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ABSTRACT

Motivation: Liquid state nuclear magnetic resonance (NMR) spectro-
scopy has now been well established as a method for RNA tertiary
structure determination. Most of the steps involved in the deter-
mination of RNA molecules are performed using computer programs.
They however, do not apply to resonance assignment being the start-
ing point of the whole procedure. We propose a tabu search algorithm
as a tool for automating this step. Nuclear overhause effect (NOE)
pathway, which determines the assignment, is constructed during
an analysis of possible connections between resonances within aro-
matic/anomeric region of two-dimensional NOESY spectrum resulting
from appropriate NMR experiment.

Results: Computational tests demonstrate the superior performance
of the tabu search algorithm as compared with the exact enumerat-
ive approach and genetic procedure applied to the experimental and
simulated spectral data for RNA molecules.

Availability: The software package can be obtained upon request
from Marta Szachniuk.

Contact: mszachniuk@cs.put.poznan.pl

1 INTRODUCTION

In the recent years, a determination of biomolecule structures has
become one of the most fundamental tasks in structural biology
and biochemistry. Initially, the researchers concentrated on pro-
teins and deoxyribonucleic acids (DNA). However, studying these
molecules alone appeared insufficient to answer all the questions
posed for years and the research has been extended to the molecules
of the ribonucleic acid (RNA), which transmits genetic information
from DNA to proteins and controls certain chemical processes in
the cell.

Primary, secondary and tertiary structures are the subjects of
RNA structural analysis. The primary structure depends on the num-
ber and sequence of nucleotides in the chain, secondary structure
describes one- and two-strand fragments and the formation of loops
or helices, finaly, tertiary structure characterizes the spatial shape
of the entire chain. A quick spread of nuclear magnetic resonance
(NMR) spectroscopy in thelast decades of the 20th century hasresul -
ted in this method gaining superiority over others, asfar as structure
determination of biomolecules in solution is concerned (Wthrich,
1986). The elucidation procedure using NMR involves two general
stages: experimental, wheremultidimensional correlation spectraare

*To whom correspondence should be addressed.

acquired; and computational, where spectra are analyzed and the
structure is determined. In all the methods of NMR structure ana-
lysis the raw experimental data are processed using the following
procedures of peak-picking, assignment, restraints determination,
structure generation and refinement (Varani and Tinoco, 1991). The
assignment of the observed NMR signals to the corresponding pro-
tons and other nuclei is a drawback of RNA structure elucidation
process and has recently become one of the most important spec-
tral problem. The assignment is usually based on the analysis of
two-dimensional (2D) spectraresulting from NMR experiments. For
short DNA and RNA duplexes it is performed manualy in accord-
ance with the experimenter’s knowledge and intuition. However, for
the longer nucleic chains the assignment step becomes complex,
owing to alarge number of signalsand their overlapping in the spec-
trum. Therefore, it has become necessary to facilitate NMR struc-
tural analysis of biopolymers by automating the procedures at this
level.

As far as proteins are concerned, the above process has resulted
in the designing of several automatic methods for their assignment
(Atreyaet al., 2000; Balley-Kellogg et al., 2004; Linge et al., 2003;
Moseley and Montelione, 1999). However, these methods cannot be
applied for nucleic acids spectra, because of the differencesin NMR
experiments for proteins and nucleic acids, and in their assignment
procedures, based on different sets of signals. To our knowledge,
only three papers (Adamiak et al., 2004; Roggenbuck et al., 1990;
Blazewicz et al., 2004) have dealt with procedures for automatic
generation of pathways between H6/H8 and H1' resonances, known
as the nuclear overhause effect (NOE) signals for RNA molecules
(leading to a construction of the NOE pathway). The first two
are concerned with exact backtracking and enumerative algorithms,
applicable for an analysis of short unbroken RNA duplexes. In the
third paper, the genetic algorithm in the construction of optimal solu-
tion in the NMR spectra of RNA simplexes and duplexes, has been
considered. Because of their limited applicability owing to time con-
straints and the excessive number of solutions generated by exact
algorithms, aswell asthe unsatisfactory precision of theoptimal solu-
tion constructed by the genetic method, we havefocused in thispaper
on the devel opment of atabu search approximation algorithm for an
automatic generation of the NOE pathway. The method takes into
account the specificity of thedataand it isbased on the combinatorial
model of the NOESY graph (Adamiak et al., 2004; Szachniuk et al.,
2003). The enumerative analytical algorithm (Adamiak et al., 2004)
applied for the long nucleic chains may construct too many feasible
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solutions, preventing the performance of the subsequent stepsin the
determination process. Asit is crucia to generate the pathways as
close as possible to the original one, we have considered an applica-
tion of metaheuristics. The experiments have shown a good quality
of the tabu search algorithm with a clear superiority over another
heuristic approach based on the genetic algorithm (Blazewicz et al.,
2004).

