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Abstract—Quantitative structure—activity-relationship (QSAR) models have application in bioorganic chemistry mainly to the study
of small sized molecules while applications to biopolymers remain not very developed. MicroRNAs (miRNAs), which are non-cod-
ing small RNAs, regulate a variety of biological processes and constitute good candidates to scale up the application of QSAR to
biopolymers. The propensity of a small RNA sequence to act as miRNA depends on its secondary structure, which one can explain
in terms of folding thermodynamic parameters. Then, thermodynamic QSAR can be used, for instance, for fast identification of
miRNAs at early stages of development such as embryos and stem cells (called here esmiRNAs), and gain clarity inside cellular dif-
ferentiation processes and diseases such as cancer. First, we calculated folding free energies (AG), enthalpies (AH), and entropies
(AS) as well as melting temperatures (7,,) for 2623 small RNA sequences (including 623 esmiRNAs and 2000 negative control
sequences). Next, we seek a QSAR classification model: esmiRNA = 0.035 x Ty, — 0.078 x AS — 8.748. The model correctly recog-
nized 543 (87.2%) of esmiRNAs and 935 (93.5%) of non-esmiRNAs divided into both training and validation series. The model also
recognized 908 out of 1000 additional negative control sequences. ROC curve analysis (area = 0.93) demonstrated that the present
model significantly differentiates from a random classifier. In addition, we map the influence of thermodynamic parameters over
esmiRNA activity. Last, a double ordinate Cartesian plot of cross-validated residuals (first ordinate), standard residuals (second
ordinate), and leverages (abscissa) defined the domain of applicability of the model as a squared area within 2 band for residuals
and a leverage threshold of & = 0.0074. The present is the first QSAR model for quickly accurate selection of new esmiRNAs with
potential use in bioorganic and medicinal chemistry.

© 2007 Elsevier Ltd. All rights reserved.

1. Introduction

MicroRNAs (miRNAs) are small non-coding bioorgan-
ic molecules with a broad spectrum of functions
described mostly in invertebrates. They act as post-tran-
scriptional regulators of gene expression, miRNAs trig-
ger target mRNA degradation or translational
repression. A role of miRNA has been described in
hematopoietic, adipocytic, neurogenesis, muscle differ-
entiation, regulation of insulin secretion, plant and fungi
biology, and potentially regulation of cancer growth.'-3
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A key step toward understanding the function of the
hundreds of miRNAs identified in animals is to deter-
mine their expression during early stages of animal
development, which has been barely studied.* In this
sense, it is important to identify new species of miRNA
and obtain a comprehensive quantitative profile of small
RNA expression in developed and stem embryo cells.
With this aim, other authors used experimental methods
that potentially identify virtually all of the small RNAs
in a sample. This approach allowed them to detect 390
miRNAs, including 195 known miRNAs covering
approximately 80% of previously registered mouse miR-
NAs as well as 195 new miRNAs, which are so far un-
known in mouse embryos. Some of these miRNAs
showed temporal expression profiles during prenatal
development. These results indicate existence of a
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significant number of new miRNAs expressed at specific
stages of mammalian embryonic development and
which were not detected by earlier methods.” Other
authors have studied the expression of miRNAs in em-
bryo stem cells, which constitute a previous step in cell
development (stem cells are undifferentiated cells). These
authors developed a new experimental method to deter-
mine more than 200 different miRNAs in embryo stem
cells.® In these cells, miRNAs play an important role
in the maintenance of stemness in addition to cell cycle
regulation, apoptosis, cell differentiation, and imprint-
ing. Concordant with this, aberrant expression of
miRNA genes could lead to human disease, including
cancer. Although the connection of miRNAs with can-
cer has been suspected for several years, recent studies
have confirmed the suspicion that miRNAs regulate
cell proliferation and apoptosis, and play a role in
cancer.”'* Consequently, it is of major importance
developing new timely methods for the prediction of
miRNAs in general and, due to its great importance, be-
comes of special relevance the development of quick
methods for the accurate prediction of miRNAs at early
stages of organism and cell development (coined herein
as esmiRNAs). !5 18

In our opinion, we can apply QSAR techniques'® classi-
cally used for small-to-medium sized bioorganic mole-
cules for prediction of miRNAs. In fact, other authors
have previously used QSAR to predict the properties
of biopolymers including proteins and RNAs.?*23 To
fulfill this aim, we have first to calculate miRNA struc-
tural parameters (molecular descriptors) expected to be
correlated with miRNA action and later apply statistical
analysis to seek the miRNAs-QSAR model as classic
researchers used to do.?* 2 In principle, there are many
possible molecular descriptors used in classic QSAR,
that we could select for this work.?’~3? The different clas-
ses of molecular descriptors include topological indices,
quantum descriptors, constitutional parameters, and
physicochemical magnitudes (including thermodynamic
parameters).3?

