioavailability. At the same time they were 82-89% within the recommended logBB range and 

over 20% of the compounds had great MDCK permeability predictions ( > 500 nm/sec). 

The HERG K+ channel blockage descriptor gave rather surprising results. Almost half the FDA 

drugs had a value that is deemed a concern (< -5). Those drugs included biotechnologicals such 

as Nintedanib and Olmutinib which have not been shown to increase the risk for QT 

prolongation (Eisen et al., 2013; Kim, 2016). This calls in question the validity of this 

descriptor. A study from 2008 also doubts the reliability of this descriptor, a possible 

explanation being the complexity of the HERG K+ channel (Ioakimidis, Thoukydidis, Mirza, 

Naeem and Reynisson, 2008). However, a large portion of the drugs that showed a value < -5 

are known or suspected to cause an increased risk of QT interval prolongation, including 

Salmeterol, Tamoxifen and Amiodarone (Crouch, Limon and Cassano, 2002). Additionally, the 

metabolite databases had the lowest number of compounds with a predicted value of < -5 which 

further supports the reliability of the predictions since they contain a lot of primary metabolites 

which are not expected to increase the risk of QT prolongation. 

There was a considerable difference in the ADMET predictions for the NP and NP derived 

drugs compared with the other FDA drugs. The NP drugs commonly had the least compliant 

predictions of all the databases while the other FDA drugs most often showed the third best 

predictions (after Chembridge and Asinex). For example, only 27.2% of the NP drugs were 

predicted to have a great human oral absorption while the percentage was 58.0% for the other 

FDA drugs. Some of the NP drugs responsible for these poor predictions were aminoglycosides 

such as Gentamicin, Kanamycin and Netilmicin. They are not readily absorbed from the 

gastrointestinal tract and are usually given parenterally (Avent, Rogers, Cheng and Paterson, 

2011). The NP drugs were also predicted to have more metabolic reactions on average than the 

other FDA drugs. This can be explained by the fact that the NP drugs were generally more 

complex, having higher MW on average, more chiral centers and so on. 
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5.3 Virtual screening 

The results of the VS showed that the NP databases show potential for in silico drug discovery. 

Potential hits were found from all types of NP databases (Asian, Brazilian, vendors, 

metadatabases) except the ones from Africa. Out of these groups the African databases have 

the lowest amount of compounds by far which may explain the lack of hits therefrom. The NP 

databases had lower EF values than the synthetic databases and the FDA drugs but still had a 

considerable amount of potential hits overall. The metabolite databases were much less 

applicable with few hits and low EF values. As the duplicate checks showed many of the 

metabolite databases include a lot of primary metabolites which can explain the low number of 

hits since they are not as useful in drug discovery as secondary metabolites (Salim, Chin and 

Kinghorn, 2008). In order to improve the EF it might be beneficial to remove primary 

metabolites prior to screening. Another reason for the low EF values may be that the filters 

were too restrictive, in particular the PAINS filters which are relatively new and have been 

reported possibly being inappropriate in some cases (Baell and Holloway, 2010; Jasial, Hu and 

Bajorath, 2017). The fact that the NP drugs were so often out of range in the ADMET prediction 

calculations and generally had the least compliant scores goes to show that NPs in general need 

special consideration when it comes to filtering, screening and the whole drug discovery 

process.  

 

5.3.1 Acetylcholinesterase 

Seven drugs were observed as potential hits in the acetylcholinesterase VS. One was Donepezil, 

a reversible acetylcholinesterase inhibitor which was also the ligand that came with the crystal 

structure of the protein, proofing that the VS was valid (Kasa, Papp, Kasa and Torok, 2000). 

Another hit was Ondansetron which has been tested in vitro in another study and shown to 

inhibit acetylcholinesterase, which further validates this VS (N’Da, Petzer and Petzer, 2014). 

The other five drugs are not known to have any effect on acetylcholinesterase. 

