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Abstract—As more and more protein structures are determined and applied to drug manufacture, there is increasing interest in stud-
ying their stability. In this study, the stochastic moments (S®r;) of 53 Arc repressor mutants were introduced as molecular descrip-
tors modeling protein stability. The Linear Discriminant Analysis model developed correctly classified 43 out of 53, 81.13% of
proteins according to their thermal stability. More specifically, the model classified 20/28 (71.4%) proteins with near wild-type sta-
bility and 23/25 (92%) proteins with reduced stability. Moreover, validation of the model was carried out by re-substitution proce-
dures (81.0%). In addition, the stochastic moments based model compared favorably with respect to others based on
physicochemical and geometric parameters such as D-Fire potential, surface area, volume, partition coefficient, and molar refrac-
tivity, which presented less than 77% of accuracy. This result illustrates the possibilities of the stochastic moments’ method for the

study of bioorganic and medicinal chemistry relevant proteins.

© 2004 Elsevier Ltd. All rights reserved.

1. Introduction

In general, the search of novel molecular descriptors in
the range of small-to-medium sized molecules in order
to seek quantitative-structure-activity-relationships
(QSAR)! constitutes nowadays a widely covered field
with more than 1000 molecular descriptors introduced.?
By the contrary, the search for theoretic approaches
reaching to new polymer molecular descriptors can be
classified as an emerging area with a pioneer work on
the radius of gyration reported by Flory in 1953.3 More
recently appeared other approaches which are potential
sources, define, or apply in some extent polymer descrip-
tors, such as Roy et al.,* Casanovas et al.,” and Leong
and Mogenthaler representations;® the Arteca’s mean
over crossing number,”® the Randic’s band average
widths,>1% the sequence-order-coupling numbers,'!!?
o-helix-propensity descriptors, Emini Surface Index,
the SDA (sum of cosines of dihedral angles), and
Kyle-Dolittle hydrophobicity.!'3
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Some of these initial works in polymers structure codifi-
cation and QSAR have made use of the concept of mo-
ment such as Gutman and Rosenfield studies on
polymers’ graphs,'* mean hydrophobicity moment'3
and the I3 index for proteins.'>!® The success of the mo-
ments method on the field of polymers has been also
confirmed after Gonzalez and co-workers work this year
with implications on the analysis of the mutagenic
power of dental polymers,'”!® which preceded the very
related and recent work of Morales et al.'” In general,
the moments method has been largely used in many
other different contexts of solid, theoretic, and bioor-
ganic chemistry. Burdett and Lee have applied this
method to the analysis of solids energy.?*2? In the field
of theoretic chemistry should be considered as seminar
works on the moments method those developed by Gut-
man and co-workers.?>>* In connection to theoretic
chemistry topics too, Jiang et al.>> have analyzed the
implications of the moments method on the Hueckel
molecular orbital theory. Another interesting applica-
tion in theoretic quantum chemistry was the work by
Karwowski et al.>® on Hamiltonian matrices. One of
the authors of the present work has recently co-authored
a paper regarding to the limits of applicability of graph
theoretic spectral moments.?” Génzalez and co-workers
has additionally reported interesting applications of the
moments method in bioorganic, medicinal chemistry,
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and eco-toxicology of active compounds’®?° and the
molecular design of herbicides.?° Other interesting appli-
cations of moments method in pharmaceutical sciences
and bioorganic medicinal chemistry were reported by
Cabrera-Pérez and co-workers, pharmacokinetics of
quinolone drugs;*!*? and Molina et al., design of antibio-
tics.>® Last but not least, have appeared several appli-
cations on medicinal chemistry of the moments
method developed by Estrada and co-workers, including
the design of anticancer, and sedative/hypnotic com-
pounds**¢ and Estrada and Pefia on the design of anti-
convulsant drugs.’’

