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A computational system, CSNA, for classifying RNA structures according to structural
characters was developed. CSNA lists up all the hydrogen bonds and base-base stack-
ings in the structures, and classifies the structures into sub-groups based on their pat-
terns as the first step grouping. The frequency of each hydrogen bond or base-base
stacking is calculated, the frequency score being defined as the sum of the frequency of
existing hydrogen bonds or base-base stackings for each sub-group. Finally, the sub-
groups are further classified into groups based on the frequency score defined in this
study and the difference between the patterns. According to the frequency score, CSNA
suggests a group that shares most frequently appearing hydrogen bonds and base-base
stackings. CSNA was applied to the classification of the results of two individual simu-
lated annealing calculations based on NMR information. It was found that CSNA could
extract structures with lower energy without checking any energy term and could pro-
vide well converged groups as the lowest energy structures. Thus, CSNA could be a new
tool for structural determination of nucleic acids.

Key words: base-base stacking, classification, hydrogen bond, NMR, RNA structure,
structure determination.

The functions of bio-macromolecules, such as proteins and
nucleic acids, depend on their 3D structures. Thus, determi-
nation or modeling of a 3D structure is important for clari-
fying the molecular mechanism of a function. Although X-
ray crystallographic analysis and nuclear magnetic reso-
nance (NMR) analysis are performed to obtain structural
information at atomic resolution, these methods are not
always applicable for larger biomolecules, especially for
RNA due to its intrinsic flexibility and dynamics. Thus,
computational methods are important for structural deter-
mination of such RNA

As for structural determination by NMR, usually a hun-
dred structures are calculated to obtain a set of converged
results. However, due to the lack of information or intrinsic
flexibility, the results of structural calculation for RNA mol-
ecules do not always converge well. In some cases, it is hard
to know what happened by just checking the energy and
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NMR violations. On the other hand, it may be that even
though the overall structures are not converged, some parts
are converged locally, or more than one converged structure
is simultaneously obtained. Thus, the classification of struc-
tures according to their similarities will be useful for ana-
lyzing the character of a set of NMR structures.

We developed a system for classifying a set of RNA struc-
tures based on the similarity of hydrogen bond and base-
base stacking patterns. The preliminary version of the sys-
tem has been applied to the results of structural modeling
with the program MC-SYM (2). MC-SYM generates possi-
ble conformers of RNA with a given sequence by using the
internal nucleotide structure database. 279 conformers pro-
duced by MC-SYM of 15-mer RNA hairpin were classified
into 89 and 36 groups as to hydrogen bond and base-base
stacking, respectively (2, 3). Even for such small molecules,
there are so many hydrogen bond and base-base stacking
patterns to obtain so many groups. Thus, in the present
study, we introduced a second step.

We developed a system of computer programs, CSNA,
standing for "Classification System for Nucleic Acid struc-
ture determination," to extract the hydrogen bond or base-
base stacking information, and group structures in two
steps according to the information. The first step is similar
to the one we used previously (2, 3), and the second step
was introduced in the present study. An outline of grouping
is shown in Fig. 1. The system was applied to two individ-
ual sets of NMR structures: a 29-mer RNA, HE6 (4; PDB
ID: 1L1W; Fig. 2A), corresponding to helix 6 of the human
SRP RNA, and a 22-mer RNA, GBS/coG (5; PDB ID: 1K2G;
Fig. 2B), corresponding to the guanosine binding site and
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3'-terminal guanosine of the Tetrahymena group I intron
(6). For both RNAs, NMR structures have been de-termined
by the conventional method.

THEORY

Recognition of Hydrogen Bonds and Base-Base Stack-
ings—For all pairs of acceptor and hydrogen atoms that are
possibly included in hydrogen bonds, the distances are cal-
culated, and any pair having a distance shorter than the
pre-defined threshold (2.5 A) is recognized as a pair form-
ing a hydrogen bond. For the current system, distance is
the only criterion for hydrogen bond discrimination.

