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Cover image: A three-dimensional representation of the interaction universe of 
biological macromolecules and low molecular weight compounds. Each red sphere 
represents a chemical sub-space of macromolecules and each gray sphere corre-
sponds to a chemical sub-space of ligands. Lines indicate multiple macromolecule-
ligand interactions. Proteochemometric models describe interaction universe 
mathematically and may be used for predictions of any interactions in this universe. 
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1. Introduction 

The “OMICS” world 
 

Over the past ten years, technical revolutions in molecular biology, 
informatics and automation brought major changes in biology and chemistry 
and had significant impact on many aspects of human activities, especially in 
medicine and the pharmaceutical sciences. These three revolutions not only 
shifted paradigms of biology and opened new prospects and promises for 
gene and stem cell-based therapies, but also offered opportunities for the 
application of new diagnostic procedures, development of more selective 
and efficacious medicines, and the eventual elimination of many diseases.  
The appearance of the so called “omics” world in life sciences, exemplified 
by genomics, proteomics, metabonomics, transcriptoms, glycomics, and 
interactomics gave a global view on large-scale investigations and biological 
processes in general (1-4). Although what we can envisage is still far from 
what we can actually do today, the “omics” concepts have irrevocably al-
tered the intellectual landscape of the biosciences. 

However, biology and chemistry is at risk of becoming overflown by 
data on a previously unknown scale and complexity. New postgenomic 
strategies need to be developed urgently, to take full advantage of the data 
“explosion” of the “omics” world and to understand the complexity of the 
organization of life. But will we really be able to understand biological com-
plexity to the full extent possible? Are we ready to make full models of biol-
ogy? A similar question was put forward in 1903: “The flying machine which 
will really fly might be evolved by the combined and continuous efforts of 
mathematicians and mechanicians in from one million to ten million years” 
(The New York Times, October 9, 1903). However, already on December 
17, 1903, the Wright Flyer became the first powered, heavier-than-air ma-
chine to achieve controlled, sustained flight with a pilot aboard. 

During the past 20 years a multidisciplinary field, called bioinfor-
matics, has emerged and become an important part of research and develop-
ment in the biomedical sciences (4). Bioinformatics operates at the level of 
protein and nucleic acid sequences, their structures, functions and phylogen-
ies and it provides a multitude of powerful methods for efficient analysis of 
vast amounts of data; from microarray experiments and high-throughput 



 14 

screening data, to biochemical and mass spectrometry data. The field of bio-
informatics is a very dynamic one and its scope and focus are constantly 
changing, growing, developing and expanding to encompass new areas of 
applications (5). 

In this thesis we developed further a novel chemo-bioinformatics 
approach called proteochemometrics and demonstrated its practical utility in 
analyzing the molecular interaction space of protein-ligand interactions, 
among other things its applicability for design of retroviral protease inhibi-
tors, its potential contribution to the pharmacogenomics field and drug dis-
covery and development. This thesis, therefore, is addressed to scientists 
from various disciplines from biologists and computer scientists to computa-
tional chemists and chemo-bioinformaticians. 

The next chapters of this thesis will introduce a reader to the back-
ground of the study and explain the main methods this work is based on. To 
highlight the complexity of new drug development the background starts 
with a short overview of the modern drug discovery process (section 3.1), 
following a summary on retroviruses (section 3.2) and a review of several 
important classes of biological targets (sections 3.2-3.4). Next, a brief intro-
duction to machine learning in bioinformatics (section 3.5), validation meth-
ods (section 3.6), and molecular descriptors (section 3.7) is given. This is 
followed by a description of the QSAR and 3D structure methods (section 
3.8) and the proteochemometric approach (section 3.9). Finally, section 4 
gives an overview about the results achieved in papers I-V and section 5 
concludes this work.  
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2. Aims 

 
- The main aim of the study was to develop the proteochemometric approach 

further as a generalized method for the analysis of the interaction space of 
biological macromolecules and their ligands for multiple organisms, new 
types of biological targets using large data sets. 

 
- To evaluate and compare validity, interpretability and scope of proteo-

chemometric and QSAR models, as well as to assess the use of various 
molecular descriptors in proteochemometric modeling. 

 
- To perform in-depth proteochemometric analysis of the interaction space of 

retroviral proteases, analyze biological mechanisms underlying drug resis-
tance, and develop strategies for design of multiple-target selective com-
pounds, including adaptive inhibitors of HIV-1 proteases based on proteo-
chemometrics. 

 
- To investigate the complexity of HIV-1 protease specificity from a bioin-

formatics point of view. 
 
- To assess the applicability of the proteochemometric approach in the phar-

macogenomics field; in particular to use it for exploration of the interac-
tion space of cytochrome P450 enzymes and their inhibitors. 
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3. Background 

3.1. The modern drug discovery process 
 

“They are ill discoverers that think there is no land, when they can see noth-
ing but sea.” 

(Francis Bacon, 1561-1626) 
 
The discovery and development of new medicines is considered to be one of 
the most complex research areas in academia and the pharmaceutical indus-
try.  To be successful, tight integration of multiple disciplines and technolo-
gies is needed to resolve all the challenges contained in the costly and time-
consuming drug discovery process. Up until about 40 years ago, the tradi-
tional process of drug discovery was directed to testing of small molecules 
against cells, tissues or on whole animals (6). Only a relatively small number 
of compounds could be tested in this way and the optimization of a lead 
compound was often performed without any deep knowledge about the tar-
get. In the late 1960s and 1970s, due to significant advances in understand-
ing of human biology and biochemistry, “drug hunters” began to discover 
novel targets using the methods of classical pharmacology (6). Various 
chemical probes were used to identify novel receptor subtypes and new 
classes of drugs (which are still in clinical use today) emerged, such as �- 
and �- blockers, histamine and serotonin antagonists and many others. Dur-
ing the 1980s, with the advancements in biochemical separations and cloning 
technology, individual enzymes, ion channels and receptors (in expressed 
cells or membrane preparations) then became available for drug screening 
and rational drug design. This stimulated discovery of many new important 
classes of drugs, such as angiotensin converting enzyme inhibitors, leukot-
riene antagonists, and many more. Further development of biochemical as-
says techniques led to introduction of high-throughput screening (HTS) into 
the drug discovery process during the 1990s. HTS aims to identify lead 
compounds by the screening of large libraries of chemicals against biologi-
cal targets (7-8). 
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Modern drug discovery is a lengthy and cumbersome process com-
posed of three separate stages, i.e. discovery research, pre-clinical develop-
ment and clinical development (Figure 1). The average time for development 
of a new drug candidate from synthesis to its final approval is now about 15 
years, and 98% of initially promising projects fail (Figure 1). Drug discovery 
programs start with identification of a molecular target that is associated 
with a particular functional pathway or disease of potential therapeutic value 
(9). The chosen molecular target is then validated for its suitability for drug 
screening by popular methods based on use of gene technologies such as 
site-direct mutagenesis or generation of knockout animal models. At the next 
stage large libraries of diverse chemicals (usually 106-107 substances) are 
tested on the target (usually a recombinant target) in a high-throughput man-
ner with a hope to find a number of active hits. Chemical variations around 
these hits are then synthesized and tested in an iterative process to produce 
few lead compounds with certain desired properties, i.e. ease of synthesis, 
adherence to Lipinski’s rules (10), specificity for the target and efficacy on 
the medical condition which is the target for treatment. Once leads are se-
lected they must be further refined for target activity, selectivity, and AD-
MET profile, and be evaluated in multiple disease models and compared to 
existing therapies for the same disease. Multi-property optimization of lead 
compounds is a great challenge, which may eventually result in costly unex-
pected failures at the later clinical stages of development (Figure 2). There-
fore, comprehensive pre-clinical lead examination is crucial to avoid late 
failures. At the clinical development stage the selected candidate drug passes 
through three clinical trial phases, where its effect on humans is carefully 
studied (Figure 1). At phase I and II possible adverse and toxic effects of the 
candidate drugs are identified and their therapeutic dose is optimized. Only 
about 25% of the candidates that enter clinical trials complete phases I and II 
successfully and move onto phase III. In phase III the candidate drug is ad-
ministered to a larger group of patients with the aim to demonstrate its safety 
and prove its effectiveness over existing therapies. Successful completion of 
phase III clinical testing is followed by approval by regulatory authorities 
and allows the launch of a new drug onto the market (Figure 1). 

Sequencing of the human genome, completed in 2001, was a signifi-
cant achievement (11) and was accompanied by many predictions of the 
emergence of new miracle medicines at a faster rate. However, the genomics 
revolution has not led to the increased productivity among the industry for 
drug discovery, which one had expected. The vast majority of drugs act on 
protein targets and turning genomic data into information that is useful for 
drug discovery still remains a great challenge. Sequence data alone tells us 
little about localization of proteins, protein interactions, the complexities of 
gene expression and their impact on the physiological and pathological con-
ditions of an organism  (12). The human genome contains only about 30,000 
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Figure 1. Simplified schema of the modern drug discovery process. The schema is 
based on data from several leading pharmaceutical companies (8). 

 

Figure 2. Schematic representation of chemical space of oral drugs (enclosed by a 
red ellipse). A new compound may become a drug only if its characteristics meet 
multiple factors simultaneously. 

genes, which was much fewer than expected originally. Nevertheless, the 
human proteome is much larger than the genome, which is due to alternative 
gene splicing and post-translational modifications of proteins. Many drug 
targets also exist as complexes made up from two or more peptide chains 
(13). All drugs that are presently on the market can be estimated to target 
about 500 biomacromolecules (representing less than 1% of potential targets 
of druggable proteome), and there is thus a strong need for the development 
of new approaches that can take advantage of the genomic revolution and 
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develop drugs for the remaining large number of yet unexploited targets (14, 
15). 

So far, only slightly over a thousand molecules have been developed 
as therapeutics, thus representing only a tiny portion of the chemical space of 
potential drug-like molecules. It has been estimated that the number of syn-
thetically feasible small molecules ranges between 1018 and 10200 (depending 
on the descriptors used for estimate calculation), suggesting that a tremen-
dous number of potential small molecules with appropriate biological prop-
erties and therapeutical activity remain to be discovered. Although HTS 
takes a central place in the initial stages of drug finding programs among the 
industry, it does not allow screening of larger libraries than 106-107 com-
pounds in a reasonable time, it is restricted to in-house or commercially 
available compounds, and its costs are very high for large-scale projects. 
Many hits from HTS fail in subsequent studies in cells or animals. This is 
mainly because HTS compounds are screened in vitro against a single target 
while many hits are later shown to exhibit high activity to proteins of com-
pletely different cell pathways, and thereby alter the function of the target 
organism in an undesired way (16). The use of computers and computational 
methods cover all aspects of modern drug discovery today. Alternative ap-
proaches to HTS, known as virtual screening methods, have been developed, 
where one screens large libraries of diverse compounds that complement 
proteins of known structure in the computer and then experimentally tests 
only those that are predicted to bind well (7). One approach to virtual screen-
ing is to use statistical models (based on various machine-learning tech-
niques) trained on large volumes of data to predict the activity of the ligands 
of interest. Virtual screening can assess a large number of diverse com-
pounds, which may then be obtained physically and tested in vitro once pre-
dicted to be highly active (7). Virtual screening reduces costly syntheses of a 
large number of compounds and provides the best way to access a large 
chemical space without the commitment in time, materials and infrastructure 
that HTS demands. A variety of computational filters may be applied in ad-
dition to the virtual screenings to ensure that selected hits meet standards of 
“drug-likeness” (7). 

