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Abstract—Quantitative structure–activity relationship (QSAR) techniques for small molecules could be applied to nucleic acids.
Unfortunately, almost all molecular descriptors are more successful at encoding branching information than sequences and/or can-
not be back-projected. A solution for scaling the QSAR problem up to RNA may be to transform sequences into secondary struc-
tures first. Our group has used Markovian negentropies as molecular descriptors for drug design with preliminary results in
bioinformatics [Bioinformatics 2003, 19, 2079]. However, RNA-QSAR studies on RNA molecules have not been described to date.
Novel Markovian negentropies have been introduced here as molecular descriptors for 2D-RNA structures. An RNA-QSAR study
of the ACC proteins from different plants has been carried out. The QSAR recognizes 19/20 sequences (95.0%) within the ACC fam-
ily and 12/17 (70.6%) of the control group sequences. The model has a high Matthews� regression coefficient (C = 0.68). Overall
cross-validation average accuracies were 14 out of 15 for ACC sequences (93.3%) and 10 out of 13 for control sequences
(76.9%). Finally, ACC oxidase family membership was assigned to a new sequence isolated for the first time in this work from Psid-
ium guajava L. A backprojection map for this sequence identifies the left stem (40%) and the main stem (45%) as highly important
substructures. Results of an nBLAST experiment are consistent with this finding and indicate a high conservation score (>70) for left
stem and main stem; whereas major loop, right stem, cap and major loop right half were hardly conserved.
� 2005 Elsevier Ltd. All rights reserved.
1. Introduction

Studies in molecular biology have been generating more
and more structural information that is ideal for study
by cheminformatics techniques.1 In particular, the bio-
organic chemistry of RNA has generated a large amount
of information in recent years.2,3 As a consequence, dif-
ferent mathematical methods have been combined with
computational approaches in genome analysis. Very
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interesting results have recently been reported by Grau
and co-workers concerning genome algebra.4,5 In this
sense, Markov models (MM) represent another well-
known tool for the analysis of biological sequence data
and these approaches have been used to study new genes
and proteins.6–8 However, in spite of its great potential
to generate macromolecular structural descriptors for
bioorganic chemistry, research MM have never been
used to generate RNA molecular descriptors.

The use of molecular descriptors to derive quantitative
structure–activity relationships (QSAR) is an approach
of major interest. Molecular descriptors are numerical
indices that codify either molecular or macromolecular
structure. For instance, very interesting results have
been reported by Gónzalez and co-workers on the
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application of molecular descriptors in bioorganic
chemistry and biopolymer sciences.9–15 Several specific
and very successful indices (for small molecules) that
use the concept of Shannon�s entropy from the point
of view of information theory have proven to be very
effective in drug design.16,17 For example, in the 1980�s
Kier used the concept of entropy to codify molecular
structure through the so-called Molecular Negentropy
in QSAR studies.18

Nevertheless, the combination of MM and entropy-like
molecular descriptors in order to scale-up the classic
QSAR problem from small-to-medium sized molecules
toward a sort of RNA-QSAR have barely been studied.
Very few RNA-QSAR studies have been reported, de-
spite the real tendency to use analogues of molecular
descriptors for small-to-medium sized in the evaluation
of DNA and protein sequences.19 Unfortunately, almost
all molecular descriptors are more successful at encod-
ing branching information and/or can not be back pro-
jected. In fact, the application of classical QSAR studies
in bioorganic and medicinal chemistry often involves
numerous branched molecules rather than linear ones.
However, these approaches commonly use back-project-
able descriptors as such as those in studies described
by Roy et al., Cabrera-Pérez and co-workers.20–22 Back-
projection is the possibility of drawing a map that
depicts the influence of every molecular substructure
on the property under investigation.23 A convenient
solution to this problem could be to transform linear
sequences into branched representations prior to the cal-
culation of RNA back-projectable molecular descrip-
tors. In this context, it would be useful to transform
linear sequences into more branched representations
prior to calculating the molecular descriptors, such
as in the 2D representation investigated by Mathews
et al.24 This transformation of a 1D sequence into the
2D branched representation enables the encoding of
more useful information with molecular descriptors
and these data can be used to elucidate the QSAR.

Our group has largely used different stochastic molecu-
lar descriptors derived with Markov models to describe
various biological activities of drugs, proteins and nu-
cleic acids in the field of bioorganic medicinal chemis-
try.25–28 In particular, entropy molecular descriptors
called Markovian negentropies have been used by us
as molecular descriptors for drug design and have pro-
vided interesting results in proteomics and bioorganic
chemistry.29–31 A preliminary report on RNA activity
has also been published. This first study on bioinformat-
ics focused on the local properties of a single RNA mole-
cule.32 However, QSAR studies concerning the global
properties of several RNA molecules have not been re-
ported to date.