To extract the base-base stacking, position and direction
are denned for each base moiety. Position is denned as the
average position of all but hydrogen atoms in the base.
Direction is denned as the normal vector of the base plane.
A base-base stacking pair is defined as a pair of bases for
which the distance between the positions is less than 4.0 A,
and the angle between the directions is less than 30
degrees or more than 150 degrees.

The threshold values used for this detection were
checked by using the well-known tRNA structure (data not
shown).

First Step Grouping—The process starts with listing up
all the hydrogen bonds and base-base stackings for each
structure according to the criteria described above, and a
"complete list" of hydrogen bonds and base-base stacking
found in the set of structures is generated. Then, according
to the complete list, a "bit list" for each structure is gener-
ated: the n-th bit in the bit list indicates the presence (1) or

absence (0) of the n-th hydrogen bond or base-base stacking
in the complete list. Finally, the structures are grouped by
comparing the bit lists: each sub-group consists of struc-
tures having the same bit list.

Scoring the Sub-Groups—For each hydrogen bond or
base-base stacking, the frequency of appearance in the set
of structures is determined, and a "frequency list," in which
the n-th number indicates the frequency of the appearance
of the n-th hydrogen bond or base-base stacking in the set
of structures, is produced. A "frequency score," which is
denned as the inner product of the frequency list and the
bit list, is calculated for each sub-group. This score repre-
sents the generality of the sub-group in the set of struc-
tures.

Second Step Grouping—To bundle the sub-groups shar-
ing the frequently appearing hydrogen bonds and base-
base stackings, weighted differences of structures for each
pair of sub-groups are calculated as follows. A "difference
list" is calculated as the logical exclusive or (XOR) between
the bit lists. Then, a "structural distance" is denned as the
inner product of the difference and frequency lists. The sub-
group having the best (highest) frequency score is chosen
as a reference sub-group of the best group. Then, the best
group is denned as a group including the reference sub-
group and sub-groups that exhibits the shorter structural
distance from the reference group than a threshold. The
next group is defined using another reference group that
has the best frequency score among the remaining groups,
and so on.

G - A

structures

first step
grouping

subgroups

frequency score

second step
grouping

groups

Best
Fig. 1. Strategy for classification. The input for the system is a set
of conformers of a molecule in the PDB format. According to the pat-
terns of detected structural elements, the structures are classified
into sub-groups. For second step grouping, the frequency score and
structural distance are calculated. The sub-group that has the best
frequency score is chosen as the reference sub-group of the best
group. If the structural distance of each sub-group from the refer-
ence sub-group is less than a pre-defined threshold, the sub-group is
added to the best group. The next group is defined using another ref-
erence group that has the best frequency score among the remaining
groups, and so on.
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Fig. 2. Secondary structures of RNAs. (A) HE6 is a 29-mer RNA
corresponding to helix 6 of human SRP RNA (4). The NMR struc-
tures have been obtained with the program Discover with the amber
force field. (B) GBS/u>G is a 22-mer RNA corresponding to the P7 and
P9.0 stems connected by two tetra loops (5). The NMR structures
have been obtained by the program X-PLOR (7). Broken lines repre-
sent Watson-Crick base pairs. The filled circle represents a G-U wob-
ble base pair. The open circle represents the interaction between the
3'-terminal guanosine (CDG) and guanosine binding site (GBS) of the
Tktrahymena group I intron. Original numbering systems were
used.
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METHODS

CSNA was applied to the classification of 100 structures of
HE6 and 400 structures of GBSAoG, which had been ob-
tained by structural calculations with Discover (Accelrys)
and X-PLOR (7), respectively. For the first step grouping,
each set of structures was classified into sub-groups, and as
the second step grouping, each set of sub-groups was fur-
ther classified into groups for each of several thresholds at
the second step. In the case of GBS/ooG, the average struc-
ture and average root mean square deviation (rmsd) are
calculated for four sets; all 400 structures, the 10 lowest
energy structures, and the best groups with thresholds of 3
and 4. The average rmsd of a set was defined as the aver-
age rmsd between the average structure of the set and each
structure of the set. The program CARNAL in AMBER (8)
was used to calculate average structure and rmsd between
structures.

