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Abstract

String kernels directly model sequence similarities
without the necessity of extracting numerical features in
a vector space. Since they better capture complex traits
in the sequences, string kernels often achieve better pre-
diction performance. RNA interference is an important
biological mechanism with many therapeutical applica-
tions, where strings can be used to represent target mes-
senger RNAs and initiating short RNAs and string ker-
nels can be applied for learning and prediction. How-
ever, existing string kernels are not particularly devel-
oped for RNA applications. Moreover, most existing
string kernels are n-gram based and suffer from high
dimensionality and inability of preserving subsequence
orderings. We propose a randomized string kernel for
use with support vector regression with a purpose of
better predicting silencing efficacy scores for the candi-
date sequences and eventually improving the efficiency
of biological experiments. We show the positive defi-
niteness of this kernel and give an analysis of random-
ization error rates. Empirical results on biological data
demonstrate that the proposed kernel performed better
than existing string kernels and achieved significant im-
provements over kernels computed from numerical de-
scriptors extracted according to structural and thermo-
dynamic rules. In addition, it is computationally more
efficient.

Introduction
Kernel methods have achieved successes for structured data
in addition to numerical data represented as vector spaces.
For examples, string kernels have been applied to protein
classification, and graph kernels to gene expression analy-
sis (Gärtner 2003). Since these kernels work natively on the
input data without extracting numerical features, they bet-
ter capture the complex traits in the data and often achieve
better accuracies. RNA interference (RNAi) is a molecular
mechanism with many biological and therapeutical applica-
tions, where RNA sequences can be modeled as strings and
string kernels can be employed for prediction of certain bio-
logical properties. However, most existing string kernels are
developed for text and protein applications and hence may
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not be the best choice for RNA sequences. To better employ
kernel methods to RNAi, we introduce a novel string kernel.

RNAi is a cell defense mechanism that represses the ex-
pression of viral genes by recognizing and destroying their
messenger RNAs (mRNAs), preventing them from being
translated into proteins. The gene knockdown in RNAi is in-
duced by short interfering RNA (siRNA) of approximately
21 nucleotides in length, either generated from a double
strand RNA (dsRNA) by the enzyme Dicer, or transfected
directly (Figure 1). Target mRNA transcripts that are hy-
bridized with the siRNA are destroyed by the RNA-induced
silencing complex (RISC) (Hannon 2002). RNAi has appli-
cations in gene function analysis and has great potentials for
treating human diseases (Check 2004). One of the goals of
an RNAi gene knockdown is to maximally silence the target
gene. Unfortunately, if not carefully designed, an siRNA can
be defective in that it leads to unsatisfactory or even unob-
servable target degradation. It has been reported that siRNAs
targeting different positions on the same mRNA displayed
widely differing effectiveness, and on average more than
70% of arbitrary siRNAs are non-functional (Amarzguioui
& Prydz 2004). Therefore, it is crucial to predict the silenc-
ing efficacy, which is defined as the percentage of mRNA
knockdown, of an siRNA sequence before using it in bio-
logical/therapeutical experiments. In this work, we develop
randomized string kernels for use in support vector regres-
sion to predict siRNA efficacy scores.

siRNA design rules, expressed as multidimensional nu-
merical descriptors, have been proposed to categorize
the sequences into functional and nonfunctional classes
(Amarzguioui & Prydz 2004; Reynolds et al. 2004; Ui-Tei
et al. 2004; Jagla et al. 2005; Huesken et al. 2005). Using a
threshold on silencing efficacy, 75% for example, an siRNA
can be categorized into two classes: functional, if its silenc-
ing efficacy is at least 75%, and non-functional otherwise.
Then classification algorithms such as SVM and decision
trees can be trained based on these descriptors (Sætrom &
Snøve Jr 2004; Jagla et al. 2005). Although classification
methods are acceptable for applications that do not require
accurate estimations, predicting the exact silencing efficacy
facilitates better RNAi designs and is required by sophisti-
cated gene knockdowns. For instance, some functional siR-
NAs are more off-targeting (an undesirable property of si-
lencing non-targeted genes) and detailed efficacy estimation
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Figure 1: Illustration of the RNAi mechanism. (1) A dsRNA
is introduced to initiate RNAi; (2) Dicer cleaves the dsRNA
into siRNAs; (3) RISC unwinds the siRNA and takes up the
guide strand; (4) RISC–siRNA complex recognizes the tar-
get; (5) The target mRNA is degraded by RISC.

