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Extracting Stacking Interaction Parameters for RNA
from the Data Set of Native Structures
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A crucial step in the determination of the three-dimensional native
structures of RNA is the prediction of their secondary structures,
which are stable independent of the tertiary fold. Accurate prediction
of the secondary structure requires context-dependent estimates of the
interaction parameters. We have exploited the growing database of
natively folded RNA structures in the Protein Data Bank (PDB) to
obtain stacking interaction parameters using a knowledge-based
approach. Remarkably, the calculated values of the resulting statistical
potentials (SPs) are in excellent agreement with the parameters
determined using measurements in small oligonucleotides. We validate
the SPs by predicting 74% of the base-pairs in a dataset of structures
using the ViennaRNA package. Interestingly, this number is similar to
that obtained using the measured thermodynamic parameters. We also
tested the efficacy of the SP in predicting secondary structure by using
gapless threading, which we advocate as an alternative method for
rapidly predicting RNA structures. For RNA molecules with less than
700 nucleotides, about 70% of the native base-pairs are correctly
predicted. As a further validation of the SPs we calculated Z-scores,
which measure the relative stability of the native state with respect to
a manifold of higher free energy states. The computed Z-scores agree
with estimates made using calorimetric measurements for a few RNA
molecules. Structural analysis was used to rationalize the success and
failures of SP and experimentally determined parameters. First, from
the near perfect linear relationship between the number of native base-
pairs and sequence length, we show that nearly 46% of nucleotides are
not in stacks. Second, by analyzing the suboptimal structures that are
generated in gapless threading we show that the SPs and experimen-
tally determined parameters are most successful in predicting stacks
that end in hairpins. These results show that further improvement in
secondary structure prediction requires reliable estimates of interaction
parameters for loops, bulges, and stacks that do not end in hairpins.
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Introduction

Since the pioneering discovery that RNA
possesses catalytic activity the list of biological
functions involving RNA has continued to expand.1

Its biological functions include, among others,
catalysis of peptide bond formation,2 translation
lsevier Ltd. All rights reserve
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regulation and intron splicing,3 and many
enzymatic activities.4 Because there is a direct
link between the tertiary structure and the
function of biological molecules it is important
to determine the native structures of RNA.
Unlike in proteins, in which secondary structure
stability is coupled to tertiary interactions,
secondary structures are more independently
stable in RNA. As a result, RNA folding can
be separated into two steps, with the first being
the formation of secondary structure while the
second represents the consolidation of secondary
d.
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structures into compact native states. The two
hierarchical levels of organization in RNA can
be separated experimentally by adjusting the
concentration of counterions (usually Mg2C).

Over the last 20 years, there has been a concerted
effort towards developing the tools needed for
predicting RNA secondary structures.5–11 Using
these algorithms and experimentally determined
thermodynamic data on small oligonucleotides, one
can obtain fairly accurately the secondary struc-
tures for a large variety of RNA sequences
composed of the different elements of secondary
structure; namely, stacks and hairpins. Despite the
success of algorithms for secondary structures
many motifs (bulges, multiloops, pseudoknots)
cannot be easily predicted.12,13 Reliable estimates
of thermodynamic interaction parameters are
needed for secondary structure predictions to be
successful.9–11 At present, the most accurate par-
ameters for RNA secondary structure come from
the pioneering efforts of Turner & Zuker.9–11 Using a
combination of experimental measurements on
short oligonucleotides and novel computational
approaches, Turner & Zuker and their collabor-
ators have produced interaction parameters that
have been remarkably useful. A key finding made
by these authors is that context determines the free
energy (more precisely the potential of mean force)
values. More recently, they have shown that use of
experimental constraints in MFOLD greatly
improves secondary structure prediction.11

In protein folding, the non-redundant structures
in the Protein Data Bank (PDB)14 have been used to
obtain estimates of tertiary interactions between
amino acid side-chains using methods introduced
by Tanaka & Scheraga,15 and developed further by
Miyazawa & Jernigan16 and others.17,18 The result-
ing potentials have been moderately successful in
obtaining coarse-grained descriptions of protein
structures. To date, similar ideas have not been used
to obtain interaction parameters for RNA using the
knowledge of their three-dimensional structures.
The increase in the number of RNA structures in the
PDB allows us to assess the reliability of the
knowledge-based parameters for RNA molecules.
A key advantage of using PDB for obtaining
statistical potentials is that an estimate of the terti-
ary interactions that stabilize the three-dimensional
RNA structures can also be made. The purpose of
this work is to utilize the currently available RNA
structures to obtain interaction parameters for
secondary structure predictions. We find that the
calculated stacking interactions compare favorably
with the experimentally determined thermodyn-
amic parameters provided a temperature scale is
chosen appropriately (see Methods). More
importantly, when used in the ViennaRNA
package, which does not use experimental con-
straints, the present statistical potentials and the
Turner parameters are equally successful in
predicting the secondary structures of RNA
molecules.
Results

Stacking potentials

From the dataset of RNA structures (Table 1), we
extract the stacking free energy for each combi-
nation of base-pairs using equation (3) (Methods),
which requires as input the number of stacks of a
given type (Table 2). The frequencies of occurrence
of the four nucleotides in the sequences in our
dataset are: PAZ0.23, PCZ0.26, PGZ0.33 and PUZ
0.18. The data in Table 2 and the values of PA, PC,
PG, and PU are used in equation (3) to obtain the
statistical stacking energies (Table 3). Comparison
with the thermodynamically determined values
(shown in parentheses in Table 3) shows that the
interaction parameters in the statistical potentials
(SPs) agree very well with Turner’s stacking free
energies. The exceptions are the sign changes in the
(UG,UG) and (UG,GU) pairs. There are two
possible reasons for the disagreement in the
stacking energies for these two pairs between the
SP estimates and Turner’s rules: (1) the number of
intra-chain stacks for these two pairs is relatively
small (Table 2). The knowledge-based approach
works best only if there are a large number of stacks
of a given type in the dataset. Consistent with this
reasoning, we find that the largest discrepancy in
the trends between the SPs and Turner’s values
arises whenever the entries in Table 2 are relatively
small (!50). (2) Stacking free energies for specific
base-pairs are determined by spectroscopic
measurements fromwhich the equilibrium constant
between the open and closed form of stacked pairs
in oligonucleotides is estimated. The experimental
conditions in suchmeasurements do not necessarily
mimic the physical environment of stable contact
formation found in naturally occurring RNA.
Indeed, it is known that Turner’s parameters have
some limitation in predicting the correct native
conformation of an RNA sequence when counterion
binding plays an important role.4 In the stacking
free energy parameters obtained using the knowl-
edge-based approach, counterion-mediated con-
tacts are included only in a “mean-field” sense.

