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Abstract 

Bacterial infections and diseases have plagued mankind during centuries. As 

time goes by, modern societies have developed antibiotics in an attempt to fight 

against pathogenic bacteria. Nevertheless, the prevalence of multi-drug resistance 

(MDR) has increased worldwide, representing nowadays one of the leading unresolved 

problems in public health. Therefore, new antimicrobial agents with long-term utility are 

eagerly required to prevent the rapid emergence of antimicrobial resistance. Moreover, 

bacterial diseases have been linked to multiple pathogenic factors, strengthening the 

rationale for the development of multi-target (mt) drugs.  

However, finding new drugs is a complex, expensive, and very time-consuming 

task. Lately, computer-aided drug design strategies such as quantitative structure-

activity relationships (QSAR) have raised as promising alternatives or complementary 

tools toward the effective virtual screening (VS) of potential drugs, thereby limiting the 

time-costly activities involving organic synthesis and biological evaluations. These 

methods and/or approaches are thus progressively attracting the interest of the 

biomedical community and the pharmaceutical industry. 

Many QSAR models have been reported in the scientific literature, including 

those devoted to the search for new and potent antibacterial compounds. In any case, 

significant disadvantages have been found in the uses and applications of classical 

QSAR models. For instance, most of these models predict activities of a few 

structurally related compounds against only one biological target (protein, 

microorganism, cell line, etc.). In other cases, the activity is predicted unspecifically, 

i.e., without considering the biological targets against which the compounds are active. 

Progress achieved in disciplines such as chemoinformatics has led to the 

generalization of QSAR approaches, and currently, mt-QSAR and multitasking 

quantitative structure-biological effect relationships (mtk-QSBER) models have 

emerged as advanced in silico tools in order to accelerate the search for novel 

chemotherapeutic agents. In this thesis, novel chemoinformatic models based on mt-

QSAR and mtk-QSBER were applied in antimicrobial research, from the assessment of 

protein inhibitors to the simultaneous predictions of antibacterial activities and profiles 

related to absorption, distribution, metabolism, elimination, and toxicity (ADMET). 

 

Keywords: Antibacterial; ADMET; biological target; contributions; fragment; in silico; 

inhibitory; mt-QSAR; mtk-QSBER; topological. 
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Resumo 

As infecções bacterianas e doenças têm atormentado a humanidade durante 

séculos. Ao longo dos anos, as sociedades modernas foram desenvolvendo 

antibióticos numa tentativa de combater as bactérias patogénicas. No entanto, a 

prevalência da resistência a múltiplos fármacos (acrónimo em inglês MDR) tem vindo a 

aumentar mundialmente, representando hoje em dia um dos principais problemas em 

saúde pública ainda sem solução. Novos agentes antimicrobianos com utilidade em 

longo prazo tornam-se, pois urgentemente necessários para evitar o rápido 

crescimento da resistência antimicrobiana. Além disso, as doenças bacterianas têm 

sido associadas a vários fatores patogénicos, justificando assim o desenvolvimento de 

medicamentos multi-alvo (acrónimo em inglês mt). 

No entanto, a produção de novos medicamentos é uma tarefa complexa, 

demorada e muito dispendiosa. Recentemente, porém, as estratégias de desenho de 

fármacos assistido por computador, tais como as designadas relações estrutura-

atividade quantitativas (acrónimo em inglês QSAR), constituem alternativas ou 

ferramentas complementares promissoras tendo em vista uma triagem virtual 

(acrónimo em inglês VS) eficaz de potenciais fármacos, limitando assim o custo e 

tempo consumido nas atividades de síntese orgânica e avaliações biológicas. Estes 

métodos e/ou abordagens têm deste modo atraído progressivamente o interesse da 

comunidade biomédica e da indústria farmacêutica. 

Muitos modelos QSAR têm surgido na literatura científica, incluindo aqueles que 

se dedicam à pesquisa de novos e potentes compostos antibacterianos. De qualquer 

modo, algumas desvantagens importantes foram encontradas nos usos e aplicações 

de modelos clássicos de QSAR. Por exemplo, a maior parte destes modelos prevê as 

atividades de vários compostos estruturalmente relacionados contra apenas um alvo 

biológico (proteína, microorganismo, linha celular, etc.). Noutros casos, a sua atividade 

não é prevista de um modo específico, isto é, é prevista sem entrar em linha de conta 

com os alvos biológicos contra os quais os compostos são ativos. 

Os progressos alcançados em áreas como a quimioinformática levou à 

generalização das abordagens QSAR, e atualmente, modelos mt-QSAR e os 

designados modelos de relações quantitativas estrutura-efeito biológico multitarefa 

(acrónimo em inglês mtk-QSBER) têm surgido como ferramentas computacionais 

avançadas a fim de acelerar a pesquisa de novos agentes quimioterapêuticos. Nesta 

tese, novos modelos quimioinformáticos baseados em mt-QSAR e mtk-QSBER foram 

aplicados em investigação antimicrobiana, partindo da avaliação de inibidores de 
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proteína até à previsão simultânea da atividade antibacteriana de compostos e perfis 

relacionados com a absorção, distribuição, metabolismo, eliminação e toxicidade 

(ADMET) desses. 

 

Palavras-chave: Antibacteriano; ADMET; alvo biológico; contribuições; fragmento; in 

silico; inibitória; mt-QSAR; mtk-QSBER; topológico. 
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1.1. Trends in drug discovery and antimicrobial research 

Mankind has witnessed during centuries the devastating power of the bacterial 

infections and diseases. Along the time, modern societies have undergone outstanding 

advances, and therapeutic solutions have been found, especially with the discovery of 

antibiotics/antimicrobial drugs. However, many pathogenic bacteria that once appeared 

to be under control or were believed to be potentially controllable are now causing 

infections and diseases that are increasingly difficult to treat. Indeed, hundreds of 

thousands of cases and millions of deaths involving bacterial diseases are reported 

annually [1]. On the other hand, the condition named multi-drug resistance (MDR) has 

become an alarming reality worldwide [2-7], constituting one of the leading unresolved 

problems in public health. Relatively common bacterial strains belonging to different 

genera such as Mycobacterium, Staphylococcus, Enteroroccus, and Streptococcus are 

increasingly resistant to most drugs, while others (e.g., Pseudomonas) may not be 

even sensitive to any presently available therapeutic agent (Table 1) [8]. These strains 

can cause a range of illnesses, from minor infections like gastroenteritis to life-

threatening diseases such as tuberculosis, endocarditis, bacteremia, pneumonia, 

and/or meningitis, which may be rapidly spread and affect immune-depressed 

individuals [1, 8]. Moreover, there is a huge economic cost related to the morbidity and 

mortality of the bacterial infections and diseases [8], which seems like it will not stop. 

Serious concerns have been raised because of the increase in resistance among 

community-acquired pathogens and those impacting healthcare facilities [1, 8-9]. 

On the other hand, MDR, an essential phenomenon associated with the 

worldwide spread of antibiotic-resistant microorganisms, can be viewed as an 

ecological consequence of the systematic use and misuse of antimicrobial agents (over 

one million tons since the 1940s) [10]. The problem of MDR gets even more complex 

because there are bacteria able to transfer resistance to others. For instance, 

enterococci are considered a reservoir of antibiotic resistance genes, and this fact may 

be exemplified by the particularly efficient means of these bacteria to acquire such 

genes from themselves and other species [1]. Thus, vancomycin-resistant enterococci 

strains have recently emerged [8]. 
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Table 1. Some of the most important bacterial species that develop MDR. 

Genus Species
a
 Antibacterial drugs 

Enterococcus 

E. gallinarum, E. avium, 

E. faecalis, E. faecium, 

E. hirae, E. casseliflavus 

Vancomycin, aminoglycosides (gentamicyn, 

kanamycin), β-lactam antibiotics (penicillins, 

cephalosporins carbanepems) 

Staphylococcus MRSA 
Vancomycin, β-lactam antibiotics (penicillins, 

cephalosporins) 

Mycobacterium 
Mycobacterium 

tuberculosis 
Isoniazid, rifampicin 

Pseudomonas P. aeruginosa 
Aminoglycosides (kanamycin),  

β-lactam antibiotics (cefuroxime, ceftriaxone) 

Streptococcus 
S. pneumonie,  

S. pyogenes 

Wide spectrum antimicrobials, β-lactam 

antibiotics, tetracyclines, lincosamides, 

streptogramins, fluoroquinolones 

a
 MRSA is referred to methicillin-resistant Staphylococcus aureus. 

 

The relentless evolution of resistance, in face of the decrease in the development 

of new antimicrobial agents active against resistant pathogens, has led to an increasing 

number of cases in which the pathogen is resistant to most or even all drugs available 

for clinical use (the so-called pandrug resistance phenotypes) [11]. Therefore, it is 

intuitive to deduce that new, effective, and versatile antimicrobial agents are urgently 

required to fight against bacteria, including those that exhibit MDR [12]. 

Over time, the pharmaceutical industry has constantly struggled to provide 

efficacious drugs for the high incidence of infectious diseases. However, MDR caused 

by bacteria starts to prevail, and antimicrobial therapies have become less effective. 

Despite the advances in technology and understanding of biological systems, drug 

discovery is still a lengthy, expensive, difficult, and inefficient process, with low rate of 

new therapeutic agents. A report published by researchers at Eli Lilly and Company 

suggests that the cost associated with the successful discovery of a single drug (new 

molecular entity) is estimated to be $1.8 billion, and this process can take around 13.5 

years [13]. In this context, one plausible explanation is that until now, drug discovery 

has been based on a misconceived strategy of one drug for one target [14]. Single 

target drugs have been selected for their high affinities to specific disease-related 

receptors/biomacromolecules, and designed to be potent pharmacological agents with 

minimal side effects. Thus, despite the joint application of powerful experimental 

methodologies involving combinatorial chemistry and high-throughput screening (HTS), 

it is not possible to cover the vast molecular space (1063 for small to medium-sized 
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molecules) [15]. On the other hand, advances in systems biology and complexity 

sciences indicate that many diseases including those associated with bacteria, and the 

emergence of MDR have a multi-factorial nature [16-18]. Therefore, any attempt to 

target only one of the multiple pathogenic factors should not be expected to produce 

highly efficacious drugs.  

Multi-target (mt) drugs have been viewed as encouraging alternatives in the 

design of new and versatile therapeutic agents [19]; mt-drugs may have a relatively low 

affinity to different biomacromolecular targets, but remain sufficiently active against 

several of them. Low-affinity drug binding does not seem to be a disadvantage at all. 

Notice that due to their low affinities, mt-drugs might have a lower prevalence and a 

reduced range of side effects than high-affinity, single-target drugs [20]. 

The successful elimination of bacterial infections will depend on two very 

important aspects: the use of potent mt-antibacterial drugs, and their safety profiles to 

human health. From one side, HTS technologies along with combinatorial chemistry 

were expected to solve many of the common problems in drug discovery (including 

MDR) through a massive parallelization of the process [21-23]. In practice, while the 

number of identified hits has substantially increased, no corresponding growth in the 

number of drugs (novel molecular entity) entering the market has been observed [24]. 

On the other hand, when any antibacterial drug candidate is identified, serious 

concerns are expected because of the possible toxic effects of the drug to human 

health [25]. An indiscriminate amount of biological assays are carried out over several 

laboratory animals such as Mus musculus (domestic mouse) and Rattus norvegicus 

(common rat) [26], which are forced to suffer the consequences of the endless 

batteries related to the toxicity tests. 

All these issues have progressively led to the reconsideration and rationalization 

of the drug discovery process, in which the development of computer-aided drug 

design (CADD) methodologies such as those involving quantitative structure-activity 

relationships (QSAR), have gained a role of tremendous importance [27-29]. The use 

of QSAR models has attracted the attention of the biomedical community and the 

pharmaceutical industry, since they are expected to limit the time-costly activities 

associated with organic synthesis and biological evaluations. 

With the recent advances achieved in disciplines such as chemoinformatics [30-

32], QSAR models have evolved in order to assess the different biological profiles of 

the molecules in a more phenomenological way. Currently, different research groups 

have moved forward to the creation of advanced chemoinformatic models focused on 

mt-QSAR approaches [33], as well as others based on multi-tasking quantitative 
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structure-biological effect relationships (mtk-QSBER) [34]. These models have been 

very useful tools for virtual screening (VS) of compounds with dissimilar biological 

activities, ranging from the prediction of pharmacological profiles by considering many 

different biological targets (biomacromolecules, microorganisms, cell lines, etc.) to the 

simultaneous in silico evaluation of diverse biological effects under multiple sets of 

experimental conditions. 