helps balance efficacy and off-target knockdown (Jackson et
al. 2003). Huesken et al.(2005) constructed a neural net-
work for efficacy prediction and reported prediction corre-
lation coefficient, but prediction error rate was not shown.
Moreover, neural networks are trained using gradient search,
which depends on initial values and does not guarantee op-
timal solution. In contrast, support vector machines employ
convex programming leading to global optimization.

Although vectorial spaces can be constructed for siR-
NAs from numerical descriptors extracted according to bio-
chemical principles, these biological objects are natively se-
quences and their similarity relationships can best be mod-
eled using string kernels. This has been demonstrated in a
protein family classification problem (Leslie et al. 2004).
However, existing string kernels are based on n-gram ker-
nels and are developed for text categorization and protein
classification (Lodhi et al. 2002; Leslie et al. 2004). Since
these string kernels are not specifically developed for RNA
applications, they may not perform optimally in our RNAi
applications. RNA string kernels based on RNA behaviors
observed in biological experiments have been proposed and
applied to RNAi applications (Qiu & Lane 2006). But the
RNA string kernels share certain common properties with
n-gram kernels and suffer from the problems that n-gram
kernels have, such as high dimensionality of feature space
and inability to preserve orderings of the n-grams (Leslie,
Eskin, & Noble 2002). In this work, we develop a random-
ized string kernel computed from random subsequences of
input sequences using locality sensitive hashing introduced
by Indyk and Motwani (1998). Moreover, as a variant, we
convert a distance – random Hamming distance from ran-
domized subsequences – into a kernel function. These ran-
domized string kernels, when applied on several real siRNA
data sets, have demonstrated improved performances.

This paper is organized as follows. Section 2 briefly sum-

marizes the support vector regression formulation. Section
3 introduces the randomized string kernels, followed by an
analysis of their randomization error rates in Section 4. Sec-
tion 5 shows empirical results of the proposed kernels and
their comparisons with numerical descriptors and existing
string kernels. Finally, Section 6 concludes the paper. Proof
of positive definiteness is given in the appendix.

Support Vector Regression
Suppose we are given a set of training examples

{(x1, z1), (x2, z2), ..., (xm, zm)}, (1)

where xi (1 ≤ i ≤ m) is a data point in an input space X ,
zi ∈ R is its target label, and m is the number of training
examples. For siRNA sequences, X is a space of strings,
and zi ∈ [0, 1] is the silencing efficacy. We want to learn a
regression function

f(x) = ωTφ(x) + β, (2)

that can best predict the label of an unseen data point x,
where ω is a weight vector in the kernel feature space, φ(x)
is the kernel feature map of x, and β is a threshold constant.

f(x) can be solved through the following dual optimiza-
tion problem (Vapnik 1998).

max
α+,α−

−
1

2
(α+ − α−)

T
K(α+ − α−) − ε

∑m

i=1(α
+
i + α−

i )

+
∑m

i=1 zi(α
+
i − α−

i ) (3)

s.t.
∑m

i=1(α
+
i − α−

i ) = 0

α+
i , α−

i ∈ [0, C] i = 1, ..., m

where α+ = {α+
1 , ..., α+

m} and α− = {α−

1 , ..., α−

m} are
dual variables, and K ∈ R

m×m is a kernel matrix eval-
uated from a kernel function k(., .) : X × X → R with
Kij = k(xi, xj) (Smola & Schölkopf 1998). Parameter
C adjusts the tradeoff between the regression error and the
regularization on f . Solving α+, α−, and β using KKT
(Kurash-Kuhn-Tucker) conditions applied to (3), the regres-
sion function of (2) becomes

f(x) =
∑m

i=1(α
+
i − α−

i )k(x, xi) + β, (4)

where f(x) depends only on training examples having
nonzero coefficients (support vectors) through the represen-
tation of the kernel function k.