Today the average development cost of a single drug is estimated to 
amount to more than US$800 million, and late-stage developments and their 
failures account for a large fraction of expenditures (17). Failures thus need 
to be kept to a minimum, and this can be achieved by the accurate and objec-
tive quality assessment of drug candidates at key points during the discovery 
process. Integration of novel computational approaches at every stage of 
drug development, such as protein function prediction, structure-activity 
relationships, bio-physicochemical and ADMET properties prediction, and 
evaluation of pharmacogenomic profiles of drug candidates might aid selec-
tion and prioritization of the projects with the best potential and lead to sig-
nificant reduction of development costs. 
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3.2. Retroviruses 

3.2.1. A day in a life of a retrovirus: structure, function, 
replication cycle 
Viruses are the simplest organisms found in nature. Outside the living cell 
they represent nothing more than miniature capsules of genetic information 
and are no more alive than a piece of rock. Things change when the viruses 
penetrate the right kind of cell type and hijack its internal machinery. Vi-
ruses attack the cell with one goal, namely to produce more viruses by a 
process known as viral replication. 

Retroviruses are RNA-based viruses that contain reverse transcrip-
tase enzymes to transcribe their RNA into the host cell genome. Retroviruses 
cause a wide spectrum of diseases, which include tumors, myelopathies, 
immunodeficiencies, chronic infections such as arthritis, infective dermatitis, 
and uveitis. Indeed these viruses have global socioeconomic negative im-
pact. 

In 1973 Hardy et al. identified and described the first retrovirus, the 
feline leukemia virus (18). Later other retroviruses were also found, which 
included the Rous sarcoma virus (RSV), equine infectious anemia virus 
(EIAV), and bovine leukemia virus (BLV), the later causing leukemia in 
cattle. In 1980 Poiesz and co-workers found and isolated the first human 
retrovirus from patients with adult T-cell leukemia, HTLV-I (19), which was 
followed by the discovery of HIV-1 in 1983 (20). A few years later a second 
retrovirus, HIV-2, being similar to HIV-1, was isolated from patients in 
West Africa (21). Both HIV-1 and HIV-2 are transmitted by sexual contact, 
through blood, and from mother to child during birth or through breast-
feeding after birth, and they both appear to cause clinically indistinguishable 
AIDS. 

All retroviruses have similar genomic organization and express three 
main polypeptides. The first polypeptide, gag (glycosaminoglycan), contains 
matrix, capsid and nucleocapsid proteins that create the virion’s internal 
structure. The second polypeptide, called gag-pol (glycosaminoglycan-
polymerase) contains the above gag proteins as well as functional proteins, 
i.e. retroviral protease, reverse transcriptase and integrase. Finally the third 
polyprotein, env (envelope), contains two virus envelope proteins. The later 
proteins are located on the exterior of the mature retrovirus and are involved 
in the process for the recognition of receptors on the target cells that are a 
part of the infection process (Figure 3) (22). 

The replication cycle for all retroviruses shares large similarities and 
it is here exemplified by the replication cycle schema for human immunode-
ficiency virus (HIV-1) (Figure 4). The retroviral cycle includes several cru-
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cial steps, starting with the virus attachment to the cell membrane and finish-
ing with the release of the new immature viral particles from the host cell. 
 

 

Figure 3. Schematic drawing of the mature HIV-1 virion. 

 

Figure 4. Schematic representation of HIV-1 replication cycle. The replication cycle 
of HIV-1 starts with the virus attachment to the human immune system cell mem-
brane receptors, followed by fusion of the HIV envelope with the membrane and the 
release of the viral capsid. During the process known as uncoating, viral RNA and 
various HIV-1 enzymes (protease, ribonuclease, reverse transcriptase, and integrase) 
are released into the cell. The viral RNA is then transcribed into double strand DNA 
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with the help of the reverse transcriptase enzyme. The reverse transcription step is 
extremely error-prone and during this stage multiple HIV-1 genome mutations may 
be introduced. The transcribed DNA is integrated then into the host cell genome by 
the HIV-1 integrase enzyme. At the next stage viral DNA information is copied to 
mRNA to produce several regulatory proteins. At a later step structural gag, gag-pol, 
and env polyproteins are produced from the viral mRNA. During the final stage of 
the HIV-1 replication cycle new virions are created by assembly of viral genome and 
viral proteins and subsequent budding through the membrane of the host cell. Next, 
newly released HIV-1 virions mature to become infectious through the proteolytic 
action of the HIV-1 protease, which cleaves gag and gag-pol polyproteins. 

3.2.2. Anti-retroviral drugs 
Research aimed at understanding and combating HIV and AIDS has shown 
remarkable progress since this disease was first reported. As a result, cur-
rently available therapies have begun to transform this deadly disease into a 
chronic non-lethal condition (23). More than 20 anti-HIV drugs are available 
on the market today and all of them, except two, target HIV-encoded en-
zymes, namely reverse transcriptase (RT) and protease 
(http://www.fda.gov/oashi/aids/virals.html) (24). Various strategies are un-
der investigation to improve the situation with anti-viral drugs and address 
the most acute problems associated with HIV treatment. This includes: i) the 
optimization of multiple drug combinations, ii) the chemical optimization of 
known anti-HIV drugs to enhance their deliverability, iii) the validation of 
new viral life-cycle points for possible new therapeutic intervention (25), 
and iv) the discovery of novel agents against proven targets with improved 
medicinal profiles (26). 

Protease inhibitors 
Most approved HIV-1 protease inhibitors are analogues to the natural pep-
tide substrates of the protease, but they are not cleavable and, therefore com-
pete with the natural substrates at the active site of the protease (23, 24). A 
majority of the clinically approved protease inhibitors, namely saquinavir, 
ritonavir, indinavir, nelfinavir, amprenavir, darunavir, atazanavir and lopi-
navir, share the same structural determinant - a hydroxyethylene core (in-
stead of the normal peptidic linkage); this makes them non-scissile pepti-
domimetic substrate analogues for the HIV-1 protease (Figure 5) (23, 27). A 
second generation protease inhibitor, tipranavir, was approved recently for 
the treatment of HIV. Tipranavir is a selective and potent non-peptidic in-
hibitor of the HIV-1 protease with excellent affinity to the proteases of some 
drug-resistant strains of HIV-1, as well as for the HIV-2 virus protease (Fig-
ure 5). The majority of HIV-1 isolates, which are broadly cross-resistant to 
protease inhibitors, were found to be sensitive to tipranavir; however, new 
tipranavir-resistant HIV isolates have also been identified (26, 28). Protease 
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inhibitors of HIV-1 protease have played a particularly important role in 
control of HIV, as their introduction into the therapeutic regimes has resulted 
in a substantial improvement in disease management. 
 

 
Figure 5. Chemical structures of approved HIV-1 protease inhibitors. 
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Reverse transcriptase inhibitors 
The substrate binding site of HIV RT has been shown to be an attractive 
target for nucleosidic RT inhibitors (NRTIs). Eight nucleoside analogues, i.e. 
zidovudine, didanosine, zalcitabine, stavudine, lamivudine, abacavir, teno-
fovir, and emtricitabine have been allowed as anti-HIV drugs, and several 
others are in advanced development. To become active, these drugs must be 
phosphorylated consecutively inside the host cell by three cellular kinases to 
form the corresponding 5�-triphosphate derivatives, which then interact with 
the RT as chain terminators during the reverse transcription reaction. How-
ever, various mutations outside and in the active site of the RT cause high-
level resistance to NRTIs (27, 29, 30). 

Another group of non-nucleoside RT inhibitors (NNRTIs) interact 
with an allosteric, non-substrate binding site on HIV-1 RT impairing the 
RT’s domain mobility and thereby disrupting the DNA polymerization reac-
tion. Today, three NNRTIs (nevirapine, delavirdine and efavirenz) have been 
approved, but several others are under development. Nevertheless, mutations 
in amino acid residues that surround the NNRTI-binding site can induce 
resistance to NNRTIs (27, 29, 30). 

Other anti-HIV drugs 
The only inhibitor approved to date that targets viral entry into the host cell 
by binding to the viral transmembrane protein gp41 is enfuviritide. It pre-
vents fusion of HIV-1 with the target cell’s membranes (24). The recently 
approved anti-HIV drug maraviroc is another entry inhibitor, which inhibits 
CCR5 chemokine receptors (31). Integrase inhibitors, which inhibit the en-
zyme called integrase responsible for integration of viral DNA into the cell 
DNA, are also in advanced development. Maturation inhibitors represent 
another class of potential anti-HIV agents, which inhibit the last step in gag 
polyprotein processing, resulting in non-infectious virions with defective 
cores (32, 33). 

Highly active antiretroviral therapy 
When given singly, none of the available antiretroviral drugs can suppress 
HIV replication effectively for an extended period of time due to rapid 
emergence of resistant strains of HIV-1. This limitation of “mono-therapy” 
has led to the introduction of highly active antiretroviral therapy (HAART), 
in which three or more anti-HIV drugs from at least two different classes are 
combined. Although HAART represents a major breakthrough in anti-HIV 
therapy and has helped dramatically reduce AIDS disease progression and 
mortality, the treatment does not remove HIV-1 from the patient. Therefore 
to maintain the viral load as low as possible, administration of combinations 
of drugs need to be continued throughout the patient’s life (24). However, 
mutations leading to partial or complete resistance have been found for all 
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clinically used anti-HIV compounds and their combinations, as well as for 
all candidate drugs seriously considered for HIV therapy (28). 

3.2.3. Drug resistance 
Despite the availability of effective therapies, emergence and spread of mi-
crobial and viral resistance to drugs is now threatening to undermine our 
ability to treat infections and save lives. Drug resistance can be considered as 
a natural response to the selective pressure of the drug on the population of 
viruses or microorganisms. Several common mechanisms are responsible for 
drug resistance and include, for example, increased efflux or decreased in-
flux of the drug, alternative pathway to bypass inhibited reaction, increased 
production of drug sensitive enzymes, increased amount of an enzyme sub-
strate (i.e. to compete with the drug), decreased requirement for a product of 
inhibited reaction or failure to activate the drug. However, resistance medi-
ated by mutations in the genes of infectious organisms that alter drug’s inter-
action with its respective target protein remains the most common mecha-
nism of resistance  (34-38)  (papers III and IV). 

Drug discovery techniques for remedies of pathogens usually seek 
an inhibitor that maximally inhibits a given biomolecular target of the patho-
gen. In many cases this is an effective approach as many drug targets of 
pathogens are specific for their ligands and their active sites have little lati-
tude to mutations. Such inhibitors will also be relatively robust to the ap-
pearance of resistance mutations in the enzyme/target, because highly spe-
cific enzymes have little range for remodeling their active sites without 
compromising binding and catalysis. However, the presence of amino acid 
polymorphisms in the targeted proteins remains a significant obstacle to the 
efficacy of the majority of drugs directed against viruses, bacteria, or para-
sites (39). Amino acid polymorphisms may arise naturally by spontaneous 
mutations in a viral or bacterial genome or be selected under evolutionary 
pressure of anti-viral/anti-bacterial therapies. As a result, different strains of 
the infectious agent, different versions of the same target within a single 
microorganism are observed (40). An ideal drug will then be one that is ex-
tremely effective against a primary target and also maintains its efficacy 
against the most important variants of the target molecule. The absence of 
conformational constraints at critical locations in the drug chemical structure 
must provide an adaptation mechanism to target variations (paper IV) (39). 

3.2.4. Retroviral proteases 
Viral proteases are essential in the life cycle of many viruses, including 
herpesviruses, rhinoviruses, flaviviruses and retroviruses. Viral proteases, 
therefore, have been favored targets for antiviral agents (41). Retroviral pro-
teases function as dimmers with a single active site built by the amino acid 
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residues originating from two identical monomers (Figure 6). The flexible �-
loops (also known as “flaps”) are functionally very important, and a flap of 
each monomer changes orientation during the ligand binding and creates 
multiple interactions with it (42). The N- and C-termini of the protease 
monomers form four-stranded �-sheets (42). The conserved active site resi-
dues of HIV-1 protease, i.e. D25, T26 and G27, are located in a loop, the 
structure of which is stabilized by a rigid network of hydrogen bonds and 
two catalytic aspartates (D25 and D25�) that promote substrate amide bond 
hydrolysis (42). 

