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ABSTRACT (Vogel et al, 2003) are unlikely to fully characterize all ncRNA
Motivation: Small non-coding RNA (ncRNA) genes play important genes in a genome. The development of computational mefbods
regulatory roles in a variety of cellular processes. However, detection efficiently finding ncRNA genes in genomic sequences hasgorov
of ncRNA genes is a great challenge to both experimental and compu- difficult. Unlike protein genes, ncRNA genes lack clear esidfs,
tational approaches. In this study, we describe a new approach called vary in size, and have few common statistical features. pboges
positive sample only learning (PSoL) to predict ncRNA genes in the E. a great challenge to computational approaches. Despitédliffite
coli genome. Although PSoL is a machine learning method for classifi- culties, great efforts have been devoted to predict ncRNAege
cation, it requires no negative training data, which, in general, is hard by exploring different aspects of properties about knowR A&

to define properly and affects the performance of machine learning genes. Evolutionary conservation of secondary structpresi-
dramatically. In addition, using the support vector machine (SVM) as des compelling evidence for biologically relevant RNA ftion;
the core learning algorithm, PSoL can integrate many different kinds thus comparative genomics approaches are particulangctitte
of information to improve the accuracy of prediction. Besides the app- for ncRNA gene prediction. In a study by Rivasal. (2001), pair
lication of PSoL for predicting ncRNAs, PSoL is applicable to many stochastic context free grammars were exploited to mogledat-
other bioinformatics problems as well. terns of co-variation in sequence alignment from relatetbgees.
Results: The PSoL method is assessed by 5-fold cross-validation The program RNAz developed by Washietlal. (2005) basically
experiments which show that PSoL can achieve about 80% accuracy combines structural conservation and thermodynamichlligyaof

in recovery of known ncRNAs. We compared PSoL predictions with RNA secondary structures in multiple sequence alignmenfsd-
five previously published results. The PSoL method has the highest dict functional RNA structures including ncRNA. Functibisites
percentage of predictions overlapping with those from other methods. (i. e. promoter and terminator) are required in ncRNA gernmesc

Contact: srholbrook@Ibl.gov sion. Just as one can reach the melon by following the vinis, it
possible to use the predicted signals to approach the baesdzt
1 INTRODUCTION ncRNA genes. Cheet al. (2002) pinpointed ncRNA genes with

genomic positions of promoters and terminators, which vpeee

RNA molecules are endowed with extraordinary capacities du gjcted based on profile-based methods. The nucleotide csitigyo
to their intrinsic conformational versatility and catatygbilities. of known ncRNA genes has been tested to search for discrivena
However, their potentials have mostly remained hidden fadt@n-  \,5iables between primary sequences of ncRNA genes angénte
tion until recently through the discoveries of non-codini®R  pic regions in bacterial genome sequence. However, nocpiati
(ncRNA) genes. In bacteria, ncRNAs have been found to bé-invo measure stands out to be very discriminative. The comioinadf
ved in the control of transcription (Wassarman and Stor®020  gome measures such as k-mer (i.e. the usage k nt words) uigge m
RNA processing (Wassarmat al., 1999), RNA stability (Masse  provide a certain level of predictive capability. In additj different
and Gottesman, 2002), mRNA translation (Altuvia and Wagner measures often examine different aspects of an actual génf,
2000), and even protein degradation (Gillet and Felden1P8Ad  \yhich may complement each other. Therefore, combininguifit
translocation (Keenaet al, 2001). Therefore, nNcRNAs play import-  predictive features is highly likely to yield a more acceratedic-
ant roles in a variety of cellular processes and correspaidi  tion. The integrated strategy was initially used to idgntitRNA
efforts to identify the whole set of ncRNAs and then to elattd  genes inE. coli by Carteret al. (2001). Selected discriminative
their functions are becoming more and more prominent. base composition measures and calculated minimum fregieser

However, itis a big challenge to identify the whole set of NeR ot folding (MFE) were used to train a neural network to distin
genes in a genome. Most ncRNAs are small and non-susceftiible guish ncRNA from other intergenic sequences. However, tess
frame-shift and non-sense mutations, which makes it vefficdit  ten percent of all predictions are shared among differerthaus
to detect using routine biochemical and genetic methodsstHe apove (Hershberet al, 2003), suggesting that some computational
berget al, 2003). In addition, ncRNAs have varied stability and hcrNA gene-finding methods are not highly successful.
are expressed under a variety of environmental and physalb We approach the problem of computational prediction of n8RN
conditions. Therefore, methods such as whole genome MMCro@genes using a single-class discriminative machine-legraigo-
rays (Tjaderet al, 2002) and the whole genome cloning method yithm, Machine-learning involves training a predictiorgaidithm
with knowledge derived from already available data and yapgl
this knowledge to prediction. For this ncRNA prediction lgiem,
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we try to train a support vector machine (SVM) algorithm (lp
1995) to distinguish ncRNA genes from intergenic sequebassd
on statistical differences between biologically releyasmputable
representations of these sequences. In general, an SVMdsass
a discriminative method to learn a decision boundary frorataog
existing examples that can generalize to unseen exampiespdr-
formance of an SVM highly depends on the training data sethvhi
should consist of examples from all classes to be learnetihave
as few misclassifications as possible. However, in many coap
tional biology problems, there are only a limited number asifive
(desired) training examples available and the negativeples are
difficult to define appropriately.

To overcome the lack of appropriate negative training sasple
developed a new approach called the positive sample onigifea
(PSol) algorithm. The PSoL algorithm defines the first setegfan
tive examples by maximizing both the distances betweentivega
sample points to the known positive sample points and thartdies
among negative samples points simultaneously, and theresafie
negative data iteratively using an SVM algorithm based amecu
positive and negative samples until no additional negatarmples
can be found according to pre-determined rules. By doing deci-
sion boundary is updated iteratively from far away to negdsitive
samples, achieving high specificity. In this manuscript wtad the
algorithm and apply this approach to the prediction of ncRj¢Aes
in E. coli.

