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Abstract

Short interfering RNA (siRNA) efficacy prediction algorithms aim to increase the probability of selecting target sites that are

applicable for gene silencing by RNA interference. Many algorithms have been published recently, and they base their predictions

on such different features as duplex stability, sequence characteristics, mRNA secondary structure, and target site uniqueness. We

compare the performance of the algorithms on a collection of publicly available siRNAs. First, we show that our regularized genetic

programming algorithm GPboost appears to have a higher and more stable performance than other algorithms on the collected

datasets. Second, several algorithms gave close to random classification on unseen data, and only GPboost and three other algo-

rithms have a reasonably high and stable performance on all parts of the dataset. Third, the results indicate that the siRNAs� se-
quence is sufficient input to siRNA efficacy algorithms, and that other features that have been suggested to be important may be

indirectly captured by the sequence.

� 2004 Elsevier Inc. All rights reserved.
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RNA interference (RNAi) is a cellular process for se-

quence-specific depletion of mRNA [1]. Long double-

stranded RNA duplexes or hairpin precursors are

cleaved into short fragments by a ribonuclease III en-

zyme called Dicer. The resulting short interfering RNAs

(siRNAs) are 21–23 nucleotides (nt) long and have char-
acteristic 2nt 3 0 overhangs [2]. A ribonucleoprotein com-

plex named RNA induced silencing complex (RISC)

incorporates one of the siRNA strands, and cleaves

mRNA with complementarity to the RNA component

in an ATP-independent reaction [3]. Long RNA duplex-

es trigger the interferon response and yield non-specific

degradation of mRNA when introduced into mammali-

an cells. The interferon response can, however, be cir-
cumvented by transfecting moderate concentrations of

synthetic siRNAs into mammalian cells [4]. The knock-

down effect is transient and diminishes after a few cell

cycles [5]. A lasting knockdown effect can be obtained
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by endogenous transcription of hairpin precursors from

vector [6] or virus-based [7] systems.

Several excellent reviews describe siRNA and RNAi

[8–11].

The siRNAs must be optimized with respect to toxic-

ity, specificity, and efficacy. First, both synthetic and en-
dogenously transcribed siRNAs have been shown to

induce the interferon response in a concentration-depen-

dent manner [12–14]. Second, there is a risk that the

siRNA may guide RISC to cleave mRNAs with se-

quence similarity to the target (shown indirectly in

[15]) or that the siRNA may function as a microRNA

and suppress protein translation [16]. Third, only a

fraction of all siRNAs are effective at reducing the
expression of their target genes, and two siRNAs that

target mRNA sites that are separated by only a few

nucleotides may have very different efficacies [5].

Genomewide specificity studies on the mRNA level

have been published but the results are conflicting

[14,17–19] and siRNAs� mismatch tolerance remains

an open question. It seems clear, however, that central

mismatches between the siRNA and the target mRNA
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are more likely to abolish silencing than mismatches at

the ends, and that the tolerance for mismatches is higher

at the 5 0 end than at the 3 0 end of the siRNA [15,20].

Very specific target sites are available for most genes

but many published siRNAs have a flawed design and

therefore risk off-target effects [21].
Algorithms that predict siRNA efficacy increase the

probability for obtaining an siRNA that induces effec-

tive silencing of the desired gene. The Tuschl rules [22]

were the only criteria available until Reynolds et al.