A number of distinct “pockets” that accommodate the side chains of 
the substrate amino acids can be identified in retroviral proteases. Subsites 
on the N-terminal side of the cleavage bond are unprimed and those on the 
C-terminal side are primed. Therefore, two amino acid residues that are ad-
jacent to the scissile bond are labeled P1 and P1�; the next two P2 and P2�; etc. 
The corresponding binding sites in the protease are labeled S1 and S1�, S2 and 
S2� and so on. Due to the symmetry of retroviral proteases being formed from 
its identical monomers, the primed and unprimed pockets are formed by 
identical amino acid residues. Some protease amino acids participate in the 
formation of more than one binding pocket. Binding sites S4, S2, S1�, S3� are 

Figure 6. Crystal structure of HIV-1 protease. Helices are indicated in green, strands 
in blue and turns and coils in orange. The active site residues D25 and D25� are 
shown in red. The figure is drawn from the 3D coordinates of HIV-1 protease de-
rived from PDB using VMD v. 1.8.3 software. PDB accession number 1AAQ. 

located on one side of the protease active site, whereas pockets S3, S1, S2�, 
and S4� are located in a similar manner on the opposite side of the active site 
(Figure 7) (23, 42). 

The main function of retroviral proteases is to ensure efficient and 
correct cleavage of newly expressed precursor viral polyproteins into smaller 
mature viral proteins (27). However, HIV-1 protease also interacts with 
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many host cell proteins and affects their synthesis, signal transduction, cell 
proliferation, regulation of gene expression, host cell death as well as other 
processes (43-46). 

The specificity of the HIV-1 protease has been extensively studied 
with peptide substrates in vitro (42, 47). The results from these investiga-
tions have demonstrated broad specificity of HIV-1 protease with ability to 
cleave various peptide sequences with diverse amino acid compositions. 
Traditionally, all HIV-1 protease substrates are roughly divided into three 
classes according to the amino acids at a scissile bond (P1 and P1� positions), 
but there are no clear consensus sequences within each group. The first 
group of substrates contains aromatic�Proline cleavage bond, whereas the 
second major group has hydrophobic�hydrophobic junction around the 
cleavage site. A third category forms from all other cleavage sites (42, 47).  

HIV-1 protease is a protein of exceptional high mutational plasticity. 
Amino acid polymorphisms have been observed in 66 of the 99 residues of 
the HIV-1 protease monomer (48-54) and more than 38 positions have been 
associated with resistance to protease inhibitors (28). Because of its poly-
morphic nature, multiple mutations in HIV-1 protease may lead to less effi-
cient cleavage of the polyproteins during HIV maturation process. Adaptive 
cleavage site mutations in the polyproteins, which increase enzymatic activ-
ity of the mutated protease, provide another mechanism by which resistance 
to HIV protease inhibitors occurs (discussed in details in papers III and IV) 
(34, 55). For example, a mutation of the NC-p1 cleavage site (the cleavage 
site between viral nucleocapsid protein and p1 protein) was observed in re-
sponse to the V82A HIV-1 protease mutation, where alanine at position P2 of 
the NC-p1 site mutates to valine restoring the cleavage ability of the site by 
the mutated protease (56). 

 

 
Figure 7. Schematic representation of an octapeptide substrate interacting with the 
HIV-1 protease subsites.  
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3.2.5. Drug resistance-evading inhibitors 
Traditionally, drug molecules are designed according to the lock-and-key 
concept to fit accurately into the binding cavity of the target protein (40, 57). 
This approach results often in conformationally constrained pre-shaped 
molecules, which do well against a unique target, but lack the adaptability to 
small target variations due to naturally occurring polymorphisms or drug 
resistance mutations (40, 57). All protease inhibitors in current clinical use 
may suffer dramatic decrease in binding affinity and become ineffective 
when confronted with mutations associated with drug-resistance (58-63). 
Therefore, a major challenge in the design of resistance-evading drugs is the 
integration of target genetic diversity into the drug design process. In fact, 
this is a strategy that alters the traditional lock-and-key concept (57).  

Many non-active site resistance-causing mutations modify the ge-
ometry of the binding pockets in HIV-1 protease but do not change the 
chemical character of the active site (57, 64). The role of these mutations 
was originally assumed to be only of a compensatory nature, but new find-
ings demonstrate that some of the non-active site mutations might play a 
very important role in lowering the affinity of inhibitors (64). For example, 
mutations such as I84V, V82F, I47V and I50V in HIV-1 protease change 
spatial arrangement, shape, or volume of the binding pocket but not its polar-
ity or hydrophobicity. Rigid inhibitors cannot adapt to these geometric dis-
tortions and thus lose their binding affinity (57). 

Peptide substrates, on the other hand, have a higher flexibility than 
most synthetic inhibitors and are more amenable to adapt to backbone rear-
rangements or subtle conformational changes induced by mutations in the 
protease (65). Therefore, peptide substrates with high activity on multiple 
protease variants would represent a “promiscuous” group of lead candidates 
for further development into adaptive inhibitors, which could be effective 
over an array of highly-resistant viral mutants (papers III and IV). 

3.3. Cytochrome P450 enzymes and pharmacogenomics 
Metabolism determines the fate of drugs entering the body, and depends not 
only on physicochemical properties of the compounds, but also on the char-
acteristics of the involved metabolizing system, the constitution of which is 
influenced by a number of genetic and environmental factors (66, 67). In an 
ideal situation drugs are converted to harmless, water-soluble metabolites, 
which are easily excreted through the urine. However, some drugs may 
cause drug-drug interactions by inhibiting or inducing the activities of meta-
bolic enzymes, and thereby altering the normal detoxification and elimina-
tion processes of other co-administered drugs (66). Drug metabolism occurs 
in two main phases – Phase I and II. Phase I enzymes are responsible for 
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modification of functional groups of drugs, i.e. oxidation, hydrolysis or re-
duction. Phase II enzymes are responsible for the conjugation of phase I 
metabolites with water-solubilizing endogenous substituents (68, 69). 

Cytochrome P450 enzymes (CYPs) represent a superfamily of 
heme-containing proteins that are involved in the phase I metabolism of a 
great number of endobiotics and xenobiotics (70). CYPs are present in most 
species across all five biological kingdoms and the number of CYPs identi-
fied to date exceeds 2,500 individual enzymes (71). It is thought that about 
60 cytochrome P450 enzymes are present in the human genome (71, 72). 
Mammalian CYPs are membrane bound proteins and are primarily expressed 
in the liver (73). CYPs are categorized into families and subfamilies by their 
sequence similarity, i.e. sequences that have more than 40% identity belong 
to the same family and more than 55% identity to the same subfamily. Only 
three human families, CYP1, CYP2, and CYP3, are mainly involved in drug 
metabolism and 90% of all drugs are metabolized by six CYP isoenzymes, 
i.e. CYP1A2, 2C9, 2C19, 2D6, 2E1 and 3A4 (Figure 8) (66, 74, 75). How-
ever, other cytochromes P450 enzymes, such as CYP3A5, CYP2B6, and 
CYP2C8, have recently gained increased  attention  as  potentially  important 

 
Figure 8. The percentage of cytochrome P450 enzymes contributing to drug metabo-
lism is estimated by the relative size of each section of the chart (68). 

drug-metabolizing enzymes (76). CYPs P450 have evolved to metabolize 
broad classes of compounds of unrelated structures (77). For example, the 
active site of CYP3A4 enzyme is large and predominantly hydrophobic in 
nature allowing accommodation of a wide range of structures, from simple 
and rigid steroids to macromolecules such as cyclosporins (Figure 9) (78). 
Thus, accordingly CYP-ligand interactions do not align with the classical 
idea of “lock-and-key” paradigms. 

Nearly every major gene or gene family involved in the adsorption, 
distribution, metabolism or excretion of drugs is subject to genetic polymor-
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phisms. This results in very individualized patterns of CYP compositions 
and consequently in individualized metabolic activity patterns (68, 72, 75, 
77, 79). Variability is the rule rather than the exception. Mutations in CYP 
enzymes may lead to altered substrate specificity and significant decrease or 
increase of activity. However, mutant forms of metabolizing enzymes are, 
for the most part, silent and their effects do not emerge until a person’s or-
ganism comes across a new exogenous compound with a particular selectiv-
ity for the mutated CYP form (77). 

The extensive research on heterogeneity among the human popula-
tion in diseases and variability in drug responses together with the success of 
the Human genome project has spawned to the field today known as “phar-
macogenomics”. Pharmacogenomics uses large groups of patients to evalu-
ate how candidate drugs interact with a range of genes and their protein 
products, with the final goal of increasing efficiency of the drug develop-
ment process and developing products that will best benefit most individuals  

Figure 9. 3D protein model of the CYP3A4 enzyme. Secondary structure elements 
are shown as �-helices in green, �-strands in blue, coils in light blue, and turns in 
red. The heme molecule is represented by a balls and sticks model. The figure is 
drawn from the PDB 3D coordinates of CYP3A4 enzyme using PDB Protein Work-
shop v. 1.5 software. PDB accession number 1W0E. 

in the population. Pharmacogenomic studies also focus on the development 
of therapeutic agents targeted for specific, but genetically identifiable, sub-
groups of the population (68). Moreover, important steps have been taken in 
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the use of molecular diagnostics to more precisely select optimal drugs and 
dosage regimes for individual patients (80). 

Pharmaceutical companies are employing various strategies in order 
to minimize the high cost of drug development, reducing time which com-
pounds spend in discovery programs, and trying to predict potential failures 
of the candidate drugs in the pre-clinical and clinical trials as early as possi-
ble (81). More than 70% of candidate drugs failures are attributed to inade-
quate drug absorption and metabolism, high toxicity and a lack of therapeu-
tic efficacy (66). Therefore, considerable attention has been placed by the 
pharma industry on computational methods that could predict accurately 
ADMET properties of the candidate drugs well in advance (66, 75, 82) (pa-
per V). 

3.4. G-protein coupled receptors 
The G-protein-coupled receptor (GPCR) family is one of the largest and 
most diverse groups of proteins and is encoded by 3% of the genes present in 
the human genome (11, 83-86). There are around 700 GPCRs in humans and 
all of them share a conserved transmembrane structure comprising seven 
transmembrane helices as shown in Figure 10 (87). GPCRs are involved in 
many physiological processes and are attractive targets for pharmacological 
intervention (83). Binding of specific ligands to the extracellular loops or 
transmembrane helices causes conformational changes in the GPCRs that 
then act as a switch to relay a signal to G-proteins, that in turn signal to 
cause further intracellular responses (87). 

GPCRs are one of the most important drug targets for the pharma-
ceutical industry, and more than 50% of all marketed drugs act on them (14). 
However, the currently used drugs target only 30 members of the family, 
which include mainly biogenic amine receptors. Thus, there is enormous 
potential to exploit the remaining family members, including the more than 
100 so-called orphan receptors for which no ligands so far have been identi-
fied (88). Structure-based in silico approaches have been extremely chal-
lenging for this family of receptors because of the lack of exact 3D structural 
information. Only two tertiary structures for the GPCRs have been identified 
to date, namely bovine rhodopsin (83) and human �2-adrenergic receptor 
(89) (Figure 10). 

3.4.1. Melanocortin receptors 
Melanocortin receptors (MC) belong to the GPCR protein family and exist in 
five different subtypes, MC1-5, showing about 40 - 60 % amino acid se-
quence identity (90). The MC2 receptor is the ACTH receptor that binds 
adrenocorticotropin hormone but not the melanocortins (MSH-peptides), 
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while the MC1,3-5 are MSH-peptide binding receptors (90). The melanocortin 
receptors and their endogenous mediators are involved in control and regula-
tion of skin pigmentation, immune and neuroendocrine regulations, feeding 
and sexual behavior, haemodynamics, and nerve growth and regeneration 
(91, 92). Because of these important roles, there is a substantial interest to 
develop selective ligands of MC receptors. For example, it is hoped that MC1 
receptor selective agonists will be useful in the treatment of immune system 
disorders, whereas MC1 antagonists may aid in treatment of inflammatory 
conditions (92, 93). MC3 and MC4 agonists will be useful in the treatment of 
sexual dysfunctions and obesity, anorexia and drug addiction (90, 93). MC5 
receptor antagonists could find their application in treatment of acne and 
seborrheic dermatitis (90, 93). Development of low molecular weight MC 
receptor ligands is now well under way, but MC peptides remain the most 
selective high-affinity compounds for the MC receptors (94). Despite intense 
efforts in MC receptor research the binding pocket of the melanocortin pep-
tides and the endogenous antagonists is still not clearly defined. 

