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Abstract

Human papillomaviruses (HPVs) are small DNA tumor viruses which infect epithelial tissues and induce hyper-
proliferative lesions. Infection by high-risk genital HPVs is associated with the development of anogenital cancers.
Classification of risk types is important in understanding the mechanisms in infection and in developing novel in-
struments for medical examination such as DNA microarrays. The sequence-based classification methods are useful
in classifying risk types by considering residues in conserved positions. In this paper, we present a machine learning
approach to the classification of HPV risk types by using the protein sequences. Our approach is based on the hidden
Markov model and the kernel method. The former searches informative subsequence positions and the latter com-
putes efficiently to classify protein sequences. In the experiments, the classifier predicted four unknown HPV types
exactly. An additional result shows that the kernel-based classifiers learned with more informative subsequences
outperform the classifiers learned with the whole sequence or random subsequences.
� 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

Human papillomaviruses (HPVs) are small DNA viruses that infect epithelial tissues and relate to the
diverse malignant tumors. Especially, high-risk types could induce more than 95% of cervical cancer in
women. HPVs have a double-stranded DNA genome of approximately 8000 bps that codes for 10 viral
proteins, eight early gene products and two late gene products. More than 85 different HPV types have
been described, with new types characterized because of significant differences in sequence homology
compared with other defined HPV types [1]. Recently, more than 120 have been partly reported [2]. The
HPV types are often classified as low risk or high risk [3]. Low-risk viral types are associated with low-
grade lesions such as condylomata. On the other hand, high-risk viral types are associated with high-grade
cervical lesions and cancers [4].

The most urgent and important aspect for diagnosis and therapy is to discriminate which HPV genotypes
are highly risky. Currently, the HPV risk types are classified manually by some experts. Furthermore,
there is no method to test immediately if the new HPVs are detected from patients.

In this paper, we propose a novel method to classify HPV risk types, using protein sequence information.
Our approach is based on the hidden Markov models (HMMs) and the kernel method. The former is
suitable to search informative subsequence positions and the latter provides efficient computation to
classify protein sequences. HMM is one of the most successful methods for biological sequence analysis.
Especially, it has been quite successful in detecting conserved patterns in multiple sequences [5–7].
Whereas HMM is a generative model, the kernel-based classifier is a discriminant model. Ultimately, the
proposed method uses the generative model to obtain an easily distinguishable sequence source and a
discriminant model to maximize classification ability.

The presented kernel-based classifier includes the string kernel that deals with HPV protein sequences.
The string kernel is an inner product in the feature space consisting of all subsequences of length k and
maps to feature space from sequences. The string kernel-based approach is efficient in analyzing the
biological sequence data, because it can extract important features from biological sequences. Recently,
several string kernel approaches have been studied in bioinformatics and these have been mostly applied
to analyze the protein sequences. For example, the string kernel has been applied to the peptide cleavage
site recognition and remote homology detection, outperforming other conventional algorithms [8–11].

Kernel-based learning methods use an implicit mapping of the input data into a high-dimensional
feature space defined by a kernel function, i.e. a function returning the inner product between the images
of two data points in the feature space. The learning then takes place in the feature space, providing the
learning algorithm to be entirely rewritten so that the data points appear only inside the dot products with
other points. Several linear algorithms can be formulated in this way, for classification, regression, and
clustering. The most typical example of kernel-based systems is the support vector machines (SVMs)
that implement linear classification. In this paper, SVMs learn a linear decision boundary between the
two classes (high-risk and low-risk viral types).

