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Abstract—Classic physicochemical and topological indices have been largely used in small molecules QSAR but less in proteins
QSAR. In this study, a Markov model is used to calculate, for the first time, average electrostatic potentials & for an indirect inter-
action between aminoacids placed at topologic distances k& within a given protein backbone. The short-term average stochastic
potential &; for 53 Arc repressor mutants was used to model the effect of Alanine scanning on thermal stability. The Arc repressor
is a model protein of relevance for biochemical studies on bioorganics and medicinal chemistry. A linear discriminant analysis model
developed correctly classified 43 out of 53, 81.1% of proteins according to their thermal stability. More specifically, the model clas-
sified 20/28, 71.4% of proteins with near wild-type stability and 23/25, 92.0% of proteins with reduced stability. Moreover, predict-
ability in cross-validation procedures was of 81.0%. Expansion of the electrostatic potential in the series &y, &, &, and &3, justified
the use of the abrupt truncation approach, being the overall accuracy >70.0% for &, but equal for &;, &, and £3.The &; model com-
pared favorably with respect to others based on D-Fire potential, surface area, volume, partition coefficient, and molar refractivity,
with less than 77.0% of accuracy [Ramos de Armas, R.; Gonzalez-Diaz, H.; Molina, R.; Uriarte, E. Protein Struct. Func. Bioinf.
2004, 56, 715]. The &; model also has more tractable interpretation than others based on Markovian negentropies and stochastic
moments. Finally, the model is notably simpler than the two models based on quadratic and linear indices. Both models, reported
by Marrero-Ponce et al., use four-to-five time more descriptors. Introduction of average stochastic potentials may be useful for
QSAR applications; having &, amenable physical interpretation and being very effective.

© 2005 Elsevier Ltd. All rights reserved.

prediction of protein stability. Proteins must remain sta-
ble during biochemistry research and/or biotechnology-
related processes.'

In general, the search novel molecular descriptors to seek
quantitative-structure—activity-relationships QSAR!
nowadays constitutes a widely covered field with more
than 1000 molecular descriptors introduced.? Neverthe-

less, the search for newer molecular descriptors for pro- Numerous researchers worldwide have worked out

teins can be classified as an emerging area, being a
pioneering work the one on the radius of gyration report-
ed by Flory.? More recently, other approaches have been
put forward as potential sources for successful biopoly-
mer descriptors, such as Roy et al.,* Casanovas et al.,’
and Leong and Mogenthaler representations;® Arteca’s
average over crossing number,”-® Randic’s band average
widths,”!° the sequence-order-coupling numbers,'!-12 o-
helix-propensity descriptors, Emini surface index, the
SDA sum of cosines of dihedral angles, and Kyle-Doolit-
tle hydrophobicity.'? One of the most promising applica-
tions of QSAR techniques in biochemistry relates to the
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models to predict the stability of mutants of a wild pro-
tein. As shown in Zhou and Zhou’s excellent work, a
total of 35 proteins with their respective 1023 mutants
have been studied, which include all of the examples out-
lined above.!>%’

A great deal of work is currently underway to determine
the contribution of individual residues to the overall fold
and stability of a protein.?®?° Particularly, great atten-
tion has been focused on the Arc repressors. This protein
provides an attractive system with which to address this
issue because it is a small 53 aa and is amenable to bio-
chemistry and biophysical studies. The system is a
homodimer protein with a globular domain formed by
the intertwining of their monomers. The secondary
structure consists of two anti-parallel f-sheets from res-
idues 8 to 14 and a-helices formed by residues 15-30 and
32-48.39
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Nevertheless, neither Zhou and Zhou’s work nor, other
previous studies any reported in the literature have
attempted to predict the stability of Arc repressors be-
fore 2003.1527 Until our concern, Ramos de Armas
et al. reported for the first time a QSAR predicting sta-
bility for Arc mutants.>! The model is relatively simple
in statistical terms, with only one variable, but the
molecular descriptor has to be interpreted in terms of
Shannon entropy in such a way that it is not very ame-
nable. A second model reported to predict the thermal
stability of Arc mutants has been just introduced by
Gonzalez-Diaz et al.’> The model is also simple but does
not process a very sound physical interpretation based
on stochastic spectral moments. In the present work,
we have addressed this aspect and other issues such as
introducing a new Markov model with high accuracy
but having direct physical interpretation in terms of elec-
trostatic potential.

