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The growing antimicrobial resistance (AMR) of pathogenic organisms to currently prescribed drugs has resulted in

the failure to treat various infections caused by these superbugs. Therefore, to keep pace with the increasing drug

resistance, there is a pressing need for novel antimicrobial agents, especially from non-conventional sources.

Several natural products (NPs) have been shown to display promising in vitro activities against multidrug-resistant

pathogens. Still, only a few of these compounds have been studied as prospective drug candidates. Drug

developers are employing different modern strategies to overcome the challenges. These current drug discovery

and design strategies can computationally identify potential liabilities and optimize hit compounds to impact desired

drug-like properties prior to expensive synthesis and pre-clinical experiments. In addition, it can computationally

process a large set of compounds from virtual combinatorial libraries and high-throughput screening to guide

rational decision-making in drug discovery and development. This technique of processing large chemical

bioactivity data is called cheminformatics.

antimicrobial resistance  natural products  cheminformatics

1. Overview of Cheminformatics

Cheminformatic is a data mining technique that uses computer and information strategies to solve chemical

problems by processing raw data into information and information into knowledge . Chemical data processing

in this context involves working with chemical structures . Therefore, this strategy for drug developers aims to

provide better and faster decision-making processes in discovery and lead optimization . Cheminformatics is

gaining much acceptance in the field of computational chemistry. It has great potential, especially in the retrieval

and extraction of chemical information, database search for compounds, interactive data mining for molecular

graphs, and analyses of chemical diversity . It is relevant, particularly in processing hit compounds from

virtual and actual high throughput screenings. Cheminformatic processes such as hit profiling (assessing

physiochemical properties, molecular descriptors, and drug-likeness) can guide hit prioritization and hit optimization

to identify lead compounds (Figure 1), especially from phenotypic screening.
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Figure 1. The overall methodology of cheminformatics application in lead discovery.

1.1. Hit Profiling: Physicochemical Properties of NPs

Cheminformatics have played a significant role in the identification of NPs that has the potential to become drug

candidates . These techniques are widely used to support traditional wet-lab experiments towards the early

identification of drug-like hit, hit-to-lead, and lead optimization processes while improving potency and selectivity.

For example, various structural and molecular representations in cheminformatics have proven to help study the

molecular complexity and quantify the chemical diversity of a library of compounds. This computational approach

has also allowed for profiling, prioritization, and comparison of the molecular descriptors, physicochemical, and

pharmacokinetic properties of a group of NPs and others or with those of known drugs .

The evaluation of the physicochemical parameters (PP) of potential drug candidates is crucial in drug development,

as it assists in the early identification of molecules that may fail at a later stage . The absorption or therapeutic

action elicited by a drug depends mainly on the interaction between the various physical and chemical properties of

the drug and the targets . Therefore, the physical and chemical properties of any compound are crucial to

evaluate the drug-likeness. Furthermore, PP can be manipulated to an optimized condition using computer-aided

strategies for a better drug-receptor relationship. The PP that is key to determining the biological activity of any

drug candidate has been reviewed , a few of these properties are discussed below.
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Molecular Weight (MW)

Molecular weight (MW) is one of the commonly examined physicochemical properties in drug discovery research

. This property has been widely studied for its ability to influence various pharmacokinetic properties like

absorption, bioavailability, permeation, and elimination, particularly with respect of compounds that are intended for

oral administration . MW and few other properties are used in various rule-based drug-likeness filters, such as

Lipinski  and Ghose  to remove undesired compounds from a library. However, antibacterial agents have

been reported to deviate from these rules as marketed antibacterial drugs have higher molecular weights than

other drugs . Furthermore, most marketed antibacterial agents like streptogramins, macrolides, and

daptomycin, commonly used against Gram-positive bacteria, possess larger MW than those used against Gram-

negative groups . However, few Gram-negative bacteria drugs are characterized by substantially high MW.

Polymyxin B1 (1203 Da) and azithromycin (749 Da) are examples of these drugs, and they require penetration

enhancers to aid their permeability .

Partition Coefficient (logP)

The partition coefficient (logP) is the ability of an uncharged molecule to dissolve in a nonhomogeneous two-phase

system of lipid and water . It measures the amount of solute that mixes in the water against that which dissolves

in a lipophilic portion. The logP is used to evaluate how a molecule travels to the target from the site of

administration . This implies that the values of logP are significant indicators of the fate of an administered

drug in the target organism. A negative logP indicates that the molecule is more hydrophilic, and a positive logP

shows that the molecule has a higher affinity for the lipophilic phase.

Similarly, zero logP means that the substance is equally partitioned between the bi-phasic system . In order

to achieve the desired antimicrobial efficacy, it is important to identify or design compounds with optimum logP that

will ensure efficient penetration of the microbes’ cell wall by the natural products. High permeability through

microbial cell wall increase efficacy while decreased permeability may give rise to antimicrobial resistance. The

ideal logP of active molecules against Gram-negative bacteria was around four, and six, respectively .

Hydrogen Bonding

Hydrogen bonding refers to the relationship of an atom of hydrogen from a given compound (known as the donor)

and a hydrogen atom from different compounds (known as acceptor), evidenced by bond formation .

Hydrogen bonds (HBs) are crucial in evaluating the specificity of the binding of a ligand substance to a receptor.