 

5.3.2 NMDA receptor 

Anaferine, an alkaloid from the Kegg database was a potential hit and is known to have 

inhibitory effects on the NMDA receptor, therefore validating the VS (Kumar, G. And Patnaik, 

R., 2016). Eight potential FDA drug hits for the NMDA receptor were identified but none of 
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them has been reported to have NMDA activity. The next step is to test these compounds in 

vitro to see if they are indeed true hits. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

48 

6. CONCLUSIONS 

 

In this study 52 NP databases were  downloaded, standardized and merged into one big database 

with over half a million unique compounds with no duplicates. Access to a good quality 

database can be one of the most critical barriers to VS which has become an important part of 

the drug discovery process, lowering cost and time spent testing compounds in vitro. The twelve 

physicochemical properties that were calculated showed similar results as previous studies, that 

NPs are diverse and generally cover broader ranges of values compared with synthetic 

compounds. The same goes for the FDA approved NP and NP derived drugs which had a broad 

range of properties and generally higher averages compared with other FDA approved drugs as 

well as the synthetic compounds. The NP databases also had rather favourable ADMET 

predictions making them desirable for drug development. Standard VS protocol, which has 

been designed for synthetic compounds, was used for the VS of the NP databases. Some of the 

filters applied may be inappropriate in the case of NPs since they are known often to violate the 

rules of drug-likeness while being intrinsically bioactive. The results from the NP and NP 

derived drug property calculations corroborate this finding since they were most likely of all 

the datasets to fall outside the ranges given by the Qikprop program and had significantly more 

Lipinski violations than the other FDA drugs. Too restrictive filtering may therefore be 

counterintuitive in the case of NPs, leaving out compounds with potential in drug discovery. 

However, the NP databases had a considerable amount of potential hits for both the 

acetylcholinesterase and the NMDA receptor, making them applicable for VS. A few of the hits 

are known inhibitors of the protein targets which validates the VS. In order to fully validate the 

VS some in vitro studies are needed on the potential hits.  
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APPENDIX 

 

Table 8. RMSD values for different scaling factors of the receptor grid and ligand of 

crystal structure of recombinant human acetylcholinesterase (4EY7) in complex with 

Donepezil. 

Receptor scaling 

factor 

Ligand Scaling Factor 

0.75 0.8 0.85 

0.9 0.874 0.316 0.478 

1.0 0.710 0.365 0.168 

1.1 0.472 0.773 0.344 

 

Table 9. RMSD values for different scaling factors of the receptor grid and ligand of 

crystal structure of amino terminal domains of the NMDA receptor subunit GLUN1 and 

GLUN2B (5EWM) in complex with EVT-101. 

Receptor scaling 

factor 

Ligand Scaling Factor 

0.75 0.8 0.85 

0.9 1.523 1.343 1.345 

1.0 1.327 0.321 1.321 

1.1 1.334 1.332 0.295 
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Table 10. Mean, standard deviation (SD), minimum and maximum values of the twelve 

physicochemical properties for each individual database. 

