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Abstract: Many complex systems may be represented as complex networks of ith parts or nodes
(ni) interconnected by some kind of bonds, ties, relationships, links (Lij). For instance, Fowler et al.
represented all case citations (Lij) in the U.S. Supreme Court as a network of nj cases citing
and/or cited by other. These huge collections of nodes/links are impossible to remember and
rationalize by a single person in order to assign correct links in new situations. Fortunately,
Artificial Neural Networks (ANNs) can help us in this task. If we want use ANNSs to predict links
in complex networks, first we need to transform all the information into numerical input
parameters to feed ANNSs, second: we need to find the best ANN to predict our network. We can
solve the first problem quantifying the structural information of the complex system (Brain,
Ecological, Social, etc.) with universal information measures known as Shannon entropy (Sh).
We can quantify topological (connectivity) information of both the complex networks under
study and a set of ANNSs trained using Shannon measures. Then using both sets of information
parameters as inputs we can develop a dual QSPR model to discriminate between SANNs and
not efficient ANN topologies. Here we used this QSPR method to develop potential HPC schedulers
for complex systems. We studied 663072 citations to majority opinions in 43 sub-networks; each
one with 5,000 (5K) citations to U.S. Supreme Court decisions (SKCNs). The overall accuracy of
the ANN found was of >85% for SKCN:ss; in training and validation series.

Keywords: SANN Scheduler; Markov-Shannon Entropy; U.S. Supreme Court; Social Network
Analysis.

1. Introduction

Many important systems, in center of

of systems susceptible to be studied by complex

attention of modern science, may be approached
as complex networks of ith parts or nodes (ni)
interconnected by some kind of links (Lij),
bonds, ties, or relationships [1-7]. The diversity

networks is very high; e.g.,; Human brain [8],
Ecosystems [9-11], or the citations to U.S.
[12]. All these
collections of nodes and links are so large that it

Supreme Court decisions
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is impossible for a person to remember and
rationalize all possible connections. We can
solve this problem using Quantitative Structure-
Activity/Property Relationships (QSAR/QSPR)
models [13-18]. In QSAR/QSPR modeling we
can represent the system as a graph of
interconnected nodes and use as inputs theoretic-
information parameters that quantify information
about the structure of the graph. In this context,
Shannon entropy quantifies the information
contained in a message, usually in units such as
bits [19-36]. The software MARCH-INSIDE
(Markov  Chains Network
Simulation and Design) has become a very useful
tool for QSAR/QSPR studies [37-45].

In this occasion we selected the dataset of

Invariants for

Fowler et al. [12], represented all case citations
(Lij) in the U.S. Supreme Court as a network of
nj cases citing and/or cited by other. Fowler used
a complex network approach to quantify links in
citations between cases and unravel the most
relevant precedents. The work opens the door to
the use of complex network structural parameters
like topological indices and/or information
measures to predict the future citation behavior
of state courts, the U.S. Courts of Appeals, the
U.S. Supreme Court, as well as other legal
systems [45, 60-62].

The number of nodes and connections in
complex systems is very large and the problem
of prediction of correct links may become a
task for
collections of complex systems. Artificial Neural
Networks (ANNs) can help us in this task. ANNs

are powerful bio-inspired algorithms able to

computationally expensive large

learn/infer large datasets. There many examples
of applications of ANNs to seek QSPR-like
models [63-66]. ANNs can mange, for example,
to learn to discriminate the correct collections of
nodes (nj) and links present in complex systems
(Lij) from other connectivity patterns not correct
and/or distributed at random. We have at least

two major problems if we want use ANNs to
predict links in bio-systems and complex other
networks. First, we need to transform all the
information into numerical input parameters to
feed ANNs. Next, we have to train many ANNs
to detect which topology is better learning the
structure of the system under study.

