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Abstract. A machine learning technique called Graph-Based Induction
(GBI) e�ciently extracts typical patterns from directed graph data by

stepwise pair expansion (pairwise chunking). In this paper, we expand

the capability of the Graph-Based Induction to handle not only tree
structured data but also multi-inputs/outputs nodes and loop structure

(including a self-loop) which cannot be treated in the conventional way.

The method is veri�ed to work as expected using arti�cially generated
data and we evaluated experimentally the computation time of the im-

plemented program. We, further, show the e�ectiveness of our approach

by applying it to two kinds of the real-world data: World Wide Web

browsing data and DNA sequence data.

1 Introduction

Inductive learning, which tries to �nd useful rules and patterns from data, has
been an important area of investigation. Conventional learning methods use
an attribute-value table as a data representation language and represent the
relation between attribute values and classes by use of decision tree [Quinlan86]
and rules [Michalski90,Clark89]. Association rules [Agrawal94] widely used in
the area of data mining belong to this type of data representation. However, the
attribute-value table is not suitable for representing more general and structural
data. Inductive logic programming (ILP) [Muggleton89] which uses the �rst-
order predicate logic can represent general relationship in data. ILP has a merit
that domain knowledge and acquired knowledge can be utilized as background
knowledge. However, its state of the art is not so matured that anyone can use
the technique easily.

By paying attention to the fact that many structural data involving relation-
ship can be represented by a colored directed graph, we have proposed Graph-
Based Induction (GBI) [Yoshida97] which can e�ciently extracts typical pat-
terns from a directed graph data of limited types by stepwise pair expansion
called \pairwise chunking". The expressiveness of the GBI stands between the
attribute-value table and the �rst-order predicate logic.

In this paper, we expand the capability of the GBI so that it can handle
not only a tree structured data but also a graph data with multi-inputs/outputs
nodes and loop structure (including a self-loop) which cannot be treated in the
conventional way. The method is veri�ed to work as expected using arti�cially
generated data and we evaluated experimentally the computation time of the
implemented program. We show the e�ectiveness of our approach by applying
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Fig. 1. The idea of graph contraction by pairwise chunking

it to two kinds of the real scale data. One is an application to extracting typi-
cal patterns from WWW browsing histories data. Another is an application to
extracting classi�cation rules from two kinds of DNA sequence data.

2 Graph-Based Induction

2.1 Framework of Graph-Based Induction

The original GBI was so formulated to minimize the graph size by replacing
each found pattern with one node that it repeatedly contracted the graph. The
graph size de�nition reected the sizes of extracted patterns as well as the size
of contracted graph. This prevented the algorithm from continually contracting,
which meant the graph never became a single node. Because �nding a subgraph
is known to be NP-hard, the ordering of links is constrained to be identical if
the two subgraphs are to match, and an opportunistic beam search similar to
genetic algorithm was used to arrive at suboptimal solutions. In this algorithm,
the primitive operation at each step in the search was to �nd a good set of linked
pair nodes to chunk (pairwise chunking) [Yoshida95].

The central intuition behind our GBI is as follows: a pattern that appears
frequently enough in a colored directed graph is worth paying attention to and
may represent an important concept in the environment (which is implicitly
embedded in the input graph). In other words, the repeated patterns in the
input graph represent typical characteristics of the given environment.

Because the search is local and stepwise, we can adopt an indirect index
rather than a direct estimate of the graph size to �nd the promising pairs. On
the basis of this notion, we generalize the original GBI. The idea of pairwise
chunking is given in Figure 1.

The stepwise pair expansion (pairwise chunking) is performed by repeating
the following three steps.

Step 1. If there are patterns which are the same as the chunked pattern in the
input graph, rewrite each of them to one node of the same label.
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Fig. 2. An example of directed graph

Step 2. Extract all pairs which consist of the connected two nodes in the graph.
Step 3. Select the most typical pair among the extracted pairs and register it

as the pattern to chunk.

Stepwise pair expansion is performed by repeating the above three steps from the
initial state where no typical pattern is yet found. As a result, the characteristics
in data can be extracted as a set of typical patterns.

2.2 Graph-Based Induction for General Graph Structured Data

In order to apply GBI to general graph structured data, we adopt a method
to represent the graph structured data using a set of table forms by paying
attention to the link information between nodes. More concretely, the directed
graph as shown in Figure 2 can be represented using Table 1. For example, the
�rst line in this table shows that the node No.1 has node name \a" and also has
nodes No.7 and No.10 as child nodes. In this way, directed graph data can be
represented using the table forms. Further, the restriction of the link ordering is
no more required.

