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Abstract.   
Defining the target proteins of 
new anti-melanoma compounds is 
a crucial task in Medicinal 
Chemistry. In this sense, chemists 
carry out preclinical assays with a 
high number of combinations of 
experimental conditions (cj). In 
fact, ChEMBL database contains 
outcomes of 327480 different anti-
melanoma activity preclinical 
assays for 1031 different chemical 
compounds (317,6 assays per 
compound). These assays cover 
different combinations of cj 
formed from >70 different 
biological activity parameters 
(c0), >300 protein accessions (c1), 
>17 different drug targets (c2), 
>54 different cells (c3) and 5 
organisms of assay (c4) and/or 
organisms of the target (c4), etc. 
This is a highly complex dataset 
with multiple Big data features. 
This data is difficult to be 

rationalized by researchers in order to extract useful relationships and predict new compounds. In this 
circumstances, we suggest to associate Perturbation Theory (PT) ideas and Machine Learning (ML) 
modeling to solve this combinatorial-like problem. In this work, we report a PTML (PT + ML) model 
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for ChEMBL dataset of preclinical assays of anti-melanoma compounds. This is a simple but very 
powerful linear model with only three variables, AUROC = 0.872, Specificity = Sp(%) = 90.2, 
Sensitivity = Sn(%) = 70.6, and overall Accuracy = Ac(%) = 87.7 in training series. The example also 
have Sp(%) = 90.1, Sn(%) = 71.4, and Ac(%) = 87.8 in external validation series. The model use PT 
operators based on multi-condition moving averages to capture all the complexity of the dataset. We 
also related the model with non-linear Artificial Neural Network (ANN) models achieving similar 
results. This support the hypothesis of a linear association between the PT operators and the 
classification as anti-melanoma compounds in different combinations of assay conditions. Last, we 
compared the example with other PTML models reported in the literature concluding that this is the 
only one PTML model able to predict activity against melanoma. This model is a simple but versatile 
tool for the prediction of the targets of anti-melanoma compounds taking into consideration multiple 
combinations of experimental conditions in preclinical assays. 
 
Introduction 
The World Health Organization (WHO) pointed out that Cancer is still among the more dangerous 
diseases nowadays.1 Specifically, Melanoma, wich  is one of the most malignant skin tumors with 
constantly rising incidence worldwide, especially in fair-skinned populations. Melanoma is usually 
diagnosed at the average age 50, but, nowadays is also diagnosed more frequently in younger adults, 
and very rarely in childhood. There is no unique or specific clinical presentation of a melanoma. The 
clinical presentation of melanomas varies depending on the anatomic localization and the type of 
growth,. There are four major histopathological types of melanoma--superficial spreading melanoma, 
nodular melanoma, lentigo maligna melanoma, and acral lentiginous melanoma. Although 
dermatoscopy is a very useful tool in early melanoma detection, dermatoscopical features of 
melanomas are also variable74. 
 Medicinal chemists may use experimental procedures and/or computational techniques to predict new 
drugs against different targets 2. Specifically, in Machine Learning (ML) 3-5 techniques we can 
calculate different molecular descriptors codify the chemical structure of chemical 
 
Materials and Methods  
We obtained the outcomes of many preclinical assays from ChEMBL. The result of each assay is 
expressed by one experimental parameter εij used to quantify the biological activity of the ith molecule 
(mi) over the j-th target. The values of εij depends on the structure of the drug and also on a series of 
boundary conditions that delimit the characteristics of the assay cj = (c0, c1, c2, …cn). The first cj is 
c0 = the biological activity εij (IC50, EC50, etc.) per se. Other conditions are c1 = target protein, c2 = 
organism of assay, etc. The values εij compiled are not exact numbers in many cases. That is why we 
used classification techniques instead of regression methods. In so doing, we discretized the values as 
follow:  f(vij)obs = 1 when vij > cutoff and desirability of the biological activity parameter d(c0) = 1 
(see Table 1). The value is also f(vij)obs = 1 when vij < cutoff and desirability d(c0) = -1, f(vij)obs = 0 
otherwise. The value f(vij)obs = 1 points to and strong effect of the compound over the target. The 
desirability d(c0) = 1 or -1 indicates that the parameter measured increases or decreases directly with a 
desired or not desired biological effect. 
 