Randomized String Kernels
We use the locality-sensitive hash to define a randomly
selected subsequence kernel (RSS kernel). Let s be a
point in Ap, the space of strings of length p, where A =
{A, C, G, U} is the RNA alphabet. We pick r < p char-
acters from s and concatenate them to form a substring of
length r. Thus r leads to an index set pointing to r charac-
ters of the original string. We repeat for l times to obtain l
index sets. At the ith repetition, the index set can be denoted
as

Ii
r = {ji

1, j
i
2, ..., j

i
r}, (5)

where ji
t , 1 ≤ t ≤ r, are uniformly and uniquely drawn at

random from {1, 2, ..., p}. We define the feature map of a
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string s at the ith repetition φr,i : Ap → Ar as the sub-
sequence formed by concatenating the randomly chosen r
characters,

φr,i(s) = {s[ji
1], s[j

i
2], ..., s[j

i
r]}. (6)

The function φ defined above is called a locality-sensitive
hash (LSH) function and the concatenated substring is the
hash value (Indyk & Motwani 1998). For the collection of
index sets Ir = {I1

r , I2
r , ..., Il

r} generated by l repetitions,
we define the feature map for the RSS kernel function on s
as, Φr(s) = {φr,1(s), φr,2(s), ..., φr,l(s)}. (7)
Consequently, we define the RSS kernel function as the in-
ner product in the feature space,

k(s1, s2) = 〈Φr(s1), Φr(s2)〉 =

l∑
i=1

φr,i(s1)φr,i(s2) (8)

where φr,i(s1)φr,i(s2) is defined as

φr,i(s1)φr,i(s2) =

{
1, if φr,i(s1) = φr,i(s2)

0, otherwise.
(9)

φr,i(s1)φr,i(s2) in (9) is a string kernel and yields an
identity kernel matrix (Vert, Saigo, & Akutsu 2004). Thus,
by summing l Mercer kernel functions, the RSS kernel
defined in (8) is a legitimate kernel function (Schölkopf,
Burges, & Smola 1999).

At each iteration RSS only compares a subset of r charac-
ters between the two input strings, but the r characters vary
from iteration to iteration. Therefore RSS kernel is able to
evaluate the similarity covering information on the whole
string through a number of iterations. The RSS string kernel
also has the following properties.

1) Since the LSH hash values of the two input strings
are from the same positions determined by the index sets,
it preserves orderings of the patterns. 2) The LSH hash
function ignores the letters not selected by the index set,
allowing for imperfect matches. 3) Lower dimensionality.
The n-gram based kernels have feature spaces of dimen-
sion 4n. If n = 21 for siRNA sequences, the dimension
is 4n = 4.4 × 1012. It is prohibitive to compute directly in
such a high dimensional space. In contrast, the RSS kernel
has a dimension of l, which can be much lower.

We denote
s̃i
1 = φr,i(s1), s̃i

2 = φr,i(s2) (10)

as the maps of s1 and s2 at the ith repetition according to (6).

As a variant, we use the Hamming distance dH(s̃i
1, s̃

i
2) be-

tween s̃i
1 and s̃i

2, defined in equation (10), to construct a ker-
nel function, the exponential kernel over random Hamming
distance (ERH kernel). We define

kERH(s1, s2) = exp(−γdH(s1, s2)) (11)
where γ > 0 is a width parameter, and dH(s1, s2) is the total
Hamming distance over the l repetitions,

dH(s1, s2) =
∑l

i=1 dH(s̃i
1, s̃

i
2). (12)

The ERH defined in (11) is analogous to a Gaussian kernel
in a vector space. Its positive definiteness is shown in the
appendix. The Hamming distance, and its randomized vari-
ant, measures dissimilarity of two string objects. We turn it
into a kernel function, which quantifies a similarity.