 

1.2. Scope of the thesis 

This thesis was aimed at developing novel chemoinformatic models based on 

different mt-QSAR/mtk-QSBER approaches in order to speed up the search for new 

and versatile antimicrobial agents: from the assessment of protein inhibitors to the 

simultaneous predictions of antibacterial activities and profiles related to absorption, 

distribution, metabolism, elimination, and toxicity (ADMET). Therefore, the specific 

goals of this thesis were:  

 Development of mt-QSAR models to perform VS of inhibitors for proteins 

essential for the survival and/or virulence of bacterial species. 

 Generation of mtk-QSBER models based on graph-theoretical (topological) 

indices for simultaneous predictions of antibacterial activities against different 

genera of bacteria (Mycobacterium, Staphylococcus, Enterococcus, 

Streptococcus, Escherichia, Pseudomonas, etc.), and ADMET properties by 

considering species such as mice (Mus musculus), rats (Rattus norvegicus), 

and humans (Homo sapiens). 

 Identification of substructural alerts (molecular fragments) in terms of their 

quantitative contributions to a defined biological effect (activity, toxicity, etc.), 

by considering at least one of the following factors: biological target 

(biomacromolecule/protein, microorganism, laboratory animal, and human), 

measure of the effect, and assay conditions. 

 Proposing new rationally designed compounds or predicting experimental 

antibacterial drugs (in advanced phases of clinical trials) not included in the 

datasets, as versatile and safer antibacterial agents under dissimilar 

experimental conditions. 
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2.1. Current QSAR approaches and molecular descriptors 

2.1.1. Classical QSAR models, 3D-QSAR techniques, and beyond 

By mathematical definition, QSAR methodologies involve the development of 

regression or classification models to relate a set of predictor variables X (molecular 

descriptors) to the potency of the response variable Y (biological activity) [28]. In 

general terms, and according to Todeschini et al. [35], a molecular descriptor is the 

result of some standardized experiment, or the final result of a logic and mathematical 

procedure, which transforms chemical information encoded within a symbolic 

representation of a molecule into a useful number. Popular QSAR models go from the 

applications of classical conceptions to the use of 3D-QSAR methods [27]. From one 

side, classical QSAR models are based on traditional approaches, which describe the 

structural dependence of the biological activities either by local physicochemical 

descriptors such as hydrophobicity, molar refractivity, and electronic factors (Hansch 

analysis), or by indicator variables (discrete descriptors) encoding different 

substructural features (Free-Wilson analysis) [27]. In both cases, small datasets of 

structurally related compounds are used to derive the QSAR models for which the 

biological activity has usually been measured against only one biological target (usually 

a protein). In general terms, the use of those classical approaches makes impossible to 

have a better knowledge about the structural patterns associated with the appearance 

and/or enhancement of the biological activity, and no information about the molecular 

diversity or complexity can be extracted. Thus, classical QSAR models based on 

Hansch and Free-Wilson analyses, or related approaches will be usually limited by the 

size and diversity of the data, i.e., they will contain a remarkably reduced portion of the 

molecular space that can be explored for modeling a given activity. 

A promising alternative to the use of classical QSAR approaches has been the 

development of tridimensional (3D) QSAR techniques. These are focused on the 

application of force field calculations requiring three-dimensional structures (e.g., based 

on protein crystallography data or molecule superimposition) [27]. They resort to 

computed potentials, such as the Lennard-Jones potential, rather than experimental 

constants (as in Hansch analysis). Additionally, 3D-QSAR techniques are concerned 

with the overall molecule rather than a single substituent, where aspects involving 

steric fields (shape of the molecule), hydrophobic regions (water-soluble surfaces), and 

electrostatic fields are determined [36]. Two of the main approaches used in 3D-QSAR 

are comparative molecular field analysis (CoMFA), and comparative molecular 

similarity indices analysis (CoMSIA). In both cases, the most important precondition is 

that all molecules have to interact with the same receptor/biomacromolecule (enzyme, 
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ion channel, transporter) in the same manner, i.e., with identical (or at least similar) 

binding mode. This allows the correct implementation of the superposition rule, which is 

the essential foundation of the 3D-QSAR techniques [36]. Afterwards, all molecules are 

aligned according to their pharmacophore and surface properties with respect to a 

molecule whose active conformation (3D-structure) is known. In the final step, partial 

least squares (PLS) is used as statistical method [37], with the aim of finding a linear 

regression model by projecting the predicted and the observable variables to a new 

space. A PLS model will try to find the multidimensional direction in the X space 

(independent variables) that explains the maximum multidimensional variance direction 

in the Y space (response variable). This statistical technique is very useful when there 

are more independent variables than observations (compounds), and when there is 

multicollinearity among independent variables [37]. By contrast, standard multiple linear 

regression (MLR), which is used in classical QSAR approaches, will fail in these cases. 

Therefore, 3D-QSAR techniques represent an advance with respect to those 

models focused on classical approaches. These complement the traditional QSAR 

ideas based on physicochemical properties or indicator variables, offering the 

advantage that it is easier to calculate descriptors for most molecules. Because of their 

speed and accuracy, 3D-QSAR techniques can also complement calculations based 

on the structure of the ligand-macromolecule complexes [36]. Indeed, over time, 3D-

QSAR approaches have evolved to improved variants such as 4D-QSAR  additionally 

including ensemble of ligand conformations and protonation states in 3D-QSAR [38], 

5D-QSAR  adding induced-fit effects of the adaptation of the receptor binding pocket 

to the individual ligand topology in 4D-QSAR [39], and 6D-QSAR  further 

incorporating different solvation models in 5D-QSAR [40]. 

Alternatively to 3D-QSAR approaches, the structures of the molecules can be 

optimized without any superimposition and/or alignment rule. Toward that end, 

calculations based on density functional theory (DFT) or molecular dynamics (MDyn) 

are carried out [41], and both local (charge, polarizability HOMO/LUMO-based 

parameters) and global descriptors (different energies, volumes, and areas) can be 

determined and used to obtain correlations with the biological activities. In addition, the 

highly accurate quantum mechanics (QM) calculations allow the study of more specific 

interactions such as the strength of hydrogen bonds, stability of coordination bonds, 

etc.  

Molecular docking (MDock) can be used alone or in combination with 3D-QSAR 

techniques. The principal objective of MDock is to explore the binding modes of two 
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interacting molecules, depending upon their topographic (3D) features or energy-based 

considerations in order to fit them into conformations that lead to favorable interactions 

[42]. MDock uses experimental data focused on the 3D structure of the biological 

receptor/biomacromolecule (alone or forming complex with a ligand) obtained by X-ray 

crystallography or nuclear magnetic resonance (NMR). Then, the computational 

analysis in MDock permits to know if a defined ligand can fit into the cavity of a 

receptor/biomacromolecule, and thus, key steric, electronic, and hydrophobic factors in 

the protein-ligand complex (if formed) can be revealed and studied. 

Nevertheless, at least one of the following significant disadvantages or limitations 

can be found in any of the techniques and methods mentioned above. For instance, 

there is a remarkable uncertainty regarding the bioactive conformations and the 

different binding modes of the ligands. There is also a high risk (if not guaranteed) of 

chance correlations. On the other hand, 3D-QSAR along with any of these 

complementary techniques/approaches can be mostly applied to in vitro data (more 

especifically, to inhibition of biomacromolecules). 

 

2.2. New horizons in molecular descriptors. Graph theory 

2.2.1. Overview on topological indices 

Many of the limitations mentioned in the previous section can be solved by 

considering the molecular structure as a graph-theoretical representation. Thus, in the 

last 15 years, there has been an explosion in the creation of novel variables, which can 

be defined as mathematical representations of the molecular structure: topological 

indices [35].  

Let us consider a finite set V, and E as a symmetric and anti-reflexive relation on 

V. That is, E is a set of unordered pairs of elements of V. Then the set V together with 

E form a network connection. If G is denoted as the graph, then it can be written G = 

[V, E] [43]. Here, a graph is defined as a representation of a set of objects where some 

pairs of the objects are connected by links. The interconnected objects are represented 

by mathematical abstractions called vertices (v), while the links that connect the pairs 

of vertices are called edges (e) [44]. When the concept of graph is applied to the 

chemical structure, the vertices of the graph are atoms, and the bonds connecting each 

pair of atoms are edges (see Figure 1). So from now on, terms such as “vertices” and 

“atoms” will be used interchangeably. The same will be applied to the terms “edges” 

and “bonds”. 

 

 



 
        28 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 

 

Figure 1. Graph-theoretical representation of 2-methylpentane. 

 

From the previous ideas, it is possible to deduce that a topological index is a 

numerical variable derived from a graph-theoretical representation, characterizing a 

molecule as a whole [35]. Therefore, a topological index numerically expresses, in a 

more or less discriminating way, the topological information for a given chemical 

structure. This information usually gives a “vision” regarding the molecular size, shape, 

complexity, and connectivity between the different atoms in the molecule. Topological 

indices are graph invariants, which means that they do not depend on graph 

representations such as particular labellings or drawings of the graph [35]. That is 

probably the main property of the topological indices, which make them suitable for the 

representation and characterization of the molecular structure. 

Most of the proposed topological indices are related to the vertex distance matrix 

of the molecular graph, or to the vertex adjacency matrix. Many of them are 

constructed by considering the hydrogen-suppressed molecular graph. Nowadays, 

there are hundreds of families of topological indices reported in the literature [45], 

yielding millions of molecular descriptors. Their definitions are based on almost artistic 

conceptions, and it is necessary to find the appropriate index for a particular purpose 

among many possibilities. This gives an idea that it would be very difficult to find 

universal descriptors that could be applied to any kind of chemical problem. That 

justifies the continuous search for new topological indices that contain novel structural 

information not codified until now by any other descriptor. 

A highly valuable compendium in the field of molecular topology was realized by 

Todeschini and Consonni in their Handbook of Molecular Descriptors [35], which also 

includes 3D (topographical) descriptors, most of them derived from those with 

topological nature. More recently, the same authors have reviewed the literature due to 

the explosion of topological indices. Thus, a new encyclopedia focused on the 

application of graph-theoretical chemistry has been published: Molecular Descriptors 

for Chemoinformatics [45]. Taking into consideration the huge amount of topological 

indices, only some of them will be briefly discussed. 



FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 

protein inhibitors to antibacterial compounds and back 

29 

 
2.2.2. Topological indices based on the vertex distance matrix 

The distance matrix D of a graph is a square symmetric matrix of size n × n 

vertices/atoms taken pairwise. The off-diagonal elements of D are the topological 

distances (see Figure 2), i.e., the number of edges (bonds without counting their 

multiplicities) between any two vertices/atoms. Thus, from the graph-theoretical 

representation in Figure 1, the distance matrix can be obtained. 

 

Figure 2. Atom-based distance matrix of 2-methylpentane. 

 

There are many topological indices based on the distance matrix, which have 

been created for different purposes [45]. The first topological index based on the matrix 

D of a molecular graph was the Wiener number W(G) [46], which is equal to the half-

sum of the elements of the matrix D: 

)1(
2

1
)( ∑∑

1= 1=

n

i

n

j
ijd=GW  

In Eq. 1, dij represents the distance (number of connections) between any two 

vertices. The index is defined as a half-sum due to the symmetry of the distance matrix 

of the graph. The smaller the value of W(G), the greater will be the molecule 

compaction. The reason by which the W(G) value decreases with the increment of the 

branching in a graph (molecule) is the fact that the molecular branching reduces the 

number of long chains and increases the number of short chains. Therefore, the sum of 

all chains should decrease. The Wiener number has a poor discrimination power. 

