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Abstract

Motivation: Many experts worldwide have highlighted the potential of RNA molecules as drug
targets for the chemotherapeutic treatment of a range of diseases. In particular, the molecular
pockets of RNA in the HIV-1 packaging region have been postulated as promising sites for antiviral
action. The discovery of simpler methods to accurately represent drug—RNA interactions could
therefore become an interesting and rapid way to generate models that are complementary to
docking-based systems.

Results: The entropies of a vibrational Markov chain have been introduced here as physically
meaningful descriptors for the local drug—nucleic acid complexes. A study of the interaction of the
antibiotic Paromomycin with the packaging region of the RNA present in type-1 HIV has been
carried out as an illustrative example of this approach. A linear discriminant function gave rise to
excellent discrimination among 80.13% of interacting/non-interacting sites. More specifically, the
model classified 36/45 nucleotides (80.0%) that interacted with paromomycin and, in addition,
85/106 (80.2%) footprinted (non-interacting) sites from the RNA viral sequence were recognized.
The model showed a high Matthews’ regression coefficient (C = 0.64). The Jackknife method was
also used to assess the stability and predictability of the model by leaving out adenines, C, G, or U.
Matthews’ coefficients and overall accuracies for these approaches were between 0.55 and 0.68 and
75.8 and 82.7, respectively. On the other hand, a linear regression model predicted the local binding
affinity constants between a specific nucleotide and the aforementioned antibiotic (R* = 0.83, 0* =
0.825). These kinds of models may play an important role either in the discovery of new anti-HIV
compounds or in the elucidation of their mode of action.

Keywords: markovian negentropies, linear discriminant analysis, multiple linear regression, HIV-1
¥Y-RNA packaging, drug—RNA interactions

Introduction

The number of new genomes has dramatically increased in recent years and this has once again
highlighted the problem of protein and nucleic acid functions . In this respect, the use of footprint
techniques has proven to be an important experimental method for the discovery of significant
processes in molecular biology and the field of genomics 2.

The study of drug interactions with biomolecules is a very important area of research and
constitutes a significant step towards rational drug design. In this respect, modern Bioinformatics
has emerged as a promising alternative and/or complement to existing experimental techniques. For
example, the interactions of antibiotics (aminoglycosides) with the packaging region of HIV Type-1
appear to represent a possible new mechanism for antiviral discovery '>. Aminoglycoside drugs are
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cationic natural products that interact with RNA ', These compounds act by blocking protein
synthesis > '® and their structures can be chemically modified. In fact, aminoglycoside analogues
can be used to treat certain diseases. For example, the genetic information in human
immunodeficiency virus and various tumour viruses is in the form of RNA '". Since the genomes of
these viruses are likely to have unique structures, it may be possible to design agents that selectively
block virus proliferation by targeting a specific site on RNA ',

Docking molecular mechanics approaches have been amongst the most widely used techniques
to study host—guest molecular recognition. However, increasingly modern Bioinformatics methods
(that do not involve docking techniques) have been utilized to provide structural information on
Biomolecules as well as their integration with drugs '°. In particular, Markov models are well-
known tools for analysing biological sequence data and they have been used to find new genes from
the open reading frames ***!, data based searching, multiple sequence alignment of protein families
and protein domains **, protein a-turn types =, subcellular locations °, for predicting secondary
structures ** and protein folding recognition *°.

Our research group has recently introduced the Markovian Chemicals Drug Design (MARCH-
INSIDE) approach, which has been successfully applied to fluckicidal drugs design, chirality
codification and protein structure/property relationships 2°2*. The main objectives of the work
described here were focused on deriving quantitative structure/property relationships to predict the
probability (and the affinity) of drugs binding with the packaging HIV Type-1 region. MARCH-
INSIDE molecular descriptors were redefined as nucleic acid backbone Markovian Vibrational
Negentropies (MVN) in order to account for the structures of RNA—drug complexes.