2 MATERIALS AND METHODS

2.1 Transformation of biological sequenceto feature
Vectors

The M52 version of thee. coli K-12 genome sequence (Blattner

et al, 1997) was used to compile a database of ncRNA and non
annotated sequences. The well-characterized ncRNA segsi@r

Salmonella typhimurium LT2 (access numh¥iC'_003197), Sal-

monella typhCT18 (access numbéy C'_003198), andSalmonella
typhi Ty2 (access numbeW C'_.004631). The MFE for each win-
dow was calculated using the program RNAfold (Washéthl.,

2005) with default parameters. All values were then norzealiby
dividing by the size of window.

2.2 Featureselection

A total of 88 possible features was generated from the featur
extraction method described above. In general, too manyries
often degrade the performance of the discriminant methooviey-
fitting the training data. Therefore, we picked a small nurmibfe
features and discard the rest. The most common featuretiselec
involves computing the-statistic test (for two-class problems) or
F-statistic (for multi-class problems) on the class-candil dis-
tributions. Then the features were ranked according to Suares.
Those most highly ranked features were then selected.

Both t-statistics andF'-statistics assume that for each class, the
data follow a normal distribution. In reality, this assuioptis
not always correct. For this reason, we usef;adistance metric
between two distributiong, ¢:

dr, (p,q) = Y ps — 4sl.

wheres is summed over different states. This metric can be viewed
as a simplified version of the symmetrized Kullback-Leilderer-
gence (Kullback and Leibler, 1951}« (p,q) >o(ps —
gs)log(ps/as) = 32, [ps — as| * |log(ps/gs)|. Sincelog(z) is a
very slow changing function, we ignore it. THa distance has an
intuitive interpretation. If we plot the probability detsidistribu-
tion curves for two different classes, the distance is the total area
sum of the difference between the two curves (see Figs. T8).
most discriminant features should have the largest diffszs on

E. coliwere collected based on a literature search (3 rRNA, 20 tRNAese class-conditional distributions
and 69 known ncRNA genes, see Supplemental Material Table 1) 1,0 1 ranking does not require the underlying data to follow a

The sequences of these RNA molecules served as positivepls@m
from which we derived parameters for machine learning. Tioa-
coding’, or intergenic sequences were obtained by remowihg
protein and known functional RNA coding regions from thegae
along with a buffer of 50 nucleotides on both tifleand3’ sides so
as to remove possible promoter, terminator and other usitrted
control elements. Sequences in both strands were removed wh
there was a protein or RNA coding region on either strand hEac
RNA or non-annotated intergenic sequence was then dividexd i
sequence windows of 80 nucleotides with a 40-nucleotidelape
between windows (i.e. each window slides 40 nucleotidesgibe
sequence). Any window cf 40 nucleotides was excluded from the
study. A total of 5909 windows from each strand (11818 totadje
partitioned from the non-coding sequences, while 321 lniRNA

particular distribution. When the class-conditional disttions are
Gaussian, the ranked orders based-statistics and oii; distance
are very similar.

2.3 Learning from partially labeled data

Discriminative machine learning algorithms require |@&edata
during the training phase. The windows derived from presipu
identified ncRNA genes were labeled as the positive (+) da&.
were trying to distinguish putative ncRNA genes from ingig
sequences. Intergenic sequences contain positive exsufpléa-
tive ncRNAs) as well as negative examples (sequences thattdo
encode putative ncRNAs). Therefore, we considered thegieréc
sequences to be unlabeled data. Thus our problem becammtear
from a positively-labeled-only dataset.

sequence windows were generated from the known RNA segsience

(after removing redundant RNAS).

Each window was transformed into a feature vector congjsifn
sequence statistics, the MFE and similarity measurememtele
related genomes. Sequence statistics were the counts igf-ind
dual nucleotide (A, C, G, T), dimer (AA, AC-- TT) and trimer
(AAA, AAC --- TTT) in each window. The conservation of the
sequence of a window was simply represented by the highest bi
score with WU-BLAST(W = 4) between a sequence and the geno-
mic sequence of a reference species. The three referentespee

2.4 Positive samplesonly learning

In this problem, we have two types of data: (1) positive datags
les and (2) the unlabeled data set, which contains bothiyesit
and negatives, and generally much more data than the modaia
samples. The goal of PSoL is to predict the positives in theheated
data.

PSoL is a challenging problem because there are no negatize d
The usual discriminative methods, which require both pasind
negative samples for training, cannot be applied to thidlpra
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directly. In our earlier approach (Cartet al,, 2001), we first took
random samples from the unlabeled data and assumed they w
negative data. This negative data set plus the true positite set
were used for training the discriminant decision functi@tween
the positive and the negative data. This approach is rebsoeffec-
tive for RNA gene prediction (Carteat al,, 2001) since there are
many more negatives than positives in the unlabeled segaenc

However, some of the “negative samples” in training the -deci
sion function could in fact be positives embedded in the heikd
data. These wrongly assumed “negative samples” coulthéltieci-
sion boundary in an unpredictable way and thus affect thisidec
boundary significantly.

second requirement that maximizes the distance among daits p
eire NV

max d(N, N),d(N, N) = > d(ai,xy) (3)
zi,x; EN
To satisfy these two criteria simultaneously, we maximize:
max[d(N, N) - d(N, P)] @)

The exact solution of Eq.(4), however, is NP hard. We profibse
following simple approximate algorithm that is efficientdagives
good results in practice.

2.5.2 Forward incremental selection algorithmThe algorithm

The key to the success of PSoL is to generate a negative trakt selects a point according to Eq.(2). The rest\ofis chosen

ning set without contamination from those "positives” eitbed in
the unlabeled data. In this paper, we describe a more saatiesd
method to determine the negative training set. The basiit gpi
this method has appeared previously @fal, 2002; Yu, 2003; Li
and Liu, 2003; Liuet al., 2002).