Gapless threading and fold recognition

We use gapless threading to assess the validity of
the computed stacking interaction potentials. For
each sequence S in the dataset, with known native
state GN, we calculated the native free energy
DGN(S,GN) using the PDB structure and the free
energies {DG(S, GD)} when S is mounted on all other
decoy structural fragments GD of equal length from
longer chains (see Methods). If the calculated free
energy parameters are accurate, then the inequality
DGN(S,GN)!DG(S, GD) should be satisfied for all D.
Because the SPs are obtained in a coarse-grained
manner using a limited sized RNA database, it is
possible that the native state may not correspond
to the minimum free energy state for all the
test sequences. More importantly, the SPs have not



Table 1. List of 246 RNA structures used to obtain the statistical potential

Single chain
17ra la4tP 1a51rs 1a60 1A9NP 1afx 1aju 1AQ3P 1arj 1atorz
1atv laud 1b36rz

P 1BAU 1bgz 1bivP 1bn0 1bvj 1byj 1c0orz
1c2wrs 1ck5rs

P 1ck8rs
P 1cn8P 1cql 1cx0rz 1d6krs

P 1dklrs
P 1drzrs

P 1dulP

1DZSP 1e4prz 1E7KP 1e8ors
P 1e95 1ebr 1EC6P 1lekzp 1esh 1esy

1etfP 1exyP 1f27P 1f6uP 1f7frz 1f7yrs
P 1f84rs 1f85rs 1ffzrs,rz 1fhk

1fjeP 1fjgrs
P 1FOQ 1fqzrs 1g70P 1GIDrz 1GRZrz 1HC8P 1hjiP 1hlx

1hs2rs 1hwqrz li3x 1I6U 1i94rs
P 1idVrs 1ie2 1ikl 1ikd 1jidP

1JJN 1jo7 1jP0 1jtj 1jtw 1ju7 1jur 1k4a 1l1w 1k5i
1k6g 1K9W 1kaj 1KIS 1kks 1kos 1kp7rs 1kpz 1kxk 1l2x
1l3d 1L8Vrz 1lng 1lu3rs 1m5l 1m82 1mfj 1mfk 1mfy 1MJIP

1MMSP 1mnbP 1mnx 1msy 1mt4 1mzprs
P 1n8x 1na2 1nbr 1NBS

1nc0 1nz1 1o15 1OOAP 1oq0 1osw 1ow9rz 1P5mrs 1P5Prs 1p9xrs
1pbrrs 1pjy 1q75 1qc8 1qfqP 1qwars 1qwb 1r2Prz 1r7Wrs 1rfr
1bfnhrz 1rng 1rnk 1roq 1s9s 1scl 1sjfrz

P 1Slp 1sy4 1szy
1t4lP 1tfn 1tlr 1u2a 1URNP 1uuu 1vbxrz

P 1vc0rz
P 1voprs 1wtsrs

1zig 28sp 2a91 2ldzrz 2tpk 2u2a 361D 3php 430d 437d
480d 488drz

Multiple chain
157d2(*) 1a342P(*) 1a3m2(*) 1a4drs

20 (*) 1ajl2
0

(*) 1ajt2
0

(*) 1al52 (*) 1BY42P (*) 1c04rs
20 1c2xrs

2 (*)
1c4l2(*) 1csl2 (*) 1dfurs

2P (*) 1dqf2
0

(*) 1DUQ2 (*) 1dz52P (*) 1eka2 (*) 1ekd2 (*) 1elh2
0

(*) 1f5g2 (*)
1feurs

2-2 0-P(*) 1ffkrs
2 0 1fuf2 (*) 1guc2 (*) 1hys2P (*) 1i6h2P (*) 1i7j2 (*) 1i9k4 (*) 1i9x2 (*) 1j8g4 (*)

1jbr3P 1k8s2 (*) 1kd32 (*) 1l3z2 (*) 1lmv2 (*) 1lnt2 (*) 1M5Krz
2 0P (*) 1mhk2 (*) 1mis2 (*) 1msw30P (*)

1muv2 (*) 1mvl2 (*) 1mv6 (*) 1mwg2 (*) 1mwl2 (*) 1n352 (*) 1n532
0

(*) 1NUJ2
0

(*) 1pbm2 (*) 1pnsrs
4 0P

lqc02-2
0

(*) 1qcu2 (*) 1qes2 (*) 1qet2 (*) 1q1n2 0P (*) 1qwars
20 1rau4 (*) 1rna2 (*) 1rxb2 (*) 1sdrrs

4 (*)
1TF62P (*) 1yfv2 (*) 205d2 (*) 259d2 (*) 280D2 (*) 2bj22

0

354d2 (*) 356d2 (*) 357d2 (*) 359dhrz
2 0

364d2 (*) 377D2 (*) 379dhrz
20 397d2 (*) 402d2 (*) 405d2 (*) 420d2 (*) 429Drz

20 (*) 433d2 (*) 438d2 (*)
439d2 (*) 439d2 (*) 472d2 (*) AZOS3 0

The meanings of the superscript and subscript are as follows. P signifies RNA–protein complexes. The numerical label 2,3,. indicates the number of chains. The symbol 0 denotes a complex formed
from different chains. rz stands for ribozyme structures, while rs denotes ribosomal structures. From RNA dimer complexes composed of identical chains (each having a non-zero number of intra-
chain contacts) we selected only one subunit of the complex and specified this modification using a capital letter (for example 1GID, 1BY42P). This was done in order to prevent the introduction of
spurious data in the statistical analysis. PDB codes with (*) mark are the non-intra-chain contact structures composed of multiple chains complex that are stabilized only by inter-chain contact. Codes
in bold correspond to RNA structures that were selected from the PDB list in January 2003.



Table 2. Number of intra-chain stacks in 172 RNA structures from PDB

CG GC GU UG AU UA

619 850 149 111 273 296 CG
880 740 170 99 313 322 GC
164 226 13 6 66 10 GU
73 116 20 50 40 60 UG
322 357 56 27 106 95 AU
282 262 32 27 80 106 UA

The total number of bases in stacks is 7424.
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been optimized to recognize any specific PDB
structure. Nevertheless, if the SPs approximately
reflect the true energy parameters in RNA struc-
tures, then a large percentage of all test sequences
should pass the threading test, i.e. the native state
should have the lowest free energy.

When we use the statistical parameters for
stacking interactions in gapless threading, we find
(Figure 1) that about 70% of the RNA secondary
structures in our dataset are recognized correctly.
This can be improved up to 75% if we include in the
success list the predicted structures with backbone
RMSD !2 Å.19 It is remarkable that the prediction
rate coincides perfectly with the percentage
obtained when using the Turner parameters in
gapless threading. This shows that the performance
of the SPs is comparable to the well-known Turner
interaction parameters for stacking.