RESULTS

Classification of 100 Structures ofHE6—The new classi-
fication system, CSNA, was applied to a set of NMR struc-
tures of HE6, which consisted of both well-defined struc-
tures and less-defined ones. At the first step, 501 hydrogen
bonds and 48 base-base stackings were detected, the result-
ing length of the bit list being 549. As a result of such a
long bit list, 100 structures were classified into 100 sub-
groups. In the next step, the 100 sub-groups were classified

according to the structural distance (which is defined in the
theory section). Figure 3A shows the relation between the
threshold of the structural distance and the number of
resulting groups for HE6. For grouping with both hydrogen
bond and base-base stacking information (Fig. 3A, circles),
if the threshold was less than 6, all sub-groups were classi-
fied into individual groups and each group consisted of a
single sub-group, indicating that the smallest structural
distance between the high score sub-group and other sub-
groups is more than 6. On the other hand, if the threshold
was larger than 20, the sub-groups were classified into a
few groups. Figure 3A also shows the results of classifica-
tion with only the hydrogen bonds (triangles) or base-base
stackings (squares). Because the number of hydrogen
bonds is 10 times greater than that of base-base stacking in
the bit list, the smallest structural distance depends on the
hydrogen bond patterns. However, with thresholds of more
than 6, grouping depends on both the hydrogen bonds and
base-base stacking. With the thresholds of 10 and 15, the
100 structures were classified into 75 and 28 groups, the
best groups consisting of 7 and 41 structures, respectively.
Figure 4, A and B, shows the number of structures in each
group with the number of low-energy structures in each
group. The total energy includes covalent (bond, angle) and
non-covalent (van-der-Waals, electrostatic) energies, and
improper and NMR-derived restraints terms were used as
the calculated energy. It was shown that structures with
the lowest energies were almost all classified into the top
one or few groups.
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Fig. 3. Relation between the threshold and number of groups
for (A) HE6 and (B) GBS/coG. Triangles, squares, and circles repre-
sent hydrogen bonds, stacking, and both.
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Fig. 4. Distribution of the number of structures for each group.
Group number 1 represents the best group The numbers of low en-
ergy structures are indicated by filled bars. (A) Results for HE6, with
the threshold of 10. (B) Results for HE6, with the threshold of 15. (C)
Results for GBS/OJG with the threshold of 3. (D) Results for GBS/a>G,
with the threshold of 4. For panels C and D, only the top 100 groups
are shown.
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Fig. 5. Relation between the energy and frequency score for
the set of GBS/ioG structures. The relation for all structures is
shown in panel A. The filled circles in panels B and C represent the
structures included in the best group. The triangles in panel C rep-
resents the 10 lowest energy structures.

Classification of 400 Structures of GBS/aX?—CSNA was
also applied to a set of NMR structures of GBS/coG. 200
hydrogen bonds and 37 base-base stackings were detected,
the resulting length of the bit list being 237. As in the case
of HE6, the 400 structures were classified into 398 sub-
groups. Figure 3B shows the relation between the thresh-
old of the structural distance and the number of resulting
groups for GBS/coG. Compared to HE6 (Fig. 3A), the GBS/
toG structures could be grouped with a smaller threshold
value, indicating that the GBS/ioG structures are more sim-
ilar to each other than the HE6 ones. Figure 3B also shows
that hydrogen bonds and base-base stackings contributed
almost equally to the classification. Figure 4, C and D,
shows the numbers of structures and low-energy structures
for each group of GBS/toG. The total energy includes cova-
lent (bond, angle) and non-covalent (van-der-Waals) ener-
gies, and improper and NMR-derived restraints terms were
used as the calculated energy. In these cases, the members
of the best group and low energy structures did not match
well.

Analysis of the Groups of GBS/CJG Structures—The rela-
tion between the potential energy and the frequency score
was analyzed for the GBS/toG structures, as shown in Fig.
5. Figure 5A shows a clear relation: lower energy struc-
tures have higher frequency scores. Judging from the en-
ergy, these structures were well converged and most of the
structures have lower energy. In fact, 81% of the 400 struc-

Number of
structures

400
10
22
74

Average rmsd
(A)

3.56
3.00
2.92
2.92

TABLE I. Average rmsd of some sets of structures of GBSfcoG.
rmsd between the average structure and each structure of a set
were used to calculate average rmsd.

