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Abstract—The general belief is that quantitative structure—activity relationship (QSAR) techniques work only for small molecules
and, protein sequences or, more recently, DNA sequences. However, with non-branched graph for proteins and DNA sequences the
QSAR often have to be based on powerful non-linear techniques such as support vector machines. In our opinion, linear QSAR
models based on RNA could be useful to assign biological activity when alignment techniques fail due to low sequence homology.
The idea bases the high level of branching for the RNA graph. This work introduces the so-called Markov electrostatic potentials
kem as a new class of RNA 2D-structure descriptors. Subsequently, we validate these molecular descriptors solving a QSAR
classification problem for mycobacterial promoter sequences (mps), which constitute a very low sequence homology problem.
The model developed (mps = —4.664 - °&y; + 0. 991 - '¢y; — 2.432) was intended to predict whether a naturally occurring sequence
is an mps or not on the basis of the calculated “¢y; value for the corresponding RNA secondary structure. The RNA-QSAR
approach recognises 115/135 mps (85.2%) and 100% of control sequences. Average predictability and robustness were greater than
95%. A previous non-linear model predicts mps with a slightly higher accuracy (97%) but uses a very large parameter space for DNA
sequences. Conversely, the keu-based RNA-QSAR encodes more structural information and needs only two variables.

© 2005 Elsevier Ltd. All rights reserved.

Different mathematical methods have been used for the
analysis of genome information. The group of Professor
Grau*> has reported results on genome algebras. Mar-

There are different reasons to believe that the transcrip-
tion and translation signals in Mycobacteria may be dif-
ferent from those in other bacteria such as Escherichia

coli. Therefore, understanding the factors responsible
for the low level of transcription and the possible mech-
anisms of regulation of gene expression in Mycobacteria
requires examination of the structure of mycobacterial
promoter sequences (mps) and their transcription
machinery, including information concerning the RNA
macromolecules involved. Unfortunately, mps present
a very low sequence homology and mathematical meth-
ods to assign biological activity based on sequence align-
ment are not of practical use in this case.!™
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kov models®™ are also well-known tools for analyzing
biological sequence data. However, advances have not
been reported concerning the treatment of this macro-
molecular structure-activity problem based on RNA
secondary structure.

A real possibility to address this problem involves
structure—activity relationships for naturally occurring
RNA macromolecules with Markov molecular
descriptors.!® The use of molecular descriptors to
derive quantitative structure—activity relationships
(QSAR)!! is an approach of major interest. Molecular
descriptors!? are numeric indices that codify either
molecular or macromolecular structure. In this sense,
Gonzalez'>'* and Morales!® have applied molecular
descriptors in macromolecular science. Furthermore,
studies published by Roy, Toropov and co-
workers!®!8 and others illustrate the use of the QSAR
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approach. New sequences of molecular descriptors
that can be extended to other biomacromolecules have
been defined for DNA by Randi¢ et al.'° and by Hua
and Sun? for protein sequence QSAR. Nevertheless,
in spite of the potential use of classical molecular
descriptors, they have not been applied in this area
of science. In our opinion, the problem is that classi-
cal QSARs, such as those reported by Cabrera-Pérez
et al.,21"23 deal with branched rather than linear mol-
ecules such as DNA and protein sequences. For this
reason, one may expect a higher success for classical
molecular indices in branched biomacromolecules.
The study of branched biomacromolecules with QSAR
techniques could be also very useful for sequences
with low homology. However, it must be remembered
that the more commonly known branched biomacro-
molecule is the RNA secondary structure.?*

Researchers worldwide have reported increasing inter-
est in the characterization of the RNA macromolecu-
lar structure by computational techniques.?>?® In this
context, we propose here that 2D-RNA-QSAR is a
promising field within biomacromolecule research.
New analogues of our stochastic molecular descriptors
will be introduced for the RNA secondary struc-
ture.?’ 3 Two preliminary studies into secondary
QSAR of RNA macromolecules have also been pub-
lished.37-38 These studies focus only on local properties
of a single RNA molecule. As a consequence, the
main aim of the present paper was to introduce in
RNA- QSAR studies the Markov electrostatic poten-
tials (“¢y;) previously used for protein QSAR.* In this
sense, we intend to predlct whether a naturally occur-
rmg DNA sequence is an mps or not on the basis of

e *&ym calculated for its putative RNA secondary
structure Consequently, a more specific, but still
important, aim of this work is to introduce a novel
approach to predict mps. This work has led to a
2D-RNA-QSAR to discriminate between two groups
comprising several RNA macromolecules, including
135 mps and 450 control sequences (cs).