To establish the significance of the results
obtained when using either the SPs or Turner
potentials, it is important to compare these results
with predictions generated when using less accu-
rate parameters sets. Mathews et al.11 tested the
efficacy of a parameter set (that counts only
hydrogen bonds between the canonically base-
paired regions) in recognizing the native base-
pairs of a set of RNA chains. In this scheme, G–C
pairs are assigned three hydrogen bonds while A–U
or G–U pairs are given two hydrogen bonds. This
parameter set, which acts as a control, allowed
Mathews et al.11 to establish that sequence-
dependent estimates of thermodynamic interaction
Table 3. Stacking energies (in kcal/mol) obtained from statis

CG GC GU U

K2.97 K3.40 K1.79 K1
(K2.40) (K3.30) (K2.10) (K1
K3.40 K3.20 K2.08 K1
(K3.30) (K3.40) (K2.50) (K1
K1.78 K2.08 0.82 0
(K2.10) (K2.50) (1.30) (K0
K1.11 K1.31 0.82 K0
(K1.40) (K1.50) (K0.50) (0
K3.08 K3.23 K1.62 K0
(K2.10) (K2.20) (K1.40) (K0
K3.04 K3.07 K0.27 K1
(K2.10) (K2.40) (K1.30) (K1

The interaction free energies in bold were obtained using the data in
are the experimentally measured values at 37 8C using model olig
K1.87 kcal/mol and the dispersion is 1.26 kcal/mol. The correspond
0.98 kcal/mol, respectively.
parameters greatly enhance the accuracy of RNA
secondary structure prediction. Here, we use a
different test, in which the stacking interaction
parameters are randomly chosen from a Gaussian
distribution with the means and variances corre-
sponding to the values in the statistical potential.
Because evolutionary pressure has resulted in the
observed RNA sequences in nature, we expect that
the randomly chosen stacking interaction par-
ameters will not be able to recognize the native
secondary structures accurately. Indeed, when used
in gapless threading, only 9% of the native secondary
structures are predicted correctly (Figure 1). Thus,
as surmised by Mathews et al., context-dependent
interaction parameters are needed for reliable
secondary structure prediction. Apparently, the
SPs capture this aspect to the same degree as the
Turner parameters.
Success of gapless threading depends on
sequence length

We find that gapless threading is less successful
for shorter RNA chains than for longer ones
(Figure 2). If we restrict ourselves to the length of
RNA sequence LO30, the percentage of sequences
that passes threading increases from 69% to 84%.
For a short sequence, it is likely that its native
structure has only a few of the basic building blocks
of RNA. As a result, a short sequence might be
better accommodated by another structure that is
part of the native state of a longer RNA. The 1f27
tical analysis

G AU UA

.11 K3.08 K3.04 CG

.40) (K2.10) (K2.10)

.31 K3.23 K3.07 GC

.50) (K2.20) (K2.40)

.82 K1.62 K0.27 GU

.50) (K1.40) (K1.30)

.88 K0.86 K1.19 UG

.30) (K0.60) (K1.00)

.86 K2.80 K2.56 AU

.60) (K1.10) (K0.90)

.19 K2.56 K2.80 UA

.00) (K0.90) (K1.30)

Table 2 and equation (3) in Methods. The numbers in parentheses
onucleotides. The average value for the stacking free energy is
ing numbers for the Turner parameters are K1.59 kcal/mol and



Figure 1. Distribution of relative
energy gaps for the 172 chains in
the dataset. The energy gap DDGmin

(S) of a test sequence S depends on
the results of threading. If thread-
ing fails (DGmin (S, GD)!DGN(S,
GN) for some D) DDGminðSÞZDGðKÞ

min
ðSÞKDGNðS;GNÞ where DGðKÞ

minðSÞ is
the lowest free energy obtained
when sequence S is mounted on
fragment set {GD}. If threading
passes (DGN (S, GN)!DG(S, GD)
for all D) DDGminðSÞZDGðCÞ

minðSÞK
DGNðS;GNÞ where DGðCÞ

min is the free
energy of the first excited state
(Methods) from the native energy
DGN(S, GN). Here, GN refers to the
structure of the native state of the
sequence S and GD is a decoy
structure.
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composed of 19 nucleotides is a typical example
that illustrates this situation (Figure 3). Comparison
of the native free energy DGN(1f27, GN) and
DG(1f27; {GD}) shows that a structural fragment G*
satisfies DG(1f27,G*)!GN(1f27,GN) computed using
the SP parameter set. The free energy of G* fragment
from positions 2 to 20 from the long structure 1ffz
is the lowest in gapless threading, i.e. DG(1f27,
G*) !DGN(1f27,GD) for all D including the native
state. The secondary structure map shows that the
octaloop in the native state of 1f27 can further
lower its free energy by forming a tetraloop with a
bulge (Figure 3). The formation of an additional
base-pair stabilizes 1f27. This particular example
shows that tests of the performance of our SPs
would be more reliable if they can be performed
on datasets containing a larger number of longer
chains. At present this drawback cannot be
 

avoided, given the paucity of RNA tertiary
structures for long chains.
The inability of gapless threading to predict the

structure of the 19 nucleotide hairpin correctly
might be because the loop region forms a double
strand with another RNA strand in 1f27 (Figure 3).
To rule out this possibility, we obtained the
structure for this sequence using the ViennaRNA
package, which includes energetic interactions
arising from loops. The predicted structure
coincides with that in the PDB file and suggests
that one of the crucial assumptions in threading,
namely, that the substructure of a short sequence is
independent of the rest of the structure, may fail
when L is small. This is because short chains have
greater structural flexibility than when L is large.
The finding that the ViennaRNA package predicts
the structures correctly shows that loop interaction
Figure 2. Histogram showing the
results for recognition of native
RNA structures using gapless
threading as a function of sequence
length. The results were obtained
using the SP stacking parameters.
The distribution in green represents
structures that fail in gapless
threading and those in blue corre-
spond to successful recognition of
the native state.