Database Molecular Weight AlogP Rotatable Bonds 

 Mean SD Min/Max Mean SD Min/Max Mean SD Min/Max 

AfroCancer 443,6 256,8 120,2/1999 3,36 2,9 -7,25/14,2 5,0 6,4 0/41 

AfroDB 399,3 134,7 96,17/1195 3,98 2,8 -2,84/25,6 4,5 5,7 0/63 

AfroMalariaDB 376,3 133,1 78,11/1085 3,50 2,2 -4,31/9,91 3,9 3,5 0/21 

Analyticon 411,2 114,0 97,12/1966 1,94 1,8 -7,96/11,7 5,5 2,8 0/55 

AsterNP 347,0 104,2 84,12/824,9 2,54 2,0 -3,06/20,0 4,0 3,5 0/40 

BioPhytMol 355,1 177,3 74,08/2094 4,24 2,5 -2,42/29,9 4,96 6,2 0/48 

Biopurify 455,2 248,5 89,09/1938 2,27 2,6 -7,90/20,9 5,22 4,9 0/53 

Bsubcyc 338,9 345,3 28,01/5725 -1,82 4,0 -11,3/29,8 7,21 10,8 0/185 

CarotenoidDB 563,8 193,9 126,2/1669 8,71 4,2 -6,22/34,0 12,57 7,5 0/67 

ConMedNP 429,0 177,7 84,16/1440 4,17 3,1 -4,31/26,3 5,85 7,3 0/53 

EFIaminoacids 185,7 43,0 75,1/304,3 -0,59 0,9 -2.14/1,10 4,50 1,8 1/10 

EFIdipeptides 247,1 45,2 102,1/390,4 -0,90 1,2 -3,72/2,14 6,20 2,0 0/13 

EFIsugars 214,2 36,8 150,1/290,2 -2,26 0,6 -3,46/0,38 4,69 1,8 1/8 

Ecocyc 383,4 457,7 26,0/5725,2 -0,99 4,6 -27,0/29,8 9,4 16,6 0/185 

EcoliMetabolome 321,4 203,8 59,1/1010,2 0,46 4,4 -6,3/19,4 8,5 11,0 0/46 

FoodDB 636,1 295,8 58,1/997,6 11,78 8,9 -8,30/26,7 29,8 23,0 0/64 

Greenpharma 271,4 130,9 62,1/940,7 2,48 2,3 -2,44/12,7 3,4 3,8 0/42 

HMDBendogenous 518,5 267,4 54,1/997,6 7,93 7,9 -8,57/26,6 21,1 20,4 0/63 

HMDB food 224,3 99,4 58,1/716,6 2,38 2,0 -4,69/12,5 4,0 3,4 0/20 

HMDB microbe 429,4 168,3 58,1/871,6 0,23 2,9 -5,70/9,70 4,6 3,6 0/21 

HMDB plant 380,5 156,3 88,1/862,7 2,51 3,1 -9,5/10,25 4,9 5,5 0/26 

HMDB toxin 340,1 118,8 54,1/754,8 0,48 2,3 -3,90/6,86 3,5 2,8 0/11 

HI invivo 396,4 148,9 106,1/814,8 2,01 1,9 -2,85/12,3 4,5 3,2 0/21 

HI targets 354,8 161,0 59,0/827,0 2,16 3.0 -6,06/15,3 4,0 3,6 0/19 

Humancyc 370,6 288,7 27,0/2370,1 0,09 4,6 -25,8/29,8 8,2 9,7 0/78 

IBScreen 413,3 103,7 72,1/2067,9 3,36 1,7 -12,5/17,9 5,7 3,0 0/49 

Indofine 360,6 178,5 74,1/1586,9 5,60 4,7 -4,4/41,5 10,8 12,9 0/74 

Kegg 369,1 254,6 26,0/3431,9 1,90 3,3 -20,3/32,6 5,8 7,7 0/118 

Lycopodium 295,2 59,3 30,1/543,7 1,66 1,2 -1,2/5,8 1,1 1,7 0/10 

MSdiscovery 346,7 202,4 59,1/1877,6 2,14 2,9 -12,2/18,1 4,1 4,3 0/35 

Metacyc 415,0 419,2 26,0/13334 1,15 5,8 -

107,8/66,7 

9,3 14,6 0/323 
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Mitishamba 385,6 168,7 85,2/1426,5 3,26 2,7 -5,8/19,6 4,6 5,0 0/33 

