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1. Introduction 
   
    Quantitative Structure-Property/Activity Relationship (QSPR/QSAR) [1] 
techniques based in different indices have a wide variety of applications in 
bioorganic chemistry research to connect the chemical structure of small-
sized molecules with antiviral activity of drugs [2]. The interest in the 
application of QSAR has steadily increased in recent decades and in a very 
recent work Verma and Hansch pointed out that it may be useful in the search 
for anti-HRV (Human Rhinoviruses) agents [3]. In this paper, they have 
discussed QSAR models to predict new anti-HRV drugs taking into 
consideration the chemical structure of the drug candidate. In our opinion, 
QSAR approaches can be interesting for the computational study of not only 
small molecules but large biopolymers or not-molecular biological systems. 
It opens, for instance, the possibility for a QSAR view of the HRVs problem 
from the side of the virus instead of the drug side, which can be seen as the 
second part of Verma and Hansch work.  
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 In fact, the knowledge about the 3-D structure including the surface of 
proteins increases our understanding of its function and interaction with other 
proteins. However, this knowledge of the sequence and its 3-D structure does 
not provide a clear relationship with its biological properties.  For this reason, 
is important to search for novel protein 3D indices derived from new protein 
molecular graphics representations useful to seek QSAR models able predict 
the biological functions of proteins. Some 3D molecular descriptors used to 
codify molecular structures of polymers include Arteca’s mean crossing-over 
number, the Flory radius of gyration and the I3 index amongst others [4]. 
 In addition, the creation of databases of DNA/RNA and protein 
sequences without 3D structure determined has led to significant 
developments in this search of molecular graphics of 2D network/graph type 
based methodologies that characterize DNA and protein sequences. 
Molecular graphics representations for DNA or RNA sequences have been 
reported by different authors [5, 6]. In the case of proteins, Hydrophobicity-
Polarity Lattices (HP-Lattices) are one of the more used types of molecular 
graphics to model protein structure-properties relationships and folding 
dynamics in 2D or 3D spaces (pseudo-folding) [7, 8]. A new protein pseudo-
folding molecular graphics or network type representation have been 
introduced by Fernádez and Caballero et al. recently [9]. 
 In any case, using different type of numerical indices derived from these 
proteins or DNA/RNA 2D molecular graphics to perform QSAR studies is 
simpler than when we need to know 3D structure. These indices describe 
graph/network topology, connectivity, or branching and are often referred to 
as the graph Topological Indices (TIs) or Network Connectivity Indices 
(CIs). Often, CIs/TIs are enough efficient to codify important amounts of 
information in a timely way with respect to 3D indices [10]. The uses of these 
indices to seek Structure-Function relationships in Cellular Biochemistry are 
diverse [11]. In two recent reviews, we revised in-depth the applications in 
Theoretical Biology and Bioinformatics [12] and CIs/TIs derived from 
network/graph type molecular graphics of small-sized molecules, 
macromolecules, and more complex sources of information including whole 
Proteome Mass Spectrums, Genomes, or Protein Interaction Networks [13].  
 Recently, the MARCH-INSIDE approach introduced by our group has 
been generalised to encode structural features of DNA/RNA and proteins. In 
these works we included 2D-RNA secondary structure graphs, pseudo-3D 
proteins molecular graphics, and other types of graphics or networks, [14] 
including the HP-Lattice type of complex networks [15].  
 The study described here concerns to the protein sequences present in the 
capsid of HRV. In each case the sequence of viral proteins of 19 strains of 
HRV is represented by an HP-Lattice network. Later, we calculated by the 
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first time up to 11 different classes of TIs for these HP-Lattice networks. The 
TIs include total indices of the full network and local indices for specific 
groups of aminocaids. Next, we used these TIs as input parameters of a 
Linear Discriminant Analysis (LDA) in order to construct 11 different QSAR 
models. These QSAR models are discriminant functions that may classify a 
HRV as a major or minor group virus. The mechanisms are the above 
referred ICAM-1-mediated and the LDL-mediated mechanism. We compared 
the QSAR models based on the different types of TIs. We also compared 
these models with 3D Topographic Indices (TGIs) derived from virus surface 
road maps. These are graphs equivalent to Viral SCN or the same Complex 
Networks of aminoacid vicinity at the viral surface. Some of the models 
QSAR based on TGIs of SCN were previously published and other were 
developed in these work in order to make a more rigorous comparative study 
[13, 16, 17].  
 
