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Abstract—Proteins 3D-QSAR is an emerging field of bioorganic chemistry. However, the large dimensions of the structures to be
handled may become a bottleneck to scaling up classic QSAR problems for proteins. In this sense, truncation approach could be
used as in molecular dynamic to perform timely calculations. The spherical truncation of electrostatic field with different functions
breaks down long-range interactions at a given cutoff distance (r.g) resulting in short-range ones. Consequently, a Markov chain
model may approach to the average electrostatic potentials of spatial distribution of charges within the protein backbone. These
average electrostatic potentials can be used to predict proteins properties. Herein, we explore the effect of abrupt, shifting, force
shifting, and switching truncation functions on 3D-QSAR models classifying 26 proteins with different functions: lysozymes, dihy-
drofolate reductases, and alcohol dehydrogenases. Almost all methods have shown overall accuracies higher than 73%. The present
result points to an acceptable robustness of the MC for different truncation schemes and r.g values. The results of best accuracy 92%
with abrupt truncation coincide with our recent communication. We also developed models with the same accuracy value for other
truncation functions; however they are more complex functions. PCA analysis for 152 non-homologous proteins has shown that
there are five main eigenvalues, which explain more than 87% of the variance of the studied properties. The present molecular
descriptors may encode structural information not totally accounted for the previous ones, so success with these descriptors could
be expected when classic fails. The present result confirms the utility of our Markov models combined with truncation approach to
generate bioorganic structure protein molecular descriptors for QSAR.

© 2005 Elsevier Ltd. All rights reserved.

1. Introduction

Markov chains (MC) models have been used for analy-
zing biological sequence data and to find new genes from
the open reading frames. Another use is data-based
searching and multiple sequence alignment of protein
families and protein domains. Hubbard and Park used
amino acid sequence-based hidden MC models to pre-
dict secondary structures. In this sense, Krogh et al.*
have also proposed a hidden MC model architecture.
In addition, Markov’s stochastic process has been used
for protein folding recognition. This approach can also
be used for the prediction of protein signal sequences>-°
applied MC models to predict beta turns and their types,
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and the prediction of protein cleavage sites by HIV pro-
tease. Anyhow, many works have not been reported on
Markov models for the generation of molecular descrip-
tors encoding proteins 3D structure facing QSAR
(quantitative structure—activity relationships).

Proteins are highly charged molecules for which an
accurate treatment of the long-range electrostatic inter-
actions is very important in molecular dynamics (MD)
approximations to proteins structure.” Non-bonded
pairwise interactions between atoms or groups are usu-
ally truncated at a specific cutoff distance (r.y) to reduce
the number of interactions and thereby the required
computational time for the simulation. The interaction
energy or force can be truncated abruptly at the cutoff
distance, or some kind of smoothing scheme can be ap-
plied, either on the whole range 0, r, ror (a shift), or over
a limited region 7y, 1, o (@ switch). The search for theo-
retic approaches reaching to new molecular descriptors
for biopolymers has begun more after in spite of an early
(pioneer) work of Flory® on the radius of gyration.
More recently, other approaches appeared, which are
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potential sources, define, or apply in some extent bio-
polymer descriptors, such as the Arteca’s mean over
crossing number,” the Randi®s band average
widths,'%!2 Emini surface index, the SDA (sum of co-
sines of dihedral angles), Kyle-Dolittle hydrophobi-
city,!* and the I; index'* among others. In any case,
the search of molecular descriptors for biopolymers
structure facing QSAR studies is an emerging area.

Our group has reported some interesting MC models to
generate molecular descriptors encoding biopolymers
structure®!>1-216.17 byt ignoring truncation approaches.
Consequently, we will describe herein a number of stud-
ies that have focused on the advantages or disadvan-
tages of different truncation methods for long-range
electrostatic interactions on proteins 3D-QSAR using
MC molecular descriptors.