Methods
Modelling vibrational delocalization throughout the nucleic acid backbone

In this work the MARCH-INSIDE methodology was generalized for the study of nucleic acid—
drug complexes. This approach used Markov’s chain (MCH) ***' to codify information about
molecular structure. The model considers a free drug molecule that it is in the vicinity of the RNA
molecule at an arbitrary initial time (#)) and interacts with some specific nucleotides of the RNA at a
subsequent time (¢1). In order to characterize this model a number of important approximations must
be taken into account. Firstly, we must accept the hypothesis that an elastic interaction governs
drug—RNA binding **. Secondly, the energy of this interaction will dissipate with time throughout
the RNA backbone with probabilities that obey Chapman—Kolgomorov equations; consequently, Il
= (IH)k, where “II are stochastic matrices that describe the probabilities with which energy dissipates
after a time #; and 'TI is the same kind of matrix for the specific case # = 1, when interaction begins
3. Accordingly, a stochastic matrix ('TI, with elements pij) could be defined. This matrix was called
the 1-step vibrational-transition stochastic matrix. 'TI was built as a squared table of order 7, where
n represented the number of nucleotides in the RNA molecule. The elements of 'TI (lpij) were
defined to codify information about the strength (energy) of the drug—nucleotide interaction. Thus,
when the drug molecule interacts with a specific nucleotide j of the RNA chain, the energy or
‘strength’ of the interaction may be described by a harmonic oscillator *2. Also, this energy may be
carried by a wave that ‘vanishes’ along the polynucleotide chain with absolute probabilities “py () at
discrete time periods # =0, 1, 2 . . . ,0. Subsequently, both the strength of the local interaction and
the topology of the RNA (secondary structure) were codified in the present scheme [see equation (1)
and Fig. 1].

__________________________________________________________________________________________________________|
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Fig. 1. Wave decay with time after the initial local Drug-RNA interaction (only the first five steps are represented); the change from a white
to a black circle indicates that the vibration reaches this nucleotide (circle) at the period of time indicated to the left of the RINA chain (rp—t4).
Black coloured nucleotides at 4 are those in the i 4 3 vicinity.
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The elements (lp,-j) of 'IT are the transition probabilities if the nucleotides i and j are adjacent and
are 0 otherwise:

lLp: = Vi yKj—areg/ M j—dmg
Iy — S+1 - i+l g ]
ko1 Uk 21y y/Kik—drug/ Mk —drag

_ V(1 +Hbj)/M;_gmg (1)

51 VA Hbp) /Mg

For the sake of simplicity, the interaction (nucleotide—drug) was considered harmonic with
energy h x vj (h is Planck’s constant), where v is the harmonic frequency of vibration of the local
complex between the nucleotide j and the drug. Thence, kj-4 is the force constant of the link
between the drug and the nucleotide j and M;-4r 1s the reduced mass of this complex (m; X Mmarug/mj
+ mMmang). Another simplification was to consider kj-gng as being proportional to the number of
hydrogen bonding interactions /7b; and the number of electrostatic interactions (1 account for this
specific interaction) between the drug and the nucleotide. The parameter /7b; equals the number of
possible hydrogen bonds of each nucleotide, for nucleotides not hydrogen bonded to other
nucleotides of the RNA chain. Conversely, Hb; = 0 otherwise. To see more in detail the definition
and calculation of the elements of the 'IT matrix the study of a real example (nucleotide G292) is
depicted in Table 1.

|
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Table 1. A close up to the mathematical definition of 'TT exemplifying with G292