2. Materials and methods 
 

2.1. Statistical analysis 
 
 Once the different descriptors had been calculated for all the Human 
Rhinoviruses (HRVs) in the databases we proceed with statistical analysis. 
For it, the variables were standardised and a Linear Discriminant Analysis 
(LDA) was carried out using the STATISTICA 6.0 software package [18] to 
develop three classification functions that are capable of differentiating 
between different groups. The formula for the LDA classification function is: 
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 The variable S is a real value score for the biological property under 
investigation: the tendency of the virus to bound the LDLR receptor instead 
of ICAM. The values ak and bkcg are the coefficients obtained for the LDA 
classification functions (QSAR model) [19, 20]. The statistical quality of the 
models was assessed using parameters such as Wilks’ statistic (λ), the Fisher 
ratio (F), the square of the Mahalanobis distance (D2) and the percentage of 
good classification for the training set as well as for the cross-validation 
procedure. The classification of cases was carried out by considering the 
subsequent classification probabilities, which are the probabilities that the 
respective case belongs to a particular group, i.e., active or inactive. The 
different discriminant functions were obtained using the forward-stepwise 
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method with a minimum tolerance of 0.01 [19, 20]. As an alternative to TIs in 
we also explored TGIs using the same notation: 
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3. Results and discussion 
 
3.1. QSAR models based on TIs of 2D-lattice surface complex 
networks 
 
 Human Rhinoviruses (HRVs) are the single most important cause of 
common colds. We used the same HRV series recently used by Vlasak et 
al.[21] a total of 19 HRVs were studied: 10 belonging to the minor group and 
the other 9 to the major group. The widespread nature of this affliction, the 
economic consequences, and the well-known impracticality of vaccine 
development due to the large number of HRV serotypes (>100) have justified 
the search for antiviral chemotherapeutic agents. Rhinoviruses belong to the 
Picornaviridae family and represent a type of RNA virus with a small size. 
HRVs are naturally occurring polymers-composed systems present in the 
form of small icosahedral particles (~30 nm) composed of 60 copies of viral 
capsid proteins VP1, 2, 3 and 4 and a positive-strand (messenger sense) 
RNA. In terms of mechanism of cellular infection they may be classified into 
two groups: the major group (viruses binding intracellular adhesion molecule 
1, ICAM-1) and the minor group (viruses binding low-density lipoprotein 
receptor, LDLR). The structure of the VP surface has been found to be 
involved in the receptor specificity of HRVs. In this sense, the prediction of 
the mechanism of infection of new viral mutants with theoretical models 
becomes of the major importance to assist bioorganic and medicinal chemists 
on the design new effective drugs [22]. 
  However, in many cases knowing a DNA/RNA or protein sequence does 
not provide information about relationships with biological properties. For 
this reason it is necessary to codify sequence information by constructing 2D 
graphical representations [23] or other representations for DNA[24]; Liao’s 
RNA graphs [25] or HP-Lattice proteins network representations [26] 
through which it is possible to calculate TIs with the aim of finding 
relationships between a protein structure and its biological activity. Liao and 
other authors have successfully used Lattice like representations of DNA 
viral sequences to model biological properties [27].  
 Randic et al. [28] demonstrated that 2D-Lattice representations are the 
result of projecting in the 2D plane the view of a 3D-Tetrahedral 
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representation of the DNA sequence. The results also apply to HP-Lattice 
representations of proteins of course; we only have to substitute the four 
classes of nucleotides by the four groups of aminoacids grouped according to 
polarity and hydrophobicity. In this 2D-Lattice projection, we draw only the 
nodes in the 3D- space with tetrahedral coordinates that are closer to the 
plane (more external nodes from this plane view with respect to the center) 
and all the rest of nodes with the same coordinates in the projecting axis have 
to be overlapped in the same node. In this sense, we interpret here 2D-
Lattices as the projection of the surface of the protein represented in the 3D-
Tetrehdral coordinates. By this reason, we call HP-Lattice here as 2D-Lattice-
Sruface Complex Networks (2DL-SCN) in opposition to real 3D-SCN. In 
consequence, 2DL-SCN are Pseudo-folding graph representations of protein 
whereas 3D-SCN are representations of realistic 3D protein Folding.  
 Initially, the sequences of the different HRVs were introduced into the 
programme MARCH-INSIDE 2.0[29] and this was used to generate one HP-
Lattice network representation per sequence. Specifically in this work, we 
interpreted HP-Lattice Networks as 2D-Lattice Surface Complex Networks 
(2DL-SCN); see results and discussion section. In the Figure 1 we superposed 
the 2DL-SCN of all HRV strains to illustrate the similarities and dissimilarities 
between the two groups and how difficult may be to discriminate between them. 
The aim of the method proposed here is to overcome the 10D-amino acid 
space bottleneck by grouping the twenty natural amino acids into only four groups:  
 