However, in spite of all this broad range of applications
of the moments method, which demonstrate its potenti-
alities, applications on the field of bioorganic chemistry
related to proteins science are still uncommon. Recently
our group has worked on a Markov model that use
entropy like descriptors to encode molecular structure
with applications in toxicology,?® nucleic acids,* pro-
teins,**#? and bioorganic chemistry.*>** This method
allows for an interpretation of structural moments in
stochastic terms besides, which resulted in additional
models predicting drugs,* 47 nucleic acids,*® and pro-
teins activity too.*’

These promising results, the above argued necessity of
novel QSAR models in proteins bioorganic chemistry,
and the possibility of extending the applications of the
moments method aimed us to apply our stochastic
model to predict the stability for a series of mutants of
the protein Arc repressor. Polymers, in special proteins,
must remain stable during processes such as fermenta-
tion, purification, formulation, storage, and administra-
tion to the patients as drugs.® Numerous researchers
worldwide have worked on the development of models
to predict the stability of mutants of a wild protein.>!-¢!
A great deal of work is currently underway to determine
the contribution of individual residues to the overall fold

and stability of a protein.®> This is a very challenging
problem due to the complexity of both the native and
unfolded states® and the transition between them. Par-
ticularly, great attention have been focused on the Arc
repressors. This protein provides an attractive system
with which to address this issue because it is small (53
aa) and is amenable to genetic and biophysical studies.
The system is a homodimer protein with a globular do-
main formed by the intertwining of their monomers. The
secondary structure consists of two anti-parallel B-sheets
from residues 8-14, and o-helices formed by residues
15-30 and 32-48.°* Nevertheless, neither Zhou and
Zhou’s work nor other previous studies reported in the
literature have attempted to predict the stability of Arc
repressors.>!"®! Until our concern, our group reported
by the first time a model to predict Arc mutant’s stabil-
ity,*? in the work reported here we have addressed this
issue using as other alternative scheme our stochastic
moments approach and developed a suitable model.

2. Probabilities, entropies, and stochastic moments
for electrostatic charge distribution within the protein
backbone

This approach used a Markov Chain (MC)® model to
codify information about molecular structure. A precise
definition of the descriptors generated by this methodol-
ogy named MARCH-INSIDE (Markovian Chemicals In Si-
lico Design) can be found in several reports of its
application in the study of several biological proper-
ties.>® 4 Briefly, we can say that MARCH-INSIDE method-
ology considers as states of the MC any atom,
nucleotides, or aminoacids in the molecule in dependence
of the kind of molecule to be described: small-to-medium
sized drug, a nucleic acid or a protein, respectively.*°

The method uses as source of molecular descriptor the
'IT matrix (the one-step electron-transition stochastic
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Figure 1. Representation of stochastic aa’s distribution kinetic in a simple Markovian model of molecule formation. The symbol 7, indicates
stationary time: the time at which electrons reach equilibrium distribution around amino acid residues.
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matrix) built up as a squared matrix n X n (n number of
atoms, nucleotides or aminoacids in the molecule). Due
to this work deal with proteins we used in the present

definition only aminoacids, represented as aa form
oW on,40-42.44.49

One can consider a hypothetical situation in which a set
of aa residues are free in space at an arbitrary initial time
(tp). Alternatively, one can imagine a more real situation
in which, after a perturbation by some external factor,
electron density around these aa residues reaches a dis-
tribution different to the density distribution in the sta-
tionary state. In this case, it is of interest to develop a
simple stochastic model for the distribution within the
protein backbone and return of electrons to the original
position with time. It can be supposed that, after this ini-
tial situation, electrons around amino acid residues
begin to distribute in different ways at discrete intervals
of time (#; with £k =0,1,2,...).

Thus, by using MC theory it is possible to develop a sim-
ple model of the probabilities with which the amino acid
electron density changes in subsequent intervals of time
until a stationary or steady state distribution arises (see
Fig. 1). As depicted in Figure 1, such a model will deal
with the calculation of the probablhtles & “p;;) with which
the electron distributions of aa move from any aa in
vicinity i at time fo (in black) to another aa j (in white)
along discrete time periods.38-3%-42:43.45.46

In this context, the elements ( p,]) of 'IT were calculated
as the ratio between the electronic charge index (ECI)®®
for the jth aa and the sum of this charge over all the ¢ aa
covalently bounded or linked through hydrogen bond to
the ith aa plus 1 including itself; as exemplified Figure 2,
see also Eq. 1:

1 ECI,
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11 Matrix definition in terms of each amino acid residue
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Figure 2. 'II matrix calculation, where the symbol of the aa indicates
its ECI value, for example: A is the ECI for alanine.