As we count the pair (parent node ! child node), it is necessary to identify

self-loop when the parent node and the child node are of the same kind (E.g.

a! a). Therefore, we introduce \self-loop distinction ag".

Moreover, each time we perform the pairwise chunking, we keep link infor-

mation between nodes in order to be able to restore the chunked pairs to the

original patterns. This is realized by keeping two kinds of node information. One

is \child node information" that means which node in the pattern the link goes

to, and another is the \parent node information" that means which node in the

pattern the link comes from. These two kinds of information are also represented

by tables (not shown here). Chunking operation can be handled by manipulating

these three tables.

The basic algorithm of the proposed method which extends GBI to handle a

general graph structured data is shown in Figure 3. In this implemented program,

we use the simple \frequency" of pairs as the evaluation function to use for

stepwise pair expansion.
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Table 1. An example of table form translated from the directed graph

Node No. Node Name Child Node No.

1 a 　 7　 10

2 b 　 7
3 d 　 8　 11

4 b 　 8

5 a 　 9
6 b 　 9

7 d 　 10

8 b 　 11　 12
9 b 　 12

10 a 　 11
11 b

12 c
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Information which node the
link goes to

��	������	���
��������

Information which node
the link comes from

Perform the pairwise chunking and replace by
one new node.
Update the link information which goes to the
chunked node and the link information which
comes from the chunked node.

Select the kind of pairs to be chunked based
on the evaluation function.
If there is no pairs to be chunked, terminate
this program.

Count pairs by each kind (pair information
consists of 6 elements: parent node, child
node, link, link information of parent node,
link information of child node, self-loop
distinction flag).

Represent the graph structured data using table
forms.

Fig. 3. Algorithm of the proposed method

3 Performance Evaluation

The method was veri�ed to work as expected using arti�cially generated data

and we evaluated experimentally the computation time of the implemented pro-

gram. The computation time is measured for 30,000 times repetition of program

execution excluding the initialization steps.
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Fig. 5. Computation time and number of chunking (1)

3.1 Computation Time for Uncolored Graphs

At �rst, we evaluated the computation time using three kinds of graph structured

data (Data 1: loop type, Data 2: lattice type, Data 3: tree type) as shown in

Figure 4 for which there is only one kind of node label.

The computation time for chunking in the implemented program was mea-

sured as we increased the graph size from a small graph with several nodes to the

graph which needs chunking about 120 times. Figure 5 shows the relationship

between the computation time and the number of chunking.

From this �gure, it is found that the computation time increases almost

linearly with the number of chunking. And also it is considered that the gradient

of each line depends on the average number of links going out from each node.

3.2 Computation Time for Colored Graphs

Next, we evaluated the computation time using three kinds of graph structured

data (Data 4: loop type, Data 5: lattice type, Data 6: tree type) as shown in

Figure 6 for which there are three kinds of node labels.

The computation time was measured in a similar way for uncolored graphs.

Figure 7 shows the relationship between the computation time and the number

of chunking. Overall, tendency is the same for uncolored graph. Compared with
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Fig. 6. Graph structured data for evaluation (Data 4，Data 5，Data 6)
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Fig. 7. Computation time and number of chunking (2)

Figure 5, it is conjectured that the number of node labels does not a�ect the

computation time so much.

We further con�rmed this tendency for both uncolored and colored graphs

by measuring the computation time for chunking as we increase the graph size

from 50 nodes to 1000 nodes, where graphs are arti�cially generated in such a

way that the average number of links going out of each node remains a �xed

value.

4 Extracting Typical Patterns from WWW Browsing

History Data

4.1 WWW Browsing History Data

The performance of the proposed method was examined through a real scale

application in this section. The data analyzed is the log �le of the commercial

WWW server of Recruit Co., Ltd. in Japan. The URLs on WWW form a huge

graph, where each URL represents a node that is connected by many links (other

URLs). When a client visits the commercial WWW site, he/she browses only a

small part of the huge graph in one access session, and the browsing history of

the session becomes a small graph structured data. This site's total number of
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hit by the nation wide internet users always remains within the third place from

the top in every month in Japanese internet record.

4.2 Experimental Method

The basic format of an access record to a URL by a client in the log �le is

indicated in Figure 8. This access log of the WWW server for a particular day

was over 400MB and the number of clients who access to the WWW server

was about 26,800 on that day. The total number of the URLs involved in this

commercial WWW site is about 19,400 and there are a large number of links

between them.