The paper is organized as follows. In Section 2 we present basic
ideas of acombinatorial model of the problem. The new tabu search
algorithm dedicated to the problem of NOE paths reconstruction, is
proposed in Section 3. Section 4 outlinesthe results of computational
experiments comparing exact enumerative, genetic and tabu search
algorithms. Section 5 sums up the results of tabu search application
in solving the problem of the NOE path construction and points out
the directions for further research.

2 SYSTEMS AND METHODS

Oneof thefirst analytical stepinthetertiary structure elucidation, istheiden-
tification of the sequence-specific connectivity H8/H6(,~)—H1/(l.)—H8/H6(,-+1)
pathway, represented as the NOE pathway in the 2D-NOESY spectrum
of RNA molecules (Wiithrich, 1986). A formation of such a path is pos-
sible because each aromatic H6/H8 proton of a nucleotide residue is in
close proximity to two anomeric protons: its own and the preceding H1’
one. For each RNA simplex and self-complementary RNA duplex one NOE
path exists. For non-complementary duplexes two NOE paths exist. We
will call them the original paths. Finding them is the aim of the presented
algorithm.

The NOE interactions between protons are represented as cross-peaks in
the 2D-NOESY spectrum generated for the molecule during the appropriate
NMR experiment. In the search for NOE connectivity pathway we focus on
the aromatic/anomeric region [(5-6) x (7-8) ppm)] of the spectrum, which
bordersinteractions between protons of our interest (H6, H8, H1'). The path
is composed of intranucleotide and internucleotide interactions, which give
rise to the alternately appearing cross-peaks. In the idea cases, the NOE
pathway starts with the intranucleotide interaction at 5’ end of the strand and
itslength equals2M — 1, where M isanumber of residues (nucleotides) inthe
RNA chain. Each proton belonging to the pathway, except for the starting and
terminal ones, gives cross-peaks with two other protons. Every cross-peak is
characterized by the two coordinates of its center, widthsin both dimensions
and the value of signal intensity. Every two consecutive points in the NOE
pathway have exactly one coordinatein common and consecutive connections
within the pathway lie vertically or horizontally. Figure 1 demonstrates an
exemplary NOE pathway found in the analyzed region of the 2D-NOESY
spectrum.

Respecting the biochemical description of the problem, we proposed a
graph-theoretic model (Adamiak et al., 2004; Szachniuk et al., 2003), as
a background for the complexity analysis and for the construction of the
algorithms solving the problem. The process of sequential assignments of
H6/H8-H1’ corresponds to the construction of a path between vertices of a
graph. Thus, converting 2D-NOESY spectrum to a certain graph structure
seems to be an attractive idea. Cross-peaks are obvious candidates for graph
vertices. Possible connections, which can be suggested during NOE path-
way reconstruction, define the edges of the graph. The following definition
(Adamiak et al., 2004; Blazewicz et al., 2004; Szachniuk et al., 2003) charac-
terizes anew type of agraph representing the selected region of 2D-NOESY
spectra and NOE sequence properties.

