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SPECIAL TOPIC — Modeling and simulations for the structures and functions of proteins and nucleic acids

Improving RNA secondary structure prediction using
direct coupling analysis*

Xiaoling He(何小玲), Jun Wang(王军), Jian Wang(王剑), and Yi Xiao(肖奕)†

School of Physics, Huazhong University of Science and Technology, Wuhan 430074, China
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Secondary structures of RNAs are the basis of understanding their tertiary structures and functions and so their pre-
dictions are widely needed due to increasing discovery of noncoding RNAs. In the last decades, a lot of methods have been
proposed to predict RNA secondary structures but their accuracies encountered bottleneck. Here we present a method for
RNA secondary structure prediction using direct coupling analysis and a remove-and-expand algorithm that shows better
performance than four existing popular multiple-sequence methods. We further show that the results can also be used to
improve the prediction accuracy of the single-sequence methods.
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1. Introduction
Secondary structures of RNAs are widely used in the

studies of their tertiary structures and functions and become
more and more important due to the discovery of increas-
ing number of noncoding RNAs in biological processes.[1–6]

Many methods of RNA secondary structure prediction have
been proposed in the last decades.[7,8] These methods can
be divided into two categories: one is based on single
sequence,[9,10] and the other is on multiple sequences.[7] For
the single-sequence approach, the most widely used meth-
ods are based on Nissinov algorithm[11] and minimum free
energy (MFE) model.[10,12–14] The accuracies of these meth-
ods are about 70% in both precision (PPV) and sensitiv-
ity (STY).[15,16] For the multiple-sequence approach, struc-
ture conservation between homologous sequences from the
same RNA family is utilized to infer their common secondary
structure.[7] The PPVs of these methods are usually higher
than those based on free-energy minimization, about 70%–
80%, but the STYs are lower and usually less than 70%.[7,17]

Therefore, accurate prediction of RNA secondary structure re-
mains a challenge.

The secondary structure of an RNA is a specific base-
pairing pattern formed by the canonical and wobble base pairs
(A-U, G-C, and G-U) in its native structure. For convenience,
we call these three types of base pairs as the standard base
pairs in the following. Pseudoknots are not considered in this
work and will be considered as tertiary interactions. The chal-
lenge of secondary structure prediction is to find this specific
base-pairing pattern from a huge number of possible ones.
The MFE model assumes that this specific base-pairing pat-
tern is a minimum free energy state but in practice it is dif-

ficult to obtain accurate free energy of a base-pairing pat-
tern. However, it was shown that the accuracy of the single-
sequence MFE method could be increased by experimental
constraints, like SHAPE data.[18,19] On the other hand, for the
multiple-sequence approach, the base-pairing pattern might
be determined from coevolutionary base pairs (co-pairs for
short) inferred from the homologous sequences of the target
RNA.[20,21] At present, there are many methods for inferring
the co-pairs, like direct coupling analysis (DCA).[22–24] If us-
ing the co-pairs inferred by these methods to directly predict
RNA secondary structures, the performance is only compara-
ble to the existing methods. However, it was shown that com-
bining with the generalized Nussinov algorithm, DCA could
predict RNA secondary structures with significant improve-
ment in STY without reducing PPV in comparison with the
mutual-information (MI) method according to the test on six
RNAs.[20]

Here we present a method that combines DCA with
a remove-and-expand algorithm to predict RNA secondary
structure and benchmark it on a large test set. We call
our method as 2dRNAdca, in consistent with our pre-
diction method of three-dimensional structure of RNA,
3dRNA.[21,25–27] Furthermore, we show that the results of
2dRNAdca can be used to improve the prediction accuracy of
the single-sequence MFE method.