Our work addresses how to classify the viral protein through the kernel-based machine learning ap-
proach. It can provide a guide to determine the risk type, when someone finds a novel virus. The paper
is organized as follows: in Section 2, the data set is summarized, and the kernel and HMM embedded
system to classify HPV genotype is described. Then the kernel method for HPV sequence analysis is
presented. In Section 3, the experimental results are provided by the proposed method applied to HPV
sequence data sets. In Section 4, some possible applications using our method are described. Concluding
remarks and directions on further research are given in Section 5.
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2. Data sets and methods

2.1. Data source

The data set was extracted from the HPV sequence database at Los Alamos National Laboratory
(LANL). Fig. 1 shows an example of the HPV type 31 among many types. High-risk HPV types can be
distinguished from other HPV types based on the structure and function of the E6 and E7 gene products.
For this reason, we obtained sequences corresponding to the 72 types from E6. E6 is an early gene product
and plays an important role in cellular transformation. E6 products from oncogenic types of HPV can
bind to and inactivate the cellular tumor suppressor gene products. This process plays an important role
in the development of cervical cancer. Fifteen HPV types of total types were labeled as high-risk types
[12]. The rest were labeled as low-risk types.

2.2. Data pre-processing using HMM

The overall process to classify HPV risk types is presented in Fig. 2. The training and test data sets
consist of subsequences that are estimated as more informative segments in the whole E6 sequence.
The procedure for data preprocessing is as follows: first, all HPV sequences are aligned by a multiple
alignment tool such as Clustal W [13]. Second, they are divided into positive and negative sequences,
and then an HMM is constructed from positive segments. Each segment is the subsequence that is a
window of size w and is aligned over the same position by using the multiple alignment tool. Third, the

E6

E7

E1

E2

E4

E5
L2

L1

URR

Early
Late

4000

3000

2000

1000

7912/1

7000

6000

5000

HPV31 Transformation

Major capsid 
protein  

Fig. 1. The structure of the HPV-31 genome: HPV is the 8 kb double-stranded DNA genome. The oncoproteins E6 and E7 form
complexes with host tumor suppressor proteins p53 and Rb, respectively, inactivating them and disrupting cell-cycle control.
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Fig. 2. Overview of the HPV risk classification procedure. The data pre-processing contains Hidden Markov models in order
to find more informative subsequence regions. Then, a string kernel-based SVM learns these subsequence data sets. Given an
unknown sequence, its risk type is predicted using the kernel SVM.

log-likelihoods of positive and negative segments are calculated from the HMM model. Fourth, the score
is calculated by the difference between positive and negative log-likelihoods. The second and third steps
are performed as the window shifts. Finally, the data set is extracted from subsequences that have a high
score.

The biological sequence analysis has developed a reasonably successful solution using HMMs. HMMs
are a statistical sequence-comparison technique. They calculate the probability that a sequence was
generated by a given model. In our approach, scoring is done by evaluating the probability that presents
difference sequences by comparing the positive and negative segments.

2.3. Kernel function

After the data-preprocessing, the string kernel-based SVM is trained on the HPV sequence data set
and tested on the unknown sequences. Here, the main module is the mismatch-spectrum kernel that is a
function of SVM. The mismatch-spectrum kernel is a new string kernel that was used to detect remote
homology detection [9]. It is very simple and efficient to compute because it is based on occurrences of
possible subsequences. In order to capture significant information from the sequence data, mismatch-
spectrum kernels use the spectrum. The mismatch-spectrum kernel is an extended version of the spectrum
kernel by adding the biologically important idea of mismatches.

The k-spectrum kernel is based on a feature map from the space of all finite sequences to the vector
space. Here the space of all finite sequences consists of an alphabet A of size |A| = l and the vector
space is the lk-dimensional vectors indexed by the set of k-length subsequences (k-mers) from A.
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For a simple feature map, the coordinate indexed by � of k-mer is the number of times � occurs in a
sequence x. The k-spectrum feature map �(k)(x) can be defined as:

�(k)(x) = (��(x))�∈Ak , (1)

where ��(x) is the number of occurrences of � in x and Ak is the alphabet of the amino acids constituting
k-mers. Thus the k-spectrum kernel function K(x, y) of two sequences x and y is obtained by taking the
inner product in feature space:

K(k)(x, y) = 〈�(k)(x), �(k)(y)〉. (2)

The use of the kernel function makes it possible to map the data implicitly into a high-dimensional feature
space and to find the maximal margin hyperplane in the feature space.