[23] published their algorithm for rational design of ef-

fective siRNAs. Several other algorithms have emerged

since [24–30]. We recently used a hardware accelerated

[31] regularized genetic programming algorithm to de-
velop siRNA efficacy classifiers [32]. We aim to provide

a comparison of the algorithms� performance on a large

collection of publicly available functionally validated

siRNAs.
Table 1

There are important differences between the siRNA design algorithms

Algorithm Citation Description

GPboost [32] Weighted sum of sequence motifs/patterns

Ui-Tei [25] Sequence features

Amarzguioui [24] Sequence features

Hsieh [27] Sequence features

Takasaki [30] Sequence features

Reynolds 1 [23] Hairpin potential, sequence features

Reynolds 2 [23] Sequence features

Schwarz [35] Difference between 3 0 and 50 stability
Khvorova [34] Duplex stability profile

Stockholm 1 [29] Energy features

Stockholm 2 [29] Energy features

Tree [29] Sequence features in decision tree

Luo [26] mRNA secondary structure features

See Implementation details for additional information on the different
Materials and methods

Sequence data

We collected a non-redundant database of functionally validated

siRNAs from seven publications [20,23–25,27,33,34]. The database

contains 581 siRNAs that target 40 genes. Detailed information about

the siRNAs, target genes, and the assays that were used when the

siRNAs were validated is in Supplementary Table ST1. Note that the

database is biased in that the selection of target genes and siRNAs has

not been random in the works in which they were published. For ex-

ample, Hsieh et al. [27] select siRNAs that comply with the Tuschl

rules in addition to other criteria. Note also that the database contains

fewer siRNAs with intermediate efficacies than would be expected if

the selection was random. Moreover, one has to expect that there is

considerable noise in the data due to (i) a variety of assays for mea-

surement of siRNA efficacy; (ii) very different concentrations of siR-

NAs; and (iii) sub-optimal time intervals between transfection and

down-regulation measurement. We aimed to limit the heterogeneity of

the siRNA database; therefore, we included only datasets of a certain

size with respect to either targets or siRNAs.

Algorithms

Both strands of the siRNA can potentially be absorbed by RISC to

guide mRNA cleavage. The findings of Schwarz et al. [35] and

Khvorova et al. [34] that RISC prefers the uptake of one strand based

on the thermodynamic stability of an siRNA duplex provided a new

criterion for design of effective siRNAs: The siRNA�s thermodynamic

properties must be such that the RISC prefers the incorporation of the

strand that is complementary to the intended target site.

For the most part, siRNA efficacy prediction algorithms have been

constructed by investigating single-base frequencies in relatively small

datasets containing effective and ineffective siRNAs. Any statistically

significant single-base correlations with efficacy, either positive or

negative, are used to construct scoring algorithms [23–25,27,30]. (Note

that Ui-Tei et al. [25] and Hsieh et al. [27] do not explicitly construct

scoring algorithms in their papers. The sequence criteria that they do

suggest, however, can easily be used to construct such an algorithm.)

Many authors have hypothesized that the accessibility of the

mRNA target site determines siRNA efficacy as is the case for anti-
sense DNA technologies. There are conflicting reports on whether

target accessibility is a determinant for siRNA efficacy [26,36]. The

differing results may be due to unreliable in silico secondary structure

predictions or small and biased datasets. Luo and Chang [26] recently

proposed an algorithm that predicts siRNA efficacy based on the

target site�s secondary structure.

Pancoska et al. [28] speculate that a sequence segment�s uniqueness
compared with the rest of the targeted mRNA and the duplex melting

temperature determines the efficacy of an siRNA targeting that par-

ticular site. Unfortunately, it was not possible to reproduce their al-

gorithm from the original publication, and we therefore decided to

omit the algorithm from our comparisons.

We recently used a regularized genetic programming approach to

obtain patterns that discriminated between effective and ineffective

siRNAs [32]. We hypothesized that complex sequence patterns can

capture all the information necessary to predict the efficacy of siRNAs

and constructed classifiers whose score is a weighted sum of many

patterns (see [32] for details).