Also a new matrix (vector matrix), the “IT K matrix, can
be defined as the product of a 1 x n Vector (“I1,) and the
*IT matrix, which i is the kth power of 'IT matrix. The ele-
ments (“po(f)) of 11, were calculated in the similar way
as p; but summing up the charge of all the aa in the
protein, see Eq. 2.

These matrices can then be used to generate three fam-
ilies of molecular descriptors:

(a) Absolute probabilities of the movement of electrons
within the proteln backbone (“m(j)) are the ele-
ments of the IT, matrix:38-40-42.44

A =11y x FIT =11y x (‘IT)* (3)

Codify the attraction of the jth aa over any electron
in the protein at any time #; after traveling by differ-
ent paths composed by less than k steps or aa. The
A7(j) were referred in this work only as elements
necessary to calculate the Electronic delocalization
entropies @y.

(b) Electronic delocalization entropy or Markovian
negentropies (0;):38-40:42:44

n

Ox = —ks Y _ "m(j) log"m(j) (4)

J=1

where kg is the Boltzman constant. The @, de-
scribes the entropy involved in the electron attrac-
tion at least k steps or the same at least k aa
beginning with the j aa.

(c) Stochastic moments or self return probabilities
(SRyg,):4549

SR, = Tr(*IT) = Tr[(*

= Zn:k i (5)

It can be defined as the trace (sum over the ¥ i val-
ues) of the kth power of the 'IT matrix. Codify the
attraction of an aa for its own electrons located at
kth steps away or less within the protein backbone
at any time #; after the initial time .

3. Results and discussion

MC models are well-known tools for analyzing biologi-
cal sequence data and they have been used to find new
genes from the open reading frames.®”-®® Another use
of these models is data-based searching and multiple se-
quence alignment of protein families and protein do-
mains.%’ Protein-turn types’® and sub-cellular locations
have been successfully predicted.”’"”> Hubbard and
Park”? used amino acid sequence-based hidden Markov
Models to predict secondary structures. In this sense,
Krogh et al.®° have also proposed a hidden Markov
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.”>’® Another seminar works
after Chou’”-’® can be found related to the application
of MC theory to Proteomic and Bioinformatics. This
author has also applied MC models to predict beta turns
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and their types,’® and the prediction of protein cleavage
sites by HIV protease.3°

In this work we used a series of MC stochastic moments
(*R7,) were used as molecular descriptors to discrimi-
nate between stable and unstable Arc repressor mutants.
These aforementioned descriptors, which are invariants
of a MC model for electrons delocalization in protein
backbones, are used to seek the QSAR. The best equa-
tion found after LDA analysis was:

Stability = 3.667 x S*m, — 3.213 x Rz, + 33.348
N=353 =063 F(2,50) =145
p<000l %=81.1 %" =714 % =920 (6)

where N is the number of proteins used in the study
including alanine-mutants and the wild-type Arc repres-
sor (wtArc). The statistical parameters of the above
equation are also shown and include Wilk’s statistic
(1), Fischer ratio (F), and significance level (p).8!82
The discriminant function 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 81.13%. More specifically, the model classi-
fied 20/28 proteins with near wild-type (nwt) stability
(71.4%") and 23/25 (92%") proteins with decreased sta-
bility (ds). Table 1 depicted the respective classification
matrices for training as well as cross-validation.

A cross-validation procedure was subsequently per-
formed in order to assessing model predictability. This
cross-validation was carried out by means of a resubsti-
tution technique composed by some main stages. First,
we select out of training series at random 25% of the
compounds and constitute a predicting series (cvl).
Afterwards, compounds in predicting series are interac-
tively interchanged with those in training ones (cv2, cv3,
cv4). Finally, one reports the accuracy, and classification
matrices for each stage, and mean or averaged results.3
The present model has shown a quite good average pre-
dictability of 81%. In particular, the model showed a
very high average accuracy of 92.1% predicting the sta-
bility class of decreased stability mutants. Near-wild-
type mutants are predicted with slightly low average

accuracy (71.2), which is however a significant result.
The importance of this result relates also to the simplic-
ity of the present topologic methodology, which do not
need 3D exhaustive structural information. The present
result coincides with other reported by others with re-
spect to the possibilities of different structural-spectral-
moment-based approaches in polymer sciences. Tables
2 and 3 depicted detailed results for each protein, in con-
nection to observed classification versus predicted train-
ing, and cross-validation, in both classes.