2. Methods

Consider a representation for a protein, described as a
static model, which considers a spatial distribution of
aminoacids, with 3D coordinates (x;y;,z;) coinciding
with those for a reference atom in the aminoacid specifi-
cally the Co. In this case, every pair of aminoacid in the
protein backbone (i,j) presents a pairwise electrostatic
interaction with energy Ej. The electrostatic charge (g;)
will be considered to be equal to the electronic charge
of the aminoacid reported by Collantes and Dunn.'®
All of these E;; may be determined using Coulomb’s for-
mula. If we then arrange all these interaction energies in
a matrix and normalize the Values dividing by row sums,
we obtain a stochastic matrix 'II(x,y,z,¢). This step
makes it possible to study the propagation of the elec-
trostatic interactions within the proteln backbone as a
MC. In doing so, the elements of 'TI(x,y,z,¢q) may be
considered as the probabilities ( p,]) with which the ami-
noacid i presents a truncated electrostatic interaction of
energy Ej;, with the aminoacid j placed at a distance r;.'8

1p Sz() ij o S,‘zj(r)'qi'qj/rfj
v Zb+l Sz ( ) im Ziis?m(r) g qm/rizm
. SZ()"I;"%‘/"@/ |
- (H—l 2 > ( a)
qi : Szm( ) qm/rim

As can be seen, it is equivalent to use energy (Eq. 1a) or
an electrostatic potential (¢;) interpretation (Eq. 1b)

2 2
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In Egs. la and 1b, the sum considers all the 6 aminoac-
ids that have a spherical truncated interaction with the
aminoacid i. Sy(r) is the truncation function, which
has different formulation in dependence of the method
used, that is, a shifting function like in Eq. 2a or a
force-shifting function like in Eq. 2b. Alternatively,
we will explore also a switching function like in
Eq. 2¢:"

(r) = (1 B <r:ff) ) s (2a)
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Due to truncation restrictions, the aminoacid a, is only
able to interact with the aminoacid a; by means of direct
interaction. The parameter of the MC is the topologic
distance or number of steps (k) one interaction needs
to propagate from one aminoacid to other instead of
the time, which is the more classic MC parameter. How-
ever, one should note that this number of elemental
steps (k) one truncated interaction uses to propagate
throughout space is given at corresponding discrete time
intervals (Az;, = t4+1 — tx = k) like in almost all MC
applications.!?

One can consider a hypothetical situation in which every
Jjth aa has an electrostatic potential ¢; at an arbitrary ini-
tial time (zp). All these potentials can be listed as ele-
ments of the vector %@. It can be supposed that, after
this initial situation, all the amino acids interact with
electrostatic energy IE,-J» with every other aa; in the
protein.

By using MC theory, it is possible to develop a simple
model to calculate the average electrostatic potentials
(&x) for the indirect interaction between any aa; and
the others aa; placed at a distance & within the protein
backbone.?

n

&= ZApkU) CP; =

=1

= (1) O (3)

0gT . kT O

It is remarkable that the average electrostatlc potentials
&r depend on the absolute probabilities pk(/) with
which the amino acids interact with other amino acids
placed at distance k. The potential £, also depends on
the initial unperturbed electrostatic potential of the ami-
noacid. In matrix form represented above, the “p,(j) are
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calculated with the vector ’m, of absolute initial proba-
bilities, and the matrix 'IT using the Chapman-Kol-
gomorov equations.'®

In particular, the evaluation of such expansions for
k =0 gives the initial average unperturbed electrostatic
potential (&y), for k=1 the short-range potential (&),
for k=2 the middle-range potential (&,), and for k =3
the long-range one. We illustrate as follows this expan-
sion for the tripeptide AVW (Ala-Val-Trp):

lpAA 1PAV 0
&= [APO(A)vAPo(V)aAPO(W)} : 1PVA 1PVV 117vw
0 1Pwv 1PWW
DA
_A A A
oy | ="Di(A) - oa + (V) - oy + " (W) - oy
Dw

4)

Table 1. Accuracies for the different truncation functions
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All calculations were carried out with our software BIO-
MARKS® wversion 1.0. (BIOinformatics MARKovian
Studio).'®

3. Results and discussion

In order to determine the effect of using different long-
range electrostatic field truncation approaches in poly-
mers 3D-QSAR, we have developed a linear discrimi-
nant analysis to find a QSAR for 26 proteins. These
proteins in spite of similar folding have three different
biological activities, namely: Lysozymes (L), dihydrofo-
late reductases (DR), and alcohol dehydrogenases (AD).
Briefly, all the truncation methods were used for seeking
significant QSAR models.