The motivation for the present work stems from the use
in QSAR of Markovian negentropies as molecular
descriptors derived from RNA secondary structure. This
process involves the introduction of new molecular
negentropies for RNA secondary structure and these
data are used to assign 1-aminocyclopropane-1-carbox-
ylate (ACC) oxidase and synthase family membership,33
which constitutes a family of proteins that has never pre-
viously been studied using RNA-QSAR techniques. For
this reason we selected these specific properties for the
RNA-QSAR study.
2. Results

The molecular biology of fruit maturation and ripening
is currently of major importance in biotechnology.34 In
this processes ethylene regulation plays a significant role
related to the ACC synthase and oxidase protein fami-
lies.35 In the first instance, the statistical significance of
the results must be discussed before drawing any conclu-
sions concerning the biology involved. Linear discrimi-
nant analysis (LDA)36 was used to classify RNA
sequences as ACC oxidase family members or not. In
the development of the LDA the output was a dummy
variable (ACCactv), which codifies whether a sequence
lies within the ACC oxidase family (ACCactv = 1) or be-
longs to the control group (ACCactv = 0). In this prob-
lem the input was Hk, with k in the range [0, 5]. The
software STATISTICA 6.0STATISTICA 6.0

37 was used and the best equa-
tion found to discriminate between ACC oxidase family
members and the control group was:

ACCactv ¼ 2:88 � 1OðH1Þ þ 2:11 � 2OðH3Þ � 9:04

N ¼ 37 C ¼ 0:68 F ¼ 11:69 p < 0:001
ð1Þ

where k is Wilk�s statistic, N is the number of RNA se-
quences studied, F is Fisher�s statistic and p is the p-level
(probability of error). The symbols IO(Hk) were used
and, in this case, the superscript I expresses the order
of importance of the variable (Hk) after a preliminary
forward stepwise analysis and O signifies orthogonal.
The p-level of Fisher�s test for the LDA was <0.05. This
means that the hypothesis of groups overlapping with a
5% error can be rejected.36 This linear discriminant func-
tion classified correctly 81.1% of ACC oxidase/control
group RNA sequences. More specifically, the model rec-
ognizes 19/20 sequences (95.0%) within the ACC oxidase
family and 12/17 (70.6%) of the control group sequences.
The high Matthews� regression coefficient (C = 0.68)
points to a strong linear relation between the molecular
descriptors and the ACC oxidase family membership
classifications.38 The coefficient for the LDA model
q = N/(Nv + 1) · Ng = 37/(2 + 1) · 2 = 6.17 where the
number of variables was Nv = 2 and the number of
groups Ng = 2. This coefficient controls model over-fit-
ting by taking into consideration the ratio of the number
of sequences (N) with respect to the adjustable parame-
ters (Nv and Ng), which has to be >4.39 The step-by-step
results for the forward stepwise analysis used to select the
variables for the LDA are depicted in Table 1A in the
supplementary data file. A high degree of collinearity
was detected between Hk and the dependent. As a result,
the variables were orthogonalized according to Randić�s
orthogonalization procedure,40 mean-centred (with the
arithmetic mean) and scaled with 1/sd(xi)

2, the inverse
of the squared standard deviation.41

Jack-knife cross-validation (CV) experiments were per-
formed by leaving out four different groups, which were
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selected at random and contained 25% of the sequences.
All of the statistical parameters for the new models—
obtained after removing the RNA sequences—were
checked in order to assess the stability of the model.
Overall accuracies for those models and the average
cross-validation accuracy (CV-average) were as follows:
CV1 = 89.3%, CV2 = 88.9%, CV3 = 85.7%, CV4 = 85.7%,
with an average CV value of 85.7. Details of the
classification matrices and other parameters for training
and cross validation experiments are reported in Table
2A of the supplementary material data file. In addition,
more detailed results, including the names of the
sequences used and their subsequent probabilities, can
be found in Table 3A in the supplementary material.