In this work, we introduce a new type of
algorithm to solve this problem. The idea is
simple: if ANNs are networks with nodes
(neurons) and links (functions) we should treat
them as such. In so doing, we can quantify
topological (connectivity) information of both
the complex networks under study and a set of
ANNs trained using Shannon measures. Using
both sets of information parameters as inputs we
can develop a dual Quantitative Structure-
(QSPR)
discriminate between SANNs and not efficient
ANN topologies. Here we used this QSPR
method to develop potential HPC scheduler for

Property  Relationship model to

complex systems. We studied 663072 pairs in 43
sub-networks; each one with 5,000 (5K) citations
to U.S. Supreme Court decisions (SKCNs). The
overall accuracy of the SANN-HPC schedulers
found was of >81% for SKCNs; in training and
validation series (see Figure 1). This report of
QSPR models task
schedulers for HPC or Cloud Computing of

potentially useful as

ANNSs with the subsequent can help to safe time
and computational resources in the prediction of
Complex Networks.

Linear Discriminant Analysis (LDA) models:
of the
entropies were obtained, we carried out a Linear

Once the wvalues Markov-Shannon
Discriminant Analysis (LDA) by means of the
STATISTICA software [76]. Let be qS(Lij) the
output variable of a HPC schedule model used to
score the ability of a given ANNq to predict
correctly the link Lij between two nodes i-th and
j-th (Lij = 1). We can use LDA to seek a linear

equation with coefficients aik, bjk, cqk, dijqgk,
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and e0. These are the coefficients of the Shannon
entropies for the first node (Shik), for the second
node (Shjk), and for the ANN graph
(Shk(ANNQ)), used as input for the LDA model.
The k subindex indicates that this Shk value
codify information for all nodes placed at least at
topological distance d = k from the node of
reference. We can use different statistical
2. Results and Discussion

Social Network Analysis (SNA) emerged in
1930 to become one of the more powerful tools
in socials sciences [80]. With the rise of network
search, commerce, consume, and socialization
Facebook, Twitter,
SNA have
become a very important tool for the analysis of
the

interactions in the web [refs]. However, the

companies like Google,
LinkedIn, Amazon, and others,
high amount of information of users

application of these methods in legal studies is
still at the beginning [81, 82]. Network tools may
illustrate the interrelation between the different
law types/judicial cases and help to understand
law/judicial cases effect in the legal system and
its effectiveness to regulate aspects of necessity
in society or not. We have applied the present
methodology the design new schedulers for HPC
of ANN models useful to predict one important

parameters to evaluate the statistical significance
the of LDA
equation: n = number of cases, 2 = Chi-square,

and validate goodness-of-fit
p = the error level, as well as the Accuracy,
Specificity, and Sensitivity of both train and
external validation series [77]. We can write the
LDA equation with the parameters mentioned
above in the following form, see also Figure 1.

legal network. The example selected was the
USSCC network and the best model found was:

Where Shk(Lti) and 0k(Lti+1) are the entropy
parameters that quantify information about the
Legal norms (Laws) of type L introduced in the
Spanish legal system at time ti and ti+1 with
respect to the previous or successive kth norms
approved. The model behaves like a time series
embedded within a complex network. This is
because it predicts the recurrence of the Spanish
law system to a financial norm of class ¢ when
socio-economical conditions change at time ti+1
given that have been used a known class of norm
in the past at time #. The model correctly re-
constructed the network of the historic record for
the Spanish financial system with high Accuracy,
Specificity, and Sensitivity (Table 1).

Table 1. Results of models for USSC network.

Model Training Series Model Cross-Validation Series

Param.?| % | Class Lij=0 Li=1 |[Param.?| % | Class Liy=0 Lj=1
Sp 192.8] Lij=0 219919 17161 Sp |92.8]| Lij=0 74552 5780
Sn |73.8| Lij=1 41449 116831 Sn |73.0| Lij=1 13817 37391
Ac  |85.2] Total Ac |85.1] Total

Rows: Observed classifications; Columns: Predicted classifications; C;; = Calculation with high priority; NC;; = No C;j;.
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Figure 1. General workflow used in this work to develop new ANN for USSC network.