Another very important topological descriptor based on D is the Balaban index 

J(G) [47], which was introduced in 1982 for a graph formed by n vertices and m edges, 

being defined as the connectivity of the average distance sum: 
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In Eq. 2, si is the sum of the distances from 1 to n for vertex i. This sum of the 

distances is equivalent to adding all the elements of a matrix row distance. The 

element µ = m  n + 1 is called cyclomatic number. An important aspect about J(G) is 

that this index has a greater discrimination power than W(G) [47]. 
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In 1993, Plavšic et al. introduced a new index called Harary number H(G), in 

honor of professor Frank Harary on his 70th birthday [48]. This index is defined by 

analogy with respect to the Wiener number, but using the inverse square matrices of D. 

In this sense, either D-1 or D-2 can be used, yielding diverse versions of H(G). In the 

specific case of D-2, this is a weighted distance matrix in which the weights between the 

vertices of the graph G resemble Coulomb‟s law between the sites of the 

corresponding structure [49]. Harary number is calculated according to the following 

formalism: 
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where k = 1 (for matrix D-1) or k = 2 (in the case of matrix D-2). As in the case of J(G), 

the index H(G) offers a better discrimination among isomeric structures such as 

alkanes. 

 

2.2.3. Topological indices based on the vertex adjacency matrix 

The vertex adjacency matrix A is a square table of size n × n, being n the number 

of vertices/atoms (see Figure 3), whose off-diagonal elements aij are equal to 1 if 

vertex i is connected with vertex j, and 0, otherwise. 

 

Figure 3. Atom-based adjacency matrix of 2-methylpentane. 

 

Topological indices based on the matrix A are generally regarded as the sum of 

any combination of the degrees of adjacent vertices, or as algebraic invariants. Zagreb 

indices are among the first topological indices based on the matrix A [50]: 
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where δi is the vertex degree, i.e., the number of atoms connected with atom i. 

Probably, the most acclaimed topological index was introduced by the eminent 

scientist Milan Randić in 1975, as a measure to characterize the branching in acyclic 
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saturated hydrocarbons [51]. This topological descriptor, currently known as the 

connectivity index (χ) is defined similarly to M2, but using the exponent -0.5 in the sum: 
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Kier and Hall generalized and extended the use of the connectivity index [52]. 

The current definition of connectivity indices created by Kier and Hall uses the concept 

of subgraph. In more chemical terms, a subgraph can be considered as a part, region 

or fragment of a molecule, having two principal characteristics (see Figure 4), its order 

(number of edges/bonds), and its type (path, cluster, path cluster, and chain) [53]. 

According to Kier and Hall, the connectivity indices can be calculated using the 

following equation: 
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where 
ν
t

m χ  is the valence connectivity index of type t and order m. The product is over 

the m + 1 vertex degrees in the subgraph having m edges, and the summation is 

carried out over all the subgraphs of type t in the molecule. 

 

Figure 4. Types of subgraphs used for calculating the extended connectivity indices. 

 

The element 
ν
iδ is the valence vertex degree, which can be calculated according 

to the following formula: 
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where ν
iZ is the number of valence electrons of the atom i, iZ  its atomic number, and 

hi the number of hydrogen atoms connected with the atom i. The conception about the 

use of the extended connectivity indices represents a great advance with respect to 
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those originally introduced by Randić [51] because the extended connectivity indices 

permit to consider the presence of heteroatoms in the molecules. Kier also suggested a 

series of molecular shape indices, which are based on chemical graphs. This author 

defined the shape of a molecule as a sum of many structural attributes, where each 

attribute described the quantification of some characteristic of the graph [54]. Thus, 

Kier shape indices in the most generalized form consider certain weights for 

differentiating among heteroatoms. For a molecule having n atoms different from 

hydrogen, these descriptors are defined by considering the following equations: 
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In Eqs. 9-11, 1P, 2P, and 3P are the numbers of path of length 1, 2, and 3, respectively. 

The term α is given by the following expression: 
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where Ri is the covalent radius of the ith atom, and 3Csp
R is the covalent radius of the 

carbon atom with sp3 hybridization. 

Topological indices have been the object of some criticisms, and some authors 

believe that these graph-based variables have no physicochemical or structural 

meanings [27]. Some researchers have made emphasis on the fact that the topological 

indices are very useful in QSAR studies and in quantitative structure-property 

relationships (QSPR) because of their abilities to differentiate contributions from more 

exposed terminal bonds and/or more buried interior bonds [55]. That is, when 

considering bond additive properties of alkanes, better regressions were found when 

greater weights were assigned to terminal C-C bonds and lesser weights to internal C-

C bonds. Here, it was suggested that the topological indices should be discussed in 

terms of their partitioning into bond contributions, which for different indices and 

different bonds will assume different values. Bearing this in mind, a well known index 
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such as W(G) was transformed into a new index in which the bond contributions were 

determined using the reciprocal of the product of the number of atoms on each side of 

a bond. 

When compared with respect to the “old” W(G), the modified Wiener number 

showed better linear regressions for boiling points of octane isomers. Additionally, this 

important work indicated a useful classification of the topological indices based on the 

relative magnitudes of the contributions of terminal and interior bonds. At the same 

time, the authors also offered a guide for partitioning global molecular indices into bond 

additive terms, and a general scheme for partitioning molecular descriptors into bond 

contributions was outlined for indices derived from a selection of matrices associated 

with the molecular graphs. 

However, it was in 2001 when Prof. Ernesto Estrada demonstrated why 

topological indices, and more especifically, connectivity indices can be very useful in 

QSAR/QSPR studies [56]. This scientist was able to explain in mathematical terms that 

the molecular connectivity indices can be considered as components of the molecular 

accessibility, where the first and second-order connectivity indices represent molecular 

accessibility areas and volumes, respectively, and higher order indices represent 

molecular accessibilities in higher dimensional spaces. In identifying accessibility 

perimeters, he demonstrated that atom degrees are measures of the accessibility 

perimeters of the corresponding atoms. The accessibility perimeters were computed by 

Estrada using van der Waals and covalent radii of the atoms, and the overlapping 

angles between the van der Waals circumferences of the bonded atoms.  

In fact, this valuable research served to prove that the description of the 

accessibility area in terms of the first-order connectivity indices accounted for by the 

success of these descriptors in correlating different physicochemical and biological 

properties because they are a measure of the extent of the intermolecular interactions. 

Therefore, it is intuitive to deduce that the topological indices can be analyzed from a 

physicochemical point of view, describing not only information related to the molecular 

connectivity and shape, but also, several important 3D features. The physicochemical 

interpretation of the connectivity indices given by Estrada can be viewed as a “rule of 

thumb” in chemical graph theory and chemoinformatics. 

 

2.2.4. Topological indices based on the edge adjacency matrix 

Some years before the masterful explanation regarding the physicochemical 

interpretation of the connectivity indices [56], Estrada revisited the graph invariant 

suggested by Randić (and extended by Kier and Hall), creating by analogy, a new 
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topological index based on the edge (bond) adjacency matrix [57]. The edge adjacency 

matrix E, is a square table of size (n-1) × (n-1), being n the number of vertices, and the 

off-diagonal elements eij are equal to 1 if edge i is connected with edge j (they are 

incident in the same vertex), and 0, otherwise (see Figure 5). 

 

Figure 5. Edge (bond)-based adjacency matrix of 2-methylpentane. 

 

The new graph-theoretical variable derived from matrix E is called edge 

connectivity index, which can be calculated according to the following expression: 
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where d(ek) is the bond degree, and the sum runs over all the edges of the subgraph of 

type t. The bond degree is the number of bonds, which are adjacent to the bond under 

analysis. It can be defined as: 

)14(2+)( -=e jik δδd  

being δi and δj the vertex degrees of the atoms i and j, which are incident in the bond 

ek. The family of edge connectivity indices helps to confirm the power and applicability 

of the topological indices because they can be considered as measures of the 

molecular volume [57]. In the matrix E, the diagonal entries represent each bond of the 

molecule. This matrix can be weighted by tabulated (experimentally determined) 

physicochemical properties (PP) such as standard bond distances, dipole moments, or 

mathematical expressions involving atomic PP (see Figure 6) [58]. The weight w(ek)i,j 

for an edge/bond, where the atoms i and j are bonded between each other is calculated 

according to the following expression: 
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where PPi and PPj are the atomic physicochemical properties (polarizability, refractivity, 

electronegativity, polar surface area, etc.) of the atoms i and j respectively, and δi and 

δj are their corresponding vertex degrees. By mathematical definition, the trace Tr of 

any matrix is the sum of the main diagonal entries. For this reason, Tr can be used to 

codify the structural information by considering the main diagonal entries as 

characteristics of the bonds in the molecules. 
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Figure 6. Structure of dimethylpropylamine and its matrix wE weighted by the hydrophobicity. 

 

The topological/substructural indices derived from the mathematical operation 

mentioned above are called spectral moments of the bond adjacency matrix [59-61]. 

Thus, the spectral moment of order k (μk) can be calculated as follows: 
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where eii represents the main diagonal elements weighted by the different PP. The 

spectral moments of the edge adjacency matrix are also known as TOPS-MODE 

(TOPological Substructural MOlecular DEsign) descriptors. These structural variables 

exhibit two very important characteristics. From one side, TOPS-MODE descriptors can 

be used to calculate the quantitative contribution of any fragment (real or virtual) to the 

desired biological effect (activity or toxicity) [58, 62-65]. This comes from the fact that 

spectral moments can be expressed as linear combinations of the number of times in 

which a fragment appears in the molecule [59-61]. That is, if a defined fragment is 

selected, its corresponding contribution to any biological effect can be calculated, 

providing a better idea regarding the potential relationship between the fragment, and 

its influence in the biological effect under study. 

On the other hand, despite the topological nature of the spectral moments of the 

edge adjacency matrix, they can explain a considerable part of the 3D features in the 

molecules. A proof of that was given in a work published by Estrada et al. [66], where 

the dihedral angles in a series of biphenyl derivatives were predicted. In this work, the 

dihedral angle between both phenyl rings determined by photoelectron spectroscopy in 

a series of seven alkylbiphenyl derivatives was described by the local spectral 

moments of the edge adjacency matrix. This series was extended to 78 alkylbiphenyl 

compounds by estimating the dihedral angle from molecular mechanics force field 

calculations. The linear correlation obtained between the dihedral angles and the local 

spectral moments showed a correlation coefficient around 0.984. This result proves 

that the topological indices can significantly account for the 3D structural parameters. 
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2.2.5. Other relevant topological indices and the characterization of the 

stereochemistry 

The lead discovery procedure encompasses, among other aspects, the search 

for compounds in nature, and the investigation of their side effects. A deemed essential 

target in drug discovery is the consideration of the stereochemical aspects of the 

molecules [67]. In the field of chemical graph theory, great efforts have been made in 

an attempt to characterize the stereochemistry of organic compounds [45].  

One of the most valuable works focused on the creation of topological indices 

with information regarding the stereochemistry comprised the introduction of Markov 

chains to the molecular structure [45]. This new graph-theoretical approach is known 

as MARCH-INSIDE (MARkov CHains Invariants for Network SImulation and DEsign), 

and it considers as the Markovian states the Pauling electronegativities and the 

external electron layers (valence electrons) of any atom core in the molecule [68]. The 

basic idea underpinning the MARCH-INSIDE approach is that a series of atoms 

interact to form a molecule at an arbitrary initial time t0. Then, after this initial 

hypothetical situation, the electrons start to distribute around cores in discrete intervals 

of time tk. MARCH-INSIDE descriptors are derived from the different kth powers of the 

electron-transition stochastic matrix denoted as 1Π [68]. This is a modification of the 

matrix A (see Figure 3), where both main and off-diagonal elements are weighted 

according to the probabilities of the states (1pij), i.e., the probabilities considering the 

transitions of an effect from one atom to another: 
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where ξj is the electronegativity of the atom j, which is bonded with the atom i. The 

elements of 1Π (1πij) are defined to codify information about the electron-withdrawing 

strength of the atoms to withdraw electrons from their neighbors in the molecule. It 

should be noticed that the ξj can be substituted by any other PP. Eq. 17 can be 

modified with the aim of describing information based on the presence of 

stereochemical elements: 
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All the terms in Eqs. 17 and 18 have the same meaning. The only difference is 

the element kωe that accounts for the presence of the central chirality factor [45], being 
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ωk, a dummy variable. Thus, ωk = 1 when the atom j has R chirality notation as defined 

by the Cahn-Ingold-Prelog rules, ωk = 0 if atom j is non-chiral, and ωk = 1 if atom j has 

S chirality. The chemical idea here is not that the attraction of electrons by an atom 

depends on the chirality because as the experience shows, chirality does not change 

the electronegativity of the atoms in the molecule in an observable way [69]. Rather, 

this correction is principally based on a graph-theoretical aspect. 