DErFINITION 1. (NOESY graph). Let G = (V,E), where V is a set of
vertices, E isa set of edges, be an undirected graph situated on a plane. We
will call G a NOESY graph, if the following conditions are satisfied:

(1) every vertex v € V represents one cross-peak from a hypothetical
spectrum S corresponding to G, and has the following properties

7.8
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Fig. 1. NOE connectivity pathway for r(CGCGCG)s,.

of the cross-peak: a number, two coordinates and widths in two
dimensions;

anumber |V | of verticesingraph G equalsanumber N of cross-peaks
in spectrum S;

2

-

3

N

every vertex v; € V, i = 1.N, isweighted and has a weight w; €
{0, 1}: w; = 0if thei-th cross-peak representsinter nucleotide signal,
w; = 1if the i-th cross-peak represents intranucleotide signal; thus
V = VoU V1, where Vo = {v;:w; =0,i =0.N}and V1 = {v;:w; =
1,i =0.N};

every edge e € E represents a potential connection between two
vertices of V having different weights and exactly one common
coordinate; and

(4

=

G

=

a number |E| of edges in graph G equals a number of all possible
connections (i.e. lines between two cross-peaks of different intensity
intervals having exactly one common coordinate) that can be drafted
in spectrum S.

Having any 2D-NOESY spectrum S, one can construct NOESY graph G
corresponding to aromatic/anomeric region of S. Figure 2 shows the rela
tionship between the [(5-6) x (7-8)] region of the 2D-NOESY spectrum
of r(CGCGCQG); (Fig. 2a) and the corresponding NOESY graph (Fig. 2b)
obtained according to Definition 1.

After converting spectrum S to graph G, an appropriate connectivity path-
way can be looked for in G. This, however, requires a formulation of the
NOE pathway problem in terms of graph theory.

DEFINITION 2. (NOE path). Let P = v1, va,...,v be a sequence of
vertices of the NOESY graph G = (V, E). We will call P; the NOE path in
G, if the following conditions are satisfied (Adamiak et al., 2004; Blazewicz
et al., 2004; Szachniuk et al., 2003, 2004):

D vievy,

(2) every vertex v; € V and every edgee; € E of G occursin path Pg
at most once,

(3) vertices with different weights appear alternately in Pg,
(4) every two neighboring edges of P are perpendicular,
(5) no two edges of P occur on the same horizontal or vertical line and
(6) alengthof P equals2|Vy| — 1.
NOE pathway constructed in the 2D-NOESY spectrum S of RNA molecule

is the solution (i.e. the original pathway) for the assignment problem. NOE
path Pg found in NOESY graph G corresponding to spectrum S, is the
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Fig. 2. Relationship between (a) NOESY spectrum (5-6) x (7-8) region and
(b) the corresponding NOESY graph.

appropriate solution for the same problem in the theoretica model. Thus,
a reconstruction of NOE path Pg (similar to Hamiltonian Path as far as
complexity of the problem is concerned) resultsin solving the problem of the
H6/H8-H1’ assignment.

For many instances, additional information, which reduces the search
space, is available and is considered by agorithms while verifying path cor-
rectness (Adamiak et al., 2004; Blazewicz et al., 2004). Such information
extend the application of the proposed combinatorial model to the non-ideal
instances. Thefollowing information can be added to the model, if available:
a spectra resolution, distance between splitting signals that form doublets,
overlapping in a specified spectral region (the algorithm can generate and
accept solutions, which include edges positioned on the same horizontal or
vertical line).

It has been proved that the problem of the NOE path construction in the
NOESY graphinitsoptimizationversionisstrongly NP-hard (Adamiak et al .,
2004) even for the ideal case. Hence, no polynomial-time exact algorithm is
likely to exist for this problem. Recently, the exact enumerative (Adamiak
et al., 2004) and genetic (Blazewicz et al ., 2004) algorithms have beenimple-
mented for the problem in question. An examination of the results obtained
after adopting these algorithmsto sets of real datarevealed certain drawbacks
of these approaches (e.g. an enormous set of feasible solutions were gener-
ated by enumerative algorithm for many instances, poor precision of optimal
solution when supplemental datawere not provided). Thus, aneed has arisen
for another approach that could improve the process of NOE signal assign-
ments in case of longer RNA chains and the noised spectra. Consequently,
anew algorithm for solving the problem, based on tabu search approach, is
proposed in the next section.

