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Oft-target Possibility Prediction of Efficient
siRNA: A Workflow
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Abstract - For knocking down targeted genes, small
interfering RNAs (siRNAs) are used as an important tool in
biological and biomedical research, which is called gene

silencing by RNA interference. This is done by degradation of

the target mRNA. These target mRNAs must be selected such
that their corresponding siRNAs are likely to be efficient
against that target and unlikely to accidentally silence other
transcripts due to sequence similarity. Hence while designing
efficient siRNAs, the ability to knock down target genes and
off-target effect on non-target genes must be considered. In this
work we present the work flow of our design that enables to
predict efficient siRNAs that can identify the off target

possibility on non-target genes. Hence we hope that the risk of

“off target effect® while doing gene silencing in various
bioinformatics fields can be overcome, by carefully examining
the inhibition efficiency and off target possibility of each
siRNA.

Keywords - small interfering RNA, messenger RNA, RNA
interference, gene silencing

[. INTRODUCTION

NAi is an important biological process which can

control the gene regulation by a sequence specific
post transcriptional gene silencing mechanism [1] mediated
by double stranded RNA (dsRNA). The RNAi pathway was
discovered by Fire and Mello in 1998 [2]. RNAI has been
successfully used to target diseases such as AIDS [3],
neurodegenerative diseases [4], cholesterol [5] and cancer
[6] on mice with the hope of extending these approaches to
treat humans. In functional genomic research, the discovery
of RNA interference has become much helpful in drug
design and therapeutic applications because of its ability to
perform gene silencing. The RNAi can be endogenous or
exogenous. Recently a considerable amount of work has
been done to understand the gene silencing mediated by
siRNA. Hence, designing of siRNA which has good
target  silencing efficiency with  good
selected target mRNA [7,8] or gene is a research issue to be
addressed up on.
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specificity of

There exist several good scoring siRNA design models
like Biopredsi[9], DSIR[10], ThermoComposition21[11], i-

Score[12], Scales[13], My siRNA-Designer[14] and
MysiRNA[15] to predict possible siRNAs targeting the
mRNAs. But recent studies reveals that among all

siRNAs that can be generated against a target mRNA, only a
fraction are successful in causing degradation and all
siRNAs do not perform equal knockdown effects [16]. The
efficiency of siRNA differs in different target sites of
same mRNA. Thus the aim of siRNA efficiency prediction
is to design siRNA sequences that are highly capable of
inhibiting their target mRNA sequences. Earlier it was
understood that full complementary siRNA is needed to
silence a target gene. But later, many studies shown that
siRNA behaves like miRNA and suppress protein synthesis
even though it is not fully complementary to the target. This
shows that mismatches are allowed during target selection
by siRNA [17-18]. This may cause a very serious problem
of “off-target effect” where unintended target genes may be
suppressed by selected siRNA [19-21]. In this paper, we
present the work flow of our design OpsiD [24] , that
enables to identify the efficacy and off target effect of
siRNAs against target genes. The tool lists all siRNAs
against a particular target with their inhibition efficacy and
number of matches or sequence similarity with other genes
in the data base. Hence we hope that the risk of “ off target
effect “ while doing gene silencing in various bioinformatics
fields can be overcome, by carefully examining the
inhibition efficiency and off target possibility of each
siRNA using this siRNA design method. The comparison
and validation of our previous models were done with
existing good scoring siRNA design models [ 22-24].

II. MATERIALS AND METHODS

A. Software Used:

For computing the metrics to be used as input parameters
to our neural network model, we used the tools DSIR, i-
Score Designer, ThermoComposition2] and MysiRNA
designer, all of which must be downloaded from their
respective sources before using our model, OpsiD. All the
input parameters except MysiRNA score are read from the i-
Score designer Excel file. The MysiRNA scores are read
from the output file of the MysiRNA designer tool.