It is remarkable that, the predicted stability of almost
proteins do not diverge from one partition to other.
That is to say, the classification of a protein do not de-
pend on the specific proteins used to conform the train-
ing or the predicting series, which points to a higher
model stability under variation of data. One exception
is 28EA ST11, this protein is on average misclassify as
reduced stability protein but was correctly classified by
the model trained with partition 1 (pl). However, it
seems that there is not structural apparent reason to
classify this protein or any other as statistical outlier
in the present study.

Finally, may be of the major interest the physical inter-
pretation of Eq. 6. In order to facilitate this we express
this model as a function not exactly of the absolute value
of for a given mutant but as a function of the difference
of these values with respect to the wtArc (*®m,). Conse-
quently, the positive influence of S®7; express that the
higher the probability of stabilizing short-range interac-
tions the higher will be (in a proportion of 3.667 times)
the stabilization of the mutant. Conversely, long-range
interaction involving not only bound amino acid but
those at distance 2 during the mutation process (*Rm,)
may cause destabilization. It could be determined by
destabilization of short-range interactions due to the
stabilization of long-range ones. Thence, there is interre-
lated stabilization/destabilization of short-range/long-
range interactions.

In closing, we carried out a comparison of the present
model with other models predicting the stability of
Arc repressor mutants published by the first time very

Table 1. Classification matrices and accuracy for training and re-substitution cross-validation

Train cv-Average

Class % nwt ds Class % nwt ds
nwt 71.4 20 8 nwt 71.2 15 6
ds 92 2 23 ds 92.1 2 17
Total 81.13 Total 81.0

cvl cv2
nwt 80.0 16 4 nwt 66.7 14 7
ds 89.5 2 17 ds 100.0 0 18
Total 84.6 Total 82.1

cv3 cv4
nwt 71.4 15 6 nwt 66.7 14 7
ds 89.5 2 17 ds 89.5 2 17
Total 80.0 Total 71.5

nwt: near-wild-type proteins, ds: decreased stability proteins. %: accuracy.
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Table 2. Classification results for all near-wild-type (nwt) mutants
Mutant® o° pt° cevld pl¢ ev2d p2° cev3d p3¢ cv4d p4¢ pm?
0IMA ST6 nwt 89.8 87.3 nwt 93.8 nwt 88.1 nwt 88.1 89.3
02KA ST6 nwt 88.9 nwt 85.9 93.1 nwt 87.2 nwt 87.2 88.4
03GA ST6 nwt 87.5 nwt 81.7 nwt 91.9 87.1 nwt 87.1 87.0
04MA ST6 nwt 93.9 nwt 94.0 nwt 96.8 nwt 91.2 91.2 933
05SA ST6 nwt 92.0 95.7 nwt 95.7 nwt 82.6 nwt 82.6 89.2
06KA ST6 nwt 92.9 nwt 95.3 96.3 nwt 86.8 nwt 86.8 91.3
07MA ST6 nwt 94.9 nwt 96.0 nwt 97.5 91.2 nwt 91.2 94.0
08PA ST6 nwt 90.9 nwt 90.6 nwt 94.7 nwt 87.6 87.6 90.1
09QA ST6 nwt 91.5 81.0 nwt 94.7 nwt 93.6 nwt 93.6 90.7
11NA ST6 nwt 95.0 nwt 90.1 97.3 nwt 95.7 nwt 95.7 94.7
13RA ST6 nwt 88.2 nwt 83.5 nwt 92.5 87.4 nwt 87.4 87.7
16RA ST6 nwt 95.1 nwt 98.7 nwt 97.8 nwt 83.1 83.1 90.6
17EA ST6 nwt 86.8 78.7 nwt 91.2 nwt 87.5 nwt 87.5 86.2
18VA ST6 nwt 89.9 nwt 87.7 93.9 nwt 87.9 nwt 87.9 89.4
20DA ST6 nwt 85.6 nwt 97.6 nwt 91.9 49.9 nwt 49.9 72.3
“23RA ST11 nwt 20.9 nwt 27.7 nwt 19.9 nwt 12.9 12.9 18.3
"24KA STI11 nwt 14.3 6.0 nwt 11.4 nwt 20.2 nwt 20.2 14.5
25VA ST6 nwt 90.4 nwt 88.6 94.2 nwt 88.1 nwt 88.1 89.8
27EA ST6 nwt 93.1 nwt 92.4 nwt 96.2 90.8 nwt 90.8 92.6
“28EA ST11 nwt 30.8 nwt 68.9 nwt 33.8 nwt 8.9 8.9 30.1
“34NA ST11 nwt 13.9 6.9 nwt 11.1 nwt 17.8 nwt 17.8 13.4
35SA ST6 nwt 95.7 nwt 98.3 98.1 nwt 88.4 nwt 88.4 93.3
“39QA ST11 nwt 224 nwt 234 nwt 21.1 17.0 nwt 17.0 19.6
43EA ST6 nwt 79.0 nwt 73.8 nwt 84.6 nwt 76.6 76.6 77.9
"46KA ST11 nwt 16.6 7.3 nwt 13.7 nwt 22.8 nwt 22.8 16.6
“52GA ST11 nwt 12.6 nwt 5.0 9.7 nwt 18.5 nwt 18.5 12.9
“ARC ST11 nwt 17.3 nwt 8.8 nwt 14.6 21.7 nwt 21.7 16.7
ARC ST6 nwt 89.6 87.1 nwt 93.7 nwt 87.7 87.7 89.1