In the work described here, we used the MC model
theory to encode the 2D-RNA structure. We take into
consideration long-range electrostatic interactions and
secondary folding of the macromolecule. Norberg
and Nilsson*® have remarked on the importance of
truncating long-range interactions throughout space
to study folding and biological activity of nucleic
acids. In this study, long-range interactions are al-
lowed here to propagate stepwise throughout the
2D-RNA ribbon. This approach uses a MC for the
propagation of long-range electrostatic interactions in
a step-by-step manner during folding. Accordingly,
this model uses the nucleotlde nucleotide short-range
electrostatlc interaction 'IT matrix (with elements Dij)-
'TT was built up as a squared table of order n, where
n represents the number of nucleotides in the RNA
molecule.

The elements of 'TT (lpij), defined to codify information
about the electrostatic interaction between nucleotides,
were defined as?” 37

Oy (29 %y ®o(J) _ 8y d,-l,-
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where J;; is the Kronecker symbol, which equals 1 for
covalently or hydrogen bonded nucleotides and 0 other-
wise. The value g; is the electrostatic charge for the jth
nucleotide; and d;; is the topologic distance. The topo-
logic distance is always equal to 1 due to d; cutting off
for long-range interactions. The sum carries over all
directly interacting o nucleotides placed in the same
row of Il. This sum enables us to calculate the partial
potential ¢;. This last value is the denominator in the
probability expression (see the previous publication in
this series for details). Chapmaanol%omorov equa-
tions were used to calculate the vector “'m; of absolute
probabilities “p.(j). The “pi(j) are the probabilities with
which short-range electrostatic interactions reach every
jth nucleotide at distance k& within the 2D-RNA frame-
work. The sum of numerous successive short-range
interactions thus results in long-range indirect interac-
tions between nucleotides (see references for similar
models)

Aﬂ'k = Aﬂo : (11—[)/{7 (2)

where “x, is the vector of the initial probabilities “/pq (j)
with which the jth nucleotide begins an interaction. This
vector can be calculated using Eq. 1, but summing up to
the n nucleotides rather than «. The result of the sum is
called the total initial potential ¢. The value of “p; (j) de-
pends on the specific nucleotides (identified by ¢;) and on
the connectivity between the nucleotides in the RNA
molecule. Therefore, we can assert that any function
having “p, (j) values as arguments may encode informa-
tion on the 2D-RNA structure. In this sense, we intro-
duce here for the first time the molecular Markov
electrostatic potentials (“¢y;). These new molecular
descriptors may be considered as 2D-RNA backbone
molecular descriptors®®

n
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The calculation of *&y; was carried out using our in-
house software BIOMARKS 1.0°*! (Bioinformatics
Markovian studies). This software inputs the ct files gen-
erated by the software RNAStructure 4.0.4> These files
contain information concerning the secondary structure
of the RNA macromolecules. These parameters repre-
sent the electrostatic interaction potential for nucleo-
tides at a topologic distance equal to k or less. An
RNA macromolecule deprcted at the BIOMARKS 1.0
© interface is represented in Figure 1.

An example of the calculation of “&y; is shown in more
detail in Table 1. Note that for the calculation of .EM,
('IM° becomes an identity matrix with 1 in the main
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Figure 1. BIOMARKS 1.0 interface showing the circular representa-
tion for a folded RNA macromolecule of mps T3 from Mycobacterium
tuberculosis, note the main stem highlighted in red.

diagonal. In addition, the matrix presents 0 off-diagonal
elements—indicating that we do not consider nucleo-
tide-nucleotide interactions (isolated nucleotides). Con-
versely, 'TT is used for the calculation of !¢ taking
into consideration direct interactions between covalently
or hydrogen bonded nucleotides such as U,-C; and
U,-Cs.

However, an example of a real numeric calculation is

detailed step-by-step calculation of Amo, I, %6 and
éum for a fragment of a DNA sequence is depicted as
concisely as possible in Table 1SM of the supplementary
material. These steps are as follows:®

1. Obtain the DNA sequence and transform it into the
corresponding RNA sequence.

2. Upload the RNA sequence into the software RNA-
Structure 4.0*> and build the RNA secondary
structure.

3. Set the initial potentials ¢q(j) that will be used for
each kind of base j; in this step, one may consider
either electrostatic potentials (as in this work) or
other weights.

4. Build the vector “p, whose elements are the initial
potentials ¢q(j) of all the nucleotides in the RNA
molecule.

5. Calculate the total initial potential ¢ as the sum of the
initial potentials for all nucleotides in the RNA
molecule.

. Build the vector “n.

. Calculate the partial potentials ¢, as sums of the ini-
tial potentials ¢g(j) considering only interacting
nucleotides. These potentials are used as denomina-
tors in 'TI elements.

. Build the 'TT matrix.