Several topological indices can be in principle calculated from the graph-

theoretical/probabilistic conception used in the MARCH-INSIDE approach. Anyway, the 

most important and widely used MARCH-INSIDE descriptors are the stochastic 

spectral moments (Sµk) of the kth powers of the electron-transition stochastic matrix 

1Π(ω), and they can be defined as: 
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where kπii are the diagonal entries of the of the kth powers of 1Π(ω). 

The applicability of these chirality topological indices was demonstrated by 

constructing a QSAR model for classification of ACE (angiotensin-converting-enzyme) 

inhibitors, and the prediction of σ-receptor antagonist activities [69]. Here, the anti-ACE 

activity of a perindoprilate's σ-stereoisomer combinatorial library was modeled. A 

QSAR model based on linear discriminant analysis (LDA), and using chirality MARCH-

INSIDE descriptors, could correctly classify 83.33% of active compounds and 94.12% 

of non-active in the training set, with accuracy (Acc) of 91.30%. On the other hand, the 

model classified 83.33% of these compounds in the prediction (test) series. Only three 

isomers (those with higher activity) were used in the prediction (test) set, and the model 

classified all three very well. A similar predictive behavior was observed in a leave-1-

out cross validation experiment. By performing a canonical regression analysis, the 

statistical quality of the model was corroborated, with Rc = 0.790 (canonical correlation 

coefficient), and p-value < 0.001 (probability of error), and the canonical scores of 

biological activity for each compound were computed. 

In the same work, a second QSAR model was created. The purpose of the latter 

model was the prediction of the biological activities of chiral 3-(3-

hydroxyphenyl)piperidines as σ-receptor antagonists by using MLR analysis. The 

model was statistically significant with r = 0.963 (correlation coefficient), s = 0.290 

(standard deviation), p-value < 0.0001, and the application of the Student‟s t test 

permitted the detection of non-symmetric properties within the data set, justifying the 

use of non-symmetric (for pairs of enantiomers) molecular descriptors. The model 

based on chiral MARCH-INSIDE descriptors, also showed very good stability to data 
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variation in leave-1-out cross validation experiments with scv = 0.320 (standard 

deviation from cross-validation process). 

Other topological indices, which consider the characterization of the 

stereochemistry are those derived from the TOMOCOMD (TOpological MOlecular 

COMputer Design) approach [45]. TOMOCOMD (TD) descriptors are both topological 

and geometrical descriptors derived from the application of discrete mathematics and 

linear algebra theory to chemistry [70-72]. When these descriptors are used, the 

molecular graph is considered a pseudograph, i.e., the diagonal elements of the 

adjacency matrix A account for the presence of loops on graph vertices. Loops are 

used to characterize atoms in aromatic rings having more than one canonical structure. 

In the matrix A, the main diagonal entries are equal to 1 for those vertices/atoms 

containing loops; otherwise, they are equal to 0. In the case of the off-diagonal entries, 

they are equal to 1 if at least one atom connected to another has loops. The value of 

the entry for two bonded/connected vertices/atoms without loops is equal to the 

multiplicity of the bond connecting those atoms. In any other case, the value of the 

entry is equal to 0.  

Thus, given the graph-theoretical square matrix A of dimension n × n (being n the 

number of vertices), three main families of TD descriptors can be calculated from the 

kth power of A [70-72], where the following general expression is used: 
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In Eq. 20,    and   are two molecular vectors, [XT] is the transpose of [X], which is 

a column vector (n × 1 matrix), and its components are x1,…, xn. The term [Y] is 

another column vector whose components are y1,…, yn. In addition, the term kaij 

represent the elements of the kth power of A. The components of the column vectors 

[X] and [Y] are used as weights (atomic PP). Thus, in the case when [X] = [Y], 

quadratic indices are obtained [70]. If [X] = [U], being [U] the N-dimensional unitary 

column vector, then, linear indices result from this condition [71]. Finally, if [X] ≠ [Y], 

bilinear indices are generated [72]. The same mathematical formalism explained here 

has been applied to the construction of adjacency matrices based on edges/bonds [73-

75]. As in the case of the MARCH-INSIDE descriptors mentioned above, 

stereochemical TD descriptors were created by introducing a correction factor based 

on a trigonometric function: 

)21(+* iii F= xx  
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where xi is the atomic PP of atom i, and Fi is the stereochemical correction factor 

expressed as: 

)22(
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In Eq. 22, ωi and Δ are two parameters defined as follows: ωi = 1 and Δ is an odd 

number if the atom has R- or axial configuration, or E-isomerism; ωi = 1 and Δ is an 

odd number if the atom has S- or equatorial configuration, or Z-isomerism; otherwise, 

ωi = 0 and Δ is an even number, e.g., atoms that do not participate in the geometric, 

axial, or optical isomerism of the molecule. 

Stereochemical TD descriptors, and particularly, stereochemical quadratic indices 

were used in practice to predict the relative affinities of the steroid „benchmark‟ data set 

to the corticosteroid-binding globulin (CBG) [76]. In this study, it was shown that the 

chirality quadratic indices closely correlated with the measured CBG affinity values in a 

dataset formed by 31 steroids. These descriptors were correlated with biological data 

through MLR analyses. Two statistically significant QSAR models were obtained by 

employing non-stochastic (r = 0.924 and s = 0.460) and stochastic (r = 0.929 and s = 

0.460) chirality quadratic indices. A leave-one-out (LOO) approach was used here; the 

best results obtained in the cross-validation procedure with non-stochastic (q2 = 0.781) 

and stochastic (q2 = 0.735) stereochemical quadratic indices were similar to (or better 

than) most of the 3D-QSAR approaches reported so far. These results support the idea 

that the stereochemical quadratic indices may be helpful in predicting the CBG for new 

compounds, with possibility to be extended to the prediction of binding affinity against 

many other biomacromolecules/proteins. 

Alternatively, the matrix A can be transformed to the matrix P through the use of 

mutual probabilities, pij, which indicate the relative frequency of certain types of atoms 

(elements aij) in a molecule. Consequently, each TD descriptor can be converted to its 

analogous probabilistic index (PTD): 
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Notice that, Eqs. 23 and 24 can be also applied to edges/bonds. The probabilistic 

variants of the TD descriptors have the advantage that they lead to lower correlations 

as independent variables in a QSAR model. 
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2.3. Applications of topological indices for modeling 

heterogeneous datasets of compounds. Prediction of the 

antibacterial activity 

The previous subsections served to confirm the role of the topological indices as 

essential components of chemoinformatics. It was also demonstrated the evolution of 

these graph-based descriptors, from their physicochemical interpretations to the 

demonstration regarding the fact that the topological indices can remarkably explain 3D 

features of the chemical structure.  

Geometry optimization is not a requirement for the calculation of topological 

indices. Thus, QSAR models involving these molecular descriptors can be viewed as 

alignment-free prediction tools. At the same time, the fact that many of the current 

topological indices can describe the structures of the molecules both globally and 

locally, allow their applications in QSAR models for predicting dissimilar biological 

activities and toxicological profiles in relatively large and heterogeneous datasets of 

compounds [75, 77-90]. It should be noticed that the phrase “relatively large and 

heterogeneous datasets of compounds” is applied here to those QSAR models, where 

at least 100 compounds have been used in the training set, i.e., the set used to build 

the QSAR models. 

In antimicrobial research, several works have embodied significant advances 

toward the VS of antibacterial agents (for instance, the works shown in Table 2) [91-

95]. In all these reports, the main objective was the construction of QSAR models 

based on LDA to differentiate the structural patterns present within antibacterial 

drugs/chemicals from those molecular features present in compounds with other 

pharmacological profiles. 

In each of these works, a relatively large dataset of hundreds of compounds was 

used to construct the LDA-QSAR model. An interesting aspect of the QSAR models 

based on topological indices and resorting to heterogeneous datasets of compounds is 

that different data analysis methods, such as LDA, artificial neural networks (ANN), 

support vector machine (SVM), random forest (RF), and many others can be used [96]. 

 

 

 

 

 

 



FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 

protein inhibitors to antibacterial compounds and back 

41 

 
Table 2. Graph-theoretical approaches for VS of antibacterial agents. 

Antibacterial 

activity 

Molecular 

descriptors 
N(T/P)

a
 

Percentages of correct 

classification
b 

Ref. 

General 

antibacterial 

activity 

TOPS-MODE 292/63 

Sen = 93.45% (91.11%) 

Spec = 86.29% (83.33%) 

Acc = 90.41% (88.88%) 

[91] 

Anti-tuberculosis 

activity 
Hybrid TOPS-MODE

c 
122/45 

Sen = 86.53% (80.00%) 

Spec = 95.71% (92.00%) 

Acc = 91.80% (86.67%) 

[92] 

Anti-tuberculosis 

activity 

Topological and 

topographical indices
 

122/45 

Sen = 78.84% (75.00%) 

Spec = 84.28% (76.00%) 

Acc = 83.60% (75.50%) 

[92] 

General 

antibacterial 

activity 

MARCH-INSIDE 492/175 

Sen = 91.97% (92.39%) 

Spec = 94.04% (95.18%) 

Acc = 92.88% (93.71%) 

[93] 

General 

antibacterial 

activity 

Non-stochastic TD 

quadratic indices
d 

1525/505 

Sen = 90.19% (90.48%) 

Spec = 95.07% (94.07%) 

Acc = 92.66% (92.28%) 

[94] 

General 

antibacterial 

activity 

Non-stochastic TD 

linear indices
d 

1525/505 

Sen = 88.59% (86.90%) 

Spec = 94.08% (95.63%) 

Acc = 91.61% (91.49%) 

[95] 

a
 N(T/P) - number of compounds in training/prediction sets respectively. 

b
 Sen – Sensitivity, as the 

percentage of active compounds which were correctly classified; Spec – Specificity, as the percentage of 

inactive compounds which were correctly classified; Acc – Accuracy, as the percentage of total 

compounds which were correctly classified.
 c

 Referring to the use of the TOPS-MODE approach 

combined with fragment-based descriptors. 
d
 Only the best model according to the TOMOCOMD 

approach is reported. 

 

2.4. Recent advances in chemoinformatics. Generation and 

application of mt-QSAR and mtk-QSBER models 

2.4.1. General ideas 

All the works reported in section 2.3 confirm that the QSAR models based on 

topological indices are more powerful tools for discovering antibacterial drugs than 

those employing classical or 3D-QSAR approaches. However, models from section 

2.3 (or any other where topological indices are applied to heterogeneous datasets) 

predict the activity unspecifically, that is, there is no possibility of establishing against 

which biological target (protein, microorganism, cell line, tissue, laboratory animal, etc.) 

a molecule can be active or inactive. Consequently, if any QSAR model is used in an 
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attempt to speed up the discovery of new molecular entities with desired 

pharmacological profiles, then, many assays will have to be conducted in order to 

determine the biological target inhibited by each molecule. Additionally, topological 

indices (or any other family of molecular descriptors) only depend on the molecular 

structure, and for this reason, they will not be able to discriminate the biological effect 

of a compound by considering different biological targets. 

All these disadvantages can be overcome with the use of mt-QSAR models, 

which are focused on predicting the biological effect (activity or toxicity) of any 

compound depending on its chemical structure and the biological target against which 

that compound was tested. This is easy to understand because a compound can be 

active against a defined target but inactive against the others. On the other hand, a 

molecule may exhibit (or not) an effect against multiple biological targets. 

The wide applicability of the mt-QSAR models have been successfully 

demonstrated in many areas, including (but not limited to) the VS of molecules with 

desired pharmacological activities against diverse biological targets [97-124], the 

computational assessment of toxicological profiles of chemicals [125], and the 

prediction of several functions of many biomacromolecules/proteins [126-128]. 

 

2.4.2. Mt-QSAR models type I 

This kind of mt-QSAR models considers direct information of the 

biomacromolecules/proteins [97-102]. That is to say, such models contain 2D (e.g., 

SMILES codes) or 3D (cartesian coordinates from geometry optimization) information 

regarding the chemical structures of the compounds, while in the case of the 

biomacromolecules/proteins, their amino acid sequences, or 3D structures obtained 

through techniques such as X-ray crystallography are considered (see Figure 7). 