Figure 3. Illustration of the failure of gapless threading for a short sequence. The lowest free energy structure for 1f27 is
not the native one (top right corner) but coincides with the second fragment of 1ffz (top left corner). The lowering of the
free energy is achieved by gaining a 6C-11G interaction in the loop region (see the bottom of the Figure) that is not
present in the native state of 1f27.
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energies, which are not included in threading,
rather than formation of a double strand with the
rest of the RNA, leads to an incorrect structure in
this case.
Experimental and numerical Z-scores

The success of the potentials in structure predic-
tion is often assessed using Z-scores (see Methods).
The distribution of ZG, which depends on the
sequence length, for the structures for which
threading is successful shows 0!jZGj!60
(Figure 4(a)). The relatively large ZG values suggest
that the parameters of the SP are fairly accurate. An
advantage of using ZG scores is that they can, in
principle, be estimated using calorimetric
measurements. If we ignore conformational
fluctuations of RNA in the folded state, ZG can
be approximated as:

ZGy
DGffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kBT

2CP

p (1)

where DG is the counterion-dependent free
energy of stability of the native state and CP is
the specific heat. From equation (6) (Methods) it
follows that:

sðDGðS;GÞÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
hDG2iK hDGi2

q



Figure 4. (a) Distribution of ZG

scores using gapless threading
(equation (6) in Methods). We
calculated ZG using the stacking
SP. (b) Plot of jZGj as a function of
sequence length L. A fit of ZG to La

yields a Z0.23 with a correlation
coefficient of 0.65. Estimates of ZG

for selected RNA (Table 4) using
experimental calorimetric data are
shown as filled circles. The good
agreement between calculated and
experimental estimates is another
measure of the quality of the SP.

Statistical Potentials for RNA 59
which from fluctuation formula is given by:

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kBT

2CP

q
The numerator in equation (6) is roughly given
by DG, and hence equation (1) is an approxi-
mation to equation (6). The experimental esti-
mate of ZG includes contributions from both
secondary and tertiary interactions that stabilize
the native state. Our calculations include contri-
butions only from secondary structure free
energy parameters. Because these dominate in
RNA, the comparison between computed exper-
imental estimates of ZG is appropriate. Given
that DG and CP are extensive variables, it
follows that jZGjf

ffiffiffi
L

p
provided L, the sequence

length, obeys L[1. To verify that the predicted
range is meaningful, we have estimated ZG

using equation (1) from calorimetric data for a
few RNA molecules. We find that (see Table 4)
for RNA with L%80, ZG is in the range K6!
ZG!K21. These values are in accord with the
computed numbers using the SPs (Figure 4(a)).
The favorable comparison between the com-
puted and experimentally estimated ZG values
lends further credence to the procedure used to
obtain the stacking interaction parameters.

Although the dataset of RNA structures is small
Table 4. The estimates of ZG from the experiment data

RNA
L

(length)
KDH

(kcal/mol)

tRNAPHE, tRNAASP w76 w310
Segment of ribosomal RNA
(i) 0.1 mM Mg2C buffer w!20 11.2
(ii) 3 mM Mg2C buffer w!20 18.2
GGXCGAAAGYCC (X,YZC,G) 12 48.2
and not varied enough to obtain a reliable fit, we
find that jZGj increases with L, which implies that
the SPs stabilize the native state of longer chains to a
greater extent than those of shorter chains. The
linear fit of the log10jZGj versus log10L (Figure 4(b))
gives a slope of 0.23 (with a correlation coefficient of
0.65). There are two possible reasons for the
deviation of the exponent a in ZGfLa from 0.5.
(i) The range of L is not large enough. (ii) The
composition of structural motifs in the dataset is
very limited such that the decoy structures for the
majority of the threaded RNA chains do not
represent the full spectrum of their excited states.
Nevertheless, the overall increase of ZG with L is in
accord with the prediction from equation (1).
Assessing accuracy

As a further test of the efficacy of the statistical
potentials in predicting secondary structures we
obtained, following Mathews et al.,11 the total
number of base-pairs predicted NV

T and the number
of correctly predicted base-pairs NV

C : These quan-
tities, for the SPs and the Turner parameters, were
calculated using the readily available ViennaRNA
package. Comparison of the results for all RNA
structures and different RNA families (see Table 5)
shows that the performance of the SPs is
T (K)
Cp (kcal/
mol KK1) ZG Reference

w300 1.2%Cp%2.4 K21%ZG%K15 34
35

w300 w0.024 wK5.4
w300 w0.24 wK2.7
w300 w0.1 wK11.5 36



Table 5. Prediction of base-pairs using ViennaRNA package (170 structures)

RNAa Turner SP

Nnucl
b Nnat

c NV
T
d NV

C
e %f NV

T NV
C %

gRNA–protein
complex

2031 604 621 350 57.9 643 379 62.7

Ribosome 1893 558 580 343 61.5 598 375 67.2
Ribozyme 1894 549 607 342 62.3 614 334 60.8
Pseudoknoth 657 195 184 40 20.5 189 40 20.5
Simple RNAi 4298 1350 1384 1114 82.5 1412 1097 81.3
Total (neighbor,
i with j, jG1)j

6641 2045 2075 1520 74.3 2127 1532 74.9

Total(i with j) 6641 2045 2075 1478 72.2 2127 1506 73.6

a The list of 170 structures used to produce the Table is available upon request. The largest chain used in the calculation is 1ffz (LZ
495). We removed structures with LO700 (1ffk chain 0, 1p9x chain 0, 1fjg chain A, 1i94 chain A, 1pns chain A) to produce results
comparable to that in the Table 1 of Mathews et al.11 If the number of native base-pairs in these structures is included, the numbers in
Nnat in Table 6 are recovered.

b Total number of nucleotide in the dataset.
c Total number of native base-pairs.
d Total number of predicted base-pairs.
e Total number of correctly predicted native base-pairs.
f Ratio of e and c.
g There is an overlap between the structures in RNA–protein complex and Ribosome.
h In this category we included only the structures that are labeled as pseudoknots in the PDB header.
i These are structures that excluded pseudoknots, hammerhead ribozymes, and RNA–protein complex.
j Following Mathews et al.,11 we considered a prediction to be successful if base i is paired with either j or j G1.
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comparable to that of the Turner potentials. In
particular, the percentage of the native base-pairs
for SP is 74%, whereas for the Turner potential it is
72% (Table 5). Because of the differences in the set of
query sequences used in the calculation, the value
of 72% for the Turner’s potential differs slightly
from that reported in Table 1 by Mathews et al.11

From Table 5 it also follows that interaction
parameters for secondary structures are not accu-
rate enough to predict pseudoknots or even RNA
structures that form complexes with proteins. We
note that the SP parameter set is slightly better than
the Turner potential in predicting RNA structures
that are found in complexes with protein or in
ribosome. The reason for the improvement may be
due to the ability of SP to capture the effect of
counterion-induced environment beyond the cano-
nical Watson–Crick pairing. In the next section we
show that this is indeed the case in the secondary
structure prediction of the P5abc domain of group I
intron.