3 ALGORITHM

The heuristic algorithm for NOE pathways construction presented
in this paper is based on tabu search method, which is an exten-
ded version of alocal search procedure (Glover and Laguna, 1997).
In the tabu method, for every solution x in the search space X, a
neighborhood N (x) C X isdefined in such away that every neigh-
boring solution x” € N(x) can be reached from x in one move. A
move is an elementary operation of the method. Usually, the search
space X contains only feasible solutions for a considered problem.
Since thetabu search method is used to solve optimization problems,
every solution x € X must be evaluated according to some criterion
function f. Thus, the god isto find an element x* in X having the
optimal (i.e. minimal or maximal) value of the criterion function.
At each iteration i, an algorithm chooses current solution x; and
searches its neighborhood N (x;) in order to find a local optimum,
i.e. solution x; 11 = maXx;eN(x,-){f(Xf)} for maximization problems
or solution x;;1 = minxlgeN(x‘.){ f(x))} for minimization problems.
Special mechanisms, like tabu list, prevent the algorithm from get-
ting stuck in loops and in their search procedure. A tabu list stores
recent moves made by the algorithm and none of them, nor any of
their reverses can be performed unlessthey lead to the sol ution better
than the best one aready found. Moreover, some specific situations
allow for performing random or almost random moves, which cause
the algorithm to jump to the other parts of the search space X. This
description presents a general framework of the tabu search method
and can be enriched with some additional components specific to the
requirements of the considered problem.

The proposed tabu search algorithm is based on the above general
tabu approach but it is extended by adding an €lite structure that
stores the most promising solutions. They are used as base solutions
in the succeeding iterations of the search if the neighborhood of a
new solution appears to be worse. The dlite structure stores whole
solutions together with their versions of tabu list.

The search space X is constructed on the basis of fundamental
and supplemental input data. Fundamental data come from 2D-
NOESY experiment and describe cross-peaks in the spectrum, i.e.
cross-peak center coordinates, widths in two dimensions and NOE
signal intensity. The supplemental data contain the analyzed struc-
ture and the obtained spectral information and include analyzed
molecule sequence, NOE pathway length, intensity intervals, spec-
trum resolution, overlapping signals, doublets, additional signal
rejection, pathway potential starting points, known signal positions
within the pathway and H5-H6 interactions. Every solution x € X
is a vector of at most n cross-peaks, wheren = 2M — 1 and M is
anumber of residuesin theanalyzed RNA molecule. Solutionx in X,
being a NOE pathway, hasthe following properties: each cross-peak
is unique within x, every two neighboring edges of x are perpendic-
ular, no two edges of x occur on the same horizontal or vertical line.
A move of tabu method isfeasibleif it constructs a solution obeying
these constraints.

The tabu list has been designed as a queue storing ¢ last moves
leading to the base solution considered in the current iteration. Its
length, equal to 18 + I5/2, has been selected experimentally and
defined as a linear function of the problem instance size Is being
a number of cross-peaks in an aromatic/anomeric region of the
analyzed 2D-NOESY spectrum.

Initial solution is generated by a random procedure limited by
the general feasibility rules or by a greedy agorithm construct-
ing the solution by adding cross-peaks one by one and starting
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from various cross-peaks of aNOESY spectrum aromatic/anomeric
region. Finally, if the path welook for has amaximum length (owing
to some predefined conditions) and the greedy procedure returns a
solution shorter than 2M — 1, then the vector is complemented with
random cross-peaks.

Four different moves can be performed in order to generate the
neighborhood N (x) of the base solution x: swapping two selec-
ted cross-peaks of the base solution, exchanging one cross-peak
from x with an unused cross-peak from the spectrum, inserting an
unused cross-peak into any position of the vector storing solution x
or deleting a selected cross-peak from x.