2. Methods
2.1. Direct coupling analysis

The 2dRNAdca is based on the co-pairs inferred from
the homologous sequences of the target RNA by DCA.[22–24]
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There are other models to infer the co-pairs, e.g., using MI
of a multiple sequence alignment.[28] The shortage of MI is
that the predicted co-pairs contain many pairwise residues that
are not in direct contacts in tertiary structure.[24,29] DCA was
proposed to disentangle direct contacts from indirect ones.[24]

The basic principle of DCA is briefly presented accord-
ing to the detailed description in our previously published
papers.[21,30] For a target RNA sequence, we can do multiple
sequence alignment (MSA) with its homologous sequences
from the same RNA family. The MSA can be represented
as {(Am

1 · · ·Am
L )|m = 1, . . . ,M}, where the residue Am

i with
i = 1, . . . ,5 can be the nucleotides A, C, G, U or gap “−”
and M is the number of the homologous sequences includ-
ing the target RNA sequence A1 · · ·AL. DCA assumes that
the occurrence probability P(A1, . . . ,AL) of the target RNA
sequence within MSA satisfies the maximum-entropy model
with the constraints that single and pair probabilities Pi (Ai)

and Pi j (Ai,A j) being determined by

Pi (Ai) = ∑
{Ak |k ̸=i}

P(A1, . . . ,AL), i,k = 1, . . . ,L, (1)

Pi j (Ai,A j) = ∑
{Ak |k ̸=i, j}

P(A1, . . . ,AL), i, j,k = 1, . . . ,L. (2)

This leads to a Potts model

P(A1, . . . ,AL) =
exp
[
∑i< j ei j (Ai,A j)+∑i hi (Ai)

]
Z

,

i, j = 1,2, . . . ,L, (3)

where ei j (Ai,A j) and hi (Ai) are related to the pairwise and
single energies of the nucleotides, and Z is the partition func-
tion in the form

Z = ∑A1,...,AL
exp
[
∑i< j ei j (Ai,A j)+∑i hi (Ai)

]
. (4)

In the Potts model, ei j (Ai,A j) is just the direct interaction or
direct coupling what we want to calculate and so to infer it is a
problem of maximum likelihood. Since the terms in the parti-
tion function increase exponentially with the sequence length,
different approximations have been proposed in practice to
deal with this problem. In this work, DCA under mean field
approximation (mfDCA) is used. In this case, the partition
function Z is expanded as Taylor’s series around zero coupling
and it is found when keeping the linear term, the direct inter-
action between nucleotides can be estimated by the inverse of
the covariance matrix

ei j (Ai,A j) =−(C−1)i j (Ai,A j) , (5)

where Ci j (Ai,A j) = fi j (Ai,A j)− fi (Ai) f j(A j) is the covari-
ance matrix and fi (Ai) and fi j (Ai,A j) are observed single and
pair probabilities given the MSA.

DCA calculates a score for each residue pair in the target
RNA sequence. Usually, the pairs of the N largest scores are

considered as co-pairs, e.g., with N equal to or less than the
length of the target RNA. The DCA scores for the target RNA
can be input by users or can be calculated by using the option
in our 2dRNAdca web server. Multiple sequence alignment
for a target RNA sequence is required for prediction of co-
pairs using DCA and is generated from Rfam database[31,32]

in this work. There are other DCA algorithms, e.g., using
a global probability model through pseudo-likelihood maxi-
mization (plmDCA)[33,34] to infer the co-pairs.

2.2. Remove-and-expand algorithms

The co-pairs inferred by DCA usually include many non-
standard base pairs, one-to-many base pairs, pseudoknotted
base pairs, and single base pair (helix with only one base pair).
Since non-standard base pairs and pseudoknotted base pairs
are not considered in this work and one-to-many base pairs and
single base pair rarely occur in a RNA secondary structure,[35]

they can be considered as false positives. 2dRNAdca adopts
a “remove-and-expand” algorithm to remove these false posi-
tives among the co-pairs inferred by DCA and it includes two
steps:

(1) Removing step. Take the top N standard (A-U, G-C,
and G-U) co-pairs from the co-pairs inferred by DCA and re-
move the single base pair and one-to-many base pairs in them.
However, if a single base pair can be expanded (see the fol-
lowing expanding step), it will be retained. Similarly, if some
base pairs in one-to-many base pairs can be expanded, the one
that can form the longest stem will be retained.