Sub-matrix of 1T for the SL2 region of the HIV-1 RNA packaging regicn®
j £ 3 vicinity of G2927

| I
I
G A ci U G & U G A G U 1A C
|
+ 1
G285 lpec  lpse 0! 0 0 0 0 0 0 0 0 .0 Lo
A286 |'pac 'paa __lphc © 0 0 0 0 0 0 lpar 1 0 0
[os 7 A 0 Tpea  'pec  lpew O 0 0 0 0 g 0 !0 o
U288 0 ) 11-'-"..'(: 11.,.\E ]FIE 0 0 ¥] lpﬁ 0 0 : i 0
G289 0 0 0 ey 'pec  'paz 0 0 0 0 0 10 0
= - _— I
G290 0 0 0 0 lbee e lpeuy O 0 0 0 10 0
U291 0 0 0 0 0 lpue lpow  lpue O 0 0 10 0
G292 0 0 0 0 0 0 et 'pee  'pea O 0 .0 0
4293 0 0 0 lpag 0 0 o s 'paa  'pac 0 1 O 0
G294 0 0 pgc O 0 0 0 0 Pea  'pee  'pau | O 0
U293 0 ‘pua__ 0 0 . N DR 0 ____levs ey lpua O
=T S [ I I a-" o 0 0 0 Toar paa Ypac
c297 'pce O 0 0 0 0 0 0 0 0 0 ‘Pcc pea
Secondary structure of an RINA Mathematical expression of the lp,-_-
fragment of the SL 2 motf element of '[1 When i = G292 and j = A293.
(see Fig. 2).5
WY 1 orangy — A8
2 )2 Peanass vpael + vger + LA
U
G -G SL 2 [ (1 4+ Hbg203) - (Mparomycin +M4)
= vares = | — -
G ﬁ( S 1‘ M Paromycin = M4
5 7
e
—C .UA [(1+ Hbgasa) - Mpapomnyeia + M)
A (& e = 1." m 3 ml
G b \ | Paromycin e}
207 [(1+ Hbzol) - (Mpmonyein +mu)
- Vel = | =
- 1 M Paromycin - M7
285 [ :

*The ' 1T matrix of the HIV-1 RNA packaging region as a hole contains too many (more than 300) nuclectides to be represented here (see Fig. 2).
b The nucleotides n the i &3 vicimity of G292 are underlined, note that this set includes nucleotides that the vibration reach by first time at 1 = 3, after an wutial interaction of the
drug with G292, mcluding both covalent (U293, G294 A293, and U291, G290. G289) or hydrogen bonds (U288, C289) for wave transmmssion.

The Markovian vibrational entropies
The extended MARCH-INSIDE RNA-drug complex molecular descriptors: ® (j —drug +3) were
defined as the entropies with which the energy of the drug—nucleotide interaction vanished in the
+3-vicinity of the nucleotide along the time (#):
i+3
O £3) ==Y *pr(i)log(*pi(/)) @
i3

The £3-vicinity of the nucleotide j is a nucleotide sequence that contains the nucleotides at
positions j — 3, j—2, j—1,j, j+1, j+2, j+3 (see Fig. 1). The number 3 was selected as a
reasonable but a priori topological distance at which the energy of the local interaction dissipates.
Thereafter, the symbol O + 3) was reduced to O for the sake of simplicity. These molecular
descriptors for RNA—drug complexes can be interpreted as the entropy involved in the movement of
the wave that carries the vibrational energy due to the interaction of the drug with the nucleotide j in
the +3-vicinity of this nucleotide after time #.
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The calculation of the absolute probabilities was straightforward on the basis of classical results
from Markov chains theory *°

A, = A1g x (Fm) (3)

where “II; represent 1 x n vectors whose elements “py(j ) are the aforementioned absolute
probabilities, “TI, represents a 1 x n vector whose elements are the ol ) probabilities for the n
atoms in the molecule and “IT were the kth natural powers of the 'II matrix. The “p(j ) values were
defined in a similar way to the * pij probabilities [equation (1)] but, in this case, in the sum of all the
nucleotides in the RNA molecule; see Gonzélez et al. for an exhaustive explanation ****, All of the
calculations were performed using our experimental software MARCH-INSIDE **. The data set of
footprinted and binding nucleotides was extracted from the literature *°. The secondary structure of
the HIV Type-1 W-RNA packaging region as well as the binding sites of Paromomycin is depicted
in Figure 2.
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G4 » %
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% 272 :?30
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QAC QB y337
CG.(':G "‘(El:
232 “Go "\éu?ﬁ uG GC .Cgo
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Main Stem UC GAGQ - M7 gL 4
(od
G
GA, ._ﬁ
222..Gi % (a)
Gy
aAAcgUA
A%
G(_;' A OH