3. Materials and Methods

Datasets: U.S.
Network. We
constructed by Fowler et al. [75]. The authors

Supreme Court (USSC)

used a complex network
included 26,681 majority opinions written by the
U.S. Supreme Court. The dataset contains all
cases that cite this U.S. Supreme Court decisions
from 1791 to 2005. In this network each case is
represented by a node. The links between two
nodes Ai and Bj (arcs) express that the case jth
cites the ith case previous to it (precedent). In
order to both make more tractable the dataset for
computation of Shk(Ai1) and Shk(Bj) values and
focused on specific intervals of time we split the
data in 43 sub-networks. Each one represent one
slot of 5000 (5K) citing cases, 5K-Citations
Network (5KCNs) for > 22,000 cases of the U.S.
Supreme court.

4. Conclusions

Methods: Markov-Shannon

Entropy Centralities for nodes.

Computational

We construct the classical Markov matrix
(1I1) for each network as follows. First, we
download from public resources the connectivity
matrix L or obtain the data about the links
between the nodes to assemble L (n by n matrix,
where n is the number of vertices). Next, the
Markov matrix II is built. It contains the vertices
probability (pij) based on L. The probability
matrix is raised to the power k, resulting (1IT)k,
and multiplied by the vector of the initial
probabilities (Opj). The resulting vectors contain
the absolute probabilities to reach the nodes
moving throughout a walk of length k from node
ni (kpj) for each k and are the base for the
entropy centrality (Shk) calculation:
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In this work we confirm that it is possible to
combine Markov Chains and Shannon Entropy in
order to calculate higher order entropy
parameters. We also show that these parameters
can be used to quantify information about local

and global node-node connections in different
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types of complex networks. For it, we have used
MI-NODES, a new tool for the study of complex
networks which is an upgrade of the software
MARCH-INSIDE,
drugs and proteins.

classically used to study

[1] K.S. Sandhu, G. Li, H.M. Poh, Y.L. Quek, Y.Y. Sia, S.Q. Peh, F.H. Mulawadi, J. Lim, M. Sikic,
F. Menghi, A. Thalamuthu, W.K. Sung, X. Ruan, M.J. Fullwood, E. Liu, P. Csermely, Y. Ruan,
Large-scale functional organization of long-range chromatin interaction networks, Cell Rep, 2
(2012) 1207-1219.

[2] M.E. Gaspar, P. Csermely, Rigidity and flexibility of biological networks, Brief Funct Genomics,
11 (2012) 443-456.

[3] P. Csermely, T. Korcsmaros, H.J. Kiss, G. London, R. Nussinov, Structure and dynamics of
molecular networks: A novel paradigm of drug discovery: A comprehensive review, Pharmacol
Ther, 138 (2013) 333-408.

[4] M. Vidal, M.E. Cusick, A.L. Barabasi, Interactome networks and human disease, Cell, 144
(2011) 986-998.

[5] A.L. Barabasi, N. Gulbahce, J. Loscalzo, Network medicine: a network-based approach to human
disease, Nat Rev Genet, 12 (2011) 56-68.

[6] A.L. Barabasi, Z.N. Oltvai, Network biology: understanding the cell's functional organization,
Nat Rev Genet, 5 (2004) 101-113.

[7] S.H. Strogatz, Exploring complex networks, Nature, 410 (2001) 268-276.

[8] J.C. Reijneveld, S.C. Ponten, H.W. Berendse, C.J. Stam, The application of graph theoretical
analysis to complex networks in the brain, Clin Neurophysiol, 118 (2007) 2317-2331.

[9] E. Borenstein, M.W. Feldman, Topological signatures of species interactions in metabolic
networks, J Comput Biol, 16 (2009) 191-200.

[10] R.E. Ulanowicz, Quantitative methods for ecological network analysis, Comput Biol Chem, 28
(2004) 321-339.

[11] H. OIff, D. Alonso, M.P. Berg, B.K. Eriksson, M. Loreau, T. Piersma, N. Rooney, Parallel
ecological networks in ecosystems, Philos Trans R Soc Lond B Biol Sci, 364 (2009) 1755-
1779.