 
 
Figure 1. 2DL-SCN for HRVs 2, 1A, 29 and 1B and BPA of the different fragments 
(F1-F5). 
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1.  The coordinates of abscissa axis increases in +1 for an acidic amino acid 
(rightwards-step) or: 

2. The coordinates of abscissa axis decreases in –1 for a basic amino acid 
(leftwards-step) or: 

3. The coordinates of ordinate axis increases in +1 for a polar amino acid 
(upwards-step) or: 

4. The coordinates of ordinate axis decreases in –1 for a non-polar amino 
acid (downwards-step). 

 
Table 1.  Names, symbols, formula, and network type for TIs and/or TGIs in this work. 

 

 
a Is the notation of TIs used in this work. b The parameters Apk(j), kpjj, denotes the absolute 
probabilities of finding an aminoacid with charge q or the probabilities of self-return to an 
aminoacid with charge q after a loop type random walk of length k within the 2DL-SCN. The 
indices R and D are the topological radius and the topological diameter obtained from the 
distance matrix.  
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 In this work, LDA was used to link the TIs of the sequence 2DL-SCN 
networks with the cellular entry route of a series of Human Rhinoviruses and 
discriminate the HRV strains. We developed in total 11 different QSAR 
classification models, one for each class of TIs. These four groups characterise 
the physicochemical nature of the amino acids as polar, non-polar, acidic or 
basic in essence Hydrophobicity or Polarity (HP). This kind of classifications 
has been used for the annotation of protein fragment patterns and motifs or 
generate HP-Lattice networks or the same 2DL-SCN [30]. Classification as 
acidic or basic prevails over the polar/non-polar classification in such a way 
that the four groups do not overlap each other. Subsequently, each amino acid 
in the sequence is placed in a Cartesian 2D space starting with the first amino 
acid at the (0, 0) coordinates. The coordinates of the successive amino acids 
are calculated as follows (in a similar manner as for DNA spaces) [31]. The 
names, symbols, and notation of all these TIs that entered into the 11 models 
after statistical analysis appear in the Table 1.  
 The equations of the models appear at follows. Once the different 2DL-
SCN had been generated for the proteins in the different viruses, a series of 
total and local molecular descriptors for the whole sequence and the different 
amino-acids in the sequence were calculated with the aforementioned 
programme MARCH-INSIDE 2.0.[29] We calculated these TIs for the whole 
 
Table 2. Experiment 1: Coefficients of QSAR models using TIs of 2DL-SCN vs. 
TGIs of 3D-SCN. 
 

TGIs of VSCNs  
Markov Chain indices  

VSCNs HP-Lattice network 
TGIs 
type TGIs QSAR 

Coefficient 
QSAR 

Coefficient TIs TIs 
type 

Entropy 5TGIΘ(T) 0.84 0.09 5TIΘ(T) Entropy 
 0TGIΘ(L) 289.9 48.6 0TIΘ(L)  

 a0 -22.53 -8.77 a0  

Spectral 2TGIπ(T) 0 0.24 2TIπ(T) Spectral 
Moment 0TGIπ(L) 17.3 31.14 0TIπ(L) Moment 

 a0 -15.39 -14.61 a0
  

Classic TIs  
Wiener 0TGIW(T) 9.6·10-4 8.0·10-4 0TIW(T) Wiener 

 0TGIW(L) 0.09 3.24 0TIW(L)  

 a0 23.42 -4.68 a0
  

Randic 0TGIχ(T) 5.04·10-4 -1.72 0TIχ(T) Randic 
 0TGIχ(L) -14.97 0.72 0TIχ(L)  

 a0 15.12 -5.56 a0
  

Sum of 0TGIδ(T) -0.11 0.06 0TIδ(T) Sum of Node 
Node 0TGIδ(L) -14.97 3.4 0TIδ(L) Degrees 