Taking into account that the use of alignment rules involving the complexes formed 

between the compounds (ligands) and their corresponding proteins is not a necessary 

requirement, these mt-QSAR models are also alignment-free prediction tools [97-102]. 
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Figure 7. Main steps involved in the development of mt-QSAR models type I. 

 

2.4.3. Mt-QSAR models type II. Box-Jenkins moving average 

In some cases, the knowledge regarding the sequence or the 3D structure of the 

biomacromolecules/proteins is very limited. Moreover, when the biological target under 

study is a microorganism, cell line, tissue, or superior organism, it is not possible to 

apply the approach based on the generation of any mt-QSAR model type I. More than 

40 years ago, promising ideas were published by the statisticians George Box and 

Gwilym Jenkins, whose approach was devoted to the analysis, modeling, and 

forecasting of time series [96, 129]. By definition, a time series is a sequence of data 

points, which are typically measured over an interval of time. In this context, some 

formulations based on the Box-Jenkins approach transform any series by subtracting 

the mean of the series from the value of each data point. Therefore, the deviation term, 

i.e., the difference between any value of a data point and the mean of the group (to 

which that data point belongs) is a Box-Jenkins moving average [96, 129]. Many mt-

QSAR models reported in the literature are focused on the generation of Box-Jenkins 

moving averages [103-124]: 
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In Eq. 25, avgMD(bt) may have more than one interpretation. Thus, avgMD can 

be viewed as the arithmetic mean of a set n(bt) containing the MDq (molecular 

descriptor) for all the qth compounds assayed against the same biological target (bt). 

Alternatively, avgMD(bt) can also be viewed as the arithmetic mean by considering 

n(bt) as a subset for which a defined condition is valid, e.g., for compounds tested 

against the same target and also annotated as active. The subsequent equation can be 

written according to the following formalism: 

)26()()( tqtq bavgMD-MD=bifMDd  

Here, Eq. 26 shows the deviation terms difMDq(bt), which are the Box-Jenkins 

moving averages, and they take into account both the chemical structure of a 

compound, and the biological target against which the compound was assayed. Thus, 

it is intuitive to deduce that the mt-QSAR models type II can be employed to predict the 

activity not only against biomacromolecules/proteins but also against any other class of 

biological target. 

 

2.4.4. Mtk-QSBER models 

Despite the significant advances achieved with the application of the mt-QSAR 

models, there are several aspects that need to be emphasized. From one side, when 

any mt-QSAR model (or any other QSAR model) is used, only one measure of 

biological effect (activity, toxicity, etc.) is considered. For instance, if the mt-QSAR 

model focuses on predicting inhibitory activities against proteins present in bacteria, a 

compound may be predicted as a potent protein inhibitor. However, this is not a 

sufficient condition to affirm that the compound will be an antibacterial agent because 

that will depend on the ability of the compound to pass through the cell membrane, and 

after, reach the protein.  

Thus, ideally speaking, a QSAR model should be able to consider different 

measures of biological effects. Another important aspect is that most of the QSAR 

models published in the literature (mt-QSAR models included) do not contain 

information regarding the reliability of the experimental conditions under which the 

compounds have been tested. In order to overcome these disadvantages, the mtk-

QSBER (also known as multiplexing QSAR or mtk-QSAR) models have been created, 

and they constitute generalizations of the mt-QSAR models type II. Figure 8 

represents an adaptation of the different stages related to the creation of a general 

mtk-QSBER model for application in antibacterial discovery. 
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Figure 8. Construction of mtk-QSBER models for application in antibacterial research: A pictorial overview. 

 

It should be noticed that, for the creation of mtk-QSBER models, Eqs. 25 and 26 

are modified according to the following formalism: 
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In Eqs. 27 and 28, the symbol bt has been replaced by cj, which is an ontology of 

the form cj → (me, bt, ai, tm, lc) in its most general variant. In this ontology, me is the 

measure of the effect (activity, toxicity, etc.), bt refers to any specific biological target 

against which the assay was performed. On the other hand, ai represents the assay 

information, indicating whether the assays were performed to study binding, functional, 

or ADMET phenomena/processes. The element tm represents the target mapping, 

which focuses on the degree of certainty about whether the assay is really intended to 

measure the effect on a class of biological target. Finally, lc refers to the level of 

curation/reliability of the experimental information provided by a particular test. The 

combination of the 5 elements of the ontology cj describes a specific experimental 

condition, and Eqs. 27 and 28 are applied to each element of cj. It is necessary to point 

out that cj is just a general example of an ontology that may be employed because all 
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the current mtk-QSBER models published to date have used different types of 

ontologies [130-136]. A common feature to all the mtk-QSBER models is that they have 

been constructed by using the same online database: CHEMBL [137-139]. This is a 

highly accurate public source containing more than 1.7 million compound records (for 

more than 1.46 million distinct compounds) and more than 13.5 million biological effect 

endpoints. For data extraction, CHEMBL is available at https://www.ebi.ac.uk/chembl/. 
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3.1. Datasets 

All the datasets created in this work were retrieved from the public source 

CHEMBL [137-139]. In order to reduce the uncertainty of the data, all the endpoints 

with missing values or units of biological effects were deleted. At the same time, 

duplicates were also removed, i.e., any compound measured more than one time in the 

same experimental condition was eliminated. For the specific case of biological targets 

such as bacteria [140], and laboratory animals [141], the different strains/breeds were 

taken under consideration. Additionally, all the values of antibacterial activities 

(including inhibition against proteins present in bacteria) expressed in microgram per 

milliliter (µg/mL) were converted to nanomolar (nM), while all the toxicity values 

annotated in milligram per kilogram (µg/kg) or other unit, were transformed to 

micromole per kilogram (µmol/kg). 

On the other hand, measures such as the areas under the curves (AUC) were 

converted from nanogram hour per liter (ng.hr/L), microgram hour per liter (µg.hr/L), or 

milligram hour per liter (mg.hr/L) to micromolar hour (µM.hr). Here, it is compulsory to 

stress that all these transformations were realized with the aim of making a better 

interpretation of the biological data, allowing a rigorous comparison between the 

biological effects of any two compounds measured under the same set of experimental 

conditions. All the datasets downloaded from CHEMBL had formats compatible with 

excel, in which each compound had its SMILES code, as well as all its data associated 

with the experimental assay. 

 

3.2. Calculation of the molecular descriptors 

Some selected families of topological indices were calculated, bearing in mind all 

the ideas regarding the potential advantages of these molecular descriptors, and their 

wide applicabilities in many fields of research in chemoinformatics. In this context, the 

software MODESLAB was used to calculate the TOPS-MODE descriptors and several 

classical topological indices for molecules [142]. 

The software MODESLAB was also employed in the only mt-QSAR model type I 

of this work to calculate the TOPS-MODE descriptors for amino acid sequences of 

different proteins. In order to perform this task, each protein sequence was cut into 

uniform segments of 60 amino acids. For the posterior operations, all the segments of 

amino acid sequences were considered (except the last one). For the purpose of 

cutting the amino acid sequences, the web tool known as peptide cutter was used. This 

tool belongs to the ExPASy server [143-145], which is available at http://expasy.org/. 

http://expasy.org/
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Each segment was represented using the sequence editor of the program named 

Hyperchem [146]. After, with the help of the same program, all the sequences were 

saved in *.hin format. All *.hin files were converted to *.sdf files using the software 

OpenBabel [147], and the latter files served as inputs for the calculation of the TOPS-

MODE descriptors. Another program used in the mt-QSAR model type I was DRAGON 

[148], which allowed the calculation of the descriptors known as functional group 

counts (FGC) and atom-centered fragments (ACF). 

The third software used in this work for calculating molecular descriptors was 

TOMOCOMD [149]. This computer program permitted the calculation of non-stochastic 

TD quadratic indices for molecules, as well as their variants based on the mutual 

probabilities (PTD). 

In the case of the mtk-QSBER models, all the original topological indices 

calculated with the different software mentioned above were transformed to new 

descriptors, i.e., mtk-topological indices derived from the application of the Box-Jenkins 

approach. Only these Box-Jenkins topological indices were used to construct the mtk-

QSBER models.  

It should be emphasized that, although the ontology cj → (me, bt, ai, tm, lc) 

constitutes the most general case (see subsection 2.4.4), other simpler ontologies 

were used. For instance, one of the first ontologies used in this work was cj → (me, bt, 

ap), where the element ap described a very specific assay protocol. Other ontologies 

such as cj → (me, bt, lc), cj → (me, bt, ai, lc), and cj → (me, bt, ap, tm, lc) were also used. 

Alternatively, the ontology cj → (me, bt, tm) was used, and it involved the probabilistic 

terms pa and pc associated with the previous elements ai and lc, respectively. In this 

sense, pa represented the a priori probability of finding an assay with specific 

information related to binding, functional, or ADMET processes/phenomena. This 

probability was calculated as the number of compounds/cases containing the specific 

assay information divided by the total number of cases in the dataset. The other 

probabilistic term pc described the a priori probability (selected arbitrarily) of finding an 

assay with a unique level of curation/reliability. A similar ontology with the form cj → 

(me, bt, ai) was employed for the case of inhibition of proteins, containing the 

probabilistic terms pm and pc, being pm the a priori probability (also selected arbitrarily) 

associated with the sensitivity of the assay. 
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3.3. Data analysis methods involved in the construction of the 

mt-QSAR and mtk-QSBER models 

3.3.1. Preliminary requirements 

For the construction of the mt-QSAR/mtk-QSBER models, classification methods 

were used instead of those relying on regression. The assignment of a compound as 

active/positive (high inhibitory activity and/or desirable ADMET profile) or 

inactive/negative (low inhibitory activity and/or undesirable ADMET profile) was based 

on arbitrary cutoff values of biological effects. In any case, for the selection of such 

cutoffs, several assumptions were followed. For example, the cutoffs of other mt-

QSAR/mtk-QSBER models focused on predicting antibacterial activity reported in the 

literature were reviewed and analyzed. Most of the cutoffs were chosen in such a way 

that some drugs (including those with antibacterial activity) under current use fell below 

the cutoffs, while other drugs fell above the cutoffs. The categorical variable BEq(cj) 

was employed to define the biological effect of a qth compound under an experimental 

condition cj. Thus, for BEq(cj) = 1, the compounds were chosen as active/positive, while 

for BEq(cj) = –1, the compounds were annotated as inactive/negative. Before 

developing any of the models, the approach reported by Golbraikh and Tropsha was 

applied [150], where it is advised the partition of the data into two series: training and 

prediction (test) sets. In all the cases studied here, the training sets were always used 

to search for the best mt-QSAR/mtk-QSBER models, while the predictions (test) sets 

were employed to validate them in an attempt to demonstrate their predictive powers. 

Two data analysis methods were used to seek for the best mt-QSAR/mtk-QSBER 

models: LDA and ANN [96]. The program used for data analysis was STATISTICA 

[151]. 

 

3.3.2. Mt-QSAR/mtk-QSBER models based on LDA 

In this work, LDA was employed in order to create a linear combination of 

molecular descriptors that permitted to differentiate/separate compounds selected as 

active/positive from those considered inactive/negative [96]. The general equations of 

the mt-QSAR and mtk-QSBER models based on LDA can be written according to the 

following formalisms: 
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)30()×(+)( ∑ q0jq ifMDba=cBE d  

In both equations, a0 represents the intercept (constant term), while b, c, d, e, 

and f are the coefficients of the molecular descriptors. It should be noticed that Eq. 29 

is only valid for the mt-QSAR model type I developed in this work, where µk
(PP) and 

µk
(PP)SgN are the TOPS-MODE descriptors for compounds and segments of amino acid 

sequences, respectively. In addition, in the specific case of Eq. 29, BEq(cj) refers to the 

inhibitory activity of the compounds against different biomacromolecules/proteins 

present in a defined bacterium (more specifically, Mycobacterium tuberculosis). On the 

other hand, in Eq. 30, BEq(cj) is any biological effect (inhibitory activity against proteins 

or bacteria, or ADMET property), while the terms difMDq(cj) represent the Box-Jenkins 

topological indices. In order to select the best molecular descriptors during the 

application of LDA, a forward step-wise procedure was used as a variable selection 

strategy. Correlations among molecular descriptors were taken under consideration in 

such a way that the cutoff value for the presence of potential collinearity between any 

two molecular descriptors was lower than 0.8. It should be pointed out that in Eqs. 29 

and 30, the program STATISTICA took the categorical variable BEq(cj), and 

transformed it into a real score that predicted the propensity of a drug/chemical q to 

exhibit certain biological effect under an experimental condition cj. After, that score was 

transformed to the predicted categorical value of BEi(cj). 

