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ABSTRACT

Motivation: RNA H-type pseudoknots are ubiquitous pseudoknots
that are found in almost all classes of RNA and thought to play very
important roles in a variety of biological processes. Detection of these
RNA H-type pseudoknots can improve our understanding of RNA
structures and their associated functions. However, the currently exist-
ing programs for detecting such RNA H-type pseudoknots are still time
consuming and sometimes even ineffective. Therefore, efficient and
effective tools for detecting the RNA H-type pseudoknots are needed.
Results: In this paper, we have adopted a heuristic approach to
develop a novel tool, called HPknotter, for efficiently and accurately
detecting H-type pseudoknots in an RNA sequence. In addition, we
have demonstrated the applicability and effectiveness of HPknotter
by testing on some sequences with known H-type pseudoknots. Our
approach can be easily extended and applied to other classes of more
general pseudoknots.

Availability: The web server of our HPknotter is available for online
analysis at http://bioalgorithm.life.nctu.edu.tw/HPKNOTTER/
Contact: cllu@mail.nctu.edu.tw, chiu@cc.nctu.edu.tw

1 INTRODUCTION

RNA pseudoknots are found in almost all classes of naturally occu
ring RNAs and play very important roles in a variety of biological

processes, such as RNA replication, transcription and translatiofggq - 7\ ker and Sankoff. 1984: Zuker. 2003: Hofacker 2003). How-
(Kolk et al., 1998). The majority of pseudoknots that have been ’ ’ ’ ’ ' ’

described to date are of the so-called H-type (or classical) pseudoknglcqyre, the computation becomes intractable since it has been
in which nucleotides from a hairpin-loop pair with a single-stranded
region outside of the hairpin to form a helical stem that is adjacenhkutsu, 2000). Currently,
or almost adjacent to the the hairpin stem (Pleij and Bosch, 1989,
Pleij, 1990; ten Danet al., 1992; Pleij, 1994). For instance, there

are 246 different pseudoknots in PseudoBasgth 224 of them

being H-type. Hence, the detection of H-type pseudoknots shouldgng) Rivas and Eddy (1999) first proposed the dynamic program-

improve our understanding of RNA structures and their associateg},q a|gorithm that could handle a large class of special pseudoknot-
functions. In principle, an H-type pseudoknot (called H-pseudoknotey gtryctures. However, the major limitation of this algorithm is
may contain two stems (regiomsandC in Fig. 1) and three loops

(regionsB, D and E in Fig. 1), where such stems and loops are

usually represented in thé 5> 3 direction asS; (Stem 1), 5>
(Stem 2), and.; (Loop 1), L, (Loop 2) andL3 (Loop 3), respect-

r_
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Fig. 1. Schematic representation of the H-type pseudoknot.

simple loops in which all nucleotides are unpaired and complicated
loops that contain substructures without pseudoknots, such as several
stems with their own internal, hairpin and multibranch loops. Both
simple and complicated loops are referred to as pseudoknot loops.
For simplicity, all the nucleotides in a pseudoknot loop are counted
and their number equals to the size of this loop, whether they are
unpaired or not. The pseudoknot stems adopted here are those that
are ‘pseudoknotted’ with other stems. They may be interrupted by
some bulge loops (or interior loops). By convention, the unpaired
nucleotides in these loops are, however, not counted for determining
the size of a pseudoknot stem.

In the standard thermodynamic model, a pseudoknot-free RNA
Secondary structure of minimum free energy (MFE) can be computed
using dynamic programming i®(n3) time (Zuker and Stiegler,

ever, when (general) pseudoknots are allowed in the RNA secondary

shown to be an NP-hard problem (Lyngsg and Pedersen, 2000;
several polynomial-time algorithms have
een proposed to find an MFE secondary structure with a restricted
class of pseudoknots (Rivas and Eddy, 1999; Akutsu, 2000; Lyngsg
and Pedersen, 2000; Dirks and Pierce, 2003; Reeder and Giegerich,