9. Calculate from ¢y to &y (six molecular descriptors

~

o]

probably the best way to understand these indices. A in total).
Table 1. Definition of the “éy; molecular descriptors
Fragment of the RNA secondary structure for the DNA promoter
sequence of gene S6 from M. smegmatis: c;ucgauuuuaaauuuuugauso.”
lp _ Po(u2) _ @o(u2)
T () + poler) @y,
lp _ Polcr) :%(Cl)
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d %‘ﬂ‘ﬁ () ———— Biological activity?
"] A polar) _ polan)
@ go(ag) + @o(u2) + oler) + @oles)  @uy
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#These codes are the used for a classical representation of a nucleic acid sequence. Please note that there are only four letters ‘a, t, g and ¢’ for a DNA
sequence, using ‘v’ instead of ‘t’ in the case of RNA. The letters represent different classes of nucleic acid bases and the number used immediately
after a base indicates, when used, the position of the base in the sequence.
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As can be noted the new indices are topologic in nature.
Several of these indices have previously been used in
QSAR studies over a long period of time. Topologic
molecular descriptors have potential for RNA-QSAR
problems but have not been applied yet to it. Other very
interesting molecular descriptors are the quadratic, line-
ar, and stochastic indexes recently introduce by Marre-
ro—Ponce.*** Our molecular descriptors are defined
similar to other in the sense of the use of graph-theoretic
concepts but use thermodynamic or electrostatic poten-
tials analogies.*®47

Several authors have studied the mps problem from the
point of view of DNA. For instance, Mulder et al.*® list-
ed —35 and —10 DNA regions of a few mycobacterial
promoters. Mycobacteriophage I3 and M. paratuberculo-
sis mps have been studied by Ramesh and Gopinathan*’
and Bannantine et al.,>* respectively. Kremer et al.>!
studied the DNA sequences essential for transcription
in promoters like M. tuberculosis 85A4. 1t is possible that
DNA promoters with a high GC content in the —10 re-
gion are the true representatives of the mycobacterial
type.>? An analysis of M. smegmatis and M. tuberculosis
promoters by Bashyam et al.>® showed that there are
similarities to E. coli 70 promoters. Strohl’* studied
DNA mps for Streptomyces promoters.

O’Neill and Chiafari®> have also made efforts to develop
statistical algorithms for sequence analysis and motif
prediction. Two studies by Mulligan and McClure>®
and Mulligan et al.>” pointed out that the variations
within individual promoter sequences are responsible
for the unsatisfactory results yielded by the promoter-
site-searching algorithms. It can therefore be inferred
that recognition of mps requires a powerful technique
that is capable of unravelling those hidden pattern(s)
in the structure difficult to identify visually.

Almost all the previous models have focused on DNA
analysis and sequence alignment rather than RNA mac-
romolecular secondary structure.’® Our QSAR model
attacks the pms problem from the 2D-RNA-QSAR
point of view. QSAR techniques®® have been classically
used to seek models that encode structural patterns of-
ten hidden to a “first eagle eye inspection’. Among these
molecular indices, the stochastic molecular indices de-
rived using Markov models stand out due to their poten-
tial for work with biomacromolecules.®® Based on this
reason we selected Markov models for the present
RNA-QSAR study. The RNA secondary structure used
was the lower energy structure predicted by the Math-
ews and Zuker model.®! In the first instance, the statis-
tical significance of the results must be discussed
before arriving at any conclusions concerning the biolo-
gy involved.

Linear discriminant analysis (LDA)%%% was used to
classify RNA macromolecules as mps or cs. In the
LDA, the output was a dummy variable mps = 1 when
a sequence lies within the mps class or mps = 0 other-
wise. In this problem, the inputs were the Markov elec-
trostatic potentials (“&yy) with & in the range [0, 5]. The
best discriminant equation found was:

mps = —4.664 - °& +0.991 - &y — 2.432
N =585 1=041 F =388 p<0.001 (4)

where /1 is Wilk’s statistic, NV is the number of RNA
sequences studied, F is Fisher’s statistics and p is the
p-level (probability of error). This latter factor means
that the hypothesis of groups overlapping with a 5% er-
ror can be rejected. A high Matthews’ regression coeffi-
cient (C=0.903)2° was observed. This high C value?®
indicates a strong linear relationship between the struc-
tural descriptors and the classification of the RNA
sequences. The significance of the two variables (°Zy
and '¢y) in the model was demonstrated with the step-
wise analysis (see Table 2). Conversely, the remnant four
descriptors 2Enn SE Yem, and &y do not have a signif-
icant relationship with the mps characteristic. The use of
only six molecular descriptors to model a data set of 585
sequences prevents us by large from chance correlation.
In physical terms, the above results show that, as in
other studies,®* there is a relationship between the elec-
trostatic potential of the RNA molecule and its biolog-
ical activity. However, in this case not all the
electrostatic interactions affect the activity in the same
way. The RNA-QSAR predicts that the possibility of
a sequence acting as an mps decreases by a factor of
4.664 per unit of electrostatic potential considering iso-
lated nucleotides (°¢y;). Conversely, variations of elec-
trostatic potential (‘&) due to secondary structure
folding® (direct covalent and/or hydrogen bonds)
increase by a factor of only 0.991 the possibility of
sequence to act as mps. Finally, long-term electrostatic
interaction potentials (zéM, 3¢um, and 45M) do not corre-
late with the mps activity. The detailed results of the for-
ward stepwise analysis are given in Table 2.