The quality of the mt-QSAR and mtk-QSBER models was analyzed by examining 

some statistical indices, which are typically employed [152]. These included (but were 

not limited to) the Wilks‟s lambda (λ), the chi-square (χ2), and the p-value. The index λ 

was used to assess the statistical significance of the discriminatory power of any LDA 

model under study. Its value ranges from 0.0 (perfect discriminatory power) to 1.0 (no 

discriminatory power). The index χ2 was employed in order to have an idea about the 

independence between two criteria of classification of qualitative data. A large value of 

χ2 is associated with a great independency between the two groups (classes or 

categories). The p-value is known as the probability of error, and any model was 

considered to produce an acceptable discrimination between groups for p-value < 0.05 

[152]. The quality and predictive power of the mt-QSAR and mtk-QSBER models were 

confirmed through the analysis of sensitivity (Sen) as the percentage of correct 

classification for active/positive cases, specificity (Spec) as the percentage of correct 

classification for inactive/negative cases, accuracy (Acc) as the overall correct 

classification, Matthews correlation coefficient (MCC) as a measure of the quality of 

binary classifications [153], and the areas under the receiver operating characteristic 
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(ROC) curves as global performance indicators. Therefore, these last five statistical 

indices were calculated for training and prediction (test) sets [154]. 

 

3.3.3. Mtk-QSBER and ANN 

In order to generate the best mtk-QSBER model based on ANN, a strategy 

focused on determining the sensitivity of a variable (SV) was applied. Toward that end, 

the neural network module of the program STATISTICA had defined a missing value 

substitution procedure [151], which was used to allow predictions to be made in the 

absence of values for one or more input variables (topological indices). 

Therefore, to define the SV for a topological index, the ANN was run on the 

training set, where a network error was accumulated [96]. After, the ANN was run again 

using the same training set, but this time, replacing the observed values of a specific 

topological index with the value estimated by the missing value procedure. So, a new 

network error was accumulated. Taking into consideration that some information used 

by each ANN had effectively been removed (i.e. one of its topological indices), it is 

logical to expect some deterioration in the error to occur [96]. Thus, the SV for a 

topological index was calculated as the ratio of the error with missing value substitution 

to the original error.  

The more sensitive the network is to a particular topological index, the greater the 

deterioration can be expected, and therefore the greater the ratio. Therefore, the SV for 

a topological index was used as a measure of its relative importance in the mtk-

QSBER model based on ANN. The procedure explained here is implemented in the 

program STATISTICA [151]. It should be emphasized that only the topological indices 

with SV > 1 were selected. 

Three main ANN architectures were analyzed to seek for the best mtk-QSBER 

models: linear neural network (LNN), radial basis function (RBF), and multilayer 

perceptron (MLP) [155]. Any LNN model consists of a first entry layer, comprising the 

input nodes directly associated to the topological indices (or any other family of 

molecular descriptors), and a final output layer – the predicted response. LNN models 

are very similar to those based on LDA, but the algorithms to optimize them are 

different. LNN models establish direct relationships between the molecular descriptors 

and the response variable (biological effect such as inhibitory activity or ADMET 

property). 

On the other hand, MLP and RBF models include an additional second layer, 

known as the hidden layer, consisting of an array of neurons that receive, transform, 

and transmit the incoming signals from the first layer. The functions applied to the 
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hidden layer are very important (activation functions) because they model the signals 

coming from the input layer [156], as well as the signal from the hidden layer to the 

output layer. MPL models use linear combinations of weights from the input layer to the 

hidden layer, and the signal from the hidden layer to the output is modeled by a 

nonlinear activation function. In RBF models, nonlinear activation functions (usually 

Gaussian functions) are applied from the input layer to the hidden layer, and after, a 

linear combination of such functions is applied to generate the output layer. For the 

case of the mtk-QSBER model based on ANN, the statistical indices Sens, Spec, Acc, 

MCC, and the areas under the ROC curves were calculated for both the training and 

prediction (test) sets. 
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4.1. In silico discovery and virtual screening of multi-target 

inhibitors for proteins in Mycobacterium tuberculosis. 

Article from Comb Chem High Throughput Screen, 2012, 15, 

666-673. 



 
        56 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 



FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 

protein inhibitors to antibacterial compounds and back 

57 

 



 
        58 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 



FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 

protein inhibitors to antibacterial compounds and back 

59 

 



 
        60 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 



FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 

protein inhibitors to antibacterial compounds and back 

61 

 



 
        62 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 



FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 

protein inhibitors to antibacterial compounds and back 

63 

 

 

 

 



 
        64 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.2. New insights toward the discovery of antibacterial agents: 

Multi-tasking QSBER model for the simultaneous 

prediction of anti-tuberculosis activity and toxicological 

profiles of drugs. Article from Eur J Pharm Sci, 2013, 48, 812-

818. 
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activity against streptococci and toxicological profiles in 
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applications to the search for new antibacterial agents. 

Article from Curr Top Med Chem, 2013, 13, 3101-3117. 
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5.1. Integrated analysis regarding the performance of the mt-

QSAR and mtk-QSBER models 

All the models and related works mentioned in chapter 4 have been reported for 

different purposes in antimicrobial research [33, 34, 155, 157-167]: from the analysis of 

the integration of graph-theoretical indices with data analysis methods (e.g., LDA, and 

ANN) to the creation of advanced chemoinformatic models for the prediction of 

inhibitory activities (against proteins and/or bacteria) and ADMET properties by 

considering different scales of chemical and biological complexity. In the case of the 

mt-QSAR and mtk-QSBER models based on LDA, the value of the following statistical 

index was recorded: λ ≤ 0.552. This relatively small value, together with the large χ2, 

and the p-value < 0.001 (see chapter 4) demonstrated the statistical quality of all the 

models relying on the aforementioned statistical method. For all the models developed 

in this work, the statistical quality and predictive power were confirmed by analyzing the 

values of the percentages of correct classification, i.e., Sen, Spec, and Acc. In this 

context, these statistical indices exhibited values ≥ 90.00% in both training and 

prediction (test) sets. This high percentage of correct classification indicates that all the 

models developed here were able to discriminate quite well active/positive compounds 

from those annotated as inactive/negative in the training sets. At the same time, all 

these advanced chemoinformatic models could efficiently classify/predict compounds 

belonging to the different categories in the prediction (test) sets.  

Additionally, the index MCC was determined for each model; MCC had values ≥ 

0.780, which confirmed the fact that for each model, there was a very strong correlation 

between the observed and the predicted values of the categorical variable BEq(cj). 

Notice that BEq(cj) encoded the biological effect (activity or ADMET property) of a 

compound under a defined set of experimental conditions, including (but not limited to) 

the target against which a compound was tested. On the other hand, the areas under 

the ROC curves were used as final evidences of the performance of the mt-QSAR and 

mtk-QSBER models to classify/predict compounds. Values ≥ 0.965 were obtained from 

the ROC curves reported in the different models, which means that it is unlikely that 

they could perform random predictions because the values of areas under the ROC 

curves are much larger than 0.5 (random classifier).  

The joint analysis of the different statistical indices reported in this work supports 

the fact that all the mt-QSAR/mtk-QSBER models created here, can be used to 

perform virtual predictions of compounds in order to assess their relative inhibitory 

activities and/or any of their ADMET properties. The present models have very good 
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performances, which are comparable with other mt-QSAR/mtk-QSBER models 

reported in the literature [97-124]. All chemical, biological, and statistical data used to 

construct these models appear represented in the supplementary materials associated 

with the diverse sections of chapter 4. These supplementary materials are available in 

digital format in the CD/DVD that accompanies this work.  

 

5.2. Physicochemical/structural interpretations of the molecular 

descriptors 

When QSAR models are applied to big data analysis, practitioners and experts 

make great efforts in demonstrating the performance of the models that have been 

built. This comes from the fact that, nowadays, any chemoinformatic model is used as 

a tool for screening molecules in an attempt to search for desirable biological effects 

(e.g., high activity, low toxicity, etc.). Thus, the physicochemical/structural 

interpretations of the molecular descriptors used in the models are usually 

underestimated. Consequently, it is not possible to have an idea regarding the factors 

responsible for the absence, appearance, or enhancement of a defined biological 

effect. In all the chemoinformatic models developed in chapter 4, the 

physicochemical/structural interpretation of each molecular descriptor was provided. 

Therefore, here, only the most important aspects of the different families of molecular 

descriptors used in the models will be discussed.  

For instance, in the case of the mt-QSAR model type I (see section 4.1), the 

FGC descriptors were used [157]. These discrete variables are very simple fragment-

based descriptors because they account for the number of specific functional groups in 

the molecules [148]. Many of these functional groups are those defined in organic 

chemistry, e.g., carbonyl, carboxyl, amino, etc. The FGC descriptors also consider the 

number of certain classical heteroaliphatic (azidirines, pyrrolidines, oxolanes, oxetanes) 

and heteroaromatic (furans, pyrroles, thiophenes, oxazoles, thiazoles, imidazoles) 

rings. Additionally, certain types of atoms inside some functional groups are described 

by FGC, which resemble the indicator variables of the Free-Wilson analysis. 

Other types of fragment-based descriptors used in the mt-QSAR model type I 

were those annotated as ACF [157]. In the case of the ACF descriptors, they are 

calculated by knowing the molecular composition and atom connectivities, and they 

were created by Ghose and Crippen [168-170]. In ACF descriptors, each atom type is 

an atom in the molecule, which is characterized by its neighboring atoms. Hydrogen 

and halogen atoms are classified by their hybridization and oxidation states of the 

carbon atoms to which they are bonded; for hydrogens, heteroatoms attached to a 
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carbon atom in α-position are further considered. Carbon atoms are classified by their 

hybridization states, and depending on whether their neighbors are carbon atoms or 

heteroatoms. In general terms, ACF can be considered as hybrid descriptors 

encompassing Hansch and Free-Wilson analyses. 

On the other hand, TOPS-MODE descriptors have been also used in several mt-

QSAR and mtk-QSBER models of the present work [157, 158, 160, 163]. These 

topological indices measure the concentration of a defined PP in certain regions of 

different sizes in the molecules. Thus, when a TOPS-MODE descriptor of order k (µk) 

enters in any chemoinformatic model, it means that the PP with which the descriptor is 

weighted, should be concentrated in molecular regions containing k bonds or less. As 

commented in subsection 2.2.4, another advantage in the use of the TOPS-MODE 

descriptors is that they can be expressed as linear combinations of the number of times 

in which a molecular fragment appears in the molecule. Therefore, the substitution of 

the TOPS-MODE descriptors calculated for a fragment in an LDA equation can yield 

the quantitative contribution of that fragment to the biological effect under study. 

An interesting aspect of the mt-QSAR model type I reported in this work was the 

presence of interaction terms [157], which were obtained as the results of multiplying 

TOPS-MODE descriptors of compounds by the same descriptors for the fragments of 

amino acid sequences. These interaction TOPS-MODE descriptors characterized the 

effective intermolecular interactions of the compounds/ligands with their respective 

biomacromolecules/proteins, in those regions that contained the active or catalytic 

sites. 

Classical topological indices were other types of molecular descriptors employed 

in the mtk-QSBER model based on ANN [159]. As commented in section 2.2, some of 

these graph-theoretical descriptors such as the connectivity indices depend on the type 

of sub-graph and the order, which will provide local information regarding the regions in 

the molecules that may have a higher influence in the intermolecular interactions. For 

instance, a connectivity index of order 2 and type path means that the molecular 

regions involved in the interactions are those containing two bonds (three adjacent 

atoms). If the order is increased in one unit, and the type of graph changes from path to 

cluster, then, the molecular regions will be those containing three bonds (four atoms) in 

such a way that they should form a ramification. If the connectivity index is based on 

the vertices/atoms, it will account for the molecular accessibility (steric and electronic 

factors), while for the case where the connectivity index is focused on the edges 

(bonds), relevant information regarding the molar volume (steric hindrance or 

compactness) will be described. Interestingly, Balaban index J(G) entered in the mtk-
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QSBER model based on ANN, which means that the shape of the molecules is an 

important factor affecting their biological behaviors.  