B. NCBI BLAST

The NCBI BLAST tool (blastall) is used to filter out
siRNAs with high off-target effect by running a BLAST
search on the NCBI RefSeq database. The blastall tool is
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bundled along with OpsiD, but the NCBI RefSeq database
must be downloaded separately. Website:
ftp://ftp.ncbi.nlm.nih.gov/blast/executables/release/LATEST

C. Encog and Encog Workbench IDE

The Encog machine learning framework for Java is used
to create and use the siRNA designer neural network model.
Encog is an advanced, lightweight Java machine learning
framework which can be used to develop common neural
network and other machine learning models (including
Support Vector Machines, Genetic Algorithms, Bayesian
Networks, Hidden Markov Models etc). The Encog
Workbench IDE was used to easily design and test the
model. The IDE provides an easy-to-use graphical interface
to design various neural network configurations, and also to
train as well as test the neural network using various neural
network training algorithms.

Website: http://www.heatonresearch.com/encog

D. Apache POI

The Apache POI library was used to read and write
Microsoft Excel files, such as the i-Score designer Excel
file. The Apache POI library is an open-source library
developed by the Apache Software Foundation which
provides a set of Java APIs for creating and manipulating
Microsoft Office Documents (both the new OOXML
formats and the old OLE2 Compound Document Format). It
is available under version 2.0 of the Apache License.
Website: http://poi.apache.org/

E. Data Sets

Our neural network was trained using the experimental
inhibition capacity values of the siRNAs in the Huesken
data set [9]. We named this data set as Data Set 1. This
data set contains a total of 2431 siRNAs derived from 30
genes, and their corresponding experimental inhibition
capacity values. We used entire Huesken data set for
training our neural network model. For testing our neural
network, we used some other data sets as well. Our second
data set consists of 419 siRNAs (named as Data Set 2,
which is mutually exclusive with Data Setl) taken from
various sources such as Reynolds, Vickers, Haborth, Ui-Tei
and Khovorova [18-21]. This data set was compiled by
Ichihara et al for their i-Score designer tool [13] and was
used by Mysara et al for testing their MysiRNA model [15].
For conducting validations, we used another data set of 476
siRNAs (named as Data Set 3, which is entirely different
from Data Set 1 and Data Set 2) presented by Mysara et al.
[15] in their work. These 476 siRNAs were originally taken
from a larger data set of 18,593 siRNAs introduced by
Fellman et al. [27].

F. Neural Network Model

The final efficacy score (inhibition capacity) of siRNA
was computed using a multi-layer perceptron, feed-forward
neural network trained using the Scaled Conjugate Gradient
training algorithm [25] (provided by Encog), which is based
upon a class of optimization techniques well known in
numerical analysis as the Conjugate Gradient Methods. Our
Neural Network Model has 5 neurons in the input layer, a
single hidden layer of 12 neurons and 1 neuron in the output
layer (5*12*1 neural network). The training began from a
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randomized state and was done for 136,000 iterations. The
neural network model was built and trained using the Encog
Workbench IDE and later integrated into our siRNA
designer tool (OpsiD).

G. Input values

The final inhibition capacity score of each siRNA was
computed with the following five different metrics: whole
AG (or stacking energy), DSIR [10], ThermoComposition2 1
[11], i-Score [12], and MysiRNA [15]. These metrics were
found to work well and gave good results with the Huesken
data set in our experiments.

H. Normalization of Input values

The input values given to the neural network, i.e. the 5
metrics described above, are normalized using the range
normalization method, also known as min-max
normalization. That is, the normalized input values are given
by:

A;j—-mingy

AY =

i = maxiomin: (maxp — ming) + ming

Where AV is the normalized value of the metric A for the
ith tuple of the training data, A; is the actual value, max, is
the maximum value of the metric A for the entire training
set of siRNAs and min, is the minimum value. The values
are normalized to the range [minR, maxR].

The minimum and maximum values of each input metric,
obtained from the training data set, are supplied along with
our program, and are used for normalizing the input values.
The input values for the neural network are normalized to
the range [-1, 1] before being given as input. The
experimental inhibition values from the training data set
were also normalized to the range [0, 1] before training the
neural network.

. Output Values

The neural network gives a single output value in the
range [0,1], which is then multiplied by 100 to give the final
score which is displayed for each siRNA in our OpsiD tool.