The method first identifies a small number of data points in the

unlabeled data set that are very far away from the positaiaitrg
data set. In this way, we minimized the possibility of thoseked
data points to be positive. In addition, we minimized theurethncy
in those picked data points by maximizing their mutual dists to
achieve a better representativeness for negative data.

Given the small initial negative set, we expanded them irntimul
ple steps, each time picked more data from the currentlybetdal
set, using a criteria that they are far-away from the pasitigining
set and close to the current negative set. (The decisioniéumof

incrementally. Suppose we already have several pointseirctin-
rent negative seW; the new pointe; is selected based on maximum
dissimilarity to the positive set:

d(x, P 5
e (z4, P) 5)

And the maximum distance to the current set.
max (6)

> dwi ;)

z,€(U—N) iy
J

Now Eq.(5) is an exact solution to Eq.(2) and Eq.(6) in an agipr
mate solution to Eq.(3). As in Eq.(4) these two criteria anmbined
into one:

max (7)
z,e(U-N

ld(@i, P) - > d(wi, )]

z;EN

an SVM gives a convenient measure for the distances to the posy.c o1 pe solved by a simple linear search. Once the spbsifie

tives and to the negatives). The negative training set fogilin
this way will be less contaminated by the positives embedded
the unlabeled dataset.

Once this negative training set is built, we haVe current nega-
tive data set,U: remaining unlabeled data set a positive
data set. The process of predicting positives from the neimgi
unlabeled dataset is the same as in the two-class prediction

2.5 Initial negative set selection

2.5.1 Maximum distance minimum redundancy negative $eir
the initial negative set, we selected from the unlabeledhselata
points that are (1) most dissimilar from the positive seand (2)
least redundant among themselves. We call this maximurardist
- minimum redundancy (MDMR) set (Ding and Peng, 2005).

We first defined the distance between a single data point and t
positive setd(xz;, P)
x; and P:

1)

The maximum distance negative set was constructed by sgj¢iae

d(z:, P) = min [lz; — ;]
J

, as the minimum Euclidean distance between

of N is reached, the algorithm is terminated and we set the linitia
negative training seVs,.qin = N.

2.6 Negative set expansion

Given an initial negative set, the PSoL method graduallyaexs

the negative set by classifying more and more unlabeledpmiates

as negative. This is done iteratively using a two-class SXMeach
iteration, an SVM is trained; the decision function values 4ll
remaining unlabeled points are computed, and some of them ar
classified as negative. Thiy| is increased anfl/| is decreased at
each step.

At the stop point/N contains the negative training set aiccon-
tains the remaining unlabeled dataset. A final SVM is traiBased
on this, a portion of those ity — N are classified as positive; the

hremaining ones iV — N are classified as "undecided”.

2.6.1 Controlled stepwise expansioGiven the current negative
training setNV:-qin and the current unlabeled st we perform
negative set expansion. We begin by training an SVM on tha dat
P+ Nirqin to Obtain a large margin decision boundary. The support

initial negative sefV from the unlabeled set U such that the distancevectors inN,..i, for this SVM are denotedVs, . All objects in the

betweenN and P was maximized:

max d(N, P),d(N, P) = > d(x,P) )

NC
rEN

This optimization is trivially solved by picking th&/ points with

currently unlabeled séf are tested against the SVM.

We classify unlabeled data points as negative in a consezvat
and controlled fashion. At an iteration, once the SVM isrtedl,
each unlabeled point will have an decision vajife;). Normally, a
pointx; is classified as negative ff(x;) < 0. To insure the quality

largest distance(x;, P). However, often the chosen set has many Of the negative set, we build a safety margin- 0 by requiring

members close to each other and the space represenfédsayar-

f(zi) < —h, ®)

row. From the viewpoint of learning, we may say that there is a
certain redundancy iN. To reduce the redundancy, we added afor z; to belong to the negative set. We typically get 0.2.
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Besides the safety margin, we also control the size of théynew TYPhLTYZ L T

predicted negative sampl@§,,..q at each step by setting 0.6 - wsm:’e — T T T T T i

. unlabeled N
NP"Ed = {‘r’b | v S T|P| andf(x’b) S _h} (9) \[mlabeled mean

05 - \fositive mean 1

wherer is set to be 3 in most of our experiments.This size con-
trol is necessary because the size of unlabeled data saoavldse
huge compared to that of the positive samples. Thereforauhe
ber of newly predicted negative samples is possibly vergelan
each expansion.

OnceN,,.q are selected, they are added to the current negatit?e
set: N «— N + N,..q and they are subtracted from the current
unlabeled sett/ <« U — Nyyed

0.4 — .

03 — -

equency

2.6.2 SVMtraining In SVM training, it is well-known that if the 01 L i
sizes of the classes differ substantively, day 5, SVM training
typically converges to a solution where all data points egmaller
class are classified as belonging to the larger class.

To overcome this problem, we maintain a current negativie tra
ning set Nirqin Whose size is comparable {@|. At the first
iteration, Ni-ain = N. Later on, after each SVM, the support

vectors on the negative sid€s, are used to represent the existing .

. e . . . . and unlabeled classes &almonella typhiTy2 genome sequence (extracted
neg.atlve selN. Thls IS Cpmblned with the newly predicted Qegatlves from the best HSP in WU-BLAST search). Both distributionsidte sub-
to give the negative tram'r‘g dataset for next round Pf SVairing: stantially from normal distribution; the sample meanstshifay from the
Ntrain = Nprea + Nsv. SINCE|Nprea| < 7|P|, the size 0fV¢rain peak regions. Thus the usefe$core is questionabld.; score can capture
is controllable and is maintained in the range where the SNl ¢ the difference in distributions.

be successfully trained with high accuracy.