(2) Expanding step. The remaining co-pairs after the re-
moving step are considered as predicted base pairs of the target
RNA and can be taken as the “cores” of the native secondary
structure. Expand or maximize the standard base pairs from
the predicted unpaired bases if they can form a continuous
stacking with the predicted base pairs. During the expand-
ing process, the hairpin loops are kept to have at least three
bases. During expanding, if one base can form one more base
pairs with different bases, the algorithm chooses the one that
can form the longest stem. After the expanding process, the
pseudoknotted base pairs are removed. The final structure is
considered as the predicted secondary structure of the target
sequence.

In Fig. 1, we give an example to show how the remove-
and-expand algorithm combines with DCA in 2dRNAdca.
The RNA in this example is an RNA (PDB ID: 2KDQ B) with
a length L of 29 nucleotides. Figure 1(a) shows the top 0.2L
standard co-pairs (red and green pairs) inferred by mfDCA.
In them there is a single base pair and two one-to-two base
pairs. Figure 1(b) shows the result after the removing step.
Since the single base pair and one base pair in each of the two
one-to-two base pairs can be expanded, three co-pairs remain.
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Removing lone 
and one to many 
co pairs

Expanding 
standard
base pairs

(a) (b) (c)

Fig. 1. Working flow of the remove-and-expand algorithm in 2dR-
NAdca for an RNA (PDB ID: 2KDQ B). The base pair connected by
red lines are the native ones. (a) The bases in the top 0.2L standard
co-pairs inferred by mfDCA are in red and green, where L is the length
of the RNA. In these co-pairs, there are a single base pair (in red) and
two one-to-two base pairs that each includes a base pair connected by
a red line and a base pair connected by a green line (non-native base
pair). The single base pair and the base pairs connected by red lines in
the two one-to-two base pairs can be expanded and are retained after the
removing step. (b) The result after the removing step. (c) The expanded
result of (b) where the expanded base pairs are in light blue.

Then we perform the expanding step and in this process seven

standard base pairs are added (Fig. 1(c)). Eventually ten base
pairs are predicted and they all are native base pairs. These
results show that the remove-and-expand algorithm can sig-
nificantly improve the prediction accuracy of mfDCA.

2.3. Datasets

Two test sets are used in this work. The test set I consists
of six RNAs (PDB IDs: 1Y26, 2GDI, 2GIS, 3IRW, 3VRS,
3OWI) (Table 1) that were used in a previous work.[20] The
test set II originally consists of 107 RNAs from PDB that
were used to benchmark various methods of RNA secondary
structure prediction.[7] The sequences in the testing set whose
similarity are more than 85% with sequences in the training
dataset and those that form base pairs with other sequences
are removed. Finally, the testing set contains 94 RNAs with
sequence lengths 29–377 nucleotides and the numbers of their
homologous sequences are from 6 to 1023 (Table 2). This
test set and the benchmark results of various methods on it are
available for download from the PDB database in the data sets
section on the website: http://iimcb.genesilico.pl/comparna/.

Table 1. Performance of mfDCA and 2dRNAdca on the test set I.

Rfam ID PDB ID Length
No. of standard

2dRNAdca mfDCA
native base pairs

PPV STY MCC PPV STY MCC
RF00167 1Y26 71 21 1.00 1.00 1.00 0.90 0.90 0.90
RF00059 2GDI 80 20 0.68 0.75 0.71 0.58 0.70 0.64
RF00162 2GIS 94 26 1.00 0.96 0.98 0.68 0.73 0.70
RF01051 3IRW 90 23 0.91 0.87 0.89 0.70 0.83 0.76
RF00504 3OWI 86 25 0.96 0.92 0.94 0.84 0.84 0.84
RF01734 3VRS 52 11 1.00 1.00 1.00 0.68 0.88 0.77

Mean 0.93 0.92 0.92 0.73 0.81 0.77

Table 2. Parameters of the test set II of 94 RNAs.

