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Abstract

The combination of the network theory and the calculation of Topological Indices (TIs) allow
establishing relationships between the molecular structure of large molecules like the genes and
proteins and their properties at a biological level. This type of models can be considered Quantitative
Structure-Activity Relationships (QSAR) for biopolymers. In the present work a QSAR model is
reported for proteins, related to Human Colorectal Cancer (HCC) and codified by different genes that
have been identified experimentally by Sjoblom ez al.(Science, 314 (2006) 268-274) among more
than 10000 human genes. The 69 proteins related to Human Colorectal Cancer (HCCp) and a control
group of 200 proteins not related to HCC (no-HCCp) were represented through a HP Lattice type
Network. Starting from the generated graphs we calculate a set of descriptors of electrostatic
potential type (Ek) that allow to establish, through a Linear Discriminant Analysis (LDA), a QSAR
model of relatively high percentage of good classification (higher than 80 %) to differentiate between
HCCp and no-HCCp proteins. The purpose of this study is helping to predict the possible implication
of a certain gene and/or protein (biomarker) in the colorectal cancer. Different procedures of
validation of the obtained model have been carried out in order to corroborate its stability, including

cross-validation series (CV) and evaluation of an additional series of 200 no-HCCp. This biostatistic
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methodology could be applied to predict Human Colorectal Cancer biomarkers and to understand

much better the biological aspects of this disease.

Keywords: Protein Sequence; Colorectal Cancer; Markov Chains; HP Lattice; Complex Networks;

Biomarkers; QSAR; Linear Discriminant Analysis; Sequence Alignment; Electrostatic Potential.



1. Introduction

The colorectal cancer consists of uncontrolled growths of abnormal cells in that part of the intestine
(Boursi and Arber, 2007; Stein and Schlag, 2007). In the cancerous processes, the cells undergo
transformations or mutations in the DNA and multiply very fast since they are not subject to the
usual restrictions of cellular proliferation. These cells can invade and destroy the tissue around. If
they enter the sanguineous or lymphatic system, they can spread to any part of the organism and
produce damages in other organs. This process of spread is called metastasis.

Many colorectal cancers are thought to arise from adenomatous polyps in the colon. These cell
growths are usually benign, but some may develop into cancer over time. More than 95% of the
cancerous tumors of the colon and the rectum are adenocarcinomas. The majority of the time, the
diagnosis of localized colon cancer is through colonoscopy. Therapy is usually through surgery,
which in many cases is followed by chemotherapy. When the colorectal cancer is detected early, it
can be frequently cured. The rate of mortality caused by this type of cancer has decreased over the
last 20 years, probably because nowadays there are better treatments and many cases are detected in
the early stage of the cancer. The colorectal cancer is very common in men and women all over the
world. Its real causes are not known. The investigation has shown that people with certain risk
factors, like age, diet, smoking or certain genetic alterations, have more probability than others to
develop colorectal cancer (Luchtenborg et al., 2007; Schafmayer et al., 2007; Young, 2007). In this
sense, the development of tools for search of Colorectal Cancer biomarkers becomes of the major
importance (Yasui et al., 2003).

The discovery of the human genetic sequence has been helpful for the identification of genetic
alterations related to the appearance of certain cancers (Lynch et al., 2007; Norrild et al., 2007). This
is the reason why it is important to keep analyzing the information obtained through the knowledge

of the human genetic code. However, the amount of information to be analyzed is so vast that in