102 ‘9z |1d uo Areiqi Aiseaiun Bun] ceyd euoleN e /610°seuinolploixosoiewloluiolq//:dny wouy papeojumoqg

its high running time of©(#®) and space of9(n*), wheren is

the length of RNA sequence. With other more restricted classes of
pseudoknots, Lyngsg and Pedersen (2000) proposed an algorithm of
O(n®) time and®(n®) space, Akutsu (2000) designed an algorithm

ively. However,L is absent in the most studied type of pseudoknots On*) time and? (n3) space, Dirks and Pierce (2003) described an

owing to the coaxial stacking of stems. Classical pseudoknots ha"%gorithm ofO(n%) time andO(n

*To whom correspondence should be addressed.
1pseudoBase (http://wwwhbio.leidenuniv-aBatenburg/PKB.html) is a

4) space, and Reeder and Giegerich
(2004) gave an algorithm @ (n*) time and® (12) space. All these
algorithms above can be used to predict an MFE secondary structure
of an RNA sequence with H-pseudoknots. However, they are not

pseudoknot database maintained by the Leiden Institute of Chemistry anylet practical for large-scale sequences owing to their high running

the Institute of Theoretical Biology at the Leiden University.

time and/or space. In addition, our experimental results showed that
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these algorithms may not be effective to detect an H-pseudoknot thaable 1. The conditions of four classes of H-pseudoknots
is actually present in the native structure of a long RNA sequence.

However, our finding showed that when they were applied to theCIaSS Condition 1. Condition 2
sequence fragment exactly harboring the H-pseudoknot in a long

RNA sequence, they gave a very high probability of successfully

folding this fragment into the H-pseudoknot structure. Based on thesg Si,ze(gl) i 5?26(22) S?Ze(lil) i S?ZE“L‘?’)

observations, in this paper we propose a heuristic approach to design 2:?2 S1; = :;isg z:ig&lg = 2:;:@3
G - 1) = 1) =

anoveltool, called HPknotter, for efficiently and accurately detecting, SizaSy) > Size(Sy) size(Ly) > size(Ls)

