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a b s t r a c t
Accurate prediction of sRNA targets plays a key role in determining sRNA functions. Here we introduced
two mathematical models, sRNATargetNB and sRNATargetSVM, for prediction of sRNA targets using
Naı¨ve Bayes method and support vector machines (SVM), respectively. The training dataset was composed of 46 positive samples (real sRNA–targets interaction) and 86 negative samples (no interaction
between sRNA and targets). The leave-one-out cross-validation (LOOCV) classiﬁcation accuracy was
91.67% for sRNATargetNB, and 100.00% for sRNATargetSVM. To evaluate the performance of the models,
an independent test dataset was used, which contained 22 positive samples and 1700 randomly generated negative samples. The results showed that the classiﬁcation accuracy, sensitivity, and speciﬁcity
were 93.03%, 40.90%, and 93.71% for sRNATargetNB and 80.55%, 72.73%, and 80.65% for sRNATargetSVM,
respectively. Therefore, the presented models provide support for experimental identiﬁcation of sRNA
targets. The related software and supplementary materials can be downloaded from webpage http://
www.biosun.org.cn/srnatarget/.
Ó 2008 Elsevier Inc. All rights reserved.

In bacteria, there exist some small non-coding RNAs (sRNAs)
with 40–500 nucleotides in length. For example, more than 70
sRNAs have been found in Escherichia coli (E. coli) [1,2]. Most of
them function as posttranscriptional regulation of gene expression
through binding to the translation initiation region (TIR) of their
target mRNAs, in which Hfq-protein acts as RNA chaperone [3–
10]. In positive regulation [10], the binding region is located in
90–120 nt upstream from the initial start codon, and the role is
to activate expression of target genes. In negative regulation, the
binding region is near the SD sequence, and the role is to block
ribosome binding or trigger degradation of both sRNA and its targets [11]. Therefore, accurate prediction of sRNA targets plays a
key role in determining sRNA functions. As the known number of
targets in positive regulation is limited, we only took negative regulation into account.
In their recent review [12], Vogel and Wagner systematically
summarized the experimental and bioinformatics approaches for
identiﬁcation of sRNA targets. Although sRNA targets should be ﬁnally experimentally veriﬁed, computational methods still provide
a labor-saving way to identify sRNA targets. Up to now, three prediction models have been presented [10,11,13].
Abbreviations: SVM, support vector machines; E. coli, Escherichia coli; sRNA, small
non-coding RNAs; TIR, translation initiation region; LOOCV, leave-one-out crossvalidation.
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In Zhang’s model [11], the Smith–Waterman local sequence
alignment algorithm was modiﬁed by incorporating following
information, which included sRNA secondary structure, characteristics of Hfq-binding site, the TIR 35 to 15 of candidate target
mRNAs, and conservation proﬁles of both sRNA and its candidate
targets TIR in eight close relatives of E. coli K-12. For each sRNA,
the score between the sRNA and each mRNA was calculated, and
the mRNAs with top scores were considered as the candidate targets. Among 10 veriﬁed sRNA–mRNA interactions, there were seven interactions among the top-50 predicted targets. The
prediction accuracy was 70.00%. Because the conservation proﬁles
were considered, their algorithm cannot be used to predict targets
of species-speciﬁc sRNAs or other bacterial sRNAs. In addition, they
only considered the secondary structure of sRNA rather than the
secondary structure of sRNA–mRNA complex, which maybe generate prediction bias.
In TargetRNA model [10], Tjaden and their colleagues developed
two methods for sRNA target prediction, namely, individual basepair method and stacked basepair method. To predict sRNA targets,
the hybridization score between sRNA and its candidate targets
was ﬁrstly calculated using either one of above two methods. Then,
the P value was obtained by assuming the score abiding by extreme-value distribution. The candidate targets usually had smaller P values. Two main related parameters, the size of TIR and
the length of seed match, were optimized using 12 validated
sRNA–mRNA interactions. The optimal parameters were 30 to
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20 for TIR and 9 nt for seed match. Among the 12 targets, there
were 8 targets correctly predicted. The prediction accuracy was
about 66.67%.
In the target prediction methods presented by Cossart group
[13], four validated sRNA–target interactions were used to optimize
the related thermodynamic parameters, which contained stacking
effects, and the cost of bulge and interior loops. These optimized
parameters were further applied in calculating the strengths of
sRNA–mRNA duplexes. During target prediction, two regions on
the mRNA were considered, which were 50 regions 140–90 (TIR)
and 30 regions spanning 60-nt upstream of the translation stop codon and 90-nt downstream of the stop codon. Finally, the presented
method was used to predict the targets of nine novel sRNAs discovered by them, and some predictions were experimentally veriﬁed.
In summary, total number of positive samples for the above
models is limited. For example, among the three presented models,
TargetRNA model had the largest number of samples, only twelve
[10]. In addition, different regions around TIR 35–15, 30–20,
and 140–90 were used in Zhang’s, Tjaden’s and Cossart’s models,
respectively. Then, which region or regions combination was the
optimal? To solve these two problems, ﬁrstly, we collected 46 positive samples and 86 negative samples as the training dataset.
Then, the technique of RNA secondary structure proﬁle was used
to ﬁnd the optimal combinations of different regions [14]. Finally,
two models, sRNATargetNB and sRNATargetSVM, for prediction of
sRNA targets were constructed using Naı¨ve Bayes method and
SVM, respectively.
Materials and methods
Training dataset. To construct models for prediction of sRNA targets, we ﬁrstly collected 46 positive samples and 86 negative samples as the training dataset (Supplementary Table 1). Then, we chose
the region 80 to 50 (TIR) as the candidate region so that most
targets in negative regulation can be considered. Finally, the technique of RNA secondary structure proﬁle was used to search the
optimal combinations of regions for prediction of sRNA targets [14].
Test dataset. To evaluate performance of the models, we constructed an independent positive set TESTP and 10 randomly generated negative sets TESTN110. The TESTP contained 22 positive
samples. The TESTN110 was constructed as follows. For each sRNA
involved in positive samples in the training dataset, 10 mRNAs
were randomly selected from 4131 mRNAs in E. coli (NCBI
NC_000913), and 10 sRNA–mRNA interactions were formed. The
processes were repeated 10 times, and the sets TESTN110 were
constructed. During random selection of mRNAs, the 132 mRNAs
in the training dataset were excluded. Because there were 17
sRNAs involved in the positive samples in the training dataset,
the total number of negative samples in the TESTN110 were
1700 (Supplementary Table2).
Features for model construction. As pointed out in models [10],
thermodynamic stability of sRNA–target complex is an important
index to describe sRNA–target interaction. But in their models,
they only considered one region around TIR at each time. Here
we considered multiple regions spanning TIR at the same time.
Firstly, we extracted the region 80 to 50 spanning TIR for each potential target. Secondly, we extracted all possible 1000 subsequences around the core region 30 to 30 (Fig. 1). Thirdly, for
each subsequence, we concatenated it to sRNA sequence with
‘‘LLLLLL” between them, and two linking modes, sRNA-LLLLLL-subsequence or subsequence-LLLLLL-sRNA, were considered [15].
Finally, RNAfold program [16] was used to predict the minimum
free energy secondary structure for the above two linked
sequences with default parameters, and the structure with lower
free energy was used to calculate the following features.
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Fig. 1. Demonstration to extract all possible subsequences, correspondent to the
interval [X, Y], was given, where 1 6 X 6 50 and 111 6 Y 6 130. The total number of
subsequences was 1000.