Randomization Error Rates
Our randomized kernels only care about matches at the po-
sitions pointed by the index sets on the input strings and ig-
nore the positions not indexed, which are equivalently mis-
matches. For an siRNA sequences of length p, the number of
possible ways in which length-q mismatches are scattered is

W =

(
p
q

)
3q = O(pq3q) (Leslie et al. 2004). If p = 21

and q = 8, W = 1.34× 109. Allowing q to range from zero
to p and different combinations of q to exist simultaneously,
the dimension of the feature space is much higher. Thus,
the theoretically exact string kernel should compute an inner
product in a much higher dimensional vector space. Our ran-
domized kernels, due to random sampling, only work in its
subspace. From this point of view, we analyze the random-
ization error rates of our kernels and show how they change
with the kernel parameters.

Let αi = α+
i − α−

i in (4). For simplicity, we ignore the
constant β (Poggio et al. 2001). Assume K is the kernel
matrix evaluated by the theoretical true string kernel, and K̃,
by the randomized string kernel. On the training set, let y =

(f(x1), f(x2), ..., f(xm))T be the prediction made by the

SV regressor using K . Let ỹ = (f̃(x1), f̃(x2), ..., f̃(xm))
T

be the prediction made by K̃. Since y = Kα and ỹ = K̃α̃,
where α = (α1, ..., αm)T is the support vector coefficient
vector, with nonsupport vectors having zero coefficients, and
α̃ is similarly defined. Then the norm of the error is

||y − ỹ|| = ||Kα − K̃α̃|| ≤ ||K − K̃||||α̂||, (13)

where ||α̂|| is the maximum of ||α|| and ||α̃||. Since the
support vectors are sparse and their coefficients are bounded,
the error rate depends on ||K − K̃||, the error between the
kernel matrices.

Suppose the theoretical kernel feature space has dimen-
sion n and the subspace of RSS is l. Then the exact kernel
feature space can be denoted as {0, 1}n, where n is the total
number of ways in which all possible mismatches are scat-
tered, including exact matches. The coordinate of a string
at a particular dimension is “1” if it has a pattern accord-
ing to the mismatch at that dimension and “0” otherwise. A
string x ∈ {0, 1}n in the feature space is thus mapped to
x̃ ∈ {0, 1}l by the randomization and approximation. Sup-
pose the coordinates are sorted such that the coordinates of
x̃ are in the beginning of x, then x̃ = Rx, where R ∈ R

l×n

is a transform matrix expressed block-wise as,

R =

(
I

... 0

)
(14)

where I is an l× l identity matrix, and 0 contains l× (n− l)
zeros.

Let x and y be two strings expressed as two data points
in the exact kernel feature space with corresponding projec-
tions x̃ and ỹ in the smaller subspace {0, 1}l. Then the error
between the linear kernel functions is

|k(x, y) − k̃(x, y)| = |xTy − x̃Tỹ|

= |
∑n

i=1 xiyi −
∑l

i=1 xiyx| ≤ n − l. (15)
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The maximum error occurs when x and y are extremely sim-
ilar to each other. Using Frobenius norm, ||K − K̃|| ≤
m2(n − l). Thus, the randomization error decreases linear
with l, the dimension of RSS’s feature space.

For the ERH kernel, if x and y are the same, their Ham-
ming distance is zero and the randomization error is zero. If
they are more different, the error becomes larger. To get an
upper bound, we suppose x and y are extremely different,
i.e. dH(x, y) = n. Then,

|k(x, y) − k̃(x, y)| = |e−d(x,y) − e−d(x̃,ỹ)|

= |e−n − e−l| = e−l(1 − e−(n−l)). (16)

Using Frobenius norm, ||K − K̃|| ≤ m2e−l(1 − e−(n−l)).
Thus, the error of ERH decreases exponentially with l.
Therefore, the ERH kernel requires lower dimension to
maintain the same error as the RSS kernel, or achieves bet-
ter performance using the same amount of randomization.
Since the randomization errors are tractable, we can adjust
l, the number of iterations (the dimension of the feature
space) to balance the kernel quality and computational ef-
ficiency. The above analysis also applies to test data. Let
xt = {xt

1, ..., x
t
m} be m test data points, then results remain

the same if we replace Kij = k(xi, xj) with k(xi, x
t
j).