This approach used a Markov chain (MC) model®* to
codify information about the proteins’ molecular struc-
ture and constitutes one generalization of other molecu-
lar descriptors derived with the so-called MARCH-
INSIDE MARkovian CHemicals IN Sllico DEsign ap-
proach.? A precise definition of different molecular
descriptors generated by this methodology can be found
in the literature.3>3°

Herein, the method uses as a source of molecular
descriptor the 'IT matrix the short-term electrostatic
interaction matrix built up as a squared matrix n X n,
being n the number of aminoacids aa in the protein.
One can consider a hypothetical situation in which every
Jjth-aa has an electrostatic potential ¢; at an arbitrary
1n1t1al time fy. 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 electro-
static energy IE,-j with every other aa; in the protein. For
the sake of simplicity, a truncation function «; is applied
in such a way that short-term electrostatic interaction
takes place only between neighboring amino acids
‘~ =1. Otherw1se the electrostatic interaction banished
;=0

Ignoring direct interaction between distant amino acids
does not prevent any that electrostatic interactions
from propagating between those amino acids within
the protein backbone in an indirect manner. Thus, by
using the MC theory it is possible to develop a simpler
model to calculate the average electrostatic potentials
¢ for the indirect interaction between any aa; and
the others aa; placed at a distance k& within the protein
backbone:®

&= ZAPk(j) "

=T ()0 (1)

— 07T KT .0

It is remarkable that the average electrostatic potentials
¢ depend on the absolute probabilities “pi(j) with
which the amino acids interact with other amino acids
placed at distance k. The potential £, also depends on

the initially unperturbed electrostatic potential of the
aminoacid. In matrix form represented above, the “p.(j)
are calculated with the vector %z, of absolute initial
probabilities, and the matrix 'IT using the Chapman—
Kolgomorov equations.* In particular, the evaluation
of such expansions for k=0 gives the initial average
unperturbed electrostatic potential &;, for k=1 the
short-range potential &;, for k = 2 the middle-range po-
tential &,, and for k£ = 3 the long-range one. We illus-
trate, this expansion for the tripeptide Ala-Val-Trp
(AVW) as follows:
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To carry out the calculations referred to 1n Eq 1 and
detailed in Eqs. 2a-2d, and the elements Dij of 'IT and
the absolute initial probabilities “p,(j) were calculated

as: 40,41
qiq;
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where, for the ith-aa and the jth-aa: the neighborhood
relationship truncation function «; =1 turned if there
were a peptidic or hydrogen bond, dj; = 1 is the topolog-
ic distance, and ¢; and g; are the electronic charges.** All
calculations of molecular indices for Arc mutants were
carried out with our software BIOMARKS 1.0° (BIOin-
formatics MARKovian Studio), see Figure 1.43

Electrostatics is the theory of a static configuration of
charges. Protein electrostatics is a very covered field
nowadays with incidence in different aspects of biochem-
istry.** For instance, the nature of electrostatic barrier
for proton transport in aquaporins has been analyzed
by semimacroscopic and microscopic models recently.*’
In this sense, the truncation of the electrostatic field is
usually applied to simplify all the calculations in large
biologic systems as proteins are.*6*° The review after
Norbeg and Nilsson constitutes a seminar work on the
topic.’® Truncation is usually applied in molecular
dynamic studies together with spectroscopy for protein
structure characterization as in the works by Celda’s
group.5!53

On the other hand, MC models are well-known tools for
analyzing biological sequence data.>*> Another use of
these models is data-based searching and multiple
sequence alignment of protein families.>® Protein-turn
types,>” sub-cellular locations,>®>° and secondary struc-
ture® have been successfully predicted. Krogh et al.®!
have also proposed a hidden Markov Model architec-
ture in bioinformatics. In addition, Markov’s stochastic
process has been used for protein folding recognition®?
and prediction of protein signal sequences.®*** Seminar
works after Choucan be found to be related to the appli-
cation of MC theory in biochemistry and bioinformat-

iCS.65 68

In this work, we used the MC model to derive average
electrostatic potentials considering non-interacting
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aminoacids &g, short-range &;, middle-range &,, and
long-range electrostatic interactions &; for 53 Arc
repressor mutants. All the 53 mutants and its classifica-
tion within near wild type (nwt) or decreased stability
(ds) group were taken from the literature.?*3? These
aforementioned descriptors were used to carry out a lin-
ear discriminant analysis (LDA) analysis to classify each
mutant with respect to its thermal stability and the best
model found was:

Stability = —1.86 x &, + 0.06 (5)
N=53 1=063 F(2,50)=29.57 p<0.00l,

%=281l.1 %*"=714 % =920,

where N is the number of proteins used in the study includ-
ing alanine-mutants and the wild-type Arc (wtArc)
repressor. The statistical parameters of the above equa-
tion were also shown including Wilk’s statistic A, Fischer
ratio F, and significance level p.®° The discriminant func-
tion classified correctly 43 out of 53 mutant proteins
according to their relative stability related to wild-type
protein. This provides a level of accuracy of 81.1%. More
specifically, the model classified 20/28 proteins’ nwt stabil-
ity, 71.4%" and 23/25, 92.0% proteins within ds group.
Table 1 shows the respective classification matrices for
training, as well as cross-validation.

A cross-validation procedure was subsequently per-
formed for assess model predictability. This cross-
validation was carried out by using the average of a
resubstitution technique composed by some main stages.
First, we single out at random 25% of the compounds
and constitute the first predicting series cvl. Afterwards,
compounds in predicting series are interactively inter-
changed with those in training ones, creating three
additional predicting series cv2, cv3, and cv4. Finally,

I :Uj v
RIN]
>
Away
closer

Figure 1. Arc wild type protein depicted at BIOMARKS interface.
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Table 1. Accuracy for training set and resubstitution cross-validation
using &;

% nwt ds
Train
nwt 71.4 20 8
ds 92 2 23
Total 81.1
cv-average
nwt 71.2 15 6
ds 92.1 2 17
Total 81.0
cvl
nwt 68.2 15 7
ds 88.9 2 16
Total 71.5
cv2
nwt 73.7 14 5
ds 90.0 2 18
Total 82.1
cv3
nwt 66.7 14 7
ds 94.7 1 18
Total 80.0
cvd
nwt 77.3 17 5
ds 94.4 1 17
Total 85.0

nwt: near-wild-type proteins, ds: decreased stability proteins. %:
accuracy.

we reported the accuracy, and classification matrices for
each series, and averaged results. The present model has
shown quite a good average predictability (cv-average)
of 81.0 %. In particular, the model showed a very high

Table 2. Comparative study with other nine stability scoring functions

average accuracy of 92.1%, predicting the stability class
of ds mutants. Near-wild-type mutants are predicted
with a slightly lower average accuracy 71.2%, which is,
however, a significant result. The present level of accura-
cy has usually been considered as very good for
researchers using molecular descriptors used in LDA
in QSAR studies, as were the cases of Cabrera-Pérez
et al.,’%’! Molina et al.,”> and Gonzalez et al.”> The
importance of this result also relates to the simplicity
of the present topologic methodology, which does not
need any 3D exhaustive structural information. The
present result coincides with that reported by Ramos
de Armas et al. on the use of MC models to encode pro-
teins and peptide structure in QSAR studies.””> Tables
1 and 2, presented as supplementary materials, show de-
tailed results for each protein, in connection with the ob-
served classification versus predicted training, and cross-
validation probabilities. Figure 2 graphically illustrates
the average overall predictability results.

Finally, the physical interpretation of the present MC
model may be of major interest. First, a direct inspection
of Eq. 5 shows a unitary increase in ¢; decreased 1.86
times negative coefficient the possibilities of a protein
to remain stable. This fact can be explained taking into
consideration that those protein mutants with very high
electrostatic interactions more easily lose stability.”® Sec-
ond, we derived equations similar to 5 for &, &,, and &;.
The model considered does not interact with amino
acids &, presenting less than 70% of overall accuracy,
indicating that electrostatic interactions, in fact, play
an important role Arc repressors in stability. On the
other hand, the results for middle-range ¢, and long-
range potentials &5 justified the use of the abrupt trunca-
tion function ;" in the study of Arc repressors, given
that no additional improvement of the model was
found. The present model diverges in physical terms
than others reported by Ramos de Armas et al. that
use stochastic entropies A@,, ignoring at all the possibil-
ity of interaction between aminoacids.>! However, this