many occasions a codification or simplification of the information becomes necessary for its later
analysis. The development of theoretical 2D graph representations for DNA sequences and proteins
has been very important for the analysis and comparison between different sequences. These
techniques provide a useful vision of the local and global characteristics of the variations and
repetition of nucleotides or amino acids throughout a sequence that is not easily analyzable by other
methods. The different methods proposed by Gates (Gates, 1986), Nandy (Nandy, 1994), Leong and
Mogenthaler (Leong and Morgenthaler, 1995) consist of drawing up a point that corresponds to a
base, moving a positive or negative unit on the ordinate or coordinate axes. Nevertheless, many of
2D graphical representations imply some loss of information due to the overlapping of some bases.
Randi¢ et al. (Randi¢ et al., 2003) carried out a new 2D representation where there is no loss of
information in the transfer of the data of a DNA sequence to its mathematical representation. In
analogy to this type of methodologies, there is a type of transformation for protein sequence in a HP
Lattice type Complex Networks (Bornberg-Bauer, 1997; Chen and Huang, 2005; Chikenji et al.,
2006; Jiang and Zhu, 2005; Li et al., 2002). We can calculate Topological Indices (TIs) for all these
classes of networks representations in order to make a numerical description of DNA and protein
sequences (Gonzalez-Diaz et al., 2008). These descriptors (also known as connectivity indices) allow
establishing a relation between the biological properties in small and large molecules
(QSAR/QSPR), like proteins and genes, and their molecular structure; without to rely upon sequence
alignment (Caballero et al., 2007; Cai and Chou, 2005; Cruz-Monteagudo et al., 2007; Chou and Cai,
2003; Chou and Cai, 2005; Chou and Shen, 2008a; Estrada et al., 2006; Estrada et al., 2002;
Fernandez et al., 2007a; Fernandez et al., 2007b; Gonzalez-Diaz et al., 2007a; Gonzalez-Diaz et al.,
2007b; Gonzalez-Diaz and Uriarte, 2005; Hall et al., 2003; Molina et al., 2004; Prado-Prado et al.,
2007; Shen and Chou, 2009; Vilar et al., 2006; Xiao et al., 2009a). Therefore, these methodologies

could be an alternative to sequence alignment for the study of proteins and genes (Durand et al.,



1997; Hansen et al., 1996; Hofacker et al., 2002; Lecompte et al., 2001; Persson, 2000; Standley et
al., 2001; Zhang and Madden, 1997). QSAR methodology has been applied successfully in different
situations, with small molecules and proteins, which validate the goodness of the method used in this
paper. Partial Least Square (PLS) was used to establish a relationship between Heuristic Molecular
Lipophilicity Potential indices and the bioactivity of pyrazole derivatives (Du et al., 2005). New
QSAR methods were proposed, such as Multiple Field 3D-QSAR (a combination of classical 2D-
QSAR and 3D-QSAR) and Fragment-Based QSAR applied to neuraminidase inhibitors (Du et al.,
2008a; Du et al., 2009). We also have different examples of QSAR with proteins with good results in
the literature (Du et al., 2008b).

In this work we start from the sequence of different proteins codified by genes implied in cancerous
processes, as the Colorectal Cancer, and we transformed these sequences into representations of HP-
Lattice type Network. Once the networks are generated, we used MARCH-INSIDE software in order
to calculate a series of electrostatic potentials (&) of the protein sequences forced to fold in the 2D
HP Lattice Network. Subsequently, through a Linear Discriminant Analysis (LDA) we found a
QSAR model that allows us to discriminate with a high percentage of accuracy between HCCp and
no-HCCp. This methodology could be applied to predict Human Colorectal Cancer biomarkers and

to understand much better the biological aspects of this disease.

2. Materials and Methods
2.1. Database

The used database had been described previously by Sjoblom et al. (Sjoblom et al., 2006). All the
reported genes related to the Colorectal Cancer (69 genes) with their respective protein sequences
had been compiled from this database. The group control is formed by 200 proteins non-related to

the appearance of this type of cancer. These corresponding no-HCCp sequence have been used and
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filtered in addition as examples of useful human proteins in other QSAR studies by Dobson (Dobson
and Doig, 2003; Dobson and Doig, 2005). Therefore, 200 non-carcinogenic proteins had been
evaluated in order to validate the obtained theoretical model (Dobson and Doig, 2003; Dobson and