NANPDB 436,6 265,4 55,1/3596,5 2,46 2,6 -11,4/19,1 5,4 5,3 0/46 

NIH 414,7 218,6 86,1/1664,9 2,05 2,1 -6,1/8,3 3,9 3,8 0/21 

NPACT 436,4 174,9 88,1/977,0 3,68 2,6 -3,7/15,8 6,0 6,2 0/39 

NuBBe 359,0 133,4 84,2/1173,0 3,17 2,4 -4,8/18,9 4,9 4,1 0/27 

PhenolExplorer 361,6 157,5 75,1/1084,7 1,56 1,5 -4,6/9,9 4,1 2,8 0/21 

SANC 427,4 214,6 122,1/1419,5 2,79 2,0 -3,4/8,4 4,4 4,6 0/28 

Selleck 345,8 169,9 113,1/1202,6 1,63 2,0 -2,9/6,4 3,3 3,1 0/16 

Specs 399,0 155,2 136,1/1287,4 3,08 2,1 -5,2/12,3 4,5 3,9 0/29 

StreptomeDB 523,0 315,2 47,0/2355,3 1,41 3,2 -19,0/18,6 7,2 7,0 0/66 

Supernatural 445,9 218,1 26,0/3973,6 2,91 3,1 -22,8/53,5 6,5 6,6 0/140 

TCMID 438,6 252,7 26,0/6045,7 2,55 3,0 -32,3/41,3 5,7 6,1 0/193 

TCMSP 389,1 237,2 27,0/2102,2 2,85 3,0 -16,0/30,5 5,4 5,6 0/86 

TCMcmps 623,8 299,4 27,0/1492,0 3,92 3,8 -11,5/29,1 7,9 5,7 0/68 

TimTec 376,6 103,1 101,1/1103,2 3,71 1,7 -6,8/14,9 4,8 2,5 0/22 

UEFS 331,5 101,5 110,1/613,8 3,24 2,2 -3,4/13,7 3,1 3,3 0/28 

UNPD 477,8 266,3 26,0/3973,6 2,78 3,3 -22,7/53,5 6,7 6,9 0/140 

YeastMetabolome 368,2 269,6 56,1/1001,7 3,56 6,2 -6,0/25,5 13,7 16,5 0/63 

p-ANAPL 374,2 138,8 84,2/1131,3 3,10 2,2 -2,4/12,6 3,5 2,8 0/22 

Database Hydrogen bond acceptors Hydrogen bond donors Polar surface area 

 Mean SD Min/Max Mean SD Min/Max Mean SD Min/Max 

AfroCancer 6,72 6,7 0/43 2,89 3,8 0/22 109,23 103,5 0/671,2 

AfroDB 5,24 3,1 0/27 2,10 2,1 0/14 85,49 49,6 0/418,9 

AfroMalariaDB 5,22 3,6 0/30 1,85 1,9 0/17 83,91 51,8 0/518,8 

Analyticon 4,64 2,9 0/47 1,77 1,9 0/26 93,70 48,2 0/735,5 

AsterNP 5,27 3,3 0/19 1,55 2,0 0/12 82,76 52,7 0/333,0 

BioPhytMol 4,01 4,0 0/45 1,36 1,9 0/17 65,21 60,0 0/649,4 

Biopurify 7,44 6,3 0/46 3,53 3,8 0/25 125,89 100,2 0/778,0 

Bsubcyc 5,36 5,9 0/70 2,99 3,1 0/45 167,98 139,6 0/2043,7 

CarotenoidDB 3,26 3,0 0/34 1,69 1,9 0/20 57,83 50,3 0/549,5 

ConMedNP 5,65 4,3 0/32 2,28 2,5 0/18 94,93 64,5 0/512,3 

EFIaminoacids 1,42 0,7 0/3 1,40 0,8 0/3 100,77 24,9 49,3/177,2 

EFIdipeptides 2,47 1,3 0/7 2,48 1,3 0/7 130,86 27,7 57,5/224,4 

EFIsugars 6,07 1,9 2/10 4,02 1,4 0/7 146,23 26,8 60,7/198,0 

Ecocyc 5,98 8,4 0/90 3,09 4,2 0/46 172,78 180,5 0,82/559,2 
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EcoliMetabolome 5,67 4,4 0/21 2,38 2,0 0/11 143,33 74,5 0,0/403,1 