II1. WORKFLOW

A. Prerequisites

The siRNA designer software (OpsiD) requires the
following software/files to be downloaded and installed:
Java 7
Any Perl Distribution (tested with ActivePerl)
i-Score Designer Excel file
ThermoComposition19 and
ThermoComposition21
MysiRNA designer and model file
NCBI BLAST tool (blastall) §

NCBI RefSeq RNA BLAST database
Encog Workbench

T Required only for BLAST search filtering (optional)

VVVY

VVVY

1 Required only for testing the neural network model

B. Input

The software takes an mRNA or cDNA gene sequence as
input. The nucleotides may be specified using the uppercase
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letters A, T, G, C and U or the corresponding lowercase
letters, and any spaces or newlines within the sequence are
ignored. The user can also enter the RefSeq number of the
gene if it has been taken from the NCBI RefSeq RNA
database. This is only required if the user selects to perform
BLAST search.

C. Processing

The siRNA designer software first enumerates each
possible 19-mer siRNA sequences from the input nucleotide
sequence. Then, it computes some basic parameters for each
siRNA sense strand, such as GC content percentage, whole
delta G, delta H, delta S, melting temperature etc. For
calculating whole delta G, we use the nearest-neighbor
model from Sugimoto et al [26], which is also used by other
tools such as i-Score and MysiRNA. If the user has selected
the option to filter siRNAs based on GC content, the
software then removes all siRNAs which do not have GC
content % between the minimum and maximum values
specified by the user. Then, it gives each siRNA sequence as
input to various pre-existing second generation siRNA
designer tools such as i-Score, ThermoComposition21,
DSIR and MysiRNA to get their scores for the strand’s
inhibition capacity. The siRNA strand’s i-Score,
ThermoComposition21, DSIR, MysiRNA scores and the
initially calculated whole delta G value are given as input to
our neural network model. The model gives an output value
in the range [0, 1] which is then multiplied by 100 to give
the displayed final score (in the range 0 — 100) for the
siRNA strand. If the user has selected the option to filter
siRNAs based on their score, the software will remove all
siRNAs whose final scores lie below a certain threshold
value specified by the user.

D. Off Target Possibility Prediction

When the user selects BLAST search option in our tool
for off target finding, it will run BLAST for each siRNA
sequence on the NCBI RefSeq RNA database. This database
is not included in our tool but must be downloaded and
placed in the suitable location.The output will display the
greatest BLAST score of each siRNA sequence. BLAST
score is the number of nucleotide matches of each siRNA
with the database ie., Blast score 19 for an siRNA denotes a
perfect match of that siRNA with any other genes in the
database. For example, in Table.l the siRNA with best
inhibition efficacy against a given target site is 93%, but the
BLAST score 18, means even though the siRNA is best

efficient to degrade the target mRNA, there is a high risk of
‘off target effect” with 18 nucleotide matches to any other

sequences in the data base. So according to our tool, instead
of selecting siRNA with best inhibition capacity alone, we

can consider both efficiency and number of matches of

BLAST score to select siRNAs for gene silencing.

There is also an exclude list option, which is necessary if

the input mRNA is from the RefSeq RNA database itself. In
that case, the user can specify that matches to that particular
mRNA need not be considered while finding the greatest
BLAST score. This is done by specifying the RefSeq
numbers of the mRNAs to exclude. After all these
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processes, the siRNA designer software, OpsiD, displays the
output. The software displays the output in tabular form. All
the siRNAs after the selected filtrations will be displayed,
along with the various values such as whole delta G, GC
content, Biopredsi, i-Score, ThermoCompositon21, DSIR,
MysiRNA, BLAST score and final score (OpsiD Score).
The software also provides the option to export the tabular
data to a CSV format file, which can then be read by various
statistical analysis tools such as Microsoft Excel and IBM
SPSS etc. Fig.1 and Fig.2 shows the sample screen shot for
user interface and output showing inhibition efficacy with
BLAST score of OpsiD respectively.