As the log �le consists of the sequence of the access records, they are initially

sorted by the IP addresses, and each subsequence having an identical IP address

corresponding to the browsing access history in a session of an individual client

is extracted. Then, we transformed the subsequence of each client's visiting his-

tory into a graph structured data (total 150,000 nodes). By using all subgraphs

transformed in this way as the input data, the proposed method extracted typi-

cal patterns in the data. In other words, after removing all kinds of error such as

a server error from the access records and sorting the data in order of IP address,

we make graph structured data for each IP address (client), and append them

into a large table.

In the implemented program, we use the simple \frequency" of pairs as the

evaluation function for stepwise pair expansion. We terminated the chunking

when we �nish �nding all chunk patterns which consist of more than a certain

number of nodes. We use the frequency threshold 0.1%，0.05%，0.025% of total

nodes in the graph.

4.3 Experimental Results

We executed the implemented program using the experimental method described

in the previous section. Table 2 shows the number of extracted chunk patterns,

the number of pairwise chunking and the computation time for each frequency

threshold.

Figure 9 indicates the relationship between the threshold and the number

of derived patterns consisting of more than 3 nodes. The number of nodes in

chunk patterns increases with the decrease of threshold because the larger chunk

patterns are derived for the lower threshold where additional nodes are appended

to the chunk patterns which have been already extracted in the higher threshold.

Chunk patterns derived in the higher threshold is a subset of chunk patterns

extracted in the lower threshold.

IP address of a client　 � Time stamp of the access � URL address

�:space character

Fig. 8. Basic format of an access record.
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Table 2. Experimental result

Threshold（%） 0.10 0.05 0.025

No. of Extracted Patterns 33 106 278

No. of Pairwise Chunking 9455 17443 26672

Computation Time（Sec:） 1374 1734 2187
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Fig. 9. Relationship between the threshold and the number of derived patterns con-

sisting of more than 3 nodes

Several examples of the extracted chunk patterns are shown below.

a) =NAV I=CATEGORY=Sub=s03=ss13=d111:html

! =NAV I=CATEGORY=Sub=s03=ss13=d112:html

! =NAV I=CATEGORY=Sub=s03=ss13=d113:html

b) =NAV I=CATEGORY=Sub=s01:html

! =NAV I=CATEGORY=Sub=s01=ss06:html

! =NAV I=CATEGORY=Sub=s01=ss06=d07:html

c) =NAV I=mscategory=Sub=s12:html

! =NAV I=mscategory=Sub=s08:html

! =NAV I=mscategory=Sub=s02:html

! =service=shank=NAV I=COOL=cool2:html

Browsing pattern a) is an example that clients follow some URLs in the same

directory and the number of this pattern was 152 (i.e., 152 clients followed this

pattern). Browsing pattern b) is an example that clients go deeper into directories

step by step and the number of this pattern was 144. Browsing pattern c) is an

example that clients jump to the URLs in a di�erent directory after following

some URLs in the same directory and the number of this pattern was 72.

It is natural that many patterns similar to a) or b) have been extracted

because of the structure of this WWW site. However, it is more interesting to

note that some patterns such as c) also have been extracted if the contents of

each URL were available to us.
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Fig. 10. Extraction of classi�cation rules from DNA sequence data

5 Extracting Classi�cation Rules from DNA Data

5.1 Application to Promoter DNA Sequence Data

In this section, the real-world task of recognizing biological concepts in DNA

sequences is investigated. In particular, the task is to recognize promoters in

strings that represent nucleotides (one of A, G, T, or C). A promoter is a ge-

netic region which initiates the �rst step in the expression of an adjacent gene

(transcription). This data set is one of the UCI Machine Learning Repository

[Blake98]. The input features are 57 sequential DNA nucleotides and the to-

tal number of instances is 106 including 53 positive instances (sample promoter

sequences) and 53 negative instances (non-promoter sequences).

Figure 10 illustrates the process of mapping the problem into a colored di-

rected graph, using GBI method to extract patterns and interpreting them as

classi�cation rules. In mapping the cases in the data set into the graph struc-

ture, we construct one subgraph for each sequence in the data set. The subgraph

consists of a root node and a set of leaf nodes. The color of the root node of the

subgraph speci�es whether the corresponding sequence represents a promoter

sequence or not, which means the class information (positive or negative). The

color of the i-th leaf speci�es the nucleotide (one of A, G, T, or C).

In case of the classi�cation problem, we interpret the root node as a class node

and the links attached to it as the primary attributes. The node at the other end

of each link is the value of the attribute, which can have secondary attributes,

although this is not the case for this simple DNA problem. Thus, each attribute

can have its own attributes recursively, and the graph (i.e., each instance of the
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Table 3. Experimental results

Learning Method ID3 C4.5 GBI

No. of Errors /106 19 18 16

data) becomes a directed tree. Here, we have to select the attribute and its value

pair that best characterizes the class.