 
 



MOL2NET, 2018, 4, http://sciforum.net/conference/mol2net-04                                                         3 

 

References  
1. Graham, L. P., An Introduction to Medicinal Chemistry. Oxford Univ Pr: 2017. 
2. Taylor, P. J., Comprehensive Medicinal Chemistry. 1990 ed.; Pergamon Press: Oxford, 
1990; Vol. 4, p 241-294. 
3. Vilar, S.; Santana, L.; Uriarte, E., Probabilistic neural network model for the in silico 
evaluation of anti-HIV activity and mechanism of action. J. Med. Chem. 2006, 49, 1118-1124. 
4. Santana, L.; Uriarte, E.; Gonzalez-Diaz, H.; Zagotto, G.; Soto-Otero, R.; Mendez-
Alvarez, E., A QSAR model for in silico screening of MAO-A inhibitors. Prediction, synthesis, 
and biological assay of novel coumarins. J. Med. Chem. 2006, 49, 1149-56. 
5. Santana, L.; Gonzalez-Diaz, H.; Quezada, E.; Uriarte, E.; Yanez, M.; Vina, D.; Orallo, 
F., Quantitative structure-activity relationship and complex network approach to monoamine 
oxidase A and B inhibitors. J. Med. Chem. 2008, 51, 6740-51. 
6. Han, L.; Cui, J.; Lin, H.; Ji, Z.; Cao, Z.; Li, Y.; Chen, Y., Recent progresses in the 
application of machine learning approach for predicting protein functional class independent 
of sequence similarity. Proteomics 2006, 6, 4023-37. 
7. Chou, K. C.; Shen, H. B., Plant-mPLoc: a top-down strategy to augment the power for 
predicting plant protein subcellular localization. PLoS ONE 2010, 5, e11335. 
8. Chou, K. C.; Shen, H. B., Cell-PLoc: a package of Web servers for predicting subcellular 
localization of proteins in various organisms. Nature protocols 2008, 3, 153-62. 
9. Cai, Y. D.; Chou, K. C., Predicting enzyme subclass by functional domain composition 
and pseudo amino acid composition. Journal of proteome research 2005, 4, 967-71. 
10. Shen, H. B.; Chou, K. C., QuatIdent: a web server for identifying protein quaternary 
structural attribute by fusing functional domain and sequential evolution information. Journal 
of proteome research 2009, 8, 1577-84. 
11. Chou, K. C.; Shen, H. B., Large-scale predictions of gram-negative bacterial protein 
subcellular locations. Journal of proteome research 2006, 5, 3420-8. 
12. Rodriguez-Soca, Y.; Munteanu, C. R.; Dorado, J.; Pazos, A.; Prado-Prado, F. J.; 
Gonzalez-Diaz, H., Trypano-PPI: a web server for prediction of unique targets in 
trypanosome proteome by using electrostatic parameters of protein-protein interactions. 
Journal of proteome research 2010, 9, 1182-90. 
13. Munteanu, C. R.; Vazquez, J. M.; Dorado, J.; Sierra, A. P.; Sanchez-Gonzalez, A.; 
Prado-Prado, F. J.; Gonzalez-Diaz, H., Complex network spectral moments for ATCUN motif 
DNA cleavage: first predictive study on proteins of human pathogen parasites. Journal of 
proteome research 2009, 8, 5219-28. 
14. Gonzalez-Diaz, H.; Saiz-Urra, L.; Molina, R.; Santana, L.; Uriarte, E., A model for the 
recognition of protein kinases based on the entropy of 3D van der Waals interactions. Journal 
of proteome research 2007, 6, 904-8. 
15. Gonzalez-Diaz, H.; Prado-Prado, F.; Garcia-Mera, X.; Alonso, N.; Abeijon, P.; 
Caamano, O.; Yanez, M.; Munteanu, C. R.; Pazos, A.; Dea-Ayuela, M. A.; Gomez-Munoz, M. 
T.; Garijo, M. M.; Sansano, J.; Ubeira, F. M., MIND-BEST: Web server for drugs and target 
discovery; design, synthesis, and assay of MAO-B inhibitors and theoretical-experimental 
study of G3PDH protein from Trichomonas gallinae. Journal of proteome research 2011, 10, 
1698-718. 
16. Concu, R.; Dea-Ayuela, M. A.; Perez-Montoto, L. G.; Bolas-Fernandez, F.; Prado-
Prado, F. J.; Podda, G.; Uriarte, E.; Ubeira, F. M.; Gonzalez-Diaz, H., Prediction of enzyme 
classes from 3D structure: a general model and examples of experimental-theoretic scoring 
of peptide mass fingerprints of Leishmania proteins. Journal of proteome research 2009, 8, 
4372-82. 
17. Aguero-Chapin, G.; Varona-Santos, J.; de la Riva, G. A.; Antunes, A.; Gonzalez-Vlla, T.; 
Uriarte, E.; Gonzalez-Diaz, H., Alignment-free prediction of polygalacturonases with 
pseudofolding topological indices: experimental isolation from Coffea arabica and prediction 
of a new sequence. Journal of proteome research 2009, 8, 2122-8. 



