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Progress in science is always supported by data analysis, which not only 

discovers new aspects of nature and society but also improves the human skill of 
decision making and establishes new technologies. One of the illustrative examples in 
medicine is epidemiological research of chronic diseases, which is one of the major part 
of Evidence-Based Medicine (EBM). After statistical approaches had been established, 
the application of statistics found from large databases that hypertension and 
cholesterol are closely related with cerebral stroke and ischemic heart diseases, which 
resulted in the development of a large number of chemicals for control of hypertension. 
It is already widely accepted that these chemicals contribute to the decrease in the 
prevalence of cerebral stroke. 
 Recent advances in technologies for data collection, such as the development of 
sensor, enable us to collect huge amount of data. Even in sports, supermarket and 
hospital, data can be easily collected and used for decision making for each field. For 
example, the rapid growth of information systems has enabled us to store the large 
amount of POS(Point of Sale) data in supermarket and laboratory examinations in 
hospital. The scale of data is more than 1GB per day in a large supermarket or large 
hospital. These data have the following characteristics: (1) they are stored in a 
database automatically without any specific research purpose (i.e., without any control 
of noise). (2) The number of records are very huge. (3) The large number of attributes 
for each record (more than several hundred). (4) Many missing values will be observed. 
(5) Many temporal sub-records are stored for each record. The analysis of these data is 
called retrospective analysis in epidemiology because data will be analyzed after data 
collection. Those data will lose any good features of prospective data, which collects 
data with some fixed hypothesis, and conventional statistical techniques do not 
perform well. Thus, it is highly expected that data mining methods will find 
interesting patterns or hypothesis from databases as reuse of huge stored retrospective 
data and be important for research and practice of applied domain because human 
beings cannot deal with such a huge amount of data and conventional statistical 
techniques cannot gain good performance for prediction.   
 Although data mining have many application fields, we focus on application of 
data mining to biomedicine in this session. Especially, recent advances in data also 
collection of biology collect a huge amount of gene data and data mining  is expected 
to provide tools for hypothesis generation. All the presentations show a variety of 
recently advanced data mining techniques, which are proved to be useful for 
hypothesis generation for applied field. 
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Statistical Analysis of Structured Data in Computational Biology 
 
1. Introduction 
Statisticians have developed numerous methods for analyzing vector data. For example, 
when classifying apples and oranges, the feature values (colors, size, tastes, for example) 
are derived and arranged as a vector. Then, classification boils down to determining the 
discriminant boundary in the vector space.  
However, in computational biology, the objects in interest are often not represented as a 
vector. For example, DNA sequences are symbol strings, and chemical compounds are 
graphs. Until the recent advent of genomic data, statisticians are not so keen to 
developing new methods for such structured data. However, large demand is emerging 
right now. 
In this talk, I focus on a class of statistical methods called kernel methods [1], and show 
how such techniques are applied to biological data. 
 
2. Kernel methods 
In contrast to traditional 
vector representation, kernel 
methods represent a set of 
objects is by similarities 
among them. The function 
which calculates the 
similarity for two objects is called the kernel function. The similarities are summarizes as 
a kernel matrix as in the figure. 
 
Support vector machines (SVM) are a prominent example of kernel methods. Given 
training examples with class labels, the SVM adjusts its parameters such that the given 
examples are correctly classified. After learning, SVM can classify new examples with 
unknown labels more accurately than most competing methods. Since SVM is one of the 
kernel methods, the classification of examples are done using kernels (similarities) only. 
So when one would like SVM to classify their own objects, the kernel function for the 
objects must be defined a priori. For proteins or chemical compounds, it is not at all 
obvious how to define the similarity among the objects.  
Theoretically, the classification rule of the SVM is understood as a hyperplane in an 
implicitly defined vector space. This property allows the statisticians apply the 
performance guarantees and expertise developed for the vectors to kernel-based 
classifications. 
 
 
3. Classifying proteins using biological networks 
Due to recent advances of high-throughput biological experiments, we can observe the 
relationships among many proteins. For example, the protein-protein interaction 
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networks represent the physical interactions of proteins, and the metabolic networks 
represent the neighboring relations of enzyme proteins in 
the metabolic pathways. Those networks are expected to 
contribute in identifying the function of each protein.  
Mathematically, the problem is formulated as classifying 
each node of the network to one of the pre-defined 
functional categories. In the simplest case, our problem is 
depicted as the figure, where the proteins with a specific 
function are labeled with +1, those without the function are 
with -1, and our task is to determine the labels of the remaining proteins (?). By solving 
such a problem for every function category, we can identify the function. 
To use SVMs for this purpose, one needs the kernel function among nodes, but it is not 
obvious how to encode the closeness among nodes as a kernel function. In a recently 
developed technique called diffusion kernels, the closeness is computed by random walk. 
We measure the probability that a random walk started from one node terminates at 
another node. Since it takes time to do random walking actually, an efficient 
computational procedure is available based on the matrix exponential operation. I have 
recently developed a new version of diffusion kernels [2] which 
performed significantly better than the conventional diffusion 
kernel. 
 
4. Classifying chemical compounds by graph kernels 
In computational biology, a variety of objects are represented as 
graphs. For example, chemical compounds are represented as a 
graph where the nodes are atoms and the edges are bonds. 
Predicting the properties of compounds such as mutagenicity 
and toxicity is a central issue in drug design. To solve such 
prediction problems using SVMs, it is necessary to design a 
kernel function to reflect the similarity between compounds. 
Existing techniques such as edit distances are often too slow for large graphs. Our 
method called marginalized graph kernels [3] adopts random walking as in the diffusion 
kernel. By a random walk on the graph, we get a sequence of labels (e.g. H-C-O-Cl-H). By 
repeating the walks, the graph is converted to a frequency vector of all possible label 
sequences. Our kernel is computed as the similarity between the frequency vectors. Also 
in this case, random walks are not done actually, but the equivalent computation is done 
efficiently. It was shown that the combination of the graph kernels and SVM has a 
competitive performance in benchmark datasets for chemical compounds. It has recently 
been applied to protein tertiary structures successfully as well [4].  
 
5. Conclusion 
I have introduced only a few applications of kernel methods for computational biology. 
However, the graph structure is very common in many fields of science. I hope kernel 
methods can find new applications in your areas. 
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