Set of structures

Low energy structures
Best group with threshold of 3
Best group with threshold of 4

tures exhibit no violations for distances and dihedral an-
gles derived from NMR data.

Figure 5B shows the distribution of the structures be-
longing to the best group for the thresholds of 3,4, and 6. It
was found that the best group for the threshold of 6 was
almost the same with the lower energy structures, and
CSNA could further classify the lower energy structures
with smaller threshold values. Figure 5C shows that the
members of the best groups with the threshold of 3 were
concentrated in the highest score region and did not over-
lap the 10 lowest energy structures (triangles).

DISCUSSION

Previously, we developed a classification system that judges
structural similarity according to two randomly selected
reference structures (2). With that system, the results are
biased by the reference structures. Then, the algorithm was
improved (3) and a new system, CSNA, was proposed, as
described above. The superiority of this new algorithm is
the independence of reference structures and adjustability
of the grouping threshold. Figure 3 shows that both the hy-
drogen bond and base-base stacking contribute to the
grouping, indicating that detection of hydrogen bonds and
base-base stacking works, and suggesting that hydrogen
bonds and base-base stacking are similarly important for
RNA structure. When the threshold of 10 was used in the
case of HE6, the members of the best four groups were
almost the same with the lowest energy structures (Fig.
4A). This also indicates the validity of this system. In the
case of GBS/coG, the members of the best group were con-
centrated in the highest score region and not located in the
lowest energy region (Fig. 5C). However, if the threshold of
6 was used, the members of the best group, which consisted
of 275 structures, were almost the same with the lower
energy structures (Fig. 5B, bottom panel).

Figures 4A and B, and 5A suggest that the structures
having higher frequency scores are more structurally sta-
ble. Simply, the structures have more hydrogen bond and
base-base stacking interactions, indicating that the struc-
tures have lower energy. Table I shows the average rmsd
for the set of low energy structures and the best groups for
GBS/OJG with the thresholds of 3 and 4. It was found that
both average rmsd values for the best groups are lower
than the set of the lower energy structures, suggesting an
alternative way of selecting "converged" structures from a
set of calculated structures. It should be noted that the best
group chosen by CSNA is not always a feasible structure
and, also, CSNA may provide more than one best group.
CSNA can analyze the characteristic of the structure set,
and suggest groups sharing most frequently appearing hy-
drogen bonds and base-base stackings.
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There Eire several classification systems for structures,
such as FSSP (9), CATH (10, 11), and SCOP (12) for pro-
tein structures, and SCOR (13) for RNA structures. Fur-
thermore, an automated procedure for assigning CATH
and SCOP classifications to proteins whose FSSP scores
are available has been reported (14). However, the targets
of these systems differ from that of CSNA, which is a set of
conformers of one molecule. On the other hand, the pro-
gram NMRCLUST (15) clusters a set of structures of one
molecule. But it cannot suggest the best group because it
clusters based on the pair wised rmsd, which does not
reflect molecular stability. More importantly, if local struc-
tures in a set of structures converge, CSNA must be able to
detect it because the system classifies structures according
to their local structural information, such as hydrogen
bonds and base-base stacking. In other words, CSNA may
be used as a tool for analyzing the local structure of RNA.
On the other hand, the local structures of proteins can be
analyzed by using a O-C" distance map (16), which re-
flects local structures.

In spite of the simplicity of the algorithm used in the
classification system CSNA, it could extract a set of lower
energy or well-defined structures. Thus, CSNA is a rapid
and useful way of analyzing a set of structures. In particu-
lar, it will be useful for classifying not well-converged struc-
tures to extract common features of a set of structures or
molecular parts, which are converged well. The authors are
preparing to provide CSNA function in a Web site.

The authors are grateful to Prof S. Yokoyama for the use of the
NMR structures, and Drs. A. Kitamura and T. Sakamoto for the
helpful discussion.
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