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Interval

Fig. 1. Distributions (histogram) of normalized bits score forlbpbsitive

2.6.3 Stopping criteria of negative expansioNegative set CLeTe

expansion is repeated until the size of the remaining urdabset 04| positive mmm—m
goes below a predefined number, typically about 3 times of the unlabeled NN
number of expected positives in the unlabeled set. At tlsisdtep, 035 [ pmlabeled mean .
the unlabeled data points with the largest positive degiioction l

Josiﬁve mean
values are declared as the positives. 03 - B

2.7 SVM parameter selection 025 .

We used the libsvm (Faet al,, 2005) to perform SVM training and
predicting. A radial basis function (RBF) kernel was useltere are
two parameters for the RBF kernel; which determines the effec-
tive range of distances between points, &hdvhich determines the
trade-off between margin maximization and training erramimi- 01 [ -
zation. The parameter search is carried out with crossaiadial. \We
used a grid-search approach to search for a pair of Cyamith the 0.05 |- N
best performance in cross validation.

It should be emphasized that we fixed parameters for theeentir
PSol, i.e., parameters for training the SVM were fixed forheise-
rative step in the negative set expansion. If we let parammeteange
during the negative expansion, the data would be overfit aodgp
performance in cross validation would result.

0.2 —

Frequency

o 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45

Interval

Fig. 2. Distributions of normalized G content for both positive amda-
beled classes. Botfrscore andL; score can capture the difference in
distributions.

3 RESULTS

3.1 Featureselection

For each feature, distributions for positive and unlabelkdses GT, TA, TT, AAA, AAT, ATA, ATT, CCG, CGG, GCC, GGC, GGG,
were computed, from which-score andL, score were derived. CCT, TAT, TGG, TTA, TTT, MFE, TyphiCT18, TyphiTy2, and
Detailed distributions for 3 features are shown in Figure81The  TYPhLLT2) with highestL, scores.

figures show that distributions follow the normal distribus by o

varying degrees and the validity ofscore becomes questionable. 3-2 The5-fold crossvalidation

Since thelL; measure does not require the underlying data to followIn order to calibrate the performance of PSoL on the ncRNA,dat
a particular distribution, thé&,; measure can capture the difference. we carried out a 5-fold cross validation. Briefly, the pesitdata
We decided to use 30 features (A, C, G, T, AA, AT, CC, CG, GG, were randomly divided into 5 subsets of approximately egirs.
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GGT L(18) T(3)

07 E T T T T T T T T -
positive I

unlabeled NN
0.6 \Lunlabeled mean .

Jnsilive mean

0.5 [~

Frequency

0.2 - -

0.1 [~ -

0.07

(1} 0.01 0.02 0.03 0.04 0.05 0.06 0.08 0.09
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Fig. 3. Distributions of normalized GGT content for both positivedainla-
beled classest-score can not capture the difference in distributions evhil
L score can.

We ran the validation process 5 times; each time, we merget4 s
sets into positive training data and merged the remainibgedLinto
unlabeled data. We ran the PSoL procedure described abave :
counted the number of positive samples embedded in the emlal
led data which remain to be "unlabeled”. Figure 4 shows tkalte
for 5 independent 5-fold cross validation experiments.ni-tbose
curves, it is apparent that the embedded 64 (321/5) knowitiyess
are mostly present in the remaining unlabeled samples agineg
expansion proceeds, suggesting that the negative set tcemta-
minated by the positives. This validates our design of ttgatiee
set expansion. When the negative expansion stofis|at 1000
(1000 samples predicted to be positive), about 80% recaeteyis
achieved (see Figure 4). The optimal parameter£ate 1000 and

v =0.04

100

85 |

Percentage of recovery

70 -

65 I I I I I I I I I I I
5000 6000 7000 8000 9000 10000 11000

12000

Size of unlabeled sample

Fig. 4. 5-fold cross validation results. Each curve presents theepéage
of correctly recovered positives. We run five 5-fold CV expemts with
different random partitions of the positive data. The hamial coordinate
denotes the number of unlabeled samples left after eachiveegapansion.

./_/

08 -

06 l 4

04 -

True Positive rate

04 05 06 07 08 09 1

False Positive rate

ROC curve analysis was carried out to further assess the per-
formance of PSolL. A total of 321 negative control samples o )
were generated by shuffling each positive sample window oncg 'g. 5. RO% Curvels Off S'fOI(.j Clross V"’;"f]at'on experiment. Each eurv
using the program SHUFFLE in Sean Eddy's Squid ’[oolboxrepresentSt e result of one single run ofthe experiment.

(http://hmmer.wustl.edu/) to randomize the sequenceenperser-
ving mono- and di-nucleotide composition. The negative @am
were marked and put into an unlabeled dataset to do a 5-fokscr
validation experiement as described above. The true pesitite
and false positive rate were then calculated based on thuserk
positive windows and those negative windows generated bff-sh

3.3 Prediction

Using the best parameters C apdrom the 5-fold cross-validation
experiment, we ran PSoL with all positive data and predidi@@0
windows. This choice is based on the observation that when th

ling. The ROC curve of this analysis is shown in Figure 5. Whennumber of remaining unlabeled windows is close to 1000, tineas

the negative expansion stops|&ff = 1000 (1000 samples pre-
dicted to be positive), the false positive rate i516%. Using true
positives and true negatives only (igorning the unlabekdgory),

in Fig.4 show a sharp downturn. Since many of these predigted
dows were consecutive, we then merged windows that ovexthpp
each other into one. The predicted 1000 windows were assemb-

the average)“ (average of the percentage of correctly predictedled into 420 independent RNA sequence segments (detdés lis

positive windows and the percentage of correctly predineghtive
windows) (Baldiet al,, 2000) of the 5-fold cross validation experi-
ment is 87.3%. We note that this type of estimation of falsstpe
rate can be automatically computed in PSoL and used to heéteju
when to terminate the process.

Supplemental Material Table 2).