Table 1 shows an overview of the features that the design algo-

rithms rely on to make an efficacy prediction. Note that the thermo-

dynamic stability of an RNA duplex is calculated from its sequence

composition [37]. Table 2 shows how various algorithms score an

siRNA based on individual nucleotides. For example, Reynolds 1+2

adds one to the score if the second sense strand nucleotide is adenine,

whereas they subtract one if the fifteenth nucleotide is guanine. Note

that many of the algorithms that are based on sequence characteristics

prefer certain bases at the ends of the siRNA, which is probably be-

cause it yields the right difference between the 5 0 and 3 0 thermodynamic

duplex stability. Reynolds 1+2 also adds one to the score if the

siRNA�s GC-content is between 30% and 50%. In addition to the

single-base scores in Table 2, Ui-Tei counts the number of AU- and

GC-pairs in positions 13–19, and adds one, respectively, subtracts one

from the score if there are five or more AU- or five or more GC-pairs.

Moreover, stretches of nine or more GC-pairs are considered negative

and one is subtracted from the score, whereas one is added to the score

if no such stretches are present.
Implementation details

Reynolds 1. We use the mfold web server [38] instead of the Oligo

6.0 software to predict the siRNA antisense melting temperature. We

use a cutoff of 57�C, as this both best mirrors previous results [23] and

gives the highest absolute correlation on the Reynolds training data

(r = �0.14).

Reynolds 2. This is the algorithm of Reynolds et al. [23] without the

hairpin melting temperature scoring.
algorithms.
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Schwarz. We compute the duplex stability [37] for the four first

nucleotides in the antisense and sense strands and use the difference as

the classification score.

Khvorova. This algorithm creates two average internal stability

profiles from a set of training sequences—one for effective siRNAs and

another for ineffective siRNAs. Then, a siRNA�s score is the difference
of the correlation between its internal stability profile and the average

effective and average ineffective siRNA profiles. The internal stability

profile is found by computing the duplex stability [34] for each pen-

tamer in the sequence.

Stockholm 1. This is our implementation of the Stockholm rules as

described in [29]. We use the mfold web server [38] to predict the total

hairpin energy and the nearest neighbor parameters of Xia et al. [37]

for duplex stability calculations.

Stockholm 2. This is the modified Stockholm rules from the web

server of Chalk et al. [29] (http://sisearch.cgb.ki.se/). In our experiments,

we ran the prediction server with as few restrictions as possible, but some

of the siRNAs in our database were still not evaluated. The web server

missed about the same percentage of effective and ineffective siRNAs.

Tree. This is the decision tree score from theweb server ofChalk et al.

[29], with the low, moderate, and high categories mapped to 0, 1, and 2.

Comparing algorithms

We use the correlation between classifier output and siRNA effi-

cacy, and ROC analysis to measure the performance of the different

classifiers (see [39] for a review). The correlation R measures the

classifier�s overall performance: R2 represents the proportion of vari-

ation in the observed efficacy that can be explained by the classifier. A

Student�s t test gives the statistical significance of a given correlation.

ROC analysis requires that all siRNAs are classified as either ef-

fective or ineffective, typically by using a cutoff on the measured siR-

NA efficacy. Given such a classification, a prediction made by a

classifier can be either a true positive, a false positive, a true negative,

or a false negative. That is, an effective siRNA will either be a true

positive or a false negative prediction depending on what cutoff the

classifier uses to signal positive predictions.

A ROC-curve is constructed by varying the classifier�s positive

cutoff and plotting the relative number of true positives and false

positives identified by the classifier at each cutoff. This shows the

classifier�s sensitivity Se for varying levels of specificity Sp, as the rel-

ative number of false positives is 1 � Sp. The ROC-score is the area

under the ROC-curve and can be used to characterize a classifier�s
performance. Perfect classifiers identify all true positives before re-

turning the false positives and have a ROC-score of 1.0; random

classifiers return relatively as many false as true positives at each cutoff

and have a ROC-score of 0.5.

We use the ROCKIT software [40] for statistical ROC analysis.
Results

The GPboost classifier is significantly better than the

energy-based classifiers

We trained the GPboost and Khvorova classifiers on
the training sets used to train the Ui-Tei, Amarzguioui,

Hsieh, and Reynolds algorithms. The training set also

included the 14 SEAP siRNAs from Khvorova et al.