Based on the minimum free energy secondary structure of
merged sequence, the percent composition of bases in interior
loops, buldge loops, hairpin loops, helical regions, and multibranch loops were calculated, which represented the ﬁrst to ﬁfth
features, respectively (Features 1–5). The sixth feature was the
average free energyDGm /Lm, where DGm was the minimum free energy, and Lm was the length of the merged sequence (Feature 6).
The seventh feature was the difference of free energy DGm  D Gs
 DGT, where DGm, DGs, and DGT represented the secondary structure free energy of merged sequence, sRNA, and target TIR, respectively (Feature 7). In addition, as demonstrated in TargetRNA
model, the length of seed match was an important element in predicting sRNA–mRNA interaction. We took it as the eighth feature
(Feature 8). Finally, considering that Hfq-protein usually binds to
the A/U rich region, we calculated the percent composition of
A + U in single chain, derived from the minimum free energy secondary structure of target TIRs and sRNAs, as the ninth and 10th
features (Features 9–10).
Because each target TIR gave 1000 subsequences and each
sRNA-subsequence complex provided 10 features, each sRNA–target complex was described using 10,000 features. For 132 sRNA–
mRNA interactions in the training dataset, we got a matrix with
the size 10,000  132 (Supplementary Table 3). As we did in previous work [14], we called this matrix as the secondary structure
proﬁle of sRNA–mRNA interaction. Obviously, the matrix is very
similar to the gene expression proﬁle from array technology.
Therefore, many methods and tools for gene expression proﬁle
could be used. In view that the object of present study was to predict sRNA–mRNA interaction, supervised learning methods were
used.
Discriminant analysis. To construct models for prediction of sRNA
targets, both Tclass classiﬁcation system and SVM were used. The
Tclass was originally written for gene expression proﬁle-based sample classiﬁcation [17–19]. In Tclass system, both Fisher and Naı¨ve
Bayes methods were integrated with the feature forward selection
method. For the present task, the Naı¨ve Bayes method was used.
In addition to Tclass system, we also used SVM [20] to build
prediction model using the same training dataset. In recent years,
SVM have been successfully applied to some biological problems
[15,21].
Results
Standard t-test analysis
Before model construction, the standard t-test was used to detect
the difference of each feature. The detailed t-test results were provided in Supplementary Table 4. There were 4293 features with
P 6 0.01. The top 40 features (P 6 1E-10) were all the seventh
features derived from different subsequences, which showed that
the difference of free energy played a key role in prediction of sRNA
targets.