RNA H-pseudoknots in an RNA sequence by incorporating several
existing algorithms RNAMotif (Macketal., 2001), PKNOTS (Rivas
and Eddy, 1999), NUPACK (Dirks and Pierce, 2003) and pknot-
SRG (Reeder and Giegerich, 2004), where RNAMotif is an RNA
structural motif search tool, and PKNOTS, NUPACK and pknot- of their stems and loops, where the case of (dze= size(S») and
SRG are the implemented programs of the algorithms of Rivas andize(L1) = sizeL3) is allowed to belong to any of four classes. Basic-
Eddy, Dirks and Pierce, and Reeder and Giegerich, respectively. Thally, our designed HPknotter works with five phases as follows (see
key idea of our approach is as follows. For a given RNA sequencekig. 2 for its flow diagram). In the first phase, it runs RNAMotif on
RNAMotif is first used to search for all the subsequences (called hitsjhe input RNA sequence with a user-specified descriptor for a class of
that meet the criteria dictating the structural motifs (such as stembl-pseudoknots, which produces a list of sequence fragments, called
and loops) of an H-pseudoknot. PKNOTS/NUPACK/pknotsRG ishits, that match the user-specified descriptor. RNAMotif (Macke
then used to determine if these hits indeed fold into a stable Het al., 2001) is an RNA structural motif search tool to find the
pseudoknot. The purpose of using RNAMotif is to screen out thosdragments of a given RNA sequence that conform to a predefined
subsequences that do not possess the required structural motifs descriptor of defining a particular structural motif. In Figure 3, the
an H-pseudoknot in sequence level, such that the worst case &NAMotif descriptor used in our HPknotter to describe the H-type
applying PKNOTS/NUPACK/pknotsRG to all subsequences of thepseudoknotted structures of class 2 is shown. To define the descriptor
initial RNA sequence can be avoided and as a result, the testingf each class of H-pseudoknots that fits as closely as possible to
time of PKNOTS/NUPACK/pknotsRG can be greatly shortened.the naturally occurring pseudoknots, we further count the frequen-
To further speed up the overall performance, a hit filter is designeaies of the occurring stem sizes and loop sizes in PseudoBase (van
between RNAMotif and PKNOTS/NUPACK/pknotsRG and its func- Batenburget al., 2000, 2001). The stem- and loop-size distributions
tion is to discard those hits that are not possible to fold into a stablef S1, S», L1, L, andL3 are shown in Figure 4, where 4 (respectively,
pseudoknotted structure. Thus, only a small number of the remainingj and 3) pseudoknots with big loop-size (=100 bp) are omitted in the
hits are processed by PKNOTS/NUPACK/pknotsRG. Finally, basectase ofZ; (respectivelyL, andL3). Then the size ranges that cover
on the concept of maximum weight independent set in graph thethe most parts of the distributions are chosen to serve as the default 5
ory, the mutually disjoint H-pseudoknots with minimum total free size ranges of the stems and loops in HPknotter, where these default &
energy are computed from the remaining hits capable of foldingsize ranges can be modified by the users to meet their requirements =
into stable H-pseudoknots to serve as the final output of HPknotteaccording to their biological knowledge about the tested data.
We have demonstrated the practicability and effectiveness of HPknot- The hit sequences contained in the output of the first stage then
ter by testing it on several RNA sequences, most of which have beeserve as input to the next phase. Note that at this moment, each
proven to contain the H-type pseudoknotted structures in laboratoriit has the possibility of folding into the pseudoknotted structure
approaches. of the H-type as defined in the descriptor of RNAMotif (herein,
In addition to the above thermodynamic approaches, several othéhe H-pseudoknot of this kind is referred to as an RNAMotif
approaches for predicting RNA secondary structures with (H-typeH-pseudoknot for convenience). However, whether or not this
pseudoknots have been proposed, such as maximum weighted maté&NAMotif-pseudoknotted structure is the native structure of the hit,
ing (Cary and Stormo, 1995; Tabagal., 1998; leongt al., 2003),  i.e. the stable structure with minimum energy, is still unknown. The
quasi-Monte Carlo searches (Abrahated., 1990; Gultyaev, 1991), simplest verification way is to apply the currently existing prediction
genetic algorithms (van Batenbuetal., 1995; Gultyaeetal., 1995;  program (like PKNOTS/NUPACK/pknotsRG) to each hit sequence
Shapiro and Wu, 1997), stochastic context free grammar (Brown andnd examine whether it indeed folds into a stable H-pseudoknot con-
Wilson, 1996; Cakt al., 2003), and others (leorgg al., 2003; Tahi  forming to the descriptor. However, such a verification for all hit
etal., 2003; Ruaret al., 2004). Particularly, Shapiro and Wu (1997) sequences is impractical. The reason is that even for a short RNA
developed a parallel genetic algorithm for detecting H-pseudoknotsequence, a great number of hit sequences are usually produced by
on a massively parallel supercomputer MasPar MP-2 with 16 38/RNAMotif and hence the verification of each hit sequence using
processors. Recently, this parallel genetic algorithm has been adapKNOTS, NUPACK or pknotsRG costs much time, which leads the
ted to MIMD parallel machines (Shapiret al., 2001), such as overall process of verification above to being extremely time consum-
SGI ORIGIN 2000 with 64 processors and CRAY T3E with 512 ing. Therefore, a more efficient verification is needed to improve the
processors, which seem to be hardly accessible to the ordinary usewerall performance, especially in speed.
From the thermodynamic viewpoint, a pseudoknotted structure
of a hit sequence with very low energy (or the lowest energy) is
2 ALGORITHMS more likely to form in the native structure of the hit sequence. For
To simplify algorithmic computation, the H-pseudoknots are a hit sequence, however, if the energy of the pseudoknotted struc-
classified into four classes as shown in Table 1 based on the sizégre with possible stems in their loops (defined by the descriptor)
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Input sequence data in FASTA format ® Hit Filter

Filtered hits
©® RNAMotif ©® Pseudoknot Prediction
Options: Options:
e Class 1 descriptor e PKNOTS
o Class 2 descriptor o NUPACK
o Class 3 descriptor o pknotsRG
e Class 4 descriptor iH—pseudoknOL candidates

e General descriptor
l ® H-Pseudoknot Filter ‘

iFiltered H-pseudoknots

Hit sequences

l ® Min Weight Independent Set ‘

Predicted H-pseudoknots

Fig. 2. The flow diagram of HPknotter.