One of the difficulties in computational prediction of ncRNA
genes is the lack of benchmark data to validate the methgoe-Ex
rimental approaches are expensive and time-consuminggfeine
only a limited number of predictions were subject to vertfiwa
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Fig. 6. Percentage of PSoL predictions overlapping with other ouiver- 2 60 100010180200 260 300 30 380
sus decision values. The solid line shows the sum of pergerteerlapping Length
with all other 5 methods. The dash line shows the percentagdapping
with Affy result. Fig. 7. The length distribution of predicted ncRNA genes and known

ncRNA genes (tRNA and rRNA genes are not included).

using Northern blots or RT-PCR. There are also additional dr 34 Comparison of the statistics of predictions from

wbacks to such approaches. Since ncRNA expression may vary different methods

according to environmental and physiological conditiossme  Currently, there is no consensus as to the characteristi@n o
authentic ncRNA genes might not be detected under expetiinen NCRNA gene. In this study, we examined the distribution afjté,
conditions. In this study, we compared our predictions sults ~ GC-content, and MFE (minimum free energy) for predictiomsrf
from previous work. We argued that if our results have moree&g  different methods mentioned above, as shown in Figures B, 8,
ments with other studies, that would be a validation of outhme. Methods based sequence statistics such as NNs, bGP and PSoL
The data used in our comparison were predicted by methodshwhi predict more short ncRNA genes. There is less bias in lenfith o
are listed below. prediction from Affy, QRNA and IBIS when compared to the dis-
tribution of length of known ncRNA genes. The overall GC @it

is 50.8% and 40.3% in thE. coli K12 genome and in the interge-
nic regions, respectively. It appears that NNs, bGP and Rk

up prediction with slightly higher GC content than the ottieee

Abbrev. Methods Reference methods.

Currently MFE is commonly used as the major predictor for
Affy  microarray experiments (Tjadest al,, 2002) ncRNA gene repdictions. Three out of six methods (PSoL, Nids a
QRNA  stochastic context free grammars  (Rieasl, 2001) bGP) utilize MFE as a prediction parameter. However, as stiow
IBIS  promoter and terminator prediction (Chenal, 2002) Figure 9, only a small fraction of both known ncRNA genes and
bGP  boosted genetic programming (Saetedral, 2005)  predictions from all methods has a very low normalized MFRE-s
NNs  neural networks (Cartet al, 2001) gesting that MFE can not be used as the only predictor of alNACR

gene.

The results of pairwise comparison are listed in Table 1.eNot 4 SUMMARY
that a predicted ncRNA gene from one method could overlap wit In summary, the PSoL algorithm addresses two significantems
2 predicted ncRNA genes from another method (see Supplaimentin machine learning for biological system&:) the uncertainty of
Materials figures). In general, PSoL has the largest ovexliip the negatives or the lack of negatives, g2d the overwhelming
other methods. This can be seen clearly from row or columrssum majority of unlabeled data relative to known positives.sl$ituation
The greater overlap of PSoL with Affy is significant since i the is quite common in many bioinformatics problems. We believe

only experimentally based method which results are morahiel. method could provide an effective prediction tool in theggodlt
SVM function values can be used to measure the confidence dfituations.
prediction. In Fig.6 we show the percentage agreementsclear, We tested this technique on the prediction of ncRNA genes in

as the decision values increases, the percentage agreem@ef- theE.coligenome sequence solely based on known functional RNA
ses. This suggests that predictions with higher decisituregaare  molecules. The 5-fold cross-validation experiments shaw PSoL
more likely to be true positives. The rank of each predictiased  has a recovery rate of 80%. When we compare our predictiotis wi
on its decision value is provided in Supplemental Materadl& 2.  results from previous studies, we find that our prediction tre
The secondary structures and their genome schema for thg topmost overlap with other results, especially with the experital
predictions are also provided in the supplemental data. microarray data, Affy, suggesting the success of this tiggcten




PSoL

Table 1. Pairwise overlap between ncRNA prediction methods. Wettistnumber and percentage (in parenthesis) of predictipriieomethod in the top

row overlapping with those by the method in the first column.

| Afy QRNA IBIS NNs bGP PSoL | rowsum
Affy - 40(16.1)  41(20.1) 69 (19.9) 54 (18.8) 90 (21.4)| 294 (96.3)
QRNA 40 (12.8) - 33(16.2) 35(10.1) 23(8.0) 59 (14.0)| 190 (61.1)
IBIS 41(13.1)  37(14.9) - 38 (11.0) 46 (16.0) 48 (11.4)| 210 (66.4)
NNs 69 (22.0)  36(14.5)  40(19.6) - 101 (35.2) 149 (35.5) 395 (126.8)
bGP 42 (13.4) 18(7.3)  37(18.1) 77 (22.3) - 90 (21.4)| 264 (82.5)
PSoL 92(294)  55(22.2)  49(24.0) 149 (43.1) 115 (40.1) - 460 (158.8)
ColumnSum | 284(90.7) 186 (75) 200(98) 368 (106.4) 339 (118.1) 436 @03]
160 160
known_sRNA N known_sRNA [
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Fig. 8. The GC content distribution of predicted ncRNA genes andwno
ncRNA genes (tRNA and rRNA genes are not included).
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“PSoL: A Positive Sample Only Learning Algorithm for Finding Non-coding
RNA Genes”, by C. Wang, C. Ding, R. Meraz, S. Holbrook.

Contains:

e Table 1: Known ncRNA in E.coli used for training;

e Table 2: Predicted ncRNA in E.coli;

e Figure 1: Schema for the top ranked predicted RNA.

e Figure 2: Structure of the top ranked predicted RNA.

e Figure 3: Schema for the 2nd top ranked predicted RNA.
e Figure 4: Structure of the 2nd top ranked predicted RNA.
e Figure 5: Schema for the 3rd top ranked predicted RNA.
e Figure 6: Structure of the 3rd top ranked predicted RNA.
e Figure 7: Schema for the 4th top ranked predicted RNA.
e Figure 8: Structure of the 4th top ranked predicted RNA.
e Figure 9: Schema for the 5th top ranked predicted RNA.

e Figure 10: Structure of the 5th top ranked predicted RNA.