[12] J.H. Fowler, T.R. Johnson, J.F.S. II, S. Jeon, P.J. Wahlbeck, Network Analysis and the Law:
Measuring the Legal Importance of Precedents at the U.S. Supreme Court, (2007).

[13] P. Riera-Fernandez, R. Martin-Romalde, F.J. Prado-Prado, M. Escobar, C.R. Munteanu, R.
Concu, A. Duardo-Sanchez, H. Gonzalez-Diaz, From QSAR models of Drugs to Complex
Networks: State-of-Art Review and Introduction of New Markov-Spectral Moments Indices.,
Curr Top Med Chem, 12 (2012) 927-960.


http://sciforum.net/conference/mol2net-1

Mol2Net, 2015, 1(Section E), pages 1-10, Proceedings, 6
http://sciforum.net/conference/mol2net-1

[14] H. Gonzalez-Diaz, QSAR and Complex Networks in Pharmaceutical Design, Microbiology,
Parasitology, Toxicology, Cancer and Neurosciences, Current Pharmaceutical Design, 16
(2010) 2598-U2524.

[15] H. Gonzélez-Diaz, F. Prado-Prado, L.G. Pérez-Montoto, A. Duardo-Sanchez, A. Lopez-Diaz,
QSAR Models for Proteins of Parasitic Organisms, Plants and Human Guests: Theory,
Applications, Legal Protection, Taxes, and Regulatory Issues, Curr Proteomics, 6 (2009) 214-
227.

[16] A. Speck-Planche, V.V. Kleandrova, F. Luan, M.N. Cordeiro, 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, 19 (2011) 6239-6244.

[17] A. Speck-Planche, V.V. Kleandrova, F. Luan, M.N. Cordeiro, 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, (2011).

[18] F.J. Prado-Prado, F.M. Ubeira, F. Borges, H. Gonzalez-Diaz, Unified QSAR & Network-Based
Computational Chemistry Approach to Antimicrobials. II. Multiple Distance and Triadic
Census Analysis of Antiparasitic Drugs Complex Networks, Journal of Computational
Chemistry, 31 (2010) 164-173.

[19] C.E. Shannon, A Mathematical Theory of Communication, The Bell System Technical Journal,
27 (1948) 379-423.

[20] M. Dehmer, F. Emmert-Streib, Analysis of Complex Networks. From Biology to Linguistics,
WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim, 2009.

[21] M. Dehmer, M. Grabner, K. Varmuza, Information indices with high discriminative power for
graphs, PLoS One, 7 (2012) e31214.

[22] M. Dehmer, K. Varmuza, S. Borgert, F. Emmert-Streib, On entropy-based molecular
descriptors: statistical analysis of real and synthetic chemical structures, Journal of chemical
information and modeling, 49 (2009) 1655-1663.

[23] E. Estrada, D. Avnir, Continuous symmetry numbers and entropy., J Am Chem Soc, 125 (2003)
4368-4375.

[24] D.J. Graham, S. Grzetic, D. May, J. Zumpf, Information properties of naturally-occurring
proteins: Fourier analysis and complexity phase plots, Protein J, 31 (2012) 550-563.

[25] D.J. Graham, J.L. Greminger, On the information expressed in enzyme structure: more lessons
from ribonuclease A, Mol Divers, 15 (2011) 769-779.

[26] D.J. Graham, J.L. Greminger, On the information expressed in enzyme primary structure:
lessons from Ribonuclease A, Mol Divers, 14 (2010) 673-686.

[27] D.J. Graham, M. Kim, Information and classical thermodynamic transformations, J Phys Chem
B, 112 (2008) 10585-10593.

[28] D.J. Graham, C. Malarkey, W. Sevchuk, Experimental investigation of information processing
under irreversible Brownian conditions: work/time analysis of paper chromatograms, J Phys
Chem B, 112 (2008) 10594-10602.