We have also used suboptimal structures
(generated by threading) to calculate NDG0and
NMAX (see Methods) using SP. We were motivated
to compute these quantities because threading is
an alternative rapid way to predict RNA second-
ary structures. In addition to the interaction
parameters the efficacy of threading depends on
the number and diversity of structures in PDB. By
comparing NMAX (more precisely NDG0) the
confidence level of threading can be assessed.
From Table 6, we learn that if the native structure
is present in the data set, the prediction of native
base-pairs is excellent. This is hardly surprising,
because threading is successful in correctly pre-
dicting the secondary structure in nearly 70% of
the cases (Figure 1). Moreover, the predictions
from threading are best for long sequences (Figure
2), which dominate NMAX.

A more stringent and meaningful test of the
usefulness of threading is to computeNMAX orNDG0

by excluding the native structure from the data.
When this is done we find (Table 6) that, on average,
slightly less than 50% of the native base-pairs are
predicted correctly. When only the family of
“Simple RNA” structures are considered (Table 6)
we find that threading succeeds in nearly 70% of the
cases when the lowest free energy is picked. This
percentage increases to 82% if the best suboptimal
structure is chosen. These numbers are similar to
those in Table 1 of Mathews et al.,11 for group I
intron which in our classification is a Ribozyme or
Simple RNA.

Comparison between the predictions of thread-
ing and the secondary structure package has
implications for obtaining secondary structures for
a query sequence. If the predictions of threading
and MFOLD (or ViennaRNA package) are similar,
then in all likelihood the resulting structure is
native-like. From Table 6 it follows that this scenario
is most likely for simple RNAs as long as the RNA is
neither too short (!20) or too great (at best 300). In
light of these results, we propose that results
obtained using a combination of the two methods
(threading and dynamic programming) can
increase the confidence of secondary structure
prediction.
Specific applications

To further test the accuracy of the stacking free
energy parameters in the SP we have predicted the
secondary structures of a few selected sequences.
Such applications are meaningful because the



Table 6. Base-pair prediction by gapless threading

Nnat
a NDG8;N

b (%) NDG8
c (%) Nmax;N

d (%) NMAX
e (%) Nstruct

f

RNA–protein complex 2659 2648 (99.6) 945 (35.5) 2659 (100) 1087 (40.9) 51
Ribosome 3276 3267 (99.7) 948 (28.9) 3276 (100) 1102 (33.6) 38
Ribozyme 549 542 (98.7) 390 (71.0) 549 (100) 445 (81.1) 23
Simple RNA (!700)g 1350 1327 (98.2) 949 (70.3) 1350 (100) 1109 (82.1) 114
Total (!700) 2045 2011 (98.3) 1422 (69.5) 2045 (100) 1706 (83.4) 170
Total 4763 4729 (99.3) 1973 (41.4) 4763 (100) 2327 (48.9) 175

a Total number of native base-pairs.
b Total number of base-pairs in the lowest free energy structures including the native structure.
c Total number of base-pairs found in the lowest free energy structures excluding the native structure.
d Total number of base-pairs in the best suboptimal structure including the native structure.
e Total number of base-pairs found in the best suboptimal structure excluding the native structure.
f Number of structures in each family.
g Only simple RNA structures with L!700 are considered.
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extracted parameters have not been optimized to
recognize any specific structure. We substituted
the stacking interaction parameters either with
Turner’s estimates11 or with our SPs, while retaining
the parameters for loops, bulges, and mismatches as
in the ViennaRNApackage. The predicted secondary
structures from each parameter set are compared
with the PDB structures.
Hammerhead ribozyme (1 rmn)

The 49 nucleotide hammerhead ribozyme is
composed of two hairpin loops (Figure 5). The
secondary structures predicted using both Turner
potential and SP coincide with that from the crystal
structure, and we found 57 similar examples out of
168 test sequences. The structures are usually
simple without pseudoknot or mismatches and all
the hydrogen bonds are found as expected from
Watson–Crick pairs.
Figure 5. Predictions of secondary structure of
hammerhead ribozyme (1rmn) using the SP. In this case
the structure obtained using SP and the Turner para-
meters is identical and coincides with the structure in the
PDB.
Ribonucleic acid (1 cql)

The secondary structure in the crystal structure is
shown in Figure 6(a) while the predictions using the
Turner’s parameters and the SPs are shown in
Figure 6(b) and (c), respectively. The predicted
structures deviate from Figure 6(a). Both the
interaction parameters predict base-pairing 7U-
37A, which is absent from the crystal structure.
With the SPs, the pairs 5U–39G and 6U–38G are
predicted to be unbound, which contradicts the
experimental finding (compare Figure 6(a) and (c)).
This failure can be understood by noting that the
stacking interaction involving UG and GU pairs is
found to be slightly repulsive (Table 3). In this
example, the use of Turner interaction parameters
leads to a more accurate structure than the predic-
tion using the SP. In particular, the Turner para-
meters predict correctly that 5U–39G and 6U–38G
are paired (Figure 6(b)).
P5abc domain of Tetrahymena thermophila group I
intron ribozyme

Wu & Tinoco21 showed that the P5abc domain of
the group I intron ribozyme locally changes its
secondary structure upon folding to its native
tertiary conformation upon addition of excess
Mg2C. The NMR secondary structure at low
[Mg2C] differs from that found in the crystal
structure (Figure 7(a)) of the 56nt–P5abc domain.
In the crystal structure of the P4–P6 domain, five
Mg2C are coordinated to the A-rich bulge, P5c–L5c
stem–loop region and a three helix junction (rich in
GA base-pairs).20 It is likely that the formation of
the unusual metal ion core triggers a local
rearrangement of the secondary structure as Mg2C

concentration is increased.21,22 If discrete Mg2C

play a crucial role in consolidating tertiary inter-
actions by coordinating specifically with certain
type of base-pairs then their role has to be taken into
account if the crystal secondary structure is to be
predicted correctly. The experimentally determined
parameters are from studies of oligonucleotides in
the absence of specific ion binding. As a result, we
do not expect that the predictions using the Turner
parameters to coincide with the structure in



Figure 6. (a) Secondary structure
of 1cql from the crystal state. The
predictions of the structures using
the Turner and SP parameters are
given in (b) and (c), respectively.
The region in which the predicted
structures deviate from the native
state are colored in red. Compari-
son of (b) and (c) with (a) shows
that the Turner’s parameters pre-
dict a more accurate structure than
the SP.
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Figure 7(a). This is indeed the case, as can be seen in
Figure 7(b), which shows that the structure
coincides with that obtained using NMR at low
[Mg2C].