The agorithm tends to maximize a number of cross-peaks in the
solution and minimizes edge deviations, inconsistency in neigh-
boring cross-peaks aternative appearances as well as cross-peaks
incompatibility with such predefined conditions like known posi-
tionswithin the path or H5—H6 signals. A random factor also dlightly
influencesthe eval uation of solutions. It has been introduced in order
toincreasethe probability of leaving thelocal optimum and to differ-
entiate solutions with the same scores. The globa criterion function
f has been defined as a weighted sum combining a set of different

criteria
1 7
f= - <,§=1 w; Yi +r> .

The components of the criterion function f are defined asfollows:

e n denotes path length; if the length has not been predefined by
the user, thenn = 1;

e r denotes arandom factor, r € (0,0.001);

e y1 € {0,1} (y1 = 1 if the predefined starting cross-peak is
not present on the first/last position of solution x, y; = 0O if
starting cross-peak is not predefined or the predefined starting
cross-peak is present on the first/last position of x);

o yo=Y""lain,
where a; ;11 € {0,1} (a;;+1 = 1if thei-th and the (i + 1)-st
cross-peaks have intensities in the same interval, otherwise
a;j+1=0);

o y3=Y 1 bj 141,
whereb;_1; ;+1 € {0,0.8,1} (thevalue of b;_1 ; j+1 depends
on deviation of edgesbetween j-thand (j — 1)-st aswell as j-th
and (j + 1)-st cross-peaks from horizontal/vertical position);

o ya=31 0D clis
where cj; € {0,1} (c;; = 1if the j-th and the i-th edges are
located on the same horizontal /vertical line, otherwisec;; = 0);

® y5 = Z?:l d;,
where d; € {0,1} (d; = 1 if the i-th cross-peak does not
correspond to any predefined H5-H6 cross-peak, otherwise
dl' = 0),

o Y6 =11 eiitt,
where ¢; ;11 has a value corresponding to an acceptable hori-
zontal/vertical deviation of an edge between the i-th and the
(i + 1)-st cross-peak in the solution; and

e y7y=N—n.
In the above formulae N denotes the total number of cross-peaks
in the considered region of the spectrum, n stands for the length

(i.e. the number of cross-peaks) of the current solution x and m
denotes the number of edgesin x. Weighting factors in function f

have been set to the following values: w1 = 100000, w, = 10000,
w3z = 10000, ws = 10000, ws = 1000, ws = 1 and wy = 1.
Optimization in the agorithm means minimization of the global
criterion function value.

The new base solution, as the starting point of the succeeding
iteration of the tabu algorithm, is selected according to an aspira-
tion criterion. The latter is constructed on the basis of the following
assumptions. Let x7. denote the best neighboring solution of x
obtained by a move deposited on tabu list 7. Next, let us denote
the best neighboring solution of x obtained by a move, which is not
deposited on tabu list T by x; .. The aspiration criterion says:

IF f(x7) = f(xyp) < f (best)

OR f(best) < f(x7) < f(x;7)
THEN new base solution = x,;.
ELSEIF f(x7) < f(best) < f(x,7)
THEN new base solution = x7.

In the above statement f denotes the global criterion function and
f(best) stands for the value of the best solution found so far, i.e.
aminimum. The remaining cases for aspiration criterion are typical
and arethe sameasfor astandard version of thetabu search algorithm.

The method stops when a global optimum has been found or 500
iterations without an improvement of the criterion function value
have been performed.