PDB ID Length
No. of native No. of homologous

PDB ID Length
No. of native No. of homologous

base pairs sequences base pairs sequences

1VX6 B 118 35 696 3JYV 7 76 20 967
2KDQ B 29 10 45 3LA5 A 71 25 134
2KE6 A 48 18 6 3NPB A 119 37 229
2KUR A 48 19 6 3O58 2 121 31 696
2KUU A 48 18 6 3PDR A 161 50 97
2KUV A 48 19 6 3RKF A 67 24 134
2KUW A 48 18 6 3SD1 A 89 29 98
2KX8 A 42 16 45 3SN2 B 29 12 35
2L1F A 65 23 24 3UZL B 85 16 967
2L1F B 66 24 24 3W1K J 92 31 122
2L3J B 71 30 21 3W3S B 98 33 122
2L94 A 45 18 124 3WC1 P 73 15 967
2LC8 A 56 18 10 3WQY C 75 23 967
2MIY A 59 17 15 3ZEX D 119 35 696
2MS1 B 71 17 967 4A1C 3 120 37 696
2N1Q A 155 50 69 4AOB A 94 29 229
2N7M X 92 26 177 4C4Q N 233 81 26
2WRQ Y 76 9 967 4CXG Y 76 21 967
2WWQ V 77 19 967 4ENB A 51 15 301
2XKV B 96 11 272 4ENC A 52 15 301
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Table 2. (Continued).

PDB ID Length
No. of native No. of homologous

PDB ID Length
No. of native No. of homologous

base pairs sequences base pairs sequences
2XQD Y 76 21 967 4FRG B 84 24 144
2XXA G 102 35 272 4FRN A 102 28 144
2ZZM B 84 15 967 4JF2 A 76 24 15
2ZZN D 71 22 967 4KR2 C 68 20 967
3A2K C 77 22 967 4KR3 C 69 22 967
3A3A A 86 30 121 4L81 A 96 31 440
3AKZ H 74 20 967 4LCK F 102 21 64
3AMU B 78 19 967 4MGN B 71 21 967
3G4S 9 122 26 696 4MGN C 85 22 64
3GX2 A 94 28 229 4MGN D 72 21 967
3IVN B 69 23 134 4OQU A 97 32 440
3IWN A 93 28 156 4P5J A 83 27 28
3IZ4 A 377 95 479 4P8Z A 188 59 13
3IZF C 118 35 696 4QK8 A 120 35 107
3J16 L 75 21 967 4TZY X 71 25 134
3J20 0 76 21 967 4UE4 A 266 92 93
3J20 1 77 20 967 4UE5 A 299 94 97
3J2L 3 126 34 696 4W24 7 120 29 696
3J3D C 75 19 967 4W28 6 76 17 967
3J3E 7 120 34 696 4WF9 Y 114 16 696
3J3F 7 121 36 696 4WFL A 105 35 93
3J3F 8 157 19 62 4WJ4 B 76 22 967
3J3V B 119 27 696 4×0B B 77 15 967
3J46 p 76 14 967 4XW7 A 64 19 194
3J5B 1 76 18 967 4ZNP A 73 21 194
3J5N W 77 18 967 5CCB N 77 22 967
3JB9 C 105 29 181 5DDR A 61 17 1023

2.4. Evaluation of performance

We use precision (PPV), sensitivity (STY), and Matthews
correlation coefficients (MCC)[36,37] to measure the perfor-
mance of the methods to predict RNA secondary structures as
usual.[7,17] PPV measures the fraction of predictions that are
native base pairs, STY measures the fraction of native base
pairs that are predicted out, and MCC is a balanced measure
of PPV and STY. They are defined as follows:

PPV =
TP

TP+FP
, (6)

STY =
TP

TP+FN
, (7)

MCC =
TP×TN−FP×FN√

(TP+FP)× (FP+TN)× (TN+FN)× (FN+TP)
,

(8)

where TP denotes true positive; FP, false positive; TN,
true negative; FN, false negative. The native base pairs
are determined by using the same tool RNAView[38] as in
CompaRNA[7] because we used the benchmark results of
CompaRNA for CentroidAlifold, MXSCARNA, RNAalifold,
and TurboFold in comparison with mfDCA and 2dRNAdca,
although there are other tools annotating the native base pairs,
e.g., DSSR[39] and RNApdbee.[40] Since the current version of
our method does not consider pseudoknots, the pseudoknotted

base pairs in the predicted and native structures are not taken
into account in evaluation.