[29] D.J. Graham, Information Content in Organic Molecules: Brownian Processing at Low Levels,
Journal of chemical information and modeling, 47 (2007) 376-389.


http://sciforum.net/conference/mol2net-1

Mol2Net, 2015, 1(Section E), pages 1-10, Proceedings, 7
http://sciforum.net/conference/mol2net-1

[30] D.J. Graham, Information content in organic molecules: aggregation states and solvent effects, J
Chem Inf Model, 45 (2005) 1223-1236.

[31] D.J. Graham, M.V. Schulmerich, Information Content in Organic Molecules: Reaction Pathway
Analysis via Brownian Processing, J Chem Inf Comput Sci, 44 (2004).

[32] D.J. Graham, C. Malarkey, M.V. Schulmerich, Information Content in Organic Molecules:
Quantification and Statistical Structure via Brownian Processing. , J. Chem. Inf. Comput. Sci.,
44 (2004).

[33] D.J. Graham, Information and organic molecules: structure considerations via integer statistics,
J Chem Inf Comput Sci, 42 (2002) 215-221.

[34] D.J. Graham, D.V. Schacht, Base information content in organic formulas, J Chem Inf Comput
Sci, 40 (2000) 942-946.

[35] S.J. Barigye, Y. Marrero-Ponce, O.M. Santiago, Y.M. Lopez, F. Perez-Gimenez, F. Torrens,
Shannon's, Mutual, Conditional and Joint Entropy Information Indices. Generalization of
Global Indices Defined from Local Vertex Invariants, Curr Comput Aided Drug Des, (2013).

[36] V. Aguiar-Pulido, C.R. Munteanu, J.A. Seoane, E. Fernandez-Blanco, L.G. Pérez-Montoto, H.
Gonzalez-Diaz, J. Dorado, Naive Bayes QSDR classification based on spiral-graph Shannon
entropies for protein biomarkers in human colon cancer., Mol Biosyst, (2012).

[37] H. Gonzalez-Diaz, A. Duardo-Sanchez, F.M. Ubeira, F. Prado-Prado, L.G. Perez-Montoto, R.
Concu, G. Podda, B. Shen, Review of MARCH-INSIDE & Complex Networks Prediction of
Drugs: ADMET, Anti-parasite Activity, Metabolizing Enzymes and Cardiotoxicity Proteome
Biomarkers, Curr Drug Metab, 11 (2010) 379-406.

[38] C.R. Munteanu, A.L. Magalhaes, E. Uriarte, H. Gonzalez-Diaz, Multi-target QPDR
classification model for human breast and colon cancer-related proteins using star graph
topological indices, J. Theor. Biol., 257 (2009) 303-311.

[39] C.R. Munteanu, H. Gonzalez-Diaz, F. Borges, A.L. de Magalhaes, Natural/random protein
classification models based on star network topological indices, J. Theor. Biol., 254 (2008)
775-783.

[40] C.R. Munteanu, H. Gonzalez-Diaz, A.L. Magalhaes, Enzymes/non-enzymes classification
model complexity based on composition, sequence, 3D and topological indices, J. Theor. Biol.,
(2008) 476-482.

[41] F.J. Prado-Prado, I. Garcia, X. Garcia-Mera, H. Gonzalez-Diaz, Entropy multi-target QSAR
model for prediction of antiviral drug complex networks, Chemometrics and Intelligent
Laboratory Systems, 107 (2011) 227-233.

[42] H. Gonzélez-Diaz, A. Pérez-Bello, M. Cruz-Monteagudo, Y. Gonzdlez-Diaz, L. Santana, E.
Uriarte, Chemometrics for QSAR with low sequence homology: Mycobacterial promoter
sequences recognition with 2D-RNA entropies, Chemom Intell Lab Systs, 85 (2007) 20-26.

[43] H. Gonzélez-Diaz, L. Saiz-Urra, R. Molina, E. Uriarte, Stochastic molecular descriptors for
polymers. 2. Spherical truncation of electrostatic interactions on entropy based polymers 3D-
QSAR, Polymer, 46 (2005) 2791-2798.