Experiments
We first summarize the data sets. The 73 siRNA sequences
targeting firefly luciferase gene and human cyclophilin B
mRNA were originally used to develop Reynolds’ rule
(Reynolds et al. 2004). We use 70 samples from this data
source and call it KR data set. Sætrom et al. (2004) col-
lected 560 data points for training their SVM classifiers. A
small number of this data set may overlap with the KR data
set. We call this data set SA data set. Jagla et al. (2005)
tested their decision tree algorithm on 600 data points. We
call this data set JA data set. Huesken et al. (2005) stud-
ied more than 2400 siRNAs targeting 34 human and rodent
mRNAs. We call this 2400 siRNAs HU data set. Each data
point in the data sets contains a 19-mer siRNA sequence and
its corresponding efficacy score.

Table 1: R achieved by numerical and string kernels.
“IV” denotes independent validation, “CV”, cross valida-
tion, “Avg”, average, and “Sdv”, standard deviation. Best
R on each data set are highlighted in bold.

Rules Spectrum RSS ERH
IV CV IV CV IV CV IV CV

KR 0.25 0.43 0.21 0.45 0.38 0.45 0.60 0.44
SA 0.67 0.34 0.82 0.42 0.46 0.38 0.75 0.45
JA 0.38 0.49 0.48 0.51 0.38 0.35 0.50 0.57
HU 0.50 0.50 0.52 0.53 0.40 0.37 0.64 0.61
Avg 0.45 0.44 0.51 0.48 0.41 0.39 0.62 0.52
Sdv 0.18 0.07 0.25 0.05 0.04 0.04 0.10 0.08

To demonstrate the effectiveness of our string kernels,
we make two comparisons. First, we compare with accu-
racies obtained using conventional numerical kernels, such

as Gaussian kernel, computed on numerical descriptors ex-
tracted according to siRNA design rules. Second, we com-
pare with existing string kernels.

The siRNA design rules employed are Ui-Tei’s rule, hav-
ing four descriptors (Ui-Tei et al. 2004), Amarzguioui’s
rule having six descriptors (Amarzguioui & Prydz 2004),
Reynolds’ rule with eight features (Reynolds et al. 2004),
Jagla’s first rules with four attributes (Jagla et al. 2005), and
Huesken’s motifs coded by 76 numerical features (Huesken
et al. 2005). Details of these rules can be found in the refer-
ences. To show the flavor of the design rules, we highlight
Jagla’s first rule, which states: “an siRNA is functional if all
of the following hold: i) position 19 has an A or U base, ii)
positions 13–19 have more than 3 A/U bases, iii) position
1 has a G or C base, and iv) position 10 has an A/U base”.
We used a pair of numbers to encode a binary descriptor of
a rule. For instance, to encode the first condition of Jagla’s
first rule, we generate a (1,0) if an A or U residue exits at
position 19, and a (0,1), otherwise.

 0.1
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Figure 2: Effect of l (x-axis) on R (y-axis) of ERH kernel,
r=10 (14 on SA), measured on independent validation sets.

The n-gram string kernel, also called spectrum kernel,
was used by Leslie et al. (2002) with short grams (3 to 5
grams) for protein family detection. Lodhi et al. (2002) pro-
posed a string kernel that allows for arbitrary mismatches,
as improvement over n-gram kernels, and an approximation
scheme for better computational performance.