Figure 10. Crystal structure of �2-adrenergic G-protein coupled receptor with T4 
lysozyme fusion protein. A lipid membrane boundaries are shown by dashed lines. 
TM denotes transmembrane regions; EC indicates an extracellular loop. T4 ly-
sozyme is fused into the third intracellular loop of �2-adrenoreceptor. The figure is 
drawn from the PDB 3D coordinates of �2-adrenergic G-protein coupled receptor 
using PDB Protein Workshop v. 1.5 software. PDB accession number 2RH1. 
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3.5. Machine learning in bioinformatics 
Rapid developments in DNA sequencing, high-throughput screening and 
advances in combinatorial chemistry and crystallography produce huge 
amount of biological data, and the accumulation of such data continues 
growing at a phenomenal rate (4). As a result, many databases have emerged 
over the last 20 years, which contain massive amount of new data for aca-
demic research and business purposes. This includes sequence databases 
[GenBank, EMBL (European Molecular Biology Laboratory nucleotide se-
quence database), DDBJ (DNA Data Bank of Japan), PIR (Protein Informa-
tion Resource), SWISS-PROT], structural databases [CSD (Cambridge 
Structural Database for organic and organometallic crystal structures), PDB 
(the Protein Data Bank for protein structures), NDB (the Nucleic Acid Data-
base for nucleic acids structures)], interaction databases [BIND (Biomolecu-
lar Interaction Network Database), MIPS (Mammalian Protein-Protein Inter-
action Database), the Binding Database, KiBank, Protein-DNA recognition 
database] and databases for many other types of biological data. However, 
human inspection, interpretation and understanding of the large-scale data 
are not realistic and there exists a quickly expanding gap between data gen-
eration and the biological knowledge it potentially contains (4). 

This knowledge is hidden in the ocean of data and in order to extract 
useful information and identify interesting patterns, features, and relation-
ships sophisticated computational algorithms need to be applied (95-97). The 
process of extraction of knowledge from data is known as data mining or 
knowledge discovery. It aims to extract previously unknown, nontrivial and 
practically useful information from data and make it accessible for human 
interpretation.  

A large number of data mining tools have been developed based on 
recent advances in machine learning. Machine learning represents an area of 
artificial intelligence that aims to design algorithms that can “learn”. All 
machine learning techniques can be roughly divided into two major groups; 
supervised and unsupervised learning methods. Supervised methods, such as 
artificial neural networks, decision trees, rule-based and regression methods, 
k-nearest neighbor, support vector machines and other methods learn by 
examples, whereas unsupervised learning methods, such as principal com-
ponent analysis, self-organizing feature maps and data clustering learn with-
out prior knowledge of correct outcomes (96, 98). There is no universal ma-
chine learning technique and one method may be preferable over another to 
solve a particular problem. Typically, there is an interest in the development 
of models that could generalize, i.e. make accurate predictions for unseen 
cases, as well as gain new insight into the nature of the problem at hand. It is 
often also important to understand how different model variables relate to 
each other, and how they can be interpreted. For example, a significant ad-
vantage of rules-based and decision trees models is that they can be easily 
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understood by a human. In contrast, artificial neural network models usually 
do not provide any indication on importance of attributes, although they can 
demonstrate excellent prediction results. A person with some statistical 
knowledge, on the other hand, can easily interpret regression equation coef-
ficients of logistic regression or partial least squares. A brief overview of 
some important machine learning techniques used in papers I-V is given 
hereinafter. 

3.5.1. Principal Component Analysis 
Intelligent interpretation of a plethora of data is a challenge. The human 
mind cannot easily interpret more than three dimensions and, therefore, 
some form of data reduction is needed. The compressed information can 
then be visualized in various graphical forms in 2D or 3D spaces with com-
binations with color if necessary. Currently, many data mining techniques 
are available for processing and overviewing multivariate data (1). However, 
principal component analysis (PCA) remains one of the most powerful data 
reduction techniques (99-101). 

A data matrix X with N objects and K variables can be represented 
as an ensemble of N points in a K-dimensional space. Although such a K-
dimensional space is difficult to visualize when the number of dimensions is 
more than three, mathematically, such a space represents the same concept 
as a space with only two or three dimensions. Geometrical concepts such as 
points, lines, planes, hyper-planes, distances and angles all have the same 
properties in multidimensional space as in 3D-space. PCA is a mathematical 
transformation of a data matrix to a new coordinate system, where the first 
new axis, X1 (the first principal component), results in a new variable x1, 
such that this new variable accounts for the maximum of the total variance. 
The second axis X2, (the second principal component) being orthogonal to 
the first X1 axis, is identified such that the corresponding new variable, x2, 
accounts for the maximum of the variance that has not been accounted for by 
the first variable; thus accordingly x1 and x2 are uncorrelated (Figure 11). 
The procedure is repeated until all N new axes have been identified such that 
the new variables x1, x2, …, xN account for successive maximum variances 
and the variables are uncorrelated (100, 101). Thus, PCA projects a swarm 
of points down on to a low-dimensional hyper-plane or subspace and forms 
new variables, which are linear composites of the original variables. 

Mathematically, PCA approximates a data matrix X in terms of the 
product of two smaller matrices T and L�, which capture the essential data 
patterns of X (99). Modeling the k variables in the data matrix X (n � k), 
where n is the number of objects, as linear combinations of the common 
factors T (n � M) or principal components can be expressed as follows: 
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X = T � LT + E, 
 
where T is the score matrix, L (k � M) is the loading matrix and M is the 
number of significant principal components (M � n) and E is an error matrix. 
The columns of the loading matrix L are the eigenvectors; the eigenvector 
coefficients, called loadings, represent the importance of each original vari-
able in the considered eigenvector (102). 

 

Figure 11. The first two linear principal components of a set of data. A 3D-space of 
data points is approximated by two orthogonal lines, which form a plane. The prin-
cipal components minimize the total squared distance from each point to its or-
thogonal projection on that plane (left panel). The right panel shows the projected 
points, i.e. the first two principal components of the data. 

Loadings demonstrate the correlation among the original and new 
variables and indicate the extent to which the original variables are influen-
tial in forming new variables. That is, the higher the loading the more influ-
ence it has in the formation of the principal component score and vice versa. 
Therefore, loadings can be used to determine which original variables are 
influential in the formation of principal components, and one can then assign 
a corresponding meaning or label to the principal component. 

The principal component scores can be plotted for further interpreta-
tion of the results. Based on visual examination of the plot, one may identify 
groups and clusters of objects and detect critical outliers. In PCA a strong 
outlier might cause one of the principal components to run through or very 
close to it, resulting in a skewed model (99, 103). Therefore, if an object lies 
far away from other objects in the score plot, it can be suspected of being an 
outlier, and thus be corrected or eliminated before the final PCA model is 
developed (99, 103). The scores resulting from the principal components can 
also be used as input variables for further analyzing the data using other 
multivariate techniques such as regression, cluster analysis, and discriminant 
analysis. The advantage of using principal component scores is that these 
new variables are not correlated to each other. 

In order to build a meaningful PCA model it is necessary to stan-
dardize the data by centering and scaling it to unit variance. This procedure 
makes all coordinate axes have the same length and gives each variable the 
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same influence on the PCA model. The application of PCA to large data sets 
provides powerful ways for simple data overviewing, detection of data 
trends, object groupings and outliers. 
 

3.5.2. Partial Least Squares 
Partial least squares projection to latent structures (PLS) takes PCA one step 
further, as it deals not only with one X variable data matrix but simultane-
ously also with another data matrix Y of response variables (104-106). PLS 
addresses a multivariate regression problem, i.e. the problem of predicting 
one or many y-variables from a multivariate set of x-variables. The central 
idea of PLS is to compute the principal component scores of the X and the Y 
data matrices and then fit a regression model between these scores (Figure 
12). Therefore, the initial steps in PLS are the same as in PCA. First, each 
object is represented as a point in both X- and Y-spaces and then the first 
PLS component is projected as a line in each of these spaces that passes 
through the swarms of points. Mathematically, the matrix X is decomposed 
into a score matrix T and a loading matrix L� plus an error matrix E (eq. 1). 
Similarly, the Y matrix is decomposed into a score matrix U and loading 
matrix Q� and the error matrix F (eq. 3). The goal of the PLS algorithm is to 
well approximate the groups of points in X- and Y-spaces and to provide the 
best possible correlation between the projections (Figure 12). The projec-
tions of X and Y are connected and correlated through the following rela-
tions: 

X = T � LT + E (eq. 1) 
U = T + UE, where UE is an error matrix of the regression (eq. 2) 
Y = U � QT + F (eq. 3) 

The optimal number of PLS model components with respect to model’s pre-
dictability is determined by cross-validation (107). 

A great advantage of PLS is that it can be applied to almost any type 
of data matrices, for example, matrices with multiple variables, many obser-
vations or both (papers I, III-V) (1). PLS is highly suitable for problems 
with partly correlated variables (papers I, III-V) (1). Moreover, PLS can 
also be used as a class discriminant method. In this case, the response vari-
ables can be coded with 0 for one class and 1 for the other class (paper III) 
(107). Another attractive feature of the PLS method is that it provides pow-
erful views on the data structure compressed in 2D or 3D dimensions in a 
form of score and loading plots and may thereby be used to reveal groups or 
patterns in the data (1). 
 
 
 



 38 

Figure 12. The geometric representation of partial least squares. The descriptor 
matrix X can be represented as N points in K-dimensional space, where each column 
of X defines a coordinate axis (the case when K=3 is shown on the figure, the left 
part). Similarly, the response variable matrix Y could be represented as M points in 
L-dimensional space (the right part). The PLS model projects both K- and L-
dimensional spaces on to a lower dimensionality hyperspaces extracting latent vari-
ables t and u respectively and simultaneously maximizing the correlation between 
these projections (the lower part). 

3.5.3. Rough sets 
The rough set approach1 deals with concept approximation from acquired 
data and the induction of a minimal set of rules from the decision system 
(108). A common method for data representation is a table, where each row 
corresponds to a new observation or an object and each column represents 
some measured or computed characteristics of these objects (also known as 
conditional attributes) (Table 1). The outcome or the class for each observa-
tion is called the decision attribute. Decision table attributes can be of cate-
gorical or continuous nature. Since the rough sets method is based on logic 
and discrete mathematics, non-categorical attributes need to be discretized in 
a pre-processing step (112, 113). For this purpose, fully automatic sophisti-
cated algorithms for the data discretization have been developed, but the 

                               
1 The rough sets approach is implemented in the publicly available ROSETTA software sys-
tem (http://rosetta.lcb.uu.se) (109-111). 
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number and size of intervals of continuous attributes depend highly on how 
deep we want to explore a problem. 

Table 1. A small artificial example of the data table for protein-ligand interactions. 
The table includes seven observations, denoted as “Obs.”; three condition attributes 
(i.e. protein type, ligand group R1, which is either present or absent in the ligand 
structure, and the molecular weight of the ligand group R2), and one decision attrib-
ute, i.e. biological activity. 
 