The structure obtained using the SP shows
(Figure 7(c)) that P5c-L5c region is predicted
correctly, as in the crystal structure. Because the
SP is obtained from native structures, the Mg2C-
dependent stacking interactions are approximately
taken into account. It is interesting that the
differences between these structures in the P5c–
L5c region obtained with the two parameters are
Figure 7. (a) The crystal secondary structure of P5abc dom
Structures with minimum free energy produced by the Vien
displayed in (b) and (c), respectively. The structure correspo
with the native structure in the P5c–L5c region (compare the r
using the Turner parameters deviate from the structure in (a)
seen at low [Mg2C]. Neither potential predicts the GA pairs (s
reminiscent of the secondary structure rearrange-
ment in the transition from the solution structure to
crystal structure of P5abc domain.21 Although the
predicted structure of the A-rich bulge region
deviates from the crystal structure, it is encouraging
that the SP can predict correctly local regions whose
structures are influenced by specific metal ion
binding.

The helix junction formed by three stacked
regions is not predicted correctly either by Turner
or by SP parameters. This is mainly due to the
absence of an appropriate interaction parameter
ain in Tetrahymena thermophila group I intron ribozyme.
naRNA package using Turner parameters and the SP are
nding to the statistical stacking potentials ((c)) coincides
ed parts in (a) and (c)). In the same region the predictions
. The structure in (b) in the P5c–L5c region resembles that
hown in green) in the three helix junction region correctly.
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for GA mismatch pairs. To assess if the prediction
near the three helix junction can be improved
by eliminating GA base-pairs, we replaced 10A and
11A by U. The prediction for secondary structure
using theViennaRNApackage shows that11U–26Gis
paired as in Figure 7(a). However, the expected
pairing 10U–27G is not predicted correctly.
tRNA

As a final example we used the SP and Turner
parameters to predict the secondary structures of
tRNA. For the SP, this test is meaningful because the
tRNA structures were not included in our dataset
(see the caveat in the caption to Figure 8). We
replaced the modified nucleotides such as D, J,
and Um with U. In this case the use of from SP and
Turner parameters yields identical secondary struc-
ture (Figure 8(b)) that coincides with the crystal
structure (Figure 8(a)).
Discussion

Hierarchical nature of RNA folding and success
of statistical potentials

Taking advantage of the steadily growing num-
ber of structures for RNA molecules in the PDB in
the last five years we used one of the simplest, but
quite powerful, methods to obtain reliable estimates
of stacking interaction parameters. Surprisingly, our
estimates of the stacking interaction parameters
compare well with Turner’s values, which are
obtained using thermodynamic data in short
Figure 8. The identical prediction of the secondary structure
with that in the crystal structure (compare (a) and (b)). This i
obtain the SP parameters. However, we should note that str
identical. In particular, A-tRNA and P-tRNA are embedded in
Vila-Sanjurjo et al.32).
oligonucleotides. The success of our estimates for
the stacking energies in predicting secondary
structures using gapless threading is comparable
to that obtained with Turner’s values in similar
tests. Even more interestingly, our potentials are
able to capture some of the influence of tertiary fold
formation on the secondary structure as seen in the
secondary structure prediction of P5abc (Figure 7).
The set of stacking interaction potentials per-

forms extremely well in threading tests, as they are
able to recognize the real native state conformation
of 69% of the chains in our dataset. If we restrict
ourselves to the longer chain with LO30 then the
percentage of folds recognized increases. The value
of 69% (or 84% for LO30) is best appreciated if we
compare it with the performance of SPs in proteins.
For example, the Miyazawa–Jernigan pairwise
potentials16 lead to approximately 83% success in
gapless threading. When secondary structure infor-
mation is included in these potentials the success
rate in gapless threading native state recognition
increases.23 Our procedure in RNA potential is
similar to this latest approach in proteins and, as a
result, this can serve as an explanation of the rate of
success of our statistical potentials in predicting
RNA folds. In general, it is easier to predict
secondary structures that are independently stable,
as in RNA, than those whose stability is dictated by
tertiary interactions, as in proteins.
Accuracy in estimates of stacking interaction
parameters improves with the growth in
database

The knowledge-based approach used to
of tRNA using the SP and the Turner parameters coincide
s illuminating because tRNA structures were not used to
uctures of certain regions of the ribosome and tRNA are
the small subunit of the 70 S ribosome (see Figure 1(b) of



Table 7. Stacking energies (in kcal/mol) obtained from statistical analysis of 109 structures

CG GCI GU UG AU UA

(111)a (144) (35) (10) (96) (80)
K2.80b K3.33 K1.65 K0.63 K3.40 K3.40 CG
(189) (156) (45) (13) (81) (82)
K3.33 K3.25 K1.90 K0.68 K3.31 K3.37 GC
(29) (33) (5) (5) (20) (3)
K1.65 K1.91 0.29 0.75 K1.71 K0.21 GU
(19) (17) (2) (12) (5) (8)
K0.63 K0.68 0.75 K0.83 K1.10 K1.23 UG
(72) (76) (12) (15) (19) (29)
K3.40 K3.31 K1.71 K1.10 K2.44 K3.15 AU
(88) (82) (7) (12) (20) (22)
K3.40 K3.37 K0.21 K1.23 K3.15 K2.98 UA

List of structures used from January 2003 release of PDB are given in bold in Table 1.
a The numbers in parentheses represent the number of intra-chain stacks for the 109 structures.
b Stacking interaction energies using equation (3) in Methods.

64 Statistical Potentials for RNA
extract interaction parameters is not without
limitations.24,25 The assumption that the ensemble
of interactions observed in the PDB structures is in
“equilibrium” may not be accurate. We believe that
this problem is not critical for RNA, in which the
secondary structures are inherently stable. As long
as the number of contacts or base-pairs of a given
type is sufficiently large, reliable estimates of the
stacking and presumably tertiary interactions can
be made. To validate this assertion we obtained the
stacking parameters using the dataset of 109
structures that were available in January 2003 in
PDB. Comparison of the resulting interaction
parameters (Table 3) and Table 7 shows that as the
number and variety of RNA structures grows there
is closer agreement between the SP values and the
experimentally determined thermodynamic par-
ameters. Thus, the quality of the SP can be greatly
improved by increasing the number and diversity
of structures in the dataset. However, parameters
for the rare base-pair stacking interactions (like GU-
UG) cannot be estimated reliably using the avail-
able PDB structures. Even with the increase in the
available RNA structures in PDB from January 2003
until present, the number of UG–GU stacking
interactions increases by only 1. For these rare, but
important interactions, experimental estimates are
needed. Nevertheless, it is encouraging that for the
more preponderant set of interactions the estimates
of the SP appear to converge to the experimental
values as the database of structures increases and
diversifies.