4 RESULTS AND DISCUSSION

In the experiments, three methods—tabu search, genetic and exact
enumerative algorithms have been analyzed. All of them were tested
on Indigo 2 Silicon Graphics workstation (1133 MHz, 64 MB) in
IRIX 6.5 environment. Thea gorithmswereimplementedin ANSI C
programming language and tested on thereal RNA data. The manual
assignment of NOE resonances is very tedious and time-consuming
asaresult of thelarge number of cross-peaksand possiblelarge num-
ber of existing alternative pathways. As aresult, RNA chains ana-
lyzed in laboratories are generally rather small and match those con-
sidered in this paper. Asatesting set we used agroup of experimental
and simulated 2D-NOESY spectra for the following molecules: I,
r(CGCGCG)y; II, 2-O-Me(CGCGCG),; Il and IV, (CGCGFCG)y;
V, d(GACTAGTC)3; VI, r(GAGGUCUC)y; VII, r(GGCAGGCC)y;
VIIl and IX, r(GGAGUUCC),; and X, r(GGCGAGCC),. The
input data are the same as used by Adamiak et al. (2004) and
Blazewicz et al. (2004). Experimental spectra of r(CGCGCG),,
2-0-Me(CGCGCG), and r(CGCGTCG), in D,O at 30°C were
recorded on Varian Unity + 500 MHz spectrometer. Standard pulse
sequence (Jeener etal., 1979) /2 — t1 — 1 /2 — Tm — /2 — o WaS
applied with mixing time t,, = 150 ms. Spectra were acquired with
1K complex datapointsin ¢, and 1K real pointsin the; dimension,
with spectral width set to 3.7 kHz. After digital filtration by Gaus-
sian functions, filling zero in ¢; dimension and base correction in 75,
datawere collected in 1K x 1K matrices with the final digital resol-
ution of 3.5 Hz/point in both dimensions. The 2D-NOESY spectrum
of d(GACTAGTC), was acquired on Bruker AVANCE 600 MHz.
This spectrum was recorded with mixing time r,, = 400 ms, 1K
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Table 1. Time of computations (s) by exact, genetic and tabu search algorithms and a number of feasible pathways

Molecule Test Number of Exact ag. Genetic algorithm computing Tabu search
feasible solutions computing time (s) time(s), p = 250 computing time (s)

| T1 1 1 1 0.5
T2 140 5 3 1

I T1 2 1 1 0.7
T2 776 60 2 1

11 T1 3 2 2 0.6
T2 72 4 4 11

v T1 2 1 1 0.5
T2 63 4 2 1

\Y T1 4 1 7 05
T2 240 5 4 0.9

Y T1 1 1 4 0.7
T2 160 30 4 13

VIl T1 2 1 4 04
T2 3192 2453 2 1

Vi T1 1 1 5 0.6
T2 843 170 2 1

IX T1 1 1 5 0.6
T2 1134 573 3 1

X T1 4 1 1 04
T2 64 5 2 0.8

real points in #;, 1K complex points in #, and spectral width of OGAmTS

6.0 kHz in both dimensions. After processing, the final digital 100% -

resolution was equal to 6 Hz/points in both dimensions. The spec-

tra of r(GAGGUCUC),, r(GGCAGGCC),, r(GGAGUUCC), and 80% -

r(GGCGAGCC), were simulated using Matrix Doubling method of

Felix software based on published *H chemical shifts (McDowell 60% -

et al., 1997; McDowell and Turner, 1996; Santa Lucia and Turner, .

1993; Wu et al., 1997) and 3D structures from Protein Data Bank. 40% 1

Volumes (intensities) of NOE cross-peaksfor 7, = 0.3 mswere cal- 20% -

culated from the full relaxation matrix, where a correlation timewas

set to 2 ns. The Lorentzian line shape functions were used for simu- 0%

lated NOE cross-peaks. The widths of these functions depended on
the sums of coupling constants cal culated from the duplex structures
based on K arplusequation using L ankhorst and Haasnoot parameters
(Jeener et al., 1979; Haasnoot et al., 1980; Lankhorst et al., 1984).
Numeric data for computational experiments were obtained after
peak-picking procedure of Felix Accelrys.

All the instances had been already solved manually, so we could
verify whether or not each algorithm found original solution. All
the molecules formed self-complementary chains, so one original
pathway existed for each of them. The tests have shown, that for
most instances a number of feasible solutions existed.

Two tests T1 and T2 were performed for every molecule and
each agorithm. In the first test (T1) algorithms used all available
expert (supplemental) knowledge, while in the second test (T2)
the minimum amount of information were considered. We have
examined the time taken for computations by all the algorithms.
Table 1 shows computation time for test T2 (which is a worse
case), when asmall amount of supplemental data has been provided.
In the case of exact enumerative algorithm al the feasible solu-
tions have been generated (their number No for each instance
is shown in Table 1), while genetic (GA) and tabu search (TS)

| m N~ Vv Vv Vv v X X

Fig. 3. Precisionintest T1.

methods have constructed one optimal solution for each instance.
An analysis of computation time for genetic algorithm was made
for the population size p = 250 (Blazewicz et al., 2004). We
have also analyzed the precision of optima solution found by
genetic and tabu algorithms (Figs 3 and 4) in tests T1 and T2.
The value of precision was calculated as a percentage of the
cross-peaks in the origina path covered by the generated optimal
solution.