348

Y. Zhao et al. / Biochemical and Biophysical Research Communications 372 (2008) 346–350

Construction of the model sRNATargetNB using Tclass
To construct the model, sRNATargetNB, for prediction of sRNA
targets, both Naı¨ve Bayes method and feature forward selection
were used with LOOCV classiﬁcation accuracy as the object function. Tclass system automatically found the optimal combination
of features with the number of features from 1 to 20. For each feature number, 10 optimal feature sets were recorded. The relationship between the number of features and LOOCV classiﬁcation
accuracy was displayed in Fig. 2. The highest accuracy was
91.67%. Moreover, the results indicated that many feature sets provided the same classiﬁcation accuracy. Then, which feature set
should be used to construct the model? To solve this problem,
the stability analysis was performed. For each optimal feature
set, the 132 samples in the training dataset were randomly divided
into two groups with partition ratio 75%. The major part was used
to construct the classiﬁer, and the minor part was used to calculate
classiﬁcation accuracy. The above processes were repeated 1000
times and the average classiﬁcation accuracy was taken as the stability index. The relationship between the stability index and the
number of features was also given in Fig. 2. From Fig. 2, it can be
seen that the highest stable index 0.89 was obtained using six features, which were 198, 567, 1259, 1839, 4102, and 5307, respectively (Table 1). Finally, the feature set was selected as the ﬁnal
best feature set, and the correspondent 1000 classiﬁers were taken
as the ﬁnal prediction model.
To predict whether a sample was positive or negative, all 1000
classiﬁers were used. The sample would be predicted to be positive
if there were more than 500 classiﬁers to predict it to be positive.
Otherwise, it would be predicted to be negative. Based on the presented model, the 132 samples in training dataset were predicted.

There were 35 positive and 86 negative samples correctly predicted. Therefore, the prediction accuracy was 91.67% (121/132),
which was higher than 70.00% from Zhang’s model, and also higher
than 66.7% from program TargetRNA on their training datasets
[10]. The sensitivity and speciﬁcity were 76.1% (35/46) and
100.00% (86/86), respectively.
Construction of the model sRNATargetSVM using SVM
To construct the model sRNATargetSVM, the LibSVM package
(version 2.83) was used [22]. For performance comparison to the
model sRNATargetNB, we took LOOCV classiﬁcation accuracy as
the object function. Firstly, we took three feature sets, namely
SET1, SET2, and SET3, to construct the models. The SET1 contained
all 10,000 features. The SET2 contained 3090 features with
P 6 0.001. The SET3 included 1785 features with P 6 0.00001.
Then, for each feature set, the penalty parameter C and the radial
basis function (RBF) kernel parameter c were tuned using the grid
search strategy. The related models were marked sRNATargetSVM1, sRNATargetSVM2, and sRNATargetSVM3, respectively.
Finally, the prediction results were provided in Table 2, which
showed that sRNATargetSVM1 was the best. Compared to the
results from sRNATargetNB (91.67%), sRNATargetSVM1 gave the
better results.
Performance evaluation of the models
To evaluate performance of the presented models objectively,
all four models, sRNATargetNB, sRNATargetSVM1, sRNATargetSVM2, and sRNATargetSVM3, were used to predict the samples
in the test dataset. The prediction results were given in Table 3.

Fig. 2. The relationship between the number of features and LOOCV classiﬁcation accuracy or stability index was displayed. The stability index was the average of prediction
accuracies from the minor parts in 1000 simulations with partition ratio 75%.