On the other hand, different methods to predict RNA
bioorganic secondary structure have been reported,
which deal with stochastic context free grammars,*
dynamic treatment of constraints,>> sequence alignment,
and k-nearest neighbor networks.3® However, still many
researchers prefer theoretic physicochemical methods
based on thermodynamic calculations.?”-3® We can state
with certainty that biological process took place under
the direct influence of natural laws such as the second
law of thermodynamics. Consequently, thermodynamics
becomes a biophysical method of wide application in
biochemistry. Applications cover, for instance: drug—
target interactions,?® protein domain stability,* mem-
brane proteins’ folding,*' energy landscape analysis of
the genetic code,** and many others. Then, the propen-
sity of a small RNA sequence to act as miRNA, which
depends on its bioorganic secondary structure, follows
also thermodynamics laws. Because of this, we can ex-
plain the folding of a RNA sequence into a bioorganic
secondary structure in terms of thermodynamic param-
eters such as folding free energies (AG), enthalpies (AH),

and entropies (AS) as well as melting temperatures (7y,).
These parameters tell us about how hardly or not an
RNA sequence manages to fold into a bioorganic sec-
ondary structure.**#* Thence, we can expect that among
the many possible parameters to be selected thermody-
namic molecular descriptors should be selected to seek
a Quantitative-structure—activity-relationship (QSAR)
for fast identification of miRNAs.

In this work, we report by the first time a thermodynam-
ic QSAR study for two recently reported esmiRNA dat-
abases (one for mouse embryo mature cells and other
for embryo stem cells).>° First, we removed all the coin-
cident miRNA sequences. Second, we calculated all the
above-mentioned thermodynamic parameters for 623
non-coincident esmiRNA sequences listed by these
authors and 2000 negative control sequences. Control
sequences were above 22 bp-length and were generated
at random avoiding folding similarity or clustering
among them or with miRNAs. The use of random
sequences as negative control group has been validated
in the literature.*>*® Next, we carried out a forward
stepwise Linear Discriminant Analysis (LDA)*#8 to
find a linear QSAR based on thermodynamic parame-
ters that discriminate between RNAs and other sequenc-
es. Previously, the data set was divided at random into
training and validation series in order to train and vali-
date the model, respectively. Next, we perform a ROC#
curve analysis testing how significantly the model differ-
entiates from a random classifier. In addition, we per-
formed a 2D map desirability analysis®® of the QSAR
model to determine the influence of the thermodynamic
folding landscapes over the probability to act as esmiRNA.
However that our model focused only on esmiRNA
from mouse mature embryos and stem cells we finished
the work with a leverage-based analysis of the domain of
applicability of the model.’! The present result offers a
QSAR thermodynamic basis for further design and
selection of new esmiRNAs a gain in clarity on the role
of the secondary bioorganic structure of miRNAs at
early stages of organism development.

2. Results and discussion

2.1. Train and validation of the QSAR thermodynamic
model for esmiRNAs prediction

Tremendous progress in DNA sequencing has yielded the
genomes of a host of important organisms. The utilization
of these resources requires understanding of the function
of each gene. Standard methods of functional assignment
involve sequence alignment to a gene of known function;
however, such methods often fail to find any significant
matches. Some authors have recently reviewed a number
of recent alignment methods>> and alternative methods
that may be of use when sequence alignment fails.>3

In special the study and function annotation of mouse
gene transcripts has covered a high importance now a
days with special emphasis on small transcripts.>*>
Unfortunately, in the case of RNAs there are very less
studied alternative parameters to seek QSAR models
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instead of using alignment procedures. Our group has
reported some parameters such as spectral moments
and entropies to connect RNA secondary structure with
function.*3-3¢8 Here, we describe possibly the first
QSAR model that can assign esmiRNA function from
secondary bioorganic structure thermodynamic parame-
ters and without being reliant upon alignments.