Table 1. Known ncRNA genes in E.coli used for training dataset.

Gene Start End Strand Type Reference Gene Start End Strand Type Reference
rrsH 223771 225312 + rRNA - rydB 1762737 1762804 - sRNA  (Wassarman et al., 2001)
rrlH 225759 228662 + rRNA - rprA 1768396 1768500 + sRNA (Majdalani et al., 2001)
rrfH 228756 228875 + rRNA - SroD 1886041 1886126 - sRNA  (Vogel et al., 2003)
ileV 225381 225457 4+ tRNA - ryeA 1921090 1921338 + sRNA (Wassarman et al., 2001)
alaV 225500 225575 4+ tRNA - ryeB 1921188 1921308 - sRNA  (Wassarman et al., 2001)
aspU 228928 229004 + tRNA - IS092 1985862 1986021 - sRNA  (Chen et al., 2002)
thrW 262095 262170 + tRNA - dsrA 2023249 2023335 - sRNA  (Sledjeski et al., 1996)
argU 563946 564022 + tRNA - 1S102 2069337 2069540 + sRNA  (Chen et al., 2002)
glnX 695653 695727 - tRNA - ryeC 2151297 2151445 + sRNA  (Rudd, 1999)
metU 695887 695963 - tRNA - ryeD 2151632 2151774 + sRNA  (Rudd, 1999)
leuW 696186 696270 - tRNA - ryeE 2165134 2165219 4+ sRNA  (Wassarman et al., 2001)
lysT 79777 779852 + tRNA - micF 2311104 2311196 + sRNA  (Mizuno et al., 1984)
valT 779988 780063 + tRNA - SroE 2638615 2638706 - sRNA  (Vogel et al., 2003)
serW 925107 925194 - tRNA - ryfA 2651875 2652178 4+ sRNA  (Rudd, 1999)
tyrV. 1286467 1286551 tRNA - tkel 2689212 2689360 - sRNA  (Rivas et al., 2001)
cysT 1989937 1990010 - tRNA - SroF 2689213 2689360 - sRNA  (Vogel et al., 2003)
glyW 1990065 1990141 - tRNA - sstA 2753614 2753976 + sRNA  (Keiler et al., 1996)
asnT 2042571 2042646 + tRNA - sraD 2812822 2812897 + sRNA  (Argaman et al., 2001)
proL 2284231 2284307 + tRNA - csrB 2922178 2922537 - sRNA  (Liu et al., 1997)
gltW 2727389 2727464 - tRNA - gevB 2940718 2940922 + sRNA  (Urbanowski et al., 2000)
pheV 3108383 3108458 + tRNA - rygA 2974124 2974211 - sRNA  (Rudd, 1999)
selC 3833849 3833943 + tRNA - rygB 2974332 2974407 - sRNA  (Rudd, 1999)
trpT 3944581 3944656 + tRNA - ssrS 3054003 3054185 + sRNA  (Wassarman et al., 2001)
hisR 3980122 3980198 + tRNA - rygC 3054835 3054985 + sRNA  (Wassarman and Storz, 2000)
sokC 16952 17006 4+ sRNA  (Pedersen and Gerdes, 1999) | SroG 3182586 3182734 - sRNA  (Vogel et al., 2003)
SroA 75516 75608 - sRNA  (Vogel et al., 2003) rygD 3192767 3192916 - sRNA  (Rivas et al., 2001)
t44 189712 189847 4+ sRNA  (Rivas et al., 2001) sraF 3236015 3236203 + sRNA  (Altuvia et al., 1997)
1006 262270 262352 - sRNA  (Saetrom et al., 2005) rmpB 3267857 3268233 - sRNA  (Brown, 1999)
1001 271879 271979 + sRNA  (Saetrom et al., 2005) sraG 3308866 3309039 + sRNA (Argaman et al., 2001)
1005 303544 303594 - sRNA  (Saetrom et al., 2005) ryhA 3348218 3348325 4+ sRNA  (Wassarman et al., 2001)
ffs 475672 475785 4+ sRNA  (Brown, 1999) ryhB 3578554 3578647 - sRNA (Wassarman et al., 2001)
SroB 506428 506511 + sRNA  (Vogel et al., 2003) 1S183 3662494 3662598 + sRNA  (Chen et al., 2002)
SroC 685904 686066 - sRNA  (Vogel et al., 2003) rdlD 3697765 3697828 + sRNA (Kawano et al., 2002)
1003 719883 719958 + sRNA  (Saetrom et al., 2005) 1004 3766615 3766665 + sRNA  (Saetrom et al., 2005)
rybA 852175 852263 - sRNA  (Wassarman et al., 2001) ryiA 3984045 3984216 + sRNA  (Wassarman et al., 2001)
rybB 887199 887277 - sRNA  (Wassarman et al., 2001) 1209 4006562 4006612 + sRNA  (Saetrom et al., 2005)
sraB 1145812 1145980 + sRNA  (Argaman et al., 2001) spf 4047479 4047587 4+ sRNA  (Mller et al., 2002)
rdlA 1268546 1268612 + sRNA (Kawano et al., 2002) cstC 4048616 4048860 + sRNA  (Wassarman et al., 2001)
rdlB 1269081 1269146 + sRNA (Kawano et al., 2002) oxyS 4155864 4155973 - sRNA  (Altuvia et al., 1997)
rdlC 1269616 1269683 + sRNA (Kawano et al., 2002) SroH 4187905 4188065 - sRNA  (Vogel et al., 2003)
rtT 1286289 1286459 - sRNA  (Michelsen et al., 1989) 1002 4230937 4231087 - sRNA  (Saetrom et al., 2005)
I1S061 1403676 1403833 - sRNA  (Chen et al., 2002) ryjA 4275506 4275645 - sRNA  (Wassarman et al., 2001)
tke8 1435145 1435252 4+ sRNA  (Chen et al., 2002) 1044 4366175 4366225 + sRNA  (Saetrom et al., 2005)
sokB 1490143 1490195 + sRNA  (Pedersen and Gerdes, 1999) 1014 4373943 4374003 - sRNA (Saetrom et al., 2005)
dicF 1647406 1647458 + sRNA  (Bouch and Bouch, 1989) 1010 4527911 4527961 + sRNA  (Saetrom et al., 2005)
1008 1702671 1702746 + sRNA  (Saetrom et al., 2005) 1007 4626216 4626291 + sRNA  (Saetrom et al., 2005)
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Table 2. Predicted sSRNA genes by PSoL, ranked according to decision values.