TABLE [
SAMPLE SIRNAS WITH INHIBITION CAPACITY AND BLAST
SCORE IN OPSID
BLAST Score
siRNA (No of nucleotide
siRNA Inhibition  matches with
Capacity  other sequence in
Data Base)
AGGGUUAUUUUUCUUUGGC 75 15
GAAAAAAACCAAAGGGUUA 67 5
AACCACUGUAGAAAAUAAC 55 0
UCUUUAUGUUUUUGGCGUC 93 18
UUCUUUAUGUUUUUGGCGU 66 9
GGGCCUUUCUUUAUGUUUU 55 7
UUAUAAAUGUCGUUCGCGG 80 12
UAAUUUUUUGGAUGAUUGG 45 7
UUAAAAUCGCAGUAUCCGG 77 5

IV. CONCLUSION

Many models have been developed earlier to predict and
evaluate the siRNA inhibition efficacy. We have analyzed
the best scoring models and algorithms currently available,
and developed a neural network model by combining the
results of selected previous models to improve the
prediction accuracy. In addition, we have also included
modules to reduce the consequence of ‘off target’ effect.
The proposed artificial neural network model ‘OpsiD’ can
predict siRNA efficiency over a targeted mRNA sequence
and can identify their similarity score in the data base, and
able to predict the possibility of ‘off target’ effect. Some
research area of drug design in cancer therapy is
concentrating to artificially inject exogenous siRNA capable
of degrading the mRNA responsible for tumor development.
The proposed soft computing model may be useful in
finding exogenous siRNAs capable of degrading the disease
causing target mRNA “without doing off target silencing”
and may help in drug design for cancer treatment and other
areas of bioinformatics by ‘gene silencing’. One of the
importance of the study include, as it clearly address the
off target effect which was a very serious problem to be
dealt with  while designing siRNA for therapeutic
applications.
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Designer | Results

mRNA or cDNA Sequence:

CTTCCTTGTTTGGTCTGCTGTGGATCTGCCTTATTGCATATGCCATGCATCAGATAATGGATGCAT
ICAGATAATGGTGTTAGACAAAGCTTCATTGTGAACAACCTAATGCATTTTAGAGARACAATCTC
IATCACATTTTTTCTAGCCTTTCCTACATTTAAACTTGCTGTTGCCCAAATTATAATTTTTTARATGT
ICTTTGGTGGGCTTCTGTTAATTCACATGACTTGAGCTTATAGCTATGTCTACTGCACAGATTGGG
[TAATGGAACACTAAACTTTTATACTTGAAAATGACAGCCTTAAATGCTCATATCAGTCACAAATC
[TAGGATGTACTGTCTTGTTGTATGTGAGCTTTGTAGAGATTTTTAAMAATATAAGCATCACCTTC
ICCATTGAAGAGTGGAGAGAGTCTACTGGATGACTGGCCAGGAACTTTCTCTCTGAATCGGACAT
[TTGGATGTCTTCTTTCTTCCAAGAAATGGTGGTTCACATTAAAGTATCATGGCCTTATGTATGCTC
IAATGGAATCTTATGTAACTTTCTTATTTAATTTTGGTCTGCTTATTTTTAGATAAAATT GARAG
GAATTGTATAAATCAATTAACATATTAGCTGAGTTG

-
SiRNA Designer

==

Doing BLAST search may take a long time depending on your system.
Are you sure you want to enable it?

Design siRNAs

% —
Status: Ready
GC Content (%):

Minimum: |35.U \ Maximum: |55.0

Minimum Score: |0 70

Do off-target filtering by BLAST search (requires NCBI BLAST tool and NCBI RefSeq database to be present)