Fig. 2. HIV Type-1 RNA packaging region (a), nucleotides involved in binding and enhancement (structural changes) for RNAse I are shown
as filled circles and triangles, respectively (open symbols indicates the use of RNAse T1). Structure of paromomycin (b).
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Results
MVN and the probability of footprinting after RNA—paromomycin interaction

Linear Discriminant Analysis (LDA) ** 7 was used to classify nucleotides as footprinted or not
footprinted after exposure of RNA to the drug. In the development of the LDA the output was a
dummy variable: Binding, which codify the presence (Binding=1) or absence (Binding = 0) of
structural changes for each specific nucleotide on the presence of RNAses (without specifying the
RNAse type). In this problem the input was the ®, with & in the range [0, 10]. The best equation
found to discriminate between footprinted and non-footprinted nucleotides was:

Binding=—2.468 '0(®,,) - 0.897 "0O(®,) + 0.658 “0(®,) — 0.068 (4)

N=151 A1=058 F=3546 (C=0.64 p<005 p=377

where 4 is Wilk’s statistic, NV is the number of interactions, F'is Fisher’s statistics and p is the p-level
(probability of error). This linear discriminant function classified correctly 80% (36/45) of the drug-
interacting nucleotides and 80.2% (85/106) of the footprinted ones. The model gave rise to a general
level of accuracy of 80.13% (121/151) in training series. Matthews’ regression coefficient (C)
quantified the strength of the linear relation between the molecular descriptors and the drug—
nucleotide interaction classifications ** *°. The coefficient p was used to control the ratio of the
adjustable parameters in the model with respect to the number of variables *.

A high degree of collinearity was detected between ®; and so the dependent variables were
orthogonalized according to Randic’s orthogonalization procedure *I " mean-centered (with the
arithmetic mean) and scaled with 1/sd(xi)’, the inverse of the squared standard deviation ****. Here,
we used the symbols ‘O(®y), where the superscript 1 expresses the order of importance of the
variable (®y) after a preliminary forward stepwise analysis and O means orthogonal.

Jackknife experiments were performed by leaving out all the nucleotides with a common base
and deriving the model under the same conditions. All of the statistical parameters of the new
models obtained after removing the nucleotides were checked in order to assess the stability of the
model. Matthews’ coefficients and the overall accuracies for those models were: Ca = 0.64 (82.7%),
Cc =0.68 (80%), Cg = 0.55 (75.8%) and Cy = 0.61 (78.8%).

log K(10“M™") = 0.338(+0.068)RNAse — 0.102(+0.025) ' O(®,,)
+0.083(£0.035) ‘0(0,) + 0.693(+0.038) (5)
N=24 R=091 R>=083 F(3,20)=31.48

p<0.00 StdErr.=0.115 Q, =0.825

where N is the number of interactions with a known affinity constant (K), logK was the output of the
model, F is Fisher’s statistics, Std.Err. is the standard error of estimates, R’ is the squared regression
coefficient for training and O the same for the leave-one-out procedure. One special input for this
model was the dummy variable RNAse, which has the values RNAse = 1 for experiments carried
out in the presence of RNAse I and RNAse = —1 for RNAse T1. Additionally, the ®, with £ in the
range [0, 10], were used as well. The results for the residuals analysis are depicted in Table 2.