[34], for a total of 453 unique siRNA sequences. We

classified all siRNAs that gave a remaining mRNA level

of 620% as effective and the other siRNAs as ineffective.

This gave 141 effective and 252 ineffective siRNAs.

http://sisearch.cgb.ki.se/
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We used 10-fold cross-validation to get an estimate of

the algorithms� predictive accuracy, and measured the

total ROC-score and correlation between algorithm out-

put and siRNA efficacy in the 10 cross-validation test

sets. This resulted in correlations �0.47, �0.39, and

�0.23, and ROC-scores of 0.77, 0.69, and 0.63 for the
GPboost, Schwarz, and Khvorova algorithms on the

complete training set.

As the ROC-curves in Fig. 1 show, the GPboost clas-

sifier has higher sensitivity than the other two classifiers

for all specificity levels. Indeed, the GPboost classifier�s
ROC-area is significantly greater than the ROC-areas

of the other two classifiers (p = 0.002 and p < 10�4 for

the Schwarz and Khvorova classifiers). We also tested
whether the GPboost classifier had a significantly higher

sensitivity compared to the other two algorithms, in the

important high specificity region (specificities 95%, 90%,

85%, and 80%). The GPboost classifier was better than
Fig. 1. ROC graphs for the GPboost, Schwarz, and Khvorova

classifiers on the complete training set. The graphs are based on the

test results from the 10-fold cross-validation procedure. The GPboost

classifier has the highest sensitivity for all specificity levels.

Table 3

Algorithm performance compared to that of the GPboost classifier

Algorithm jsiRNAsj Algorithm

jPj jNj ROC

Ui-Tei 112 229 0.65

Amarzguioui 107 206 0.72

Hsieh 140 145 0.67

Takasaki 137 242 0.62

Reynolds 1 53 161 0.64

Reynolds 2 53 161 0.66

Stockholm 1 50 154 0.65

Stockholm 2 36 104 0.56

Tree 36 104 0.51

Luo 137 232 0.55

The algorithm performance is measured on the subset of the large training d

are the number of effective and ineffective siRNAs in the different sets; p is

significantly greater than that of the corresponding algorithm.
that of Schwarz on 95% specificity (p = 0.07), and was

significantly better (95% confidence level) than both

classifiers on all other specificities.

The GPboost classifier has the best performance

It is often reasonable to expect that algorithms will be

positively biased on their own training data as compared

to independent test data. Indeed, when we tested the al-

gorithms on their corresponding training data, the per-

formance in terms of ROC-area and correlation was

higher than the performance on the rest of the database

(data not shown). The only exception was the Reynolds

algorithms, which had a higher correlation on the rest of
the database than on their training set. All the algo-

rithms had a higher performance on their training sets

than algorithms that were trained on other datasets

(data not shown).

Table 3 shows the performance of the different classi-

fiers when tested on the subsets of the database that did

not include their corresponding training sets. Each clas-

sifier�s performance is compared to the GPboost classifi-
er�s performance on the same data. Fig. 2 shows the

Amarzguioui and Reynolds algorithms� ROC-curves

compared to those of the GPboost classifiers. The

ROC-curves for the other algorithms are in Supplemen-

tary figure SF1.

A closer inspection of the ROC-curves in Figs. 1 and

2 shows that the GPboost classifier generally has the

best performance. It has the highest sensitivity for all
specificity levels when compared to all the other algo-

rithms. The ROC-curves and ROC-scores also show

that some of the classifiers perform only slightly better

than random. This is the case for the Luo classifier

[26] and the modified Stockholm rules and decision tree

of [29] from http://sisearch.cgb.ki.se/.