The chunk patterns derived by GBI are tried to match for the test cases

in the following way. The chunk patterns which have lower evaluation function

value (frequency) are tried to match �rst. If the frequency of the chunk patterns

is same, those which have more nodes in the pattern are tried to match �rst.

That is, more speci�c rules are tried to match with higher priority.

Table 3 shows the experimental results (number of errors in total 106 cases) in

comparison with other learning methods such as ID3, C4.5, which are evaluated

by leaving-one-out. From this table, it is found that the error rate of GBI is

lower than the standard tree-induction program ID3 and C4.5.

5.2 Application to Splice DNA Sequence Data

Splice junctions are the points on DNA sequence at which \superuous" DNA

is removed during the process of protein creation. The problem is to recog-

nize the boundaries between exons (the parts of the DNA sequence retained

after splicing) and introns (the parts of the DNA sequence that are spliced out)

in a given sequence of DNA. This problem consists of two subtasks: recogniz-

ing exon/intron boundaries (referred to as E/I), and recognizing intron/exon

boundaries (referred to as I/E).

This data set contains 3190 cases, of which 25% are I/E, 25% are E/I and

the remaining 50% are Neither. Each example consists of a 60 nucleotide DNA

sequence categorized according to the type of boundary at the center of the

sequence.

In mapping the cases in the data set into the graph structure, we constructed

one subgraph for each sequence in the data set, in the same way as in the

Promoter DNA data. The subgraph consists of a root node and a set of leaf nodes.

The color of the root node of the subgraph speci�es whether the corresponding

sequence represents one of the I/E, E/I and Neither. The color of the i-th leaf

speci�es the nucleotide (one of A, G, T, or C).

The chunk patterns derived by GBI are tried to match for the test cases in

the same way as mentioned in the previous subsection.

Table 4 shows the experimental results (error rate) in comparison with other

learning methods such as ID3, C4.5, which are evaluated by 10-fold cross-validation.

From this table, it is found that the error rate of GBI is lower than ID3 and is

almost the same as the standard tree-induction program C4.5.
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Table 4. Experimental results

Learning Method ID3 C4.5 GBI

Error Rate (%) 10.6 8.0 8.8

6 Related Work

Most of the current methods for extracting knowledge from databases have di�-

culties in handling the growing amount of structural data that express relation-

ships among data objects. However, there are some research work for discovering

knowledge in structural data, especially graph structured data.

[Cook94] proposed the substructure discovery system called SUBDUE which

discovers interesting and repetitive subgraphs in a labeled graph representation.

Experiments show SUBDUE's applicability to several domains, such as molec-

ular biology, image analysis and computer-aided design. SUBDUE expands one

subgraph based on the Minimum Description Length (MDL) principle. There-

fore, the number of substructure which is discovered in a graph is always one.

On the other hand, GBI for general graph structured data which is proposed

in this paper can extract multiple patterns based on the evaluation function for

stepwise pair expansion.

[Wallace96] presented a Bayesian approach to the discovery of causal models

based on MinimumMessage Length (MML), which is one way to realize Occam's

razor just like MDL. The MML induction approach can recover causal models

from sample graph data without incorporating background knowledge. While

this approach is towards automated learning of causal model using MML, this

applicability to huge graph structured data is not clear so far.

[Inokuchi99] applied Basket Analysis to mine association rules from the graph

structured data. The Basket Analysis [Agrawal94] derives frequent itemsets and

association rules having support and con�dence levels greater than their thresh-

olds from massive transaction data. In [Inokuchi99], a simple preprocessing of

data enabled to use a standard Basket Analysis technique for a graph structured

data. However, each node must have a distinct label with this approach.

7 Conclusion

In this paper, we showed how we can expand the capability of the Graph-Based

Induction algorithm to handle more general graphs, i.e., directed graphs with

1) multiple inputs/outputs nodes and 2) loop structure (including a self-loop).

The algorithm was implemented and veri�ed to work as expected using �rst

arti�cially generated data and second two kinds of real-world data: World Wide

Web browsing data and DNA sequence data. The algorithm runs almost linearly

to the graph size and can indeed �nd interesting patterns.

The followings are in progress: 1) investigating the sensitivity of chunk or-

dering, 2) using extended chunks as constructed of new features for standard
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decision tree algorithm, 3) using statistical index (e.g. Gini Index [Breiman84])

or the description length in stead of the simple \frequency" as the evaluation

function for stepwise expansion, 4) introducing a new index which corresponds

to the notion of \similarity" of human concept, 5) applying di�erent kinds of

graph structured data in the real-world such as chemical structured data.
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