This method follows the general strategy recently out-
lined by Bentwich for miRNA prediction laying empha-
sis on the use of thermodynamic parameters QSAR
approach.'® The method combines RNA folding ther-
modynamic parameters with statistical analysis to seek
models like Eq. 1. One advantage of the method is the
fast calculation of the parameters. We can use this
QSAR equation to calculate the probability of large dat-
abases of small RNA sequences to act as esmiRNAs
without carrying out any experimental measurements.
Afterwards, only the sequences with the higher predicted
probability can be experimentally validated to confirm
the esmiRNA action. The data set was explored with
the LDA method.*%® The best model found was the
following:

esmiRNA = 0.035 x T, — 0.078 x AS —8.748 (1)

R.=072; 2=048; %> =2890.49; p<0.00l.
where R. is the canonical regression coefficient, A is the
Wilk’s statistics, 5° is the Chi-sqr statistic, and p is the
level of error. The procedure as any QSAR may repre-
sent important saving of time, material resources, and
laboratory animals.?*?8:6%70 This model presents an
overall accuracy of approximately 94% in both training
and validation series. We depict detailed information for
classification results in Table 1. This is exceptionally
good value for this kind of simpler linear classifier
(LDA) and using only two variables, for which values
higher than 85% are accepted.®”-7%7!

A ROC curve analysis’? developed to compare the pres-
ent QSAR model with a random classifier showed an
area for the ROC curve of 0.98 (see Fig. 1). Finally, Fig-
ure 2 depicts the results of a desirability analysis devel-
oped to determine the levels of the independent

Table 1. Training, validation, and overall (both) results for the QSAR
classification model

Observed RNA Accuracy or

Non-esmiRNA?* esmiRNA?

class predictability® (%)

Training (total accuracy 91.54)

non-esmiRNA® 93.9 704 46
esmiRNA® 87.8 57 411
Validation (total predictability 89.63)

non-esmiRNA® 924 231 19
esmiRNAP 85.2 23 132
Both (total 91.07)

non-esmiRNA® 93.5 935 65
esmiRNAP 87.2 80 543

Classification matrices: ®observed values in rows and *predicted ones
in columns.
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Figure 1. ROC curve analysis for the model developed for esmiRNA
recognition.

variables that ensure the more desirable values of the
dependent variable (esmiRNA action).

2.2. Desirability analysis for thermodynamic QSAR of
the esmiRNA action

Due to the large amount of information to be processed
in biopolymer QSAR studies, in previous works we have
used parameters with complicated interpretation in
physicochemical terms.”>’* An advantage of the present
procedure is that the parameters investigated: AG, AH,
AS, and T}, are well known thermodynamic magnitudes.
These parameters are supported on physicochemical ba-
sis increasing model rigor in theoretical terms.3%7
In particular, in the model (1) reported herein for
esmiRNA prediction only AS and T, presented a signif-
icant contribution. In general, miRNA activity includ-
ing esmiRNA activity is intimately linked to RNA
folding. Consequently, it sounds strange that AG and
AH, which are very important RNA folding parameters’
apparently do not contribute to the esmiRNA action.
Nevertheless, we should not forget that by definition
T = 1000 x (AH/AS). Consequently, rewriting Eq. 1
one can estimate a negative direct effect of AH increas-
ing over esmiRNA action:

esmiRNA = 35.0 x AA—I; —0.078 x AS —8.748  (2)
Notably, the high contribution of 7,, presupposes a
AG =0, which is the condition to calculate T,, from
AG=AH — TxAS. 1t points to an interesting conclu-
sion; esmiRNA activity may be increased for miRNAs
with high values of T}, and consequently AH (note posi-
tive contribution in the equation) when miRNA struc-
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Figure 2. Thermodynamic folding landscape desirability analysis for esmiRNAs.

tures are in a folding state of thermodynamic equilibri-
um (AG = 0). This result coincides with previous find-
ings on the importance of thermodynamics to detect
miRNAs in other species.”® In contrast with transfer
RNAs and ribosomal RNAs, the majority of the miR-
NAs clearly exhibit a high tendency in the sequence to-
ward a stable secondary structure.*®

Certainly, detailed interpretation of the relationship be-
tween folding thermodynamic and esmiRNA action
may be complicated and somehow outside the scope of
this work. In any case, we can answer one of the more
important questions connected with the practical use
of this thermodynamic model. What levels of the inde-
pendent thermodynamic parameters (7, and AS) ensure
the esmiRNA activity for a small RNA molecule? This
question is of major importance for the future applica-
tion of the method in the design of esmiRNAs. We reach
this aim using a desirability analysis. Desirability analy-
sis has been successfully used recently with the similar
aim for protein sequences—function relationships.”> As
depicted in Figure 2, small RNAs that lie in the desir-
ability 2D map within the dark red area have a high pro-
pensity to act as esmiRNAs. Other areas of the 2D map
for thermodynamic parameters’ landscape have presup-
posed weak or negative contribution to esmiRNA
activity.