Statistical tests that compared theGPboost classifier to

the other algorithms showed that the GPboost classifier
GPboost

R ROC R p

�0.34 0.74 �0.42 0.008

�0.47 0.79 �0.48 0.05

�0.34 0.77 �0.50 0.02

�0.25 0.78 �0.48 <10�4

�0.44 0.78 �0.46 0.0008

�0.46 0.78 �0.46 0.003

�0.31 0.78 �0.45 0.002

�0.21 0.78 �0.45 <10�4

�0.24 0.78 �0.45 <10�4

�0.14 0.78 �0.48 <10�4

atabase that was not used to train the respective algorithm. jPj and jNj
the p value for the test whether the GPboost classifier�s ROC-score is

http://sisearch.cgb.ki.se/


Table 4

Results on the three independent test sets

Algorithm Reynolds [23] Vickers [33] Harborth [20]

ROC R ROC R ROC R

GPboost 0.84 �0.55 0.83 �0.35 0.82 �0.43

Ui-Tei 0.75 �0.47 0.77 �0.58 0.79 �0.31

Amarzguioui 0.75 �0.45 0.80 �0.47 0.76 �0.34

Hsieh 0.56 �0.03 0.51 �0.15 0.66 �0.17

Takasaki 0.49 �0.03 0.62 �0.25 0.51 0.01

Reynolds 1 0.70 �0.35 0.73 �0.47 0.79 �0.23

Reynolds 2 0.70 �0.37 0.71 �0.44 0.79 �0.23

Schwarz 0.71 �0.29 0.72 �0.35 0.51 0.01

Khvorova 0.68 �0.15 0.77 �0.19 0.60 �0.11

Stockholm 1 0.56 �0.05 0.58 �0.18 0.64 �0.28

Stockholm 2 0.63 0.00 0.56 �0.15 0.69 �0.41

Tree 0.50 �0.11 0.68 �0.43 0.54 0.06

Luo 0.50 �0.33 0.54 �0.27 0.71 �0.40

The GPboost algorithm has the highest ROC-score on all test sets and

only a few algorithms (outlined in gray) have a stable, high performance

on all sets.

Fig. 2. The ROC graphs for the GPboost classifiers compared to those of the Amarzguioui and Reynolds classifiers; the ROC-curves for the other

algorithms are in Supplementary Figure SF1. The GPboost classifier has the highest sensitivity for all specificity levels. The graphs were generated

from different subsets of the large training database; see Table 3 and the main text for details.
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had a significantly higher ROC-area than all the other al-

gorithms (95% confidence level; p values in Table 3). Tests

also showed that only the Amarzguioui and Reynolds al-

gorithms have a performance that is comparable (95%

confidence level) to that of the GPboost classifier in the

high specificity region (the Amarzguioui and Reynolds 2

classifiers had p values 0.2, 0.1, 0.09, and 0.07, and 0.5,
0.3, 0.1, and 0.04 on specificities 95%, 90%, 85%, and

80%). Based on these results, one would expect that the

GPboost classifier identifies more effective siRNAs.

Few classifiers have a stable and high performance

To further evaluate the classifiers� performance, we

tested the different classifiers on three other datasets:
the test set used by Reynolds et al. [23] to test their algo-

rithm, the dataset of Harborth et al. [20], and the dataset

of Vickers et al. [33]. To the best of our knowledge, none

of these datasets were used to train any of the algo-

rithms, except for the Vickers set, which was used to

train the classifiers of Chalk et al. [29]. Since these sets

are fairly large, come from three different sources, and

have been generated using three different methods, they
should give a fair estimate of the different classifiers� per-
formance on unknown data.

Because the datasets were generated using different

methods, and to get a representative number of effective

and ineffective siRNAs in each set, we used different cut-

offs for classifying the siRNAs as effective and ineffective.