Doig, 2005).
2.2. HP Lattice Network Representation

The different protein sequences of this study were introduced in the software MARCH-INSIDE 2.0
(Gonzalez-Diaz et al., 2005a). Every sequence was represented through a HP-Lattice type Network.
We have been following a recently introduced methodology, analogous to the DNA representations
of Nandy, but adapted to the protein study (Aguero-Chapin et al., 2006). Depending on the
characteristics of the amino acids, the method groups the 20 types of amino acids in four groups:
polar, non-polar, acid or basic amino acids. A HP-Lattice type Network for a determined protein
sequence can be seen in Table 1. A characteristic of this type of representations is that the number of
nodes (n) in the HP Lattice Network can be equal or smaller than the number of amino acids in the
protein. The acid-bases classification prevails over the polar/non-polar and the different groups do
not overlap each other. Subsequently, each amino acid in the sequence is placed in a 2D Lattice
defined by a Cartesian space with center at the (0, 0) coordinates. The coordinates of the successive

bases are calculated to form a Lattice Network with step equal to 1, as follows:
a) Increases in +1 the abscissas axis coordinate for an acid amino acid (rightwards-step) or:
b) Decreases in -1 the abscissas axis coordinate for a basic amino acid (leftwards-step) or:
¢) Increases in +1 the ordinates axis coordinate for a polar amino acid (upwards-step):

d) Decreases in -1 the ordinates axis coordinate for a non-polar amino acid (downwards-step).

Table 1 comes about here

2.3. Calculation of the Electrostatic Potentials in the 2D-HP Lattice Network



A series of the Electrostatic Potential () approximations for each 2D-HP Lattice Network had been
calculated using the previously mentioned software MARCH-INSIDE 2.0. In order to calculate the
different values of &, the potentials of each amino acid were averaged, considering the values of all
nearby amino acids, located to a topological distance not greater than k within the HP Lattice
Network. The Markov Chain theory is used to estimate the first six values of & of every sequence (k

=0,1, 2, 3,4, and 5) (Gonzalez-Diaz et al., 2007¢; Saiz-Urra et al., 2005).
The method uses essentially three matrix magnitudes:

a) The matrix 'IT (see Eq. 1). This matrix is built up as a squared matrix (n x n). The
matrix 'II contains the probabilities lpij to reach a node n; with charge q; moving throughout a
walk of length k = 1 from other node n; with charge qj. We can also speak about the

probabilities of reaching a node with electrostatic potential ¢; moving from another node:
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b) The charges vector °Q. The method considers anyhow that a total charge or weight
(i) can be assigned to each node. This charge of the node is equal to the sum of the charges of
all the aminoacids coinciding in the same node. So, in order to retain a more compact matrix

notation all charges are arranged as a column vector °Q.

C) The zero order electrostatic potential vector °¢ (see Eq. 2). This vector lists the
absolute initial probabilities “pi(j) with which a node selected at random presents a given

charge q;.

Thus, the use of Markov Chains theory allows calculating the average Electrostatic Potential (&) for
all nodes n; that can be reached in the 2D-HP Lattice Network moving from any node n; using walks

of length k. Considering that the & are average values associated to a discrete lattice we determine
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them as the sum of two-terms products using Chapman-Kolmogorov type equations. The readers can
see previous works explaining in detail the use of this kind of approach in many different situations
(Cruz-Monteagudo et al., 2007; Gonzalez-Diaz et al., 2003; Gonzalez-Diaz et al., 2007a; Gonzalez-
Diaz et al., 2007d; Gonzalez-Diaz et al., 2007¢; Perez-Bello et al., 2009; Ramos de Armas et al.,
2004; Santana et al., 2006). The first term is the probability of arising the node n; moving from any
node n; throughout walks of length k and the second one the charge of the node g; (see central

member of Eq. 3 below):

n

&="p(j)-¢,=°¢"-(1f *Q (3)