3. Results
Table 1 and figure 2 show the performance of 2dRNAdca

over the test set I of six riboswitch RNAs that was used in
a previous work.[20] It is clear that 2dRNAdca can further
increase the performance of mfDCA in comparison with the
method that combined DCA with a generalized Nussinov al-
gorithm in both PPV and STY.[20] The mean PPV, STY, and
MCC of the former all are 0.91 and are clearly higher than the
latter. The top 0.3L standard co-pairs inferred by mfDCA are
used for 2dRNAdca and mfDCA respectively (see the follow-
ing), where L is the length of the target RNA.

The 2dRNAdca is further benchmarked on the test set
II (Table 2) that was used previously to benchmark vari-
ous methods of RNA secondary structure predictions,[7] and
is compared with the four popular multiple-sequence meth-
ods, CentroidAlifold,[41] MXSCARNA,[42] RNAalifold,[13]

and TurboFold.[43] These four methods are selected because
they are the best multiple-sequences methods according to the
ranking on the test set II.[7]

We first study how the performances of mfDCA and 2dR-
NAdca change with the top N standard co-pairs (Fig. 3). We
find that the performance (MCC) is the best when N is about
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0.3L for both mfDCA and 2dRNAdca. In this case, the mean
values of PPV, STY, and MCC are 0.59, 0.65, and 0.61 for
mfDCA and 0.85, 0.80, and 0.81 for 2dRNAdca (Table 3).
Therefore, 2dRNAdca performs much better than mfDCA.
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Fig. 2. The performances of 2dRNAdca, DCA*, and mfDCA for six RNAs.
DCA* is the method used in Ref. [20] that combined mfDCA with a gen-
eralized Nussinov algorithm. The mean values of PPV, STY, and MCC of
DCA* for the six RNAs were calculated according to Fig. 3 in Ref. [20].
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Fig. 3. The performance of (a) mfDCA and (b) 2dRNAdca vs. the top
N standard co-pairs with N = 0.1L, 0.2L, . . . , L over the test set II. L is
the length of RNA.

Table 3. Performance of different methods of RNA secondary structure
prediction over the test set II.

Methods No. of RNAs PPV STY MCC
mfDCA 94 0.59 0.65 0.61

2dRNAdca 94 0.85 0.80 0.81
CentroidAlifold* 87 0.83 0.48 0.61

MXScarna* 87 0.76 0.72 0.73
RNAalifold* 59 0.78 0.48 0.60
TurboFold* 35 0.68 0.67 0.67

2dRNAdca + Mfold 94 0.79 0.87 0.82
2dRNAdca + RNAfold 94 0.79 0.87 0.83

2dRNAdca + RNAstructure 94 0.79 0.87 0.82
Mfold 94 0.68 0.75 0.71

RNAfold 94 0.68 0.77 0.72
RNAstructure 94 0.69 0.78 0.72

*The PPV, STY, and MCC of CentroidAlifod, MXScarma, RNAalifold, and
TurboFold are calculated based on the prediction results given at the web-
sites: http://iimcb.genesilico.pl/comparna/atlas/pdb/. The number of RNAs
is that for which each method gives at least one predicted standard base pair.

For comparison, Table 2 also gives the performances of
CentroidAlifod, MXScarma, RNAalifold, and TurboFold on
the same test set. The results indicate that 2dRNAdca per-
forms better than those methods in both PPV and STY and
so MCC (Fig. 4). The STYs of CentroidAlifod and RNAali-
fold are very low in comparison with that of 2dRNAdca. It is
worthy to point out that since RNAalifold and Turbofold pre-
dict nonzero number of standard base pairs only for a part of
RNAs (59 and 35 out of 94) in the test set II, it is inappropri-
ate to compare them with other multiple-sequences methods
in Table 2 in fact. Furthermore, it is noted that TurboFold has
been updated to TurboFold II but the performance of the lat-
ter in structure prediction is similar to the former[17] and so
Table 3 only lists the benchmark result of TurboFold.
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Fig. 4. The performances of 2dRNAdca, CentroidAlifod, MXScarma,
RNAalifold, Turbofold, and mfDCA on the test set II.