We first extracted a hold-out subset from each data set. On
the reminder of each data set, we ran 10-fold cross valida-
tion to determine parameters. We report regression perfor-
mance on both the independent hold-out (IV) and the cross-
validation parameter tuning (CV) data sets. Tables 1 and 2
show the Person correlation coefficients (R) between the
target labels and predicted labels and mean squared errors
(MSE) achieved using different kernels, where “Rules” in-
dicates the average accuracies obtained using Gaussian ker-
nels (which performed better than linear and polynomial
kernels) calculated from the efficacy rules. We found that
Lodhi’s approximate string kernels of arbitrary mismatches
did not yield much difference than spectrum kernels. There-
fore, its results are not shown.

On average, the ERH kernel gained higher correlation
coefficients: 18% higher than numerical kernels and 8.3%
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Table 2: Comparison of MSE (symbols same as in Table 1).
Rules Spectrum RSS ERH

IV CV IV CV IV CV IV CV
KR 0.089 0.097 0.081 0.101 0.163 0.116 0.069 0.089
SA 0.051 0.087 0.039 0.081 0.087 0.095 0.059 0.078
JA 0.072 0.066 0.063 0.063 0.071 0.094 0.063 0.056
HU 0.026 0.031 0.026 0.030 0.044 0.049 0.022 0.028
Avg 0.060 0.072 0.052 0.069 0.091 0.089 0.053 0.063
Sdv 0.027 0.029 0.025 0.030 0.051 0.028 0.021 0.027

higher than the spectrum kernel in cross validation. On the
three larger data sets (KR is much smaller), ERH kernel con-
sistently achieved larger R than spectrum and numerical ker-
nel. In independent validations, the ERH kernel achieved R
37.8% larger than numerical kernels and 21.6% larger than
spectrum kernel. R = 0.64 made by ERH kernel on HU
data set is comparable with, and higher in most cases than
reported by Huesken et al. (2005). The ERH kernel gained
MSE 12.5% lower than numerical kernels and 8.7% lower
than spectrum kernel in cross validations. In all data sets,
ERH generated lower cross validation MSE than numer-
ical kernels and the spectrum kernel. Validated indepen-
dently, overall, ERH kernel yielded lower MSE than nu-
merical kernels (by 11.7%), although its MSE was close to
but slightly higher than spectrum kernel. In all but the SA
data set, ERH kernel generated smaller MSE than the spec-
trum kernel. In all cases, ERH kernel generated the lowest
standard deviation on MSE, demonstrating more consistent
performances. We also noticed that the basic RSS kernel did
not perform well.

Although the proposed kernels have made improvements,
the overall prediction accuracies were not high. To eval-
uate the significance of our results, we performed permu-
tation tests. On each data set, we randomly permuted the
siRNA sequences, computed Rperm, the correlation coeffi-
cient between true labels and predictions on permuted se-
quences, and compared it with Rreg, the correlation coeffi-
cient gained by RSS and ERH kernels in Table 1. We re-
peated this process 106 times and counted the occurrence of
Rperm ≥ Rreg. This occurrence divided by the number of
permutations represents the probability of obtaining Rreg by
chance. The resultant probabilities were less than 2.7×10−4

in cross validation on all data sets, and less than 1.5 × 10−3

on hold-out sets of all but the KR data set, indicating signif-
icance in most cases.

The ERH kernel performed better than RSS kernel, con-
sistent with our analysis in the previous section. We found
that the width parameter γ in (11) is easy to tune. Figure 2
shows that when l ≥ 500, ERH achieved stable correlation
coefficients. In contrast, RSS did not perform this well (de-
tails not shown in the figure).

Conclusions
Inspired by successful applications of kernel methods to
structured data, we investigated the problem of siRNA ef-
ficacy prediction using string kernels. For the first time,
we used support vector regression to predict exact silenc-

ing scores for siRNA sequences and achieved significant re-
sults according to experiments conducted on biological data.
The randomized string kernels we proposed yielded larger
correlation coefficients and smaller prediction errors on all
data sets than the Guassian kernels computed on the nu-
merical descriptors extracted from the siRNA design rules.
Due to the preservation of subsequence orderings, our ran-
domized string kernels performed better than the existing
string kernels in most cases. Our analysis of the random-
ization process showed that the error rate of the baseline
string kernel decreases linearly with the number of itera-
tions, whereas its improved variant using randomized Ham-
ming distance reduces its error rate exponentially. Empirical
results agreed with the analysis. The proposed string kernels
have much smaller dimensions than n-gram based kernels
and their reduced dimensions are also flexible, resulting in
efficient computational performance.