MOL2NET, 2018, 4, http://sciforum.net/conference/mol2net-04                                                         4 

 

18. Martinez, S. G.; Tenorio-Borroto, E.; Barbabosa Pliego, A.; Diaz-Albiter, H.; Vazquez-
Chagoyan, J. C.; Gonzalez-Diaz, H., PTML Model for Proteome Mining of B-cell Epitopes and 
Theoretic-Experimental Study of Bm86 Protein Sequences from Colima Mexico. Journal of 
proteome research 2017. 
19. Fernández, M.; Caballero, F.; Fernández, L.; Abreu, J. I.; Acosta, G., Classification of 
conformational stability of protein mutants from 3D pseudo-folding graph representation of 
protein sequences using support vector machines. Proteins 2008, 70, 167-175. 
20. Fernández, L.; Caballero, J.; Abreu, J. I.; Fernández, M., Amino Acid Sequence 
Autocorrelation Vectors and Bayesian-Regularized Genetic Neural Networks for Modeling 
Protein Conformational Stability: Gene V Protein Mutants. Proteins 2007, 67, 834–852. 
21. Caballero, J.; Fernandez, L.; Abreu, J. I.; Fernandez, M., Amino Acid Sequence 
Autocorrelation vectors and ensembles of Bayesian-Regularized Genetic Neural Networks for 
prediction of conformational stability of human lysozyme mutants. Journal of chemical 
information and modeling 2006, 46, 1255-68. 
22. Perez-Riverol, Y.; Audain, E.; Millan, A.; Ramos, Y.; Sanchez, A.; Vizcaino, J. A.; Wang, 
R.; Muller, M.; Machado, Y. J.; Betancourt, L. H.; Gonzalez, L. J.; Padron, G.; Besada, V., 
Isoelectric point optimization using peptide descriptors and support vector machines. Journal 
of proteomics 2012, 75, 2269-74. 
23. Gaulton, A.; Hersey, A.; Nowotka, M.; Bento, A. P.; Chambers, J.; Mendez, D.; Mutowo, 
P.; Atkinson, F.; Bellis, L. J.; Cibrian-Uhalte, E.; Davies, M.; Dedman, N.; Karlsson, A.; 
Magarinos, M. P.; Overington, J. P.; Papadatos, G.; Smit, I.; Leach, A. R., The ChEMBL 
database in 2017. Nucleic Acids Res 2017, 45, D945-D954. 
24. Gaulton, A.; Bellis, L. J.; Bento, A. P.; Chambers, J.; Davies, M.; Hersey, A.; Light, Y.; 
McGlinchey, S.; Michalovich, D.; Al-Lazikani, B.; Overington, J. P., ChEMBL: a large-scale 
bioactivity database for drug discovery. Nucleic Acids Res 2012, 40, D1100-7. 
25. Svensson, F.; Bender, A.; Bailey, D., Fragment-Based Drug Discovery of 
Phosphodiesterase Inhibitors. J. Med. Chem. 2017. 
26. Stumpfe, D.; Dimova, D.; Bajorath, J., Computational Method for the Systematic 
Identification of Analog Series and Key Compounds Representing Series and Their Biological 
Activity Profiles. J. Med. Chem. 2016, 59, 7667-76. 
27. Jansen, C.; Kooistra, A. J.; Kanev, G. K.; Leurs, R.; de Esch, I. J.; de Graaf, C., 
PDEStrIAn: A Phosphodiesterase Structure and Ligand Interaction Annotated Database As a 
Tool for Structure-Based Drug Design. J. Med. Chem. 2016, 59, 7029-65. 
28. Wang, J.; Yun, D.; Yao, J.; Fu, W.; Huang, F.; Chen, L.; Wei, T.; Yu, C.; Xu, H.; Zhou, 
X.; Huang, Y.; Wu, J.; Qiu, P.; Li, W., Design, synthesis and QSAR study of novel isatin 
analogues inspired Michael acceptor as potential anticancer compounds. Eur. J. Med. Chem. 
2018, 144, 493-503. 
29. Pogorzelska, A.; Slawinski, J.; Zolnowska, B.; Szafranski, K.; Kawiak, A.; Chojnacki, J.; 
Ulenberg, S.; Zielinska, J.; Baczek, T., Novel 2-(2-alkylthiobenzenesulfonyl)-3-(phenylprop-2-
ynylideneamino)guanidine derivatives as potent anticancer agents - Synthesis, molecular 
structure, QSAR studies and metabolic stability. Eur. J. Med. Chem. 2017, 138, 357-370. 
30. Slawinski, J.; Szafranski, K.; Pogorzelska, A.; Zolnowska, B.; Kawiak, A.; Macur, K.; 
Belka, M.; Baczek, T., Novel 2-benzylthio-5-(1,3,4-oxadiazol-2-yl)benzenesulfonamides with 
anticancer activity: Synthesis, QSAR study, and metabolic stability. Eur. J. Med. Chem. 2017, 
132, 236-248. 
31. Murahari, M.; Kharkar, P. S.; Lonikar, N.; Mayur, Y. C., Design, synthesis, biological 
evaluation, molecular docking and QSAR studies of 2,4-dimethylacridones as anticancer 
agents. Eur. J. Med. Chem. 2017, 130, 154-170. 
32. Ruddarraju, R. R.; Murugulla, A. C.; Kotla, R.; Chandra Babu Tirumalasetty, M.; 
Wudayagiri, R.; Donthabakthuni, S.; Maroju, R.; Baburao, K.; Parasa, L. S., Design, 
synthesis, anticancer, antimicrobial activities and molecular docking studies of theophylline 
containing acetylenes and theophylline containing 1,2,3-triazoles with variant nucleoside 