(a) Abrupt truncation function: This approach pre-
sented 92% higher accuracy at rog= 50% of the
Van der Waal distance among atoms, in coinci-
dence with our previous reports’ and models

Fofr (%0) Scheme AD (%) L (%) DR (%) Total (%) A F R.
Truncation scheme: abrupt truncation

50 89 100 86 92 0.29 5.99 0.82
60 89 100 86 92 0.25 6.86 0.80
70 89 100 71 88 0.26 6.80 0.79
80 89 100 57 85 0.26 6.80 0.79
90 89 100 71 88 0.26 6.80 0.79
Truncation scheme: force-shifting function

7 100 70 43 73 0.27 6.55 0.80
8 AFSHS 100 70 57 77 0.27 6.51 0.80
9 100 70 57 77 0.27 6.49 0.80
10 100 70 57 77 0.27 6.47 0.80
11 89 100 86 92 0.27 6.45 0.79
12 AFSH 89 100 86 92 0.27 6.51 0.79
13 89 100 86 92 0.27 6.59 0.79
18 AFSHL 89 100 86 92 0.25 7.06 0.80
Truncation scheme: shifting function

7 33 50 43 42 0.61 1.97 0.55
8 33 50 43 42 0.61 1.98 0.55
9 100 70 57 77 0.26 6.62 0.80
10 100 70 43 73 0.27 6.58 0.80
11 100 70 43 73 0.27 6.54 0.80
12 ASH 89 70 57 73 0.27 6.53 0.80
13 89 100 86 92 0.26 6.67 0.79
Truncation scheme: switching function with vz = 12 and variable r,,

5 89 70 43 69 0.26 6.67 0.80
6 89 100 86 92 0.26 6.70 0.79
7 89 100 86 92 0.26 6.74 0.79
8 ASW 89 90 86 88 0.13 12.53 0.87
9 89 100 86 92 0.25 6.90 0.79
10 89 100 86 92 0.25 6.90 0.79
11 89 100 86 92 0.25 6.95 0.79
Truncation scheme: switching function with r,, = 8 and variable v,z

9 89 70 43 69 0.26 6.71 0.80
10 78 70 43 65 0.26 6.62 0.79
11 89 70 43 69 0.26 6.65 0.80
12 ASW 89 100 86 92 0.26 6.79 0.79
13 89 100 86 92 0.25 6.91 0.79
14 89 100 86 92 0.25 6.99 0.79
15 89 100 86 92 0.25 7.03 0.79
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implemented in almost all docking and MD soft-
wares.? In addition, at rog = 60% the higher accu-
racy of 92% is presented too. However, the
method of accuracy abruptly decays to 88% and
less for every ror > 60%, see Table 1 and Figure 1.

(b) Force-shifting function: The behavior of the accu-
racy in this approach has a tendency to grow. For
this truncation scheme, the changes in overall accu-
racy 73-77%, 77-92% have taken place at rogz =17,
rof = 10, from r,, = 11 the maximum value of accu-
racy stays constant. It is notable that the atom-
based approach with the force-shift method?! and
a short cutoff of 8.0 A (AFSHS)?? presented less
accuracy than its middle and longer range analogues
AFSH and AFSHL, see Table 1 and Figure 1.

(¢) Shifting function: The QSAR models with ryg equal
to 7 or 8 presented low values of the canonical
regression coefficient R, = 0.55 and the most low
values of overall accuracy in comparison with the

other truncation functions (42%). At rop= 13 A,
the model has the highest value.

(d) Switching function: We developed two experiments
expanding the domain of the switching function
both inward (ro; =12 and r,, variable) and out-
ward (ron =8 and r.g variable). The graphic for
the experiment with r,z= 12 presented two mini-
mum values of overall accuracy at Fon = 5 (69%)
and r,, = 8 (88%) the other points remain constant
at the most high value of overall accuracy (92%). In
this study, there are a few variations. For the sec-
ond experiment, all overall accuracy stays approxi-
mately constant at roz = 9-11 A and from this last
point it grows abruptly to the maximum value
(92%) to remain constant.

All the QSAR models studied have three equations as a
consequence of a three group (L, AD, DR) LDA analy-
sis and three variables. Nevertheless, we are going to re-
port only the better QSAR model found herein taking
into consideration the higher accuracy and simpler cut-
offs procedure. Table 2 summarizes the classification for
all proteins studies with different truncation approaches.