Stacks that end in hairpins are most easily
recognized

It is clear that when reliable values for the base-
stacking interactions are available then the
currently available algorithms can predict RNA
secondary structures fairly accurately provided
pseudoknots are excluded. This is illustrated in
the present study by the accurate predictions of
tRNA and hammerhead ribozyme structures. More
generally, we found that stacks that end in hairpins
are easiest to predict. To illustrate this, we
computed the frequency of each native base-pair
recognized by structural fragments other than the
native state during threading. In Figure 9 we
represent the distribution of frequencies, in the
dataset of suboptimal structures, of each of the
native base-pairs in 1GID, 1NBS and AZOS. To
understand the significance of these distributions,
we also calculated the histogram of frequencies
based on random considerations. If the number of
native base-pairs recognized by a fragment Gi is ni
(iZ1,2,.,NG), the random probability pR of finding
the particular base-pair in the set of fragments is
pRZ

P
iZ1;2;.;NG

ni=N
NAT
BP NG. This quantity, which

is independent of the base-pair type or index, is
represented by the green line in Figure 9. In contrast
to pR, Figure 9 shows that certain clusters of base-
pairs are formed at values that are much larger than
the random value (i.e. are found above the green
line), which implies that sequence and structural
context determine the interaction parameters. We
mapped these clusters to the corresponding sec-
ondary structures and discovered that they all
correspond to base-pairs that form stacks ending
in hairpins (indicated as blue in the secondary
structure of Figure 9). This finding indicates that
secondary structure prediction procedures (either
threading or dynamic programming algorithms)
can easily recognize these structural motifs. Inter-
estingly, the number of peaks in Figure 9 is identical
with the number of stacks ending in hairpins. The
peak heights and the width depend on the
structure, which implies that sequence context
plays an important role in determining the local
structure. Regions that occur with low probability,
like those from base-pair index 10 to 14 in AZOS
corresponding to pseudoknot structures, are very
difficult to predict. The results in Figure 9 can also
be used as a measure of the specificity of the RNA
fold: the large probability regions are generic, while
the low-frequency regions identify the character-
istic architecture of the fold. As an example, in
1NBS the middle region consisting of two internal
multiloops is the distinct structural element corre-
sponding to the low-frequency portion of the
histogram. In this example, accurate prediction of



Figure 9. Probability distribution of occurrence of specific base-pairs in three representative structures. The
distribution for each structure was constructed from an ensemble of structures that is generated using gapless threading.
The ensemble includes only suboptimal structures and excludes the native states. For 1GID and 1NBS the native
structures are in the PDB and for AZOS we use the model structure reported by Rangan et al.33 The three parts of the
Figure show that the base-pairs with high probability precisely map onto (see arrows) the most easily predicted regions
of the secondary structures. They correspond to stacks (blue region of the structures) that end in hairpins.
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Figure 10. The dependence of the number of base-pairs in the native state of a given structure as a function of sequence
length, L. The red line is a linear fit to the data, i.e. NNAT

BP Z0:27L with a correlation coefficient of 1.0. The inset, in which
log10N

NAT
BP as a function of log10L is plotted, shows that the largest deviation from linearity occurs at small L values.

Using the relation NNAT
BP zðLKxÞ=2 (x is the number of nucleotides that are not base-paired) we estimate that for LO30

the average percentage of a sequence in non-base-paired region (bulges, loops, dangling ends, etc.) is 46%.
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the structure requires interaction parameters that
can recognize these low-frequency regions.
Inherent difficulties in accurate secondary
structure prediction

One of the greatest difficulties in increasing the
accuracy of the secondary structure prediction is
that a substantial fraction of nucleotides do not
engage in base-pairing. Using the data set of
structures we found that the number of base-pairs
N grows linearly with L the sequence length
(Figure 10). The linear growth of N with L (with a
slope of less than 0.5, which is the expected value if
all the nucleotides are engaged in Watson–Crick
base-pairing) is satisfied with great accuracy.
However, the slope is only 0.27, which implies
that only 54% of a RNA chain is engaged in base-
pairing. The remaining 46%, which is a large
percentage of nucleotides, remain as single strands
forming bulges, loops, or dangling ends. The free
energy of forming such motifs is difficult to
determine experimentally. Substantial improve-
ments in secondary structure prediction can be
achieved only if the free energy cost of formation of
the single-stranded region can be calculated or
measured.
Conclusions

Even though there are intrinsic limitations of the
knowledge-based approach for obtaining SPs, our
results show that the major drawback in our
procedure comes from the limited number and
variety of RNA structures corresponding to short
sequences (w40 nucleotides long). The most serious
obstacle in improving the quality of the statistical
potential is the lack of structures of long sequences
(100 nucleotides and more) and for sequences with
varied composition. We are confident that an
improvement of the quality and size of RNA
tertiary structure set can produce better potentials.
Considering the excellent performance of statistical
stacking potentials, we believe that with increasing
number of structures the quality of extracted
interaction free energies will continue to improve.
As the database of structures involving RNA
continues to grow it will be useful to see how
interaction parameters extracted from various
complexes (RNA–proteins, RNA–DNA structures)
vary. These calculation will give insights into the
way context modifies the interaction of RNA with
other biomolecules.
Methods

Extraction of interaction energies between
nucleotides

Following the pioneering work by Tanaka &
Scheraga,15 we use a “knowledge-based” statistical
approach to extract interaction potentials for
nucleotides from RNA structures. For clarity we
describe the strategy for extracting pair interaction
potentials. The computation of the statistical poten-
tials (SP) involves the following steps: (1) let Nij be
the number of pairs of nucleotides of type i and j
that are in contact in the given 3D structures. (2) The
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probability of finding the (ij) pair in contact is
PijZNij=

P
i;j Nij. (3) The probability that such a pair

would be in contact by random chance is PRZPiPj,
where Pi is the probability of appearance of
nucleotide i (iZA, C, G, U) in the ensemble of
sequences. The state representing the random
occurrence of nucleotides is taken to be the
reference state. (4) If we assume that Boltzmann
statistics apply to the ensemble of contacts in RNA
(both at the secondary and tertiary structure levels),
then the interaction “free energy” is:

DGij ZKlkBT ln
Pij

PR

� �
(2)

where l is a scale factor, kB is the Boltzmann’s
constant, and T is the temperature. The interacting
pairs are taken to be at “equilibrium” at an effective
temperature lT. Despite obvious problems with this
approach,24,26,27 the knowledge-based method has
had moderate success in estimating interaction
energies in proteins.15–17,28–30
Estimates of stacking energies from RNA
structures

Given that sequence context determines the free
energy (more precisely the potential of mean force)
value9–11 raises the question of whether the free
energy parameters, even at the secondary structure
level, vary if tertiary interactions are explicitly taken
into account. The growing database of RNA
structures permits an evaluation of this issue.