FoodDB 5,50 3,3 0/26 1,15 2,3 0/18 87.72 57,3 0,0/475,9 

Greenpharma 3,18 3,0 0/26 1,53 1,9 0/15 66,91 49,2 0,0/444,2 

HMDBendogenous 4,92 3,3 0/30 1,40 1,9 0/14 92,47 58,6 0,0/572,1 

HMDB food 2,50 2,2 0/18 0,93 1,4 0/12 52,98 40,3 0,0/310,7 

HMDB microbe 3,74 4,0 0/21 2,47 2,3 0/8 113,6 78,6 3,2/418,4 

HMDB plant 5,39 4,0 0/26 2,90 2,7 0/17 97,6 66,1 0,0/427,0 

HMDB toxin 5,89 2,6 0/11 2,38 1,7 0/7 110,3 64,8 0,0/314,5 

HI invivo 5,36 3,0 0/13 3,03 2,1 0/9 111,9 56,1 17,1/279,0 

HI targets 5,12 4,0 0/20 2,64 2,7 0/12 96,0 68,4 0,0/324,4 

Humancyc 5,06 6,1 0/71 2,57 2,8 0/44 146,0 137,4 0,0/1157,1 

IBScreen 4,67 2,3 0/44 1,31 1,2 0/27 89,5 37,8 0,0/816,2 

Indofine 3,73 3,3 0/28 1,09 2,0 0/18 65,6 54,5 0,0/520,4 

Kegg 5,11 5,7 0/65 2,27 3,0 0/46 112,5 109,7 0,0/1558,8 

Lycopodium 2,34 1,3 0/8 0,98 0,8 0/5 48,3 18,9 0,0/135,5 

Msdiscovery 4,91 4,5 9/46 2,08 2,8 0/25 93,8 81,1 0,0/778,0 

Metacyc 5,66 9,3 0/383 2,99 5,0 0/205 143,5 175,6 0,0/5903,4 

Mitishamba 5,58 4,6 0/32 2,30 2,8 0/18 90,4 73,6 0,0/494,4 

NANPDB 7,40 7,5 0/100 3,42 4,4 0/55 123,6 122,6 0,0/1677,0 

NIH 6,17 4,3 0/26 2,18 2,2 0/16 107,8 74,1 8,2/701,0 

NPACT 6,09 3,8 0/25 2,57 2,3 0/14 99,9 59,6 0,0/447,1 

NuBBe 4,65 3,6 0/27 1,45 2,0 0/16 76,1 54,7 0,0/481,4 

PhenolExplorer 7,09 4,6 0/30 4,08 3,1 0/17 135,8 75,6 20,2/518,8 

SANC 5,84 5,0 0/32 2,40 2,7 0/15 95,1 74,8 0,0/474,7 

Selleck 5,82 4,1 0/19 3,13 2,7 0/11 105,6 66,0 19,0/297,1 

Specs 5,27 3,7 0/29 1,57 2,2 0/19 83,3 57,4 14,2/476,7 

StreptomeDB 7,91 6,0 0/57 3,86 3,6 0/36 166,7 122,0 0,0/970,2 

Supernatural 5,97 5,4 0/104 2,42 3,3 0/57 108,2 89,8 0,0/1917,9 

TCMID 6,76 6,3 0/127 3,09 3,8 0/80 114,5 105,1 0,0/2784,1 

TCMSP 5,61 6,0 0/52 2,76 3,6 0/30 97,3 98,0 0,0/877,4 

TCMcmps 7,46 4,9 0/38 4,06 3,3 0/26 147,9 90,2 0,0/707,3 

TimTec 4,12 1,9 0/22 1,07 1,2 0/12 82,6 35,2 0,0/348,0 

UEFS 3,87 2,6 0/11 1,51 1,6 0/8 68,2 41,7 0,0/222,9 

UNPD 7,23 6,6 0/104 3,23 4,0 0/57 124,4 110,5 0,0/1917,9 

YeastMetabolome 5,03 4,3 0/21 1,88 2,4 0/12 110,4 75,5 0,0/403,1 
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p-ANAPL 5,86 3,6 0/22 2,66 2,5 0/13 99,8 60,1 0,0/388,0 