As explained above,Hk, as defined here, required the use
of the Shannon concept of entropy as described by Rich-
ard and Kier (1980).17,18 The present model shows that
the higher the entropy of interaction between bound
nucleotides (covalent and hydrogen bonds) inside the
secondary RNA backbone,42 the higher the probability
that a sequence is an ACC oxidase family member (by
a factor of 2.88). Interestingly, the model predicts a sim-
ilar influence (2.11) for indirect interactions between
nucleotides that are not bound but placed at a topolog-
ical distance equal to 3. An influence for long-range elec-
trostatic interactions at topological distances >3 was not
observed. Therefore, it is short-range electrostatic inter-
actions rather than long-range ones that seem to control
the likelihood that an RNA sequence will encode a pro-
tein of the ACC oxidase family. These results justify the
use of a truncation function dij in the present model in
order to simplify calculations in place of a continuous
treatment for the electrostatic field (see Models sec-
tion).43 In general, these results are consistent with those
reported by Ramos de armos et al., who used Markov-
ian negentropies in a study of the theoretical bioorganic
chemistry of peptides and proteins.44,45

On the other hand, one of the must notable advantages
of the present QSAR approach is the interpretation of
Figure 1. (a) Total RNA isolated from dwarf guava fruit mesocarps; (b) a

degenerated primers, dpositive control for Ready To GoTM RT-PCR Beads

isolated from the guava plant.
the results in terms of the influence that each substruc-
ture has on the property in question. This objective is
feasible by applying so-called back-projection analysis.
This approach allows the QSAR model to be projected
back onto the secondary RNA structure and is de-
scribed in the method section.46 In this work, the
back-projection analysis of the RNA-QSAR (Eq. 1) is
exemplified with a new sequence isolated from Psidium
guajava L. This new RNA sequence was isolated by fol-
lowing well-established experimental protocols and has
been published online by Agüero-Chapin et al. in the
GENBANK but has not previously been published in
a printed journal.47 The results for total RNA isolated
from dwarf guava (a) and RT-PCR reactions (b) are
shown in Figure 1.

Our model was applied to the prediction of the average
probability with which this sequence codifies a protein
of the ACC oxidase family and this illustrates the use
of the model (P = 83.7%). Moreover, the back-projec-
tion study of the sequence was also carried out. Initially,
the secondary structure was predicted with the RNA-RNA-

STRUCTURESTRUCTURE 4.04.0 software developed by Mathews et al.48

BIOMARKSBIOMARKS 1.01.0
� (BIOinformatics MARKovian Studio)

software, which has recently been developed in our lab-
oratory,49 was subsequently used to calculate the total
Hk values for the sequence as a whole as well as for some
specific substructures. BIOMARKS 1.0BIOMARKS 1.0

� uses as inputs the
ct files generated by RNASTRUCTURE 4.0RNASTRUCTURE 4.0 and these files
contain information on the RNA secondary structure.
Finally, direct substitution into the RNA-QSAR model
provides the contributions of each substructure, which
were scaled into the range 0–100.

The back-projection results for this newly isolated se-
quence are represented in Figure 2 and are of particular
interest due to the biotechnological importance of the
maturation process of tropical fruits.50 The results of
the back-projection analysis need to be confirmed by di-
rect experience and/or comparison with other theoretical
approaches. A few back-projectable QSAR models
negative control, b1Kb ladder (Gibco BLR), cRT-PCR reaction with

system, ePCR reaction with degenerated primers using genomic DNA



Figure 2. Backprojection map for guava ACC oxidase RNA second-

ary structure.
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reported by Stief and Baunmann,23 Cabrera-Pérez
et al.,51 and our group52 have been applied to solve bio-
organic chemistry problems and these stand out because
of their good validation level.

In the present back-projection map analysis, the major
importance in terms of the biological activity is pre-
dicted for the left stem (40%) and the main stem
(45%). Conversely, other sub-structural patterns, such
as the major loop and the right stem of this RNA
sequence, are predicted to be less important. These re-
sults were confirmed by an nBLAST experiment, which
is also reported here.53 The nBLAST experiment showed
a high conservation score (>70) for the left stem and
main stem; whereas major loop, right stem, cap and ma-
jor loop right half were hardly conserved. Further experi-
ments will be carried out in subsequent, more in-depth
Figure 3. Results for the nBLAST experiment; the top rule scales number

Sequence names are not depicted.
studies in an effort to corroborate the prediction re-
ported here (Fig. 3). However, given that the nBLAST
technique is generally a successful method for other
RNA sequences, it is promising that these results are
in agreement with the model reported here. (see Fig.
1A, Supplementary data).