One of the major difficulties in using experimen-
tal and computational methods to unambiguously
extract thermodynamic parameters is the presence
of a variety of secondary structure elements (stacks,
bulges, internal loops, internal multiloops, and
hairpins). It is generally assumed that the free
energy of a specific RNA secondary structure can be
written as the sum of the various elements (there-
fore neglecting any cross-interaction contributions).
The stacking of consecutive hydrogen bonded pairs
of nucleotides makes the largest contribution to the
stabilization of secondary structure. For this reason,
we represent the secondary structure contribution
to the free-energy of the RNA structure, DG, only as
the sum of the stacking interaction energies.

We obtain the stacking interaction energies
directly from the RNA structures deposited in the
PDB14 using a modification of equation (2). We
identify the pairs of nucleotides that are hydrogen
bonded in an RNA structure. Two nucleotides are
hydrogen bonded if at least one of their possible
pairs of donor-acceptor heavy atoms is within a
cut-off distance of 4 Å. For example, we identify a
Watson–Crick (WC) A–U pair if N6 from A and O4
from U or N1 from A and N3 from U are within 4 Å
of each other. The 4 Å cut-off, which is larger than
the typical 2.8–3.0 Å distance in an ideal hydrogen
bonded base-pair, is chosen to account for possible
non-ideal bonds and possible imperfections in the
RNA structures due to the X-ray resolution or to the
NMR NOESY signals. In the list of hydrogen
bonded pairs we include all the WC and reverse
WC, Hoogsteen and reverse Hoogsteen, wobble
and reverse wobble pairs for A–U, U–A, C–G, G–C,
G–U, U–G. Based on the list of hydrogen bonded
pairs, we determine the stacks as pairs of consecu-
tive base-pairs or base-pairs separated by a one
nucleotide long bulge. Using this procedure on all
RNA structures in our dataset we calculate the
number of stacks of each of the 36 possible types,
Nstack(ij, kl). We also calculate the frequency of
appearance of each type of nucleotide in the dataset
of RNA sequences, Pi (iZ{A,C,G,U}). In analogy
with equation (2), the statistical free energy for each
type of stack is:

DGSTðij; klÞZKlkBT ln
PSTðij; klÞ

PðrandÞ
ST ðij; klÞ

 !
(3)

where:

PSTðij; klÞZ
NSTðij; klÞCNSTðkl; ijÞ

NST

(4)

and:

PðrandÞ
ST ðij; klÞZ ð2Kdij;klÞPiPjPkPl (5)

and i,j,k,lZA,C,G,U. Following Turner,10 we
assumed that the matrix DGST (ij, kl) is symmetric,
i.e. DGST(ij, kl)ZDGST (kl,ij). Because in obtaining
the above quantities we use RNA structures
determined under a variety of conditions (X-ray,
NMR, presence or absence of ions, pH and
temperature), it is difficult to obtain the scale factor
l (equation (3)). Since this is just an overall
multiplicative factor, which does not affect the
distribution of values of stacking energies, we
relied on the Turner rules for estimating l. We
equated the largest negative value from our list of
DGST (ij,kl) values with the largest negative value
from the Turner set, DGðTurnerÞ

ST ðij; klÞ andwe assigned
lZminfDGðTurnerÞ

ST ðij; klÞg=minfDGSTðpq; rsÞg.
Threading of RNA chains: Z-scores

The use of the known crystal or NMR structures
as folding templates in the context of homology
modeling is often used to determine structures of
proteins and RNA. The alignment of a probe
sequence into a given structure is called thread-
ing.28,31 To measure the degree of fitness between
the threaded sequence and the structure an energy
function must be used. The key principles of
threading are (i) the number of basic folds is
limited, and (ii) that the nucleotide preferences for
different structural motifs provide sufficient infor-
mation to choose among folds. In gapless threading
a sequence of length L is threaded through all the
fragments of the same length from a structure of
length Lstr (with the condition L%Lstr). For each of
the resulting (LstrKLC1) structural fragments, we
evaluate the contacts using the original sequence
and then the sequence to be threaded is mounted on
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it and the interactions are scored based on the
nucleotides from the latter sequence. Then the
scores from the various fragments are compared
and the fragment with the best score is selected as
the most likely candidate for the native structure of
the threaded sequence because it places the nucleo-
tides into preferred structural environments and
near other preferred nucleotide types.

To test the performance of the statistically
determined potentials in recognizing the native
state of RNA chains, we resorted to gapless
threading. We mounted each chain in our dataset
on each fragment of equal length taken from RNA
structures that are at least as long as the test chain.
For each fragment, G, we first produced the list of
stacks and two-body contacts based on its own
sequence. We calculated DG (S, GD) of the test chain,
S, on the fragment GD where DGZ

P
DGSTðij; klÞ.

Here DGST (ij, kl)ZDGST (S(p1(G))S(p2(G)),
S(p3(G))S(p4(G))) with S(l) being the nucleotide at
position l in chain S and pk(G) (kZ1,2,3,4) is the
position along the structure G for nucleotide
number k from the given stack. Threading is
considered to be successful if DGN(S, GN), corre-
sponding to mounting a sequence on its native
structure GN, is the lowest among all DG values
obtained for the sequence. If threading is successful,
we computed the Z-score, which is:

ZGðSÞZ
DGNðS;GNÞK hDGðS;GÞi

sðDGðS;GÞÞ
(6)

where hDGR(S)i and s(DG R(S)) are the average and
the corresponding standard deviation of the DG
values obtained when mounting the sequence S on
all possible structures G excluding GN. Given that
ZG(S) measures the free energy separation between
the native state and all other modified structures, it
follows that a large negative ZG(S) value implies
enhanced native state stability. Because ZG scores
can be estimated from experiments it is a useful
measure for assessing the efficacy of the statistical
potentials for RNA.
Extraction of number of base-pairs using
threading of RNA chains

In addition to the number of native base-pairs
Nnat from the suboptimal or decoy structures that
are generated as threading fragments {GD} we also
determined the number of native base-pairs in the
lowest free energy structure among the threading
fragments for each RNA sequence. We also com-
puted the total number of native base-pairs found in
the fragments that has the largest number of base-
pairs in common with the native structure, NMAX.
The values of these and similar quantities have been
used by Mathews et al.11 to assess the accuracy of
measured thermodynamics parameters. A note of
caution is in order regarding the meaning of these
two quantities. Threading is a tool used in structure
prediction, i.e. when one wants to establish what is
the most likely conformation adopted by a chain
based solely on the sequence and the available
structures. Therefore, threading is needed only
when the native structure of an RNA sequence is
not known. With this in mind, we report two
numbers: one obtained when including the native
structure of the RNA chain among the threading
fragments and the second when the native structure
is excluded from the threading set. Because it is
desirable to have a procedure that discriminates
between the native state and the decoy structures,
the second set of numbers is more physically
relevant.
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