Database Chiral center count Ring count Heavy atom count 

 Mean SD Min/Max Mean SD Min/Max Mean SD Min/Max 

AfroCancer 5,46 8,0 0/46 4,19 2,2 0/14 32,0 17,8 7/140 

AfroDB 3,48 4,1 0/36 3,81 1,8 0/15 29,0 9,7 7/85 

AfroMalariaDB 2,95 3,1 0/14 3,70 1,6 0/11 27,5 9,6 6/78 

Analyticon 2,73 2,7 0/46 3,84 1,3 0/14 29,4 8,0 7/137 

AsterNP 5,17 2,8 0/18 2,93 1,3 0/7 24,9 7,3 6/59 

BioPhytMol 0,01 0,1 0/3 3,13 1,7 0/12 25,7 12,5 5/145 

Biopurify 5,28 6,9 0/43 4,12 2,2 0/13 32,6 17,3 6/135 

Bsubcyc 2,91 4,3 0/67 1,40 1,8 0/15 22,6 23,6 2/398 

CarotenoidDB 2,13 2,9 0/30 1,65 1,2 0/9 41,3 14,0 9/121 

ConMedNP 4,44 5,5 0/37 3,79 1,8 0/17 30,9 12,5 6/100 

EFIaminoacids 1,10 0,4 0/2 0,42 0,6 0/3 12,8 3,2 5/22 

EFIdipeptides 1,93 0,8 0/4 0,50 0,7 0/4 17,1 3,5 7/29 

EFIsugars 3,34 1,1 0/5 0,14 0,4 0/1 13,8 1,9 10/18 

Ecocyc 2,77 5,0 0/67 1,47 2,0 0/17 25,5 31,1 2/398 

EcoliMetabolome 2,90 2,6 0/15 1,14 1,3 0/6 21,4 13,9 4/68 

FoodDB 2,44 3,4 0/28 1,20 1,9 0/12 45,3 21,2 4/73 

Greenpharma 0,37 1,2 0/14 2,30 1,7 0/7 19,5 9,6 4/67 

HMDBendogenous 3,19 3,3 0/20 1,47 1,9 0/11 36,7 18,9 4/71 

HMDB food 1,51 2,0 0/11 1,48 1,4 0/8 15,9 7,3 4/52 

HMDB microbe 3,76 4,4 0/15 1,51 1,5 0/4 18,7 11,5 4/56 

HMDB plant 5,52 4,4 0/25 3,19 1,8 0/8 27,1 11,1 6/62 

HMDB toxin 4,42 3,0 0/8 3,31 1,3 0/6 23,9 8,5 4/54 

HI invivo 5,06 4,6 0/20 3,42 1,5 0/10 28,4 10,6 8/61 

HI targets 4,43 4,5 0/20 3,17 1,9 0/10 25,5 11,5 4/60 

Humancyc 2,98 4,3 0/69 1,77 1,8 0/15 24,7 19,0 2/161 

IBScreen 1,57 1,9 0/41 3,97 1,3 0/17 30,0 7,5 5/147 

Indofine 0,65 2,6 0/30 1,77 1,6 0/9 25,3 12,5 5/112 

Kegg 3,33 5,0 0/64 2,58 2,1 0/18 25,5 17,6 2/239 

Lycopodium 4,58 2,1 0/12 4,01 0,9 0/8 21,4 4,3 2/39 

Msdiscovery 2,86 4,4 0/32 3,00 2,0 0/14 24,8 14,3 4/132 

Metacyc 3,49 7,2 0/293 2,09 2,4 0/87 28,5 28,7 2/908 

Mitishamba 0,99 2,3 0/20 3,55 2,0 0/13 27,8 11,9 6/99 
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NANPDB 4,01 5,2 0/38 3,60 2,4 0/27 31,0 18,7 4/257 