par ns
we += gu;
chk_both_strs = 0;
descr
h5(tag="S1', m nlen=3, nmaxl en=8) # for 5 side of stem1
ss(tag="L1', minlen=1, maxlen=20) # for loop 1
h5(tag="S2', minlen=3, nmaxlen=11) # for 5 side of stem?2
ss(tag="L2’, m nlen=0, maxl en=2) # for loop 2
h3(tag="S1") # for 3 side of stem1
ss(tag="L3", mnlen=0, nmaxlen=18) # for loop 3
h3(tag="S2") # for 3 side of stem2
scor ef
sl = length(h5(tag="S1")); # for stem1l
s2 = length(h5(tag="S2")); # for stem2
1 = length(ss(tag="L1")); # for loop 1
|2 = length(ss(tag="L2")); # for loop 2
I3 = length(ss(tag="L3")); # for loop 3
if (sl > s2) # violate the conditions of class 2
REJECT;
if (11 <13)
REJECT;
}

Fig. 3. The RNAMotif descriptor used to describe the H-type pseudoknotted structures of class 2.

is much greater than that of its pseudoknot-free secondary struof each hit sequence, we also count the possible energy contrib-
ture with minimum energy, this hit sequence is unlikely to fold uted by the interaction between the hit sequence and the flanking
into a native pseudoknot that conforms to the descriptor. And asequences.

a result, this hit sequence can be discarded directly without any Currently, the cost of calculating a secondary structure without
verification. Based on this observation, a hit filter is designedpseudoknotsis much lessthan thatof predicting a secondary structure
herein to filter out those hit sequences whose energies calculatedth pseudoknots. For example, PKNOTS and NUPACK both cost
based on their RNAMotif-pseudoknotted structures with possible®(»®) time for predicting the pseudoknot-free secondary structures
stems in their loops are greater than the minimum energies of theiof an RNA sequence fragment of lengthwhereas these programs
pseudoknot-free secondary structures predicted by the pseudoknats well as pknotsRG coét(n®), O(n®) andO (n*) time respectively,

free secondary structure prediction programs. To make this compafer the case with pseudoknots. With the aid of the hit filter, most hits
ison, the energies of the above pseudoknotted and pseudoknot-fraee determined withi® (n3) time, instead o® (n%), O %) or O (n*).
structures are recalculated using the energy computation prograin the second phase, the HPknotter extracts the hit sequences from
provided by NUPACK such that the computed energies are basethe output of the first stage and passes them to the hit filter to check
on the same energy rules and thermodynamic parameters. Noiethey have the possibility of folding into stable H-pseudoknots.
that when computing the energy of the pseudoknotted structurgVe call the hit sequences passing through the hit filter as filtered hits.
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According to our experiments (described in next sections), the hifable 2. The sequence and H-pseudoknot information of the tested

filter significantly speeds up the overall performance of verificationseduences, where the accession number of HIV-1-RT is not available and

because a large number of hit sequences have been filtered out. TMV-3’-down contains two H-pseudoknots with one in class 2 and the other
Inthe third phase, the filtered hits are further double checked by th¥ ©25s 3

pseudoknotted prediction program PKNOTS/NUPACK/pknotsRG

to check whether or not they indeed fold into the stable pseudorRNA Sequence Accession No. Length (bp) H-Pseudoknots No. Class

knots. A filtered hit is then called as an H-pseudoknot candidate

if PKNOTS/NUPACK/pknOtSRG is able to fold it into a stable 5S-rRNA V00336 120 0 _
pseudoknot. HIV-1-RT N/A 35 1 1
It is worth mentioning that each H-pseudoknot candidate generfMv-3’-up AJ011933 84 3 1
ated in the third phase may not be an H-pseudoknot, or may b&2 X12460 946 1 1
an H-pseudoknot not capable of conforming to the user-specified4 J02513 1340 1 1
descriptor. The reason for the former case is that PKNOTS and’YMV'/3’ X16378 86 1 2
NUPACK can predict a more general class of pseudoknots. On&8CV-3 AF220295 345 1 2
reason for the latter case is that one of its H-pseudoknot stem HV-3 AF201929 315 1 2
. . : : ARS-TW1-3 AY291451 341 1 2
may contain a long loop that violates the known biological know- ,
led di h dok intained i d TMV-3’-down  AJ011933 105 2 2,3
edge. According to the H-pseudoknots maintained in PseudoBasgypq /1 5 L02971 45 1 3

most of them contain no loop in their pseudoknot stems. Only a
few H-pseudoknots contain one loop in their pseudoknot stems and

most of them contain either an interior loop of size 2 or a bulgewere run with default parameters on IBM PC with 3.06 GHz
of size 1. Another possible reason is that the candidate is indee@rocessor and 2 GB RAM under Linux system.