[44] Y. Rodriguez-Soca, C.R. Munteanu, J. Dorado, J. Rabunal, A. Pazos, H. Gonzalez-Diaz,
Plasmod-PPI: A web-server predicting complex biopolymer targets in plasmodium with
entropy measures of protein-protein interactions, Polymer, 51 (2010) 264-273.


http://sciforum.net/conference/mol2net-1

Mol2Net, 2015, 1(Section E), pages 1-10, Proceedings, 8
http://sciforum.net/conference/mol2net- 1
[45] P. Riera-Fernandez, C.R. Munteanu, M. Escobar, F. Prado-Prado, R. Martin-Romalde, D.
Pereira, K. Villalba, A. Duardo-Sanchez, H. Gonzalez-Diaz, New Markov-Shannon Entropy

models to assess connectivity quality in complex networks: from molecular to cellular pathway,
Parasite-Host, Neural, Industry, and Legal-Social networks, J. Theor. Biol., 293 (2012) 174-
188.

[46] D.C. Van Essen, K. Ugurbil, E. Auerbach, D. Barch, T.E. Behrens, R. Bucholz, A. Chang, L.
Chen, M. Corbetta, S.W. Curtiss, S. Della Penna, D. Feinberg, M.F. Glasser, N. Harel, A.C.
Heath, L. Larson-Prior, D. Marcus, G. Michalareas, S. Moeller, R. Oostenveld, S.E. Petersen,
F. Prior, B.L. Schlaggar, S.M. Smith, A.Z. Snyder, J. Xu, E. Yacoub, The Human Connectome
Project: a data acquisition perspective, Neuroimage, 62 (2012) 2222-2231.

[47] E.W. Lang, AM. Tome, L.R. Keck, J.M. Gorriz-Saez, C.G. Puntonet, Brain connectivity
analysis: a short survey, Comput Intell Neurosci, 2012 (2012) 412512.

[48] M.P. Richardson, Large scale brain models of epilepsy: dynamics meets connectomics, J Neurol
Neurosurg Psychiatry, 83 (2012) 1238-1248.

[49] A. Fornito, A. Zalesky, C. Pantelis, E.T. Bullmore, Schizophrenia, neuroimaging and
connectomics, Neuroimage, 62 (2012) 2296-2314.

[50] D.S. Modha, R. Singh, Network architecture of the long-distance pathways in the macaque
brain, Proc. Natl. Acad. Sci. U. S. A., 107 (2010) 13485-13490.

[51] J.D. Yeakel, P.R. Guimaraes, Jr., M. Novak, K. Fox-Dobbs, P.L. Koch, Probabilistic patterns of
interaction: the effects of link-strength variability on food web structure, J R Soc Interface, 9
(2012) 3219-3228.

[52] V. Gagic, S. Hanke, C. Thies, C. Scherber, Z. Tomanovic, T. Tscharntke, Agricultural
intensification and cereal aphid-parasitoid-hyperparasitoid food webs: network complexity,
temporal variability and parasitism rates, Oecologia, 170 (2012) 1099-1109.

[53] R.J. Williams, D.W. Purves, The probabilistic niche model reveals substantial variation in the
niche structure of empirical food webs, Ecology, 92 (2011) 1849-1857.

[54] F. Jordan, Keystone species and food webs, Philos Trans R Soc Lond B Biol Sci, 364 (2009)
1733-1741.

[55] R.E. Ulanowicz, Some steps toward a central theory of ecosystem dynamics, Comput Biol
Chem, 27 (2003) 523-530.

[56] H. Gonzalez-Diaz, P. Riera-Fernandez, A. Pazos, C.R. Munteanu, The Rucker-Markov
invariants of complex Bio-Systems: applications in Parasitology and Neuroinformatics,
Biosystems, 111 (2013) 199-207.