A more biologically realistic kernel is the model allowing mismatch in k-mer subsequences. A fixed
k-mer subsequence of amino acids is defined as � = a1a2 . . . ak . Here each ai is a character in A. The
(k, m)-neighborhood generated by � is the set of all k-length sequences � that differ from � by at most
m mismatches. This set is denoted by N(k,m)(�). For k-mer and m mismatch, the feature map �(k,m) is
defined as follows:

�(k,m)(�) = (��(�))�∈Ak , (3)

where ��(�) = 1 if � belongs to N(k,m)(�), and ��(�) = 0 otherwise.
The feature map on an input sequence x is defined as the sum of the feature vectors assigned to the

k-mers in x:

�(k,m)(x) =
∑

k-mers � in x

�(k,m)(�). (4)

The �-coordinate of �(k,m)(x) is just a count of all instances of the k-mer � occurring m mismatches in
x. If Eq. (2) is extended, then the (k, m)-mismatch kernel K(m,k) is the inner product in the feature space
of feature vectors:

K(k,m)(x, y) = 〈�(k,m)(x), �(k,m)(y)〉. (5)

The mismatch kernel is used in combination with the SVM. Fig. 3 shows the classification task of
discriminating the positive sequence class from the negative class. SVMs employing the mismatch-
spectrum kernel perform the learning in a high-dimensional feature space.

2.4. Support vector machines

Support vector machines were developed by Vapnik for classification of data based on a trained model
[14]. Recently, they have found several applications in biological data analysis. These applications con-
tain gene classification from microarray [15,16], translation initiation site recognition in DNA [17] and
identifying splicing sites in eukaryotic RNA [18].

Given a kernel and a set of labeled training vectors (positive and negative input examples), SVMs learn
a linear decision boundary in the feature space defined by the kernel in order to discriminate between the
two classes. Any new unlabeled example is then predicted to be positive or negative depending on the
position of its image in the feature space relative to the linear boundary.
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Fig. 3. The maximal margin classifier (or SVM) learns a linear discriminant function in a high-dimensional feature so that the
hyperplane optimally separates with maximum margin. For the mismatch-spectrum kernel, the feature map ��(�) is given from
input space into a high-dimensional feature space (vector space). The feature map is indexed by all possible k-mers.

SVMs learn non-linear discriminant functions in an input space. This is achieved by learning a linear
discriminant function in a high-dimensional feature space. A feature mapping � from the input space
to the feature space maps the training data S = {xi , yi}ni=1 into �(S) = {�(xi), yi}ni=1 = {zi , yi}ni=1. In
the feature space, SVMs learn f (z) = 〈w, x〉 + b so that the hyperplane separates the positive examples
from negative ones. Here if f (z) > 0 (f (z) < 0) then the example is classified as positive (negative).
The decision boundary is the hyperplane 〈w, z〉 = 0 and the margin of the hyperplane is 1/‖w‖. Among
normalized hyperplanes, SVMs find the maximal margin hyperplane that has the maximal margin.

According to the optimization theory, the SVM optimization problem is solved by the following dual
problem:

maximize
n∑

i=1

�i − 1

2

n∑

i=1

n∑

j=1

�i�j yiyj 〈zi , zj 〉, (6)

subject to ��0, 1�i�n,

n∑

i=1

�iyi = 0, (7)

where parameters �i are called Lagrange multipliers. The parameters (w, b) are determined by the optimal
�i . For a solution �∗

1, . . . , �∗
n, the maximal margin hyperplane f ∗(z) = 0 can be expressed in the dual

representation in terms of the following parameters:

f ∗(z) =
n∑

i=1

�∗
i yi〈zi , z〉 + b. (8)

The dual representation allows for using kernel techniques. In the dual representation, the feature mapping
� appears in the form of inner products 〈zi , zj 〉 = 〈�(xi), �(xj )〉.
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For (k, m) mismatch kernel K(k,m), if Eq. (5) is applied, then the learned SVM classifier is represented
as

f (x) =
n∑

i=1

yi�i〈�(k,m)(xi), �(k,m)(x)〉 + b. (9)

Here xi are the training sequences, yi are labels, and �i are weights. It can be implemented by pre-
computing and storing per k-mer scores so that the prediction can be calculated in linear time by looking
up k-mer scores [9].