 

 
 
 
 
 

The concept of indiscernibility is fundamental to rough sets (113). 
Objects in a decision system are assumed to be indiscernible if one cannot 
discern between them based on their sets of attributes. Therefore, for each 
set of attributes in the data table we can find a collection of pairs of objects 
that are indiscernible. For example, objects 1 and 2 in Table 1 are indiscerni-
ble on the basis of attributes “protein type” and “R1” combined. Typically, 
we are interested in assembling the sets of attributes with the same values of 
the outcome. However, it may be that such sets cannot be defined in an exact 
manner and we may only approximate them from above and below. A rough 
set then is any set defined through its lower and upper approximations as 
graphically shown in Figure 13 (113). For example, assume that we are in-
terested in approximating all objects with the biological activity “Yes”, i.e. 
objects 1, 4, and 6, using all attributes (Table 1). The lower approximation 
would be then a set of objects 1 and 6, whereas the upper approximation 
would be defined through a set of objects 1, 3, 4, and 6. 

Ligand descriptors 
 
 
 R1 R2

OH

 

 
 
 
 
 
 
 
 
 
Obs. 

 
 
 
 
 
 
 
 
 
Protein type 

 
 
 

R1 

 
Molecular 
weight of 

R2 
 

 
 
 
 
 
 
 

Biological 
activity 

1 A present >100 Yes 
2 A present 0 No 
3 B present 1-50 No 
4 B present 1-50 Yes 
5 C absent 51-100 No 
6 A absent 51-100 Yes 
7 C absent 51-100 No 
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Figure 13. Each square on the grid represents a set of objects that are indiscernible 
with respect of attributes. The set of objects that we want to approximate is the area 
covered by a dashed line that crosses boundaries of squares, which cannot be de-
fined exactly within our approximation space. The rough set is then defined by its 
lower (gray zone) and upper (gray and black zones) approximations as indicated. 

Some of the attributes in the decision table may be redundant. To 
discard superfluous information the so-called reducts are calculated. Reducts 
are minimal subsets of attributes that preserve or “almost” preserve the in-
discernibility relation and contain a necessary portion of information of the 
set of all attributes. Reducts help to build smaller and simpler models, and 
provide a focus on the decision-making process (113). Finding all reducts is 
a NP-hard (nondeterministic polynomial-time hard) problem, i.e. this is a 
complex and computer-intensive step in rough set data analysis that can not 
be resolved by a simple increase in computational power. However, there are 
heuristics based on genetic algorithms that allow computation of sufficiently 
many reducts in acceptable time (112, 114). From these reduct approxima-
tions it is then possible to generate decision rules that reveal non-
deterministic relationships between a set of conditional attributes and the 
decision attribute. A decision rule is a statement of the form “If (some condi-
tions C) then (decision D)”, where the condition C is a set of elementary 
conditions connected by “and”, and the decision D is an outcome. For exam-
ple, a simple rule deduced from Table 1 could be: “If (protein type is “A” 
and molecular weight of R2 is “>100”) then (biological activity is “Yes”)”. It 
is also possible to enrich the description language by combining the rules, 
i.e. If (C1 � S1) and (C2 � S2) and (C3 � S3) then (D = some decision), where 
Sx (x=1..n) is a set of possible attribute values. Removing some descriptors 
of existing rules allows rule shortening (115). After shortening, some rules 
are then merged, which makes them stronger and more general. Such gener-
alized rules are still readable and classifiers built on these rules have compa-
rable accuracy and much better coverage. The analysis of the rules allows 
revealing new relationships between the attributes that may lead to novel 
hypotheses for further research (as demonstrated in paper II, for example). 
The rule-based model can also be used to predict the outcomes for new ob-
servations. In this case, all rules that match a new observation participate in a 
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voting process (votes are proportional to rule support). Possible outcomes 
are then ranked according to the percentage of votes received and the one 
with the highest rank is chosen as a final result (113, 116). The rough sets 
approach finds a wide range of applications in data mining and knowledge 
discovery, such as for analysis of attribute associations, classification, and 
clustering (paper II) (112-114, 116, 117). However, the major advantage of 
the rule-based models generated using rough sets is that they can be easily 
interpreted and understood by non-experts. 

3.6. Validation methods 
Validation techniques represent a powerful toolbox for the assessment of the 
quality of models in terms of their significance (i.e. whether a model de-
scribes a real biological process or it is an artifact obtained by pure chance) 
and ability to generalize (i.e. to perform well in predicting new independent 
data). Assessment of model performance is extremely important from a prac-
tical point of view, since it allows us to evaluate and compare how different 
learning methods work, and eventually choose the best learning method and 
the best model. Therefore, various validation methods have been developed 
to address these issues, such as cross-validation, external validation, permu-
tation techniques, variable selection, bootstrapping and bagging, akaike and 
Baeysian information criteria and many others (96, 98, 102). Some of the 
most popular and widely used techniques are described hereinafter. 

The R2 validation parameter demonstrates the goodness of the model 
fit. It measures how well a regression or a classification model fits the data 
of the training set (papers I, III-V). R2 is the squared multiple correlation 
coefficient; that is the percent of total variance of the response explained by 
a regression or classification model, and is calculated as follows: 
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where iy is observed and estimatediy _

�

 is the model’s estimated response. 
_
y is 

a mean value of the observed response variables. The closer R2 is to one, the 
better the fit for a model and the smaller the model’s estimation error. How-
ever, when the number of descriptors is relatively large compared to the 
number of observations in the data set, simple models can be found with 
good fitting properties due to chance correlation (118, 119).  Moreover, the 
R2 parameter is not related to the capacity of the model to perform well on 
future data sets and the model’s training error is a poor estimate of the error 
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of the test set (102). To avoid models with chance correlations and overfit2, 
further validation is needed. 

3.6.1. Training set, validation set and test sets 
One common validation approach for both regression and classification 
problems is to randomly divide the data into three parts, i.e. a training set, a 
validation set, and a test set. The training set is used by machine learning 
methods to fit models. The validation set is used to optimize parameters of 
those models, select one particular model and estimate its prediction error. 
Finally, the test set is used to calculate the generalization error for the cho-
sen, optimized model. Because the results of this validation strongly depend 
on the split of the data, it is advisable to repeat the procedure several hun-
dred of times and average prediction errors. The main disadvantage of this 
validation technique is that it is suitable in a data-rich situation, whereas in 
case data is scarce other methods are more efficient, some of which are de-
scribed below (96, 98, 102). 

3.6.2. Cross-validation 
Probably the most popular technique for estimation of the prediction error 
and potential overfitting of models is cross-validation (96, 102, 120, 121). In 
k-fold cross-validation the available data is split into K equal-sized parts. 
Each k-th part is held out one at a time, the model is then fit to the other k-1 
parts of the data and a prediction error is calculated on the excluded set. This 
procedure is executed for k = 1, 2, …, K and prediction errors for all ex-
cluded sets are combined. Choices of K are often 5-fold and 10-fold cross-
validations. The case when K is equal to the number of observations in the 
data set is known as leave-one-out-validation. For the regression model 
cross-validated R2 or Q2 indicates the explained variance in prediction and is 
calculated as follows: 
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where iy is observed and predictediy _

�

 is the predicted response during cross-
validation procedure. 

_
y is the mean value of the observed response variables 

(papers I-V). 
Each cross-validation experiment yields an error estimate, which is 

dependent on the original data set splits. Therefore, it is recommended to 
repeat the cross-validation procedure several times on different original data 
                               
2 The overfitted model produces the perfect or very good fit but fails to generalize 
beyond the fitting data and predict new observations. 
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set sub-divisions in order to estimate average cross-validation error of pre-
diction (papers IV and V). 

3.6.3. Double cross-validation 
Another advanced validation technique is a double cross-validation (122). 
First, the original data set is randomly divided into N equal parts, e.g. A1, A2, 
…, AN. Then new N data sets are generated by excluding the N-th part in 
turn, so the first data set B1 contains parts A2, A3, …, AN, the second new B2 
data set contains parts A1, A3, A4,…, AN and the N-th data set BN is con-
structed from the parts A1, A2, …, A(N-1). K-fold cross-validation is then ap-
plied for each of the models fitted to the Bx data set (x = 1, 2, …, N) (the 
inner loop of the double cross-validation). Each model fitted to Bx data set is 
also validated by a corresponding Ax test set (the outer loop of the double 
cross-validation) (paper II). 

3.6.4. Permutation validation  
Permutation validation is yet another popular validation technique that is 
used to test for chance correlations between variables in the model and the 
response variable. The validation procedure starts with generation of multi-
ple (several hundred or more) new data sets where response variables are 
randomly permuted. A model is fitted then to each new permutated data set 
and further validated (for example by cross-validation) following the same 
scheme as applied for the model fitted to the original data (123). The quality 
of the models generated on permuted data (for example, R2 and Q2 parame-
ters) is then compared to the quality of the original model. If the original 
model is robust and has no or very little chance correlation, this will be seen 
as a significant difference in the quality of the original model and the models 
obtained with randomly permuted responses (102) (papers I-V). The differ-
ence in quality between models built on permuted and original data could be 
also emphasized by a p-value, which would show a probability for the origi-
nal model to be observed by chance. 

3.6.5. Area under the ROC curve 
A prediction for a binary decision attribute by a model can have four possi-
ble outcomes, i.e. true positive (TP) and true negative (TN) outcomes are 
correct classifications, whereas false positive (FP) and false negative (FN) 
outcomes are incorrect classifications. The FP occurs when the outcome is 
incorrectly classified as “yes” when it is actually “no” and vice versa for the 
FN. The number of correct classifications divided by the total number of 
classifications is known as classification accuracy, i.e. (TP + TN) / (TP + TN 
+ FP + FN), whereas the error rate is one minus this expression. In multiple 
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decision problems the classification results are often displayed as a two-
dimensional confusion matrix with rows and columns for each class. Each 
element in this matrix corresponds to the number of examples for which the 
actual class is the row and the predicted class is the column. The larger the 
numbers of correct predictions down the main diagonal are, the better the 
prediction accuracy is for a given classifier (96). 

One of the standard evaluation techniques of performance for a clas-
sification model is the receiver operating characteristic (ROC) curve (124). It 
demonstrates the performance of a classifier independently on decision class 
distribution or error costs. A ROC curve is the plot of the number of the true 
positive rate (sensitivity, i.e. TP / (TP + FN)) against the false positive rate 
(1 – specificity, i.e. 1 - (TN / (TN + FP))) (Figure 14). The shape of the ROC 
curve depends on the test data. However, application of cross-validation can 
reduce this dependence (96, 113). 

 

 

Figure 14. Graphical representation of the ROC curve. Receiver operating character-
istics curve results from plotting sensitivity against 1-specificity for all possible 
thresholds. AUC indicates the area under the ROC curve. 

To summarize ROC curves into one value, the area under the ROC 
curve, or AUC, is usually computed. AUC is a valuable indicator of a 
model’s performance, since it is independent of both prevalence of classes 
and error costs. In general, the larger AUC is, the better the model. The AUC 
of 0.5 for a binary classifier indicates that it does not perform better than 
random classification, while AUC=1.0 signifies a perfect discrimination 
(Figure 14) (96, 113, 114). 
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3.7. Molecular descriptors  
A huge number of various molecular descriptors have been developed re-
cently for the mathematical description of properties of low molecular 
weight compounds and biological macromolecules (102).  Representation of 
molecules by use of numbers opens many possibilities to apply various sta-
tistical modeling methods to answer practically and theoretically important 
questions. Molecular descriptors range from binary descriptors and physico-
chemical descriptors to 3D structural and higher dimension descriptors, and 
beyond. In principle, any measured or calculated property of a compound 
could become a descriptor for that compound. With the advancement of 
chemoinformatics and bioinformatics many open-source and commercial 
software programs have become available for calculating hundreds to thou-
sands various 0D-3D descriptors of organic compounds 
(http://www.moleculardescriptors.eu). For example, the current version 5.5 
of the popular Dragon program can generate more than 3,200 molecular 
descriptors (http://www.talete.mi.it). Usually as many descriptors as possible 
are computed to represent the data set molecules. The number of descriptors 
is subsequently reduced during the modeling process, leaving the most rele-
vant for the problem studied. Some important groups of descriptors for 
ligands and biopolymers used in this thesis are discussed below. 