MOL2NET, 2018, 4, http://sciforum.net/conference/mol2net-04                                                         5 

 

derivatives. Eur. J. Med. Chem. 2016, 123, 379-396. 
33. Singh, H.; Kumar, R.; Singh, S.; Chaudhary, K.; Gautam, A.; Raghava, G. P., Prediction 
of anticancer molecules using hybrid model developed on molecules screened against NCI-
60 cancer cell lines. BMC Cancer 2016, 16, 77. 
34. Pingaew, R.; Prachayasittikul, V.; Worachartcheewan, A.; Nantasenamat, C.; 
Prachayasittikul, S.; Ruchirawat, S.; Prachayasittikul, V., Novel 1,4-naphthoquinone-based 
sulfonamides: Synthesis, QSAR, anticancer and antimalarial studies. Eur. J. Med. Chem. 
2015, 103, 446-59. 
35. Anwer, Z.; Gupta, S. P., A QSAR study on some series of anticancer tyrosine kinase 
inhibitors. Medicinal chemistry (Shariqah, United Arab Emirates) 2013, 9, 203-12. 
36. Toropov, A. A.; Toropova, A. P.; Benfenati, E.; Gini, G.; Leszczynska, D.; Leszczynski, 
J., SMILES-based QSAR approaches for carcinogenicity and anticancer activity: comparison 
of correlation weights for identical SMILES attributes. Anticancer Agents Med Chem 2011, 
11, 974-82. 
37. Huang, X. Y.; Shan, Z. J.; Zhai, H. L.; Li, L. N.; Zhang, X. Y., Molecular design of 
anticancer drug leads based on three-dimensional quantitative structure-activity relationship. 
Journal of chemical information and modeling 2011, 51, 1999-2006. 
38. Benfenati, E.; Toropov, A. A.; Toropova, A. P.; Manganaro, A.; Gonella Diaza, R., coral 
Software: QSAR for Anticancer Agents. Chemical biology & drug design 2011, 77, 471-6. 
39. Gonzalez-Diaz, H.; Bonet, I.; Teran, C.; De Clercq, E.; Bello, R.; Garcia, M. M.; 
Santana, L.; Uriarte, E., ANN-QSAR model for selection of anticancer leads from structurally 
heterogeneous series of compounds. Eur. J. Med. Chem. 2007, 42, 580-5. 
40. Gonzalez-Diaz, H.; Vina, D.; Santana, L.; de Clercq, E.; Uriarte, E., Stochastic entropy 
QSAR for the in silico discovery of anticancer compounds: prediction, synthesis, and in vitro 
assay of new purine carbanucleosides. Bioorg. Med. Chem. 2006, 14, 1095-107. 
41. Gonzales-Diaz, H.; Gia, O.; Uriarte, E.; Hernadez, I.; Ramos, R.; Chaviano, M.; Seijo, 