a stable H-pseudoknot, but it belongs to a different class of H-

pseudoknots. Based on these observations, in the fourth phase wile SELECTION OF THE TEST DATA

further design an H-pseudoknot filter to filter out those H-pseudoknotl-he tested sequences were taken from the 5S rRNBsdfferichia

candldates_ that are not the desired H-pseu_dc_)knots or contain a,. (5S-rRNA) (Cannonet al., 2002), the RNA sequence inhibiting
long loop in their stems. We call the remaining H-pseudoknotB

candidates passing through the H-pseudoknot filter as the filtere

H-pseudoknots. . (TMV-3’) (van Belkumet al., 1985), the turnip yellow mosaic virus
In fact, several filtered H-pseudoknots may overlap among thei TYMV-3") sequence (Rietvelet al., 1982), the 5UTR of human
ranges in the sequence, which means that they cannot exist in t & rechovirus (HPeVli}S(NaterietaJ’. 2002') the bacteriophage T2

stable structure of a given RNA sequence simultaneously. Amon nd T4 gene 32 MRNA sequences, (T2 an’d T4) (McPheetels
the filtered H-pseudoknots, therefore, we further find the mutually1988) and the 3UTRs of several coronaviruses (BCV-3MHV-
d_isjoint H-pseudoknot§ whose total free energy is minimum ir? the3/ andl SARS-TW1-3 including severe acute respirator;l/ syndrome
fifth phase. Actually, this problem becomes a well-known comblnat-Virus (SARS) (Williamset al., 1999; Tsaét al., 2004) (see Table 2 for

o”a.d problem, caIIe_d the maximum welght independent set pr_oblerqhe information of the tested sequences and their H-pseudoknot num-
on interval graphs, if the range of each filtered H-pseudoknot is con ers). All sequences above, except 5S-rRNA, are known to contain
sidered as an interval in the sequence associated with the magnitude, .- <t one H-pseudoknot z;s reported in the iiterature

of its free energy as the weight. The maximum weight independent
set problem on interval graphs can be solved in linear time (Hsiao
et al., 1992). In HPknotter, we have implemented this algorithm to° EVALUATION AND OBSERVATIONS
compute the mutually disjoint H-pseudoknots with minimum total A summary of the overall sensitivity and specificity for all exper-
free energy among the filtered H-pseudoknots and use them as tliments, which were run using the general class of the descriptor
final output of HPknotter. without an interior or bulge loop in the pseudoknot stems, is shown in
Tables 3, in which we leS,(Sensitivity)= (100x TP) /(TP +FN),
Pop(Specificity)= (100x TP)/(TP+FP) and IT=(number of
3 IMPLEMENTATION correctly predicted H-pseudoknots)/(number of predicted
Based on the phases described in the previous section, we hattpseudoknots) (i.e. the fraction of the correctly predicted
implemented a novel tool, the HPknotter, by incorporating sev-H-pseudoknots), where TPtrue positive (i.e., the number of
eral existing programs, RNAMotif (Macket al., 2001), PKNOTS the correctly predicted base-pairs in the predicted H-pseudoknots),
(Rivas and Eddy, 1999), NUPACK (Dirks and Pierce, 2003) andFN =false negative (i.e. the number of the base-pairs in the pub-
pknotsRG (Reeder and Giegerich, 2004), for detecting the Hlished H-pseudoknots that were not predicted) =RRBlse positive
pseudoknots of a given RNA sequence. The HPknotter was writtefi.e. the number of the incorrectly predicted base-pairs in the
in Perl. Its web server, implemented in PHP, is available for onlinepredicted H-pseudoknots). The correctly predicted H-pseudoknots
analysis at http://bioalgorithm.life.nctu.edu.tw/HPKNOTTER/. We denote those predicted H-pseudoknots reported in the literature.
incorporated the well-developed programs PKNOTS, NUPACK and In this set of experiments, PKNOTS and NUPACK were not
pknotsRG into our HPknotter pipeline, and compared this com-able to deal with the cases of T2, T4, BCY-3MHV-3’' and
bination with these three programs used as stand-alone tools. TI®ARS-TW1-3, owing to the running out of memory. For the other
experiments were carried out on a number of RNA sequences witkequences, PKNOTS and NUPACK exhibited almost the same
known H-pseudoknots. Unless otherwise specified, all programgrediction results in which the H-pseudoknot of HIV-1-RT was

uman immunodeficiency virus type 1 (HIV-1-RT) reverse tran-
criptase (Tuerlet al., 1992), the 3UTR of tobacco mosaic virus