3.7.1. Molecular descriptors of ligands 
Binary descriptors of ligands represent the simplest group of molecular de-
scriptors; these indicate the presence or absence of particular functional 
groups, properties, or features in the ligand in a boolean manner. In this way 
various structural keys (also known as ligand “fingerprints”) can be gener-
ated, showing the chemical composition and structural motifs of molecules 
in a boolean array format (125). Other simple structural descriptors include 
molecule atom and bond counts or molecular weight. One-dimensional rep-
resentations of the molecule may be obtained by fragment counts, e.g. the 
number of various functional groups, number of H-bond donor or H-bond 
acceptor atoms etc. Various topological or 2D descriptors of ligands are fre-
quently applied in the modeling of their physical, chemical and biological 
properties (125). Topological descriptors characterize the constitution of the 
compounds and are usually calculated from molecular graphs of ligands. 
Zagreb index, Wiener index, shape indices, molecular walk counts, BCUT 
descriptors, and many others are among the commonly used topological 
descriptors (125). 

However, the real biological processes occur in 3D space and the 3D 
structure of ligands usually determines their biological activity. Several ex-
perimental techniques, such as X-ray crystallography, electron diffraction 
and NMR spectroscopy are used to derive 3D structures of molecules. For 
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ligands without any such experimental data, 3D structures can be simulated 
using computational methods, for example by the popular 3D structure gen-
eration program Corina (Molecular Networks, http://www.molecular-
networks.com) or Concord (Tripos Inc., http://www.tripos.com). 3D struc-
tural descriptors characterize molecular eccentricity, electrostatic, hydropho-
bicity, and hydrogen-bonding potentials, comparative molecular field analy-
sis of the ligands and many other properties. 4D and higher dimensional 
descriptors include 3D coordinates of the ligands and sampling of their con-
formations. However, in order to derive 3D or geometrical descriptors of the 
series of small molecules, one needs to align or superimpose them first. This 
is usually a time-consuming step, which is difficult to perform using auto-
matic procedures. Moreover, any alignment procedure introduces a certain 
amount of subjectivity, and the less information available about the mole-
cules, the worse the alignment can be. Because many 3D descriptors of small 
molecules are highly dependent on the quality of alignment, any mistake 
introduced at this step will affect the rest of the study leading to unpredict-
able results. 

Alignment-independent Volsurf and GRIND descriptors of small 
molecules based on molecular interactions fields (MIFs) have been devel-
oped recently to overcome the above mentioned ligand superimposition 
problem (126-128). MIFs represent the ability of small molecules to estab-
lish energetically favorable interactions with other molecules. For this reason 
MIFs have been widely used in drug discovery and development, since most 
biological effects caused by active compounds are due to their ability to bind 
different types of macromolecules, such as receptors, enzymes, and trans-
porters. Volsurf and GRIND descriptors represent MIFs of small molecules 
in a compact way suitable for human interpretation and understanding. The 
Volsurf molecular descriptors are very suitable for modeling of the physico-
chemical and pharmacokinetic properties of the compounds, whereas the 
GRIND descriptors mainly represent ability of the compounds to bind mac-
romolecules and their pharmacodynamic properties. 

Hydrophobic, hydrogen bond acceptor and hydrogen bond donor 
groups at the receptor-binding site are responsible for the most important 
types of ligand-receptor interactions and, therefore, three main types of MIFs 
are mostly used for computing GRIND descriptors, namely DRY, character-
izing hydrophobic interactions; O, representing hydrogen acceptor groups; 
N, representing hydrogen bond donor groups (126-128). In addition to the 
most commonly used DRY, N and O probes, the Almond program 
(http://www.moldiscovery.com) may compute also other probes, for exam-
ple a TIP probe or a “shape” probe, a pseudo-MIF representing the local 
curvature of the molecular surface (129). The descriptors of this probe in-
clude information of any sharp changes in the local molecule curvature. 

GRIND descriptors have several important advantages. Large librar-
ies of chemically diverse compounds can be described without the need to 
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align or otherwise superimpose their structures and usually they can be mod-
eled without any significant outlier behavior (paper V). Furthermore, each 
GRIND probe can be viewed as a different block of descriptors characteriz-
ing different binding abilities of the compounds. However, the bioactive 
conformation of the molecule is often not the lowest energy conformation. 
The later is usually computed before the GRIND descriptor generation pro-
cedure and the problem of description of numerous ligand conformations 
still remains an active field of research. 

3.7.2. Molecular descriptors of biological macromolecules 
Biological macromolecules, such as DNA, RNA and proteins, are structures 
of extreme complexity. They consist of several thousands of atoms, each of 
which is more or less flexible to move and the overall macromolecule 3D 
structure frequently changes upon binding of a ligand. Nevertheless, many 
molecular descriptors applicable to low molecular weight compounds, could 
in principle be used also for characterization of macromolecules. For exam-
ple, four binary descriptors could be used to characterize each base of DNA 
or RNA genetic code, where all descriptors will be assigned value “0” except 
one, which will be given “+1” indicating the base being described. Similarly, 
a 20-bit binary vector could be used for description of natural amino acids in 
a protein sequence, where one bit will be assigned value “+1” depending on 
amino acid type and the other 19 bits will be set to “0”. However, such bi-
nary approach over-expands descriptor space unnecessarily. When using 
such descriptors the distance between any two bases or any two amino acids 
is the same, which may be not biologically and chemically relevant. For this 
reason, numerous mutation matrices have been developed for natural amino 
acids, which further expand description abilities for biopolymers (130-133). 
Secondary structure elements (such as �-helices, �-sheets, turns, coils), 
structural motifs and subunits may also serve as descriptors of the 3D struc-
ture of the proteins. 

Various physical and chemical characteristics of amino acids, such 
as, for example, molecular weight, hydrophobicity, and surface area may be 
used to establish quantitative description of peptide or protein sequences. 
However, these physicochemical descriptors together with other experimen-
tal and calculated properties of amino acids could be used to compute a few 
general amino acids descriptors, such as z-scales (134). The z-scales repre-
sent the “principal properties” of amino acids derived by PCA applied on a 
data matrix consisting of 26 physicochemical properties of 20 coding and 67 
non-coding amino acids (134). The z-scales are independent of each other; 
they are simple to use and may be roughly interpreted as reflecting hydro-
phobicity (z1-scale), steric properties/polarizability (z2-scale), polarity (z3-
scale) and electronic properties (z4- and z5-scales) of amino acids. The z-
scales are optimized to distinguish between different amino acids for the 
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purposes of quantitative structure-activity modeling. Other principal phys-
icochemical descriptors of natural amino acids could also be used for de-
scriptions of protein sequences (see 135, 136). 

However, in order to compute descriptors of several proteins their 
amino acids sequences need to be aligned. The sequence alignment allows 
determination of the residue-residue correspondences as well as observation 
of the patterns of conservation and variability in the sequences. In multiple 
sequence alignment one arranges sequences under each other (gaps may be 
introduced in some positions of different sequences) in such a way that every 
column contains homologous positions. Several different methods exist for 
the protein sequence alignments. The first famous approach to determine the 
global optimal alignments is the BLAST (basic local alignment search tool) 
program and its various variants (e.g. PSI-BLAST), which are based on a 
mathematical technique called dynamic programming. The other method is 
Hidden Markov Models (HMMs) based entirely on sequence analysis and 
which performs better than PSI-BLAST. The above mentioned BLAST and 
HMMs may produce many alignments with the same optimal scores, how-
ever, there is only one which is the most biologically relevant. Structural 
alignment of proteins based on spatial superimposition of their 3D structures 
is the court of the last resort to decide about the most biologically meaning-
ful alignment. Thus, the mathematical description of protein sequences, va-
lidity and biological interpretation of the statistical models rely entirely on 
credibility of the alignment. Any inaccuracies and irregularities introduced 
in the alignment stage may completely disrupt the modeling, bias biological 
interpretation, and lead to erroneous conclusions. 

Position-based descriptions of amino acids in a protein sequence, 
and subsequent modeling, works as long as the protein or peptide sequences 
are of the same length and amino acid positions in different sequences have 
the same chemical and biological significance. However, often it is difficult 
or even impossible to align biological sequences. There may also be consis-
tent dependencies between neighboring sequence positions. In such cases 
alignment-independent transformations of amino acid descriptors could be 
applied, such as e.g. auto- and cross-covariances structures (ACC) (137). 
ACC transformations give general descriptions of the protein sequences, 
which preserve substantial parts of their initial descriptive information. If z-
scale descriptors are used for characterization of every single protein amino 
acid, ACC are calculated as follows (107): 
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Cross-covariances between two different z-scales j and k: 
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where indices j and k are used for the each of the five z-scales, index i is the 
amino acid position (i = 1, 2, … , n), and n is the number of amino acids in 
the sequence. Lag parameter shows “distance” of interaction between amino 
acid positions. For example, lag=1 accounts only for the nearest neighbor 
positions cross-dependencies, whereas lag=2 describes interactions between 
amino acid residuals separated by one further amino acid and so on (lag = 1, 
2, … , L, where L<n). 

Although a clear advantage of ACC description of biological poly-
mers is their alignment independence, the interpretation and understanding 
of models built on these descriptors becomes difficult. Therefore, such ACC-
based models could be used for virtual screening of libraries of peptide se-
quences with various amino acid substitutions in order to find sequences 
with the desired biological properties (137). ACC transforms may also help 
to evaluate the effect of simultaneous presence of certain structural features 
at some fixed distances in the sequences (135). 

3.8. QSAR and 3D structure methods 
Understanding molecular recognition remains a central topic in the devel-
opment of bioactive substances, which eventually may become new drugs. 
Many different computational methods have been developed in recent years 
for modeling protein-ligand interactions to help in the design of molecules 
with high affinity and specificity and this includes methods for use both in 
lead compound discovery and in lead optimization stages (138-141). 

An enormous amount of work has appeared over the last 40 years 
correlating descriptors derived from molecular compounds to a variety of 
biological and chemical data using machine learning techniques (142). These 
studies have established traditional computational fields for studying mo-
lecular recognition known as quantitative structure-activity relationship 
(QSAR) and quantitative structure-property relationship (QSPR) modeling 
(143, 144, 145). Although QSAR models provide information on which mo-
lecular properties afford high activity of a compound on a target, the main 
disadvantage is a limited scope of the models regarding understanding of 
target-ligand interactions. Moreover, QSAR models are often limited to 
structurally related compounds, which restrict their applicability on a large-
scale. 
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When a 3D structure of the protein of interest is known, various 
computer-based approaches can be applied to design active compounds. One 
widely used approach is docking, where the 3D structure of the macromole-
cule is used to model the protein-ligand complex (97, 141). In many cases 
methods based on analysis of the protein 3D structure are highly useful and 
may afford statistical enrichment of chemical libraries in virtual screening 
(146). However, there are many intrinsic problems with the use of such 3D 
techniques.  

The first bottleneck is the necessity for accurate 3D structures, 
which are often not available, or too costly to determine experimentally. For 
example, currently the most important drug targets are integral membrane 
proteins (i.e. GPCRs, which constitute 60% of all drug targets) and only two 
structures have been determined to atomic resolution so far (83, 89). Even 
for water-soluble proteins the manufacturing of crystals for diffraction 
measurements is a very difficult task. Computational methods for prediction 
of the 3D structures of macromolecules from amino acid sequences are often 
too inaccurate to be highly useful for drug design and often fail, despite the 
large efforts made to improve structure prediction algorithms. 