[57] H. Gonzalez-Diaz, P. Riera-Fernandez, New Markov-Autocorrelation Indices for Re-evaluation
of Links in Chemical and Biological Complex Networks used in Metabolomics, Parasitology,
Neurosciences, and Epidemiology, Journal of Chemical Information and Modeling, 52 (2012)
3331-3340.

[58] I. Riera-Fernandez, R. Martin-Romalde, F.J. Prado-Prado, M. Escobar, C.R. Munteanu, R.
Concu, A. Duardo-Sanchez, H. Gonzalez-Diaz, From QSAR models of Drugs to Complex
Networks: State-of-Art Review and Introduction of New Markov-Spectral Moments Indices,
Current Topics in Medicinal Chemistry, (2012).


http://sciforum.net/conference/mol2net-1

Mol2Net, 2015, 1(Section E), pages 1-10, Proceedings, 9
http://sciforum.net/conference/mol2net- 1
[59] P. Riera-Fernandez, C.R. Munteanu, M. Escobar, F. Prado-Prado, R. Martin-Romalde, D.
Pereira, K. Villalba, A. Duardo-Sanchez, H. Gonzalez-Diaz, New Markov-Shannon Entropy

models to assess connectivity quality in complex networks: From molecular to cellular
pathway, Parasite-Host, Neural, Industry, and Legal-Social networks, Journal of Theoretical
Biology, 293 (2012) 174-188.

[60] P. Riera-Fernandez, C.R. Munteanu, J. Dorado, R. Martin-Romalde, A. Duardo-Sanchez, H.
Gonzalez-Diaz, From Chemical Graphs in Computer-Aided Drug Design to General Markov-
Galvez Indices of Drug-Target, Proteome, Drug-Parasitic Disease, Technological, and Social-
Legal Networks, Current Computer-Aided Drug Design, 7 (2011) 315-337.

[61] P. Riera-Fernandez, C.R. Munteanu, N. Pedreira-Souto, R. Martin-Romalde, A. Duardo-
Sanchez, H. Gonzdlez-Diaz, Definition of Markov-Harary Invariants and Review of Classic
Topological Indices and Databases in Biology, Parasitology, Technology, and Social-Legal
Networks, Current Bioinformatics, 6 (2011) 94-121.

[62] A. Duardo-Sanchez, G. Patlewicz, H. Gonzélez-Diaz, A Review of Network Topological
Indices from Chem-Bioinformatics to Legal Sciences and back, Current Bioinformatics, 6
(2011) 53-70.

[63] H. Gonzalez-Diaz, 1. Bonet, C. Teran, E. De Clercq, R. Bello, M.M. Garcia, L. Santana, E.
Uriarte, ANN-QSAR model for selection of anticancer leads from structurally heterogeneous
series of compounds, European Journal of Medicinal Chemistry, 42 (2007) 580-585.

[64] M. Jalali-Heravi, M.H. Fatemi, Prediction of thermal conductivity detection response factors
using an artificial neural network, J] Chromatogr A, 897 (2000) 227-235.

[65] F.J. Prado-Prado, X. Garcia-Mera, H. Gonzalez-Diaz, Multi-target spectral moment QSAR
versus ANN for antiparasitic drugs against different parasite species, Bioorganic & Medicinal
Chemistry, 18 (2010) 2225-2231.

[66] E. Tenorio-Borroto, C.G. Penuelas Rivas, J.C. Vasquez Chagoyan, N. Castanedo, F.J. Prado-
Prado, X. Garcia-Mera, H. Gonzalez-Diaz, ANN multiplexing model of drugs effect on
macrophages; theoretical and flow cytometry study on the cytotoxicity of the anti-microbial
drug G1 in spleen, Bioorganic & Medicinal Chemistry, 20 (2012) 6181-6194.

[67] H. Gonzalez-Diaz, S. Arrasate, N. Sotomayor, E. Lete, C.R. Munteanu, A. Pazos, L. Besada-
Porto, J.M. Ruso, MIANN Models in Medicinal, Physical and Organic Chemistry, Curr Top
Med Chem, 13 (2013) 619-641.