Misclassified protein in training series.

# Arc repressor mutant code: position of mutation, specific mutation, and terminal peptide, for example, 03GA ST6 refers to a mutant of Arc, which

in position 03 changes glycine (G) to alanine (A) and was coupled with the terminal peptide ST6.

® Observed mutant stability: nwt indicates near wild-type stability and ds points to decreased stability with respect to wild-type Arc repressor.
¢ Resulting probability (%) with which a mutant is classified in training (pt), four different re-substitution cross-validation experiments pcvl, pev2,

pev3, pev4, and the mean value for cross-validation (pm).

d Classification in training and cross-validation series (nwt) near wild type protein, (ds) decreased stability protein, ( ) leave-out protein.

recently by our group.*> As depicted in Table 4 in gen-
eral one-descriptors models based in classic physico-
chemical and geometric parameters such as D-Fire
potential (DF),** surface area (SA), volume (V), parti-
tion coefficient (logP), and molar refractivity
(MR)*>**% presented weak linear relationship with Arc
repressors stability than the MC models. The parame-
ters DF, SA, and ¥ have shown less than 77% percent-
ages of good classification compared with more than
80% of the MC models. On the other hand, log P and
My presented not significant relationship with Arc
repressors stability (p > 0.05). No significant models of
two variables combining classic physicochemical and
geometric parameters could be found.

We have in addition explored, using forward stepwise
strategy, alternative models with one up to three varia-
bles. The model with only one variable (®7;) is statisti-
cally significant too but has overall accuracy lower than
80% because of a fall down until 67.8% of the accuracy
for nwt proteins. On the other hand, the model with
three variables no offer any advantage in accuracy terms
being the third variable introduced >*7; not significant
(» = 0.29) in statistical terms. Last but not the least,
the Receiver Operating Characteristic (ROC) curve has
been built up for training and predicting series. Notably,

the curve presented a pronounced curvature (convexity)
with respect to the y = x line for both training and pre-
dicting series. This result confirm that the present model
it is a significant classifier having area under ROC curve
above 0.8 higher than 0.5, which is the value for a ran-
dom classifier (Fig. 3).8¢

These results coincided with those reporting a better rec-
ognition of proteins folding and function by MC
descriptors than the classic ones.*! The MC model based
on the concept of entropy (A@,)** with only one varia-
ble performs equal than the stochastic moments model,
however it is straightforward to realize that we need two
kind of matrices (“I1,,“IT) and a logarithmic relation-
ship defining this entropic parameter conversely the mo-
ments are simpler additive descriptors base only on the
T matrices. Finally, a combined model with MC and
classic parameters performs slightly better than our
stochastic moments model but having still higher mole-
cular descriptors complexity.*?