3505

102 ‘9z |1d uo Areiqi Aiseaiun Bun] ceyd euoleN e /610°seuinolploixosoiewloluiolq//:dny wouy papeojumoqg


http://bioalgorithm.life.nctu.edu.tw/HPKNOTTER/
http://bioinformatics.oxfordjournals.org/

C.-H.Huang et al.

Table 3. Summary of prediction results on several RNA sequences, where all experiments are run using the general class of the descriptor and the version o
PKNOTS is 1.01

Experiment HPknotter
PKNOTS NUPACK pknotsRG PKNOTS-kernel NUPACK-kernel pknotsRG-kernel
Spp Pop 11 Sbp Ppp I Sop Ppp I Sop Ppp I Shp Pop I1 Shp Pop I
5S-rRNA — — 0/0 — — 0/1 — — 0/0 — — 0/1 — — 0/1 — — 0/2
HIV-1-RT 100 100 1/1 100 100 11 100 100 1/2 100 100 111 100 100 111 100 100 11
TMV-3’-up 0 0 0/0 0 0 0/0 714 625 3/3 100 778 22 100 77.8 3/3 714 625 3/3
778 875 0 0 88.9 100 778 875
88.9 100 66.7 66.7 88.9 100 88.9 100
T2 - = == — — —/— 100 100 1/2 100 100 1/4 100 100 1/10 100 100 1/16
T4 - = == — — —— 0 0 01 100 100 1/3 100 100 1/27 100 100  1/17
TYMV-3’ 0 0 0/0 0 0 01 100 80 1/2 100 80 11 625 55.6 1/2 100 80 1/2
BCV-3 - = == — — —/— 100 100 1/2 100 100 1/1 944 100 1/3 100 100 1/3
MHV-3’ - = == — — —/— 100 100 1/3 100 100 1/3 100 100 1/5 100 100 1/6
SARS-TW1-3 — — —/[— — — —/— 0 0 00 938 100 1/2 93.8 100 1/3 100 100 1/5
TMV-3’-down 0 0 0/0 60.9 424 111 0 0 0/0 100 100 2/2 100 100 272 100 100 272
91.3 913 95.7 100 100 95.7
HPeV1-3 0 0 11 0 0 11 545 545 1/1 100 100 1/1 100 100 11 100 100 11

It should be noted that PKNOTS of version 1.04 can successfully predict two H-pseudoknots of Jddk#8 The reason that HPknotter with PKNOTS-kernel missed the second
H-pseudoknot of TMV-3up is that PKNOTS is not able to fold its corresponding sequence into a pseudoknot.

identified, but the H-pseudoknots of TMV-8p, TYMV-3' and  the concept of maximum weight independent set at the last stage to
HPeV1-53 were missefl (Note that PKNOTS could predict two compute the mutually disjoint H-pseudoknots with minimum total
real H-pseudoknots of TMV:3down, if the version of PKNOTS free energy.

was 1.04, instead of 1.01.) Notably, most of the above results were Generally speaking, as shown in Table 3, our HPknotter greatly
improved when we conducted all the experiments using pknotsRGmproves sensitivity, specificity and the fractidm of correctly
However, the H-pseudoknots of T4, SARS-TW1add TMV-3- predicted H-pseudoknots when compared with original PKNOTS,
down were still missed by pknotsRG. The inability of detecting the NUPACK and pknotsRG. It should be noted that the number of
real H-pseudoknots described above evidences the fact that for thecorrectly predicted H-pseudoknots in the cases with PKNOTS-
long RNA sequence, the MFE model might miss the H-pseudoknot&ernel are not greater than those in the cases with NUPACK-kernel
that are actually present in the native structure. In our experimentand pknotsRG-kernel, which seems to imply that PKNOTS itself is
(Table 3), however, this situation was significantly improved by ourmore accurate than NUPACK and pknotsRG, even though PKNOTS
HPknotter, because most of the real H-pseudoknots of TMW3  is more time consuming than NUPACK and pknotsRG from the
T4, TYMV-3’, SARS-TW1-3and TMV-3-down were detected with computational point of view.