Table 1
The meaning of the selected features for sRNATargetNB model
Ft

Interval

TIR

Meaning

198
567
1259
1839
4102
5307

[1, 130]
[3, 127]
[7, 116]
[10, 114]
[21, 121]
[27, 121]

[80, 50]
[78, 47]
[74, 36]
[71, 34]
[60, 41]
[54, 41]

The
The
The
The
The
The

length of seed match between sRNA and mRNA TIR
difference of free energy DGm  DGs  DGT
percent composition of A + U in single chain of mRNA TIR
percent composition of A + U in single chain of mRNA TIR
percent composition of bases in buldge loops
difference of free energy DGm  DGs  DGT

Ft column stands for the features selected for model construction. See Fig. 1 for detailed information about Interval column and TIR column.
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Table 2
The classiﬁcation accuracy, sensitivity, and speciﬁcity from three feature sets using
SVM
FeatureSet

Nf

C

c

Acc (%)

Se (%)

Sp (%)

SET1
SET2
SET3

10,000
3090
1785

32.0
2.0
8.0

1.2207  104
9.7656  104
9.7656  104

100.00
91.67
84.09

100.00
95.35
98.84

100.00
84.78
56.52

Table 4
The number of predicted targets for all known sRNAs in E. coli
sRNA

Target number

sRNA

*

Th = 500 Th = 800 Th = 1000

RyjC
RdlA
RdlB
RdlD
SokC
RdlC
RygC
SelC
DsrA
RyfC
SroB
SokB
RyeC
RyeD
MicA
RygD
DicF
OxyS
RygE
Spot 42
RyjA
Tff
SokA
IstR
RydB
SroF
RydC
PsrN

Nf column represents the number of features in each feature set. Acc, Se, and Sp
stand for classiﬁcation accuracy, sensitivity, and speciﬁcity on the training dataset,
respectively.

From the classiﬁcation accuracy or speciﬁcity, sRNATargetNB
(Threshold = 1000) gave the best results. The accuracy, sensitivity
and speciﬁcity were 93.03%, 40.90% and 93.71%, respectively. From
the sensitivity, sRNATargetSVM1 provided the best results. The
accuracy, sensitivity, and speciﬁcity were 80.55%, 72.73%, and
80.65%, respectively. Although sRNATargetSVM1 gave the best sensitivity, we still recommended the model sRNATargetNB (Threshold = 1000) for prediction of sRNA targets because of the
following two reasons. First, for each potential sRNA–mRNA interaction, sRNATargetNB model only needed six features. However,
sRNATargetSVM1 asked for 10,000 features, and therefore had
the longer running time. Second, sRNATargetNB (Threshold = 1000) had high speciﬁcity, which generated less number of
false positive results and gave less number of targets, which can
be more easily veriﬁed by experiments.

*

Comparison to the TargetRNA program
To compare the performance of our models with TargetRNA
program, the four sRNA sequences involved in 22 positive samples
in the test dataset were input into the TargetRNA web server [10].
Their targets were predicted using the default parameters. The results indicated that there were four interactions detected, which
were mica-ompA, RybB-ompN, GcvB-dppA, and GcvB-oppA,
respectively. However, there were more than nine interactions detected by our models (except sRNATargetSVM3). Our models provided better performance.

8
77
68
77
90
72
71
60
110
129
122
118
171
109
107
135
191
202
153
255
209
323
394
365
354
363
406
436

4
41
43
42
49
43
42
41
73
87
91
83
100
67
77
88
132
138
108
167
161
211
289
257
277
256
392
311

3
7
8
9
11
11
11
13
14
19
20
21
21
22
24
26
32
39
42
50
52
57
73
87
94
95
98
101

Target number
*

Th = 500 Th = 800 Th = 1000

RyeB
MicF
CsrC
IsrC
RyfA
RyjB
OmrB
RyfB
MicC
RybB
OmrA
GadY
IsrA
PsrO
RyeE
IsrB
RyeA
SgrS
RprA
PsrD
RyhB
RybA
RyiA
RyhA
ResX
CsrB
GcvB

405
331
335
427
470
494
501
463
469
542
589
570
483
557
591
519
756
740
823
879
878
908
981
1064
1442
1506
1856

296
256
270
317
351
377
384
345
355
403
446
418
379
439
466
400
568
577
669
694
709
716
803
865
1243
1324
1647

102
106
127
131
134
134
139
149
158
159
160
161
165
178
178
181
210
234
274
314
316
329
414
437
708
822
1055

Th stands for threshold for target prediction using sRNATargetNB model.