J=1

Note that the higher-order & depends only on the absolute probabilities “po(j) of order 0, on the
charges and on the matrix. In particular, the evaluation of such expansions for k = 0 gives the order
zero Electrostatic potential (&p); for k = 1 the short-range Electrostatic potential (§;), for k = 2 the
middle-range Electrostatic potential (&;), and for k > 2 the long-range Electrostatic potentials ().
This expansion is illustrated for the linear graph n;-n,-n3 characteristic of the sequence (Asp-Glu-

Asp-Lys), please note that the central node contains both Glu and Asp: (Gonzalez-Diaz et al., 2005b)

1 0 0 q,

§o=[APo("1)7 Apo(”z)’ Apo(”?’)]' 01 0g,| = ‘4170(”1)"11+Ap0(”2)'q2+Apo(”3)'Q3 (3a)
10 0 1]|q,
11711 1plz 0 a9,

§1:[Ap0(n1)> Apo(nZ), Apo(n3)]' ]p21 1pzz Ipz} | 42 = Apl(nl)~ql+Apl(n2)-q2+Apl(n3)-q3 (317)
| 0 'py 'pu]las

11711 1[71 0 an 11’12 0 a4,
§2=[Ap0(nl), Apo(nZ), Apo(n?’)]' ]pzl lpzz lpzs : Ipzl 1pzz Ipzs '|:q2 (30)
0 Ipzz ]pssg 0 ]psz lpaz q; |
klpn Iplz 0 | Ipll Ip]2 0 klpn Iplz 0 q,
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2.4. Statistical Analysis



At this level a Linear Discriminant Analysis (Hill and Lewicki, 2006 ; Zhu and Martinez, 2006) has
been carried out relating the different descriptors previously calculated to the carcinogenic activity of
the different protein sequences. The Software STATISTICA 6.0 (StatSoft.Inc., 2002) package has
been used for the statistical analysis and to develop a function of classification that differentiates

between HCCp and no-HCCp:
HCC —score =by-&y +b,&,..+ b, &, —a, (4)

The variable HCC-score is the biological property under investigation, in this case the Human
Colorectal Cancer (HCC), & are electrostatic potential descriptors calculated for the database and by
and ay are the coefficients obtained by the Linear Discriminant Analysis (LDA). The function was
obtained by using the forward-stepwise method for a variable selection. In the development of this
classification function the values of 1 and 0 were assigned to HCCp and no-HCCp respectively. The
statistical parameters that define the quality of the model are the Wilks’ statistic (U), Fisher ratio (F)
and the percentage of good classification for the training and CV sets. The a posteriori probability
calculated from the Mahalanobis distance was used for the classification of cases as active or

inactive (Hill and Lewicki, 2006 ).

3. Results and Discussion

A superposition of all the HP Lattice Network has been done, including the HCCp and no-HCCp
(see Figure 1). This superposition shows that there is no clear differentiation between HCCp and no-
HCCp networks. This is the reason why the calculation of TIs in combination with the discriminant

analysis is necessary.

Figure 1 comes about here



The linear classification model derived from the STATISTICA package is given below together with

the statistical parameters:
HCC — score =39.736x &, —37.057x &y, —2.197 (5)

N =269 U=0.528 F(2,266) = 118.926 p<0.05

Here, N is the number of compounds included in the discriminant analysis calculation, U is the
Wilks’ statistics, F' is the Fisher ratio and p is the significance level. The proteins that have been
introduced in the model and their a posteriori probabilities calculated in the analysis are shown in
Table 2. The described model presents a good classification percentage of 89.86 % in the positive
cases (62 of 69 proteins codified by carcinogenic genes are recognized by the model). The negative
cases are evaluated by an 83.00 % of accuracy (166 of 200 proteins non-implied in the cancerous

processes are well evaluated).
Table 2 comes about here

The parameters refer to the model with all the cases in the training. But it is worth noting that to find
the model we have divided the database into two series: training and CV (cross-validation) series. In
order to demonstrate the stability of the model this process has been repeated on different occasions
randomly interchanging cases in both series. The obtained results are similar to those of the
previously described model from the quality of the statistical parameters point of view as in the
percentage of good classification (see Table 3). In statistical prediction, three cross-validation
methods are often used: subsampling test, independent dataset test, and jackknife test (Chou and
Zhang, 1995). However, as demonstrated in (Chou and Shen, 2007), the jackknife test has the least
arbitrariness and therefore has been increasingly and widely used to test various prediction methods
(see, e.g., (Chen et al., 2008; Chen and Han, 2009; Chou and Shen, 2008a; Chou and Shen, 2008b;