Stat® Physicochemical parameters Algebraic forms Markov indices

DF° SA° % log P° Mg q*° Ve AB" SRy i &
Nmd 1 1 1 1 1 4 5 1 1 1
RP =55 —14.7 -30.2 -37.5 -35.2 5.0 16.9 0.0 -2.4 0.0
%T 76.9 70.7 62.3 59.0 60.0 85.4 97.6 81.1 79.2 81.1
Yonwt 92.9 63.6 53.6 80.8 77.3 85.0 95.2 71.4 67.8 71.4
%RS 58.3 78.9 72.0 15.4 38.9 85.7 100 92.0 92.0 92.0
YTy 71.8 61.5 56.4 48.7 61.5 80.5 91.7 79.5 79.2 81.1
p 0.001 0.001 0.001 0.5 0.2 0.01 0.01 0.0 0.0 0.0

“ Statistical parameters verifying model quality are: the number of molecular descriptors in the model (nmd), total (%T7), near wild-type group
(%nwt), reduced stability group (%DS), and average cross-validation (%7,,) percentages of good classification.

® D-Fire potential DF.

¢ Surface area SA.

dVolume V.

¢ Logarithm of the partition coefficient log P.
f Molar refractivity My.

& These very complicated models are based on four-to-five times more molecular descriptors named: quadratic indices (%> qo(xm). Z>¢7(zm)s 2 q1 ()
and Z2¢>(ym)), for the first model, and linear indices (*fo(xm)s Zfo(xm)s "o fi(tm)s To215(xm), and geifo(xm)), for the second one, which lack any

direct physical sense.
" Markovian negentropies.
! Stochastic moments.
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Figure 2. Overall average predictability of the model in terms of predicted probability (y) for each kind of mutation versus protein backbone position
(x). Upper half shows nwt group and bottom half ds group. Observed probabilities (in black) are shown for the purpose of comparison being set
equal to 100% (certainty of occurrence) predicted probabilities are depicted in gray.

model coincides with the others reported by Gonzalez-
Diaz et al.,*> which have taken into consideration
short-range interaction moments SRz, see Table 2.

In closing, we carried out a comparison of the present
model with other models predicting the stability of
Arc repressor mutants. As shown in Table 2 in general
one-descriptor models based on classic physicochemical
and geometric parameters, such as surface area SA, vol-
ume V, partition coefficient log P, molar refractivity Mg,
and D-Fire potential DF, presented a weak linear rela-
tionship with Arc repressor stability compared to MC
models. The parameters DF, SA, and V" have shown less
than 77% percentages of good classification compared
with more than 80% of the MC models. On the other
hand, log P and My didnot present any significant rela-
tionship with Arc repressor stability p > 0.05.31-3278

Finally, the present model very favorably compares in
terms of simplicity with other two models that have been
very recently reported by Marrero-Ponce et al.”?-80
These very complicated models are based on four qua-
dratic indices  (“qo(xm).  “*q7(tm).  “'q1(xm), and
2205(xm)) for the first model,”® and five linear indices
(Z fO(Xm)a sz()(%m)a HPlfl(Xm)a HSAflS(Xm)’ and ECIfO(Xm))
for the second one.3° In Table 2, one can note that all
the one-variable models have a much more decreased
relative predictability (RP) than our model. Conversely,
the models reported by Marrero-Ponce et al. using five-
to-four time more molecular descriptors than the one-
variable (&;) model increase the overall predictability
by only 5.0% or 16.9%, respectively. The RP values were
determined with respect to the model’s overall predict-
ability as RP = (%T — 81.1)*100/%T (see Table 2).
These results indicate that these models seem to be
over-fitted with respect to the others due to the very
large number of parameters used versus a ‘poor’
improvement of accuracy.

As a sort of concluding remarks in first instance, the
present work introduces, for the first time, a method

to derive average electrostatic potentials &, with MC
models for proteins QSAR in bioorganic chemistry.
The paper also introduces a novel method to classify
Arc repressor mutants with respect to their stability.
The present model in a more precise physical theoretic
context gives a higher importance to electrostatic inter-
actions for the stability of Arc repressor than that
reported by Ramos de Armas.3! However, it confirms
the necessity of truncation approaches dispensing with
the calculation of long-range -electrostatic interac-
tions.*>3 This result coincides in spirit with those of
Gonzalez and Morales et al.,®!%3 on the application of
QSAR to problems at the border line between bioorgan-
ic chemistry and polymer sciences. After a visual inspec-
tion of &, equations, one can detect a vector-matrix—
vector form that determines certain contact points with
classic topologic indices.?*%> However, this work lays
specific emphasis on expanding the possibilities, outlined
before, of MC models to derive molecular descrip-

tors®©38 making use of physicochemical theories, such
as thermodynamics and/or electrostatics,?°° in this
case 373891
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