Exclude List:
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| 8 ¢ D E F G H i J [ L
133 Position Sense strand Antisense strand GC Content Whole deltaG  s-Biopredsi i-Score  DSIR ThermoComposition21 MySiRNA BLAST Score  OpsiD Score (%)
134 134.CAAUAUAUCGCAUGAUAUU AAUAUCAUGCGAUAUAUUGEU 26.32% -29.2 0.836 69.792  85.603 0.81  89.568 16 65.971
135! 135 AAUAUAUCGCAUGAUAUUU AAAUAUCAUGCGAUAUAUUEE 21.05% -28 0.781 58619  74.756 072 70.861 16 51.272
136 136 AUAUAUCGCAUGAUAUUUU AAAAUAUCAUGCGAUAUAUug 21.05% -28 075 57.598  72.546 076 71.853 17| 49.407
17 137 UAUAUCGCAUGAUAUUUUG CAAAAUAUCAUGCGAUAUAUU 26.32% -29 061 49.249 61127 0.69  59.279 17 37.108
138 138 AUAUCGCAUGAUAUUUUGG CCAAAAUAUCAUGCGAUAUau 31.58% -31 0448 40712 54.663 0.54 49599 17| 36.694
139 139 UAUCGCAUGAUAUUUUGGU ACCAAAAUAUCAUGCGAUAua 31.58% -32.1 0444 39777 57.695 0.67 54.67 16 35.957
140 140 AUCGCAUGAUAUUUUGGUU AACCAAAAUAUCAUGCGAUau 31.58% -3L7 0.688 55155 7L555 0.82 81.268 15 56.44
L 141 UCGCAUGAUAUUUUGGUUA UAACCAAAAUAUCAUGCGAu 31.58% -3L9| 075 59.964 76.95 0.87  88.035 4 60.962
142 142 CGCAUGAUAUUUUGGUUAA UUAACCAAAAUAUCAUGCGau 31.58% -30.4 0.871 82355 94.758 101 96.492 13 79.938
143 143 GCAUGAUAUUUUGGUUAAA UUUAACCAAAAUAUCAUGCga 26.32% -28.9 0.877 81733 96.537 0.98  96.092 12 81.02
144 144 CAUGAUAUUUUGGUUAAAG CUUUAACCAAAAUAUCAUGEE 26.32% -27.6 0709 55257  69.435 072 65111 a 44979
145 145 AUGAUAUUUUGGUUAAAGA UCUUUAACCAAAAUAUCAUgC 21.05% -27.9 0.735 6311 74752 0.77  79.51% 12 54.015
146 146 UGAUAUUUUGGUUAAAGAU AUCUUUAACCAAAAUAUCAug 21.05% -27.9 0.837 6559  84.243 0.86  86.327 13 6161
147 147 GAUAUUUUGGUUAAAGAUU AAUCUUUAACCAAAAUAUCaU 21.05% -26.7 0.806  70.367  86.453 0.89  89.308 14 65.9
148 148 AUAUUUUGGUUAAAGAUUU AAAUCUUUAACCAAAAUAUC 15.79% -25.2 0.768 66.389  78.147 0.76  76.177 S 54.596
149 149 UAUUUUGGUUAAAGAUUUA UAAAUCUUUAACCAAAAUAUC 15.79% -254 0.831 73.878 8134 0.8 87011 14 62.437
150 150 AUUUUGGUUAAAGAUUUAU AUAAAUCUUUAACCAAAAUAU 15.79% -25.2 0.739 57655 74125 0.67 59301 15 44.008
151 151 UUUUGGUUAAAGAUUUAUC GAUAAAUCUUUAACCAAAAUE 21.05% -26.5 0525 43.586  60.306 059 48721 16 36.622
152 152 UUUGGUUAAAGAUUUAUCG CGAUAAAUCUUUAACCAAAau 26.32% -28 0402 40.069  54.765 051 47.275 17 40.968
153 153 UUGGUUAAAGAUUUAUCGG CCGAUAAAUCUUUAACCAAaa 31.58% -30.4 0353 36.692 53.449 0.53 47525 18 38.217
154 154 UGGUUAAAGAUUUAUCGGA UCCGAUAAAUCUUUAACCAaa 31.58% -319 0719 58.957 76.582 0.79 83.934 19 58.081
155 155 GGUUAAAGAUUUAUCGGAC GUCCGAUAAAUCUUUAACCaa 36.84% -32 0711 59.581 77.188 0.84 86.732 19 59.869
156 156 GUUAAAGAUUUAUCGGACA UGUCCGAUAAAUCUUUAACCa 31.58% -30.8 0776 66993  83.638 0.8 89.081 19 64.046
157 157 UUAAAGAUUUAUCGGACAG CUGUCCGAUAAAUCUUUAAcC 31.58% -30.7 0372 41524 52.962 0.51 48999 19 37713
WAk ] output /T 4 i i

Ready
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Fig 2. Sample Screen Shot showing the output with BLAST Score of OpsiD
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