__________________________________________________________________________________________________________|
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Table 2. Observed. predicted and predicted (after cross-validation procedure) values obtained from the quantitative model of log K

NUC Obs? Pred” Predct® NUC Obs® Pred” Predey® NUC Obs® Pred® Predev®
A235 1.204 1.166 0.359 G254 0.447 0.518 0.032 G340 0.778 0.672 0.778
A239 1.204 1.166 0.359 G318 0.845 0.862 0.43 G344 0.845 0.735 0.845
A268 0.903 0.8356 0.123 G329 0.843 0.862 0.43 G346 0.843 0.862 0.843
A269 0.903 0.987 0.125 G331 0.843 0.862 0.43 G363 0.413 0.399 0.413
A276 123 1.071 0.452 G313 0.843 0.862 0.845 G364 0.415 0.399 0.415
A286 0.778 1.024 —0.067 G335 0.845 0.862 0.843 G365 0.413 0.399 0.415
C267 0.903 0.856 0.058 G338 0.778 0.672 0.778 G366 0.413 0.594 0.413
G251 0.447 0.518 0.032 G339 0.778 0.545 0.778 G367 0.415 0.594 0.415

NUC: Nucleotide. The values are *observed, *predicted. and “predicted by leave-one-out procedure for log K (10~* M) (affinity constant of Paromenycin for RNA).

Discussion

In the first instance, the statistical significance of the results must be discussed before arriving at
any conclusions concerning the biology involved. As shown in the results section, 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. Additionally, a high C value (0.64) indicates a strong linear relation
between molecular descriptors and the classification of nucleotides. This value, as well as the
overall accuracy, remained stable in Jackknife procedures, a fact that indicates an acceptable level of
predictability ** *. In the LDA, calculating the p coefficient (37.7) controls the number of variables
in the e%(l)lation with respect to the number of cases. This coefficient must be higher than 4 for linear
models ™.

The MVNs (0y), as defined here, make use of the Shannon concept of entropy as reported by
Richard and Kier *°. However, these parameters were defined over a time-dependent Markov chain
and such a definition attempts to model the biological data using a realistic physical model.

It must be pointed out that equation (4) involves shortrange (k =5), middle-range (5<k<10) and

far-reaching vibrations (k =10 or greater). This situation means that the probability of binding
decreases with theMVNinvolved in the early stages of drug—nucleotide interaction (—0.897). Such
behaviour may be explained by taking into consideration the fact that the higher the vibrational
entropy changes in the nucleotide backbone, which is necessary for the drug—nucleotide interaction,
the more marked structural changes in the +3-vicinity of the nucleotide. Consequently, the
probability of the drug binding to the RNA decreases. Conversely, middle range vibrations seem to
stabilize the nucleotide—drug complex with the probability of binding increasing by a factor of 0.658
for each kJK ™' of entropy [see equation (4)]. In any case, interactions that generated far-reaching
waves with vanishing periods higher than 10 also decreased the binding probability. These seem to
be very unstable interactions between the drug and the nucleotide. The time scale in the present
model (#) is the same as that used for the specific experiment described in the literature *.
Footprinting techniques can now act as time-resolved methods in the millisecond scale °.
Equation (5) was found to be statistically significant (p < 0.05). The high R* value meant that the
model accounted for 83% of the data variability. The relatively few cases reported for log
K(10™*M™") led us to perform a Jackknife procedure to assess the stability and predictability of the
model. The squared cross-validation regression coefficient showed that the model is capable of
explaining the same variance as in training (83/82.5%). Equation (5) involves the use of either
middle-range or long-range vibrational waves. It is remarkable that the parameters that appear in
equation (4) are virtually identical to those used in equation (5) and also have proportional
contributions.
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Conclusions

In general, it was shown here that the generalized vibrational MARCH-INSIDE model can
codify useful chemical information that accounts for drug-RNA interactions. In this way, the model
could be of great help in studying the mechanism of action of antiviral drugs that are designed to act
against HIV using their packaging region as a target. The models described here may be generalized
to other RNA—drug systems by changing both the RNA structure and the reduced mass of the
nucleotide—drug pairs. The approach described here represents a novel and very promising way to
design antiviral drugs *°. However, a more in-depth discussion is beyond the scope of the present

work.
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