The second bottleneck is that docking methods are error prone and 
fail to account for the dynamics of proteins. In reality macromolecules are 
complicated dynamic structures, which adopt many different conformations 
and frequently change shape and structure upon ligand binding. To predict 
which ligands the target receptor might recognize, energetically accessible 
conformations of the receptor and the ligand should be calculated. Unfortu-
nately, the number of possible conformations rises exponentially with the 
number of rotatable bonds, posing computational problems for full sampling 
of conformations for the protein-ligand complexes (7). Furthermore, 3D 
docking methods take into account only one protein at a time and simultane-
ously designing compounds to fit multiple targets, such as mutated receptors, 
is a very difficult task indeed. 3D docking methods are also quite poor in 
predicting binding affinities of the ligands and thus constructed models do 
not allow generalizations to dissimilar proteins (147). Therefore, new ap-
proaches for analysis of protein-ligand interactions are needed to resolve 
these issues. 
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3.9. Proteochemometric approach 
Proteochemometrics (PCM), a novel powerful chemo-bioinformatics ap-
proach, has been developed recently for the analysis of protein-ligand inter-
actions, protein function, protein engineering and drug design  (92, 117, 148-
158) (papers I, III-V). The central goal of the proteochemometric approach 
is to describe the “interaction space” between series of multiple macromole-
cules and series of multiple ligands. This leads to PCM models, which can 
be applied for various purposes. The principle behind proteochemometrics is 
simple, however, sophisticated modeling techniques are required to construct 
reliable models. A simplified schema for PCM modeling process is shown in 
Figure 15. 

At the first stage descriptors of biological macromolecules and 
ligands are derived in different ways as described in the section 3.7 and are 
termed ordinary descriptors for macromolecules and ligands respectively 
(Figure 15). For example, in paper I binary descriptors of proteins were 
used, whereas in papers I and III-V macromolecules were described by z-
scale descriptors. Binary description of the ligands were used in papers I 
and II and physicochemical descriptors in papers II-IV. Alignment-
independent GRIND descriptors have been shown to be highly effective in 
the construction of the proteochemometric model in paper V. Ordinary de-
scriptors of experimental assays were also introduced in papers III and IV 
and proved to increase validity of the PCM models.  

A matrix of N ordinary descriptors for macromolecules can be 
viewed as a set of points in the N-dimensional descriptor space, forming the 
chemical space of macromolecules (Figure 16B). Similarly a matrix of 
ligand ordinary descriptors forms the chemical space of ligands (Figure 16). 
The matrices of ordinary descriptors of macromolecules and ligands are usu-
ally pre-processed before modeling. For example, data centering and scaling 
to unit variance is commonly used (papers I, III-V). Block-scaling of the 
groups of related descriptors is another method for improving the quality of 
PCM models (papers I, III, IV). At the second stage, cross-terms or interac-
tion-term descriptors are generated by multiplying any two ordinary descrip-
tors. In this way three types of interaction-term descriptors usually are de-
rived, i.e. ligand-ligand, receptor-receptor, and ligand-receptor interaction-
terms. In principle, also higher order interaction-terms could be generated by 
multiplying three or more ordinary descriptors. However, the number of 
possible interaction-terms increases rapidly as the square of a number of the 
ordinary descriptors, which potentially may lead to overfit in further model-
ing. Therefore, variable selection or descriptor space compression methods, 
such as PCA, could be highly useful to reduce the number of descriptors 
while preserving information they contain in relation to the biological activ-
ity under study (papers I and V). Interaction-term descriptors form the “in-
teraction space”, which represents non-covalent interactions of the ligands 
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with the targets, and its analysis can yield knowledge on the nature of the 
ligand-receptor interactions (Figure 16B). 

 
 

 
Figure 15. Proteochemometrics modeling schema. 
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Figure 16. Schematic view of the interaction spaces for QSAR and proteochemom-
etric models. The interaction space for QSAR model (panel A) is represented only 
by the chemical space of the ligands included in the QSAR model, whereas interac-
tion space for PCM model is defined by chemical spaces of both ligands and mac-
romolecules as well as the their multiple interactions (panel B). 

Next, various machine learning techniques are used to find relation-
ship between generated sets of ordinary and interaction-term descriptors on 
the one hand and measured biological activity on the other hand (Figure 15). 
Successful application of machine learning to the data yields PCM models, 
which represent behavior of a biological system (Figure 17). The PCM mod-
els are then subjected to elaborate validation techniques as described in sec-
tion 3.6 before they are accepted and used for further analysis. The interpre-
tation of the PCM models can reveal various properties (depending on the 
nature of the used original descriptors) of the biomacromolecules, ligands 
and cross-terms,  which  contribute  significantly  to  explain  some  ligand L 
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Figure 17. A simple schematic representation of the proteochemometric model. 
Shown are a series of macromolecules and their multiple interactions with the series 
of ligands. Ligands bind to macromolecules with different activities shown in black-
red-white spectrum color-coding. Proteochemometric models have a much wider 
scope than single-target QSAR models. 

affinity and selectivity to some target(s) R. In general, ordinary descriptors 
of molecules that highly correlate with the biological activity indicate the 
ability of macromolecules to form interactions with conserved parts of the 
ligands and vice versa. On the other hand, ligand-receptor interaction-terms, 
with high correlation to biological activity, represent complimentary interac-
tions between varying parts of ligands and varying parts of receptors. In this 
way physicochemical and structural properties responsible for the interaction 
in both ligands and macromolecules can be identified and modified in the 
desirable rational manner if necessary. Valid PCM models can be used to 
predict new chemical entities with improved properties, for example to find 
lead compound structures or improve an existing lead. Overall, PCM models 
can be used to analyze how a ligand interacts with a target in many different 
ways depending on the target and ligand descriptions and the type of ma-
chine learning algorithm used (Figure 15). Moreover, in contrast to tradi-
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tional QSAR models built on data from a single target, the information con-
tent incorporated in PCM models increases tremendously and PCM models, 
therefore, have a much wider scope (compare Figure 16A and 16B; Figure 
17). 

A great advantage of PCM is that it does not require knowledge of 
3D structure of the macromolecules to study ligand recognition. However, if 
such 3D data is available it can also be included in the modeling process. 
Apart from identification of active sites of targets and determination of direct 
interactions between parts of a ligand with active site residues, PCM ap-
proach can be used for prediction of indirect interactions in proteins, i.e. 
revealing regions (amino acids, sequence stretches, domains etc.) and their 
various structural and physicochemical properties that influence ligand bind-
ing indirectly (papers I, III-V) (156).  

Another advanced feature of the PCM approach is that it can be si-
multaneously applied over large sets of different target proteins collected 
from various types of species and strains. Structural and physicochemical 
properties for a ligand to interact optimally with a particular target or a group 
of targets can also be derived using PCM (papers III and IV). This makes it 
possible to engineer multiple target selective drugs not seldom desired due to 
redundant signaling pathways and adaptive drugs, which would bind effec-
tively to the target and its mutated variants. In the case where no single drug 
can be found which fits a desired profile, two or more drug combinations can 
be used instead. Each drug would then cover a part of the chemical space of 
the targets and in combination they would have the capacity to interact with 
and inhibit all possible target variations. 

Large-scale PCM aims to build generalized interaction models over 
broad groups of targets. Construction of such generalized models occurs in 
an iterative manner. From the initial PCM models, covering multiple types 
of targets and ligands, interaction space regions of interest are identified. 
New experiments are then performed and PCM models are further enriched. 
Therefore, any new drug development project could be started using existing 
data for more or less related targets and from completed projects or projects 
in progress. This existing data can be combined into one unified model to 
afford predictions for a new target of interest (papers III-V). 

Proteochemometrics is a very robust and completely general method 
and could potentially be extended to the analysis of interactions of other 
macromolecules such as RNA and DNA and low molecular weight com-
pounds, such as peptides and chemical libraries. The PCM technology will 
have a pivotal role in influencing future strategies for discovering novel 
ligands with desired properties in relation to multiple targets. Applied sys-
tematically on a large scale, proteochemometrics may yield maps for the 
interaction space of entire protein families with natural and synthetic ligands, 
and even beyond, potentially covering interactions in entire genomes and 
proteomes. 
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4. Results and Discussion  

 

4.1. Proteochemometrics based modeling of 
melanocortin receptors and their ligands 
Paper I presents a proteochemometric analysis of the interaction space of 
small cyclic melanocortin receptor active HS peptides and melanocortin 
receptors. One of the aims of this study was to understand why the HS-129 
pentapeptide expresses high selectivity towards MC4 receptor, as well as to 
identify the amino acids in the recognition site in MC receptors responsible 
for the observed HS-129 peptide high activity. In order to achieve these 
goals, chemical space of four wild-type MC receptors were expanded by a 
library of 14 chimeric MC receptors. Descriptors of MC receptors, HS pep-
tides and their cross-terms were correlated to the observed activities by 
means of PLS regression and two valid proteochemometric models (i.e. M1 
and M2) were obtained. The M1 model was based on binary description of 
MC receptor segments, whereas physicochemical properties of the MC re-
ceptors amino acids were used for construction of the M2 model. The inter-
pretation of the M1 model revealed the most important MC receptor seg-
ments and amino acids for HS peptide binding. The M2 model was used to 
estimate the contribution of individual amino acids for selectivity of the HS-
129 peptide to the MC4 receptor. This was afforded by exchanging MC4 
receptor amino acids to the corresponding amino acids from other MC recep-
tors and predicting the activity change for the HS-129 peptide on a mutated 
receptor in silico. The results from this model interpretation indicated spe-
cific amino acids responsible for the HS-129 peptide selectivity for MC4 
receptor (Figure 5 in paper I). The robustness of the recognition maps of 
MC receptors derived from the M2 model was confirmed by the Monte-Carlo 
simulations. Moreover, the results from this study were supported by several 
published previously site-direct mutagenesis studies. 

Thus, paper I clearly demonstrated the utility of proteochemomet-
rics for the analysis of the recognition sites of biological macromolecules in 
great detail, even though the modeling was applied on a relatively small 
interaction data set. Furthermore, the constructed accurate PCM models 
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could be used for a priori prediction of inhibition activities of HS peptides 
and their derivatives towards wild-type and mutated MC receptors. The 
knowledge of selectivity recognition maps of MC receptors revealed by the 
M2 model is a necessary prerequisite for the rational drug design for these 
receptors. 

4.2. Novel insights into complexity of HIV-1 protease 
specificity 
Since the very first published reports it became apparent that the specificity 
of HIV-1 protease is complex and there are no simple rules defining it. Pa-
per II addresses this issue and describes a comprehensive bioinformatics 
analysis of the HIV-1 protease specificity based on rough sets approach. In 
this work we analyzed the largest data set of substrates and non-substrates of 
HIV-1 protease compared to previously published reports, which led to a 
number of novel findings. 

The analysis of the amino acids in P1-P1� positions among all pep-
tides of the collected data set demonstrated that more than 50% of substrates 
should be classified into the “other cleavage sites” group according to tradi-
tional classification described in section 3.2.4. This surprising finding ques-
tioned the reliability of the traditional classification of HIV-1 protease sub-
strates and prompted us to investigate HIV-1 protease specificity further in 
detail. We applied rough sets on the HIV-1 protease data set presented in the 
physicochemical coding and constructed a highly valid predictive rule-based 
model. The results from the rule model analysis showed that HIV-1 protease 
specificity is much more complex indeed than previously anticipated and 
that it cannot be defined based only on substrate amino acids at a scissile 
bond (P1-P1� positions) or any other single substrate amino acid. The model 
suggested that a combination of amino acids in at least three substrate posi-
tions define patterns for HIV-1 protease specificity. Moreover, our analysis 
indicated that the most important physicochemical properties of amino acids 
for defining protease specificity span through all substrate positions P4-P4� 
and are not limited by the substrate core P2-P2�. In addition the most impor-
tant amino acid properties for the HIV-1 protease substrates and non-
substrates were identified. 

The results of paper II provided novel insights into complexity of 
HIV-1 protease specificity, which may facilitate considerably the design of 
novel HIV-1 protease inhibitors and understanding of HIV-1 protease inter-
actions with the host cell proteins. Paper II provides the most detailed char-
acterization of HIV-1 protease specificity to date, allowing accurate predic-
tions of the substrate cleavage and interpretation of complex data in a simple 
visual format. These results showed that only by combining and analyzing 
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massive HIV proteome data was it possible to discover novel general pat-
terns of physicochemical determinants of HIV-1 protease-peptide interac-
tions. 