Degrees a0 15.12 -18.63 a0
  

Diameter 0TGID(T) 0.58 -1.72 0TID(T) Diameter 
 0TGID(L) -0.75 0.72 0TID(L)  
 a0 -7.07 4.53 a0  
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2DL-SCN and for local groups of amino-acids. In this work we used the 
uniform notation kTIc(g) for all TIs; where is the classic symbol of the TI and 
refers to one of the 11 classes of TIs calculated, k is the order of the TI within 
the class, and g to the local group of amino-acids. When a TI is calculate for 
the entire lattice the local group g = T, indicating that it is a Total and not 
local TI. The classes of TIs considered were 11. If the TI belong to a class 
without TIs of different order we use k = 0. The groups of TIs include the g = T 
and other 20 groups for each kind of amino-acid. The calculations of these 
and other TIs for different graphs/networks have been explained in detail 
before; consequently we give herein only general formulae in Table 2 [12].  
 
Classic TIs models 
 
Balaban TIs model: 
 

8 0 07.97·10 · ( ) 0.09· ( ) 0.92J JS TI T TI L−= − + −                                            (3)  
 
Wiener TIs model: 
 

4 0 09.6·10 · ( ) 0.92· ( ) 23.47W wS TI T TI L−= − +                                             (4)  
 
MTI TIs model: 
 

5 0 07.0·10 · ( ) 1.50· ( ) 21.94MTI MTIS TI T TI L−= − − +                                       (5) 
  
Randic Connectivity TIs model: 
 

4 0 05.04·10 · ( ) 14.97· ( ) 15.12S TI T TI L−
χ χ= − +                                               (6) 

 
Lattice network nodes Sum of Degrees TIs model: 
 

0 00.11· ( ) 9.78· ( ) 28.10S TI T TI Lδ δ= − − +                                                       (7) 
 
Shape coefficient TIs models 
 
Radius TIs model: 
 

0 01.54· ( ) 0.86· ( ) 12.7R RS TI T TI L= − −                                                          (8) 
 
Diameter TIs model: 
 

0 00.58· ( ) 0.75· ( ) 7.07D DS TI T TI L= − −                                                         (9) 
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Shape coefficient type TIs model: 
 

2 2

0 03.07· ( ) 11.04· ( ) 0.92I IS TI T TI L= + −                                                     (10) 
 
Markov Chain TIs Models 
 
Entropy TIs model: 
 

3 00.09· ( ) 48.60· ( ) 8.77S TI T TI LΘ Θ= + −                                                     (11) 
 
Spectral Moments TIs model: 
 

0 10.24· ( ) 31.14· ( ) 14.61S TI T TI Lπ π= + −                                                     (12) 
 
2DL-Electrostatic Potential TIs model: 
 

0 0 522.21· ( ) 3.47· ( ) 32.68· ( ) 16.04S TI T TI L TI Lξ ξ ξ= − + + +                         (13) 
 
 Almost all models have p-level values <0.05 and proved to have very 
good predictability in training series. The Wiener indices model is the only 
one that correctly classified all the HRV strains in training and cross 
validation series. The models with the Balaban, MTI, Lattice Electrostatic 
Potential, and Spectral Moment HP-Lattice network descriptors correctly 
evaluated 100% of the viruses in training but misclassified some strains in 
validation. However, the Balaban model has a p-level relative high for a 
statistical significant model considering that p = 0.05 is just the threshold 
value for the test. The Shape coefficient indices model showed the lowest 
discriminatory power, with only 60% of the LDLR group correctly evaluated 
and 88.9% of ICAM-1 recognised by the theoretical model.  
 