high sensitivity and specificity. It is worth mentioning that as shown in Table 4, the overall pre-
diction accuracy will be further improved if we rerun all tested RNA
6 DISCUSSION sequences above, except 5S-rRNA containing no H-pseudoknot, by

The key point lies in the fact that our HPknotter first uses RNAMotif ¢100sing the specific class to which the predicted H-pseudoknots
to search for all fragments of the given RNA sequence that havgelong, instead of using the general class of descr_lpto_r. Particularly,
the possibility of folding into an H-pseudoknot and then appliesthen values (Table 4) and the performance of running time (Table 5)

PKNOTS/NUPACK/pknotsRG to these fragments for determiningwere greatly improved. These experiments indicate that our HPknot-
if their MFE structures are indeed H-pseudoknots. In this situ-ter can be served as an effective tool for validating if the tested RNA  §

ation, without effect on the nucleotides outside the fragments,sequences have the same kind of H-pseudoknots as other closely ¥

PKNOTS/NUPACK/pknotsRG seems to give a higher probability of related RNA sequences whose H-pseudoknots are already kpown in'~
successfully recognizing the pseudoknotted structures of fragment@dvance. For instance, SARS; BCV and MHV are all coronaviruses,
This approach, of course, inevitably increases the number of incor‘lend the H-pseudoknots of BCV-@nd MHV-3, both of which belong

rectly predicted H-pseudoknots, because it ignores the global effedP €lass 2 of H-pseudoknots, are already known and have been proven
of all input nucleotides by considering just the local fragments ofPY Previous experiments (Williames al., 1999). It is reasonable to

the input RNA sequence. In fact, our experiments showed that thgXPect that SARS-TW1-3nay contain an H-pseudoknot of class 2.

number of the incorrectly predicted H-pseudoknots was reasonable€refore, we can apply our HPknotter to SARS-TW byBspecify-

because among all these predicted H-pseudoknots, HPknotter appli the descriptor to be class 2 so that we are able to quickly obtain
the same result as the general descriptor.

In fact, our HPknotter is not CPU intensive at all because based
on our experiments, a great number of the hit sequences produced
by RNAMotif were filtered out by the hit filter. Take the experiments

1udy uo Areiqi AiseAiun Bun] ceyd euoleN e /610°seuinolploixo-soiewloluiolq//:dny wouy papeojumoq

2Actually, PKNOTS and NUPACK both predicted an H-pseudoknot for
HPeV1-5, but with zero sensitivity and specificity as a result of incorrect
base pairings.
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Table4. Summary of prediction results on several RNA sequences, where experiments 1-4, 5-9 and 10-11 are run using the descriptors of classes 1, 2 and 3
respectively

Experiment HPknotter
PKNOTS NUPACK pknotsRG PKNOTS-kernel NUPACK-kernel pknotsRG-kernel
Sop Pop 11 Sop Ppp I Sbp Ppp I Shp Pop I1 Sop Ppp I Sop Pop I

HIV-1-RT 100 100 1/1 100 100 1/1 100 100 1/1 100 100 1/1 100 100 1/1 100 100 1/1
TMV-3’-up 0 0 0/0 0 0 0/0 714 625 3/3 100 875 2/2 0 0 2/2 0 0 2/2
778 875 0 0 88.9 100 778 875
88.9 100 66.7 66.7 88.9 100 88.9 100
T2 - = == — — —/— 100 100 1/1 100 100 1/3 100 100 1/6 100 100 1/14
T4 —_ = == — — —/— 0 0 0/1 100 100 1/3 100 100 1/11 100 100 1/11 g
TYMV-3’ 0 0 0/0 0 0 0/1 100 80 1/2 100 80 1/1 625 625 1/1 100 80 1/1 g
BCV-3 —_ = == — — —/— 100 100 1/1 100 100 1/1 94.4 100 1/2 100 100 1/1 o
MHV-3’ - = == — — —/— 100 100 1/3 100 100 1/1 100 100 1/3 100 100 1/4 %
SARS-TW1-3 — — —/— — — —— 0 0 0/0 93.8 100 11 93.8 100 1/3 100 100 1/3 =
TMV-3’-down 0 0 0/0 0 0 0/0 0 0 0/0 100 100 1/1 100 100 1/3 100 100 1/1 %
TMV-3’-down 0 0 0/0 60.9 424 11 0 0 0/0 913 913 11 95.7 100 11 100 95.7 11 =
HPeV1-3 0 0 11 0 0 1/1 545 545 1/1 100 100 1/1 100 100 1/1 100 100 1/1 2
=X
o
The first H-pseudoknot of TMV‘3up was missed by HPknotter with NUPACK-kernel and pknotsRG-kernel because it was filtered out owing to the incorrect class. Notice tha%.,'