Numerous researchers throughout the world have ap-
plied QSAR techniques to solve bioorganic problems;
see, for example, the work of Roy and Leonard.54 Other
previous studies have attempted to address the RNA
structure–activity problem with molecular descriptors,
but these were limited to a local situation for a single
RNA molecule. To the best of our knowledge, the first
two studies of this type were reported by González-Dı́az
and co-workers.32,55 More recently, Marrero-Ponce
et al. reported a study concerning the same problem.56

The work described here opens up a new way to apply
QSAR studies to several molecules and addresses a clas-
sical field of research, namely the RNA-QSAR problem.
In particular, this study demonstrates the high versatility
of the stochastic molecular descriptors developed by our
group for bioorganic and medicinal chemistry
studies.57,58
3. Models

In the work described here, the MARCH-INSIDE
methodology was generalized to encode the 2D-RNA
structure taking into account long-range electrostatic
interactions. Direct long-range interactions through
space are forbidden or the same truncated59 long-range
interactions are allowed to propagate step-by-step
throughout the 2D-RNA ribbon. This approach used
an MM to describe this propagation of long-range elec-
trostatic interactions in a discrete step-by-step manner.
Accordingly, the nucleotide–nucleotide short-range
of bp, black bars indicate conserved regions for different sequences.
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electrostatic interaction 1P matrix (with elements pij)
was used. 1P was built as a squared table of order n,
where n represents the number of nucleotides in the
RNA molecule.32,55

The elements of 1P (1pij), defined to codify information
about the electrostatic interactions between nucleotides,
were defined as:
1pij ¼
dij �

qj
dij

Paþ1

k¼1

dij �
qj
dij

ð2Þ
where, dij is the Kronecker symbol, which equals 1 for
covalently or hydrogen bonded nucleotides and 0
otherwise; qj is the electrostatic charge for the jth
nucleotide; and dij is the topological distance, which
is always equal to 1 due to dij cutting-off of long-range
interactions. The sum is carried out over all a nucleo-
tides that interact directly—see the previous publica-
tion in this series for details. Once the stochastic
matrix is defined for short-range electrostatic interac-
tions, the Chapman–Kolgomorov equations were
used to calculate the vector APk of absolute probabili-
ties Apk(j) with which these short range electrostatic
interactions propagate in a step-by-step manner and
reach every jth nucleotide at distance k within the
2D-RNA framework, thus resulting in long-range indi-
rect interactions between nucleotides (see references for
similar models):25–32
APk ¼ AP0 � ð1PÞk ð3Þ

where APk is the vector of the initial probabilities
Ap0(j) with which the jth nucleotide begins an interac-
tion and can be calculated using Eq. 1 but summing
up the n nucleotides instead of a. As Apk(j) depends
on the specific nucleotides (identified by qj) and on
the connectivity between the nucleotides in the RNA
molecule, we can assert that any function having Apk(j)
values as arguments can encode information on
2D-RNA structure.44,45,52 Functions classically used
to encode information in QSAR are the Shannon
entropy functions such as molecular negentropies. In
this sense, we introduce here for the first time the ave-
rage Electrostatic Markovian Molecular Negentropies
as 2D-RNA backbone molecular descriptors (Hk) (note
the analogies with our previous negentropies for small
molecules).60 The calculation of Hk was carried out
using our experimental software BIOMARKS 1.0BIOMARKS 1.0

�. These
parameters represent the entropy of electrostatic inter-
action for nucleotides at a topological distance equal to
k or less:
Hk ¼ �
Xn

j¼1

ApkðjÞ log ApkðjÞ
� �

ð4Þ
4. Generation of descriptors and software implementation
status

The calculation of Hk for short-to-middle length RNA
secondary structures (having 2 to around 600 bp) was
implemented in an updated version of our experimental
software BIOMARKS 1.0BIOMARKS 1.0

� (BIOinformatics MARKovian
Studies).49 This software has a connectivity table input
modulus, which uploads the ct files generated with the
RNASTRUCTURERNASTRUCTURE 4.04.0 software developed by Mathews
et al.48 It is subsequently possible to select the calcula-
tion option and perform the calculation of molecular
indices. RNA sequences that are significantly larger than
600 bp cannot be handled at present.
5. Experimental

All the steps for isolation and characterization of the
new sequences isolated from Psidium guajava L were
carried out according to well-established experimental
protocols, which include: (1) collection of vegetable mat-
ter, (2) nucleic acid extraction, (3) primer design, (4) RT-
PCR, (5) PCR reaction, (6) cloning and (7) sequencing,
see Supplementary data for details.61,62
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M. A.; Molina, R.; Santana, L.; Uriarte, E.; Delogu, G.;
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