3.2. Back Projection Analysis of 2DL-SCN based models 
 
 In the context of QSAR the so called Back-Projection Analysis is the 
process of drawing a map that depicts the influence of every molecular 
substructure on the property under investigation [32]. Some of the descriptors 
used in this study, such as entropy or moment, allow this type of approach to 
be used, a fact that is extremely useful in terms of interpreting the results. 
These descriptors and the application of this type of back-projection analysis 
approach have been reported in previous publications [33]. In fact, one of the 
most significant advantages of the QSAR approach reported here concerns to 
the interpretation of the results in terms of the influence that each network 
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sub-structure has over the property in question. This information can be 
obtained by applying a BPA, which consists of the projection of the QSAR 
model backwards onto the 2DL-SCN network. In this sense, we may first to 
make a partition of the network or graph into nodes. Them, calculate the local 
TIs of these network nodes. Later we can substitute the value of these local 
TIs or node centralities into the QSAR model, and finally sum the 
contribution of nodes re-grouped into sub-networks to map this fragment 
contributions over the network in a colour scale [34]. This kind of analysis 
has been largely reported for sub-graphs in the QSAR study of small-sized 
molecules [35]. 
 We extended BPA to map the function of the different fragment of a 
protein backwards over the network representation of the large secondary 
structure of the corresponding RNA [33]. In a very recent study, the 
contributions obtained in this way can be matched against the degree of 
conservation of this sequences fragments by BLAST-based sequence 
alignment [36]. In this work, the BPA of the QSAR model was carried out by 
the first time using the node TIs on selected 2DL-SCN structures and the 
results are shown in Figure 2. In this figure, the fragments that contribute 
most to the interaction with the viral receptor are represented by darker 
colours and those that contribute least by lighter colours. The node containing 
the Lys of the HI loop appears as a black dot. The TIs of a node for small-
sized graphs and large complex networks (also known as node centralities) 
formally differ but they are essentially local TIs of the same graph/network 
nature [13]. For instance, see the case of Closeness-vitality, Cclv(j)= W(G) – 
W(G/j); a node centrality of complex networks derived as the difference 
between the Wiener index of the network with and without the node j [37].   
 The 2DL-SCN of the protein sequences of HRVs 2, 1A, 29 and 1B were 
partitioned into 4 or 5 relevant fragments (F1-F5) depending on the structures 
studied. The contributions of the different fragments to the interaction with 
the viral receptor were then calculated. This calculation was carried out with 
the spectral moment and the entropy model. The calculation of fragment 
contributions with spectral moments based QSAR models is one of the most 
extended in the literature [38]. We also perform the calculation with the 
Entropy model to illustrate that the results obtained for both models are very 
similar, and validate the consistency of the method. Interestingly, for all 
models the statistical procedure selected local descriptors of the region of HI 
loop. This region of the virus presents the higher contribution to binding the 
low-density lipoprotein receptor (LDLR). This is the region in which the 
lysine is maintained in the HI loop located in fragment F2. It appears that this 
amino acid is very important in influencing the entry route of the virus, 
although it is possible that a range of factors could be responsible for the 
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ability of the virus to penetrate the cell through various mechanisms [39]. 
Fragment F1 also appears to make a significant contribution in the four 
proteins studied, although the contribution is markedly lower than that of 
fragment F2. 
 

 
 

Figure 2. Surface road map and 3D-SCN for HRV 1A 
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3.3. QSAR models based on TIs of 3D Surface Complex Networks 
 
 In general Complex Networks other than the Lattice-like networks above 
treated are of wide use in modern science including proteins as well [13]. 
Different types of protein contact maps or protein structural Complex 
Networks can be used to represent spatial protein structure information in the 
form of 2D graph/network representations. In general, in these networks two 
amino-acids (nodes) are connected by and edge if they are spatial neighbours 
or the nodes or edges of the network are weighted with 3D structure 
dependent labels. Consequently the TIs derived for these classes of networks 
depend on the 3D structure of the protein. Consequently, several researches 
prefer to call these TIs as the graph Topographic Indices (TGIs). In previous 
works, we investigated the road maps of HRV surface. These road maps are 
in mathematical terms protein 3D-Surface Complex Networks (3D-SCN) 
with viral surface exposed amino-acids playing the role of nodes. In the 3D-
SCN two amino-acids (nodes) are connected by and edge (arc) if they are 
spatial neighbours (adjacent) in the virus surface. The reader should be aware 
that being chemically connected (continuous amino-acids in the protein 
sequence or S-S bridge connected amino-acids) is not a condition necessary 
not sufficient to be a neighbour in the 3D-SCN. The construction of 3D-SCN 
or viral road maps has been given in detail before, so we refer to the original 
work and omit here detailed explanations.  In Figure 3 we illustrate a road 
map of the HRV surface and the corresponding 3D-SCN for the viral strain 
HRV 1A. 
 