S.; Castillo, J. A.; Morales, L.; Santana, L.; Akpaloo, D.; Molina, E.; Cruz, M.; Torres, L. A.; 
Cabrera, M. A., Markovian chemicals "in silico" design (MARCH-INSIDE), a promising 
approach for computer-aided molecular design I: discovery of anticancer compounds. J Mol 
Model 2003, 9, 395-407. 
42. Jung, M.; Kim, H.; Kim, M., Chemical genomics strategy for the discovery of new 
anticancer agents. Curr. Med. Chem. 2003, 10, 757-62. 
43. Shi, L. M.; Fan, Y.; Myers, T. G.; O'Connor, P. M.; Paull, K. D.; Friend, S. H.; Weinstein, 
J. N., Mining the NCI anticancer drug discovery databases: genetic function approximation for 
the QSAR study of anticancer ellipticine analogues. J. Chem. Inf. Comput. Sci. 1998, 38, 
189-99. 
44. Gonzalez-Diaz, H.; Arrasate, S.; Gomez-SanJuan, A.; Sotomayor, N.; Lete, E.; Besada-
Porto, L.; Ruso, J. M., General Theory for Multiple Input-Output Perturbations in Complex 
Molecular Systems. 1. Linear QSPR Electronegativity Models in Physical, Organic, and 
Medicinal Chemistry. Current Topics in Medicinal Chemistry 2013, 13, 1713-1741. 
45. Blazquez-Barbadillo, C.; Aranzamendi, E.; Coya, E.; Lete, E.; Sotomayor, N.; Gonzalez-
Diaz, H., Perturbation theory model of reactivity and enantioselectivity of palladium-catalyzed 
Heck-Heck cascade reactions. Rsc Advances 2016, 6, 38602-38610. 
46. Casanola-Martin, G. M.; Le-Thi-Thu, H.; Perez-Gimenez, F.; Marrero-Ponce, Y.; Merino-
Sanjuan, M.; Abad, C.; Gonzalez-Diaz, H., Multi-output Model with Box-Jenkins Operators of 
Quadratic Indices for Prediction of Malaria and Cancer Inhibitors Targeting Ubiquitin-
Proteasome Pathway (UPP) Proteins. Current Protein & Peptide Science 2016, 17, 220-227. 
47. Romero-Duran, F. J.; Alonso, N.; Yanez, M.; Caamano, O.; Garcia-Mera, X.; Gonzalez-
Diaz, H., Brain-inspired cheminformatics of drug-target brain interactome, synthesis, and 
assay of TVP1022 derivatives. Neuropharmacology 2016, 103, 270-278. 
48. Kleandrova, V. V.; Luan, F.; Gonzalez-Diaz, H.; Ruso, J. M.; Speck-Planche, A.; 
Cordeiro, M. N. D. S., Computational Tool for Risk Assessment of Nanomaterials: Novel 



MOL2NET, 2018, 4, http://sciforum.net/conference/mol2net-04                                                         6 

 