Finally, the fourth family of topological indices used in this work was constituted 

by the quadratic TD descriptors [161, 162, 164-167]. The order k of these topological 

indices expresses how atoms placed at topological distances equal to k may cause 

changes in the biological effect of the molecule as a quadratic function of a defined PP. 

Quadratic TD descriptors take into consideration the effect of the multiplicity of the 

bonds between atoms. Here, quadratic TD descriptors based on non-stochastic and 

mutual probability matrices were used. 

 

5.3. Calculations of the quantitative contributions of the 

molecular fragments to different biological effects 

As mentioned in section 5.2, there is always a tendency to the use of the 

chemoinformatic models as tools for VS. Molecular descriptors can characterize only a 

small portion of the chemical diversity and complexity of the molecules, which means 

that the models (even those using combinations of many different descriptors) are just 

approximations to those two aspects. Therefore, chemoinformatic models should be 

employed beyond the task of predicting large (external) datasets of compounds. 

Toward that goal, a chemoinformatic model can be used as a knowledge generator by 

estimating and analyzing the influence of specific regions in the molecules with 

favorable contributions to a defined biological effect, or those regions with detrimental 

influence. 

Baskin and coworkers demonstrated that each topological index can be uniquely 

expressed as a linear combination of occurrence numbers of some substructures 

(fragments), both connected and disconnected, or a polynomial on occurrence 

numbers of connected substructures of the corresponding molecular graph [171]. This 

envisages the fact that any regression or classification QSAR/QSPR model can be 

represented as a linear equation involving fragment descriptors [172]. Thus, in 

principle, if a molecular fragment is chosen and its topological indices are calculated 

and after substituted in any mt-QSAR/mtk-QSBER model, then, a score will be 

obtained, representing the relative quantitative contribution of that fragment to the 

biological effect under study. 

The calculation of quantitative contributions can serve as a guide for medicinal 

and pharmaceutical chemists, enabling the detection of possible 2D pharmacophores, 

toxicophores, metabolophores, etc. In this work, the quantitative contributions were 

calculated only in those cases where the FGC, ACF, and/or TOPS-MODE descriptors 



 
        234 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 
were used. There are no scientific works reporting solid evidences about the wide 

applicability of the calculation of contributions from classical topological indices or TD 

descriptors. For this reason, the aforementioned calculations were not performed for 

these two families of graph-theoretical descriptors. 

In the case of the mt-QSAR type I (see section 4.1) [157], several fragments 

were selected and their descriptors, as well as those belonging to the corresponding 

biomacromolecules/proteins were calculated and substituted in the LDA equation. In so 

doing, unstandardized scores of inhibitory activity against all these biological targets 

were obtained for multiple fragments. All the scores were standardized by subtracting 

the average score from the unstandardized scores of each fragment, and after dividing 

by the standard deviation of the (unstandardized) scores. Some fragments were 

analyzed as favorable due to their positive contributions to the inhibitory activity against 

all the biomacromolecules/proteins studied in Mycobacterium tuberculosis [157]. Other 

fragments were determined as unfavorable because of their negative contributions to 

the same activity. Taking into consideration the relative arbitrariness of the cutoff 

values of inhibitory activity, and the tendency of FGC and ACF descriptors to 

overestimate the contribution of specific substructures, it should be pointed out that the 

future screening of new fragments must be performed with caution. 

The calculation of quantitative contributions was improved in the mtk-QSBER 

models in sections 4.4 and 4.8 [160, 163]. From one side, all the molecular descriptors 

were continuous variables, which eliminated the possible problem of overestimation. At 

the same time, a very similar procedure for calculating contributions was used. The 

only difference with respect to the procedure used in the mt-QSAR model type I was 

that after the substitution of the descriptors in the LDA equation, each unstandardized 

score belonging to a defined fragment was divided by the total number of bonds 

(without considering the bond multiplicity) present in that fragment. This intermediate 

step permitted to remove the influence of the size of the fragments. In both mtk-

QSBER models mentioned above, several fragments were identified to have positive 

contributions by considering multiple experimental conditions involving 

antimycobacterial (or anti-cocci) activities and ADMET properties [160, 163]. For this 

reason, those fragments may be used for future design of new molecular entities with 

wide-spectrum antibacterial activity and safety. On the other hand, fragments with 

negative contributions were viewed as structural alerts to be removed because in the 

future design of antibacterial agents, they could be the cause of the diminution of the 

antibacterial activity and/or the source of undesirable ADMET profiles. 
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Finally, it should be emphasized that in all the scientific reports related to this 

work, only a few fragments were selected in order to illustrate the practical applicability 

regarding the calculation of quantitative contributions. It is advised that for more 

accurate studies, a large number of fragments should be considered. A common factor 

to all the mt-QSAR and mtk-QSBER models reported here was that, in the different 

datasets, many molecules correctly classified as active/positive had fragments with 

negative contributions, while molecules rightly predicted as inactive/negative contained 

fragments with positive contributions. Therefore, the presence or absence of a given 

fragment in any molecule should not be viewed as a sufficient condition for the 

absence, presence, or enhancement of a defined biological effect. Only the 

combination of the diverse molecular fragments, as well as the way in which they are 

connected will be the essential aspect influencing the biological effect of a molecule 

against any target under specific sets of experimental conditions. 

 

5.4. Simultaneous predictions of antibacterial activities and 

ADMET properties of experimental drugs 

In modern CADD, the final purpose of a chemoinformatic model is its use in VS, 

i.e., for prospective predictions, where the resulting hits are subjected to experimental 

confirmation [173]. However, in practice, even with the use of VS as an integral part of 

the drug discovery process [174], the hit rate is expected to yield results < 1% [175]. 

This comes from the fact that VS applied to drug discovery in the pharmaceutical 

industry has been mainly employed in the search for small molecules, which are most 

likely to bind to a drug target, typically a biomacromolecule/protein [176]. The most 

significant advantage of the mtk-QSBER models is the joint use of the ontologies cj and 

the application of the Box-Jenkins approach, which permits to introduce relevant 

phenomenological information within the molecular descriptors. Thus, the mtk-QSBER 

models developed here can perform simultaneous predictions of antibacterial activities 

and ADMET properties by considering different measures of the biological effects, 

multiple biological targets, and diverse factors influencing the accuracy and reliability of 

the experimental assays. 

As any other chemoinformatic tool for VS, the mtk-QSBER models have 

demonstrated their high performances to correctly classify compounds in the training 

sets, and rightly predict many other compounds in the prediction (test) sets. However, 

as commented above, the hit rate associated with VS is extremely low. 

Are the current chemoinformatic models reported in the literature able of really 

predicting a molecule, which may become a drug? This question is not so easy to 
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answer. However, if a chemoinformatic model is created to screen molecules that may 

become potential drug candidates, different biological profiles related to the diverse 

stages in drug discovery must be predicted: from in vitro activity to ADMET properties. 

To date, only mtk-QSBER models can perform this task. Here, an alternative that may 

help to envisage a possible solution of the aforementioned question is suggested. Four 

small to medium-sized molecules were used as cases of study to perform virtual 

predictions with some of the mtk-QSBER models created in this work (see Figure 9). 

The key element is that all these molecules are investigational antibacterial drugs, or 

they have been recently approved by the US federal agency known as Food and Drug 

Administration (FDA). 

 

Figure 9. Chemical structures (from left to right) of bedaquiline, avarofloxacin, delafloxacin, and oritavancin 

(bottom), which were used to perform VS. 

 

No toxicological data could be obtained from the literature for these antibacterial 

drugs. However, for all of them, experimental data associated with antibacterial 

activities and diverse ADMET properties were retrieved from different sources. 

The most significant advantage of the mtk-QSBER models regarding their use in 

VS is that for each new compound, at least 3 predictions can be assessed for each 
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experimental condition because there are always 3 levels of curation/reliability of the 

experimental information in CHEMBL (named autocuration, intermediate, and expert). 

These levels correspond to the element lc of the ontology cj. The final decision of 

predicting a compound according to its assigned class is always based on a consensus 

analysis. If the results of the classification/prediction yield the same assigned 

(observed) class in at least 2 out of 3 times, the prediction is considered correct. The 

opposite assumption can be made in the case of wrong predictions. Sometimes, if 

certain biological targets belong to the same general group (e.g., different strains 

belonging to the same organism or diverse organisms belonging to the same genus), it 

is advisable to consider the consensus predictions to be based on the complete group 

instead of a single member. Indeed, that may embody more complete information 

related to the predictions. All the drugs mentioned here were predicted according to the 

applicability of each mtk-QSBER model, and bearing in mind the aforementioned 

consensus approach. All the predictions performed in the present section appear 

represented in the supplementary materials, which are available in digital format in the 

CD/DVD that accompanies this work. 

The first drug was bedaquiline (TMC-207), a potent antimycobacterial agent 

approved in 2012 by the FDA. This is the first new drug approved to fight tuberculosis 

(especifically to treat MDR tuberculosis) in more than forty years since the last approval 

[177]. Bedaquiline displayed very high antibacterial activity against susceptible, MDR, 

and extensively drug resistant (XDR) mycobacterial strains. In this context, bedaquiline 

was reported with low values of minimum inhibitory concentrations (MIC), that is, MIC50 

≤ 0.03 μg/mL (54.01 nM) and MIC90 ≤ 0.06 μg/mL (108.01 nM) against both 

sensitive/susceptible and MDR Mycobacterium tuberculosis strains, while for other 

mycobacteria, a MIC50 ≤ 0.5 μg/mL (900 nM) was obtained [178]. Also, MIC99 ≤ 0.03 

μg/mL (54.01 nM) was reported for bedaquiline against the H37Rv strain [177]. In the 

case of ADMET properties in laboratory animals, the AUC value was 19.40 μg.hr/mL 

(34.92 μM.hr) after oral administration in mice, with half-life t1/2 > 50 hrs [179]. In 

humans, bedaquiline exhibited an AUC = 64.75 μg.hr/mL (116.56 μM.hr) for oral 

administration [180]. 

The mtk-QSBER model from section 4.4 was employed to predict both 

antimycobacterial activities and ADMET properties of bedaquiline [160], and the 

predictions of all these biological properties mentioned above were in very good 

agreement with the experimental evidences. Bedaquiline was predicted to have good 

permeability and bioavailability, as well as desirable distribution. In the case of the 

elimination, this drug was reported to have t1/2 = 5 months (≈ 3600 hrs) through oral 
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administration [181-183], and the mtk-QSBER model could predict the high probability 

of bedaquiline to exhibit large elimination half-life. Bedaquiline was also correctly 

predicted by the mtk-QSBER model with respect to the cytochrome P450 3A4 

(CYP3A4), the enzyme that has been reported to metabolize it [179]. Additionally, the 

mtk-QSBER model suggested that cytochromes such as CYP1A2, CYP2C19, 

CYP2C9, CYP2D6 could also be inhibited by bedaquiline. Other complementary 

predictions of biological effects such as lethal dose (LD50), toxic dose (TD50), and 

protective index (PI) permitted to confirm the safety of the antimycobacterial drug under 

study. 

Avarofloxacin (JNJ-Q2) was used as second case of study. This fluoroquinolone 

is a wide-spectrum antibacterial agent developed by Furiex Pharmaceuticals, with 

remarkable activity against both Gram-positive and Gram-negative pathogens. For 

instance, avarofloxacin was reported to display very high antibacterial activity against 

Escherichia coli strains with different degrees of sensitivity/resistance to diverse 

antibiotics [184]; MIC50 ≤ 0.06 μg/mL (143.05 nM) and MIC90 ≤ 0.25 μg/mL (596.06 nM) 

were obtained in assays against susceptible and intermediate strains belonging to 

Escherichia coli, while MIC ≤ 0.50 μg/mL (1192.12 nM) was also reported for those 

strains [184]. In the same study, avarofloxacin had MIC50 ≤ 4 μg/mL (9536.98 nM) and 

MIC90 ≤ 16 μg/mL (38147.92 nM) against diverse drug resistant strains of the bacterium 

mentioned above. 