100, and 200, respectively. Therefore, the presented models provided support for experimental identiﬁcation of sRNA targets.
Discussion
Here we presented two models, sRNATargetNB and sRNATargetSVM, for prediction of sRNA targets using Naı¨ve Bayes method
and SVM, respectively. The ﬁrst model consisted of 1000 classiﬁers
derived from six features. The second model was constructed using
all 10,000 features. The LOOCV classiﬁcation accuracy was 91.67%
and 100.00% for sRNATargetNB and sRNATargetSVM, respectively.
Compared to other models, which gave the classiﬁcation accuracy
67.7% and 70.0% on the training dataset [10,11], our models gave
better results.
To construct models for prediction of sRNA targets, the concept
of RNA secondary structure proﬁle was used. It has been successfully applied in the construction of mathematical model for highlevel expression of foreign genes in pPIC9 vector [14]. Because
we do not know the exact TIRs to interact with sRNA, all possible

Targets prediction for all known sRNAs in E. coli
For each known sRNA in E. coli, the model sRNATargetNB was
used to predict its targets. The detailed information was provided
in Table 4. From Table 4, we found that the number of targets varied from 8 to 1856 for the Threshold = 500, 4 to 1647 for the
Threshold = 800, and 3 to 1055 for the Threshold = 1000, respectively. Obviously, sRNATargetNB (Threshold = 1000) gave the less
number of targets. Among all 55 sRNAs, there were 20 sRNAs, 27
sRNAs, and 44 sRNAs with the number of targets less than 51,

Table 3
The performance of the models on the test dataset
Model

sRNATargetNB (Threshold = 500)
sRNATargetNB (Threshold = 800)
sRNATargetNB (Threshold = 1000)
sRNATargetSVM1
sRNATargetSVM2
sRNATargetSVM3

TESTP&TESTN110
TP

TN

FP

FN

Acc

Se

Sp

12
11
9
16
13
3

1453
1505
1593
1371
1103
1392

247
195
107
329
597
308

10
11
13
6
9
19

0.8508
0.8804
0.9303
0.8055
0.6481
0.8101

0.5455
0.5000
0.4090
0.7273
0.5909
0.1364

0.8547
0.8853
0.9371
0.8065
0.6488
0.8188

The same positive test dataset TESTP was combined with each negative test dataset TESTNi (i = 1, 2, . . . ,10). For each sample in each combination TESTP& TESTNi(i = 1, 2, . . . ,10),
the presented models were used to predict whether it was positive or negative. The sample was predicted to be positive if there were more than 500 classiﬁers (‘‘Ttreshold = 500”) or 800 classiﬁers (‘‘Threshold = 800”) or 1000 classiﬁers (‘‘Threshold = 1000”) to predict it to be positive. Here we want to point out that prediction results for the
negative test dataset TESTNi (i = 1, 2, . . . ,10) were merged together. Acc, Se, and Sp stand for classiﬁcation accuracy, sensitivity, and speciﬁcity, respectively.
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TIRs around the core region 30–30 were considered. Then,
through using the feature forward selection method, we found
the optimal feature set with six features (Table 1). From this result,
we guess that sRNA–mRNA interaction is a dynamic process, which
needs to consider six TIRs to take part in the sRNA–mRNA interaction at the same time. In addition, we also noticed that the feature,
the length of seed match between sRNA and mRNA, had been selected during automatic process for feature selection. Through
the t-test, we got the t and P values were 3.0830 and 0.0025,
respectively. On average, the length of seed match in positive set
is longer than that in negative set. This result supported the idea
in TargetRNA model, i.e., the length of seed match plays a key role
in determining sRNA–mRNA interaction.
During model construction, dataset collection is one of three
important parts. The other two parts are machine learning methods and feature selections. Here we want to emphasize two
points. First, even though all samples in the training dataset
are from E. coli K-12, the models can be applied for other bacterial genomes. For example, among 16 sRNA–mRNA interactions
in the test dataset from Salmonella typhimurium LT2, there were
nine samples correctly predicted. Second, since the regulation
process of gene expression is very complex, it is very difﬁcult
to distinguish primary and secondary targets [12]. For example,
some sRNA targets maybe act as transcription factors. If this kind
of targets were downregulated, the expression of those genes
regulated by these targets will be also downregulated. Obviously,
the downregulated genes by the targets are not the real targets
of sRNAs. In our training dataset, we assumed that all positive
samples are primary targets. With more and more primary targets found, the models will be improved in future.
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