We see that the proposed tabu search agorithm is the fastest of
all the designed methods. Thiswill be crucial in case of an analysis
of longer nucleic chains, for which manual assignment is a difficult
and tiresome work, usually impossible to be done in days or even
weeks. What is more, in most cases, the precision of optimal solu-
tions constructed by TSis better than those of the genetic algorithm.
This is especially true for the instances with no supplemental data
provided, for which al so an enumerativealgorithmishardly effective
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Fig. 4. Precisionintest T2.

because of the huge number of feasible solutions that are gener-
ated. Theresults depend strongly on theinput data, especialy on the
availability of supplemental data, which were not provided for one
of the tests (T2). In the latter, the algorithms operated on minimum
expert knowledge, which means that the information required for a
proper interpretation of the input spectral data only, has been sup-
plied. Thus, the information about spectral resolution, doublets or
overlappings has been given, while no additional information, such
aspathlength, intensity intervals, H5—H6 signal s, known signal posi-
tionswithin the path, signal rejections, etc. have been provided. Such
additional information is easy to define for the spectra of short RNA
chains, where the 2D-NOESY spectra are not overcrowded. Unfor-
tunately, longer the chain that is analyzed, the more packed is the
spectrum obtained in the NMR experiment. Too many cross-peaks
located within the same spectral region prevents the experimenter
from defining the additional information just from the spectral data.
Thisinturn resultsin many overlapping signals. Thus, supplying any
additional data to the algorithms solving the problem appears hard
and the experimenters try rather, the less risky, algorithms without
the expert information. Unfortunately, computational analysis with
the use of enumerative algorithm in such cases appears rather inef-
fective and disqualifiesthis method here. Of course, one may be sure
that the enumerative algorithm finds the original solution, but look-
ing through the generated set of at least 60 feasible paths in order to
locate this original one is a hopeless job and harder than a manual
reconstruction of the NOE path. Thus, it seems beneficial to apply
genetic or tabu search agorithm for solving such instances of the
problem. Evenif the heuristicsfind only half of the original pathway
it facilitates the problem to a very large degree. Having the partial
assignment, an experimenter is able to complete the NOE pathway
in a reasonable time without too much of an effort. On the other
hand, in case of the lack of knowledge (test T2), the obtained path
maybe of lower than expected precision. In these cases, additional
NMR experiments may help to verify the goodness of the solution
obtained by the tabu search approach.

5 CONCLUSIONS

In this paper, the problem of the reconstruction of NOE pathwaysin
2D-NOESY spectra of RNA molecules has been considered. The
tabu search algorithm, based on the combinatorial model of the
problem, has been proposed and applied to the collection of spec-
tral data gathered from the NMR experiments for different RNA

molecules. During computational experiments we have compared
the results obtained by the tabu method against those obtained by
exact enumerative and genetic algorithms, respectively. Tabu search
method gives superior results and for most instances the obtained
solutions coincide with the majority of verticesin the original NOE
path. Tabu searchisalso thefastest of all the tested methods designed
for an automatic assignment of NOE pathways. In case of an expert
knowl edge deficiency, thetabu approach narrowsdown thefinal solu-
tion set indisputably well, thus, appearing very useful in practical
situations. The large number of possible NOE pathways returned by
the enumerative algorithm for the instances without the additional
expert information, makes this approach hard to use.

As acontinuation of the research reported in this paper, one may
consider theanalysisof spectrawhich containalot of noisesignalsas
well as3D spectraof RNA molecules. Sincetabu searchisaquick and
precise method, applying it to more complicated cases and instances
aswell asto an analysis of long nucleic chains seems promising.
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