4. Conclusions

As a sort of concluding remark the present work intro-
duces a novel method to classify Arc repressor mutants
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Table 3. Classification results for all mutants with decreased stability (ds) with respect to wild-type Arc repressor

Mutant® ob pt© cvld pl¢ cv2d p2°¢ cev3d p3° cv4d p4¢ pm?
“10FA ST6 ds 8.8 ds 8.1 5.0 ds 13.1 ds 13.1 9.8
12LA ST11 ds 81.1 ds 88.9 ds 83.6 78.4 ds 78.4 82.4
14WA ST11 ds 84.5 ds 93.2 ds 87.4 ds 78.7 78.7 84.5
15PA ST11 ds 79.2 87.0 ds 81.5 ds 77.1 ds 77.1 80.7
“19LA ST6 ds 11.5 ds 15.1 7.2 ds 13.0 ds 13.0 12.1
21LA STI11 ds 83.6 ds 91.3 ds 86.4 80.0 ds 80.0 84.4
22VA ST11 ds 75.5 ds 83.9 ds 71.3 ds 73.9 73.9 71.3
29NA ST11 ds 59.3 52.1 ds 56.7 ds 71.4 ds 71.4 62.9
30GA ST11 ds 83.3 ds 91.8 86.1 ds 78.6 ds 78.6 83.8
31RA ST11 ds 79.5 ds 89.5 ds 82.1 74.5 ds 74.5 80.2
32SA ST11 ds 79.5 ds 89.5 ds 82.1 ds 74.5 74.5 80.2
33VA ST11 ds 82.0 90.5 ds 84.7 ds 78.0 ds 78.0 82.8
36EA ST11 ds 73.0 ds 56.7 72.5 ds 86.4 ds 86.4 75.5
371A ST11 ds 81.6 ds 90.0 ds 84.2 77.8 ds 77.8 82.5
38YA ST11 ds 73.1 ds 83.7 ds 74.8 ds 69.8 69.8 74.5
40RA STI11 ds 68.3 29.9 ds 65.1 ds 90.8 ds 90.8 69.2
41VA ST11 ds 82.2 ds 90.7 84.9 ds 78.1 ds 78.1 82.9
42MA ST11 ds 75.2 ds 83.4 ds 77.0 73.9 ds 73.9 77.1
44SA ST11 ds 74.0 ds 73.0 ds 74.7 ds 80.0 80.0 76.9
45FA ST11 ds 78.9 87.2 ds 81.2 ds 76.5 ds 76.5 80.3
47KA ST11 ds 80.5 ds 87.7 82.8 ds 78.7 ds 78.7 82.0
48EA ST11 ds 66.2 ds 68.7 ds 65.9 71.2 ds 71.2 69.3
49GA ST11 ds 83.3 ds 91.9 ds 86.1 ds 78.6 78.6 83.8
S0RA ST11 ds 83.7 81.7 ds 85.5 ds 88.5 ds 88.5 86.0
51IA ST11 ds 83.1 ds 91.7 85.9 ds 78.5 ds 78.5 83.6

Misclassified protein in training series.

# Arc repressor mutant code: position of mutation, specific mutation, and terminal peptide, for example, 03GA ST6 refers to a mutant of Arc, which
in position 03 changes glycine (G) to alanine (A) and was coupled with the terminal peptide ST6.

® Observed mutant stability: nwt indicates near wild-type stability and ds points to decreased stability with respect to wild-type Arc repressor.

°Resulting probability (%) with which a mutant is classified in training (pt), four different re-substitution cross-validation experiments pcvl, pev2,

pev3, pev4, and the mean value for cross-validation (pm).

4 Classification in training and cross-validation series (nwt) near wild type protein, (ds) decreased stability protein, ( ) leave-out protein.