The model derived with abrupt truncation function
presented 92% higher accuracy at rop=50% and at

Electrostatic Field Truncation Methods
100 7

90 1 Yol

70
60 -
50 -
40 -
30 -
20 A
10

Accuracy

ron or roff

—+— force shifting function
—— switching function roff=12 —* switching function ron=8

—+— shifting function

Figure 1. Accuracies for the abrupt truncation function.

roff = 60% (for more information about the equations,
see the supplementary material).

L = 1545.0 x &)(3) — 308.4 x &(4) 4 5.5 x &5(4) — 49.5
AD = 1457.2 x &,(3) — 529.2 X &(4) + 6.7

x &5(4) —48.1
DR = 1606.5 x &(3) —456.0 x &,(4) 4 6.6
x E5(4) — 54.4

(5a)

L =1791.9 x &(3) — 459.3 x &)(4) 4+ 7.2 x &5(4) — 59.1
AD = 1633.3 x &(3) —635.3 x &(4) +7.9

x Es(4) — 52.2
DR = 1917.5 x &(3) — 646.4 x &)(4) + 8.8
x £5(4) — 69.5

(5b)

In the symbol &.(0), k is the topological distance be-
tween the aminoacids considered and (o) is the orbit.
That is to say, 0, 1, 2, 3, and 4 are specific groups or
collections of aminoacids placed at protein core (0),
inner (1), middle region (2), surface (3), or in every
place (4).2

As can be noted, both equations are robust with respect
to the contributions signs to the enzymatic action of the
molecular descriptors. For instance, in all cases the con-
tribution is positive for &y(3), the initial surface electro-
static potential, having different susceptibilities for each
family of enzymes. However, this positive contribution
is negatively regulated by an overall negative contribu-
tion of the rest of the protein &y(4). It means that the
magnitude of the difference on the initial electrostatic
potential between the surface and the rest of the protein
plays a role in the enzymatic activity for the studied pro-
teins. Finally, the model also recognizes the importance
of a positive contribution for the evolution of the overall
electrostatic potential for the whole enzyme after the ini-
tial interaction &y(5).

Several years ago, Randic introduced the orthogonaliza-
tion process for molecular indices as a way to improve
the statistical interpretation of the model when descrip-
tors are correlated with one another.?>23 For that rea-
son, we developed a principal component analysis
(PCA) using for this study a datum of 152 non-homolo-
gous proteins.?®

After applying Randi¢’s procedure, new orthogonal
"0y, takes into account only the information related
to the movement of the electrons exactly at time k and
not at times <k. The symbol O means orthogonal and
m is the degree of importance of the descriptor to ex-
plain the property determined by the order in which it
is selected by forward stepwise analysis?’ and o is the
orbit.
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Table 2. Classification of proteins according to different truncation schemes

Protein ~ Observed Classification with different Truncation Approaches
PDB ID prot.em Abrupt Force-shifting function Shifting function Switching function
family truncation
For =50 rog=60 AFSHS rog=8 AFSH rog=12 AFSHL rog=18 ASH rog=12 rog=13 ASW rog=12,
ron =
4lyt A L L L L L L L L L
Ighl A L L L L L L L L L
1ghl B L L L DR L L DR L L
1hnl L L L L L L L L L
1lmn L L L L L L L L L
11z1 L L L L L L L L L
2eql L L L DR L L DR L L
2ihl L L L L L L L L L
4lyt A L L L L L L L L L
1351 L L L DR L L DR L L
2ohx A AD AD AD AD AD AD AD AD AD
2ohx B AD AD AD AD AD AD AD AD AD
lecdd A AD AD AD AD AD AD AD AD AD
ledd B AD AD AD AD AD AD AD AD AD
ldeh A AD AD AD AD AD AD AD AD AD
ldeh B AD AD AD AD AD AD AD AD AD
Iqgor A  AD AD AD AD AD AD AD AD AD
lgor B AD AD AD AD AD AD AD AD AD
luok AD DR DR AD DR DR DR DR DR
8dfr DR DR DR DR DR DR DR DR DR
lai9 B DR AD AD AD AD AD AD AD AD
1drf DR DR DR DR DR DR DR DR DR
1dyr DR DR DR DR DR DR DR DR DR
4dfr DR DR DR AD DR DR AD DR DR
3dfr DR DR DR DR DR DR DR DR DR
lai9 A DR DR DR AD DR DR AD DR DR

In Table 3 we show the eigenvalues, the percentage of
the variance explained by them individually, and the
cumulative percentage of the variance of the physical
properties reproduced by successive addition of eigen-
values. As can be seen in this table, there are five main
eigenvalues that explain more than 87% of the variance
of the studied properties.