Chou and Shen, 2009; Ding et al., 2009a; Ding et al., 2009b; Du and Li, 2008; Georgiou et al., 2009;
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Kannan et al., 2008; Li and Li, 2008; Lin, 2008; Lin et al., 2008; Lin et al., 2009; Munteanu et al.,
2008; Nanni and Lumini, 2009; Rezaei et al., 2008; Shen and Chou, 2009; Shen et al., 2009; Shi et
al., 2008; Tian et al., 2008; Wang et al., 2008; Xiao et al., 2009b; Zeng et al., 2009; Zhang and Fang,
2008; Zhang et al., 2008). In the jackknife or leave-one-out test each case in the database is predicted
for the model constructed using all the cases except the one being predicted. In this paper, we used
the three methods. As we described above, the model was found dividing the database in training and
CV series (subsampling test). A jackknife validation procedure was carried out in the Table 2. The
results in the good classification percentage were maintained when we applied this validation
method. Another method for validating this model consists of the evaluation of 200 proteins that are
not related to the Colorectal Cancer and, therefore, must be evaluated by our model as non-active
(see Table A of the Supporting Information). The percentage of good classification in this series of

external prediction is 74% (148 of these 20 proteins are classified correctly)
Table 3 comes about here

Receiver Operating Characteristic (ROC) curve for the model was also calculated (Diamond, 1987;
Hanley, 1989; Mann et al., 1992; Metz et al., 1973). The fraction of true positives (Sensitivity) is
contrasted with the fraction of false positives (1-Specificity) in this type of curves. The area under
the curve can take values between 1 (perfect classifier) and 0.5 (useless random classifier). In our
ROC curve the area under the curve is 0.96, which confirms that the used model is not a random
classifier (see Figure 2).
Figure 2 comes about here

We have made also a leverage-based analysis of the domain of applicability (DA) of the model (see
Figure 3) (Hill and Lewicki, 2006 ; Merli, 2005). Through this type of studies we can see the
applicability limits of our methodology. This way we can avoid making erroneous predictions for

some cases that would be out of the model DA. A Cartesian double ordinate, where the CV residuals

11



and standard residuals are represented, is shown in the Figure 3. The leverage is represented on the
abscissas axis. The DA of the model is defined as a squared area within £2 band for residuals and a

leverage threshold of h = 0.033.

Figures 3 comes about here

4. Conclusions

The combination of the 2D representations of the protein sequence, as the HP Lattice Network, and
the calculation of TIs constitute a significant tool for designing theoretical models that relate the
protein structure to its biological properties. This type of methodologies can be complementary to the
methods of sequence alignment for studying protein databases. The approximation we described in
this work could represent a method that makes possible the analysis of large protein databases in
order to identify novel proteins susceptible of the development of colorectal cancer and to understand

better the biological phenomena related to cancer.

Supporting Information Available. The external prediction series for the theoretical model with

200 proteins is shown in Table A of the Supporting Information.
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Figure and table captions

Table 1. Description of Nodes, Aminoacid Sequence, Coordinates and Stochastic Matrix for a HP
Lattice Network.

Table 2. Proteins Introduced in the Model and their a Posteriori Probabilities (P). 62 of 69 Positive
Cases are well Evaluated (89.86% of Good Classification). 166 of 200 Negative Cases are well
Evaluated (83.00% of Good Classification). P (jackknife) is the a Posteriori Probability Extracted
from the Jackknife Test.

Table 3. Description of the Models Varying the Cross-validation Series.