Table 4. Results of the comparative study of the present approach with respect to the other five stability scoring functions

Physicochemical and geometric parameters Combined MC-models
Stat® DF® SA® e Log P* Mg” AO,DF AB, SRy, SRa,
%T 76.9 70.7 62.3 59.0 60.0 82.7 81.1 81.1
Yonwt 92.9 63.6 53.6 80.8 71.3 70.0 71.4 71.4
Y%ds 58.3 78.9 72.0 15.4 38.9 96.0 92.0 92
Y Tey 71.8 61.5 56.4 48.7 61.5 81.2 79.5 81.2
N 53 53 53 53 53 53 53 53
A 0.79 0.85 0.92 0.99 0.97 0.46 0.56 0.63
F 13.9 8.8 4.2 0.5 1.8 11.60 39.05 14.5
P 0.0 0.0 0.0 0.5 0.2 0.00 0.00 0.00

Forward stepwise analysis
Variables N %T Yonwt %ds A F p-Last®

SR, 53 79.2 67.8 92.0 0.68 23.9 0.00
SRe,, SR, 53 81.1 71.4 92.0 0.63 14.5 0.00
SRy, SRy, SRy 53 81.1 71.4 92.0 0.61 10.1 0.29

# Statistic parameters verifying model quality: %T, %nwt, %ds, %T,, are the total, near wild-type group, decreased stability group, and average cross-

validation percentages of good classification.
® D-Fire potential (DF).
¢ Surface area (SA).
dVolume (V).
¢ Logarithm of the partition coefficient (Log P).
"Molar refractivity (MR).
€ p-Last is the p-level for the last variable entered in the model.

with respect to its stability. The paper makes emphasis
on expanding the possibilities of the method of moments
on proteins and bioorganic medicinal chemistry coincid-
ing with very recent results after Gonzalez and Teran.3”-%°

The model here reported based on stochastic moments
performs better than other models based on physico-
chemical and geometric descriptors acting as simple
descriptors or in groups of two variables coinciding with
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Figure 3. Operating receive characteristic curve (ROC-curve) for train-
ing and predicting series of antibacterial and nonactive compounds.

other finding previously reported by our group. At the
same time, this work confirms the potentialities of stoch-
astic molecular indices.

5. Experimental data and analysis

The Arc repressor mutant data was taken from the liter-
ature.®* Alanine mutations were constructed for the 51
nonalanine positions and each mutant was then purified
and subjected to thermal and urea denaturation. The
melting temperature (7,,) was determined in order to
check the stability of the protein.

Two groups were built in order to perform LDA analy-
sis: proteins with near wild-type stability (7}, > 53°C)
and proteins that decreased stability (7, < 53°C). The
ECI values were also taken from the literature.®*

The protein backbone of the homodimer was built using
the ‘draw mode’ of the program MARCH-INSIDE 1.0.”° In
this respect we only considered covalent interactions
(peptidic bond) and hydrogen bonding interactions
(within a chain as well as between chains). As a first
approximation, we considered both interactions as being
equivalent, taking into account the ‘connectivity of the
protein’. The mutants were then constructed by chang-
ing an aa for alanine and considering that this change
only affects the possibility in this region for the protein
to form polar interactions (the hydrogen interaction
was suppressed if the former aa had such an interac-
tion). Finally, the first five molecular descriptors
were calculated (®Rm; to SRms) in order to perform
LDA analysis. The starting point of the Markov chain
SR7o, which is equal to the number of amino acids in
the protein n, was ignored to avoid overestimation of
the effect of polypeptide tails considered as not affecting
protein stability.*>%*

Linear discriminant analysis (LDA)8!-83 was done in or-
der to classify into two groups. The melting temperature
(T was taken into consideration in order to check the
stability of the protein and define the two groups to per-
form LDA analysis: proteins with near wild-type stabil-
ity (T, > 53°C) and proteins that decreased stability
(T <53°C). For the LDA analysis, we employed the
linear discriminant analysis module of the sTATISTICA
software. Previously to LDA analysis data was mean

centered, standardized, and the RandicC’s orthogonaliza-
tion was applied avoiding variables collinearity.”' =3 The
assessment of the statistical quality of the models was
done by some well-known parameters such as Wilk_s
lambda (k), Fischer ratio (F), squared Mahlanobis dis-
tance (D?) and the percentage of good classification
for the training set as well as for cross validation
procedure.
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