The re-substitution technique was used to validate the
model. Four different training and external predicting
series groups were created interchanging at random
25% of the RNA molecules among them. The re-substi-
tution accuracies and the average re-substitution accura-
cy (rs-average) were r1sl =959%, r1s2=96.6%,
133 = 96.6% and rs4 = 96.5%, respectively, with the aver-
age rs-average = 85.7. Details of the classification matri-
ces and other parameters for training and
re-substitution experiments are given in Table 3.

Overfitting is a very interesting aspect that is sometimes
ignored in QSAR.%® This phenomenon can be detected
by inspecting model robustness after removing the data
in cross-validation. The robustness of the model was
determined by carrying out the same four cross-valida-
tion experiments as mentioned above. These involved

Table 2. Forward stepwise LDA summary results

Variables % total % mps % control 1 F P

O¢m 93.16  82.22 96.44 0.41 84297 0.00
Otm 0.40 859.49 0.00
Lem 96.58  85.19  100.00 0.41  38.80 0.00
Otm 0.48 626.18 0.00
e 0.38 3.04 0.08
2tm 96.58  85.19  100.00 0.38 0.92 0.34
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Table 3. Robustness summary results

Train (96.6%) % mps cs Average (96.5%) % mps cs
mps 85.2 115 20 mps 84.9 86 15
cs 100.0 0 450 cs 99.9 1 337
sl (96.6%) % mps cs 152 (96.6%) % mps cs
mps 86.3 88 14 mps 85.1 86 15
cs 99.7 1 338 cs 100.0 0 342
1rs3 (96.3%) % mps cs rs4 (96.3%) % mps cs
mps 84.2 85 16 mps 84.2 85 16
cs 100.0 0 334 cs 100.0 0 335
Table 4. Predictability summary results

Train (96.6%) % mps Control Average (96.4%) % mps Control
mps 85.2 115 20 mps 85.3 29 5
Control 100.0 0 450 control 99.8 0 111

sl (95.9%) % mps Control 132 (96.6%) % mps Control
mps 84.8 29 5 mps 82.4 29 5
Control 97.3 1 110 Control 99.3 0 111

153 (96.6%) Y% mps Control rs4 (96.5) % mps Control
mps 85.3 29 5 mps 85.3 29 5
Control 100.0 0 111 Control 100.0 0 111

re-substitution (interchange) of the training and predict-
ing series and the results are given in Table 4. In this ap-
proach, it is important to avoid over-fitting
phenomenon gaining control over other parameters
such as, for example the variable-to-cases ratio p have
to be >4. The coefficient p®’ for the present LDA model
was p = N/(N, + 1) x N, = 585/(2 + 1) x 2 = 97.5. Where
the number of variables is N, =2 and the number of
groups is N, = 2. Finally but yet importantly, we check
out chance correlation.®® Herein, only six variables were
explored and two of them entered in the model based on
a large database of 585 cases. Consequently, one can ex-
pect no chance correlation for the present study.®’

Testing of the model fit to data and its robustness—al-
though very important—is not the only characteristic
of an acceptable QSAR. Details of the overall accuracy
of the model are shown in Table 4—not for the data re-
tained to perform the robustness study (Table 3) but for
the RNA molecules leave-out from the data as external
predicting series. It can be seen that the model maintains
a similar average performance of 84.9% accuracy for
mps and 99.9% for cs.

The data for mps name, sequences, training and cross-
validation probabilities for all the RNAs used in this
work are given in Table 2SM and Table 3SM of the sup-
plementary material. Finally, as far as the simplicity of
the model is concerned, the present linear QSAR model
(two variables: °¢y and '&y) compares very favourably
to a previous non-linear model.”® This non-linear model
presented only a slightly higher accuracy (97%) but
makes use of very large space. The success of our
RNA-QSAR model can be explained considering that
2D-RNA structure molecular descriptors encode not
only sequences but molecular branching.

In accordance with the aims of the work presented here,
two main conclusions can be drawn from the results and
discussion. First, the 2D structure of RNA can be
encoded with “&y; to develop QSAR studies in the pres-
ence of low sequence homology, as in the mps problem.
Second, there is a very simple linear QSAR model for
mps prediction that involves the first two members of
the “&y series (OéM, 1ém). Also the method proved to
be a success for RNA-QSAR as other previous and
new molecular descriptors for other QSAR prob-
lems.”73
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