Start End Len Rank Start End Len Rank Start End Len Rank Start End Len Rank Start End Len Rank
11996 12113 117  221{1061671 1061723 52 360 |2087280 2087360 80  377(3096472 3096527 55 316 (3920130 3920210 80 162
57159 57279 120 581067501 1067581 80  282|2088118 2088164 46  250|3100920 3100981 61 204 |3923311 3923590 279 203
59369 59449 80 299 | 1078395 1078475 80 1232099580 2099660 80 3483136587 3136644 57 1313930552 3930792 240 47
63314 63379 65 1791108414 1108494 80 4102116596 2116652 56  237|3147576 3147627 51  375|3938856 3938936 80 264
77389 77549 160 2771112679 1112752 73 3142135395 2135475 80  122|3151488 3151528 40 863938976 3939056 80 111
89282 89362 80 2831156967 1157042 75 3152137557 2137677 120 246 | 3154582 3154704 122 1183939096 3939381 285 7
89522 89584 62 2011160984 1161058 74 406 | 2163593 2163640 47 3203175976 3176075 99 9513941222 3941276 54 175
113349 113394 45  371|1169647 1169691 44  290|2183371 2183451 80 123181429 3181509 80 402 |3958167 3958242 75 202
127757 127862 105 55| 1184867 1184947 80 1892209134 2209183 49  417|3184111 3184153 42 3133975411 3975491 80 293
131470 131565 95 61195726 1195806 80 234 (2212794 2212836 42 401 | 3198696 3198776 80 169 | 3988450 3988530 80 249
164624 164680 56  190|1195926 1196006 80  276|2213667 2213715 48  157|3208274 3208372 98 185|3992118 3992322 204 96
190649 190807 158 1391210652 1210772 120 1472227349 2227408 59  216|3215093 3215147 54 376 |3998758 3998988 230 10
191758 191805 47 641211636 1211716 80 3542230798 2230848 50 307 |3245118 3245198 80 363 |4005351 4005551 200 209
192670 192750 80 7811212460 1212501 41 136 | 2234650 2234713 63 3913267518 3267807 289 130 | 4006662 4006726 64 346
194767 194847 80 3991222681 1222761 80 2912246602 2246682 80  403|3279316 3279396 80 311 |4008483 4008563 80 252
222695 222783 88 171 (1225713 1225773 60 3872261565 2261645 80 164 | 3310869 3310933 64 2384010496 4010593 97 65
223458 223721 263 91236674 1236744 70 394 (2278553 2278602 49 7413315703 3315804 101 7514014829 4014870 41 82
225625 225709 84 2281260049 1260101 52 7912302583 2302663 80 4193319562 3319642 80 2474025108 4025149 41 144
239134 239214 80 366 (1261148 1261199 51 7612302703 2302783 80 3223320196 3320316 120 634032083 4032147 64 267
243429 243493 64 344 (1278621 1278701 80 1982302943 2303063 120 407 |3325774 3325830 56  305|4032792 4033070 278 33
245855 245911 56 259 | 1285839 1285882 43 304 | 2317898 2318013 115 167 |3326431 3326554 123 2254034974 4035049 75 398
253251 253331 80 3311286601 1286711 110 66 | 2378488 2378608 120 2123352095 3352217 122 8514038266 4038426 160 22
253371 253417 46 50| 1294551 1294619 68 1802378648 2378692 44  115|3375185 3375265 80 188 | 4049486 4049569 83 26
263321 263430 109 390 (1297514 1297594 80 3852389395 2389482 87 283376336 3376455 119 336 |4051248 4051399 151 156
271529 271609 80 2451306799 1306879 80 177 |2391111 2391175 64 364 |3377682 3377770 88 1334054049 4054129 80 286
271649 271769 120 2151308503 1308543 40 200 | 2403382 2403462 80 2303382193 3382288 95  149|4055704 4055937 233 49
274431 274475 44 2851328822 1329022 200 9812404751 2404831 80 4093389993 3390044 51 416 |4076508 4076588 80 196
279349 279549 200 101 | 1333183 1333263 80 4812405471 2405531 60  365| 3398914 3398979 65 924083452 4083546 94 41
288436 288475 39 2231333623 1333743 120 2422411202 2411282 80 126 | 3402504 3402584 80 326 |4095079 4095159 80 217
289619 289699 80 1631349313 1349381 68  372|2428833 2428913 80 287 (3420880 3421009 129 5(4103301 4103348 47 324
312611 312691 80 260 | 1355224 1355304 80 369 | 2438270 2438355 85 2433424470 3424545 75  412]4105001 4105081 80 194
334336 334416 80 4201360542 1360662 120 1122454882 2454962 80 87| 3426449 3426607 158 674115920 4116000 80 368
440657 440723 66 89| 1384646 1384694 48 3382459188 2459270 82 323440158 3440205 47  350|4126025 4126105 80 332
454063 454143 80 205 | 1407107 1407267 160 302463077 2463157 80 1133450957 3451095 138 24129937 4130017 80 229
454223 454307 84 611416475 1416522 47 2732494755 2494835 80 1533476224 3476304 80 1744130097 4130146 49 99
455745 455851 106 284 (1439018 1439178 160 842494955 2495027 72 257 |3476344 3476389 45 2184135327 4135407 80 279
460516 460625 109 300 | 1439218 1439295 77 233 (2519438 2519558 120 165 | 3483505 3483625 120 354160899 4161168 269 56
460997 461089 92 120 | 1485157 1485209 52 2612526014 2526131 117 83| 3483665 3483707 42 394163914 4164188 274 43
480382 480428 46 329 (1486149 1486206 57 2742531450 2531530 80 443494644 3494842 198 46| 4166116 4166170 54 178
496308 496349 41 114 | 1577536 1577607 71 3592539323 2539649 326 133516953 3517053 100  105|4169385 4169545 160 23