QSTR-Perturbation Model for Simultaneous Prediction of Ecotoxicity and Cytotoxicity of 
Uncoated and Coated Nanoparticles under Multiple Experimental Conditions. Environmental 
Science & Technology 2014, 48, 14686-14694. 
49. Luan, F.; Kleandrova, V. V.; Gonzalez-Diaz, H.; Ruso, J. M.; Melo, A.; Speck-Planche, 
A.; Cordeiro, M. N., Computer-aided nanotoxicology: assessing cytotoxicity of nanoparticles 
under diverse experimental conditions by using a novel QSTR-perturbation approach. 
Nanoscale 2014, 6, 10623-30. 
50. Alonso, N.; Caamano, O.; Romero-Duran, F. J.; Luan, F.; Cordeiro, M. N. D. S.; Yanez, 
M.; Gonzalez-Diaz, H.; Garcia-Mera, X., Model for High-Throughput Screening of Multitarget 
Drugs in Chemical Neurosciences: Synthesis, Assay, and Theoretic Study of Rasagiline 
Carbamates. Acs Chemical Neuroscience 2013, 4, 1393-1403. 
51. Kleandrova, V. V.; Ruso, J. M.; Speck-Planche, A.; Dias Soeiro Cordeiro, M. N., 
Enabling the Discovery and Virtual Screening of Potent and Safe Antimicrobial Peptides. 
Simultaneous Prediction of Antibacterial Activity and Cytotoxicity. ACS combinatorial science 
2016, 18, 490-8. 
52. Speck-Planche, A.; Cordeiro, M. N., Simultaneous virtual prediction of anti-Escherichia 
coli activities and ADMET profiles: A chemoinformatic complementary approach for high-
throughput screening. ACS combinatorial science 2014, 16, 78-84. 
53. Speck-Planche, A.; Dias Soeiro Cordeiro, M. N., Speeding up Early Drug Discovery in 
Antiviral Research: A Fragment-Based in Silico Approach for the Design of Virtual Anti-
Hepatitis C Leads. ACS combinatorial science 2017, 19, 501-512. 
54. Speck-Planche, A.; Cordeiro, M. N., Computer-aided discovery in antimicrobial 
research: In silico model for virtual screening of potent and safe anti-pseudomonas agents. 
Comb Chem High Throughput Screen 2015, 18, 305-14. 
55. Speck-Planche, A.; Cordeiro, M., Fragment-based in silico modeling of multi-target 
inhibitors against breast cancer-related proteins. Mol. Divers. 2017, 21, 511-523. 
56. Speck-Planche, A.; Kleandrova, V. V.; Luan, F.; Cordeiro, M. N., Unified multi-target 
approach for the rational in silico design of anti-bladder cancer agents. Anticancer Agents 
Med Chem 2013, 13, 791-800. 
57. Speck-Planche, A.; Kleandrova, V. V.; Luan, F.; Cordeiro, M. N., Chemoinformatics in 
multi-target drug discovery for anti-cancer therapy: in silico design of potent and versatile 
anti-brain tumor agents. Anticancer Agents Med Chem 2012, 12, 678-85. 
58. Speck-Planche, A.; Kleandrova, V. V.; Luan, F.; Cordeiro, M. N., Rational drug design 
for anti-cancer chemotherapy: multi-target QSAR models for the in silico discovery of anti-
colorectal cancer agents. Bioorg. Med. Chem. 2012, 20, 4848-55. 
59. Speck-Planche, A.; Kleandrova, V. V.; Luan, F.; Cordeiro, M. N., Chemoinformatics in 
anti-cancer chemotherapy: multi-target QSAR model for the in silico discovery of anti-breast 
cancer agents. Eur. J. Pharm. Sci. 2012, 47, 273-9. 
60. Cordeiro, M. N.; Speck-Planche, A., Computer-aided drug design, synthesis and 
evaluation of new anti-cancer drugs. Curr Top Med Chem 2012, 12, 2703-4. 
61. Speck-Planche, A.; Kleandrova, V. V.; Luan, F.; Cordeiro, M. N., Multi-target drug 
discovery in anti-cancer therapy: fragment-based approach toward the design of potent and 
versatile anti-prostate cancer agents. Bioorg. Med. Chem. 2011, 19, 6239-44. 
62. Speck-Planche, A.; Kleandrova, V. V.; Luan, F.; Cordeiro, M. N., Multi-target drug 
discovery in anti-cancer therapy: fragment-based approach toward the design of potent and 
versatile anti-prostate cancer agents. Bioorg. Med. Chem. 2011, 19, 6239-44. 
63. Gonzalez-Diaz, H.; Perez-Montoto, L. G.; Ubeira, F. M., Model for vaccine design by 
prediction of B-epitopes of IEDB given perturbations in peptide sequence, in vivo process, 
experimental techniques, and source or host organisms. Journal of immunology research 
2014, 2014, 768515. 
64. Gonzalez-Diaz, H.; Arrasate, S.; Gomez-SanJuan, A.; Sotomayor, N.; Lete, E.; Besada-
Porto, L.; Ruso, J. M., General theory for multiple input-output perturbations in complex 