We proved the baseline RSS string kernel positive defi-
nite by showing that it is a sum of Mercer kernels. Although
the “0-1 kernel” in equation (9) is simple, RSS uses it in
multiple iterations to generate a “soft” kernel matrix having
better generalization capabilities. Therefore, practical use-
ful kernels can be constructed from very simple ones. Using
transforms, we also proved the positive definiteness of the
kernel using a random Hamming distance. Initial experi-
ence demonstrated that the width parameter γ in this kernel
is stable over a wide range and easy to tune. While almost all
kernel functions in machine learning are deterministic, we
successfully developed randomized kernel functions. Since
the mechanisms of subsequence extraction and comparison
are independent of the type of the input data, the proposed
kernels are applicable to other sequence data such as pro-
tein, text, and binary streams. Our randomization strategy
may also be applied for dimension reduction in other appli-
cations involving high dimensional data, such as microarray
data analysis. As demonstrated in the experiments, results
in some cases were not as satisfactory as in others. More
computational investigations are necessary and beneficial to
take full advantage of the proposed kernels.

Appendix
We prove the positive definiteness of the ERH kernel.
From (11),

kERH(s1, s2) = exp(−γdH(s1, s2))

where dH(s1, s2) is the Hamming distance between s1 and
s2, and γ is a width parameter.
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Consider the Gaussian kernel for x and y in a vector space

exp(−g||x − y||2) = exp(−g(xTx + yTy − 2xTy)).

If we replace xTx by κ(x, x), xTy by κ(x, y), and yTy by
κ(y, y), where κ is a Mercer kernel, then

k0(x, y) = exp{−g(κ(x, x) + κ(y, y) − 2κ(x, y))} (17)

is also a Mercer kernel (Shawe-Taylor & Cristianini 2004).
Consider strings s1 and s2 of one character long. We

know

κ(s1, s2) =

{
1, if s1 = s2

0, otherwise
(18)

is a string kernel (Vert, Saigo, & Akutsu 2004). We can
properly encode the alphabet, so that d(s1, s2) = 0 if
s1 = s2, and d(s1, s2) = 1 if s1 �= s2, where d is the
Euclidean distance. This can be done, for example, by let-
ting A = {0, 0, 0, 1}, C = {0, 0, 1, 0}, G = {0, 1, 0, 0},
U = {1, 0, 0, 0}, and absorb the the factor of two into g (γ
below). Thus, the single character string space is equivalent
to a vector space and the Euclidean distance d is the same
as the Hamming distance dH in this case. Therefore, we can
plug κ in (18) into (17) and get a Mercer kernel function

k0(s1, s2) =

{
1, if s1 = s2

e−γ , otherwise
(19)

where γ = g. k0 above is equivalent to

k0(s1, s2) =

{
e0, if dH(s1, s2) = 0

e−γ , if dH(s1, s2) = 1
(20)

= e−γdH(s1,s2) = kERH(s1, s2).

Thus, the ERH kernel is a Mercer kernel for single charac-
ter strings.

Consider strings s1 and s2 of length p. Their Hamming
distance is additive, dH(s1, s2) =

∑p

j=1 dH(s1[j], s2[j]).
Then,

kERH(s1, s2) = exp{−γ
∑p

j=1 dH(s1[j], s2[j])}

=
∏p

j=1 exp{−γdH(s1[j], s2[j])}

=
∏p

j=1 k0(s1[j], s2[j]) (21)

Thus, kERH(s1, s2) is the product of a finite number of Mer-
cer kernels, hence a Mercer kernel.
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