That is, we used 20%, 50%, and 10% for the Reynolds,

Vickers, and Harborth data. This resulted in 17, 18, and
25 effective siRNAs, and 43, 58, and 19 ineffective siRNAs

in the respective sets. Because of limitations in the web

server of Chalk et al. [29], the Stockholm 2 and Tree clas-

sifiers were only tested on 13, 11, and 22 effective, and 32,

36, and 14 ineffective siRNAs.

Table 4 and Fig. 3 summarize the results on the three

test sets (ROC-curves for the Vickers and Harborth data
are in Supplementary figure SF2). The table and figure

show that (i) the GPboost algorithm has the highest

ROC-score on all datasets; (ii) only the GPboost,
Amarzguioui, Ui-Tei, and Reynolds classifiers have a

stable and high performance; and (iii) the performance

of the remaining algorithms varies from random classi-

fication to intermediate performance. The Schwarz and

Khvorova classifiers reach the performance of the best

classifiers, but only on two of the three test sets.

Effective siRNAs are identified by sequence alone

The results for the Luo algorithm deserve some discus-

sion. On most datasets, the algorithm has a ROC-score

that is close to random classification, but at the same time

the correlation between the algorithm�s output and the

siRNA efficacy can be well above random. Indeed,

all the reported correlations for the Luo algorithm are



Fig. 3. ROC graphs for the seven highest scoring algorithms [23–25,29,32,34,35] on the Reynolds test sets. The GPboost classifier has the highest

sensitivity for almost all specificity levels when compared to the other algorithms.
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significant at the 95% confidence level. One possible ex-

planation is that themRNAsecondary structure is impor-

tant for siRNA efficacy, but that it is only a secondary

effect compared to the siRNA sequence-based features,

such as the duplex differential 5 0/3 0 free energy or sequence

motifs. We tried to combine the Luo classifier with the

GPboost classifier, which gave a small but insignificant

improvement (the 10-fold cross-validation correlation
and ROC-score were increased by approximately 0.02

and 0.005). Thus, it seems that on the data we examined

here, highly effective siRNAs can be identified by the

siRNA sequence alone, and that the secondary structure

of the mRNA target sequence has limited influence on

siRNA efficacy.
Discussion

We have shown that our regularized genetic program-

ming approach (GPboost) [32] performs better than

other published siRNA efficacy algorithms on a large

collection of functionally validated siRNAs. We believe

that the GPboost algorithm has a higher performance

because (i) the algorithm was trained on a larger set of
siRNAs than the other algorithms; (ii) the algorithm

uses patterns that capture more complex characteristics

of effective siRNAs than do the simpler motif algorithms;

and (iii) the algorithm is very robust when it comes to

noise in the training data, as, for instance, siRNAs that

have been erroneously labeled as effective or ineffective.

Surprisingly, several algorithms gave close to random

classification, and only the GPboost, Reynolds, Amarz-
guioui, and Ui-Tei algorithms have a high and stable

performance on the whole dataset. This suggests that

over-fitting is a problem with many algorithms, and that

proper care needs to be taken when estimating the clas-

sification accuracy to avoid such effects.

The results suggest that it may not be critical to consid-

er the target site�s secondary structure, as the best algo-
rithms only consider the sequence alone. Our analysis

suggests that mRNA secondary structure has a minor

influence on siRNA efficacy, but that highly effective

siRNAs can be selected based on target sequence alone.

This fact has not been proven, however, so secondary

structure should still be investigated when analyzing

new data.

We expect that the dataset we used is biased, as the
siRNAs have not been randomly selected in the publica-

tions in which they appeared. Even so, we believe that

the results of our comparison will generalize to other

data as well, since all of the algorithms we investigated

were trained on subsets of this dataset.

The RNAi field is maturing rapidly, and new siRNA

efficacy prediction algorithms will emerge partly due to

larger and better datasets. We expect that the need for
a large publicly available set of randomly selected vali-

dated siRNAs will rise as more algorithms are pub-

lished, since it is difficult to objectively compare their

performance without an independent test set.
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