MOL2NET, 2018, 4, http://sciforum.net/conference/mol2net-04                                                         7 

 

molecular systems. 1. Linear QSPR electronegativity models in physical, organic, and 
medicinal chemistry. Curr Top Med Chem 2013, 13, 1713-41. 
65. Liu, Y.; Tang, S.; Fernandez-Lozano, C.; Munteanu, C. R.; Pazos, A.; Yu. Y.Z.; Tan, Z.; 
González-Díaz, H., Experimental study and Random Forest prediction model of microbiome 
cell surface hydrophobicity. Expert Systems with Applications 2017, 72, 306-316. 
66. Gonzalez-Diaz, H.; Herrera-Ibata, D. M.; Duardo-Sanchez, A.; Munteanu, C. R.; 
Orbegozo-Medina, R. A.; Pazos, A., ANN multiscale model of anti-HIV drugs activity vs AIDS 
prevalence in the US at county level based on information indices of molecular graphs and 
social networks. Journal of chemical information and modeling 2014, 54, 744-55. 
67. Casanola-Martin, G. M.; Le-Thi-Thu, H.; Perez-Gimenez, F.; Marrero-Ponce, Y.; Merino-
Sanjuan, M.; Abad, C.; Gonzalez-Diaz, H., Multi-output model with Box-Jenkins operators of 
linear indices to predict multi-target inhibitors of ubiquitin-proteasome pathway. Mol. Divers. 
2015, 19, 347-56. 
68. Hill, T.; Lewicki, P., STATISTICS Methods and Applications. A Comprehensive 
Reference for Science, Industry and Data Mining. StatSoft: Tulsa, 2006 Vol. 1, p 813. 
69. Marrero-Ponce, Y.; Siverio-Mota, D.; Galvez-Llompart, M.; Recio, M. C.; Giner, R. M.; 
Garcia-Domenech, R.; Torrens, F.; Aran, V. J.; Cordero-Maldonado, M. L.; Esguera, C. V.; de 
Witte, P. A.; Crawford, A. D., Discovery of novel anti-inflammatory drug-like compounds by 
aligning in silico and in vivo screening: the nitroindazolinone chemotype. Eur. J. Med. Chem. 
2011, 46, 5736-53. 
70. Chittchang, M.; Gleeson, M. P.; Ploypradith, P.; Ruchirawat, S., Assessing the drug-
likeness of lamellarins, a marine-derived natural product class with diverse oncological 
activities. Eur. J. Med. Chem. 2010, 45, 2165-72. 
71. Hansch, C.; Verma, R. P., A QSAR study for the cytotoxic activities of taxoids against 
macrophage (MPhi)-like cells. Eur. J. Med. Chem. 2009, 44, 274-9. 
72. Roy, K.; Pratim Roy, P., Comparative chemometric modeling of cytochrome 3A4 
inhibitory activity of structurally diverse compounds using stepwise MLR, FA-MLR, PLS, GFA, 
G/PLS and ANN techniques. Eur. J. Med. Chem. 2009, 44, 2913-22. 
73. Sarkar, A.; Anderson, K. C.; Kellogg, G. E., Computational analysis of structure-based 
interactions and ligand properties can predict efflux effects on antibiotics. Eur. J. Med. Chem. 
2012, 52, 98-110. 
74 Situm M, Buljan M, Kolić M, Vučić M. Melanoma--clinical, dermatoscopical, and 
histopathological morphological characteristics. Acta Dermatovenerol Croat. 2014;22(1):1-12. 
Review 
 
 
. 
. 