The importance of hydrogen bonds in determining the specificity of drug binding has been reported in various

studies . The impact of HBs in the analysis of the quantitative structure-activity relationships (QSAR)

model has also been established . For example, Kemegne et al.  studied the antimicrobial structure-activity

relationship of anthraquinones isolated from Vismia laurentii. They reported that hydrogen bond acceptors of the

compounds were a determinant of their antimicrobial activity. Furthermore, the addition of a properly positioned

HBA side chain (to form an intramolecular HB) may be logical when hydrogen bond donors are required for target

activity . Hence, quantifying HBs is vital in identifying and optimizing hit compounds .
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2. Concept of Drug-Likeness

Drug-likeness is a quantitative concept used to describe molecules that possess functional groups, chemical and

physicochemical properties consistent with most of the approved drugs . It provides an insight into the early

identification of chemical compounds that are “most likely to succeed” in the drug development venture. A

commonly used approach for estimating the drug-likeness of a given molecule is to screen against acceptable

boundaries of some fundamental molecular properties. An example of this strategy is the famous “Rule of Five’’

developed by Lipinski et al. . Ghose  and Veber’s rule , among many other property-based rules, have also

been used in various studies to determine drug-likeness . The question is whether the application of these drug-

likeness estimation strategies to natural products is a comparison of apples with oranges? Natural products,

chemical entities produced by living organisms, tend to break these established drug-likeness rules obtained from

synthetic chemical libraries. The concept of natural product-likeness has been reported to have the potential to

open new opportunities for drug discovery from natural compounds while neglected by the drug-likeness rule .

2.1. Lipinski’s Rule of Five (Ro5)

The Ro5 is a collection of some important PP that needs to be prioritized in determining the success of orally

administered drugs . There are a likelihood for poor absorption and permeability for drug candidates

whose logP, hydrogen bond donors (HBDs), hydrogen bond acceptors (HBAs), and molecular weight (MW) is

above 5, 5, 10, and 500, respectively . The digit 5 in Ro5 indicates the limit of the parameters, multiples

of 5 . This strategy aims to use a drug-likeness filter to identify for quickly; removal or optimization of poor

pharmacokinetic compounds at an earlier stage of drug discovery .

Several authors have explained successful cases where Ro5 has been employed to evaluate the drug-likeness of

hundreds and thousands of NPs . Zhang and Wilkinson  also reported that about two-thirds of the FDA-

approved drugs are administered orally and passed the Ro5. However, some drawbacks have been identified with

the use of Lipinski’s rule. For example, approved drugs, such as atorvastatin, bromocriptine, and everolimus are

notable violators of the Ro5 . Similarly, Zhang and Wilkinson  have reported that 20% of all orally

administered drugs failed at least one of the parameters of Lipinski’s rule.

2.2. Pharmacokinetics and Toxicity Parameters

Pharmacokinetic descriptors such as absorption, distribution, metabolism, and excretion (ADME), and toxicity (T)

are commonly used properties for profiling or predicting the fate of many drug candidates after clinical

administration . The concept of investigating the ADMET is of interest in early drug discovery given that over

70% of clinical failures have been connected to these properties . In addition to potency, a successful drug

candidate is expected to have favorable ADMET properties .

The use of in silico methods in determining these parameters has significantly contributed to recent advancements

in discovery and development . For instance, ADMET profiling has been used in various studies to identify lead
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compounds . In addition, the assessment of the ADMET properties for potential drug candidates could guide

computational chemists towards an effective structure-activity relationship (SAR) based optimization .

3. Hit-Prioritization Using the Quantitative Estimate of Drug-
Likeness

To address the constraints of the rule-based filtering of compounds, Bickerton et al.  developed a quantitative

estimate of drug-likeness (QED) by combining the desirability of key physicochemical properties (such as

molecular weight, polarity, numbers of hydrogen bond acceptors, and donors, lipophilicity, and the number of

structural alerts) , which impacts the likelihood of attrition . The QED is a flexible and continuous metric

score whose value ranges between 0 and 1. A score of 1 in this context describes any chemical compound with all

its physicochemical properties within the space of an ideal oral drug-like profile, while a score of 0 describes a

compound with undesired properties 

The concept of QED has been used in various studies to prioritize large compound sets and their drug targets. For

example, Egieyeh et al.  conducted cheminformatic profiling of 1040 NPs with anti-plasmodial activity. They

generated a list of compounds that can be prioritized in the development of anti-malarial drugs. Similarly, a

collection of more than 100 active compounds against methicillin-resistant  Staphylococcus aureus  (MRSA) was

also prioritized for anti-MRSA drug development in a recent study . Kim and Lee  also screen chemical

compounds obtained from a Chinese medicinal plant. They used the QED concept as one of the approaches to

profile 475 active compounds for drug-likeness and oral bioavailability. In all these studies, QED has been

described as a more reliable method to estimate drug-likeness than the rule-based approaches .

4. Hit Optimization after Hit Profiling

The aim of structurally optimized hit compounds is to enhance the development of potential drug candidates. In

silico cheminformatic tools can help enhance the physicochemical and pharmacokinetic properties of hit

compounds. This is achieved by selectively modifying the structure of such compounds . In general, this

strategy also tends to optimize the compounds toward reducing toxicity, improving ADME properties, and synthetic

accessibility while maintaining the desired potency .

Structural optimization in drug design can be carried out through a combination of different approaches . The

simplest of these strategies is the direct chemical modification of functional groups through isosteric replacement,

addition, and alteration of the ring systems . This strategy is based on the chemical similarity principle, which

states that chemically similar structures will have similar bioactivity. In a recent study , random replacement of

the functional group was performed on two chemical compounds, α-viniferin and aminoethyl-chitosan, which

showed good anti-MRSA activity but a low desirability score. This led to the identification of two compounds with a

significantly improved properties and a better desirability score.
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