The factor loadings of the PCA are shown in Table 4.
They were obtained after a Varimax normalized rota-
tion of the factor space. As we can observe in this table,
there are two groups of variables that correlate factor 1
(F1) and factor 2 (F2), respectively. The first group con-
tains the variables n, OSP, R,, and %054 and the second
group contains the variables H%, S%, and /3. This infor-
mation about the second group coincides with other re-
sults,'# since these descriptors are physically related; the
secondary structure of a protein is directly related to the

Table 3. Factor analysis explained variance

Factor  Eigenvalue % Total Cumulative ~ Cumulative
variance  eigenvalue variance

F1 3.14 31.40 3.14 31.40

F2 2.64 26.42 5.78 57.82

F3 1.01 10.09 6.79 67.91

F4 1.00 10.01 7.79 77.92

F5 0.94 9.44 8.74 87.35

degree of folding of the main chain. A protein is consid-
ered more folded than another if it contains a greater
percentage of helix and/or a lesser strand percentage.

In the first group, the variable occluded surface packing,
OSP, measures the interatomic occluded surface area for

Table 4. Factor loadings for PCA analysis (varimax normalized
rotation)

Variables Factor 1 Factor 2 Factor 3 Factor 4 Factor 5

n 0.94 0.01 0.00 0.11 0.09
HP 0.07 0.96 0.04 0.00  —0.03
N —0.04  —096  —0.03 0.00 0.05
oSP¢ 0.73 0.06 0.08 0.18 0.18
R, 0.91 0.08 0.00 0.11 0.12
L' 0.04 0.98 006  —0.02  —0.05
003 0.02 0.08 099  —0.01 0.00
004 —0.13 0.02 001  —0.95 0.05
30,4 013  —-0.09  -001  —0.05 0.95
oM —073  —0.04 0.05 0.27 0.26
Expl. var  2.82 2.84 1.00 1.04 1.04
Prp. totl 028 0.28 0.10 0.10 0.10

“n: number of aminoacids.

® H%: percentage of helix.

¢ 8%: percentage of strands.

4 0SP: occluded surface packing.

° R,: the radius of gyration of the protein.
I I: folding degree index.
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each atom in the protein.?® The radius of gyration of the
protein, R,, has been widely used as a measure of
the global compactness and also as a measure of
packing,® °Os, is a global variable correlate with n and
the other descriptors. On the other hand, factor 3
(F3), factor 4 (F4), and factor 5 (F5) are related with
the variables 'Ogs, 'Og4, and 0,4, respectively.

The property space projected in the three principal com-
ponents is illustrated in Figure 2 in three different forms,
Figure 2a with factor 1 versus factor 2 versus factor 3,
Figure 2b with factor 1 versus factor 2 versus factor 4,
and Figure 2c¢ with factor 1 versus factor 2 versus
factor 5. These results show that the present molecular
descriptors may encode structural information not
totally accounted for the previous ones, so success with
these descriptors could be expected when classic fails.
This fact coincides with results reported on modeling
proteins function where classic molecular descriptors
such as partition coefficient, molecular refractivity, and
polarizability presented only 80.8% with respect
to 922% for our molecular descriptors in the same data
set.

1003

F3

(a)

4. Conclusions

In summary, we would draw five main conclusions from
this study:

1. This work introduces for the first time the definition
of a new stochastic molecular descriptor named Mar-
kov average electrostatic potentials &,(0), for proteins

QSAR.
2. In order to save the time of calculation for these
molecular  descriptors, different  truncation

approaches may be used.

3. Studies should be carried out to determine at which
conditions of number of variables, truncation
approach, and cutoffs can one find the best QSAR
models.

4. In this specific case, we show how the model applies
to the study of proteins function with the best results
in terms of accuracy and simplicity for abrupt
truncation.

5. PCA analysis for 152 non-homologous proteins
shows that Markov molecular descriptors may
encode structural information not totally accounted

F4

(b)

Figure 2. 3D PCA spaces obtained with principal factors 1, 2, and an additional third factor that can be either (a) factor 3, (b) factor 4, or factor (5).
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for the previous ones, so success with these descrip-
tors could be expected when classic fails.

29,30
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