NIH 1,57 2,9 0/15 3,86 2,0 0/10 29,7 15,4 5/114 

NPACT 5,39 5,6 0/27 3,84 1,9 0/10 31,5 12,3 6/68 

NuBBe 3,67 3,9 0/30 3,17 1,6 0/11 25,9 9,5 5/83 

PhenolExplorer 2,51 3,4 0/17 2,97 1,5 0/11 25,8 11,1 5/78 

SANC 5,39 7,1 0/32 3,82 2,5 0/14 29,9 15,3 9/99 

Selleck 3,63 4,9 0/26 3,21 1,7 0/9 24,9 11,9 8/85 

Specs 3,13 4,2 0/34 4,08 1,7 0/12 28,7 10,8 10/89 

StreptomeDB 3,42 5,2 0/55 3,36 2,3 0/17 36,9 22,1 3/166 

Supernatural 5,07 6,1 0/66 3,67 2,1 0/32 31,7 15,3 2/272 

TCMID 3,01 5,4 0/55 3,81 2,4 0/41 31,3 17,7 2/420 

TCMSP 5,36 6,8 0/60 3,22 2,4 0/18 27,8 16,7 2/146 

TCMcmps 8,65 7,1 0/43 6,03 3,9 0/25 44,8 21,6 2/100 

TimTec 0,05 0,5 0/11 3,40 1,1 0/10 26,6 7,3 7/80 

UEFS 3,29 3,5 0/14 3,25 1,4 0/8 24,0 7,3 8/44 

UNPD 6,87 7,3 0/67 3,81 2,4 0/32 33,9 18,6 2/272 

YeastMetabolome 2,25 2,6 0/15 0,83 1,2 0/12 25,2 18,7 4/71 

p-ANAPL 2,87 4,1 0/31 3,55 1,6 0/11 26,8 10,0 6/79 

Database Electrotopological state Polarizability Molar refractivity 

 Mean SD Min/Max Mean SD Min/Max Mean SD Min/Max 

AfroCancer 77,6 48,1 20,9/366,9 50,4 23,60 11,2/194 117,0 59,7 27,6/472,9 

AfroDB 68,6 23,7 11,7/218,7 47,7 15,78 10,7/143,8 109,7 38,0 26,7/360,0 

AfroMalariaDB 66,4 26,2 12/248,0 45,0 15,94 13/112,6 102,5 34,6 26,1/238,7 

Analyticon 69,5 22,7 16,5/368,7 47,8 11,93 10,4/200,1 109,3 27,9 28,0/482,0 

AsterNP 61,8 22,7 15,0/161,0 37,1 10,42 9,8/100,4 91,7 24,4 22,9/229,0 

BioPhytMol 58,4 31,5 15,2/371,8 42,3 18,27 7,0/202,7 99,4 45,3 17,3/497,2 

Biopurify 82,0 47,1 14,2/390,0 50,2 23,57 8,4/182,4 117,1 58,1 20,8/443,4 

Bsubcyc 73,8 66,4 0/1120,2 30,3 34,01 1,1/559,2 73,2 85,1 0/1403,6 

CarotenoidDB 87,7 30,3 21,3/263,0 69,1 23,46 15,4/209,4 184,8 61,0 40,0/533,5 

ConMedNP 73,4 32,0 9/263,4 50,1 18,55 10,2/147,4 116,5 46,3 25,9/369,1 

EFIaminoacids 43,1 9,8 21,2/65,8 18,0 5,23 6,5/34,6 43,5 11,0 16,0/75,8 

EFIdipeptides 53,5 8,7 25,2/71,5 25,4 6,86 8,4/51,9 60,8 14,1 21,4/109,5 

EFIsugars 55,4 8,0 32,3/70,3 16,3 2,40 10,9/21,3 40,4 6,4 27,6/53,8 

Ecocyc 78,6 87,3 0,0/1120,2 35,3 43,62 0,82/559,2 85,0 108,0 0,0/1402,6 

EcoliMetabolome 63,6 33,2 7,8/191,5 30,8 22,2 4,0/107,4 75,5 55,7 9,5/286,6 
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FoodDB 95,1 39,9 7,3/218,0 75,3 36,5 3,1/127,2 190,5 96,7 0,0/336,8 