3. Results

3.1. Searching informative subsequences

Fig. 4 shows the scores that are computed through the HMM model to find more informative subse-
quence positions. Each score is the difference between the log-likelihood of the positive subsequences
and one of negative subsequences. The positive data and negative data were selected from the believable
types (the number of the positive data set: 15, the number of the negative data set: 11) The window size
w is 12 and the number of shifted segments is 153.

In this figure, high scores by HMM are points 3, 17, 75, 138 and 150 that are positions of the starting
residues of subsequences. These points are probably motifs that play an important role. The point 138 is
the zinc-binding region of E6 [19]. In E6, the zinc-binding region is necessary for trans-activation and
transformation, and is involved in protein–protein interactions. E6 binds to p53 that is a cellular tumor
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Fig. 4. The scores of subsequences through HMM learning for E6. Points 3, 17, 75, 138 and 150 show high scores. These points
may possibly play an important role in the tumor-related suppression or activation.
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Fig. 5. The ROC values of subsequences that present high scores by HMM. The point 138 indicates the highly conserved sequence
position so that the highly conserved regions are associated with the classification performance.
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Fig. 6. Comparison of ROC values of various data sets. Subsequences with high score vs. subsequences with low score (left) and
the whole sequence vs. average of informative subsequences (right). When the classifier learns the informative subsequences,
the accuracy becomes better.

suppressor protein [20]. Moreover, E6 from high-risk HPV binds p53 with a higher affinity than that from
low-risk HPV, and mediates the degradation of p53 through the ubiquitin-dependent system.

3.2. Prediction performance of subsequences

Fig. 5 shows the ROC (receiver-operating characteristic) [21] values of subsequences that present high
scores in Fig. 4.An ROC represents the joint values of the true-positive ratio (sensitivity) and false positive
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Table 1
Comparison between the manually tagged answer (Man.) and the string kernel-based prediction (Class)

Type Man. Class. Type Man. Class.

HPV1 Low Low HPV38 Low Low
HPV2 Low Low HPV39 High High
HPV3 Low Low HPV40 Low Low
HPV4 Low Low HPV41 Low Low
HPV5 Low Low HPV42 Low Low
HPV6 Low Low HPV43 Low Low
HPV7 Low Low HPV44 Low Low
HPV8 Low Low HPV45 High High
HPV9 Low Low HPV47 Low Low
HPV10 Low Low HPV48 Low Low
HPV11 Low Low HPV49 Low Low
HPV12 Low Low HPV50 Low Low
HPV13 Low Low HPV51 High High
HPV15 Low Low HPV52 High High
HPV16 High High HPV53 Low High
HPV17 Low Low HPV54 ? Low
HPV18 High High HPV55 Low Low
HPV19 Low Low HPV56 High High
HPV20 Low Low HPV57 ? Low
HPV21 Low Low HPV58 High High
HPV22 Low Low HPV59 High High
HPV23 Low Low HPV60 Low Low
HPV24 Low Low HPV61 High High
HPV25 Low Low HPV63 Low Low
HPV26 ? Low HPV65 Low Low
HPV27 Low Low HPV66 High Low
HPV28 Low Low HPV67 High High
HPV29 Low Low HPV68 High Low
HPV30 Low High HPV70 ? High
HPV31 High High HPV72 High High
HPV32 Low High HPV73 Low Low
HPV33 High High HPV74 Low Low
HPV34 Low Low HPV75 Low Low
HPV35 High High HPV56 Low Low
HPV36 Low Low HPV77 Low Low
HPV37 Low Low HPV80 Low Low

ratio (1-specificity). Each bar represents an average value after 100 runs. The size of k-mers is 4. In this
test, the point 138 has high accuracy for tree mismatches (m = 0, 1, 2). Each ROC value is 86 (m = 0),
86 (m= 1) and 85 (m= 2), respectively. The point 138 indicates the highly conserved sequence region as
described in the above section. The result suggests that searching the highly conserved region improves
the accuracy of the classifier.