On the other hand, avarofloxacin showed great activity against diverse 

susceptible and resistant strains of Gram-positive cocci [184]. For this drug, it was 

reported MIC50  ≤ 0.12 μg/mL (286.11 nM) and MIC90 ≤ 0.25 μg/mL (596.06 nM) against 

ciprofloxacin-resistant (CIPX-R) strains of Streptococcus pneumoniae [184]. For 

susceptible (CIPX-S) strains of this bacterium, the MIC50 and MIC90 values were twice 

smaller, as well as for other streptococci. In the same report, MIC50 = MIC90 ≤ 0.5 

μg/mL (1192.22 nM) for CIPX-R, CIPX-S, and methicillin-resistant (MET-R) strains of 

Staphylococcus aureus. Lower MIC50 and MIC90 values were reported for MET-R, 

methicillin-susceptible (MET-S), and MET-R/CIPX-R strains of Staphylococcus 

epidermidis. Also, against enterococci, avarofloxacin displayed MIC50 ≤ 0.5 μg/mL 

(1192.22 nM) and MIC90 ≤ 4 μg/mL (9536.98 nM) [184]. 

For the case of in vivo tests, avarofloxacin displayed a very good antibacterial 

activity in mice infected with MET-S strains of Staphylococcus aureus [185], with ED50 

= 0.2 mg/kg (0.477 µmol/kg) and ED50 = 2 mg/kg (4.77 µmol/kg) for subcutaneous and 

oral administration, respectively. In the same report, for the case of the MET-R strain of 

Staphylococcus aureus, the experimental values were ED50 = 1.6 mg/kg (3.816 
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µmol/kg) for subcutaneous administration, and ED50 = 12 mg/kg (28.62 µmol/kg) for the 

oral route. In addition, when mice infected with Streptococcus pneumoniae were used, 

ED50 = 1.9 mg/kg (4.53 µmol/kg) and ED50 = 7.4 mg/kg (17.64 µmol/kg) were obtained 

for subcutaneous and oral administration, respectively. Clinical assays were also 

reported [186], showing that avarofloxacin had absolute oral bioavailability F = 0.65 

(65%), and a volume of distribution at steady state Vdss = 146.7 L after intravenous 

administration. Additionally, this experimental antibacterial drug exhibited AUC = 35.8 

μg.hr/mL (85.36 μM.hr) after oral administration, with t1/2 = 14.4 hrs. 

In an attempt to predict the great diversity of biological effects associated with 

avarofloxacin, a first mtk-QSBER model (see section 4.7) was used to predict anti-

Escherichia coli activities and ADMET properties [162], while a second model from 

(see section 4.8) was employed with the aim of screening anti-cocci activities, and 

similar safety profiles [163]. All the antibacterial activities experimentally determined in 

the scientific literature were correctly assessed by each of the mtk-QSBER models, 

with high probability of occurrence. At the same time, all the ADMET profiles were 

rightly predicted, from desirable oral availability to large half-life times for the 

elimination of the drug. In general terms, avarofloxacin was predicted to be safe 

through oral and intravenous routes of administration. Predictions of toxicity profiles 

such as LD50, and TD50 served to complement the clinical assays. Avarofloxacin was 

also predicted to inhibit (or be metabolized by) several cytochromes. 

The third drug was the fluoroquinolone delafloxacin (ABT-492), which has been 

developed by Melinta Therapeutics, and it is currently undergoing phase III clinical 

trials. Experimental studies involving delafloxacin indicated a very high activity against 

both Gram-positive and Gram-negative bacteria, including anaerobic microorganisms. 

In this sense, a MIC ≤ 1 mg/L (2268.81 nM) was obtained against MET-S and MET-R 

strains belonging to Staphylococcus aureus [187]. In the same report, MIC50 and MIC90 

values against the same bacterium (MET-R strains) were 0.03 mg/L (68.06 nM) and 

0.5 mg/L (1134.40 nM), respectively. Another study indicated that delafloxacin also 

exhibited significant antibacterial activity against quinolone-susceptible and quinolone-

resistant strains belonging to Staphylococcus aureus, with values of MIC50 ≤ 0.12 

µg/mL (272.26 nM) and MIC90 ≤ 0.5 µg/mL (1134.40 nM) [188]. In addition, delafloxacin 

had MIC50 ≤ 0.06 µg/mL (136.13 nM) and MIC90 ≤ 0.12 µg/mL (272.26 nM) against 

Bacteroides fragilis [188]. This investigational antibacterial drug was reported to inhibit 

bacteria belonging to Peptostreptococcus spp., with MIC50 ≤ 0.008 mg/L (18.15 nM) 

and MIC90 ≤ 0.03 mg/L (68.06 nM) [189-190], while for the cases of Fusobacterium 

spp. and Prevotella spp., the values for MIC50 and MIC90 were equal to (or lower than) 



 
        240 

 
FCUP 
Advanced chemoinformatic models to speed up the discovery of antimicrobial agents. From 
protein inhibitors to antibacterial compounds and back 

 
0.008 µg/mL (18.15 nM) and 0.5 µg/mL (1134.40 nM), respectively [190]. Finally, these 

two groups of bacteria mentioned above, together with Porphyromonas spp., displayed 

great susceptibility to delafloxacin, with MIC values in the interval 0.008-0.5 µg/mL 

(18.15-1134.40 nM) [191]. Delafloxacin resulted to be active against Pseudomonas 

aeruginosa, with values of MIC50 ≤ 0.25 µg/mL (567.20 nM) and MIC90 ≤ 0.50 µg/mL 

(1134.40 nM) for CIPX-S strains, while the values of MIC50 and MIC90 for CIPX-R 

strains were 32 µg/mL (72601.87 nM) and 128 µg/mL (290407.48 nM) respectively 

[192]. Additionally, a more recent study realized in patients with acute bacterial skin 

and skin structure infections (ABSSSI) demonstrated that delafloxacin had MIC ≤ 0.06 

µg/mL (136.13 nM) against Pseudomonas aeruginosa isolates, and MIC = 1.00 µg/mL 

(2268.81 nM) against Pseudomonas putida isolates [193]. The results show that this 

experimental drug could be used as antibacterial agent against CIPX-S strains but it 

would not be efficient against CIPX-R strains. According to the research realized by 

scientists at Melinta Therapeutics, delafloxacin could be used through both oral and 

intravenous routes of administration. However, studies focused only on intravenous 

administration were found [194]. In this sense, delafloxacin exhibited a Vdss = 36.40 L, 

with an AUC = 99.34 µg.hr/mL (225 µM.hr), and t1/2 = 11.64 hr. Another important data 

was the plasma protein binding (PPB) with a value of 77% [188]. 

With the aim of performing predictions regarding the diverse antibacterial 

activities and ADMET properties of delafloxacin, two mtk-QSBER models were used. 

The first of these models (see section 4.11) assessed the antibacterial activity against 

all the bacteria except those belonging to Pseudomonas spp. because the purpose 

was to verify if delafloxacin could be used to fight against pathogens present in noma 

[164]. This is a neglected bacterial disease that afflicts children under the age of twelve 

in Africa, Asia, and South America [195]. On the other hand, the second of these 

models (see section 4.12) was devoted to predicting antibacterial activity against 

Pseudomonas [165], taking into consideration the intrinsic resistance of certain 

members of this genus to most of the current antibiotics.  Both mtk-QSBER models 

could correctly predict delafloxacin as a very potent antibacterial agent under dissimilar 

assay conditions, corroborating the experimental results. Additionally, both models 

could positively assess the safety (ADMET) of this investigational drug by considering 

many assay conditions. 

The fourth drug was the semisynthetic glycopeptide antibiotic named oritavancin. 

This drug was originally discovered and developed by Eli Lilly, and later acquired by 

The Medicines Company, which was running clinical trials [196]. This antibacterial drug 

was approved by FDA in 2014 for treatment of skin infections in the United States of 
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America. Oritavancin is active against sensitive, drug resistant, MDR strains belonging 

to Gram-positive bacteria. This glycopeptide exhibited MIC90 = 1.00 μg/ml (557.69 nM) 

against different enterococci strains, containing diverse degrees of resistance against 

vancomycin [197], and other antibiotics [198]. For this antibacterial drug, other sources 

reported MIC50 = 0.25 μg/ml (139.42 nM) and MIC90 = 0.50 μg/ml (278.85 nM) against 

diverse enterococci strains [199]. 

In the case of preclinical studies, the experimental results showed t1/2 = 10 hr in 

rats with venous catheter-associated infection [200], as well as t1/2 = 33 hr in 

neutropenic mouse infection model, and area under the curve (AUC) of 562.17 μg.hr/ml 

(313.52 μM.hr) [201]. All these parameters were determined after intravenous 

administration in laboratory animals. Data against healthy laboratory animals were not 

found. Nevertheless, the large values of t1/2 and AUC suggest that oritavancin should 

relatively safe. Additionally, clinical studies indicated Vdss = 1.92 L/kg, t1/2 = 356 hr, 

and AUC = 1111 μg.hr/ml (619.60 μM.hr) after intravenous administration in healthy 

human volunteers [202]. It should be emphasized that experimental data of 

antibacterial activity of oritavancin against other Gram-positive bacteria appear 

reported in the same references mentioned above. However, the model used to predict 

biological profiles of this drug was focused on enterococci. 

Predictions for this drug were realized by considering 1311 different experimental 

conditions (see section 4.14) [167]. The results suggested that oritavancin exhibited a 

very high activity against drug sensitive, and MDR strains belonging to different 

enterococci, including Enterococcus faecium and Enterococcus faecalis. On the other 

hand, the predictions of ADMET profiles in preclinical studies confirmed the desirable 

pharmacokinetic parameters of oritavancin, which strongly converged with the 

experimental reports. Complementary virtual assessment of the toxicity of oritavancin 

suggested that the harmful effects of this glycopeptide antibiotic depended on the 

breed of mice and/or rats used in the biological tests. 

The analysis of the theoretical results demonstrated the safety of oritavancin 

because this drug was predicted high probability of occurrence to have good 

absorption and bioavailability (including measures such as F(%) and AUC), with 

excellent volume of distribution, and good elimination. In terms of metabolism, the 

predictions indicated that oritavancin was not metabolized by important cytochromes 

P450 such as CYP1A2, CYP2C19, CYP2C9, CYP2D6, and CYP3A4. Taking into 

account the predictions, only a few cytochromes and other metabolizing enzymes were 

suggested to be inhibited by oritavancin. These theoretical results supported the 

experiments, confirming that the metabolism of the oritavancin is very limited [203]. 
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The different mt-QSAR/mtk-QSBER models discussed in this work represent 

innovative alternatives to rationalize the discovery of new, potent, and safer 

antibacterial drugs. In this context, all the models created here may be used as 

promising in silico tools to complement experimental methods such as HTS, prioritizing 

and filtering molecules from the huge chemical space, and searching for structural 

patterns involved in the appearance, enhancement, and/or optimization of multiple 

biological effects. In the specific case concerning the construction of mtk-QSBER 

models, the methodology can be extended to the integration of many diverse datasets 

containing pharmacological activities with dissimilar ADMET profiles. The fact that 

some of the mtk-QSBER models could simultaneously predict antibacterial activities 

and ADMET properties, envisages their applications as computational tools to guide 

and speed up drug discovery through different stages: from in vitro assays to preclinical 

experiments and clinical studies.  

Future perspectives should be focused on the increasing use of topological 

indices in mt-QSAR/mtk-QBER models. This has a vital importance because those 

molecular descriptors can be expressed as linear combinations of the frequencies in 

which the fragments appear in the molecules. Accordingly, the mtk-QSBER models 

may be employed as knowledge generators to create and screen large libraries of 

fragments through the calculation of their contributions to diverse biological effects; 

then afterwards, new molecular entities may be designed using the most desirable 

fragments, together with the interpretation of the topological indices in the mtk-QSBER 

models. Additionally, these advanced chemoinformatic models developed in the 

present work can be employed in drug repurposing, allowing the VS of already known 

drugs approved by FDA, with new potential applications as versatile and safer 

antibacterial agents. 
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