Greenpharma 47,8 24,1 9,7(215,8 32,2 15,7 5,7/98,6 74,7 36,3 14,6/217,2 

HMDBendogenous 80,9 36,2 6,0/192,3 59,6 32,7 4,0/124,0 150,3 85,4 9,5/312,4 

HMDB food 38,6 19,1 7,3/151,8 26,3 12,0 5,7/86,9 62,0 27,4 14,6/193,3 

HMDB microbe 55,9 31,7 8,0/166,3 27,2 16,8 6,4/80,3 65,3 41,8 16,2/195,0 

HMDB plant 66,1 28,5 16,5/185 42,4 16,7 8,8/92,9 101,6 42,3 22,4/203,9 

HMDB toxin 62,8 24,4 10,0/155,8 35,0 12,7 6,2/78,3 83,3 30,1 16,4/192,5 

HI invivo 73,5 28,3 17,3/160,7 44,4 16,0 13,8/110,4 103,4 38,6 31,2/226,0 

HI targets 64,1 31,3 9,7/163,0 40,1 17,6 4,4/94,7 93,2 42,2 10,4/219,4 

Humancyc 71,9 55,3 0,0/487,1 36,0 27,4 1,1/198,2 87,1 69,0 0,0/479,5 

IBScreen 71,1 19,2 13,5/407,2 50,4 12,5 8,4/215,7 111,8 27,8 20,7/480,5 

Indofine 58,6 26,6 10,0/282,1 43,4 20,3 5,9/202,1 100,1 54,0 14,4/534,7 

Kegg 66,6 47,6 0,0/684,3 30,8 26,0 0,5/349,1 94,3 63,6 0,0/847,1 

Lycopodium 44,3 10,0 4/91,1 33,2 7,1 4,4/62,6 83,5 16,9 11,0/148,7 

MSdiscovery 62,1 37,7 13,2/390,0 30,1 20,9 6,2/202,2 91,0 50,9 15,2/450,9 

Metacyc 78,2 79,8 0,0/2621,2 42,6 40,4 0,8/1131,8 102,5 100,5 0,0/2758,1 

Mitishamba 67,2 33,4 10,0/252,7 44,5 17,3 5,9/133,4 103,6 41,2 14,4/327,7 

NANPDB 79,4 56,0 12,0/817,4 47,2 26,1 5,2/372,3 111,4 59,5 12,6/789,2 

NIH 73,5 39,4 20,0/302,7 46,2 22,9 5,9/174,9 108,7 55,6 13,2/417,0 

NPACT 75,3 30,7 14,8/220,2 50,0 18,2 8,8/116,6 117,8 45,1 21,9/267,3 

NuBBe 60,4 25,9 9,2/229,2 41,6 13,8 8,6/120,6 98,1 33,5 21,7/273,3 

PhenolExplorer 74,5 33,2 20,8/248,0 40,7 15,4 6,5/112,6 87,0 34,0 16,0/238,7 

SANC 71,3 38,3 14,8/8,4 46,8 21,2 15,4/137,2 112,6 52,6 34,3/332,0 

Selleck 65,0 31,5 25,0/211,8 39,2 17,2 10,8/130,0 88,2 42,1 26,3/327,1 

Specs 66,6 28,1 20,0/250,5 45,9 16,0 13,6/143,2 106,8 38,2 32,9/317,0 

StreptomeDB 97,1 58,8 10,3/464,6 55,9 32,3 2,6/252,9 134,2 78,8 8,4/586,7 

Supernatural 77,6 42,0 0,0/852,2 50,0 22,2 0,0/397,2 117,3 53,3 0,0/975,5 

TCMID 77,5 48,9 0,0/1210,2 48,5 24,8 0,0/721,0 114,6 59,6 0,0/1486,1 

TCMSP 67,5 45,9 4,0/427,5 43,6 23,4 1,1/209,6 103,5 56,3 2,9/506,9 

TCMcmps 103,1 47,6 5,2/336,3 71,4 35,0 1,1/190,8 168,5 82,3 0,8/422,1 

TimTec 65,6 18,2 14,3/201,2 46,2 12,8 9,4/142,0 100,4 28,6 23,4/333,2 

UEFS 56,3 18,3 15,8/119,1 39,2 11,4 9,9/73,4 91,4 28,8 23,6/195,0 

UNPD 83,9 51,7 0,0/852,2 52,1 26,3 0,0/397,2 124,5 63,0 0,0/975,5 

YeastMetabolome 63,9 39,6 8,8/190,8 39,4 31,1 4,0/123,4 97,1 78,8 9,5/307,9 

p-ANAPL 68,3 27,3 9,0/211,7 44,0 15,2 9,4/108,8 97,9 35,8 24,6/269,8 

 