TMV-3’-down contains two H-pseudoknots with one in class 2 (that was tested in experiment 9) and the other in class 3 (that was tested in experiment 10).

Table 5. CPU usage time for PKNOTS, NUPACK, pknotsRG and HPknotter, where in our testing computer environment, PKNOTS and NUPACK cann
deal with the sequences of lengt220 and 180 bp, respectively, owing to the running out of memory

Length  PKNOTS NUPACK pknotsRG HPknotter (General class) HPknotter (Specific class)
(bp) PKNOTS-kernel NUPACK-kernel pknotsRG-kernel PKNOTS-kernel NUPACK-kernel pknotsRG-kernel
84 7.3min 13.1s 0.05s 31ls 27s 26s 9s 7s 6s
105 35min 44.7s 0.1ls 2.2min 35s 29s 38s 10s 8s
200 72h — 0.8s 5.2 min 1.8 min 1.5 min 1.6 min 33s 30s
341 — — 74s 7.1 min 2.4 min 2.3 min 2.2 min 46 s 45s
946 — — 10.1 min  13.8 min 7.5 min 6.9 min 4.1 min 2.2 min 2.1 min
1340 — — 43.5min  35.3min 11.6 min 10.9 min 11.6 min 3.1 min 2.5 min

with SARS-TW1-3 in Table 3 for an example. In the first phase, 7 CONCLUSIONS

RNAMotif in total found 2132 hits that conform to the descriptor of |, ihig paper, we designed a heuristic approach for efficiently
general class. Ifwe directly apply PKNOTS to all these unfiltered hitsyng  accurately detecting RNA H-pseudoknots, the ubiquitous
to check if they fold into a stable H-pseudoknot, then the progranhseydoknots in the naturally occurring RNAs. The currently exist-
will require about 51 h to finish the job. However, after running the hi'[ing thermodynamic-based programs, like PKNOTS, NUPACK and

filter, only 43 different hit sequences remained, which then cost thepknotsRG, are useful for finding stable H-pseudoknots. However,
following PKNOTS only about 5.2 min to determine if they are stable gt of them are highly time consuming and memory consum-
pseudoknots. As a result, the third phase of running pseudoknot Préig, which limits them to predict short sequences of a couple of
diction with PKNOTS left us with only 11 pseudoknot candidates py,ndred bases length. Another main weakness of these programs
that could fold into stable pseudoknots. Next, only seven candidateg inat they may not be effective to detect the actually existing
remained after running the H-pseudoknot filter in the fourth phaseH-pseudoknots that are contained in a long RNA sequence, as
In fact, some of these filtered H-pseudoknots may have an ovelsyigenced by our experiments. Based on our heuristic approach
lap among their ranges in the sequence, which suggests that th@yantioned in this paper, we have implemented a novel program,
cannot exist simultaneously in a stable pseudoknotted structure ige HPknotter, capable of efficiently and accurately detecting the
SARS-TW1-3. Finally, only two H-pseudoknots with minimumfree - 4_seudoknots of a given RNA sequence by incorporating four exist-
energy were selected in the phase of computing the maximum weigrin,t,g programs RNAMotif, PKNOTS, NUPACK and pknotsRG. In
independent set. Table 5 lists the CPU usage time for PKNOTSgmmary, we have demonstrated the practicability and effectiveness
NUPACK, pknotsRG and our HPknotter, where all tests were runyf our developed HPknotter by testing it on several RNA sequences,
on IBM PC with 3.06 GHz processor and 2 GB RAM under Linux most of which have been proven to contain the H-pseudoknotted
system. structures. Through several experiments, our HPknotter has been
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