2.3. Brief note on the domain of applicability of the model

The interest in QSAR has steadily increased in recent
decades. It is generally acknowledged that these
empirical relationships are valid only within the same
domain for which they were developed. However,
model validation is sometimes neglected, and the
application domain is not always well-defined.”” The
purpose of this section is to outline how validation
and domain definition determines in which situation

it is correct to use the model. The aim of the present
work was to develop a model for predicting miRNA
at early stages of organism and cell development due
to the high importance of these miRNAs for different
aspects including cell differentiation, stemness, and
cancer. In consonance, we selected mouse embryo
miRNA and embryo stem cell miRNAs. Consequent-
ly, one may not pretend to extrapolate the use of this
model to other species or tissues making uncertain
predictions in conditions very different to those fixed
to derive the model.3! More in detail, a double ordi-
nate Cartesian plot of cross-validated residuals (first
ordinate), standard residuals (second ordinate), and
leverages (abscissa) defined the domain of applicability
of the model as a squared area within *2 band for
residuals and a leverage threshold of /4 =0.0074. As
can be noted in Figure 3, almost all miRNAs and
negative control group sequences used in training
and validation lie within this area. Actually, some
sequences have a leverage higher than the threshold
but show leave-one out (LOO) residuals, cross-valida-
tion, and standard residuals within the limits. In clos-
ing, no apparent outliers were detected and the model
can be used with high accuracy in this applicability
domain.3!.78.7°

3. Conclusions

We demonstrate that the annotation of and small RNA
sequence as esmiRNAs is a linear QSAR function of the
thermodynamic parameters AS and 7),. The values of
the input variables that ensure the desire property were
given. The model presents a high accuracy, clearly differ-
entiates from a random classifier, and a very well-de-
fined domain of applicability. The present work
reports the first QSAR model to predict esmiRNAs given
a predicted RNA secondary structure.
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Figure 3. (a) esmiRNA embryo (b) esmiRNA stem cell (c) RNA negative control group, model leverage threshold was & = 0.0074.

4. Methods

4.1. Calculation of thermodynamic parameters (AG, AH,
AS and T,,) used to seek the QSAR model

First, the sequences of the 623 esmiRNAs were with-
drawn from two different public sources.>® Later, we re-
moved all the coincident miRNA sequences. Second, we
generated at random negative control sequences with
above 22 bp-length avoiding folding similarity or cluster-
ing among them or with miRNAs. Next, the list of all
sequences was introduced as input of the RNA
secondary structure prediction server DINAMelt.
Specifically, we used the fast fold option named
Quickfold (http://www.bioinfo.rpi.edu/applications/hybrid/

quikfold.php). This server calculated the secondary
structure of all the sequences as well as the folding ther-
modynamic parameters AG, AH, AS, and T,,. We run
the job 060429_194550. Job parameters were: energy
rule RNA (2:3), at 37°C, [Na*]=1M, [Mg>*]=0M,
sequence type linear, structures 5% suboptimal, window
size as default, maximum of 1 folding, and no limit to
maximum distance between paired bases. At these con-
ditions the computation took only a few seconds.3°

4.2. Derivation of the QSAR model
The database containing the AG, AH, AS, and Ty, values

for all the sequences was the starting point for the anal-
ysis. Prior to analysis, we inserted a dummy variable
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esmiRNA, being esmiRNA =1 for an esmiRNA
sequence and esmiRNA =0 for a non-esmiRNA
sequence. We used a LDA to derive the classifier. We
split the whole data set into two series selected at ran-
dom. The larger series named training series contains
the 75% of all the sequences, the remnant sequences con-
forming to validation series. A third additional series
not used for training or validation and containing
1000 additional negative control sequence was presented
too. We used the LDA option of the software STATIS-
TICA3! for the statistical analysis, selecting forward
stepwise as the variable selection technique, and estimat-
ing the ROC curve point by point. The desirability anal-
ysis was derived with the profiler section of the LDA
option. A double ordinate Cartesian plot of cross-vali-
dated residuals (first ordinate), standard residuals (sec-
ond ordinate), and leverages (abscissa) defined the
domain of applicability of the model.3!-787°
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