547621 547788 167 1401617062 1617142 80 1552541678 2541798 120 207 | 3523917 3523997 80 384 (4174757 4174887 130 81
563753 563833 80 3741620713 1620934 221 280 | 2559048 2559128 80 309 |3537394 3537474 80 341 4177251 4177491 240 1
573652 573732 80 3551634721 1634801 80 248 (2588778 2588898 120 121 | 3550156 3550236 80 1924178553 4178773 220 90
579639 579719 80 2271642577 1642625 48 166 | 2590844 2591042 198 1023571185 3571305 120 9414193727 4193860 133 34
585266 585320 54 31|1643016 1643093 77  251|2613951 2614031 80 388 |3572561 3572641 80 356 |4197722 4197809 &7 53
596246 596304 58 21|1647115 1647195 80 2922642353 2642403 50 226 |3576487 3576531 44 306 |4205160 4205240 80 210
608570 608632 62 3331647315 1647356 41 4182651689 2651809 120 100 | 3598464 3598544 80  318|4205360 4205675 315 27
613252 613330 78 2651671735 1671815 80 1832660201 2660281 80 1763635170 3635222 52  370|4207517 4207572 55 152
631512 631562 50 5411694385 1694436 51  235|2687576 2687641 65  117|3637640 3637691 51 2884216082 4216125 43 214
638781 638896 115 181710632 1710712 80 3252693853 2693909 56 2683645491 3645571 80 297 |4237519 4237599 80 392
643240 643320 80 241735444 1735524 80 3022698073 2698153 80 1823645931 3646011 80 408 |4237679 4237759 80 353
663236 663275 39 881735684 1735818 134  107|2702213 2702293 80 3423661207 3661327 120 289 |4242704 4242758 54 382
668201 668281 80 681739276 1739387 111  269|2708322 2708390 68  191|3667108 3667172 64 361 |4244048 4244128 80 281
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710738 710778 40  109|1766799 1766919 120 402763344 2763424 80 381 |3681127 3681207 80 414 |4291968 4292010 42 103
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754101 754350 249 191797016 1797136 120 253 |2781318 2781398 80 1583713959 3714039 80  393|4346372 4346452 80 405
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819861 819941 80 296 | 1894862 1894906 44 236 2876011 2876091 80 397 |3769781 3769858 77  383|4464990 4465149 159 199
836789 836838 49 396 | 1899699 1899819 120 161 2902046 2902126 80 330 (3771911 3772001 90 340 |4481898 4481958 60 195
837278 837363 85 3281899979 1900022 43 301 |2902246 2902406 160 187 |3774704 3774784 80 378 |4483569 4483649 80 241
921863 921943 80 160 | 1903453 1903573 120 124 |2907778 2907866 88 127 |3774904 3774976 72 413 |4506275 4506395 120 294
925756 925836 80 389 (1923043 1923082 39 2542920292 2920412 120 148 3782119 3782161 42  349|4508151 4508208 57 373
931603 931768 165 20| 1927941 1928008 67 1502920452 2920507 55 2553782692 3782772 80 308 |4516500 4516580 80 213
962941 963001 60 1411932758 1932813 55 1372941260 2941309 49 1723805775 3805855 80  270|4531442 4531802 360 51
982167 982248 81 6211948596 1948676 80 1422962289 2962333 44 278 |3809351 3809468 117 154532282 4532362 80 244
983650 983692 42 2631957034 1957154 120 1102964109 2964160 51 145 | 3834033 3834113 80 143 [ 4549115 4549155 40 154
986295 986375 80 3391980461 1980528 67 3522967129 2967209 80 151 | 3850745 3850865 120 80 | 4580668 4580769 101 37
988258 988327 69 362 (1990191 1990242 51 116 | 2967409 2967569 160 141 | 3850985 3851345 360 414588914 4588994 80 222
989629 989709 80 347 (2011126 2011201 75 2563010544 3010585 41 208 | 3865099 3865179 80 2584603362 4603442 80 343
1006913 1007017 104 9712050206 2050248 42 1343030925 3031035 110 2323881407 3881607 200 1194604100 4604188 88 411
1019326 1019446 120 104 | 2065953 2066033 80 3193053520 3053582 62 33881727 3881887 160 211 |4608862 4608915 53 71
1019526 1019583 57 262 |2066393 2066513 120 1323069314 3069394 80 25| 3882531 3882655 124 11 [ 4609700 4609900 200 181
1031265 1031312 47 231 |2076526 2076606 80 2663071761 3071921 160 129 | 3906044 3906127 83  275|4628141 4628221 80 404
1050946 1051020 74 303 | 2085140 2085260 120 1703079704 3079756 52 9313911346 3911408 62 1384630705 4630752 47 358
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Figure 5: The schema of the third ranked prediction

Figure 6: The structure of the third ranked prediction (based on the sequence on the forward strand).
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Figure 7: The schema of the fourth ranked prediction
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Figure 8: The structure of the fourth ranked prediction (based on the sequence on the forward strand).
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Figure 9: The schema of the fifth ranked prediction
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Figure 10: The structure of the fifth ranked prediction (based on the sequence on the forward strand).