 

4.3. Proteochemometric analysis of the interaction space 
of retroviral proteases 
HIV-1 protease inhibitors that act at the active site of the aspartic proteases 
can lose effectiveness due to random polymorphic variation in the enzyme 
and thus HIV-1 can become resistant to pharmacological treatment. Many 
studies have determined that the constellations of protease mutations pro-
mote resistance to selected inhibitors and the subsequent changes in protease 
substrate recognition and cleavage rate. HIV-1 protease inhibitors are usu-
ally rigid chemical structures, which lack adaptability to target variations, 
whereas retroviral substrates are flexible molecules that can adapt and bind 
to many protease mutants. Therefore, efficiently cleaved substrates or sub-
strates with low Michaelis constants, Km, over multiple retroviral proteases 
might serve as good templates for the design of adaptive peptidomimetic 
inhibitors that could show inhibitory activity across multiple resistance mu-
tations. However, it is difficult to predict which substrates could have de-
sired properties over many proteases. 

Papers III and IV describe proteochemometric analysis of the inter-
action space of multiple retroviral proteases and their substrates. The aim of 
this work was to explore and understand the complexity of interactions and 
resistance mechanisms of retroviral proteases as well as to construct general 
predictive models for retroviral proteases and their substrates. Another goal 
of the study was to define the physicochemical determinants of substrate 
cleavability, catalytic efficiency and binding for existing and forthcoming 
retroviral protease mutants and design inhibitors with the activity towards 
drug-resistant variants of HIV-1 protease. 

This study was based on the analysis of a large comprehensive data 
set for 63 retroviral proteases from 9 different retroviral species. Retroviral 
proteases were structurally aligned and physicochemical properties of their 
amino acids, as well as properties of the substrate amino acids and their mul-
tiple interaction-terms, were correlated to the known biochemical activities. 
This resulted in statistically valid cleavability and cleavage rate PCM models 
(described in paper III) and a generalized Km PCM model (described in 
paper IV). All models were assessed by in vitro laboratory testing on an 
independent set of peptides of diverse structures. The cleavability model 
(paper III) could correctly classify all cleavable substrates as cleavable, and 
all non-cleavable substrates as non-cleavable in this experimental validation. 
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Catalytic efficiencies of the cleavable substrates predicted by the cleavage 
rate model (paper III) agreed well with the experimentally determined val-
ues. The generalized Km model (paper IV) also accurately predicted Km 
constants for the experimental data set. Moreover, all above models could 
accurately predict the activities of the completely excluded retroviral prote-
ases, most notably for multiple HIV-1 protease mutants and for HIV-2 pro-
tease. This ability is completely lacking in the QSAR models constructed for 
an individual protein target. 

All models were further analyzed in detail. The results of this analy-
sis revealed multiple positions in proteases and substrates where compensa-
tional mutations could occur, that restore effective substrate binding and 
cleavage following the appearance of protease inhibitor resistance mutations. 
The most important physicochemical effects of amino acids that rule sub-
strate cleavage and binding across multiple proteases were also localized. 
The new general physicochemical patterns for retroviral substrates were 
experimentally validated. This was achieved by selection of suitable natural 
and artificial amino acids for the P3-P3� positions of the substrates according 
to recognition maps, and virtual screening of the constructed library of 
hexapeptides by the generalized Km model (paper IV) to estimate Km values 
towards several HIV-1 proteases bearing drug-resistant mutations. From the 
screened library 10 hexapeptides with diverse structures and predicted low 
Km-s values were selected, synthesized, and tested for their inhibitory activ-
ity in vitro on the “wild-type” and drug-resistant HIV-1 protease mutants. 
All these hexpapeptides were shown to effectively inhibit HIV-1 protease 
and some of them demonstrated uniform inhibitory activity against all prote-
ases tested. The designed structures represent examples of prospective new 
lead series with micromolar inhibitory activities. 

The PCM models described in paper III may be used to monitor 
HIV-1 protease and cleavage sites evolution in a physicochemical sense, i.e. 
to predict possible future trajectories that HIV-1 evolution may take. Know-
ing potential HIV-1 mutants to come in the future would theoretically allow 
the design of advanced inhibitors that could account for expected resistance 
mutations, which even yet have not occurred. The PCM approach under-
taken in paper IV was highly successful and resulted in peptides with in-
hibitory activity on the tested HIV-1 proteases. Hexapeptide inhibitors de-
signed in this study, as well as many other potential hexapeptide inhibitors 
predicted by the Km model, could be used as templates for the development 
of drug-resistance improved retardants. The proteochemometric approach 
described in papers III and IV has wide-ranging implications in studies of 
interaction space and resistance mechanisms of HIV; it may also be applied 
to study interaction space of other pathogens exhibiting resistance to drugs 
due to target protein heterogeneity. 
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4.4. Generalized proteochemometric model of multiple 
cytochrome P450 enzymes and their inhibitors 
Inhibition of cytochrome P450s (CYP) enzymes is probably the most com-
mon mechanism underlying drug toxicity, loss of therapeutic efficacy, and is 
a common cause of drug-drug interactions in the clinics. The development of 
methods that can detect CYP inhibition as early as possible in order to 
minimize the risk of late failures of the candidate drugs has thus become a 
subject of the utmost importance for drug development in the pharmaceutical 
industry. Therefore, the main aim of the study presented in paper V was to 
test how proteochemometric approach could be integrated in evaluation of 
metabolic properties of compounds.  

Data related to 14 CYP isoforms and 375 ligands of diverse struc-
tures and their corresponding inhibition constants IC50 were obtained from 
the public domain. Physicochemical properties of CYP enzymes, GRIND 
descriptors of ligands and their cross-terms were correlated to inhibition 
constants resulting in a highly valid general PCM model for CYP inhibition 
(paper V). Validation of this general model demonstrated that it is indeed 
robust and capable to predict, with high accuracy, inhibition activities of the 
excluded CYP isoforms and inhibitors. 

A considerable number of ligand-based, QSAR, pharmacophore and 
homology models have been published previously for individual CYP iso-
forms. However, all of them considered one particular CYP enzyme isoform 
at a time. The findings of this study demonstrate that the performance of the 
global CYP model is better than of previously published models, as the 
global model can predict accurately inhibition activities for diverse sets of 
compounds and different CYP isoforms. Such a general model has great 
practical utility in virtual screening of new libraries of investigational com-
pounds towards multiple CYPs simultaneously, even for those CYPs, for 
which individual single-target models are still not available. Therefore, the 
global model and its modeling approach might be used for a priori predic-
tions of potential drug-drug interactions in developing drug candidates. 

Many common human CYP enzyme polymorphisms have accumu-
lated along racial lines and it seems to be very costly to establish pharmaco-
genetic profiles of prospective drug candidates regarding these polymor-
phisms before they are launched into the clinical trials. The method pre-
sented in this study could be in principle extended to predict the activity of 
investigational drugs to the most common polymorphic forms of CYPs, 
similarly as the generalized CYP model predicted activities of the excluded 
CYP isoforms or as other PCM models could predict activities of mutated 
proteases (papers III and IV) or MC receptors (paper I). Moreover, analy-
sis of the general CYP model revealed common CYP amino acids and ligand 
properties (as well as their inter-dependencies), which may aid the selection 
of drug candidates showing weak inhibition over multiple CYPs. 
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General PCM models for multiple CYPs reproduced upon large-
scale proprietary chemical collections could be suitable for high-throughput 
virtual screening of massive libraries of compounds for an array of multiple 
CYP isoforms and polymorphic variants in early and late phases of the drug 
discovery process. Overall, the proteochemometric approach provides a gen-
eral strategy for the analysis of a variety of CYP isoforms with multiple 
ligands and should be similarly applicable to model interactions of other 
proteins involved in absorption, distribution, metabolism and elimination of 
xenobiotics. The author envisages that models similar to the one presented in 
this study will be of great interest and practical utility for the pharmaceutical 
industry and would strongly encourage further research in pharmacogenom-
ics. 
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5. Concluding remarks and future perspectives  

 
The majority of drugs interact with specific proteins, such as enzymes, 
membrane receptors, and proteins involved in various cellular events like 
signal transduction or cell cycle control. The genes encoding these proteins 
exhibit genetic polymorphisms, which are often associated with a profound 
effect on drug activities (68). For example, polymorphisms in angiotensin 
converting enzyme (ACE) change its response to ACE inhibitors (159) and 
variations in �-adrenergic receptors alter sensitivity to �-agonists in asthmat-
ics (160). More than 40 different variants of the �-chain of human hemoglo-
bin exist among Middle and South American populations with the mutations 
being distributed all over the protein sequence (161). There are of course 
numerous other examples of this type (68). Polymorphic forms of proteins 
may be well recognized by natural ligands, whereas activities of exogenous 
compounds, such as drugs and candidate drugs, could differ by several or-
ders of magnitude. This may happen if, for instance, a recognition site of a 
new exogenous compound differs from the binding site of the endogenous 
ligand or if an exogenous compound interacts directly or indirectly with 
polymorphic amino acid residues. 

Nevertheless, the drug discovery process is still largely based upon a 
“one molecule - one target - one disease” philosophy (162). There is a grow-
ing recognition that target variability should be taken into account during the 
development of novel compounds, however. The powerful chemo-
bioinformatics approach, proteochemometrics, presented in this thesis pro-
vides a simple and effective strategy of modeling the interaction space of 
multiple biological macromolecules from various biological species with 
their ligands and has potential to take full advantage of the available interac-
tomics data. An important feature of proteochemometrics making it distinct 
from other methods is that it allows simultaneous optimization of ligands 
over several targets. This makes it possible to design multiple targets selec-
tive drugs as well as adaptive drugs, which would adapt and bind equally 
well to a number of specific protein variants. Moreover, concomitant optimi-
zation for increased selectivity for one particular target while reducing it for 
multiple anti-targets is also possible with the use of proteochemometrics. 

In the work underlying this thesis we have successfully applied pro-
teochemometrics on various large interaction data sets for novel targets and 
multiple species and demonstrated how general PCM models could be inter-



 64 

preted in the chemical and biological sense. In principle, there are no con-
straints that would limit the application of the proteochemometric approach 
on an even larger scale for modeling, for example, huge protein-protein in-
teraction networks or for construction of a quantitative interaction model for 
the multitude of chemical compounds and proteins in an organism's pro-
teome. This should ultimately become possible due to rapid growth of inter-
action data available in the public domain (http://www.bind.ca; 
http://www.bindingdb.org; http://dip.doe-mbi.ucla.edu) and commercial 
databases (http://www.aureus-pharma.com). The process of PCM modeling 
is iterative and more and more general interaction models should be possible 
to construct by including new data. Similarly, there are no limitations for the 
application of various machine learning techniques in PCM modeling, and 
rapid developments in this field are highly beneficial for proteochemomet-
rics. Moreover, in proteochemometrics any type of mathematical description 
of macromolecules and ligands is allowed depending on what kind of 
knowledge one is interested in obtaining from the final PCM model. Proteo-
chemometrics is highly useful to study molecular recognition processes, 
generate “hit” compounds with desired properties, and explore molecular 
interaction space around “lead” compounds. PCM may contribute signifi-
cantly to the pharmacogenomics field and help to stay one step ahead in the 
evolutionary race with drug-resistant pathogens. The range of potential ap-
plications of proteochemometrics is quickly growing. 

Finally, in the introduction to this thesis I left the reader with the un-
answered question: “Are we ready to make full models of biology?” How 
close are we to start “flying” in biology, i.e. to model complex biological 
systems? In my opinion, we have already “taken off” and now are rising 
quickly to more and more advanced levels of modeling and understanding of 
biology; and I envisage that proteochemometric approach will play one of 
the pivotal roles in this process in the future. 
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