 
 

Figure 3. (A) 3D-SCN, and (B) 2DL-SCN for HRV2 strain. 
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 In this work, we perform a comparison between the QSAR models 
obtained with the TIs of HP-Lattice network (see previous section) and the 
TGIs of a 3D-SCN. Two of the QSAR models based on TGIs of 3D-SCN 
have been reported before (the Markov Chain Entropy and Electrostatic 
Potential) [16, 17]. The other models based on TGIs of 3D-SCN and used in 
the comparison are being reported here by the first time:  
 
Markov Chain TGIs Models: 
 
Spectral Moments TGIs model (previously reported) [16]: 
 

2 03.11· ( ) 17.30· ( ) 15.39S TGI Bs TGI Lπ π= + −                                              (14) 
 
Entropy TGIs model (previously reported) [17]: 
 

5 0 00.84· ( ) 289.9· ( ) 24.07· ( ) 22.53S TGI T TGI L TGI BsΘ Θ Θ= + + −              (15) 
 
Absolute Probability TGIs model (reported in this work): 
 

0 024.27· ( ) 384.21· ( ) 17.22Pa PaS TGI Bs TGI L= + −                                      (16) 
 
Models based on SCN TGIs analogues of Classic TIs 
Wiener TGIs model (reported in this work): 
 

4 0 08.0·10 · ( ) 3.24· ( ) 4.68W WS TGI T TGI L−= + −                                            (17) 
 
SCN Sum of Degrees model (reported in this work): 
 

0 00.06· ( ) 3.4· ( ) 18.63S TI T TI Lδ δ= + −                                                        (18) 
 
Diameter TGIs model (reported in this work): 
 

0 0( / ) 1.72· ( ) 0.72· ( ) 4.53D DVr LDLR ICAM TGI T TGI L= − + +                   (19) 
 
Randic TGIs model (reported in this work): 
 

0 04.86· ( ) 23.2· ( ) 5.56S TGI T TGI Lχ χ= − + −                                                (20) 
 
Models based on SCN TGIs analogues of Complex Networks Centralities 
Node Eccentricity TGIs model (reported in this work): 
 

0 0286.9· ( ) 3729.9· ( ) 59.59Cecc CeccS TGI T TGI L= + −                                  (21) 
 
Node Closeness TGIs model (reported in this work): 
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0 0630.3· ( ) 61379.7· ( ) 2.393Cclo CcloS TGI T TGI L= − + −                               (22) 

 

 We have to be aware that the 2DL-SCN like in the case of Nandy type 
lattices for nucleotides is a 2D projection of a pseudo-folding (raw 
approximation) to protein or nucleic acid folding in the 3D space [40]. On the 
other hand, the 3D-SCN presupposes a detailed knowledge of the 3D folding 
of the protein to determine which amino acids are surface neighbours. 
Consequently, the QSAR models based on TGIs of 3D-SCN were statistically 
significant and based on a more realistic network than the 2DL-SCN model. 
However, the 2DL-SCN demonstrated to be enough rigorous to produce accurate 
QSAR models based on them. These difference in the type of information 
encode determine that the TGIs of 3D-SCN and the TIs of 2DL-SCN are 
essentially different even when they are based on the same type of invariant. 
In order to visually illustrate the differences between of 3D-SCN vs. 2DL-
SCN we shown both type of networks for the virus strain HRV2 in Figure 4.  
 In general, we should not expect the same behaviour in the coefficients 
of the QSAR model even for the same class of invariants. For instance, 
QSAR coefficients of the same type of entropy differ from one network to the 
other but the entropy QSAR models are both accurate. It coincides with the 
successful application of entropy type measures to codify information content 
at different structural scale of the system reported by Graham et al [41, 42]. 
Interestingly, we can determine the exact QSAR coefficients of some TIs of 
2DL-SCN and their more rigorous TGIs analogues based on 3D-SCN; 
demonstrating the previous statement. Thence, we can confirm here that the 
utility of a type of graph invariant depend not only on the type of problem we 
are trying to solve. It depends on the database, or the invariant formula but 
also on the type of graph representation used, which justifies the recent 
search by many authors of new graph or network type representations for 
nucleic acids, [43, 44] proteins, [45, 46] or proteomic maps [47]. 
 
4. Conclusions 
 
 We demonstrated that TIs of SCN are indices of general use at different 
structure organization levels. In particular, we show that both TIs of realistic 
folding 3D-SCN and TGIs of pseudo-folding 2DL-SCN of viral capsids 
predict HRVs-receptor Interactions.  
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