Table A (Supporting Information). External prediction series: 148 of 200 proteins non-related to
Colorectal Cancer are correctly classified (74.0% of good classification). P represents the a posteriori

probability of not having a carcinogenic activity.

Figure 1. Superposition of all HP Lattice Network, including the HCCp (black coloured) and non-

HCCp (grey coloured).

Figure 2. Receiver Operating Characteristic (ROC) curve for the model. The area under the curve is

0.96.

Figure 3. Leverage-based analysis of the domain of applicability of the model: a) Colorectal Cancer

Proteins, b) No Colorectal Cancer Proteins; model leverage threshold is /= 0.033.
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5. Tables

Table 1. Description of Nodes, Aminoacid Sequence, Coordinates and Stochastic

Matrix for a HP Lattice Network.

n Aminoacids X Y HP Lattice Network
a Serl 0 0
Cys9 0 0
b Hys2 -1 0
c Leu3 -1 -1
Glu7 -1 -1
d Val4 -1 -2
e Hys5 -2 -2
f Asnb6 -2 -1
g Asp8 0 -1
h Tyrl0 0 L S N S 0 0]
; Glul1 | 1 e Pop Ppe 0o, 00
j T2 0 2 | e
K Hys13 0 g | e
1 Dsth | 0 2| |
0 0 oo e pu
|0 0 e, 'pi 'pa




5. Tables

Table 2. Proteins Introduced in the Model and their a Posteriori Probabilities (P). 62 of
69 Positive Cases are well Evaluated (89.86% of Good Classification). 166 of 200
Negative Cases are well Evaluated (83.00% of Good Classification). P (jackknife) is the

a Posteriori Probability Extracted from the Jackknife Test.

N°  Protein P P(jackknife) N° Protein P P(jackknife)

HCC related PROTEINS (we give the protein gene name)

1 ABCALI 0.57 0.56 36 MCP 0.71 0.70
2 ACSL5 0.99 0.99 37  MGC33407 0.95 0.95
3 ADAM?29 0.91 0.91 38  MKRN3 0.64 0.63
4 ADAMTSIS5 0.91 0.91 39 MLL3 091 0.90
5 ADAMTSI18 0.93 0.93 40 MMP2 0.70 0.70
6 ADAMTSL3 0.79 0.78 41 NFI 0.96 0.96
7 APC 0.65 0.65 42" OBSCN 0.95 0.95
8 Cé6orf29 0.93 0.92 43  P2RX7 0.84 0.84
9 C10orf137 0.27 0.26 44 P2RY14 0.96 0.96
10 Cl5orf2 0.94 0.94 45 PHIP 0.83 0.82
11 CDI09 0.91 0.91 46 PKHDI 0.87 0.86
12 CD248 0.40 0.39 47 PKNOXI 0.94 0.94
13 CHLI1 0.78 0.78 48 PRKDI 0.98 0.98
14 CNTN4 0.61 0.60 49 PTPRD 0.81 0.81
15 CSMD3 0.80 0.79 50 PTPRU 0.93 0.93
16 EPHA3 0.62 0.62 51 RET 0.79 0.79
17 EPHB6 0.89 0.89 52 RUNXITI 0.66 0.66
18 ERCC6 0.24 0.23 53 SCN3B 0.84 0.84

19 EVL 0.96 0.96 54 SDBCAG84 0.84 0.84
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5. Tables

Table 3. Description of the Models Varying the Cross-validation Series.

CV1 Ccv2 CV3 Cv4

N 202 202 202 202

Wilks® A 0.55 0.51 0.56 0.53
F(Fisher) 80.61 95.38 76.70 87.11
P <0.00 <0.00 <0.00 <0.00
%active training 88.24 90.38 88.00 90.20
%active cross-validation 94.44 88.24 94.74 88.89
%inactive training 84.11 82.00 81.58 84.11
%inactive cross-validation 79.59 86.00 87.50 81.63

%Total 84.76 84.76 84.76 85.13