Fig. 6 demonstrates a comparison of the ROC values of various data sets. The left figure shows a
comparison between the best and worst informative subsequences. When the classifier learns informative
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subsequences, the accuracy is better. The left figure is the result that measures the accuracy for the whole
sequence and the average of the informative subsequences. The kernel method using the informative
subsequences outperforms for two mismatches (m = 0, 1).

3.3. Classification of risk types

Table 1 shows the comparison between the manually tagged answers and the string kernel-based
predictions. The manually tagged answers are based on the human papillomavirus compendium (1997
version) and Muñoz’s [12] paper. Seventeen HPV types were classified as high-risk types (16, 18, 31,
33, 35, 39, 45, 51, 52, 56, 58, 59, 61, 66, 67, 68, and 72). If the type belongs to the skin-related or
cutaneous HPV group reported at the human papillomavirus compendium, it is classified as a low-risk
type. There was a good agreement between our epidemiologic classification and the classification based
on phylogenetic grouping. In this table, symbol? denotes the risk type that cannot be determined, and
there are three unknown types. The prediction is the result of leave-one-out cross-validation.

The most interesting fact is that the classifier predicted high-risks for HPV70. According to the previ-
ous study on HPV [22], the document contains that HPV70 was also detected in genital intraepithelial
neoplasia from one patient. This is very important result because the classifier in this paper provides the
probability of whether the unknown HPV types are high-risk or not.

The prediction of types 30, 32, 53, 66 and 68 has different answers for the manually tagged answer.
HPV30 and HPV32 were associated specifically with a laryngeal carcinoma and Heck’s disease, respec-
tively. They were not classified as high-risk, but are probably associated with a high risk of carcinogenesis.
In contrast to the two types, the prediction for HPV53, HPV66, and HPV68 is sure to make a mistake.
HPV type 53 was detected in genital specimens of the 16 of the patients [23]. However, it is probably not
associated with a high risk of carcinogenesis. To be exact in prediction, there is a need for the data set to
contain sequences for the E7 or L1 gene.

4. Discussion

Classification of risk types is important in understanding the mechanisms in infection and in developing
novel instruments for medical examination such as DNA chips. To design a genotyping DNA microarray,
probe selection is one of the important tasks. Many viruses, as well as HPV can be easily detected by
DNA microarrays. The probe selection problem is to determine probe sequences from target sequences.
It is based on the criteria of specificity, melting temperature, and secondary structure stability. Satisfying
these criteria is very difficult. Our approach can provide useful information about the informative sites to
select probes. In other words, it can catch specificity to classify high-risk and low-risk viral infections. It
can be used as a prior process for probe selection.

For a better performance, there is a method to extend our approach.As an alternative, the input sequence
data could be combined with information of the protein structure. In principle, amino acid sequences for
proteins contain sufficient information to determine their structure. Furthermore, the structure for proteins
is closely related to function. The secondary structure for each HPV is easily predicted by a suitable tool.
Use of the secondary structure can possibly affect HPV classification.
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5. Summary

We proposed the use of a kernel-based method to classify HPV risk types. The proposed kernel-based
classifier includes the mismatch string kernel. The string kernels function as a mapping to feature space
from sequences. These kernels compute sequence similarity based on shared occurrences of k-mer. The
string kernel-based classifier is very powerful to analyze the biological sequence data, because it can
extract important features from input sequences. In the prediction strategy, when the classifier learns
informative subsequences, the accuracy is better. The informative subsequences could indicate the highly
conserved regions.

In addition to this result, we predicted the risk type for all types via leave-one-out cross-validation.
The most interesting question is ‘what is the risk type of HPV70’. This paper provides the probability
of whether the unknown HPV types are high-risk or not. Our approach can provide a priori knowledge
for probe selection in designing genotyping DNA-microarrays. For more accurate prediction, the input
sequence data could be combined with information of the protein structure.
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