Table 4 shows the performances of 2dRNAdca for differ-
ent types of RNAs in the test set II. Among the six types of
RNAs, 2dRNAdca has higher performance (MCC) for tRNA,
riboswitch, and rRNA and has lower performance (MCC) for
the other three types.

Table 4. Performance of 2dRNA for different types of RNAs in the test
set II.

RNA type
2dRNAdca

Numbers PPV STY MCC
Riboswitch 21 0.87 0.78 0.82

tRNA 34 0.87 0.95 0.90
rRNA 16 0.79 0.84 0.80

Ribozyme 2 0.95 0.56 0.72
tmRNA 1 0.75 0.79 0.77
Others 20 0.85 0.57 0.68

Finally, we show that the results of 2dRNAdca can be
used to improve the accuracy of single-sequence MFE meth-
ods. Here, we use the predicted base pairs of 2dRNAdca
as the constraints for the MFE methods, including Mfold,[10]

RNAfold,[13,44] and RNAstructure.[12] The predictions can be
done by using the default parameters on the 2dRNAdca web
server and the results (2dRNAdca + Mfold, 2dRNAdca +
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RNAfold, 2dRNAdca + RNAstructure) are also presented in
Table 3. It shows that the accuracies of the MFE methods can
be increased by at least 10%.

4. Discussion
It is known that the performance of multiple-sequences

methods usually depends on the number of available homolo-
gous sequences. However, figure 5 shows that 2dRNAdca can
greatly improve the performance of mfDCA even in the case
with only a small number of homologous sequences, e.g., for
an RNA with six homologous sequences (PDB ID: 2KUR A),
the PPV, STY, and MCC of mfDCA are 0.29, 0.21, and 0.23
while those of 2dRNA are 1.00, 0.84, and 0.92 both in top 0.3L
co-pairs.
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Fig. 5. The scatter plot of performances of (a) 2dRNAdca and (b)
mfDCA with the number of homologous sequences in the test set II.
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Fig. 6. The scatter plot of performances of (a) 2dRNAdca and (b)
mfDCA with the sequence length for the test set II.

Figure 6 also shows the performance of 2dRNAdca and
mfDCA with the sequence length of RNA for the test set II.
We find that their performances have no clear dependence on
the sequence length.

The performance of 2dRNAdca depends not only on the
accuracy of mfDCA in inference of co-pairs, i.e., the num-
ber of true positives (native base pairs) in the top 0.3L co-
pairs, but also whether these true positives distribute to all the
stems (Fig. 7). For example, for 1KXK the true positives in
the top 0.3L standard co-pairs do not distribute to some stems
(see Fig. 7) and so the expanding step does not work for these
stems, leading to a lower performance of 2dRNAdca. On the
other hand, if the true positives in the top standard co-pairs
distribute to all the stems, 2dRNAdca can give higher perfor-
mance than mfDCA even the STY of the latter is very low.

1FIR

2A64

4EU4

1KXK
3DGI

Fig. 7. Some examples that the true positives in the top 0.3L standard
co-pairs inferred by mfDCA do not distribute to some stems.

5. Conclusion

In summary, we propose a method, 2dRNAdca, for pre-
dicting RNA secondary structure by combining DCA with a
remove-and-expand algorithm. The benchmark results show
that 2dRNAdca can significantly increase the performance
of mfDCA and it also performs better than existing popular
multiple-sequences methods. Furthermore, we show that the
results of 2dRNAdca can be used to improve the prediction
accuracy of the single-sequence method. It is expected that
the performance of 2dRNAdca will improve as the accuracy
of DCA improves.

Availability and implementation

The web server of 2dRNAdca is available at
http://biophy.hust.edu.cn/new/2dRNAdca and the input and
output data in our benchmark can also be downloaded at the
web server.
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