[68] K.Y. Sanbonmatsu, C.S. Tung, High performance computing in biology: multimillion atom
simulations of nanoscale systems, J Struct Biol, 157 (2007) 470-480.

[69] J.W. Pitera, Current developments in and importance of high-performance computing in drug
discovery, Curr Opin Drug Discov Devel, 12 (2009) 388-396.

[70] T.A. Maniatis, K.S. Nikita, N.K. Uzunoglu, Ultrasonic diffraction tomography: an application
connecting high performance computing centers with clinical environment, Stud Health
Technol Inform, 79 (2000) 214-243.

[71] W.E. Johnston, V.L. Jacobson, S.C. Loken, D.W. Robertson, B.L. Tierney, High-performance
computing, high-speed networks, and configurable computing environments: progress toward
fully distributed computing, Crit Rev Biomed Eng, 20 (1992) 315-354.


http://sciforum.net/conference/mol2net-1

Mol2Net, 2015, 1(Section E), pages 1-10, Proceedings, 10
http://sciforum.net/conference/mol2net-1

[72] JJ. Fernandez, High performance computing in structural determination by electron
cryomicroscopy, J Struct Biol, 164 (2008) 1-6.

[73] T.H. Dunning, Jr., R.J. Harrison, D. Feller, S.S. Xantheas, Promise and challenge of high-
performance computing, with examples from molecular modelling, Philos Trans A Math Phys
Eng Sci, 360 (2002) 1079-1105.

[74] S. Cant, High-performance computing in computational fluid dynamics: progress and
challenges, Philos Trans A Math Phys Eng Sci, 360 (2002) 1211-1225.

[75] J.H. Fowler, S. Jeon, The authority of Supreme Court precedent, Social Networks, 30 (2008) 16-
30.

[76] StatSoft.Inc., STATISTICA (data analysis software system), version 6.0,
www.statsoft.com.Statsoft, Inc., in, 2002.

[77] T. Hill, P. Lewicki, STATISTICS Methods and Applications. A Comprehensive Reference for
Science, Industry and Data Mining, StatSoft, Tulsa, 2006

[78] K.E. Stephan, L. Kamper, A. Bozkurt, G.A. Burns, M.P. Young, R. Kotter, Advanced database
methodology for the Collation of Connectivity data on the Macaque brain (CoCoMac), Philos.
Trans. R. Soc. Lond. B. Biol. Sci., 356 (2001) 1159-1186.

[79] R. Kotter, Online retrieval, processing, and visualization of primate connectivity data from the
CoCoMac database, Neuroinformatics, 2 (2004) 127-144.

[80] S. Wasserman, K. Faust, Social network analysis: methods and applications, Cambridge
University Press, Cambridge, 1999.

[81] A. Duardo-Séanchez, Study of criminal law networks with Markov-probability centralities, in: H.
Gonzalez-Diaz (Ed.) Topological Indices for Medicinal Chemistry, Biology, Parasitology,
Neurological and Social Networks, Bentham, Kerala, India, 2010, pp. 205-212.

[82] A. Duardo-Sanchez, Criminal law networks, markov chains, Shannon entropy and artificial
neural networks, in: H. Gonzalez-Diaz (Ed.) Complex Network Entropy: From Molecules to
Biology, Parasitology, Technology, Social, Legal, and Neurosciences, Bentham, Kerala, India,
2011, pp. 107-114.

© 2015 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article
distributed under the terms and conditions defined by MDPI AG, the publisher of the Sciforum.net
platform. Sciforum papers authors the copyright to their scholarly works. Hence, by submitting a paper
to this conference, you retain the copyright, but you grant MDPI AG the non-exclusive and un-
revocable license right to publish this paper online on the Sciforum.net platform. This means you can
easily submit your paper to any scientific journal at a later stage and transfer the copyright to its
publisher (if required by that publisher). (http://sciforum.net/about).


http://sciforum.net/conference/mol2net-1

